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Abstract

Real-time simulations of the induced electric fields during transcranial magnetic
stimulation play an important role in guiding and optimizing the coil positioning.
In this paper, we present our ongoing work on a deep learning-based surrogate
model designed to rapidly predict the induced electric field distribution across the
entire cortex, offering a much faster alternative to traditional numerical solvers.
Leveraging (conditioned) transformer architectures, our approach operates directly
on mesh-based head geometries, achieving highly accurate simulations in just
0.08 seconds on consumer hardware. While we continue to improve the neural
surrogate, its current accuracy and efficiency have already enabled integration
into an augmented reality platform, demonstrating a promising foundation for live
electric field-guided brain stimulation applications.

1 Introduction

Transcranial magnetic stimulation (TMS) is a non-invasive medical procedure where a coil placed
on a subject’s scalp induces intracortical electric currents thereby enhancing or inhibiting neuronal
activity. TMS is primarily used to treat neuropsychiatric disorders but is also being explored in
preoperative functional mapping in tumor patients to minimize the risk of post-surgical deficits.
Simulating the induced electric fields can help in efficiently and effectively positioning the coil
during treatment to optimize targeted brain stimulation [1]. For live visualizations of the electric field
in neuronavigation systems (e.g., via augmented reality) while moving the coil, these simulations
necessitate (near) real-time computations.

In modern deep learning (DL), neural surrogates have emerged as an attractive alternative to traditional
numerical solvers for approximating the solutions of complex partial differential equations (PDEs) that
govern the behavior of physical systems. While numerical solvers offer high accuracy, they are often
computationally prohibitive for real-time applications, especially with nonlinear physical models and
high-resolution geometries. In contrast, neural PDE surrogates learn input-output relationships from
precomputed numerical data, enabling both fast and accurate predictions. Although such surrogate
approaches have been applied to e-field modeling in TMS [2], they primarily used convolution-based
neural networks. This requires converting the 3D brain mesh to a regular grid, applying the surrogate
model, and then mapping the predicted e-fields back onto the mesh, which is cumbersome, increases
latency, and is inefficient in terms of memory.
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To overcome this detour, this paper presents our ongoing work on rapid e-field simulations using neural
PDE surrogates that operate directly on mesh geometries. We leverage recent (diffusion) transformer
architectures to jointly process mesh-based subject geometries with positional information of the
TMS coil, achieving both highly accurate and fast e-field predictions, even on consumer hardware.

2 Methods

2.1 Neural PDE Surrogate: Model Architecture and Training Details

Neural operators are a popular concept to approximate solutions to PDEs by learning a mapping
G between an input space U and an output space V as G : U — V. Our work builds on
Universal Physics Transformers (UPT) [3], a learning approach that approximates G via three maps:

G ~ G := Do A o E, with encoder E, approximator A, and decoder D. In a supervised learning
fashion, the network’s parameters are optimized during training by repeatedly evaluating the N
input-output pairs (u;,v;) = (ui, G(u;)),2 = 1..., N.

In the encoder E, the & mesh coordinates were first normalized using global min-max scaling and
multiplied by 300, following [3], and then embedded into the latent space using multi-scale sine-cosine
positional encoding. Further, each coordinate had four input features—tissue conductivity and three
Euclidean distances to the coil center and both loop centers. These features were linearly projected
via a multi-layer perceptron to the latent dimension and added to the latent positional input. Next, a
message-passing layer aggregated information at n, < k randomly sampled supernodes from within
a radius g, around each supernode. The TMS coil position (z, y, z) and orientation (3 x 3 rotation
matrix) were linearly projected to the latent dimension and injected as modulation/conditioning [3, 4]
in the encoder’s diffusion transformer and perceiver blocks.

Due to our stationary simulation scenario in this work, the approximator A consists solely of regular
transformer blocks and employs no temporal evolution as in the original UPT [3]. The decoder D
also starts with conditioned diffusion transformer blocks (using a separate multi-layer perceptron
projecting the 12 coil positioning values to the latent dimension). Perceiver-like cross-attention layers
with queries based on positional-encoded coordinates finally generate the induced electric field across
the entire cortex, see Figure 1.
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Figure 1: Schematics of the proposed transformer-based neural PDE surrogate.

The following summarizes the selected model hyperparameters: cortical coordinates k: 150000,
supernodes ng: 8000, supernode aggregation radius r.,,: 8, latent tokens: 160, latent dimension: 160,
attention heads in all transformer blocks: 4, drop path: 0.25, total trainable parameters: 5.36 million.
A learning rate of 5 x 10~2, a batch size of 16, Lion optimizers with weight decay of 0.25, and a
weighted mean squared error (MSE) loss (low/high weights for small/large target e-field values) were
chosen. All trainings and evaluations were performed on a local workstation (Intel i7-13700 and
NVIDIA GeForce RTX 4090 24GB) in PyTorch 2.2.0.

2.2 Generation of training/testing data: Numerical simulations of induced electric fields

A comprehensive dataset for training and evaluation of our proposed neural surrogate was precom-
puted using SimNIBS v4.01 [5], a popular toolkit for finite element-based simulations of non-invasive
brain stimulation. First, realistic head models for 16 randomly selected subjects of the publicly



available WU-Minn Human Connectome Project were constructed: Based on 3T Tyw- and Tow-
MR images, SimNIBS’s preprocessing pipeline charm automatically performed subject-specific
whole-head multi-tissue segmentations, assigned conductivities to various tissues types and created
computational brain meshes. Second, we randomly selected 24 rotations of a MagVenture-MCF-B65
butterfly coil on the 21 central positions of the EEG-10-10 system, totaling 8064 samples. For each
coil placement, SimNIBS was used to simulate the induced electric field on the gray matter cortex,
see Figure 2. We used a random train-test split of 75%/25%.

Figure 2: (a) EEG-10-10 system with central positions in green. (b) Head model of one subject
with indicated cortical position C3. (c) Two exemplary coil rotations on the C3 position and the
corresponding induced electric field magnitude on the cortical gray matter.

3 Results

Evaluating the trained surrogate model demonstrated highly accurate and smooth predictions, char-
acterized by low MSE values and strong similarities of the predicted and ground truth electric field
distributions. We achieved mean MSEs of (1.36 4 0.34) x 10~3 V/m and (1.39 +0.37) x 10~3 V/m
averaged over all train and test samples, respectively (see Figure 3)a. For four test set samples, the
exemplary field distributions induced by different coil placements are illustrated in Figure 3b. The
training of the neural PDE surrogate with 180 epochs took 82 hours on our consumer hardware.

0.001 0,002 0003 0.0 [X
MSE Loss MSE Loss

7 P — N‘,‘fm] Db OAV/m] D 04 [V/m] D 0.4 [V/m]
Figure 3: (a) Histogram of the train/test MSE losses. (b) Exemplary e-field magnitude predictions.
3.1 Integration into an Augmented Reality application

For a selected subject from our dataset, we implemented an augmented reality (AR) application in
Unity for real-time, electric field-guided TMS, running on a Meta Quest 3. As illustrated in Figure 4,
a virtual TMS coil is moved over a virtual, semi-transparent scalp, with the induced electric fields
visualized on the gray matter below. Coil orientation and position are tracked by the AR headset and
streamed to a Python backend, where a trained surrogate model predicts the corresponding e-fields in
real time (0.075 s per simulation including latency, corresponding to the overall coil repositioning
time; i.e., 130 times faster compared to the 10 seconds of SimNIBS’s default conjugate gradient
solver).

4 Discussion and Work-in-Progress

Simulating the induced electric field during brain stimulation has been described as beneficial for
accurate, fast, and reproducible coil handling [1, 5]. To this end, our proposed neural surrogate
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Figure 4: (a) Schematic overview of the AR application and its (b) live use.

leverages transformer-based techniques to rapidly generate highly precise cortical field distributions
based on subject-specific head geometries. A key advancement is that we directly operate on mesh
geometries, avoiding the need for convolutional architectures that require cumbersome (re-)sampling
onto regular grids. Also, diffusion transformers [4] allowed to elegantly merge the TMS coil positional
information with the mesh-based geometrical data via model conditioning.

While the model was successfully trained using diverse coil positions across the scalp, careful
considerations were necessary to stabilize the training process due to repeated and significant loss
spikes (as also mentioned in the original UPT paper [3]). We could control these by employing Lion
optimizers with weight decay, a low learning rate, and float32 precision.

In summary, our neural PDE surrogate has already demonstrated promising results and has been
successfully integrated into an AR application for electric field-guided TMS, providing real-time
insights into brain stimulation. As a neural surrogate, the model is limited by the quality and diversity
of the numerical simulations it is trained on. Hence, our ongoing efforts to include a broader range of
subjects and cortical positions will ensure robust cross-subject generalizability. Additionally, feedback
from medical professionals will help refine the AR application and support its future integration
into a clinical TMS study. These advancements pave the way for more personalized, effective, and
real-time electric field-guided TMS workflows.
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Abstract

Accurate human 3D avatars are essential for various medical applications, such as
pain visualization and burn size estimation. Generating these avatars from simple
anthropometric measurements offers a cheaper and more practical alternative to
conventional 3D body scanners and image-based reconstruction methods, especially
when patients have limited mobility. In this work, we investigate the reliability of
predicting Skinned Multi-Person Linear model (SMPL) shape parameters from
anthropometric measurements in the presence of real-world noise. We further
introduce [3-likelihood to quantify the anatomical plausibility of generated shapes
against a learned distribution. Multiple regression models are evaluated on two
external datasets, revealing a clear trade-off between metric accuracy and shape
plausibility. The results indicate that regularized regression models are best suited
to balance this trade-off when dealing with real-world measurement noise.

1 Introduction

Human 3D avatars are gaining more relevance in medical contexts for various applications. For
instance, in burn care, human 3D models can be used to visualize burn injuries and calculate
the percentage of total body surface area (TBSA) burned, which is a key metric for determining
appropriate burn treatment [8]. Another application is pain visualization, where patient-specific
3D body models can help patients to communicate the location and extent of their pain to medical
professionals. Since pain is still often documented on generic, frequently male, 2D templates [12],
patient-specific 3D avatars can improve anatomical correspondence of pain markings, especially
when perceived pain depth relates to tissue volume.

As 3D body scanners are costly, image-based reconstruction methods have been proposed [4, 11, 13].
However, patient photos may be impractical in clinical settings, due to patient’s limited mobility or
privacy concerns. In such cases, fitting a parametric body model from anthropometric measurements
alone can serve as a practical alternative. While Ludwig et al. [6] demonstrate that machine learning
can predict body shape from such measurements, their evaluation does not consider measurement er-
rors, which are common in manual anthropometry due to variation in landmark placement, soft-tissue
compression and posture. To better understand the reliability of anthropometric measurements the the
authors of The Virtual Caliper [10] further investigate which body measurements can be measured
most reliably. Their results show that individual measurements can be accurately reconstructed on a
3D model but as the number of approximated measurements increases, the generated body shapes
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tend to appear less realistic. However, these observations are based solely on perceptual evaluation,
leaving the quantitative assessment of shape plausibility unexplored.

To address this gap, this study investigates the reliability of Skinned Multi-Person Linear Model
(SMPL) shape parameters predicted from anthropometric measurements under real-world measure-
ment noise. Instead of relying on perceptual judgment to assess plausibility, we propose 3-likelihood
as an objective metric that measures how likely the predicted shape parameters are under the learned
shape distribution. To investigate the trade-off between measurement accuracy and anatomical plausi-
bility across model classes, multiple regression models are trained to predict SMPL shape parameters
from a set of anthropometric measurements. The models are then evaluated on external validation
datasets containing measurement noise with respect to both metric accuracy and shape plausibility.

2 Data Preparation

Skinned Multi-Person Linear Model (SMPL) [5] is the state-of-the-art parametric human body
model, developed and published by the Max Planck Institute for Intelligent Systems. The body
shape is controlled by 3-coefficients, which are referred to as shape parameters throughout this
paper. These coefficients encode the principal components of variation derived from a large dataset
of aligned 3D human meshes, and capture differences in height, limb proportions, torso shape and
overall body composition. Each S-coefficient represents a distinct dimension of shape variation, for
example controlling leg length, hip circumference or other morphological features. SMPL provides
gender-specific models, which capture typical shape differences between male and female bodies, as
well as a gender-neutral model.

Anthropometric measurements of SMPL body models are calculated using the SMPL-
Anthropometry repository [1]. The repository defines two types of measurements, lengths and
circumferences, that are computed differently. Both approaches use predefined landmarks, whose
exact spatial positions are determined using the SMPL shape parameters. Length measurements are
computed by summing the Euclidean distances between defined landmarks, while circumference
measurements are obtained by slicing the mesh at a defined landmark and summing the distances
along the convex hull of the resulting intersection points.

Training Dataset This study utilizes the Avatars in Geography Optimized for Regression Analysis
(AGORA) dataset [9], which provides SMPL shape parameters based on a neutral body model,
fitted to high-quality 3D human scans. The dataset includes 3187 subjects and captures a diverse
range of body shapes, each represented by 10 shape parameters. Using the SMPL shape from the
AGORA dataset, 3D body models are generated, and anthropometric measurements are computed.
The resulting dataset, consisting of SMPL shape parameters paired with their derived anthropometric
measurements, serves as the foundation for model training (see Figure 1a). As the measurements are
derived directly from the parametric model, they are free from manual measurement noise, ensuring
a consistent and deterministic relationship between measurements and shape parameters.

Validation For external validation, the anthropometric datasets Anthropometric Survey of US Army
Personnel (ANSUR) [3] and Study of Health in Pomerania (SHIP) [2] are used. ANSUR contains 93
anthropometric measurements collected from over 6000 adult US military personnel, collected under
real-world measurement conditions, including potential measurement errors. As most participants are
subject to military recruitment standards, the dataset does not fully represent the diversity of body
types in the general population. The SHIP dataset originates from a study in which 2313 full-body
scans were collected and processed to derive an anthropometric dataset representing the German
working-age population, containing 39 anthropometric measurements.

For the present study a set of 16 commonly used anthropometric measurements was identified as
a suitable starting point. Future work will focus on determining which subset of measurements is
truly essential and most effective for this task. Since the real-world anthropometric data available in
SHIP and ANSUR datasets do not perfectly match the predefined set in terms of landmark positions,
closely related measurements were selected where necessary. Accordingly, the landmarks used for
measurement computation on the SMPL model were adapted to match the ANSUR measurement
definitions. Note that the SHIP dataset includes only 11 of the 16 measurements, as corresponding
measurements for the remaining five are not available.



3 Experimental Setup and Evaluation
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(a) The regression models are trained using SMPL (b) The predicted shape parameters are directly used to

body measurements as input features and the cor- assess plausibility, while for metric accuracy they are
responding SMPL shape parameters as target out- first used to reconstruct the corresponding body mea-
puts. surements, from which R2 is computed.

Figure 1: Overview of the model training and evaluation process, showing how SMPL body mea-
surements are used to predict shape parameters and how these predictions are evaluated in terms of
plausibility and metric accuracy.

Evaluation Metrics Model performance is evaluated using two complementary metrics. The
coefficient of determination (R?) measures the accuracy of reconstructed body measurements, while
B-likelihood quantifies the plausibility of generated body shapes. As depicted in Figure 1b, R2 is
computed by reconstructing body measurements from predicted shape parameters and calculating a
weighted average across measurements, with weights proportional to each measurement’s variance.
More precisely, if R7 denotes the coefficient of determination for measurement j and o7 its variance,
the reported score is computed as
M

R2 — E.f:]- J.;? R.;?

w M 2

> j=17j
where M is the number of evaluated measurements. This ensures that errors in measurements with
greater natural variability, such as waist circumference, contribute more to the overall metric than
measurements with lower variability, like wrist circumference. To address the problem of generating
unrealistic body shapes, we propose using 3-likelihood to quantify the plausibility of predicted shapes.
Using the SMPL shape parameters in the AGORA dataset, a multivariate distribution is estimated by
computing the mean vector and covariance matrix of the 3-coefficients. The likelihood of a given
shape is computed relative to this distribution using multivariate normal log-density. For a predicted

shape-parameter vector B we report the log-likelihood

logp(8) = — [( — 1) =7 (8 — ) + dlog(2m) +log ]3]

where u and ¥ are the mean vector and covariance matrix estimated from AGORA, and d is the
dimensionality of the shape space.

¥

Model Training Multiple regression models, namely Linear Regression, Ridge Regression, Elastic
Net, K-Nearest-Neighbors (KNN), Random Forest and a Multilayer Perceptron (MLP), were trained
on the AGORA dataset, using anthropometric measurements as input features and the corresponding
SMPL shape parameters as target outputs (see Figure 1a). Hyperparameter tuning was performed
to jointly optimize both the coefficient of determination (R?) and log-5-likelihood on the validation
datasets. The hyperparameters were selected from predefined search spaces, using the Optuna Multi-
Objective TPE Sampler [7]. For each model class, optimization was performed over 20 trials. As the
measurement sets of SHIP and ANSUR differ, hyperparameters were optimized separately for each
dataset.

4 Results and Conclusion

Results A Pareto front analysis was conducted to compare the different model classes, based on
their performance on the SHIP and ANSUR validation datasets. In Figure 2, Pareto-optimal points
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Figure 2: Pareto front analysis of different model classes, evaluated on the SHIP and ANSUR
validation datasets. Each point corresponds to one hyperparameter configuration of the respective
model class. Pareto-optimal points are highlighted, while the remaining validation results are shown
in faded colors. Crosses indicate the corresponding results on a validation split of the AGORA
training dataset. The figure illustrates the trade-off between R2 and $-likelihood on the validation
datasets under real-world measurement conditions.

are highlighted, while the remaining validation results are shown in faded colors. Crosses indicate the
corresponding results on an AGORA validation split. The analysis reveals a clear trade-off between
the two evaluation metrics for the validation datasets. Higher metric accuracy is associated with
less plausible body shapes, and vice versa. However, this pattern is not observed for the validation
split of the AGORA training dataset, suggesting that it is mainly caused by dataset shift between
deterministic SMPL-derived measurements and real-world anthropometric measurements. KNN and
Random Forest models produce shapes with better 3-likelihood, indicating greater plausibility, but at
the expense of metric accuracy. In contrast, linear regression-based models like Ridge Regression
and Elastic Net achieve the highest metric accuracy but tend to generate less plausible body shapes.
Notably, Ridge Regression demonstrates that the trade-off between metric accuracy and shape
plausibility can be controlled by tuning the regularization parameter, which pulls the predicted shape
parameters closer to zero.

Conclusion In this work, the AGORA dataset, which provides SMPL shape parameters, was used
to generate a dataset consisting of paired SMPL shape parameters and corresponding measurements.
This dataset served to train multiple regression models, where anthropometric measurements were
used as input features and the associated SMPL shape parameters were predicted as outputs. In
addition, the dataset was used to estimate a multivariate distribution that forms the basis of the
proposed j-likelihood metric for quantifying the plausibility of generated body shapes. For validation,
additional anthropometric datasets were incorporated to assess model performance under real-world
measurement conditions including potential measurement errors. While both high metric accuracy and
plausible body shapes can be achieved on a validation split of the training dataset, evaluation on the
external validation datasets reveals a clear trade-off between metric accuracy and the plausibility of the
generated body shapes. In this context, linear regression models with regularization are particularly
suitable, as the trade-off can be controlled by tuning the regularization parameter. Future work will
focus on training models whose loss function optimizes the error of reconstructed measurements,
rather than the shape parameters, addressing a key limitation of the current study. To simplify the
measurement process in a clinical setting, essential measurements will be identified to define a
minimal set of necessary inputs, and strategies will be explored to handle missing measurements.
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Abstract

Generating synthetic CT (sCT) from MRI or CBCT plays a crucial role in enabling
MRI-only and CBCT-based adaptive radiotherapy, improving treatment precision
while reducing patient radiation exposure. To address this task, we adopt a fully
3D Flow Matching (FM) framework, motivated by recent work demonstrating
FM’s efficiency in producing high-quality images. In our approach, a Gaussian
noise volume is transformed into an sCT image by integrating a learned FM
velocity field, conditioned on features extracted from the input MRI or CBCT
using a lightweight 3D encoder. We evaluated the method on the SynthRAD2025
Challenge benchmark, training separate models for MRI — sCT and CBCT — sCT
across three anatomical regions: abdomen, head and neck, and thorax. Validation
and testing were performed through the challenge submission system. The results
indicate that the method accurately reconstructs global anatomical structures;
however, preservation of fine details was limited, primarily due to the relatively low
training resolution imposed by memory and runtime constraints. Future work will
explore patch-based training and latent-space flow models to improve resolution
and local structural fidelity.

1 Introduction

Accurate dose calculation in radiotherapy (RT) requires quantitative tissue information typically
obtained from computed tomography (CT). However, CT exposes patients to ionizing radiation, offers
limited soft-tissue contrast, and is often unavailable in treatment rooms. Magnetic resonance imaging
(MRI) provides superior soft-tissue contrast without radiation but lacks attenuation information, while
cone-beam CT (CBCT) offers in-room imaging and lower radiation doses but suffers from artifacts.

Converting MRI or CBCT to synthetic CT (sCT) can enable MRI-only workflows, adaptive MRI-
based RT, and CBCT-based adaptive RT, improving precision while reducing radiation exposure.
Despite rapid methodological progress, the lack of public datasets and standardized evaluation of CT
synthesis approaches hampers objective comparison. The SynthRAD2025 Challenge addresses this
gap by providing a public benchmark for MRI — sCT and CBCT — sCT methods with unified data,
metrics, and evaluation protocols. Compared to the SynthRAD2023 Challenge [1], which focused on
a smaller brain and pelvis dataset, the SynthRAD2025 Challenge includes over 2,300 cases across
abdomen (AB), head and neck (HN), and thorax (TH) regions from multiple centers, providing a
larger and more diverse benchmark for evaluating sCT generation methods.

To tackle the sCT generation problem for the SynthRAD2025 Challenge, we employ a Flow Matching
(FM) generative model [2, 3]. FM offers an efficient way to model complex data distributions by
learning continuous probability flows from Gaussian noise to target images. Compared to generative
adversarial networks traditionally used in medical image synthesis [4, 5], FM provides more stable
training and distribution coverage. Moreover, it requires fewer integration steps than diffusion models
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[6-8], thereby achieving faster inference while maintaining high image quality [9-12].

In this work, we adapt the FM formulation [2] to explicitly condition the model on the given
MRI/CBCT volumes using a lightweight 3D encoder. To the best of our knowledge, this is the first
application of Flow Matching to conditional synthetic CT generation.

2 Materials and Methods

2.1 Dataset

The dataset provided by the SynthRAD2025 Challenge [13] contains paired MR-CT images for Task
1 (MRI — sCT) and CBCT-CT images for Task 2 (CBCT — sCT), acquired from multiple centers
with varying sizes. For Task 1, image dimensions range from 238-608 x 239-553 x 42-164, while
for Task 2, image dimensions range from 265-560 x 225-560 x 49-139 voxels across anatomical
regions. All images have an anisotropic spacing of 1 x 1 x 3 mm3.

The Task 1 training set consisted of 578 paired MRI-CT volumes, comprising 175 AB, 221 HN, and
182 TH cases. An additional 89 unpaired MRI volumes were provided for validation. For Task 2,
the training set included 1,472 paired CBCT-CT volumes (309 AB, 325 HN, and 321 TH), and 148
unpaired CBCT volumes were provided for validation. The test phases for both tasks were conducted
via the challenge platform on 223 MRI volumes (Task 1) and 369 CBCT volumes (Task 2). Since
the ground-truth CT images for the validation and test sets were not accessible to participants, we
performed an internal data split using 75% of the training data for training and 25% for validation.
The setup that achieved the lowest MSE on this internal validation set was chosen and the final models
were trained from scratch on all available training images.

2.2 Methodology
We performed CT synthesis from MRI or CBCT, respectively, using a conditional Flow Matching
framework [2, 3]. In our formulation, the target CT image x; ~ p; is connected to a base Gaussian
noise sample zg ~ pp = N(0, I) through a linear interpolation path

Ty =tz +ore, e~N(0,I), o,=1—(1—0mn)t,

with oymin = 1075 [2]. For this path, the corresponding probability flow velocity field is given by

L1 — (1 B Jmin) Iy
1—(1—omin)t

ug(Te, t | T1) =

We train the Flow Matching model on paired MRI/CT or CBCT/CT images. Specifically, we draw
t ~ U(0,1), construct x; from the target CT, and train the network vg (x4, t | ¢) to approximate wu;,
where c is the corresponding MRI/CBCT conditioning image. The conditioning volume is processed
by a lightweight 3D convolutional encoder, and its features are concatenated with z; before being
passed to a 3D U-Net that predicts a velocity field. The objective combines L1 and MSE losses:

L£(0) = ALt|ve(ze, t | €) — uelly + Ausel|ve(ze, t | €) — uell3,

with A1 = Amse = 1.

At inference time, we sample xo ~ A(0, I) and solve the probability-flow ODE
Ty =vg(ze,t | ), t:0—1,

where vy is the learned velocity field. Integration is performed with a 4th-order Runge-Kutta (RK4)
solver using 32 steps. Starting from random noise o, the sample is gradually transformed along the
learned flow to produce the final synthetic CT image z;.

For each task and anatomical region, separate models were trained using the corresponding paired
MRI-CT or CBCT-CT training images (see Section 2.1).
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3 Experimental Setup

3.1 Implementation Details

3.1.1 Data preprocessing

All images were resampled to a uniform spatial resolution of 128 x 128 x 128 voxels with an isotropic
spacing of 1 x 1 x 1 mm?>. Intensity normalization was applied independently to each modality: MR
images underwent z-score normalization followed by clipping to the range [—3, 3], while CBCT and
CT images were clipped to the Hounsfield Unit (HU) range [—1024, 3071] and scaled by dividing by
1000, resulting in a normalized range of [—1024, 3071].

3.1.2 Architectural and training details

To predict velocity fields, we employed a 3D conditional U-Net architecture from [7]. We adapted the
network to first process the conditioning MR or CBCT image through two 3 x 3 x 3 convolutional
layers with ReL U activations, producing feature maps with 64 channels. These features were then
concatenated with the input CT image and passed to the main 3D U-Net [7]. The U-Net consisted of
four resolution levels, each containing one residual block. The number of convolutional channels
at each level was determined by a set of channel multipliers (1,1,2, 3,4), scaled from a base of
64 channels. This resulted in 64, 64, 128, 192, and 256 channels across the levels. Self-attention
mechanisms were applied at resolutions corresponding to 16 x 16 x 16 and 8 x 8 x 8 feature maps.
All residual blocks used dropout with a probability of 0.05.

Training data was augmented with random 3D translations (& 5 voxels) and rotations (4=0.1 radians).
The model was optimized using AdamW with a learning rate of 10~* and a weight decay of 1072,
with an effective batch size of 2. This configuration was used for each task (MRI — sCT, CBCT —
sCT) and anatomical region (AB, HN, TH), resulting in six models in total.

MRI — sCT models were trained for 100,000 steps, whereas CBCT — sCT models were trained for
50,000 steps. Implementation was done in PyTorch. The ODE solver (i.e., RK4) was implemented
using the torchdiffeq library. Additional packages included SimpleITK, NumPy, and scikit-image.
Training was performed on an 80 GB NVIDIA A 100 and required approximately 3 days and 15
hours for MRI — sCT (HN), and 2 days and 9 hours for CBCT — sCT (HN). Inference per scan
took approximately 2 minutes on a 24 GB NVIDIA GeForce RTX 3090 GPU. The total number of
trainable parameters was 41,237,057.

3.1.3 Data postprocessing

Synthesized CT images were resampled back to the original spatial resolution of the input MR or
CBCT image using nearest-neighbor interpolation. Additionally, the original image spacing and
origin were reapplied and intensity values were denormalized by multiplying by 1000 to recover
values in the HU range [—1024, 3071].

3.2 Evaluation

Quantitative scores for our models on the validation set provided by the SynthRAD2025 Challenge
were obtained via the submission system. The evaluation metrics used assessed both image similarity
and geometric consistency. Image similarity between synthetic CT and target CT within the provided
body mask was assessed using mean absolute error (MAE), peak signal-to-noise ratio (PSNR), and
multi-scale structural similarity index (MS-SSIM). Geometric consistency was evaluated through
automated segmentation (using TotalSegmentator [14] and nnUNet [15]), with performance quantified
using the multiclass Dice coefficient (mDice) and the 95th percentile Hausdorff distance (HD95),
averaged across all anatomical structures (abdomen, head and neck, and thorax).

4 Results

Table 1 presents the quantitative results for the MRI — sCT model on 89 validation images and for
the CBCT — sCT model on 148 CBCT validation images. The results are reported using the metrics
described in Section 3.2, with both the mean and standard deviation (mean 4 std) for each metric.
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Task 1: MRI to sCT Task 2: CBCT to sCT

Abdomen

Head and neck

Thorax

Figure 1: Examples of synthetic CT images generated by our MRI — sCT (left column) and CBCT
— sCT models (right column) for different anatomical regions.

Qualitative results are shown in Figure 1, where examples of synthetic CT images for both tasks and
all three anatomical regions are displayed.

We observed no artifacts in the generated images, but they appear blurry due to the relatively low
training resolution. While the global anatomy is captured well, the preservation of local details could
be improved. This is also reflected in the quantitative scores reported in Table 1.

Overall, our approach was ranked 12th in the final SynthRAD2025 Challenge leaderboard. While
our quantitative performance was lower than the top-ranked methods, such as the winning team
which achieved an MAE of approximately 65 HU for Task 1, it is important to note the fundamental
difference in methodology. The majority of competing participants, including the highest-ranking
teams, utilized established supervised learning frameworks (e.g., highly optimized 3D U-Nets or
ensembled CNNs) designed to learn the synthesis mapping directly in a discriminative manner.
In contrast, our work follows a different approach by employing a generative probability flow
framework. Although this generative approach faced challenges with local structural fidelity due to
current resolution constraints stemming from GPU memory limitations, it introduces a generative
modeling alternative that can be further scaled to capture complex data distributions.

Table 1: Quantitative results obtained on the corresponding validation sets for both tasks.

Model MAE PSNR MS-SSIM DICE HD95
MRI — sCT 146.17+27.91 | 24.62+1.43 | 0.82+0.08 | 0.44+0.14 | 18.54 +£10.70
CBCT —sCT | 114.74 +£23.12 | 26.30+1.61 | 0.88+0.04 | 0.58 +£0.14 | 1288+ 7.73

5 Discussion and Conclusions

In this work, we addressed the MR/CBCT — sCT task with a Flow Matching generative model
conditioned on MR/CBCT inputs. The method consistently reproduced global anatomy (see Figure 1),
but preservation of fine structures remains suboptimal. We attribute this primarily to the training
resolution (128 x 128 x 128) being lower than the original resolution of many scans. Scaling to
higher resolutions was limited by memory and runtime constraints. Importantly, the same architecture
and training setup were used for all models, without task- or anatomy-specific tuning.



In future work, we plan to adopt 3D patch-based training and inference, and explore latent-space flow
models to enable higher effective resolution and improved local detail.
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Abstract

Optical coherence tomography (OCT) layer boundary regression methods pro-
vide sub-pixel precision and topological guarantees but fundamentally assume
that every layer exists across all A-scans. This mathematical constraint fails in
severe pathologies such as Geographic Atrophy (GA), where specific retinal layers
disappear. We extend the topologically constrained SD-RetinaNet framework to
jointly perform boundary regression and explicitly detect missing layers using un-
certainty quantification. We introduce a Gaussian Negative Log-Likelihood (NLL)
formulation to calibrate aleatoric uncertainty, capturing spatial boundary errors.
Concurrently, we employ an Evidential Deep Learning (EDL) module to model
epistemic uncertainty directly from the network outputs, allowing the network to
detect regions with zero structural evidence for a layer. Our framework addresses
the largely overlooked challenge of anatomical absence in boundary regression,
combining sub-pixel localization with direct atrophy segmentation.

1 Introduction

Optical Coherence Tomography (OCT) is the gold standard for managing sight-threatening diseases
like age-related macular degeneration (AMD) [1, 2]. Extracting fine retinal layer thicknesses is
crucial for tracking disease progression. State-of-the-art layer segmentation increasingly utilizes
boundary regression [3, 4], which achieves sub-pixel accuracy and implicitly prevents multi-surface
topological violations by computing the expected vertical position from a column-wise probability
mass function.

However, this formulation presents a fundamental limitation: it assumes every layer is present across
the entire scan. Because the column-wise softmax must sum to one, the network falsely predicts
boundary coordinates even when structural evidence is entirely absent. Detecting missing layers is
highly relevant clinically, most notably in Geographic Atrophy (GA), where the localized loss of
the photoreceptors and retinal pigment epithelium (RPE) serves as the primary endpoint for novel
therapeutics [5].

Historically, automated atrophy detection follows three paradigms. Direct lesion segmentation
identifies GA footprints via classification on en face projections [6, 7] or cross-sectional B-scans
[8], but ignores the 3D layer geometry needed to monitor early structural thinning. Pixel-wise layer
segmentation can theoretically capture atrophy by omitting the RPE prediction locally, yet lacks
anatomical coherence, risking topological violations such as reversed layers or implausible holes.
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Conversely, boundary regression guarantees strict topology but its continuous-surface constraint
prevents it from accurately omitting missing layers.

To address this gap within the boundary regression paradigm, we introduce an uncertainty-aware
extension to the topologically constrained SD-RetinaNet. We explicitly quantify two sources of
uncertainty directly from the network’s spatial probability maps. First, we model aleatoric uncertainty
using a Gaussian Negative Log-Likelihood (NLL) loss to calibrate the spatial variance of the boundary
predictions, capturing ambiguity from speckle noise, low contrast, and shadowing from overlying
hyperreflective areas. Second, we integrate epistemic uncertainty via Evidential Deep Learning (EDL)
[9]. By placing a Dirichlet prior over the 1D spatial column, the network estimates the total structural
evidence and identifies out-of-distribution scenarios where layers are missing. To our knowledge,
this is the first evidential boundary regression framework to detect anatomical absence, bridging
high-precision topology with robust atrophy detection.

2 Related Work

Retinal Biomarker Segmentation and Atrophy: Recent deep learning methods for OCT predomi-
nantly address layer and fluid lesion segmentation [10, 11, 4]. To overcome topological violations
common in pixel-wise U-Nets, He et al. [3] introduced layer boundary regression (LBRM). While
SD-RetinaNet [4] successfully integrated lesion constraints into this framework, neither method
accounts for layers that vanish due to GA. Detection of GA has mostly been handled via direct
regional segmentation [7], disconnected from sub-pixel layer morphology. Adapting deep regression
models to correctly omit layers remains an unsolved challenge.

Uncertainty Quantification in Deep Learning: Uncertainty in deep learning is categorized into
aleatoric and epistemic uncertainty [12]. While Monte Carlo Dropout (MCD) captures epistemic
uncertainty, it requires expensive multiple forward passes. Evidential Deep Learning (EDL) instead
formulates learning as an evidence acquisition process [9, 13], quantifying epistemic uncertainty in a
single forward pass. By adapting EDL to place Dirichlet priors over spatial column-wise probability
maps, we leverage it to act as an anomaly detector for anatomical absence.

3 Methodology

Base Architecture: Our framework builds upon the SD-RetinaNet backbone [14], which employs a
U-Net architecture equipped with an EfficientNet [15] encoder. To extract anatomical boundaries, the
network utilizes an anatomy module that projects high-dimensional feature maps into 1D column-
wise boundary representations over the image height H. Instead of enforcing a strict softmax
normalization that forces probability maps to sum to one, we reframe the spatial localization task as a
hybrid discrete-to-continuous evidential learning problem.

Discrete-to-Continuous Evidential Distribution: While standard boundary regression directly
predicts a continuous value, our model treats the H vertical depth bins of each A-scan as a discrete
probability space. To model epistemic uncertainty, we place a Dirichlet prior over these spatial
bins. The network outputs non-negative evidence e > 0 for each bin h € H, forming the Dirichlet

parameters ap = ep + 1. The total structural evidence is S = Ef:] ap, and the expected spatial
probability mass function (PMF) is pp, = ap/S.

Uncertainty Calibration and Missing Layer Detection: We bridge this discrete evidential distribu-
tion to continuous boundary regression via spatial expectation. The sub-pixel boundary position is
computed as 1 = Ef=1 ph-h, and its aleatoric spatial variance is derived as 02 = Ef=1 pr-(h—p)2
This variance naturally expands in regions obscured by speckle noise or shadowing from hyperreflec-
tive areas. Epistemic uncertainty is dictated by the total evidence S. We leverage this to formulate
our missing layer decision rule: if the predicted evidence .S falls below a predefined threshold 7
(empirically determined on a held-out validation set of 110 volumes) the layer boundary is classi-
fied as structurally missing. Otherwise, the network applies strict topological corrections to ensure
non-crossing constraints among the valid layers.

Joint Optimization: The network is optimized using a composite loss function conditioned by a
binary ground-truth mask indicating layer presence. In regions where the layer exists, we minimize
the Gaussian Negative Log-Likelihood (NLL) utilizing the derived continuous spatial moments
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and o2 against the target coordinate. This calibrates the spatial variance directly to the prediction
error. We augment this with an evidence-maximizing objective that explicitly encourages the network
to predict high total structural evidence when the layer is present. Conversely, in regions where the
layer is anatomically missing, we apply an annealed Kullback-Leibler (KL) divergence penalty. This
forces the predicted Dirichlet parameters toward a uniform, zero-evidence distribution (K L(«]|[1)),
effectively pushing the total evidence S to zero and training the network to confidently predict
pathological absence.

4 Experimental Setup and Results
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Figure 1: Comparative performance analysis. (a) Segmentation performance of the 2D projected
atrophy area (GA footprint) against specialized baselines. (b) Maintenance of sub-pixel boundary
localization accuracy compared to standard topological regression. (c) Qualitative B-scan highlighting
the proposed method’s ability to identify missing layers (indicated by the transparent colored overlay).
(d) En-face visualization of GA segmentation compared to ground truth (Green: correct, Red: over-
segmentation, Blue: under-segmentation).

Dataset and Training Setup: We trained the proposed evidential model, the baseline SD-RetinaNet
[4], and a state-of-the-art specialized 3D-to-2D GA segmentation model (Morano et al. [8]) on a
shared private cohort consisting of 1100 OCT volumes with manual layer and lesion annotations. Of
these, 55 volumes exhibited GA. The scans were acquired using Heidelberg Spectralis, Zeiss Cirrus,
and Heidelberg HighRes devices, ensuring multi-vendor robustness.

Experiment 1: Geographic Atrophy Footprint Detection: To evaluate the network’s ability
to detect missing layers, we tested the atrophy en-face footprint extraction performance on the
independent public OCTAVE dataset [16], comprising 198 Spectralis OCT volumes (3762 B-scans),
9 of which contain GA. Evaluated specifically on these 9 GA-positive volumes, our evidential
boundary regression achieved highly competitive GA footprint segmentation performance with a Dice
score of 0.6959 £ 0.1878 and a PR-AUC of 0.8746. This is directly comparable to the specialized
direct-segmentation method by Morano et al. [8], which yielded a Dice of 0.7102 & 0.2101 and a
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PR-AUC of 0.9297. This demonstrates that our 1D epistemic uncertainty mechanism successfully
bridges boundary regression and region-based GA footprint detection without requiring a separate
3D pixel-wise classifier or the multiple inference passes required by Monte Carlo Dropout (MCD)
(see Figure 1a).

Experiment 2: Layer Segmentation Maintenance: To confirm that adding uncertainty constraints
does not severely degrade standard topological layer regression, we evaluated boundary localization
on the public AROI dataset [17], consisting of 1136 annotated B-scans from 24 AMD patients
featuring three manually annotated retinal layers. The proposed method demonstrated a Mean
Absolute Distance (MAD) of 5.85 + 2.82 pum, compared to the original SD-RetinaNet baseline
performance of 4.68 =+ 2.29 um. These results demonstrate that while the introduction of evidential
constraints yields a slight increase in localization error (from 4.68 pm to 5.85 pm), this represents
an acceptable and necessary trade-off; sub-pixel precision remains highly robust while enabling the
critical clinical capability of detecting missing pathological layers (see Figure 1b).

Experiment 3: Uncertainty Calibration: A core contribution of our Gaussian NLL formulation
is superior spatial error calibration. We evaluated the aleatoric calibration on the AROI dataset by
computing the Expected Calibration Error (ECE) and the Pearson correlation (r) between the predicted
standard deviation (¢) and the absolute boundary error (MAD). Our evidential framework achieved
an ECE of 4.1 pm and a strong correlation of » = 0.4798 (p < 0.001), vastly outperforming the
uncalibrated softmax entropy of the baseline SD-RetinaNet (ECE: 6.2 pm, r = 0.3812, p < 0.001).
This indicates that our predicted aleatoric variance serves as a highly reliable proxy for boundary
ambiguity caused by speckle noise and shadowing.

Qualitative Evaluation: Visually (Figure 1c), the baseline SD-RetinaNet incorrectly interpolates
continuous boundaries across atrophic regions, maintaining false confidence despite the lack of
structural evidence. In contrast, our evidential framework correctly drops boundary predictions within
GA lesions. Furthermore, the predicted aleatoric variance (o) visibly widens at lesion margins and
areas of poor signal, faithfully representing structural ambiguity. In the en-face projections (Figure
1d), while our method accurately captures the core GA footprint, the observed over-segmentation
primarily stems from detecting missing layers near the peripheral borders of the B-scans. These false
positives correlate strongly with signal roll-off and scanning artifacts rather than true anatomical
atrophy.

5 Conclusion

In this work, we introduced a novel uncertainty-aware framework that successfully bridges the gap
between spatial evidential deep learning and 1D topological boundary regression. By explicitly mod-
eling aleatoric spatial variance via a Gaussian NLL formulation and quantifying epistemic structural
evidence through Dirichlet priors, our model overcomes the critical limitation of previous boundary
regression techniques: the mathematical obligation to hallucinate layers in pathological regions. The
proposed method reliably detects structural layer absence, preventing erroneous boundary predictions
in areas of complete tissue loss like Geographic Atrophy, while providing highly calibrated error
estimates in regions obscured by shadowing. Ultimately, this framework combines high-precision
sub-pixel layer tracking with robust 2D atrophy footprint extraction in a single pass. While this
extended abstract presents an ongoing work in progress, it establishes a reliable and mathematically
sound paradigm for automated pathological OCT analysis. Current efforts are actively focused on
further improving both the layer segmentation accuracy and the GA footprint detection performance.
Future work will evaluate the framework on larger GA-positive cohorts to strengthen clinical claims,
and develop spatial priors to counteract false positive absence detections near peripheral scan borders.
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Abstract

Whole-heart multi-compartment CT segmentation is clinically important, but stan-
dard CNNs do not explicitly enforce anatomical plausibility. Based on statistics
derived from the training data, we evaluate whether lightweight explicit shape
priors, implemented as shape-aware losses and spatial label distribution heatmap-
guided U-Net variants, improve 3D cardiac segmentation on MM-WHS CT and
WHS++. Across all experiments, a standard 3D U-Net surprisingly remained a very
strong baseline, with handcrafted priors yielding at best marginal and inconsistent
changes and often degrading performance. These results suggest that the baseline
already captures substantial implicit anatomical regularities and that future gains
will likely require more expressive learned priors rather than simple handcrafted
anatomical shape constraints.

1 Introduction

Multi-compartment whole-heart segmentation from cardiac CT [1] is a core task in medical image
analysis because it supports quantitative assessment of clinical parameters like ejection fraction, builds
the foundation for treatment planning or simulation [2], and enables image-guided interventions. Deep
learning [3], especially 3D U-Net variants [4, 5], has become the dominant approach for this problem
due to its strong multiscale feature extraction capabilities and its support for accurate localization [6].
Their success is explained by the clever combination of encoder-decoder feature extraction, multiscale
context modeling, and skip connections that preserve spatial detail. However, these models are
primarily appearance-driven and do not explicitly encode anatomical shape knowledge as was
prominently done in the pre-deep learning era via statistical shape models [7, 8]. This gap motivates
the study of shape priors in deep learning-based segmentation [9].

This work evaluates whether explicit shape priors improve whole-heart multi-compartment CT
segmentation beyond a strong 3D U-Net baseline. Rather than tediously building a full statistical
shape-modeling pipeline, our study tests lightweight priors that can be incorporated directly into
the training objective or 3D network design. The central question is whether such priors provide
measurable benefit on modern deep learning baselines for seven-class cardiac CT segmentation,
involving ventricles, both atria, myocardium, and the great vessels. The main finding is negative but
clear: in the studied setting, explicitly designed shape priors did not consistently improve performance
over a well-trained 3D U-Net baseline.
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Figure 1: Exemplary architecture of one of our proposed networks incorporating label distribution
heatmaps: The 2-Decoder network, with separate decoders for label segmentation and heatmap
predictions, thus forcing the encoder to extract features supporting both predictions.

2 Methods

Dataset and preprocessing. Experiments are based primarily on the CT subset of the MM-WHS
challenge dataset [1], comprising seven foreground classes: left ventricle, right ventricle, left atrium,
right atrium, myocardium, ascending aorta, and pulmonary artery. The benchmark provides 20
annotated CT scans for training and 40 CT test scans evaluated with the official hidden-label evaluation
script used for the Challenge. To complement this with accessible ground truth, evaluation was
extended using the second half of the WHS++ training set (20 CT cases), which corresponds to
the publicly released extension of the MM-WHS CT dataset. Images and labels were reoriented
to a common anatomical convention, resampled isotropically, centered using label centroids, and
embedded into a standardized field of view. A Procrustes-based alignment [10] of training labels
was further used to derive population heatmaps representing average spatial label distributions in the
registered space.

Baseline model. The reference model is a standard 3D U-Net [4, 5] with single-channel CT input
and eight output classes including background. It uses a conventional encoder-decoder design with
skip connections with 64 base channels and doubling the number of channels at each downsampling
step. It uses LeakyReLU activations [11] and is trained with a combined Generalized Dice [12] and
Cross-Entropy loss. This baseline serves as the main point of comparison throughout the study.

Shape-aware losses. Three families of explicit regularizers were evaluated in combination with
the baseline loss. Volume regularization penalizes deviations from expected compartment volumes
estimated from the training set via the label-specific volume means and standard deviations. Moment-
based shape regularization compares soft first- and second-order spatial moments of predictions to
reference shape moments (centroids, ellipsoids) from the training set via L2 distance. Anatomical
relation loss constrains pairwise distances and angular relations between class centroids via reference
angle statistics derived from the training data. All losses aim to inject coarse anatomical prior
knowledge without changing the overall segmentation backbone.

Architectural priors. In addition to loss-based priors, we also investigated population-level multi-
class probability heatmaps derived from aligned labels of the training dataset. These shape priors
were integrated into several U-Net variants: a model with an auxiliary heatmap prediction head
attached to the last decoder layer, a multilayer deep-supervision version of the latter architecture (HM
multilayer), a two-decoder network with separate segmentation and heatmap branches (2-Decoder,
see exemplary architecture depicted in Fig. 1), a dual-encoder network that processes image and
heatmap inputs in parallel (2-Encoder), and a cascaded three-U-Net architecture for coarse prediction
and refinement (Cascaded).

Experimental setup. Models were trained on cropped regions of interest at 643 and 1283 input
resolution using the same extensive geometric and intensity data augmentation for all architec-
tures. Evaluation used Dice, Jaccard, Hausdorff distance (HD), and Average Symmetric Surface
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Distance (ASSD), as overlap- and boundary-based metrics, respectively. Qualitative comparisons
were additionally assessed on WHS++, since the MM-WHS test set did not provide ground truth
segmentations.

3 Results

Table 1 summarizes the main findings. More results, additional descriptions of methods and im-
plementation details can be found in [13]. On MM-WHS at 643, the baseline achieved 90.85%
Dice, 83.63% Jaccard, 7.64 mm HD, and 1.03 mm ASSD. Volume and moment regularization were
essentially tied with the baseline (90.85% and 90.84% Dice), whereas the anatomical relation loss
reduced performance to 88.98% Dice. Thus, simple handcrafted losses did not harm but also did not
improve the already strong baseline.

Table 1: Main quantitative results. MM-WHS values report Dice, Jaccard, HD, and ASSD; WHS++
reports Dice only, as summarized in the thesis. Best values per block are in bold.

Setting Dice (%) Jaccard (%) HD (mm) ASSD (mm)
Method
MM-WHS CT, 643, shape-aware losses
Baseline 90.85 83.63 7.64 1.03
‘Volume regularization 90.85 83.62 7.70 1.04
Moment regularization ~ 90.84 83.60 7.67 1.03
Anatomical relation 88.98 80.65 8.23 1.27
MM-WHS CT, 64°, selected architectural priors
Baseline 90.85 83.63 7.64 1.03
HM multilayer 90.60 83.23 7.78 1.06
2-Decoder 90.73 83.43 7.58 1.06
Cascaded 90.32 82.74 7.55 1.08
MM-WHS CT, 128%, selected architectural priors
Baseline 92.05 85.78 7.35 0.88
HM multilayer 91.80 85.38 7.28 0.90
2-Encoder 92.02 85.70 7.40 0.89
Cascaded 92.04 85.70 7.26 0.89
WHS++ CT, 64°, shape-aware losses
Baseline 88.93 81.01 18.47 1.68
Volume regularization 89.09 81.26 17.91 1.63
Moment regularization  89.16 81.47 18.31 1.61
Anatomical relation 88.66 80.67 18.13 1.70
WHS++ CT, 64°, selected architectural priors
Baseline 88.93 81.01 18.47 1.68
HM multilayer 88.72 80.63 20.88 1.73
2-Encoder 87.75 79.43 18.52 1.77
Cascaded 86.13 77.05 21.27 2.09

At the architectural level, heatmap-guided models remained competitive but did not clearly surpass
the reference U-Net. At 642, the 2-Decoder variant reached 90.73% Dice and the cascaded model
produced the best HD (7.55 mm), suggesting slightly improved boundary refinement, but overall
overlap remained below baseline. At 1283, the baseline improved to 92.05% Dice, while the closest
competitors, 2-Encoder and Cascaded, achieved 92.02% and 92.04%, respectively. Hence, higher
resolution improved most models, but not our main finding.

Evaluation on WHS++ confirmed the same trend. The baseline achieved 88.93% Dice, while volume
and moment regularization yielded only marginal changes, reaching 89.09% and 89.16% Dice,
respectively. Moment regularization produced the best Dice, Jaccard, and ASSD, whereas volume
regularization achieved the lowest HD (17.91 mm). However, these improvements were small and
inconsistent. Architectural prior-based models did not outperform the baseline: HM multilayer and
2-Encoder showed slightly lower overlap, and the cascaded architecture degraded performance across
all metrics. Overall, the main finding remained consistent across datasets and model families.

25



raw image ground truth baseline shape loss 2-Decoder

Figure 2: Representative qualitative comparison on WHS++ (subject 2014, coronal slice 76). The
baseline U-Net, the best loss-based prior (Mean-Shape), and the best architecture-based prior (2-
Decoder) all capture the global anatomy well. Differences are mainly confined to boundaries and
smaller structures.

Qualitatively, all models reproduced the overall cardiac configuration and inter-structure arrangement
well (Fig. 2). The shape-aware variants appeared visually very similar to the baseline, with differences
concentrated at boundaries and in thinner structures rather than in gross anatomical localization. This
visual pattern is consistent with the quantitative results: the baseline already learned strong global
anatomical regularities, leaving limited room for coarse handcrafted priors to add useful information.

4 Discussion and Conclusions

The central result of this study is that, surprisingly, explicit handcrafted shape priors did not consis-
tently outperform a strong 3D U-Net baseline for whole-heart CT segmentation, which is performing
in-line with the winner of the MM-WHS Challenge (see [6, 1]) as well as the participants at the Chal-
lenge associated with WHS++ [14]. This is a relevant negative result. It suggests that on MM-WHS
and WHS++, the baseline model already learns substantial implicit anatomical regularities directly
from the image data, and that coarse constraints such as expected volumes, low-order moments,
centroid relations, or average label distribution heatmaps add little information beyond that baseline.

Several factors likely explain this outcome. First, the tested priors describe anatomy only at a coarse
level and cannot capture the complex nonlinear variability of cardiac shape. Second, the remaining
errors are mainly boundary-related, whereas the priors regularize global structure more strongly than
local boundary detail. Third, because baseline performance is already high, measurable improvements
are inherently limited. The experiments also show that greater architectural complexity does not
automatically improve segmentation: models such as 2-Encoder and Cascaded remained competitive,
and Cascaded slightly improved HD, but none clearly surpassed the simpler baseline in overall Dice
or boundary overlap.

In summary, this work provides a focused evaluation of explicit shape priors in deep learning-
based whole-heart segmentation and shows that simple handcrafted priors are insufficient to reliably
improve a strong 3D U-Net. Future work should therefore move toward more expressive learned
anatomical priors, such as generative diffusion-based [15] or flow matching-based [16] models trained
on segmentation masks, which may better represent the distribution of plausible cardiac anatomy.

Acknowledgments and Disclosure of Funding

This research was funded in whole or in part by the Austrian Science Fund (FWF)
10.55776/PAT1748423.

References

[1] Xiahai Zhuang, Lei Li, Christian Payer, Darko Stern, Martin Urschler, Mattias P Heinrich,
Julien Oster, Chunliang Wang, Orjan Smedby, Cheng Bian, Xin Yang, Pheng-Ann Heng,
Aliasghar Mortazi, Ulas Bagci, et al. Evaluation of algorithms for multi-modality whole heart
segmentation: An open-access grand challenge. Medical Image Analysis, 58:101537, December
2019.

[2] Elena Zappon, Luca Azzolin, Matthias A F Gsell, Franz Thaler, Anton J Prassl, Robert Arnold,
Karli Gillette, Mohammadreza Kariman, Martin Manninger, Daniel Scherr, Aurel Neic, Martin

26



[3]

[4]

[5]

[6

e

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

Urschler, Christoph M Augustin, Edward J Vigmond, and Gernot Plank. An efficient end-to-end
computational framework for the generation of ECG calibrated volumetric models of human
atrial electrophysiology. Medical Image Analysis, 107(Pt B): 103822, October 2025.

Yann LeCun, Yoshua Bengio, and Geoffrey Hinton. Deep learning. Nature, 521(7553):436-444,
May 2015.

Olaf Ronneberger, Philipp Fischer, and Thomas Brox. U-net: Convolutional networks for
biomedical image segmentation. In Medical Image Computing and Computer-Assisted Inter-
vention — MICCAI 2015, pages 234-241. Springer International Publishing, 2015.

Ozgiin Cigek, Ahmed Abdulkadir, Soeren S Lienkamp, Thomas Brox, and Olaf Ronneberger.
3D U-net: Learning dense volumetric segmentation from sparse annotation. In Medical Image
Computing and Computer-Assisted Intervention — MICCAI 2016, Lecture notes in computer
science, pages 424-432. Springer International Publishing, Cham, 2016.

Christian Payer, Darko Stern, Horst Bischof, and Martin Urschler. Multi-label whole heart
segmentation using CNNs and anatomical label configurations. In Statistical Atlases and
Computational Models of the Heart. ACDC and MMWHS Challenges, pages 190-198. Springer
International Publishing, 2018.

Tim F Cootes, Chris J Taylor, David H Cooper, and Jim Graham. Active shape models-their
training and application. Computer Vision and Image Understanding, 61(1):38-59, January
1995.

Tobias Heimann and Hans-Peter Meinzer. Statistical shape models for 3D medical image
segmentation: a review. Medical Image Analysis, 13(4):543-563, August 2009.

Simon Bohlender, Ilkay Oksuz, and Anirban Mukhopadhyay. A survey on shape-constraint
deep learning for medical image segmentation. IEEE Reviews in Biomedical Engineering,
16:225-240, January 2023.

Peter H Schoenemann. A generalized solution of the orthogonal procrustes problem. Psychome-
trika, 31:1-10, 1966.

Andrew L Maas, Awni Y Hannun, and Andrew Y Ng. Rectifier nonlinearities improve neural
network acoustic models. In International Conference on Machine Learning (ICML), volume 30,
2013.

Carole H Sudre, Wengqi Li, Tom Vercauteren, Sebastien Ourselin, and M Jorge Cardoso. Gener-
alised dice overlap as a deep learning loss function for highly unbalanced segmentations. In
Deep Learning in Medical Image Analysis and Multimodal Learning for Clinical Decision
Support - DLMIA ML-CDS 2017, volume 10553 of Lecture Notes in Computer Science, pages
240-248. Springer, September 2017.

Michael Hudler. Evaluation of Shape Models for Deep Learning Based Cardiac Image Segmen-
tation. Master’s Thesis, Graz University of Technology, Graz, Austria, 2026.

Franz Thaler, Darko Stern, Gernot Plank, and Martin Urschler. Augmentation-based domain
generalization and joint training from multiple source domains for whole heart segmentation. In
Comprehensive Analysis and Computing of Real-World Medical Images. CARE 2024, volume
15548 of Lecture notes in computer science, pages 168-179. Springer Nature Switzerland,
Cham, 2025.

Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising diffusion probabilistic models. In
Advances in Neural Information Processing Systems (NeurIPS), volume 33, pages 6840-6851,
2020.

Arnela Hadzic, Lea Bogensperger, Andrea Berghold, and Martin Urschler. Flow matching-based
data synthesis for robust anatomical landmark localization. IEEE Journal of Biomedical and
Health Informatics, 2025.

27



Forecasting individual survival in irregularly sampled
patient trajectories

Daniel Sobotka'->3, Nino Bogveradze?, Lucian Beer?, Philipp Seebsck'->?,
Helmut Prosch? and Georg Langs!2

I Computational Imaging Research Lab,

Department of Biomedical Imaging and Image-guided Therapy,

Medical University of Vienna, Vienna, Austria
2 Christian Doppler Laboratory for Machine Learning Driven Precision Imaging,

Department of Biomedical Imaging and Image-guided Therapy,
Medical University of Vienna, Vienna, Austria

3 Comprehensive Center for Artificial Intelligence in Medicine,
Medical University of Vienna, Vienna, Austria

Abstract

Time series forecasting of patient trajectories plays a critical role in the clinical
environment by enabling the prediction of possibly treatment relevant patient events
. Clinical data such as imaging studies, surgical records, laboratory measurements
or tumor staging provide rich longitudinal information reflecting the progression
of disease or treatment response. Modeling these data involves several challenges
such as integrating multi-modal data, handling irregularly sampling over time, or
managing missing values. Many existing forecasting approaches rely on regularly
sampled data and perform poorly when facing irregularly sampled clinical data.
Here, we evaluate three different deep learning models for predicting individual six
month survival from irregularly sampled lung cancer patient trajectories. Results
show that state-of-the-art models can integrate sparse clinical data and benefit
from multi-modality, improving forecasting of clinical outcomes despite irregular
sampling patterns.

1 Introduction

The prediction of future time series from observed partial time series is a widely studied problem
across many academic fields, such as climate modeling [6] or biological sciences [8]. In medical
research, the prediction of future patient trajectories is critical for improving clinical decision-making
and patient outcomes. Time-series models are increasingly being employed to predict key health
events such as the onset of heart failure [2] or patient mortality [10]. By modeling these temporal
health trajectories, clinicians can anticipate adverse events, optimize treatment plans, and provide
more personalized care. Incorporating clinical relevance in time series forecasting not only enhances
predictive accuracy of events but also directly impacts patient treatment planing. Time-series
forecasting in the medical domain presents unique challenges that distinguish it from other fields.
Clinical data are often multi-modal, containing a variety of information from imaging data, laboratory
results to surgery information. Furthermore, clinical events are typically irregularly sampled, with
visits occurring at non-uniform intervals based on patient conditions. Finally, prediction models
need to cope with missing data due to clinical decisions determining the modalities acquired during
an examination. Compared to conventional statistical models such as auto-regressive [11] models,
machine- and deep learning models offer promising results in addressing time series forecasting
challenges, such as multi-objective or multi-modality forecasting [5]. Deep learning models can
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be grouped into 1) encoder-decoder-based, 2) transformer-based and 3) GAN-based architectures,
where recent research focused on transformer based deep learning time forecasting approaches [4].
Transformer-based models leverage self-attention and multi-head attention mechanisms. They have
emerged as one of the most effective architectures for capturing semantic dependencies in long input
sequences [9]. Beside that classification other deep learning models are focusing on forecasting,
such as DeepSurv, a multi-layer perceptron implementing the Cox proportional hazards model [3].
Recurrent neural networks (RNNs) are also considered suitable for sequence modeling and can solve
time series related tasks. [4]. [1] introduced GRU-D, an extension of the gated recurrent unit (GRU)
that incorporates decay mechanisms to model multivariate time series data with missing values.

2 Methods

We evaluate a patch-based time series transformer (PatchTST) [7], GRU-D [1] and DeepSurv [3]
for using multi-modal patient trajectories as basis of forecasting for survival prediction within
the 6 months (24 weeks) following the last observed time point. The networks take look-back
windows L,, — (vy,...v,) as input and predict survival probabilities at 24 future weekly time points
t =1,...,24. PatchTST consists of an transformer encoder that maps input patches into a latent
space using a trainable linear projection and positional encoding, which encodes the temporal position
of each patch in the input sequence, followed by multi-head self-attention layers. The resulting
latent representations are flattened and passed through a linear layer with ReLu activation to obtain
predictions g5 (£ = 1,...,24) for each sample b in the batch. During training we ignore empty
patches and use a value mask for missing values inside each patch. GRU-D is a recurrent neural
network based on gated recurrent units and decay mechanisms to model past observation fading over
time and how missing values should be imputed dynamically. Similar to the transformer, missing
input values are masked. To account for imbalances in the survival data, a binary cross-entropy (BCE)
with logits loss weighted by a sample-wise weight based on the number of non-survival weeks per
sample is proposed. The sample-wise weight for batch b is defined as

T

wy =1+ (1-yss), 1)

t=1

where T" denotes the number of 24 forecasting weeks and y; ; the corresponding ground truth target.
The final loss is computed as

B T
1 . . g
L= BT bE_l tEZI wp - BOEWithLogits(ys, ¢, yb,t) (2)

where B denotes the batch size. In contrast to PatchTST and GRU-D, which are designed for time-
series representation learning and prediction, DeepSurv optimizes the negative log partial likelihood
of the Cox proportional hazards model to learn a risk score that reflects the relative hazard of an event
while explicitly handling censored observations.

3 Data

In this study, a fixed temporal window of 3072 days was defined for each of the 4642 patients, corre-
sponding to the longest observation period recorded within the clinical cohort. Each patient’s temporal
sequence was aligned such that the final day of the window (day 3072) represented the patient’s most
recent clinical encounter, which could include one or more modalities such as computed tomography
(CT) imaging extracted lung tumor volume, surgical interventions, laboratory assessments or ICD
diagnosis. For patients with shorter observation periods or sparse visit histories (e.g., visits limited to
a single month), the earlier portion of the window was zero-padded, while the final segment contained
the available clinical data. This alignment strategy ensured temporal consistency across patients and
facilitated comparability independent of follow-up duration. Across the cohort, patients underwent a
total of 10747 CT scans (average 2.32 per patient) and 1981 surgical procedures (0.43 per patient).
Laboratory measurements included 126572 CRP tests (27.27 per patient), 110880 albumin tests
(23.89 per patient), 20359 leukocyte counts (4.39 per patient), 42019 hemoglobin measurements (9.05
per patient), 42027 hematocrit measurements (9.05 per patient), and 112892 creatinine measurements
(24.32 per patient). Diagnoses included 31241 C34* ICD-10 codes (6.73 per patient), and tumor
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staging was recorded 237 times (0.05 per patient). From each CT scan we extracted with a pretrained
3D U-Net lung tumor annotations and used that information as tumor load input channel. We used a
train/val/test ratio of 0.7/0.15/0.15 resulting in 3249 patients for training, 696 for validation and 697
for testing. A total of 2584 patients (55.67%) are non survival during the next 24 week prediction
horizon, where 2058 patients (44.33%) survive the 24 week prediction horizon. To prevent the model
from overfitting to full observation windows, we employ a random endpoint strategy, where for each
patient up to five additional endpoints are randomly selected from the whole patient time series.
The time series is then truncated at this randomly chosen endpoint and left-padded with zeros to
obtain a fixed-length input window. Survival time is recalculated relative to the new endpoint, and a
discrete survival target is constructed over the prediction horizon. This strategy reduces bias toward
specific temporal positions and encourages the model to learn time-robust representations. After
augmentation, the dataset distribution shifted, with the proportion of non-survivors decreasing from
55.67% to 31.03%.

4 Experiments

We evaluated if multi-modal time series models can be used for future survival forecasting with
irregularly sampled and missing values input time series data. We reported standard classification
metrices, precision-recall (PR) curves, as well as receiver operating characteristic (ROC) analysis for
the 24 weeks forecasting. We assessed prediction of survival after 6 and 24 weeks.

5 Results

All models were trained on the same combined dataset comprising both original and randomly
augmented samples, while evaluation is reported separately for full windows (FW) and random
windows (RW). Quantitative results for prediction week 6 and 24 are shown in Table 1.

Table 1: Per-week performance metrics for full lookback windows (FW) and random created windows
(RW) for weeks 6 and 24.

Week Metric PatchTST GRU-D DeepSurv
FW RW FW RW FW RW
Sensitivity 0.714 0519 0.862 0.726 0.000 0.000
Specificity 0.789 0.842 0.765 0.833 0.998 1.000
6 PPV 0.689 0272 0.706 0.331 0.000 0.000
NPV 0.808 0939 0.894 0.964 0.603 0.898
MAE 0.800 0.842 0.319 0.294 0425 0.230

AP (PR-AUC) 0.862 0966 00926 0980 0.763 0.927
ROC-AUC 0.810 0.778 0.888 0.861 0.692 0.593

Sensitivity 0963 0.891 0990 0955 0.016 0.004
Specificity 0.300 0.390 0.174 0278 0.994 0.996
24 PPV 0.622 0.328 0589 0307 0.750 0.214
NPV 0.872 0914 0932 0948 0457 0.749
MAE 1.982 1.575 0357 0515 0508 0407

AP (PR-AUC) 0.778 0.883 0.846 00918 0.612 0.803
ROC-AUC 0.805 0.744 0869 0.807 0.672 0.587

5.1 Full lookback windows

This result represents the prediction at the last time point available for each patient in the data set.
PatchTST and GRU-D showed highest sensitivity and NPV across week 6 and week 24, indicating
strong performance in identifying patients who experience non survival within the prediction horizon.
GRU-D achieved the highest sensitivity (0.862 at week 6, 0.990 at week 24), while PatchTST had
slightly higher specificity at week 6 (0.789) and week 24 (0.300). DeepSurv generally failed to
correctly predicted non survival patients (sensitivity of < 0.02) and therefore achieved only high
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specificity in predicting survival patients. MAE values indicated that GRU-D consistently produced
more accurate survival predictions than PatchTST or DeepSurv. For the PR curves similar results are
visible. At week 6, all models demonstrated strong precision—recall performance when evaluated
separately on the original subsets, despite being trained on the combined dataset. GRU-D achieved
the highest average precision on the original data (AP = 0.926), followed by PatchTST (AP = 0.862)
and DeepSurv (AP = 0.763). ROC analysis showed that GRU-D consistently achieved the highest
discriminative performance across both prediction horizons (AUC of 0.888 at week 6), outperforming
PatchTST (AUC = 0.810) and DeepSurv (AUC = 0.692).

5.2 Random generated windows

This result represents the prediction at randomly chosen time points in the patient trajectory data.
For the random generated windows at week 6 GRU-D achieved the highest NPV (0.964), sensitivity
(0.726) and specificity slightly lower (0.833) than PatchTST. At week 24 GRU-D reached a higher
sensitivity (0.990), but a lower specificity (0.174) compared to week 6. Overall, FW results showed
higher sensitivity and lower specificity compared to RW results. For the PR curves with GRU-D
reaching an AP of 0.980, PatchTST 0.966, and DeepSurv 0.927. A similar pattern was observed
at week 24, although overall performance decreased compared to week 6, reflecting the increased
difficulty of longer-term prediction. For ROC analysis, GRU-D reached an AUC of 0.861, PatchTST
0.778, and DeepSurv 0.593 at week 6. A similar trend was evident at week 24, with GRU-D achieving
0.807, PatchTST 0.744, and DeepSurv 0.587.

6 Discussion

We evaluated three different deep learning models for predicting individual six month survival from
irregularly sampled lung patient trajectories. We propose a balanced loss function not only for
multiple forecasting time points. Using more than one forecasting time point enhances model training,
since more information can be learned from each prediction sample. We enhanced our training
with random generated time windows and for training we used 10 different input channels. Results
showed that the recurrent neural network yields best accuracy in predicting survival at 6 and 24
weeks, compared to the transformer model. State-of-the-art deep learning models offer a viable route
towards handling highly irregularly sampled time series data, and integrate multiple modalities.
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Abstract

Alzheimer’s disease (AD) is an inherently multimodal pathology driven by com-
plex genetic and phenotypic interactions, making reliable early detection a critical
challenge. Existing multimodal approaches often struggle to effectively align static
baseline genetic risk with longitudinal physical changes. In this work, we introduce
a novel two-stage contrastive learning framework integrating Single Nucleotide
Polymorphisms (SNPs) and structural MRI volumes. To overcome the bottleneck
of single-timepoint genetic measurements, we propose an age-conditioned aug-
mentation strategy that generates time-aware genetic embeddings for longitudinal
contrastive pairing. Utilizing a dynamic Gated Fusion mechanism for downstream
classification, our approach effectively weights modality contributions. Evaluated
on the ADNI database, our framework consistently outperforms strong classi-
cal baselines and state-of-the-art generative models, demonstrating particularly
significant improvements in early-stage cognitive decline detection.

1 Introduction

Alzheimer’s Disease (AD) is a progressive neurodegenerative disorder and the leading global cause
of dementia [11]. Because current treatments primarily slow progression rather than cure it [16],
early detection is critical. Capturing the complete disease trajectory requires integrating upstream
genetic susceptibility with downstream phenotypic consequences.

Existing multimodal AD research predominantly fuses imaging modalities such as MRI and PET
using standard supervised architectures [1, 13, 14, 10]. However, these methods often struggle to
learn robust representations when labeled data is scarce. While contrastive learning has emerged as
a powerful alternative for extracting features from medical imaging [8, 9, 5] and imaging-genetics
cohorts [15, 12, 17], its potential to align high-dimensional SNPs with MRI brain volumes for AD
remains underexplored. A primary hurdle is data asymmetry: effectively combining a single static
genetic measurement with longitudinal imaging data requires complex setups that standard fusion
approaches fail to address [6].

In this work, we introduce a multimodal contrastive learning architecture to extract meaningful,
modality-invariant latent representations from MRI brain volumes and SNPs. To overcome the
bottleneck of relying on a single genetic measurement per subject, we introduce time-aware genetic
embeddings. By augmenting static genetic profiles with the patient’s age at the time of the scan,
we enable the generation of rich, multi-view positive pairs. We then evaluate the expressivity of
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Figure 1: Contrastive learning setup featuring dual-branch encoders for input modalities and distinct
decoders for feature-preserving reconstruction. Inter-modal contrastive loss aligns patient-specific
embeddings across modalities.

these learned embeddings by training a downstream classifier on the frozen encoders to predict AD
diagnosis and cognitive decline.

2 Methodology

To address the problem of Alzheimer’s disease classification, we adopt a two-stage pipeline that
decouples representation learning from downstream classification. In the first stage, a contrastive
encoder module is trained to produce dense latent representations that capture the most salient and
modality-invariant features of the input data. In the second stage, a fusion model combines the latent
representation produced by the frozen contrastive encoding module. Classification of the disease
class and regression of the Mini-Mental State Examination (MMSE) [4] score are performed.

2.1 Contrastive encoding

At a conceptual level, the contrastive encoding module maps different data modalities into a shared
latent space (Figure 2). Using contrastive learning, representations of the same subject at a specific
time point are pulled together, while representations of different entities are pushed apart, promoting
modality-invariant embeddings.

Following the SimCLR framework [2], we define the contrastive objective using the Normalized
Temperature-scaled Cross Entropy (NT-Xent) loss. Let e, denote the SNP features, e, the patient
age, and e, the standardized MRI volumes. We define the modality-specific latent representations as
zs = fo(€s, €q) and z, = g4(ey), Wwhere fp and g4 are the genetic and volume encoders, respectively.
For a batch of size N, the loss for a genetic anchor z,g‘} against the volume representations Z,, is
formulated as:

exp(sim(zf), zt(,i})/'r)

Sigs exp(sim(z£”, 287)/7)

where sim(-, -) denotes the cosine similarity and T represents the temperature. To ensure bidirectional
alignment, we symmetrically compute the loss for the volume anchor against the genetic representa-
tions, yielding the total contrastive objective Leont = 55 Y1y [0z, 2,)+ (=8, 2,)]. In addition,
we concurrently apply a mean squared error (MSE) reconstruction objective to preserve features
critical for downstream classification thereby enhancing the overall representational quality. The total
loss is a weighted sum of the individual loss terms.

E(z.gi): 2,)=—log

To form contrastive pairs, we match a subject’s static genetic profile with brain volumes from
their longitudinal MRI scans. Because genetic profiles are static and measured only once, we
face a critical bottleneck in generating the abundant, distinct multi-view positive pairs required for
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effective contrastive learning. To overcome this, we augment the static genetic profile by directly
concatenating the subject’s scalar age at the time of MRI acquisition. Empirical evaluations showed
no significant performance difference between simple concatenation and mapping age through a
learned embedding, so we opted for the computationally simpler strategy. This simple augmentation
extracts age-conditioned representations, transforming a single genetic profile into multiple distinct
views corresponding to each longitudinal scan. Biologically, this strategy is highly plausible, as the
phenotypic effects of genetic variants on brain morphology are strongly age-dependent.

2.2 Gated fusion classification

To fuse the projected genetic (z) and structural (z, ) latent vectors, we employ a learned modality-level
gating mechanism. Scalar modality-specific attention weights are computed via a linear projection
and softmax activation:

[as, o] = Softmax(Wy[ze, z4] 4 bg)

where [, -] denotes concatenation and a,, o,, € R. The final representation is the weighted sum
Zfused = (tsZs + QiyZy, €nabling adaptive downweighting of noisy or missing inputs. Let e4 represent
the demographic embedding encompassing sex and education years. The fused vector is concatenated
to form the complete patient representation b = [zfysed, €q)- This representation is then routed to
parallel MLP heads to yield the final predictions § = MLP(h) for diagnostic classification and
continuous MMSE score regression, optimized simultaneously via a weighted compound loss.

3 Experimental setup

Our dataset comprised 844 subjects from the ADNI database, yielding 3,784 multimodal pairs. Data
curation involved dropping missing records and applying a 90-day soft-alignment threshold to match
imaging assessments with the closest temporal diagnostic labels. Across all longitudinal visits, the
distribution was 1,354 Cognitively Normal (CN), 1,921 Mild Cognitive Impairment (MCI), and
509 Alzheimer’s Disease (AD) assessments. The final-visit classification subset comprised 299
CN, 349 MCI, and 196 AD subjects. We evaluated the framework across three binary classification
tasks, a multiclass task (CN vs. MCI vs. AD), and continuous regression of the Mini-Mental State
Examination (MMSE) score.The MMSE is a 30-point scale where a score of 30 indicates no cognitive
impairment, which we min-max normalized to a [0, 1] range for our prediction task. For the imaging
modality, structural MRI volumes were extracted via Freesurfer [3] and directly z-score standardized
to preserve absolute volume information, rather than normalizing by intracranial volume. For the
genetic modality, SNPs derived from microarray data were ranked by p-value using the Alzheimer’s
Disease Variant Portal (ADVP) [7]—an aggregated database of multiple studies. These selected SNPs
were mapped from discrete categorical values into continuous representation embeddings using the
population-based probability transformation matrix introduced by Ko et al. [6]. Both continuous
modality-specific embeddings were subsequently fed into our contrastive encoding architecture.

To prevent longitudinal data leakage, we enforced a strict subject-wise split that remained identical
across both training stages. Within each cross-validation fold, the contrastive encoder was pretrained
using all available timepoints of the training subjects only. Subsequently, the downstream Gated
Fusion classifier was trained and evaluated exclusively on the final timepoint of the respective train
and test subjects. Performance was assessed using five-fold nested stratified cross-validation. We
benchmarked our framework against classical machine learning algorithms trained on concatenated
features—among which Random Forest proved to be the strongest performing—as well as a state-of-
the-art multimodal generative-adversarial attention framework [6]. Hyperparameters were rigorously
optimized within the inner cross-validation loop using exhaustive grid search for classical models
and Optuna Bayesian optimization for the neural architectures.

4 Results

Our complete framework, integrating contrastive pretraining with downstream Gated Fusion, demon-
strated strong performance across diagnostic classification tasks, particularly when compared to
robust classical baselines (Table 1). While we included a recent generative VAE+GAN model as a

35



baseline, its adversarial training proved highly unstable in practice, frequently underperforming a
standard Random Forest Classifier (RFC). Consequently, we treat the classical RFC as our primary
competitive benchmark.

Our method achieved the most significant gains in the challenging task of early cognitive decline
recognition (CN vs. MCI). The framework reached an Area Under the Curve (AUC) of 0.707,
providing a definitive improvement over both the classical RFC (AUC 0.665) and the VAE+GAN
(AUC 0.624). However, this classification advantage comes with a clear trade-off in continuous
Mini-Mental State Examination (MMSE) regression. The Random Forest Regressor (RFR) achieved
lower Root Mean Square Errors (RMSE) than our model. This highlights a limitation of our multi-task
compound loss: while joint optimization benefits categorical disease staging, it slightly compromises
the precision of continuous cognitive score prediction compared to a dedicated, single-objective
regressor.

Ablation experiments confirmed that structural MRI volumes primarily drive predictions in advanced
disease stages (AUC of 0.928 for CN vs. AD using MRIa alone), whereas genetic features (SNPs)
supply complementary variance for early-stage detection. Crucially, relying solely on either the
reconstruction or contrastive objectives yielded suboptimal performance (AUCs of 0.916 and 0.882
for CN vs. AD, respectively). This demonstrates that neither objective alone fully captures multi-
modal complexity; rather, their synergy is essential for aligning distinct views in the latent space,
noticeably boosting classification across all categories.

Table 1: Comparison of model performance across diagnostic groups. Best results are in bold (highest
ROC-AUC, lowest RMSE) and second-best results are underlined.

Model Metric CN/AD CN/MCI MCVAD CN/MCI/AD
Only AUC 0916 +£0.024 0.668 £0.032 0.817 £0.035 0.760 + 0.019
Reconstruction RMSE 0.133 +0.015 0.073 £0.006 0.142+0.010 0.134 +0.016
Only AUC 0.882 +0.027 0.659 £0.046 0.805 £0.025 0.739 + 0.024
Contrastive RMSE 0.1324+0.009 0.074 £0.011 0.140 +0.013 0.125 4+ 0.009
Single modal AUC 0.638 +£0.069 0.626 £0.038 0.534 £0.045 0.590 &+ 0.028
SNPs RMSE 0.174 +0.018 0.103 £0.039 0.167 +0.024 0.148 +0.018
Single modal AUC 0.928 +0.028 0.699 +£0.024 0.819 +£0.029 0.774 4+ 0.013
MRI RMSE 0.128 £ 0.007 0.156 £0.011 0.136 +0.006 0.132 +0.011
RFC/ AUC 0.893 +0.030 0.665 £0.037 0.812+0.041 0.747 &+ 0.028
RFR RMSE 0.125 +£0.010 0.062 +0.006 0.137 £0.006 0.114 & 0.006
VAE + GAN AUC 0.861 +£0.023 0.624 £0.042 0.768 £0.027 0.691 + 0.022
Fusion [6] RMSE 0.145+0.013 0.077 £0.005 0.133 £0.011 0.123 4+ 0.010
Contrastive + AUC 0.936 +0.017 0.707 £0.035 0.831 +£0.019 0.778 +0.014
Fusion (ours) RMSE 0.127 +0.015 0.080 £0.014 0.144 +0.012 0.127 4 0.006

5 Conclusion

We presented a two-stage multimodal contrastive learning framework for AD detection. By integrating
SNPs with longitudinal MRI via an age-conditioned augmentation strategy, our approach mitigates
data asymmetry and captures complex disease trajectories. Dynamic Gated Fusion adaptively weights
these modalities, outperforming classical baselines particularly in early-stage detection (CN vs.
MCI). Ablations confirm that combining contrastive and reconstruction objectives preserves critical
pathological details. Future work will integrate PET imaging and fluid biomarkers, validating the
framework on independent cohorts.

Acknowledgments and Disclosure of Funding

The authors acknowledge support from the DFG within the SPP2298 under project number 543939932
and from the Austrian Science Fund (FWF) project number 10.55776/COE12.

36



Data collection and sharing for this project was funded by the Alzheimer’s Disease Neuroimaging
Initiative (ADNI) (National Institutes of Health Grant U01 AG024904) and DOD ADNI (Department
of Defense award number W81XWH-12-2-0012). ADNI is funded by the National Institute on Aging,
the National Institute of Biomedical Imaging and Bioengineering, and through generous contributions
from the following: AbbVie, Alzheimer’s Association; Alzheimer’s Drug Discovery Foundation;
Araclon Biotech; BioClinica, Inc.; Biogen; Bristol-Myers Squibb Company; CereSpir, Inc.; Cogstate;
Eisai Inc.; Elan Pharmaceuticals, Inc.; Eli Lilly and Company; EuroImmun; F. Hoffmann-La Roche
Ltd and its affiliated company Genentech, Inc.; Fujirebio; GE Healthcare; IXICO Ltd.; Janssen
Alzheimer Immunotherapy Research & Development, LLC.; Johnson & Johnson Pharmaceutical
Research & Development LLC.; Lumosity; Lundbeck; Merck & Co., Inc.; Meso Scale Diagnostics,
LLC.; NeuroRx Research; Neurotrack Technologies; Novartis Pharmaceuticals Corporation; Pfizer
Inc.; Piramal Imaging; Servier; Takeda Pharmaceutical Company; and Transition Therapeutics. The
Canadian Institutes of Health Research is providing funds to support ADNI clinical sites in Canada.
Private sector contributions are facilitated by the Foundation for the National Institutes of Health
(www.fnih.org). The grantee organization is the Northern California Institute for Research and
Education, and the study is coordinated by the Alzheimer’s Therapeutic Research Institute at the
University of Southern California. ADNI data are disseminated by the Laboratory for Neuro Imaging
at the University of Southern California.

References

[1] Giovanna Castellano, Andrea Esposito, Eufemia Lella, Graziano Montanaro, and Gennaro
Vessio. Automated detection of Alzheimer’s disease: A multi-modal approach with 3D MRI
and amyloid PET. Scientific Reports, 14(1):5210, 2024. doi: 10.1038/s41598-024-56001-9.

[2] Ting Chen, Simon Kornblith, Mohammad Norouzi, and Geoffrey Hinton. A simple framework
for contrastive learning of visual representations. In Proceedings of the International Conference
on Machine Learning, volume 119, pages 1597-1607. PMLR, 2020.

[3] Bruce Fischl. FreeSurfer. Neurolmage, 62(2):774-781, 2012. doi: 10.1016/j.neuroimage.2012.
01.021.

[4] Marshal F. Folstein, Susan E. Folstein, and Paul R. McHugh. “mini-mental state™: A practical
method for grading the cognitive state of patients for the clinician. Journal of Psychiatric
Research, 12(3):189-198, 1975. doi: 10.1016/0022-3956(75)90026-6.

[5] Paul Hager, Martin J. Menten, and Daniel Rueckert. Best of both worlds: Multimodal contrastive
learning with tabular and imaging data. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, pages 23924-23935, 2023.

[6] Wonjun Ko, Wonsik Jung, Eunjin Jeon, and Heung-Il Suk. A deep generative-discriminative
learning for multimodal representation in imaging genetics. IEEE Transactions on Medical
Imaging, 41(9):2348-2359, 2022. doi: 10.1109/TMI1.2022.3162870.

[7] Pavel P Kuksa, Chia-Lun Liu, Wei Fu, Liming Qu, Yi Zhao, Zivadin Katanic, Kaylyn Clark,
Amanda B Kuzma, Pei-Chuan Ho, Kai-Teh Tzeng, et al. Alzheimer’s disease variant portal:
A catalog of genetic findings for Alzheimer’s disease. Journal of Alzheimer’s Disease, 86(1):
461-477, 2022. doi: 10.3233/JAD-215055.

[8] Min Gu Kwak, Yi Su, Kewei Chen, David Weidman, Teresa Wu, Fleming Lure, Jing Li, and
Alzheimer’s Disease Neuroimaging Initiative. Self-supervised contrastive learning to predict
the progression of Alzheimer’s disease with 3D amyloid-PET. Bioengineering, 10(10):1141,
2023. doi: 10.3390/bioengineering10101141.

[9] Jiaguang Li, Ying Wei, Chuyuan Wang, Qian Hu, Yue Liu, and Long Xu. 3D CNN-based multi-
channel contrastive learning for Alzheimer’s disease automatic diagnosis. IEEE Transactions
on Instrumentation and Measurement, 71:1-11, 2022. doi: 10.1109/TIM.2022.3162265.

[10] Modupe Odusami, Rytis Maskelitinas, Robertas Damasevi€ius, and Sanjay Misra. Explainable
deep-learning-based diagnosis of Alzheimer’s disease using multimodal input fusion of PET
and MRI images. Journal of Medical and Biological Engineering, 43(3):291-302, 2023. doi:
10.1007/s40846-023-00801-3.

37



[11]

[12]

[13]

[14]

[15]

[16]

[17]

Saeid Safiri, Amir Ghaffari Jolfayi, Asra Fazlollahi, Soroush Morsali, Aila Sarkesh, Amin
Daei Sorkhabi, Behnam Golabi, Reza Aletaha, Kimia Motlagh Asghari, Sana Hamidi, et al.
Alzheimer’s disease: A comprehensive review of epidemiology, risk factors, symptoms diag-

nosis, management, caregiving, advanced treatments and associated challenges. Frontiers in
Medicine, 11:1474043, 2024. doi: 10.3389/fmed.2024.1474043.

Daniel Sens, Liubov Shilova, Adrian V Dalca, Julia Schnabel, and Francesco Paolo Casale.
GEMCONT: Genetics-based multimodal contrastive learning for disease-focused imaging
genetics. In Medical Imaging with Deep Learning, 2026. URL https://openreview.net/
forum?id=Y8gkT7s44N.

Juan Song, Jian Zheng, Ping Li, Xiaoyuan Lu, Guangming Zhu, and Peiyi Shen. An effective
multimodal image fusion method using MRI and PET for Alzheimer’s disease diagnosis.
Frontiers in Digital Health, 3, 2021. doi: 10.3389/fdgth.2021.637386.

Jinju Sun, Chao Cong, Xinpeng Li, Weicheng Zhou, Renxiang Xia, Huan Liu, Yi Wang,
Zhigiang Xu, and Xiao Chen. Identification of Parkinson’s disease and multiple system atrophy
using multimodal PET/MRI radiomics. European Radiology, 34(1):662-672, 2024. doi:
10.1007/s00330-023-10003-9.

Aiham Taleb, Matthias Kirchler, Remo Monti, and Christoph Lippert. ContIG: Self-supervised
multimodal contrastive learning for medical imaging with genetics. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, pages 20908-20921,
2022.

Sebastian Walsh, Richard Merrick, Edo Richard, Shirley Nurock, and Carol Brayne. Lecanemab
for Alzheimer’s disease. BMJ, 379:03010, 2022. doi: 10.1136/bmj.03010.

Rong Zhou, Houliang Zhou, Li Shen, Brian Y. Chen, Yu Zhang, and Lifang He. Integrating
multimodal contrastive learning and cross-modal attention for Alzheimer’s disease prediction in
brain imaging genetics. In Proceedings of the IEEE International Conference on Bioinformatics
and Biomedicine, pages 18061811, 2023. doi: 10.1109/BIBM58861.2023.10385864.

38



XLSTM for Irregular Multivariate Clinical
Time-Series Forecasting

Laura Legat Erich Kobler
Institute for Machine Learning Institute for Machine Learning
Johannes Kepler University Linz LIT Al Lab
laura.legat@jku.at Department of Virtual Morphology

Clinical Research Institute Medical Al
Johannes Kepler University Linz
erich.kobler@jku.at

Abstract

Intensive care units (ICUs) provide lifesaving treatments to patients with severe
medical conditions, producing large amounts of clinical time-series data that reflect
patient health trajectories. Forecasting future trajectory changes helps clinicians
anticipate adverse events. While prior work addresses the challenges of missing
values and irregularities in clinical time-series, designing effective forecasting archi-
tectures for such data remains an open research area. At the same time, limitations
of Transformer-based models are prompting a renewed interest in recurrent archi-
tectures for processing time-series. Among them, the recently proposed xLSTM
demonstrates strong forecasting capabilities across several domains, yet its poten-
tial for clinical use-cases remains largely unexplored. In this work, we address this
gap by extending xXLSTM to forecast irregular multivariate clinical time-series with
missing values. To this end, we replace the temporal and cross-channel modeling
components of an established forecasting architecture with xXLSTM blocks. Our
models achieve competitive predictive performance compared to several baselines
on a subset of MIMIC-III, highlighting xLSTM’s potential as a powerful backbone
for clinical time-series forecasting.

1 Introduction

Continuous monitoring in the ICU is employed to improve clinical outcomes and provide insight into
individual health journeys [20], generating large volumes of patient data organized as electronic health
records (EHR) [6]. A substantial portion of these records constitute clinical time-series in the form of
sequential, time-indexed, multivariate observations [13]. We refer to them as multivariate clinical
time-series (MCTS), which capture a patient’s physiological trajectory over time. Anticipating future
trajectory changes early-on is crucial, as it helps to avoid adverse events and prolonged hospital stays
[19]. This can be framed as a time-series forecasting task [14] and remains a challenging endeavor,
since MCTS often contain a multitude of channels [22], all sampled at different frequencies, with
different levels of missingness, outliers, and artifacts [22, 29].

Transformer-based architectures [21] remain a popular choice for this task [29, 17], yet they face
limitations, such as large training data requirements as well as the quadratic complexity of the
attention mechanism with respect to sequence length and number of channels [12, 1]. This results
in a renewed interest in linear-complexity recurrent models for time-series forecasting [12]. Beck
et al. [2] introduce such an architecture with the Extended Long Short-Term Memory (xXLSTM), a
successor to the LSTM, which shows strong forecasting results across several non-medical domains,
such as weather, solar, or electricity [12, 1]. However, the potential of xXLSTM for MCTS forecasting
remains unexplored.
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Figure 1: Overview of our proposed approaches. On the left, each patient’s time-series are first split
into fixed-length patches and encoded into patch embeddings. These are processed either jointly
(full-patch), or for each channel separately (per-channel). Given the final representations and future
forecasting queries, a MLP produces the irregular MCTS forecast.

Motivated by this limitation, we propose three xLSTM-based model variants for forecasting irregular
MCTS with missing values. Our approach integrates XLSTM into the established forecasting
architecture T-PatchGNN [29] by replacing components responsible for temporal and cross-channel
modeling with XLSTM blocks. We assess whether xXLSTM can function as an effective backbone
for irregular MCTS forecasting by evaluating our models on a subset of the MIMIC-III dataset, and
comparing their performance with various baselines. The findings show that our xLSTM-based
variants achieve competitive performance, indicating their suitability for forecasting irregular MCTS.

2 Method

In our work, we investigate XLSTM-based architectures for forecasting irregularly-sampled MCTS
with missing values. For this, we integrate XLSTM blocks in the established forecasting model
T-PatchGNN [29], which we choose due to its open-source implementation and strong forecasting
performance.

Problem Let X = {{(¢?,z",m?)}» }N_, denote irregular MCTS data with missing values,
where IV is the number of channels and the n-th channel contains T;, observations. An observation
at time ¢ for channel n consists of a chronological time delta t? € R™ as the minutes elapsed since
the measurement start, a value z* € R, and a binary missingness mask m € {0,1}. Specifically,
m] = 1 if the measurement exists at ¢, otherwise m{* = 0. Irregular forecasting then aims to predict
future values at specific requested timestamps along a continuous time axis, which are given through
forecasting queries [29]. We denote such queries by Q = {{q}‘}?:"]}ﬁzl, where g7 is the j-th
forecasting request for channel n. Then, given historical MCTS data X and queries Q, we want
to forecast X = {{E;‘}:_.Q:“l}§21 according to F(X, Q) — X, where F(-)g denotes a forecasting
function parameterized by @ whose parameters are learned from data.

Models For forecasting models to be applicable in clinical settings, they should naturally handle
irregularly-sampled data and missing values. To achieve this, we propose three forecaster variants
Fi1,Fa, F3 parameterized by 6y, 02, 05, and illustrated in Figure 1. The raw MCTS are first partitioned
into P non-overlapping consecutive patches, each covering fixed time intervals, resulting in a unified
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temporal resolution despite varying observation counts in the patches. Following prior work [29], the
continuous time-embedding (CTE) and the transformable time-aware convolution network (TTCN)
encode the patches into a sequence of patch embeddings Z = {z,}}_;, z, € RV*P that are
concatenated with the missingness masks, where N is the number of channels and D the embedding
dimension. We distinguish two input processing settings. In the full-patch setting, each sSLSTM time-
step comprises a multivariate patch embedding, allowing the capture of cross-channel dependencies.
In the per-channel setting, the time-step is a univariate patch embedding, meaning all channels
are processed independently in parallel. In both cases, weights are shared across time-steps and
patients. Originally, T-PatchGNN [29] employs a Transformer for temporal processing, followed
by graph structure learning (GSL) and a graph neural network (GNN) for cross-channel modeling.
Our first model F1, abbreviated as Patch-x LSTM-F, replaces both with a 2-layer SLSTM, a variant
of xLSTM, for jointly modeling channel and temporal dynamics. It processes the full-patch input
representation, producing patch representations of dimensions N x D. These are then passed to
a multilayer perceptron (MLP) that generates forecasts at given query timestamps Q. The second
full-patch variant is F», or Patch-xLSTM-FG, which, in contrast to F7, separates temporal and
cross-channel modeling between a 2-layer sSLSTM and the GNN before producing forecasts. Finally,
JF3 is Patch-xLSTM-CG, where the C denotes the per-channel setting. The temporal dependencies
between the patches are processed for each channel independently by a 2-layer sLSTM, before
employing GSL and GNN for cross-channel processing.

Data For reproducibility, we evaluate our models on a publicly-available subset of the MIMIC-III
dataset, which we further refer to as MIMIC-III-TP.! MIMIC-III is a large single-center ICU dataset
containing EHR data of patients admitted to Beth Israel Deaconness Medical Center in Boston
[9]. After pre-processing, we obtain irregularly-sampled MCTS from 23.457 unique patients, each
covering the first 48 hours after ICU admission across 96 different channels. The channels exhibit
varying but strong levels of missingness, as well as irregularity, and include laboratory measurements,
medication administrations, fluid inputs like insulin, and fluid outputs, such as urine. Each observation
is concatenated to a corresponding binary missingness mask indicating whether or not a value is
observed at some timestamp.

3 Experiments and results

We evaluate all models on the task of forecasting irregular MCTS over a 24-hour prediction window
given the previous 24-hour context, together with a set of forecasting queries. The data is split
admission-wise into training, validation and test sets according to a 60-20-20% ratio. Channel values
and timestamps are minimum-maximum normalized based on training set statistics, before each
admission is partitioned into non-overlapping context and prediction windows. Finally, the sequences
are zero-padded to equal length, constituting the input to the model. For this, we follow the protocol
established by Zhang et al. [29].

Baselines We compare our proposed variants to 18 baselines covering both regular and irregular
forecasting architectures: DLinear [27], TimesNet [23], PatchTST [15], Crossformer [31], CrossGNN
[8], Graph WaveNet [24], MTGNN [25], FourierGNN [26], StemGNN [4], SeFT [7], Latent-ODE
[17], Neural Flows [3], mTAN [17], CRU [18], GRU-D [5], RAINDROP [30], Warpformer [28], and
the original T-PatchGNN [29].

Training and evaluation All models use the Adam optimizer [10] with a learning rate of 0.001,
no weight decay, and betas (0.9, 0.999). We set the batch size to 32 and apply early stopping based
on validation performance with a patience of 10 epochs. The hidden dimension is fixed to 64 for
all models, and hyperparameters unrelated to sLSTM are set as in the original work [29]. The
models are optimized using the masked mean squared error (MSE) loss between the predicted and
ground truth values at the query timestamps. Model performance is evaluated using the masked
MSE and masked mean absolute error (MAE), following prior protocols [29, 11]. We repeat all
experiments five times with different random seeds and report the mean and standard deviations of
the metrics in Table 1. Separate 100-iteration random hyperparameter searches are conducted over
the sSLSTM-related parameters, selecting the final parameters based on the lowest validation masked
MSE.

Uhttps://physionet.org/content/mimic-iii-ext-tpatchgnn/1.0.0/
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Table 1: Performance comparison on MIMIC-III-TP for forecasting 24 hours from a 24-hour context
window. Lower is better. Bold shows the best performance, underlined shows the second-best. t
indicates that this result is reported by Zhang et al. [29].

Algorithm MSE x10-2 MAE x10—2
TimesNet! [23] 5.88 +0.08 13.62 4 0.07
DLinear’ [27] 4.90 £ 0.00 16.29 4 0.05
PatchTSTT [15] 3.78 £ 0.03 12.43 4+ 0.10
CrossGNNT [8] 2.954+0.16 10.82 4 0.21
Graph WaveNet! [24] 2.93 +0.09 10.50 4= 0.15
MTGNNT [25] 271 4+0.23 9.55 & 0.65
Crossformer! [31] 2.654+0.19 9.56 +0.29
FourierGNNT [26] 2.55 4+0.03 10.22 4 0.08
RAINDROP! [30] 1.99 £+ 0.03 8.27 £ 0.07
Latent-ODE' [16] 1.89 £ 0.11 8.11 = 0.52
Neural Flows' [3] 1.87 £ 0.05 8.03 & 0.06
SeFTT [7] 1.87 +0.01 7.84 +0.08
mTANT [17] 1.85 4+ 0.06 7.73 £0.13
CRUT [18] 1.81 £ 0.05 8.06 4= 0.07
GRU-Df [5] 1.76 £ 0.03 7.53 £ 0.09
\?\r'arpformer’r [28] 1.73 £ 0.04 7.58 £0.13
StemGNNT [4] 1.73 £ 0.02 7.71 £ 0.11
T-PatchGNN [29] 1.71 £ 0.03 7.33 £0.10

Patch-xLSTM-FG (ours) 1.76 £+ 0.05 7.63 +£0.2
Patch-xLSTM-F (ours) 1.74 £ 0.06 7.51 +£0.03
Patch-xLSTM-CG (ours) 1.68 £ 0.02 7.29 + 0.09

Results The results of our experiments are summarized in Table 1. Patch-xLSTM-CG achieves the
lowest MSE and MAE among the evaluated models, performing on par with other strong baselines,
while the original T-PatchGNN [29] ranks second. These findings suggest that SLSTM’s powerful
state tracking capabilities, as well as capturing temporal dynamics separately for each channel
before cross-channel aggregation can be beneficial for learning MCTS. Accordingly, joint modeling
temporal and cross-channel dependencies with a recurrent component instead of separating these
responsibilities can limit the model’s ability to learn channel-specific dynamics, as indicated by
Patch-xLSTM-F’s results. Patch-xLSTM-FG, performs the worst out of our proposed models,
suggesting that mixing channel and temporal information early on leads to the loss of channel-specific
information which cannot be recovered by subsequent components. In summary, our results indicate
that both per-channel temporal modeling, as well as separate modules for temporal and cross-channel
modeling, are beneficial for effective MCTS learning.

4 Discussion and Conclusion

To investigate the potential of xXLSTM for forecasting irregular MCTS with missing values, we
integrate it as a temporal modeling backbone into an established forecasting architecture [29]. We
compare the three resulting model variants to a range of regular and irregular forecasting approaches
on MIMIC-III-TP. Our results indicate that employing separate architectural components for temporal
and cross-channel modeling, as well as capturing temporal dependencies per-channel, are beneficial
for MCTS learning. Looking the beyond predictive performance, SLSTM offers linear complexity and
a sequential inductive bias [2], both favorable attributes for clinical time-series forecasting. Overall,
our proposed models achieve competitive forecasting performance to strong baselines, positioning
xLSTM as a promising temporal backbone for irregular MCTS forecasting.
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Abstract

Autonomous mobile robots must navigate dynamic environments safely, yet high-
end depth sensors are often expensive or impractical. Monocular cameras are
widely available, but estimating metric depth and detecting obstacles in real time
remain challenging. We address this by implementing a pipeline that combines
monocular depth estimation with metric scale calibration, 3D back-projection,
filtering, and clustering. Our marker-based calibration achieves a depth RMSE as
low as 13 mm, while the proposed pipeline successfully detects all 8 obstacles in
our evaluation. With OpenVINO optimizations, the model achieves an inference
rate of up to 17 FPS, establishing a foundation for real-time processing. Overall, the
pipeline demonstrates promising results for safe navigation using only monocular
cameras on resource-constrained robots, evaluated in the context of the international
robotic contest Eurobot.

1 Introduction

In autonomous mobile robotics, reliable obstacle detection in dynamic environments is essential for
avoiding collisions. While high-end platforms often employ sensors such as LiDAR or stereo vision
to perceive the environment in 3D, these solutions impose significant hardware costs and spatial
constraints. This is particularly relevant in competitive settings such as Eurobot, where robots must
navigate dynamic environments while adhering to strict size limits [1, 10, 12].

Eurobot is an international robotic contest that takes place in Europe, with teams participating from
around the world. The goal is to build a robot that performs tasks based on the yearly changing set of
rules against another robot. The one scoring more points wins the match. A situation that illustrates
the need for an obstacle detection system is shown in Figure 1.

Most Eurobot platforms already use monocular cameras and embedded compute for task-specific
computer vision, such as ArUco [7] marker localization. This paper proposes a method that leverages
monocular vision for obstacle detection. By integrating a foundation model (Depth Anything V2
[4, 18, 19]) with polynomial regression for metric calibration, we transform 2D imagery into metric
3D point clouds. The resulting workflow enables the detection of obstacles (e.g., Eurobot game
elements) and thereby supports safer navigation without requiring additional sensors.

This work demonstrates a lightweight, ArUco-based calibration strategy for converting foundation-
model depth into metric 3D point clouds and shows the feasibility of real-time obstacle detection on
resource-constrained mobile robots.

The remainder of this paper is structured as follows: Section 2 details the processing pipeline from
image to clustered obstacles; Section 3 evaluates the system using game elements from the Eurobot
2024, 2025, and 2026 seasons; Section 4 summarizes the results and outlines future work.
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2 Methods

To detect obstacles and assess whether they may lead to a collision, information such as object size
and distance is required. These parameters are difficult to extract directly from a 2D image. The
following steps describe how an RGB image is converted into a 3D point cloud of the environment,
which is then filtered and clustered to obtain obstacle hypotheses.

2.1 Monocular depth estimation

Recovering depth information from a single RGB camera is challenging [15]. In recent years,
considerable research has been directed toward monocular depth estimation foundation models
[3, 8, 13, 17]. These models take an image as input and predict per-pixel relative (and sometimes
metric) depth. Their outputs are often proportional to either depth § or disparity d (inverse depth).
Given the predicted relative depth § = é, the metric depth Z can be recovered through a linear
transformation:

Z = a1+ ao. (1)

The unknown regression coefficients ap, a; can be estimated via a calibration procedure. Specifically,
an optimization algorithm can be used to find parameters that minimize the error between ground-truth
and predicted depth over a set of pixels. Results from [2] indicate that a second-order polynomial
regressor (Z = agf? + a1+ ap) can further reduce the metric-depth error. The regression coefficients
ap, a1, as are identified from a sequence of frames containing an ArUco marker moving along the
camera optical axis, where the absolute depth is obtained by solving the perspective-n-point (PnP)
problem [11]. The regressor is tuned to minimize the error between the marker center depth estimated
via PnP and the predicted depth at the corresponding pixel. This approach avoids the need for
additional sensors during calibration.

2.2 2D-to-3D back projection with pinhole model and intrinsics

The standard pinhole model allows the conversion from 3D-space into the 2D-image plane via

-

This assumes that the intrinsic camera matrix K is known and that an undistorted image is used [20].
Given metric depth Z, = s for each pixel along the Z-axis, the formula can be rearranged to

Xe
Y.
Ze

2)

X, u
Y.| =2 K™ H : (&)
Z. 1

This transformation projects the 2D depth map into a 3D point cloud. Initially, the points are expressed
in the camera coordinate frame; other frames can be obtained by applying an extrinsic transformation.

2.3 Point cloud filtering

Once the environment is represented as a 3D point cloud, points that do not correspond to obstacles
are filtered out. We remove points beyond a maximum distance by thresholding the Euclidean
distance to the origin. In our experimental setup, most remaining points correspond to the planar
floor; thus, we remove floor points by applying a height threshold parallel to the floor plane [14].
While RANSAC-based plane fitting or Hough-transform-based methods offer robust plane estimation
[6, 9], a fixed-height pass-through filter was chosen for computational efficiency.

2.4 Object Clustering

The final step is to cluster the remaining points into obstacle candidates. For this purpose, we apply
DBSCAN, a density-based clustering algorithm [5, 16]. Once clusters are obtained, properties such
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obstacle encounter in Eurobot season 2025. order regression.

as obstacle size and distance can be estimated, enabling downstream decisions for path planning and
collision avoidance.

3 Results

This section evaluates the results of the proposed obstacle detection workflow. The situations in
Figure 3a, 3f, and 3k are used as test scenarios. The tests were conducted on a Surface Pro 7 with an
Intel Core i5-1035G4 CPU and 8GB of RAM. The Depth Anything V2 - base model with an input
image size of (256, 256) pixels was used for inference.

The basis of the proposed workflow lies in an accurate conversion from 2D-image points into a
3D-spatial representation. The ground truth distance was obtained via PnP-estimation of an ArUco
marker. The results of our calibration approach, which utilizes ground truth distance to find regressor
parameters for conversion from relative to absolute depth, can be seen in Figure 2.

Consistent with the findings of [2], both the first-order and second-order polynomial regressors
approximate the ground truth well. The first-order approximation achieves an RMSE of 18 mm, while
the second-order polynomial achieves an RMSE of 13 mm. In the following experiments, we use the
second-order polynomial.

After converting each pixel from 2D to 3D using Eq. 3, the resulting point clouds for the test scenarios
are shown in Figures 3c, 3h, and 3m.

After removing points beyond 1000 mm and points below a height threshold of 30 mm above the
floor, the filtered point clouds in Figures 3d, 3i, and 3n remain. DBSCAN (e = 0.008, min. points
= 20) then segments the scene into discrete clusters and successfully detects all 8 obstacles in our
evaluation (Figures 3e, 3j, and 30).

While the above implementation shows promising results, its real-time performance is currently
insufficient. Using the calibration frames, we measured inference time and calibration error on
different models and optimizations, as shown in Table 1. Non-inference steps—including point
cloud generation, filtering, and clustering—currently account for approximately 0.2 s per frame in
the unoptimized Python implementation. These steps can be further accelerated using standard
techniques such as voxelization, more efficient algorithms, and compiled code. Overall, these results
indicate that the proposed pipeline is feasible for real-time obstacle detection on resource-constrained
mobile robots.
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Figure 3: Sample obstacle-detection results for three seasons of Eurobot (2024-2026). Rows
correspond to the different seasons, while columns illustrate the processing pipeline from left to right:
undistorted RGB input, estimated depth map, 3D point-cloud projection, filtered point cloud, and
final clustered obstacles.

Table 1: Inference time and calibration error (RMSE in mm) for selected depth models at 256 x 256
px, except OpenVINO (OV) at 252 x 252 px.

Model Time [ms] RMSE Ist order [mm] RMSE 2nd order [mm]
DepthAnythingV2 Base 840 18 13
DepthAnythingV2 Small 325 36 35
DPT Hybrid [13] 1019 29 24
DepthAnythingV2 Small (OV) 57 25 24

4 Conclusion

In conclusion, we show that monocular depth estimation models can be used for obstacle detection
in the Eurobot setting. Using an ArUco-based calibration procedure, we map relative predictions
to a metric 3D point cloud representation and successfully detect representative game elements
from recent seasons. However, metric accuracy of obstacle dimensions and distances beyond the
calibration setup remains unverified, as the inferred scale was not validated on an independent dataset.
While the current implementation is neither fully optimized nor evaluated on the target platform, the
results indicate that the proposed pipeline is a viable alternative when dedicated depth sensors are
impractical.

Future work should validate and improve the metric scale conversion on independent test data and
under changes in camera pose, scene composition, and illumination. In addition, further engineering
efforts could benchmark and optimize the pipeline on embedded platforms.
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Abstract

Roadside vegetation management is vital for traffic safety, efficiency, and biodi-
versity. Conventional mowing relies on routine schedules and manual inspections,
limiting route optimization and adaptation to changing vegetation growth. To
address the challenges of roadside maintenance, we developed MeadowLevelSeg,
a deep learning approach that employs Mask2Former to map meadow heights into
precise 5 cm classes. Around 800 high-resolution roadside images were recorded
and annotated. Performance is evaluated using a novel Distance-Aware Accuracy
metric, which takes the ordinal nature of height classes into account. Initial results
demonstrate that the model effectively identifies different meadow heights and high-
growth zones, achieving a mean absolute error of less than 7 cm using monocular
images. This provides a robust basis for automated maintenance scheduling.

1 Introduction

Roadside vegetation management is essential for traffic safety, operational efficiency, and biodiversity
along public roads. Traditionally, roadside mowing is labor-intensive, guided by weekly lists and
routine checks, with limited capacity to optimize routes or adapt to dynamic growth patterns. This
necessitates balancing economic and environmental goals, characterizing roadside maintenance as a
complex multi-objective optimization problem [8]. This work aims to leverage Al-based computer
vision for estimating meadow height to optimize mowing schedules and routes while balancing road
safety and ecological goals. The visibility of safety equipment close to the road (e.g., the reflectors of
guiding posts) is given priority. Furthermore, overgrown pathways that pose risks to children and
cyclists are systematically identified and reported at an early stage. The research is also motivated by
the Federal Law on the Procurement and Use of Clean Road Maintenance Vehicles [1], which requires
road maintenance authorities to transition to emission-free fleets by 2030. Since those vehicles are
limited in their maximum range, optimized route planning is mandatory. Although computer vision is
well-established in agriculture, its application to measuring the height of roadside meadows remains
largely unexplored. While existing Digital Twin approaches (e.g., [9]) address the safety risks of
vegetation overgrowth, they primarily focus on detecting overhanging trees rather than providing
fine-grained classification of meadow heights. A similar approach was followed by [7], who assess
ground conditions, such as soil moisture and trafficability, directly on a mower. This work aspires to
provide road maintenance authorities with actionable insights into when and where mowing is needed,
improving transparency, reducing unnecessary interventions, and supporting sustainable management.
Compared to costly LiDAR systems, our camera-based MeadowLevelSeg offers a more cost-effective,
easily integratable alternative. This study presents initial results on the semantic segmentation of
meadow height classes, which serves as a prerequisite for GIS-based mowing optimization. For
illustration, Figure 1 (left) shows a mowing vehicle in operation.
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Figure 1: Road maintenance service vehicle from the province of Styria during mowing activity (left).
Statistical breakdown of the annotated dataset (right). The histograms show a comparison between
total annotated area (top) and polygon counts (bottom) across 5 cm height increments.

2 Data Collection

A sensor platform was constructed which combines high-end imaging (dual Basler acA4096-30uc
industrial cameras), low-cost monocular imaging (GoPro Hero 13), edge Al processing (Intel i7,
NVIDIA RTX 3070 GPU), high-accuracy EGNSS positioning, and synchronized custom hardware
triggers. The system was installed in a road maintenance vehicle and its components were water-
proofed and thoroughly calibrated to ensure radiometric fidelity. From April to October 2025, the
sensor platform captured roadside imagery along predefined routes around Feldbach in Styria. A
GIS-based planning tool was used to select routes and features, with the aim of targeting different
vegetation conditions, slopes, bushes, trees, and pollinator habitats. Annotations were performed
using the Computer Vision Annotation Tool (CVAT) [4], focusing on meadow height classes from 5
to 80 cm with increments of 5 cm. All relevant roadside strips (50 cm wide) next to roads and paths
were annotated for a given dataset, which currently comprises approximately 800 images. Figure 1
(right) shows the distribution of meadow classes in the annotated data, with the percentage share of
the whole annotated area in image space on the top and the annotated polygons on the bottom. While
the distribution of annotated pixels suggests a relatively balanced dataset across almost all classes,
a comparison with the number of annotated polygons reveals a significant under-representation of
the classes 30 cm to 80 cm. This highlights the need for targeted data collection during the next
vegetation period, in order to improve the diversity of the training data.

3 Methodology

The primary goal of the proposed MeadowLevelSeg framework is to estimate meadow heights
along roadside strips. For this specific semantic segmentation task, we adopted Mask2Former [3]
architecture, as its mask-classification approach outperforms traditional per-pixel models like UPerNet
[10] in capturing the fine, irregular boundaries of vegetation. Furthermore, Mask2Former provides
an optimal balance between inference speed and accuracy, which is crucial for the high-resolution
processing demanded by roadside maintenance tasks. The dataset consists of 833 high-resolution
roadside monocular images (4, 112 x 2, 176 pixels) which were annotated in CVAT and exported as
segmentation masks. This set was randomly split into 617 training, 152 validation, and 64 test images.
The architecture was implemented within the OpenMMLab framework [2], using a Swin Transformer
backbone [5] initialized with pretrained ADE20K weights [11] before being fine-tuned on our
domain-specific roadside data. To better align the model with the specific application requirements,
the training strategy was adapted by modifying the loss formulation and optimization process (also cf.
[6]). Even minor height class deviations have a significant impact on the standard metric, which is
why distance-aware accuracy (DistAware Acc) was introduced as a more representative performance
metric. This semantic segmentation metric measures accuracy while accounting for the semantic
distance between classes. Instead of treating all misclassifications equally, it penalizes predictions
proportionally to how different the predicted height class is from the ground-truth class.
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Distance-Aware Accuracy. Let K be the total number of classes, where classes 1 to K —1 represent
height classes and class 0 represents the background class. C € NX*X be the confusion matrix,
where C;; denotes the number of pixels of ground-truth class 7 predicted as class j. We define a
class-similarity matrix W € [0, 1]% %X that encodes the semantic proximity between categories. The
weights W;; are determined by the ordinal distance between class indices for meadow, while ensuring
no tolerance for background misclassifications:

1.0 ifi=j
Wi; = { max(0,1.0 — 0.1 |¢ — j|) ifbothi,j are height classes and ¢ # j (1
0.0 if either i or j is the background class and i # j

By setting W;; = 0.0 for any mismatch involving the background, the model maintains a strict
boundary between meadow and non-meadow areas. For meadow classes, the weight decreases in
steps of 0.1 for every discrete height interval (5cm steps). The per-class accuracy is calculated as:

K
- Cii Wis

DistAwareAcc; = @ (2)
> j=1Cij

The overall Dist AwareAcc is the mean across all classes and is used within the loss function to
reduce penalization of semantically similar height predictions during training.

4 Results

Intersection over Union (IoU) was utilized as the primary metric for validating the semantic seg-
mentation of roadside meadow height regions. For the test dataset, the model achieved an average
IoU of 17.3% across all classes. However, it should be noted that a perfect overlap is intrinsically
limited by two factors. Firstly, there is the inherent ambiguity in annotating non-uniform meadow
heights. Secondly, there are the perspective-related challenges of defining polygon boundaries at a
fine level. Given the inherent uncertainties associated with annotation, the results indicate a high
level of reliability for operational use. As demonstrated in Table 1, a comprehensive analysis of the
performance of each class is provided. The low scores, particularly the score of 0 for classes 55 cm
and 80 cm, can be attributed to the strong under-representation of these classes in both the training
and test datasets. With a limited number of ground-truth pixels available, the model predicts very few
instances, resulting in minimal to zero overlap. A similar lack of intersection is observed for the 35
cm, 60 cm, and 70 cm classes. In the case of the 80 cm class specifically, the model failed to detect
any corresponding areas. As there were no positive predictions (true or false), the precision remains
undefined (NaN). The Dist AwareA cc metric, which is more relevant for the absolute meadow height
estimation, yields significantly higher values. It indicates that while the model is not always capable
of accurately identifying the exact height, it frequently assigns a neighboring height class instead of
the exact class. This is further demonstrated by the qualitative results, presented in Figure 3. The
detected classes are overlaid on the input image. Compared to manual annotations, which often group
larger areas into a single height, the model often delivers more precise results with several different
height classes. It captures details that were either simplified or overlooked during manual annotations.

Mean Absolute Error (MAE). To quantify the prediction quality, the MAE was calculated across
all meadow pixels on the test set. By converting the class indices back to the corresponding heights
in centimeters, it was determined that the model’s predictions deviate from the actual height by only
6.57 cm on average. This minor discrepancy in spatial height confirms that, although the exact 5 cm
category is not achieved, the anticipated trend for operational planning remains highly precise.

Table 1: Segmentation results per meadow height class. While IoU, Precision, and Recall reflect the
difficulty of exact classification, the Dist AwareAcc shows the capability for operational planning.

Class [cm] | 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80

IoU [%] 39.0 11.5 23.2 18.0 279 150 05 11.8 56 184 0.0 50 138 47 85 00
Precision [%] [56.5 13.7 33.5 28.0 384 21.4 5.4 14.8 12.8 30.4 0.0 144 17.9 59 47.0 NaN
Recall [ %] 557 42.4 429 335 50.6 332 05 369 9.1 31.7 00 72 374 195 93 0.0
DistAwareAcc [%]|82.9 84.1 87.6 87.4 85.0 81.9 76.7 81.7 77.9 823 67.0 81.1 70.4 69.9 60.6 56.4
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Figure 2: Detection performance of Meadow Heights when considering neighboring classes and their
similarities.

Figure 3: Exemplary results of semantic segmentation into meadow height classes — ground-truth
annotated meadow height classes (left), predicted meadow height classes (right). Both examples
show cycling paths directly adjacent to the road.

5 Conclusions

The presented work demonstrates feasibility for scalable Al-guided meadow management on Austrian
roads. The results indicate promising generalization behavior and reasonable agreement between
predictions and ground truth, where the error of the meadow height estimation was below 7 cm.
However, under-representation of high meadow classes suggests areas for improvement in future
annotation efforts and model refinement, which are planned for the upcoming vegetation period.
The next steps will focus on (1) increasing annotation density across all height classes and diverse
geographic routes to improve model generalization, (2) develop an automated mowing-planner for
optimized routing based on meadow height classification of an entire road network, and (3) design
and implement a proof-of-concept demonstrator, allowing the end users to evaluate the whole system.
The groundwork is laid for a collaborative, evidence-based management strategy that balances safety
requirements, cost-efficiency, and ecological biodiversity goals.
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Abstract

Driver-related factors contribute to nearly 90% of traffic accidents. Estimating 3D
driver poses can help track risky behaviors. However, the scarcity of annotated 3D
pose data, together with the complexity and high cost of 3D annotation, limits the
training of domain-specific estimators. We address this challenge by pre-training
2D-to-3D pose lifting models using synthetic 3D poses from a simulated dataset.
In experiments on the Drive&Act dataset, we compare training from scratch with
synthetic pre-training while gradually increasing the amount of real-world data. For
example, when only 5% of training data is available, MPJPE is reduced from 90.0
mm to 70.9 mm for the GraFormer model. Our results demonstrate that synthetic
pre-training consistently reduces estimation errors, particularly when real-world
data are limited. Furthermore, synthetic pre-training improves the best fine-tuned
results across different models from 48.1 mm to 46.0 mm in our tests.

1 Introduction and Related Work

Driver-related factors such as fatigue and distraction account for an estimated 87.7% of road traffic
accidents [7]. To address these risks, driver monitoring systems (DMS) are employed to track risky
behaviors and, under the European Union’s General Safety Regulation, have been mandatory in new
vehicles since 2024 [26]. A core component of many DMS is human pose estimation. Although
multi-camera setups can provide more accurate 3D estimates, single-camera systems are simpler and
more cost-effective for in-cabin deployment.

Recent deep learning methods achieve highly accurate monocular 2D human pose estimation (2D-
HPE), whereas monocular 3D human pose estimation (3D-HPE) remains more challenging due
to depth ambiguity introduced by camera projection, requiring learned priors for recovery [4, 33].
This gap has motivated a two-stage formulation that first estimates 2D keypoints (i.e., body joint
coordinates) and then lifts them to 3D keypoints using 2D-to-3D pose lifters [19]. Subsequent
work has proposed graph-based [30], transformer-based [17], and hybrid architectures [14, 31]. To
reduce pose ambiguity, particularly under self-occlusion, temporal models exploit pose sequences
[5, 34, 11, 16], while other approaches incorporate image features alongside pose representations [29].
The resulting 3D poses can further be used for various downstream tasks, such as action recognition
[13, 20] and pose anomaly detection [8].
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The scarcity of annotated 3D poses is a major factor contributing to the performance gap. Unlike 2D
keypoints, which can be labeled directly from single images, 3D pose annotation requires calibrated
multi-view systems for triangulation [28]. Synthetic data has proven to be a scalable alternative
for reducing annotation cost and has been successfully applied across domains such as medical
imaging [3], autonomous driving [1], hand pose estimation [32], and action recognition [27]. In
the context of pose estimation, synthetic datasets can provide large-scale, domain-specific human
poses with exact annotations. They have recently also gained attention in in-cabin driver monitoring
scenarios [6, 24, 12]. While most prior studies focus on synthetic pre-training for image-based
models, synthetic-to-real transfer for pose-based lifting networks remains relatively underexplored,
with examples including multi-view 2D-to-3D pose lifters trained on synthetic data [9] and pose-level
augmentation via interpolation [10].

In this work, we investigate the benefits of using synthetic poses to pre-train 2D-to-3D pose lifters.
Unlike image-based inputs, skeletal poses provide a compact and structured representation that is less
sensitive to variations in texture, background, and lighting. By leveraging off-the-shelf pre-trained
2D pose estimators, we focus exclusively on training the lifting stage, enabling rapid development of
3D-HPE models for domain-specific scenarios such as in-cabin driver monitoring.

In our experiments, we test whether pre-training on synthetic pose data enables the lifting model to
achieve lower estimation error after fine-tuning with the same amount of real data. Because generating
synthetic 3D poses is substantially less costly than annotating them from real images, this approach
has the potential to reduce real-data requirements while maintaining comparable performance. We
validate our assumptions on Drive&Act [18], an in-cabin driver monitoring dataset.

2 Method

Our setup follows a 2D-to-3D pose lifting scheme [19], in which 2D keypoints are extracted using
off-the-shelf estimators and mapped to 3D coordinates via a dedicated lifting network. As illustrated
in Figure 1, the pipeline consists of three stages: driver detection (Faster R-CNN [23]), 2D pose
estimation (HRNet [25]), and 2D-to-3D lifting. Following a top-down strategy [4, 28, 33], the
detector first localizes the driver, 2D keypoints are then estimated within the detected region, and the
resulting 2D poses are fed into the lifter to reconstruct 3D joints. Faster R-CNN' and HRNet” are
COCO [15]-pretrained models from MMDetection [2] and MMPose [21], respectively. Leveraging
these pre-trained 2D models allows us to focus exclusively on the lifting stage, improving training
efficiency by operating on compact skeletal representations. We trained two versions of 2D-to-3D
pose lifters on progressively larger subsets of real data, roughly doubling the dataset size at each step.
The first set of models was trained from scratch, while the second set was pre-trained on synthetic
poses before fine-tuning. We then compared the estimation errors between the two versions.

Training of 2D-3D pose lifters We selected five different 2D-to-3D pose lifters which represent
common choice of deep learning architectures, SimpleBL [19], SemGCN [30], Graformer [31],
GraphMLP[14], and JointFormer [17], using the official source codes if available. The training
procedure for the 2D-to-3D pose lifters was identical for both pre-training and fine-tuning. Models
were trained for up to 200 epochs using the Adam optimizer, with mean squared error (MSE) as the
loss function and mean per-joint position error (MPJPE) [19] as the evaluation metric. Validation
MPIPE was assessed every five epochs, and the model with the lowest validation MPJPE was retained,
with early stopping applied if no improvement was observed for three consecutive evaluations.
Training was performed with a batch size of 64, an initial learning rate of 0.001 decayed by a factor of
0.96 per epoch, and gradient clipping with a maximum norm of 1.0 to ensure stable training [22]. The
model achieving the best validation MPJPE was selected for testing. For Drive&Act, unannotated
occluded keypoints were excluded from both loss computation and evaluation.

3 Datasets

The proposed approach is evaluated on real and synthetic driver pose datasets. We adopt the
COCOI15]-style skeletal pose representation. Due to the confined cabin space, only the 13 upper-

"MMDetection Config: faster-rcnn_r50-caffe_fpn_ms-1x_coco-person
’MMPose Confi g: td-hm_hrnet-w48_udp-8xb32-210e_coco-384x288
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Pre-trained with 2D/3D Poses
J, of SimulatedCabin IR 1M

Driver Image Human Detector Boundi 2D Pose
from e With Faster R- = Box nE_, Estimator + 2D Keypoints g 2D-t0-3D Pose Lifter el {v] V.13
Drive&Act CNN with HRNet

Figure 1: The setup of the 3D Driver Pose Estimation pipeline. The blue rounded boxes denote
estimation models, while the yellow boxes represent data.

body keypoints (from the hips upward) are retained. Both 2D and 3D keypoints are centered at the
neck, defined as the midpoint between the left and right shoulders. The 2D poses are normalized by
the maximum horizontal and vertical extents. Real poses are extracted from Drive&Act [18], while
synthetic poses are obtained from SimulatedCabin IR 1M [24].

Drive&Act (Figure 2a) is a publicly available multi-modal driver monitoring dataset [18] contain-
ing recordings of 15 subjects performing 34 in-vehicle activities. The provided 3D joint coordinates
were obtained by triangulating OpenPose-based 2D detections from three views, with joints occluded
in at least two views left unannotated. For our experiments, only the near-infrared (NIR) recordings
from the center_mirror view were used. The data are split by subject: subject 10 for validation,
subjects 11-14 for testing, and the remaining subjects for training.

SimulatedCabin IR 1M (Figure 2b) is a simulated data set that contains one million driver poses,
extending Sagmeister et al. [24]. It provides simulated NIR images of 3D human models seated in a
vehicle under diverse movements, interiors, lighting conditions, and 10 camera viewpoints. Poses
are randomly generated using inverse kinematics, enabling the exact computation of corresponding
2D and 3D keypoint annotations, which serve as training data for synthetic pre-training of the lifting
model. As no exact counterpart to the Drive&Act center_mirror view exists, we use three front-facing
views, OMS_01 (which refers to the Occupant Monitoring System mounted on top of the dashboard),
Dashboard, and Front, for pre-training, as shown in Figure 2.

4 Experiments, Results and Conclusion

Experiment Setup We compared models trained from scratch with those using pre-training by
defining a progressive training scheme with increasing amounts of real data. Specifically, each model
was trained on eight different training subsets, with each step approximately doubling the size of the
previous one. The subsets consisted of randomly selected 5%, 10%, 25%, and 50% of the data from
a single subject; the full data from one subject (100%); random subsets of two and four subjects;
and finally the complete training set containing all eight subjects. For reference, 5% of one subject
corresponds to approximately 102 frames. For the single-subject settings (5%—100%), training was
repeated eight times, once per subject. To maintain a comparable number of runs, we also generated
eight random subsets for the two- and four-subject settings. The full eight-subject training set was
trained only once. This procedure was applied to both from-scratch and pre-trained models. All
models were evaluated on the same test set, and the average test MPJPE for each subset size was
reported across runs. As in the training, occluded keypoints were excluded from evaluation.

Results The results in Table 1 compare models trained from scratch with synthetic pre-trained
variants (PT). Pre-training reduces MPJPE in most settings, but the gap narrows as more real data are
used. For instance, GraFormer improves by 19.1 mm, 12.8 mm, 3.6 mm, and shows no improvement
when trained on 5%, 50% of one subject, two subjects, and all eight subjects, respectively. Figure 3
illustrates this trend with an example from GraFormer. SimpleBL shows strong improvements in
low-data settings, with reductions of 316.3 mm at the 5% setting and 44.4 mm at 50%. In contrast,
the hybrid models GraphMLP and GraFormer show smaller improvements, typically under 15 mm.

Conclusion Our results show that synthetic pre-training generally reduces MPJPE for 2D-to-3D
pose lifting in our driver monitoring scenarios, particularly when real data are limited, in line with
prior findings [24]. Although hybrid models benefit less from pre-training, they achieve low MPIPE
across settings, suggesting better data efficiency. A more detailed investigation of the relationship
between model architectures and synthetic pre-training could be a topic for future work.
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center _mirror OMS_01 Dashboard Front

(a) Drive&Act (b) SimulatedCabin IR 1M

Figure 2: Example frames from Drive&Act and SimulatedCabin IR 1M. The name of each respective
camera view is indicated at the top. The three most similar views from SimulatedCabin IR 1M to the
center_mirror view of Drive&Act were chosen.

GraFromer trained from scratch

5% of 1 subject 50% of 1 subject 1 subject 8 subjects

(a) MPJPE = 65.3 mm {h) MPJPE = 35.4 mm (¢) MPJPE = 37.5 mm (d) MPJPE = 26.8 mm

GraFromer with pre-training
5% of 1 subject 50% of 1 subject 1 subject 8 subjects

(¢) MPJPE = 38.0 mm (f) MPJPE = 27.9 mm () MPJPE = 34.6 mm (h) MPJPE = 22.2 mm

Figure 3: Example 3D pose estimations from GraFormer trained with different amounts of Drive&Act
training data. Green indicates ground truth; black indicates the estimate. The input frame is from
Subject 12.

Average Test Set MPJPE[mm]

Amount of fine-tuning data

Model 5% of 10% of 25% of 50% of Single Two Four  Eight

a subject asubject asubject asubject subject subjects subjects subjects
SimpleBL[19] 4043  477.8  251.8 1173 75.2 62.5 55.2 48.6
PT SimpleBL 88.0 76.7 72.6 729 734 66.7 52.9 46.0
SemGCN[30] 115.9 93.9 822 8.1  79.1 69.3 60.6 54.1
PT SemGCN 83.5 74.8 69.7 69.2 67.6 58.4 54.2 48.6
GraphMLP[14] 82.4 71.2 73.3 69.7  65.7 60.8 57.0 53.7
PT GraphMLP 67.4 69.6 64.9 619 61.0 55.3 57.9 57.2
GraFormer[31] 90.0 78.3 72.9 72.0  66.6 58.5 57.1 48.1
PT GraFormer 70.9 65.1 66.2 59.2  59.2 54.9 52.8 48.1

JointFormer[17] 109.9 105.3 99.1 91.7 85.4 65.9 54.2 50.2
PT JointFormer 69.6 66.5 61.3 66.3  66.0 55.1 50.0 46.0
Table 1: Average test results on the Drive&Act center_mirror view (see section 4). PT denotes

synthetic pre-training. Bold indicates the best model per training size; the overall best result is
underlined.
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Abstract

As medical image databases expand, precise Content-Based Medical Image Re-
trieval (CBMIR) techniques are increasingly required to support case-based rea-
soning, clinical education, and data-driven decision-making. Recent deep learn-
ing-based CBMIR approaches typically rely on global embeddings to enhance
retrieval performance. However, such image-level representations often dilute local-
ized anatomical features and fail to capture clinically relevant organ-specific details.
To address this limitation, we propose a region-based CBMIR framework that
integrates organ-level information into both representation learning and retrieval.
The ROI Embedding Selector extracts patch-level embeddings from user-specified
regions of interest (ROIs). The Region-aware Organ Attention (ROA) module
then learns structured organ representations through cross-attention between im-
age patches and dedicated organ tokens. During inference, a visibility-weighted
aggregation strategy guided by Organ Visibility Recognition incorporates query-
relevant organs, enabling anatomically targeted and clinically meaningful retrieval.
Experiments on the TotalSegmentator dataset demonstrate that the proposed frame-
work consistently outperforms global embedding—based vision foundation models,
particularly in region query settings.

1 Introduction

Medical images play an important role in clinical practice, including diagnosis, treatment planning,
and prognosis prediction. Advances in imaging modalities such as computed tomography (CT),
positron emission tomography (PET), magnetic resonance imaging (MRI), and X-ray imaging have
enabled more precise assessment of disease severity and progression. These developments contribute
to improved patient outcomes and reduced healthcare costs, and provide essential evidence for clinical
decision-making (1; 2). Meanwhile, the digitization of healthcare systems and ongoing improvements
in imaging devices have accelerated the large-scale accumulation of medical data (3), increasing the
need for more precise and reliable methods to organize, manage, and utilize these resources (4).

Medical image retrieval (MIR) has been studied as a technology to support case-based reasoning and
clinical education, and to assist disease prediction by artificial intelligence models (5). In particular,
Content-Based Medical Image Retrieval (CBMIR), which retrieves images based on visual similarity,
has received attention as an approach for large-scale medical image databases. CBMIR enables
clinicians to identify visually similar prior cases, supporting clinical decision-making (6).

Over the past decade, advances in deep learning—based representation learning have significantly im-
proved the performance of medical image retrieval. For example, CNN and Vision Transformer—based
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models have achieved substantial performance gains by learning high-level semantic representations
(7; 8; 9; 10). Nevertheless, most existing CBMIR methods still rely on global image-level representa-
tions, which do not explicitly capture clinically meaningful anatomical structures. As a result, they
remain limited in performing fine-grained, region-specific retrieval.

In medical images, diagnosis depends on the anatomical context of lesions and their associated organs.
Therefore, global representations alone are insufficient to identify clinically relevant similar cases.
Even when a Region of Interest (ROI) is available, global embedding—based methods have limited
ability to emphasize local regions or to perform organ-aware, weighted retrieval. To address these lim-
itations, we propose a region-aware, organ-centric CBMIR framework that incorporates anatomical
structure into representation learning and retrieval. First, the ROI Embedding Selector extracts patch
embeddings corresponding to user-specified regions to enhance local feature representation. Next, the
Region-aware Organ Attention (ROA) module refines interactions between image patches and organ
tokens to learn structured organ-level representations. During inference, we introduce an Organ Visi-
bility Recognition-based visibility-weighted aggregation strategy to emphasize query-relevant organs
and support region-focused retrieval. Through the use of organ-aware representation learning and a
visibility-weighted aggregation strategy, the proposed framework mitigates the limitations of global
embeddings and performs region-based CBMIR. In addition, experiments on the TotalSegmentator
dataset demonstrate that the proposed framework achieves competitive performance in region-based
retrieval compared with global embedding—based methods. The main contributions of this work are
summarized as follows:

= We propose a region-aware, organ-centric CBMIR framework that integrates anatomical
structure into representation learning and retrieval.

= We design an organ-aware representation learning scheme with a visibility-weighted aggre-
gation strategy to enable precise region-based retrieval.

= We validate the proposed framework on the TotalSegmentator dataset and demonstrate strong
performance in region-based retrieval compared with global embedding—based methods.

2 Related Work

2.1 Content-Based Medical Image Retrieval

Content-Based Medical Image Retrieval (CBMIR) extracts feature representations from medical
images and retrieves similar cases based on feature similarity, where representation quality directly
affects retrieval performance. Early methods relied on hand-crafted features and similarity computa-
tion in feature space (11; 12). With the advancement of deep learning, convolutional neural networks
(CNNs) (13) enabled hierarchical semantic representation learning and improved retrieval perfor-
mance. Recent studies adopt CNN-based foundation models such as Inception V3 (14), VGG19 (15),
and ResNet (16) for feature extraction (7; 8; 9). Lo et al. (2025) (17) further introduced a multi-level
CNN framework to model modality—organ—disease relationships. More recently, Transformer-based
models (10) have been applied to capture global contextual relationships. Vision Transformers
with contrastive learning (18) and attention-based fusion frameworks such as DaRF (5) have been
proposed to enhance representation learning. In addition, pretrained vision foundation models,
including BiomedCLIP (19), have demonstrated strong retrieval performance without extensive
task-specific fine-tuning. Despite these advances, most CBMIR methods rely primarily on global
image representations and do not explicitly model anatomical structures for region-specific retrieval.

2.2 Representation Learning using Query Token

Following Vaswani et al. (2017) (10), an increasing number of studies have employed learnable
tokens or queries to encode information from data distributions into structured token representations.
DETR (20) introduced learnable object queries for object detection, enabling the decoder to perform
set prediction by decoding objects from image features through cross-attention. Perceiver (21) and
Perceiver IO (22) utilized learnable latent tokens as a bottleneck to project large-scale multimodal in-
puts into fixed-size latent representations and extended to diverse output formats through query-based
readout. VCT (23) learned disentangled concept tokens from image tokens for scene decomposi-
tion and representation disentanglement. BoQ (24) employed learnable global queries to aggregate
place-specific attributes into a unified representation, improving visual place recognition and retrieval
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Figure 1: Overall framework of the proposed region-aware organ representation learning framework.

performance. In the medical domain, OWT (25) introduced organ-wise tokenization, decomposing
holistic representations into organ-specific token groups and enabling organ-level representation
learning through selective token group combinations. However, existing token-based approaches
do not explicitly model anatomically meaningful structures or address region-specific retrieval in
medical images.

3 Methodology

3.1 ROI Embedding Selector

The ROI Embedding Selector applies a binary mask to retain patch embeddings corresponding to a
user-specified region of interest (ROI), ensuring anatomically localized feature extraction (Figure 1).
Given patch embeddings P = p;, ..., pn extracted by a Vision Transformer (ViT) encoder, a binary
mask M € 0,1" is defined such that M; = 1 if the i-th patch belongs to the ROI and M; = 0
otherwise. The masked embeddings are computed as p; = M; - p;, allowing only ROI patches to
contribute to subsequent representation learning. During training, organ-level ROIs are constructed
from ground-truth segmentation masks with random region selection to prevent overfitting to specific
anatomical structures and promote generalization. During inference, users can manually specify the
ROI or select from pre-segmented regions, enabling interactive and region-focused retrieval.

3.2 Region-aware Organ Attention Module

The Region-aware Organ Attention (ROA) module models organ regions in medical images and
learns organ-level representations that reflect structural and semantic characteristics. As illustrated

in Figure 1, the module takes the masked patch embeddings Pin e RN*4 gbtained from the ROI

image
Embedding Selector and predefined organ token embeddings Zf,rr'gm € R9* as inputs. The ROA
consists of an Image-Guided Attention (IGA) block and an Organ-Guided Attention (OGA) block,
which are alternately applied for T iterations to iteratively refine image and organ representations.
Through this interaction, organ tokens aggregate structural cues from masked patch embeddings,

while patch representations incorporate organ-level semantic context.

In the IGA block, cross-attention is performed with organ tokens as queries and image patch embed-
dings as keys and values. A Bin Token is introduced to absorb patch information that does not clearly
correspond to a specific organ, reducing interference among organ tokens. Self-attention is then
applied among organ tokens to model inter-organ relationships and maintain contextual consistency.
In the OGA block, cross-attention is performed with image patch embeddings as queries and organ
tokens as keys and values. A Background Token is introduced to separately model background
information and stabilize organ-centric representation learning. Self-attention is subsequently applied
to image patch embeddings to refine inter-patch relationships and improve structural coherence of the
learned representations.

3.3 Objectives
We define a unified training objective consisting of four complementary loss terms for organ-aware

representation learning, jointly optimizing spatial accuracy, organ visibility modeling, representation
discriminability, and semantic stability.

65



Input

7 Visibility-Weighted
Organ Tokens Aggregation
from Whole Image

-
z—frn-g[d] vy ®
= m
<Whole Image> ROI Embedding ~ Reglon-aware Organ Organ Tokens

7 I i Jul from Whole Image

-y

0 Organ Tokens

= from Selected
<Selected Regions> Reglons

CT Slice
Vector
Database

<Image>

Figure 2: Region-based organ-level retrieval pipeline. Organ tokens are precomputed for database
images and matched with query representations based on user-specified regions.

Patch Classification Loss. To provide fine-grained spatial supervision, we introduce a Patch-Level
Organ Classification (POC) network that consists of a two-layer MLP. Given the output patch
embedding p$", the predicted organ label is computed as ; = POC(p$""). The supervision is

formulated using cross-entropy, defined as Lpc = A Zi\; CE(yi, 9i)-

Organ Visibility Loss. To explicitly model organ presence, we introduce an Organ Visibility
Recognition (OVR) network, which consists of a two-layer MLP. Given the refined organ token
z9u the predicted visibility score is computed as 6, = OVR/(z%"t). The visibility supervision
is formulated using binary cross-entropy, defined as Lov = % Ecczl BCE(v,, 9.). As shown in
Figure 2, the OVR network is used during the image retrieval process.

Region Contrastive Loss. To align organ token embeddings with their corresponding region
representations, we introduce a region-level contrastive learning objective. For each organ ¢, the
region embedding r. is obtained by average pooling the refined patch embeddings p$"* within the
corresponding organ region. The contrastive objective is defined using an InfoNCE-based loss as
1 (o) exp(sim(z2"*,r.) /T
Lro = =& Yo og s bR
from all organs within the current mini-batch.

where {r; }X_, denotes region embeddings sampled

Organ Consistency Loss. To prevent unnecessary updates when relevant evidence is limited, we
regularize refined organ embeddings toward their initial organ queries. This keeps unsupported tokens
close to their initial states. Given the refined organ embedding z2"* and the corresponding initial
query z!", the consistency supervision is formulated using an £ regression loss. To prevent gradients

from flowing into the initial queries, we apply a stop-gradient operator sg(-), and define the loss as
c .
Loc =& Yoo 122" — sg(z2")II3-

The overall objective is defined as:

Liotal = MLpc + A2Lov + AsLre + MLoc. (1)

In all experiments, we set all A\; = 1, assigning equal importance to each loss term. This configuration
yielded stable optimization without additional hyperparameter tuning.

3.4 Region-based Organ-level Retrieval

We propose a region-based organ-level retrieval framework that operates on precomputed organ
token representations, as illustrated in Figure 2. During database construction, all predefined regions
are selected by the ROI Embedding Selector, and the trained ROA module generates organ token
embeddings for each database image. For a database image d, we obtain an organ-wise representation
set Zg = {z3% <. 23w € RP. These representations are stored in a vector database and used
for similarity computation. For a query image, the same feature extraction procedure is applied to
obtain Z, = {2g%}&_;. When a region of interest (ROI) is specified, the ROI Embedding Selector
extracts masked patch embeddings from the selected region, which are processed by the ROA module
to produce organ-wise representations. To model organ presence, we introduce an Organ Visibility
Recognition (OVR) network during training. The OVR network estimates the visibility probability of
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each organ, #, € [0, 1], and these probabilities are used to construct a visibility-weighted aggregated
representation:

~ A t
i, = — Z vczg‘fc, (2)

where = € {q,d}. The visibility weights are predicted from the query image and applied to both the
query and database representations.

The similarity between a query image I, and a database image I; is computed as the cosine similarity
between their corresponding visibility-weighted representations, Z; and z4. Database images are
ranked in descending order of this similarity score. Compared with global embedding-based retrieval,
this query-driven weighting scheme focuses on anatomically observable organs and supports region-
specific retrieval.

4 Experiments

4.1 Datasets

We construct the training and evaluation datasets using the TotalSegmentator (TS) dataset (Wasserthal
et al., 2023, Version 2). The dataset consists of 1,228 volumes and 317,863 slices in total. The
data split follows the official train/test partition defined in Vista3D (26). The training set includes
980 volumes (252,468 slices), and the test set comprises 248 volumes (65,395 slices). For retrieval
evaluation, we build a slice-level dataset. The database set is created by uniformly sampling slices
from the training volumes at intervals of 10 slices, in order to control slice density and reduce
redundancy. This results in 25,696 database slices. The query set is constructed by randomly
selecting five slices from each test volume, yielding a total of 1,241 query slices. To analyze the effect
of region configuration on retrieval performance, we define four query region types: (1) a single
randomly selected region, (2) two randomly selected regions, (3) three randomly selected regions,
and (4) whole-image queries. All query types use the same number of queries (1,241) and the same
database set (25,696 slices), enabling comparison under consistent evaluation conditions.

4.2 Evaluation metric

We adopt a region-centric evaluation protocol inspired by Jush et al. (27), which evaluates retrieval
performance for each anatomical region independently. Given our slice-level retrieval setting, we
adopt organ-level Precision@K to incorporate ranking information. This metric measures the
proportion of retrieved slices within the top-K results that contain the target organ. For a given organ
1, Precision; @K is defined as

Precision; @K = ! Z [{s € R,QK |i€ E(S)H, 3)
Qi 4€0: K

where Q; denotes the set of query slices containing organ 7, R;@K represents the set of top-K
retrieved slices for query g, s denotes a retrieved slice, and L(s) is the set of organ labels annotated

for slice s. The notation | - | indicates set cardinality. Note that Precision; @K is not necessarily
monotonically increasing with respect to K.

The overall performance is computed by averaging across all NV evaluated organs:
1N
Precision@K = v EZ:; Precision; QK. 4

4.3 Comparison with Baselines

Recent studies (9; 28) have shown that pretrained Transformer-based vision foundation models
trained with self-supervised learning achieve competitive performance in medical image retrieval.
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Table 1: Retrieval performance (P@K) under different region configurations.

Region Configuration = Method P@1 P@3 P@5 P@10 P@20
Random 0.169 0.162 0.161 0.156 0.160
ViT 0.150 0.163 0.162 0.164 0.164
1 Region DINOv3 0.158 0.150 0.148  0.151 0.149
DreamSim 0.117 0.113 0.108  0.109 0.110
Proposed Model  0.943 0942 0.944  0.945 0.942
Random 0.169 0.161 0.161  0.158 0.159
ViT 0.336 0.323 0314 0.314 0.308
2 Regions DINOv3 0.307 0305 0303 0.298 0.295
DreamSim 0.347 0342 0341  0.331 0.320
Proposed Model  0.935 0931 0932 0.930 0.928
Random 0.165 0.161 0.160  0.160 0.158
ViT 0425 0417 0408 0.398 0.388
3 Regions DINOv3 0413 0406 0.398  0.391 0.380
DreamSim 0489 0475 0462  0.450 0.434
Proposed Model  0.954 0953 0.951  0.947 0.943
Random 0.165 0.158 0.159  0.158 0.160
ViT 0.704 0.690 0.678  0.663 0.645
Whole Image DINOv3 0.715 0.699 0.688  0.672 0.653
DreamSim 0.785 0.773 0764  0.751 0.740

Proposed Model  0.891  0.885 0.881 0.874  0.865

Motivated by these findings, we adopt the pretrained baselines used in Jush et al. (28), including
Vision Transformer (ViT) (29), DINOv3 (30), and DreamSim (31). For ROI-based retrieval, the
target organ is cropped using a bounding box, and region embeddings are extracted and compared
with global database embeddings to compute similarity scores. We also include a random ranking
baseline without learned features. This setup enables quantitative evaluation of the limitations of
global-embedding-based retrieval and assessment of the proposed region-based strategy.

Table 1 reports retrieval performance under varying region configurations. The proposed model
achieves the highest scores across all settings, outperforming ViT, DINOv3, DreamSim, and the
random baseline across all configurations. The performance gap is particularly pronounced in
single- and multi-region configurations, indicating that organ-wise representations are effective for
region-focused retrieval. Although global embedding methods improve as more regions are selected,
their performance remains lower than that of the proposed model. In the Whole Image setting,
the performance gap decreases, yet our method still yields the best results. Overall, organ-level
representation learning with visibility-weighted aggregation consistently enhances region-focused
retrieval performance.

Figure 3 provides a qualitative comparison under different region configurations. In the Whole Image
setting (Fig. 3(a)), retrieval is based on the entire slice, leading to selection driven by global abdominal
appearance; consequently, localized structures such as the colon are not consistently preserved among
top results. In contrast, the Single Region setting (Fig. 3(b)) uses the colon as the ROI, resulting in
more consistent localization and morphology alignment with the query region. In contrast, baseline
methods relying on simple bounding-box cropping exhibit less stable structural alignment due to
limited contextual information. DINOv3 and DreamSim occasionally retrieve magnified regions,
while ViT retrieves colon-containing slices, but with less consistent localization and morphological
alignment compared to the proposed method.

4.4 Ablation Study

Table 2 presents the ablation results analyzing the contribution of each training component in the
proposed model. The baseline configuration (RC+VR) achieves stable performance across region
settings. When Patch-level Classification (PC) is introduced, consistent improvements are observed
under all configurations. This indicates that patch-level supervision contributes to more spatially
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Figure 3: Qualitative comparison of retrieval results under different region configurations. The organ
of interest in the query slice is highlighted with a colored segmentation mask. In the retrieved images,
the corresponding organ is marked with the same color to facilitate visual comparison.

Table 2: Ablation results under different region configurations (Precision@K).

Region Configuration  Setting P@1 P@3 P@5 P@10 P@20
RC+VR 0928 0925 0.923 0923 0.983
1 Region RC+VR+PC 0946 0947 0.948 0.946 0.943
RC+VR+PC+OC 0943 0942 0944 0945 0.942
RC+VR 0915 0909 0.904 0.902 0.898
2 Regions RC+VR+PC 0936 0929 0.928 0.924 0.921
RC+VR+PC+OC 0935 0.931 0.932  0.930 0.928
RC+VR 0933 0930 0.926 0921 0.911
3 Regions RC+VR+PC 0947 0948 0.947 0943 0.937
RC+VR+PC+OC  0.954 0953 0.951  0.947 0.943
RC+VR 0.876  0.869 0.863 0.854 0.845
Whole Image RC+VR+PC 0.889 0.885 0.990 0.874 0.866

RC+VR+PC+OC  0.891 0.885 0.881 0.874 0.865

precise organ token representations, leading to improved region-based retrieval performance. With
the addition of Organ Consistency (OC), the model achieves the highest performance under multi-
region settings. In particular, under the 3 Region configuration, the mode] attains the highest P@1
score of 0.954. This result shows that enforcing consistency among organ token representations
becomes increasingly beneficial when multiple organs are jointly considered. In contrast, under
the Whole Image setting, the performance gains from OC are relatively modest, indicating that
retrieval based on global input depends more heavily on the base representation learned by RC
and VR. Overall, RC and VR establish the core representation, while PC and OC progressively
refine it, resulting in incremental improvements in organ-centric retrieval performance. Although the
relative contribution of each component may vary across region configurations, these variations reflect
inherent differences between retrieval scenarios rather than instability in the model. Nevertheless,
the full configuration (RC+VR+PC+OC) consistently achieves the best or near-best performance
across all settings, indicating that a single unified configuration can be effectively adopted without
query-dependent tuning.

4.5 Visualization and Interpretability Analysis
In this study, we adopt the pairwise similarity visualization method proposed by Black et al.

(2022) (32) to analyze the spatial alignment between query and retrieved images. Figure 4 presents
pairwise similarity maps between the query slice and the top-ranked retrieval results (topl—top5),
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Figure 4: Pairwise rollout-based similarity maps under different region configurations. Each row
shows the query slice and the top-ranked retrieval results (topl-top5). Regions contributing strongly
to the similarity score are overlaid using a heatmap.

with each row corresponding to a different region configuration. When a single organ is selected
as the query region, the similarity response is concentrated on the corresponding organ area in the
retrieved images. When multiple organs are selected, the similarity maps jointly reflect the selected
organs. As the number of selected regions increases, adjacent organ structures are progressively
reflected in the similarity response. In contrast, under the whole image setting, retrieval is based on
the entire slice, and similarity responses are primarily driven by global morphological resemblance.
the highlighted regions are less consistent across retrieved images in terms of the areas referenced by
the model, with relatively large organs such as the liver and kidneys showing stronger responses.

4.6 Limitations and Future works

This study demonstrates the potential of organ-level representation learning for region-focused
medical image retrieval; however, several limitations remain. First, the proposed model is trained
using precise organ segmentation annotations from the TotalSegmentator dataset, which assumes
the availability of large-scale ground-truth segmentation labels. Second, the evaluation is primarily
conducted at the slice level and thus does not fully capture organ relationships or spatial continuity
at the 3D volume level. Third, comparative experiments are limited to ViT-based vision foundation
models, and further validation across a broader range of retrieval models is necessary. Future work
will include robustness evaluation under settings that rely on automatic segmentation models, such
as Vista3D (26), and modeling organ relationships at the 3D volume level. In addition, we will
analyze the impact of model parameters within the proposed architecture and perform systematic
validation across diverse retrieval architectures to comprehensively evaluate the scalability and clinical
applicability of the proposed approach.

4.7 Conclusions

In this study, we propose an organ-aware, region-centric representation learning framework to ad-
dress the limitations of global similarity—based retrieval. The ROI Embedding Selector filters patch
embeddings corresponding to the region of interest, while the Region-aware Organ Attention (ROA)
module learns interactions between image patches and organ tokens to construct representations that
precisely capture organ-specific structural and semantic information. In addition, during inference,
we introduce a visibility-weighted aggregation strategy based on Organ Visibility Recognition, which
prioritizes anatomically observable organs and enables retrieval focused on clinically meaningful
regions of interest. By moving beyond simple global similarity computation and explicitly incor-
porating anatomical context, the proposed method supports more precise retrieval. This framework
offers both methodological significance and practical potential for precise case retrieval and clinical
decision support in real-world settings.
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Abstract

Edge detection of complex, smooth, transparent, reflective and texture-less objects
is an unsolved problem in computer vision. In this work, an existing approach us-
ing diffusion in the image space is adapted to enable fast and accurate edge detec-
tion. The method is applied to texture-less industrial objects from the T-LESS and
XYZIBD datasets. The models are trained on datasets, generated synthetically us-
ing BlenderProc. Three training datasets are created using T-LESS objects to eval-
uate the impact of edge type and object texturing on prediction quality. Two more
datasets are generated using XYZIBD objects to investigate the influence of the
crease angle used in edge rendering. The diffusion models are evaluated using the
NMSE, SSIM, DICE, and CRISP metrics, to assess accuracy, structural fidelity,
and perceptual sharpness. Experiments show that our approach achieves competi-
tive edge prediction quality and consistently outperforms existing diffusion based
methods in computational efficiency at a lower resolution, while offering overall
better prediction fidelity compared to the Canny edge detector. With a runtime of
95ms per image on an NVIDIA RTX3090, the approach demonstrates suitability
for deployment in robotic vision systems. A quantitative edge prediction quality
evaluation is conducted on real-world test sets which are extended with the edge
ground-truth.

1 Introduction

Edge detection in images remains a fundamental problem in computer vision [Huang and Huang,
2025], forming the basis for a wide range of tasks such as object detection, segmentation and scene
understanding. Traditional techniques, such as Sobel [Kittler, 1983] and Canny [Canny, 1986], have
been studied extensively [Kanopoulos et al., 1988], [Luo and Duraiswami, 2008], [Wang et al.,
2021], but despite their efficiency, these methods are limited by their use of gradient-based features,
which are sensitive to noise and variations in scene luminosity. These methods fall short in open-
world robotics, where lightning conditions change constantly [Pulli et al., 2024].

To overcome the limitations of classical edge detectors, machine learning-based methods are intro-
duced, as surveyed by [Hu, 2025]. Among these, diffusion models [Sohl-Dickstein et al., 2015]
produce perceptually coherent and semantically rich edge maps by iteratively refining structural in-
formation, even under challenging conditions such as noise, occlusion, or low contrast. However,
this denoising process introduces substantial computational overhead, hindering real-time applica-
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bility. A recent approach by [Ye et al., 2024] employs a diffusion network with a U-Net [Ron-
neberger et al., 2015] backbone to achieve high precision, yet inference time remains a significant
bottleneck.

Learning-based methods depend on reliable ground-truth annotations. In 2D imagery however,
the absence of depth information often causes annotated edges to deviate from their true 3D lo-
cations. This limitation is mitigated by deriving edge ground truth directly from the corresponding
3D meshes. Numerous open-source 3D model repositories support such workflows. Datasets such
as [Hodan et al., 2017], [Drost et al., 2017], [Kaskman et al., 2019], and [Xiang et al., 2018] pri-
marily target industrial object scenarios, whereas [Morrison et al., 2020] provides a diverse set of
geometries specifically designed for evaluating robotic grasping and manipulation.
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Figure 1: Complete Training-Evaluation Pipeline Block Diagram

This work presents a training and evaluation pipeline (see Figure 1) for diffusion based edge detec-
tion that maintains prediction quality while significantly reducing inference time. The objective is
to facilitate the deployment of fast diffusion-based edge detectors on resource-constrained robotic
platforms, where computational efficiency and reaction speed are critical.

‘We summarize our contributions as follows. We:

1. Extend the Blenderproc [Denninger et al., 2020] pipeline to allow precise, procedural edge
rendering based on 3D-meshes and train a diffusion network to detect object edges in 2D,
based on RGB images

2. Empirically prove that texture randomization improves prediction results [Honig et al.,
2025], when added to conventional domain randomization [Tobin et al., 2017]

2 Related Work

To highlight the constraints of existing methods related to edge detection, modern representative
approaches and their trade-offs are reviewed. Works such as [Yu et al., 2017] and [Liu et al., 2017]
integrate multi scale feature representations and semantic awareness to detect edges with high pre-
cision. Their performance is particularly strong in natural images. However, their reliance on deep
backbones leads to high computational costs and long inference times. As a result, these methods
are less suitable for resource constrained robotic systems [Ren et al., 2023]. A method targeting
pose estimation refinement for transparent objects in laboratory settings via detection silhouette is
proposed in [Weibel et al., 2026]. The approach remains constrained by the fidelity and confidence
of silhouette extraction and by limited texture cues. It can be enhanced by training with large-scale
synthetic datasets that provide precise per-object edge ground truth. Such datasets supply robust
edge and silhouette supervision to support pose refinement. In addition, the fully synthetic TGF-Net
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dataset for transparent objects [Yu et al., 2023] would similarly benefit from the inclusion of edge
annotations, thereby strengthening its geometric supervision and improving downstream 6D pose
estimation.

A key inspiration for this work is DiffusionEdge [Ye et al., 2024], which uses a diffusion probabilis-
tic model with adaptive Fourier filters and a U-Net backbone to produce accurate edges in complex
scenes, without requiring post-processing. Its effectiveness has been demonstrated in tasks such as
6D pose estimation of metallic objects [Leimeister, 2025]. However, the method suffers from long
inference times on the order of magnitude of multiple seconds, making it impractical for real-time
applications.

To address the run-time limitations imposed by prior methods, while retaining their robust edge de-
tection performance in domain-specific contexts without reliance on manual annotation, the existing
diffusion model architecture is trained on a set of synthetically generated datasets at a lower input
resolution.

3 Synthetic Dataset Generation

Training a model to perform edge detection on real-world images requires the network to generalize
well from its training set. To achieve this, domain randomization is used in all generated syn-
thetic scenes, following the Benchmark for 6D Object Pose Estimation (BOP) convention. Different
training datasets are rendered without textures and while applying object texture randomization, to
further increase edge detection accuracy. Each scene is rendered from multiple camera viewpoints
using BlenderProc [Denninger et al., 2020], which outputs RGB images, visibility masks, and edge
maps for all selected target objects. Two types of datasets are generated, each based on different
object collections and scene configurations:

1. T-LESS Floor Scenes With Distractors - CAD models from the T-LESS dataset [Hodan
et al., 2017] are randomly placed on textured planes using physics simulation to ensure
realistic spatial distribution. Distractor objects are sampled from HB [Kaskman et al.,
2019], YCB-V [Xianget al., 2018], and ITODD [Drost et al., 2017], representing industrial
domain variability. Figure 2 illustrates an example of a T-LESS based scene without texture
randomization, showcasing visible Freestyle edges and object masks.

2. XYZIBD Box Scenes - Multiple instances of a small subset of objects from the XYZIBD
dataset [Huang et al., 2025] are dropped into a box using physics simulation. This setup
reflects bin-picking scenarios with high object density and occlusion.

.

Figure 2: A Sample of a T-LESS Training Scene with Overlaid Target Object Edges on the Left and
Visibility Masks on the Right

To obtain object-specific edge maps, the Blender Freestyle tool is integrated into the Blenderproc
rendering pipeline !. Due to its CPU-bound nature, mesh simplification is performed to reduce
computational overhead during edge rendering. This involves dissolving geometry below a specified
angular threshold and segmenting non-planar faces to reduce mesh complexity. Additionally, loose
vertices, edges, and faces are removed to eliminate redundant geometry using built-in operations
available in the Blender Python module 2.

Uhttps://github.com/DLR-RM/BlenderProc/pull/1203
Zhttps://pypi.org/project/bpy/
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Figure 3: A Sample of a XYZIBD Training Scene with Overlaid Target Object Edges on the Left
and Visibility Masks on the Right

Rendering performance is further improved by replacing the Cycles engine with EEVEE, which pri-
oritizes rendering speed over photorealistic accuracy, while maintaining sufficient edge fidelity for
the intended application. Freestyle provides a wide range of configuration parameters that influence
the appearance and structure of the generated edge maps. In configuring Freestyle for line render-
ing, several parameters are enabled to ensure consistent and perceptually coherent edge extraction.
Edge chaining is activated to guarantee that adjacent edge segments are properly connected, thereby
producing continuous line structures. To preserve essential geometric and perceptual features, sil-
houette, crease and contour are enabled. These collectively ensure that major object outlines and
sharp angular transitions are retained in the final render. In contrast, border edges are omitted to
exclude outer object perimeters, while the visibility is set to only render visible edges. The angle
between two adjacent faces, referred to as crease angle >, plays a critical role in determining which
mesh edges are rendered, as illustrated in Figure 4. A higher crease angle includes more shallow
edges. A crease angle value of 180° (see Figure 4d) results in all mesh edges being drawn, whereas
lower values like 175° (see Figure 4¢), 160° (see Figure 4b) and 60° (see Figure 4a) exclude increas-
ingly steep contours.

(a) 60° (b) 160° (c) 175° (d) 180°
Figure 4: Crease Angle Variation on a T-LESS Object

To evaluate the edge prediction quality of the trained models on real world images from T-LESS and
XYZIBD, the test datasets are supplemented by the edge-ground truth. To achieve this, the scenes
from the test sets are recreated in BlenderProc using available scene parameters and the ground-truth
edge maps of each object in the scene are rendered using a crease angle of 160°. Predicted edges
are later compared against the edge ground-truth in the test sets. Metrics aggregated in this manner
enable a quantitative, real-world evaluation of the models trained on the fully synthetic training
datasets. In this work, gray edges describe the grayscale edge maps provided by default by the
Freestyle pipeline. These edge maps in the uint8 data format, contain values between 0 and 255
and represent the strength of an edge in each pixel. Clamped edge maps are created by setting all
non-zero pixel values in the gray edge maps to 255. This results in all non-zero pixels being defined
as an edge pixel, without regards to the strength of the edge. To evaluate the impact of edge type,
object textures and crease angle on the edge prediction quality, multiple distinct training and test
datasets are created. The same diffusion network architecture is trained separately on each dataset.
In the clamped T-LESS dataset, texture-less objects are paired with clamped edge maps. The gray T-
LESS dataset contains texture-less objects with grayscale edge maps. In the random texture T-LESS
dataset, gray edge maps are used, while randomized textures are applied to the object surfaces. The
XYZIBD training datasets are created using only gray edges, but with variation in texture, resulting

3https://docs.blender.org/manual/en/latest/render/freestyle/view_layer/line_style/modifiers/color/crease_
angle.html
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in two training sets. The X YZIBD test datasets are rendered using gray edges at six different crease
angles.

4 Diffusion Model Training

In image generation tasks, U-Net commonly serves as the backbone denoising network [Rombach
et al., 2022], learning to reverse the noise injection process iteratively. This property is especially
advantageous for edge detection, where preserving fine-grained spatial features and their relations
is critical. In this work, the U-Net operates at each denoising timestep to refine edge representa-
tions from noisy image samples. The training data generated by the BlenderProc pipeline provides
synthetic RGB images along with corresponding object edges, masks, and visibility masks. The
visibility masks are used to crop each image around the visible object, expand the bounding box by
x1.5, and rescale it to a resolution of 128x128 pixels. Each training sample consists of three RGB
channels and one grayscale edge channel, concatenated as input for the diffusion model. Each model
is trained for approximately 120 hours on a single NVIDIA RTX 3090, using one of three dataset
configurations: texture-less objects with clamped edges, texture-less objects with grayscale edges,
and randomly textured objects with grayscale edges. During training, randomly selected training
dataset samples are used as an estimate of the models edge detection ability. To achieve this, the
model is switched to inference mode periodically and the edge predictions of the randomly selected
samples are saved. The model architecture is based on the example from *.

(@) @) (e)
Figure 5: Running Validation During Model Training On Clamped Edges

Figure 5a shows the RGB and Figure 5b the edge ground-truth of a T-LESS validation sample. In
early training stages (see Figure 5¢), predictions exhibit high noise levels, with diffuse white regions
loosely corresponding to the objects location. After approximately 2000 steps (see Figure 5d),
the model begins to delineate object contours, though it continues to struggle with occlusion and
complex geometries. By the end of training (see Figure 5e) the model consistently produces coherent
and structurally plausible edge predictions. The models are deemed as sufficiently trained, when
the training and validation loss converge to a minimum. For T-LESS-trained models 20 epochs
are enough to achieve this. Models trained on XYZIBD training sets take 30 epochs to reach a
comparable prediction quality.

5 Model Quality Evaluation

The network predicts a single-channel edge map, which should ideally converge towards the edge
ground-truth, independent of occlusion. However, when occlusion is severe and only a small portion
of the object is visible, the network lacks sufficient context to infer object identity, orientation, or
shape. In such cases, it tends to produce diffuse or spatially inconsistent edge responses, often
concentrated around the region where the object is partially visible. These predictions reflect the
model’s uncertainty and its attempt to approximate the most likely object configuration under limited
visual evidence.

Figure 6 provides a visual method comparison for a single sample from the T-LESS testset. The RGB
image of the object from which all edge predictions are computed is shown on the left Figure 6a. It
is followed by the edge ground-truth in Figure 6b acquired via Freestyle renderer. Figure 6¢ shows
the Canny detector prediction with thin, but structurally incomplete edges. The remaining edges in
Figure 6d, Figure 6e and Figure 6f stem from the models trained on clamped edges and texture-less

*https://huggingface.co/docs/diffusers/tutorials/basic_training#create-a-unet2dmodel
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objects, gray edges and texture-less objects, as well as gray edges and randomly textured objects
respectively. The model trained on clamped edges showcases thick, but mostly coherent edges. On
the other hand the model trained on random textures does not fully capture the objects edges, but
offers well defined edge contours. The gray edge, texture-less object model sits in between the two
others, with relatively thin edges and a mostly complete edge structure.

Joceee
(a) (b) (© (@ (e) ®

C €

Figure 6: Edge Detection Method Comparison on a Single T-LESS Object
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Figure 7: Edge prediction quality metrics NMSE|, SSIM*, DICE?T, CRISP{ of models trained on
clamped, gray, and random texture training datasets and evaluated on clamped and gray test datasets

To assess the overall performance of the trained models quantitatively, an evaluation is conducted
using real world images from the T-LESS and XYZIDB test datasets, which are extended by the edge
ground-truth via scene replication and the established Freestyle edge rendering approach. Predicted
edge maps are compared against ground-truth edge maps using several established metrics, each
capturing distinct aspects of edge quality, ranging from pixel-level accuracy to perceptual sharpness
and structural fidelity. During evaluation, samples with a visibility mask containing fewer than 1%
non-zero pixels when compared to the total number of pixels, are discarded. In these cases the target
objects are deemed as too severely occluded.

Normalized Mean Square Error (NMSE) ([0,1] — lower is better ) provides a direct pixel-wise
comparison between the predicted and ground-truth edge maps. This metric is sensitive to absolute
intensity differences and does not consider spatial structure. Normalization is performed by scal-
ing pixel intensities to the [0,1] range, enabling consistent comparison across images with varying
brightness levels. Structural Similarity Index (SSIM) ([0,1] — higher is better 1) [Wang et al., 2004]
evaluates perceptual similarity between predicted and ground-truth edge maps by comparing local
patterns of pixel intensities. It incorporates luminance, contrast, and structural alignment, and is
computed over sliding windows, making it sensitive to localized distortions and edge deformation.
In this work, SSIM is computed using a fixed intensity range of 255, consistent with 8-bit grayscale
images. The Dice Similarity Coefficient (DICE/F-Score) ([0,1] — higher is better 1) quantifies the
spatial overlap between binary segmentation maps. Both predicted and ground-truth edge maps are
thresholded to binary masks with values 0 or 255 and converted to boolean arrays. The Dice coef-
ficient, equivalent to the F1 score in binary classification, measures the degree of overlap between
the two masks, reflecting edge localization accuracy. The Crispness (CRISP) [Ye et al., 2023] ([0,1]
— higher is better 1) factor quantifies edge sharpness by computing the ratio of total pixel intensity
after Non-Maximum Suppression (NMS) to that before NMS, using grayscale edge maps. A higher
value indicates that NMS effectively preserves strong, localized edges while suppressing diffuse or
thick contours. This metric penalizes blurred boundaries and favors well-defined edge structures.

Figure 7 presents violin plots of the discussed metrics for models trained on clamped edges and
texture-less objects, gray edges and texture-less objects, and gray edges combined with randomly
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textured objects. All objects stem from the T-LESS dataset. All three models are evaluated on
two variations of the T-LESS test set. The first test set contains clamped and the second test set
gray ground-truth edges. The models exhibit consistent performance across evaluation domains,
indicating robustness to edge type, except in the case of SSIM, where the clamped test set provides a
sharper edge ground-truth. The texture type used during training significantly influences prediction
quality [Honig et al., 2025].
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Figure 8: Edge Prediction Quality Metrics NMSE/, SSIM*, DICET, CRISP1 for the canny edge de-
tector, a texturelessly trained diffusion model and a diffusion model trained on objects with random
textures

The model trained using gray edges and random textures consistently outperforms the clamped and
gray models which are trained on texture-less objects across all metrics and test datasets, with the
exception of the CRISP score. It yields the lowest NMSE, indicating better pixel-level accuracy, and
achieves the highest SSIM, suggesting superior perceptual and structural similarity. It also yields
the highest DICE coefficient, denoting improved segmentation overlap. Its CRISP score is slightly
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worse than that of the clamped texture-less model, indicating sharp and well localized edges post-
NMS. These results support the conclusion that the random texture model offers the most effective
edge prediction performance for texture-less objects, aligning with the findings of As visualized
in Figure 4, the crease angle has a large impact on the rendered edges. To evaluate its importance
quantitatively, two diffusion models are trained on XYZ training datasets with a crease angle of 160°
and gray edges. The first model is trained on a texture-less variant, while the textures in the other
dataset are randomized. Both models are evaluated on the same XYZ test set with ground-truth
edges rendered at crease angles: 60°, 80°, 100°, 120°, 140° and 160°.

The resulting metrics of both diffusion models are compared against the Canny edge detector > in
Figure 8. The model trained on random textures performs better than the texture-less model across
all metrics, while also being superior to Canny in NMSE, SSIM and DICE. Canny, by definition,
exceeds in the CRISP metric, since NMS is part of its edge detection pipeline. This results in the
CRISP score for Canny always being 1. On the other hand, Canny struggles with precise edge
localization, especially at low crease angles, which results in a low DICE score across the validation
dataset.

The trained models are evaluated on a system equipped with an AMD Ryzen 7 5800X 8-Core Pro-
cessor and an NVIDIA RTX 3090 24GB GPU. Inference with diffusion models proceeds through a
series of denoising steps, where the network iteratively refines a noisy input towards a clean edge
prediction. Each step incrementally improves structural coherence and reduces noise, making the
number of inference steps a key factor in both prediction quality and computational cost. For a
128x128 image, inference with 5 denoising steps takes approximately 95ms with a batch size of
1. In contrast, DiffusionEdge processes full scenes in a around 3.2 seconds. The step-wise nature
of diffusion inference allows for fine-grained control over the quality—speed trade-off. To quantify
the impact of inference step count on runtime, the clamped model is evaluated on the clamped test
set using a batch size of 32. Increasing the number of inference steps from 1 to 2 results in a 1.3x
increase in computation time, while increasing from 5 to 10 steps leads to a 1.7x increase. Empiri-
cally, 5 inference steps offer a favorable balance, where they allow for sufficient noise suppression
and coherent edge maps production, while keeping inference time low. Increasing to 10 steps yields
only marginal qualitative improvements.

6 Conclusion

This work presents a diffusion-based model for edge prediction of industrial, texture-less objects,
trained on procedurally generated synthetic data and evaluated on real-world scenes. The resulting
model demonstrates strong qualitative performance, particularly in handling complex geometries
and partial occlusions, where it produces coherent edge maps even under limited visual evidence.
Compared to existing model-based methods, the proposed approach offers improved computational
efficiency at lower resolutions, making it suitable for deployment on resource-constrained platforms.
Future work will focus on extending the method to multi-object and cluttered scenes, validating per-
formance on broader real-world datasets, and integrating the model into robotic perception pipelines.
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Abstract

We discuss intelligent data augmentation strategies to help train object detection
models from low-volume datasets. In particular, many industrial inspection tasks
suffer from a lack of samples showing defects in the training data, and furthermore
the failure cases are typically heterogeneous, leaving only a handful of samples
for each of them. For our application scenario of printed circuit board (PCB)
inspection, we propose and evaluate a strategy for synthesizing defects, as well
as a strategy to copy-paste difficult, challenging, or otherwise rare cases into the
training images. Maintaining this library of challenging or rare cases offers an easy
way to update the model and integrate feedback after deployment. We evaluate the
benefits of the augmentation strategies in experiments and present a reliable and
accurate PCB inspection model trained with only 25 images.

1 Introduction

While dataset sizes for vision-language or foundation models are ever increasing, low-volume datasets
are still a common challenge in many specialized real-world applications of machine learning. In
particular, training samples of defects are typically rare in industrial inspection tasks and often show
a heterogeneous range of defects with even fewer samples for any given failure mode. In this paper,
we present and evaluate two data augmentation techniques to deal with low-volume datasets in an
application to printed circuit board (PCB) inspection. The first approach automatically synthesizes
defects on annotated instances of intact objects, the second is a variant of copy-paste augmentation,
which enables continuous improvement of the model with little effort.

In the intended application scenario, PCBs are to be disassembled at the end of their useful life to
recover reusable components from the boards [19] while discarding defective parts. Closely related
inspection tasks also arise when assessing PCB repairability, e.g. by replacing individual defective
components, or even as a quality control measure in PCB assembly. All of these scenarios basically
need a system for identification and classification of PCB components, which is a classical object
detection problem, except that there are only very few samples of defective parts available for training.

The approaches we propose for dealing with this lack of training data are widely applicable to a
range of similar scenarios — it is very common that samples of real defects are rare when developing
and training a model. In our particular case, we synthesize two kinds of typical defects using
elementary image processing operations. This dramatically reduces the class imbalance and hence
boosts classification performance. As an additional direction, we copy and paste instances from a
library of challenging examples to random places into the training images, similar to [3, 4]. However,
we propose manually maintaining and extending this library of challenging samples as an avenue for
incorporating feedback using targeted adaptation and retraining.

The Third Austrian Symposium on Al, Robotics, and Vision (AIROV26).
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Figure 1: Samples of the images and annotations in the PCB dataset. Defect and intact ICs as well as
defect and intact capacitors are annotated, but we focus on ICs in this work. On average, more than 7
ICs appear in each image and they typically appear relatively small. The recording perspective and
illumination are constant within the entire dataset.

In the following, we will briefly revisit the relevant literature in Section 2. Continuing in Sections 3
and 4, we will give details of our proposed data augmentation techniques. Finally, we will evaluate
our methods in Section 5 and summarize our findings in Section 6.

2 Literature Overview

Automated optical inspection of PCBs during manufacturing is receiving a lot of attention. A recent
review of methods focusing on defects in PCB traces is given in [1], and an overview of methods
for inspecting mounted components in [20]. In a similar vein, the detection of PCB components
and the checking of completeness and correctness have been covered before with publicly available
benchmark datasets. For example, the PCB-DSLR dataset [16] focuses on integrated circuits (ICs)
and additional components are also considered in the PCB-METAL [12], WACV-PCB [8] and FICS-
PCB [10] datasets. In contrast, end-of-life treatment and defects, that occur during use of components,
have received little attention so far. Consequently, to the best of our knowledge, no datasets covering
such defects have been published.

Synthesizing defects is a common strategy in industrial inspection tasks [13]. Samples of works that
use synthetic defects in surface inspection include [6], and a recent work includes a sophisticated
combination of a rendering pipeline and style transfer to maximize realism [17]. In addition, in the
context of PCB inspection during assembly [18] and for X-ray CT scans of ICs [14], synthetic defects
have been evaluated before. Relevant defects are often specific for the respective application scenario,
and, to our knowledge, no pipeline has been proposed for synthesizing end-of-life defects from the
real use of electronic components so far. Accordingly, we consider the details of our synthetization
pipeline novel and different from the state-of-the-art.

In contrast, we see our copy-paste augmentation as a more generic strategy, which follows the
idea of [4]. Although existing works evaluated the benefits of considering context when mixing
images [5], we focus more on the library of source patches that such strategies can paste into new
images. Although our experiments can only verify this in a limited scope, we believe that model
training can be guided by deliberately selecting rare or novel out-of-distribution samples for the
source library. To our knowledge, this aspect has also been neglected in the existing literature.

3 Synthesizing Defects

In our work, we consider a dataset for PCB inspection as shown in Figure 1, which is a subset of
the dataset in [15]. In total, it consists of 101 images and shows 652 instances of intact ICs and
additionally 78 instances of defect ICs. The defects are not further subdivided but contain a set of
burned ICs with visible black spots on the surface and a set of ICs with broken and merged pins.
Samples of these defects are shown in Figure 2. It is a common scenario that defects are rare and
heterogeneous, such as in our dataset. To alleviate this class imbalance, we aim to introduce synthetic
defects to the known and annotated ICs in our data.
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Figure 2: Samples of real defects in the training data in the top row as well as corresponding
synthesized additional defects at the bottom. The synthetic defects are all added to the same reference
image of an intact IC shown on the top left.

Since the perspective and illumination of images are fairly well constrained in our scenario, we skip
any 3D modeling and rendering. Realistic and varied training data can be generated with 2D image
processing in our case. In the following, we propose two different approaches to cater for the two
modes of defects we observe in the given real sample data, namely dark spots on the IC package and
pin deformations.

The first kind of synthetic defect introduces dark burn marks onto the ICs. To this end, we reduce
the annotated bounding box of an intact IC by 10%, generate a random polyline chain within these
bounds, apply some heavy Gaussian smoothing on its rendering, and alpha-blend the result onto the
original input image. This simple but effective strategy produces realistic dark spots as shown in
Figure 2.

For pin deformations, we perform three steps to a) identify image areas covered by pins, b) apply a
random deformation to the relevant area, and c) add a random white spot on top resembling a solder
blob. To identify the pin area, we compute image gradients near the image edges and identify blobs
of high gradients. For deformations, a coarse mesh of source and target coordinates is generated
randomly and bilinearly interpolated. This will ensure continuous and somewhat realistic looking
outputs. In addition, we apply a similar procedure as for burn marks to add white spots onto the pins
to simulate solder blobs. Again, a sample of the final result is shown in Figure 2.

The aforementioned transformations are applied to a random subset of all intact ICs in an image,
and of course the result is an image with additional realistic-looking defective ICs. The procedures
involved are lightweight and robust. They can hence be applied not only offline to generate a synthetic
training dataset but also online as an additional data augmentation step.

4 Copy-Paste Augmentation

The aforementioned augmentation strategy significantly increases the variety of data, but does
not offer a way of introducing novel variants of ICs or defects and adapting to distribution shifts.
Annotating entirely new images for retraining purposes is an option here, but each image will easily
contain dozens of objects, imposing a large annotation effort for each new sample.

We therefore argue that a much smaller library of challenging samples or rare cases can be extracted
from additional training images. This merely requires cropping e.g. a single IC from a novel image,
annotating it, and saving it to the library. Furthermore, with pre-cropped content, the annotation can
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Figure 3: Illustration of pasting challenging samples from a library into an existing training image.
The inserted objects appear at random locations and with minor variations in scale and orientation.
Note that we do not perform any smoothing at the edges.

Table 1: Libraries of additional training instances used for weak and strong copy-paste augmentation.

Weak Augmentation Strong Augmentation
Source intact defect background | intact defect background
Training 7 0 16 7 0 16
Extra 5 3 0 26 5 4
WACV-PCB [8] 6 0 1 37 0 4

be done efficiently with models such as SegmentAnything [7], in most cases with a single inference
run. A sample of such a library of rare cases is illustrated in Figure 3.

These crops are then pasted to random locations in the training images, where no other object is
already present. This simplifies handling of overlapping boxes or annotation masks and is sufficiently
realistic for our images of flat PCBs with components mounted on the top. To further increase
variability, we apply random scaling by £-10%, flipping, rotations by multiples of 90°, and additional
rotations by up to £10°. We do not apply any smoothing to the edges of the pasted crops, as this
does not generate any additional benefit. This is in line with reports, e.g. in [4]. If outlines of the
PCBs are known, this procedure can be further refined so that the novel samples are only pasted to
the foreground regions. With unknown PCB outlines, simply pasting larger numbers of samples in
both the foreground and background is also feasible. Pasting of multiple novel objects can be handled
sequentially.

Maintaining the library of challenging or rare samples provides an easy way to incorporate feedback
into the training, since expanding this library is a quick and efficient process. For a real application,
we envisage using this process, whenever a misdetection is observed by an operator. For reproducible
results in our experiments, we only incorporate a fixed set of additional training samples. In particular,
these samples are extracted using images from the WACV-PCB dataset [8], as well as 7 additional
images, that are not part of any other dataset. We also include crops of challenging parts from the
original training data to ensure that these have a good chance of being properly learned. To evaluate
whether just repeating known parts of the training data improves performance or whether the actually
novel out-of-distribution samples help with generalization, we consider weak and strong copy-paste
libraries in our experiments, with detailed statistics given in Table 1.

Note that a majority of the ICs in these libraries are in fact intact. Defects therefore remain rare as the
WACV-PCB dataset, like other relevant datasets, does not contain any defects. Hence, a combination
with the aforementioned methods of synthesizing defects seems to be the most promising to boost
performance. In particular, there are no defective samples of the rare yellow ICs shown as part of our
library in Figure 3, but with the combination of our proposed techniques, these are also represented
in the training process. Examples of augmentation results for the original images from Figure 1 are
shown in Figure 4.
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Table 2: Evaluation of several object detectors with different augmentation schemes.

Mask2Former Dino ConvNeXt RTMDet

[2] [21] [9] [11]
Svnthesi C Past mAP mAP mAP mAP mAP mAP mAP mAP
ynthesis | Lopy-taste | @05 @075 | @0.5 @0.75 | @0.5 @0.75 | @0.5 @0.75
- B 784 672 ] 83.7 60.1 | 88.1 7890 ] 622 338
- weak 803 698 | 86.1 627 | 893 810 | 673 467
- strong 80.7 711 | 871 633 | %88 806 | 694 466
active B 876 ®81.0] 908 681 918 R846 | 676 486
active weak 883 790 | 923 701 | 926 8290 | 69.7 491
active strong 89.1 805 | 924 700 | 93.1 842 | 686 477

5 Evaluation

In order to verify the efficiency of the proposed data augmentation schemes, we first perform a
qualitative visual analysis and then a thorough quantitative analysis of their effect on the training
results.

For visual analysis, we inspect several of the augmented images, such as shown in Figure 4. In these
images, a random number of up to 20 patches from the copy-paste library are added, and up to T0%
of the intact ICs are modified by adding synthetic defects. Closeups of real defects, synthetic defects,
and synthetic defects on pasted ICs from the library are also shown in Figure 5. Although a human
observer can spot the difference between real and synthetic defects and the pasted image patches
do not line up with the rest of the PCBs, the overall appearance of the modified training data is
realistic enough upon casual observation. In any case, we consider it worthwhile to run experiments
to validate their impact on the training of machine learning models.

To this end, we performed several experiments on the presented dataset of 101 images. We randomly
split this dataset into a fixed training set of 25 images, containing 196 intact and 15 defect ICs
respectively, and a validation set of 76 images, showing 456 intact and 63 defect ICs. The training
set is deliberately selected as small as 25 images to show the efficiency of our data augmentation
strategies for low-volume datasets. Experiments with a split of 75 training images and 26 validation
images showed similar trends, but at higher variance due to the small validation dataset.

We train various object detection and instance segmentation models, in particular Mask2Former [2],
Dino [21], Cascade Mask-RCNN with a ConvNeXt backbone [9] and RTMDet [11], to ensure that our
results are generalizable and transferable. For training, we use stochastic gradient descent running for
1,000 epochs, while we observe that all models achieve convergence and stabilize their performance
way before the training ends. The model weights are initialized from pretraining on the COCO
dataset. A cosine annealing strategy is applied to reduce the learning rate, and we switch from a strong
data augmentation pipeline for the first 600 epochs to a lighter one for the remaining final epochs.
If enabled, the first steps in data augmentation are our proposed copy-paste augmentation and the
strategies for synthesizing defects on annotated ICs. This is followed by a strong set of standard data
augmentation routines of mosaicing, resizing, cropping, HSV and photometric distortions, random
horizontal and/or vertical flipping, mixup and random rotations of up to 15°. With this strong set
of state-of-the-art augmentation methods, we observe little to no signs of overfitting in any of our
experiments.

To evaluate the effects of our novel data augmentation schemes, we first train a baseline model using
only the state-of-the-art standard augmentation methods. We then selectively apply and combine
our proposed copy-paste augmentation and the pipeline to generate synthetic defects. The resulting
values for mAP@0.5 and mAP@0.75 obtained at the bounding box level in our validation set are
listed in Table 2.

From these results, it is obvious that additional data augmentation improves the performance in
all cases, which is not surprising given the small training dataset. A significant boost is observed
whenever the pipeline for synthesizing defects is enabled, indicating that 2D image processing routines
provide an adequate way to generate realistic images of damage. The copy-paste augmentation shows
some weak gains, even if mainly the challenging samples from the training set are repeated. However,
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Figure 4: Samples of typical PCBs with several components that were modified using our proposed
data augmentation steps. Both our copy-and-paste augmentation and the defect synthesis are enabled
and significantly increase the available training samples of defects.

with additional out-of-distribution samples pasted into existing training images, additional gains are
consistently achieved, indicating that this is indeed a viable way of extending the training data via
online feedback. With the already strong pipeline for synthesizing defects enabled, the additional
gains of the copy-paste augmentation only manifest at the mAP@0.5 level. Note that the library of
source patches in our copy-paste augmentation already focuses on typical mistakes and challenging
samples, that we identified in prior experiments. Some examples of success stories illustrating the
benefits of our augmentation schemes are also given in Figure 6.

Comparing the different models, ConvNeXt [9] appears to perform marginally better than Dino [21]
and Mask2Former [2] in both the mAP@0.5 and mAP@0.75 metrics, while RTMDet [11] being
optimized for speed is trailing behind by a larger margin. In all cases, the proposed data augmentation
strategies improve the mAP scores up to a top value of 93.1 for mAP@0.5, thus making the automatic
PCB inspection system a viable approach in the intended use case. Some remaining failure cases are
shown in Figure 7. We believe some of these could be addressed by collecting additional samples and
injecting them into the copy-paste library. However, these are hard to find in our small training set of
25 images. It should also be noted that the presented detectors already generated valuable feedback
on annotation errors for the domain experts who prepared the dataset and perform at least on par with
human annotators.

6 Conclusions

In this paper, we consider techniques for applying machine learning in use cases with low-volume
datasets. Furthermore, the data in our use cases have very specific characteristics, and approaches
such as pre-training on web images have little chance of covering the specific defects we are interested
in. This is a typical scenario in many industrial vision applications, where datasets show only few
defects, that are also heterogeneous. Since each failure case is represented only by very few samples,
conventional training methods show only limited success.

We proposed two data augmentation strategies to counter the data scarcity in the application of
PCB component detection and inspection. As a first strategy, defects can be synthesized on the
intact samples by image transformations. As the second strategy, we propose to create a library of
challenging samples and paste them into the training images. This provides a viable approach for
incorporating feedback and out-of-distribution samples into training with little manual effort.

Overall, these techniques significantly improve the performance of a detector on the given PCB
dataset. They can also be used as a blueprint for similar applications with low-volume datasets.
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Figure 5: Closeup illustration of real defects (top row), synthesized defects (middle row) and
synthesized defects on copy-and-paste augmented samples (bottom row) generated with our proposed
data augmentation schemes. While close observation will reveal the synthetic nature of some of the
images, they appear convincing and well suited to extend the very limited training set.

original

no augmentation

with augmentation

Figure 6: Illustrations of success stories, where the data augmentation schemes improved detection
results. Left to right: Additional samples of yellow ICs in the copy-paste library improve their
detection, samples of unpopulated IC areas reduce false positives, samples of partly occluded ICs
are also included in the copy-paste library and example of a slightly damaged IC, that is correctly
classified with our augmentation scheme.
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Figure 7: Samples of remaining failure cases: ICs of odd shapes are occasionally missed, in some
cases, connectors are mistaken for ICs, not all occlusions can be handled and often, small MOSFETSs
or other irrelevant components are identified as ICs.
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Abstract

A non-destructive approach is proposed to assess the compressive strength of
reclaimed bricks using short-wave infrared (SWIR) hyperspectral imaging (HSI)
and a spectral-spatial 1D-Convolutional Neural Network (CNN). Hyperspectral
images of 60 bricks, capturing both outer (weathered) and inner (pristine) surfaces,
were analyzed. Regression reached R? = 0.625, while a three class (low, medium,
high) compressive strength classification achieved 83 % pixel level accuracy. At
the brick level, aggregating predictions with a majority-vote scheme attained an
accuracy of 91 % for outer and 98 % for inner surfaces. Score-CAM identified key
wavelengths around 1200-1400 nm (moisture) and 2300-2500 nm (clay minerals)
as driving the predictions. The results demonstrate that SWIR HSI can capture
mineral- and moisture-related signatures relevant to compressive strength, offering
a rapid, non-destructive screening tool for reclaimed bricks.

1 Introduction

Construction and demolition waste accounts for over a third of total waste in the European Union,
highlighting the need for effective material recovery strategies. Within the circular economy frame-
work, the European Commission promotes approaches that retain material value while minimizing
additional processing. Clay bricks are particularly suitable for reuse, as their material value is pre-
served and energy-intensive reprocessing avoided [2]. Before reuse, however, material performance
must be verified by assessing properties such as compressive strength, frost resistance, and water
absorption [10]. Standard compressive strength testing involves crushing representative bricks in a
hydraulic press, with the average strength determining the strength class. As this method is destructive
and time-consuming, it is unsuitable for rapid screening of large quantities of reclaimed bricks.

Therefore, non-destructive techniques that enable rapid assessment of brick quality are of increasing
interest. One promising approach is SWIR HSI, which provides information about both mineral
composition and moisture content. Clay bricks are primarily composed of clay minerals such as
kaolinite and montmorillonite, along with silicate minerals. These clay minerals exhibit characteristic
absorption features in the SWIR region, particularly between 2000 nm and 2500 nm due to vibrational
overtones and combination bands of hydroxyl (OH), metal-OH, and H20 molecular bonds [13].
These spectral features allow the mineral composition to be inferred from hyperspectral data, which is
closely linked to firing behavior, porosity, microstructure, and thus indirectly to compressive strength.
SWIR wavelengths are also highly sensitive to water, with strong absorption bands near 1400 nm
and 1900 nm [7, 9]. In porous ceramic materials such as bricks, moisture uptake is largely governed
by open porosity, which in turn is again closely related to compressive strength [4]. Relationships
between SWIR spectral features and compressive strength have been reported for several geomaterials.
SWIR absorption bands related to clay minerals and alteration phases show negative correlations
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with compressive strength of granite [12]. Similar correlations have also been observed in soils [8],
carbonates [1], volcanic rocks [6] and water-bearing sandstones [14].

In this work, a spectral-spatial 1D-CNN framework, initially introduced by Hsieh and Kiang [5]
on remote sensing hyperspectral data, was applied in a regression setting to investigate whether
compressive strength can be predicted directly from SWIR hyperspectral images of demolition bricks.
The model was subsequently repurposed for a three-class classification task, reflecting common
practice in the construction industry where bricks are typically evaluated against compressive strength
thresholds. In addition, post-hoc explainability using Score-CAM was applied to identify the
wavelengths most relevant to the model’s predictions.

2 Data Collection

A total of sixty bricks were extracted from different walls of a more than 100 years old building
scheduled for demolition in Vienna, Austria. Buildings of this age typically contain bricks from
different production batches and factories, as indicated by the different manufacturer stamps found on
the samples. However, as all bricks originate from a single building, including samples from multiple
demolition sites would further increase dataset diversity and should be considered in future work.

After extraction, the bricks were split in half immediately. One half of each brick was sealed to
preserve its original moisture content, and the other half was stored to dry. Only the dried halves
were used in the present experiments to reduce variability. In practical applications, bricks would
likely be analyzed immediately after extraction. Therefore, the influence of site-specific moisture
needs to be investigated in the future. Two surfaces of each selected half were imaged: (i) the largest
outer face, which may contain dust, mortar residues, or other surface coatings, and (ii) the freshly
exposed inner surface created by splitting the brick, representing uncontaminated brick material.

All images were acquired using a Specim SWIR hyperspectral push-broom camera, covering the
spectral range of 1000 nm to 2500 nm with a spectral resolution of 12 nm for a total of 288 bands.
A two-sided halogen lamp illumination was supplemented by a quartz glass rod to extend the
spectral coverage toward the thermal range. The data were radiometrically calibrated to obtain
relative reflectance, eliminating the influence of illumination and sensor response. Dark and white
references were recorded using a black cold cloth and a Spectralon target, and each pixel spectrum was
normalized against these references. After data acquisition, all bricks were subjected to an irreversible
uniaxial compressive strength test at the University of Natural Resources and Life Sciences Vienna
(BOKU). The resulting compressive strength values (in MPa) serve as ground-truth measurements.

3 Methodology

Instead of using transfer learning with an established backbone like ResNet [3] (which would require
an early frequency selection / dimensional reduction in order to fit the required 3 input channels) we
opted to follow Hsieh and Kiang [5], exploiting a ID-CNN with spectral-spatial input features (rather
than single spectra) to take into account the heterogeneous brick surfaces. For each target pixel, a
3x3 neighborhood was extracted and the nine spectral signatures were stacked together, yielding an
input tensor of dimension 9 x F' (with ' = 288 SWIR spectral bands). This representation encodes
local texture and reduces sensitivity to single-pixel noise, relevant for heterogeneous brick surfaces.

A 1D-CNN regression model was designed with the following sequential architecture:

1D Convolutional layer: 40 filters of size 5x 1, applied across the spectral dimension

1D Max pooling layer: factor-of-2 down-sampling followed by a ReLU activation function
1D Convolutional layer: 80 filters of size 5x1

1D Max pooling layer: factor-of-5 down-sampling followed by a ReLU activation function
Intermediate fully connected linear layer with output size of 100

Output fully connected linear layer for scalar regression (compressive strength in MPa)

Batch normalization was used after each convolutional layer to stabilize the learning process.

For classification, the same convolutional backbone was retained and a softmax function applied to
the output of the final layer in order to get the probability distribution over the three compressive
strength classes (low, medium and high). For this experiment, the boundaries of the three compressive
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strength classes were automatically selected as the 1/3 and 2/3 percentiles of the compressive strength
values of the dataset: < 9.95MPa (low), 9.95 MPa — 13 MPa (medium) and > 13 MPa (high).

The network was implemented in PyTorch and trained using the Adam optimizer with a learning rate
of 10~2 and a mean-squared-error loss for regression (cross-entropy for classification). The training
was run over 2000 epochs with a confidence-based early exit strategy.

For each brick sample, 2000 spectral-spatial patches were extracted at random, resulting in a 120,000
sample dataset. It was then partitioned into 60 % training, 20 % validation and 20 % test sets using
stratified sampling to balance the representation of outer and inner surfaces and strength ranges across
splits.

4 Results

The performance of the regression model on the test set yielded the following results: a RMSE of
2.35 MPa, a MAE of 1.76 MPa and a R? of 0.625 (Fig. 1a). Approximately 63 % of the variance in
compressive strength is explained by the model spectral-spatial input alone. The MAE of 1.76 MPa
is operationally meaningful given typical quality-class boundaries of 5 MPa to 10 MPa in brick
standards.

RMSE : 2.35
MAE ;176
R 063

(a) Regression - Correlation Plot (b) Classification - Confusion Matrix

Figure 1: Regression and classification results for the compressive strength of the reclaimed bricks.

When the CNN backbone was applied as a three-class classifier (low, medium and high compressive
strength), pixel-level predictions on the test set achieved an overall accuracy of 83 % (Fig. 1b). Mis-
classifications were primarily caused by surface contamination (dust, coatings or weathering crusts)
and small-scale material variability, rather than systematic differences between class boundaries. A
comparison between the rendered (with false colors from the HSI data) image of a sample outer-face
(Fig. 2a) and its pixelwise classification (Fig. 2b) shows the influence on the classification of localized
surface contamination. We noticed that inner surfaces, due to their cleaner and more homogeneous
composition, generally produced lower prediction variance on classification results. To estimate the
overall strength of each brick in a way that reflects conventional compressive testing, a majority-vote
scheme was applied across all pixels. At the brick-level we reached an accuracy of 91 % for the
outer-face classification and 98 % for the inner-surface classification. This aggregation improved
brick-level classification accuracy, and for the few bricks that remained misclassified after majority
voting, errors were mostly concentrated at the boundaries between adjacent classes, consistent with
the continuous and overlapping nature of compressive-strength distributions.

To gain insight into the spectral regions driving the three-class classifier, Score-CAM [11] was applied
as a post-hoc explainability tool. Score-CAM generates gradient-free saliency maps by weighting
each activation map according to its forward-passing score on the target class, thus identifying
which part of the input data (i.e. spectral channels) contribute most to a given prediction. A strong
influence of the spectral regions ranging from 1200 nm to 1400 nm and from 2300 nm to 2500 nm
was observed for all compressive strength classes (high confidence on the jet color scale of Fig. 3).
Still, the contribution of that last range was more pronounced in the high compressive strength class.
Furthermore, we identified an influence of the wavelengths around 1900 nm on the predictions for the
medium class (Fig. 3). These findings can be physically interpreted: the regions around 1400 nm and
1900 nm correspond to known water absorption bands, where elevated moisture content, indicative
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(a) Rendered RGB (false colors) (b) Classification

Figure 2: Pixelwise classification (low | medium | high compressive strength) of a outer face sample
with a measured (destructively) high compressive strength value of 11.6 MPa

of higher open porosity, is associated with weaker bricks [7]. The prominence of the 2300 nm to
2500 nm range corresponds to the characteristic absorption features of clay minerals [13, 12], the
abundance of which indicates the composition of the brick. Together, these results confirm that the
CNN has learned physically meaningful features rather than spurious correlations.
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Figure 3: Average Score-CAM results for 100 spectra of the medium compressive strength class.

5 Conclusion and Outlook

We have demonstrated that SWIR HSI can capture mineralogical and moisture-related features
and, combined with a spectral-spatial 1D-CNN, it enables the estimation of compressive strength in
reclaimed bricks (regression: MAE 1.76 MPa, R? = 0.625). For classification into three compressive
strength classes, a pixel-level accuracy of 83 % was reached, increasing to 91 % (outer) and 98 %
(inner) at the brick level when using majority voting.

Compressive strength measurements provide a single bulk value for each brick. For this reason,
majority voting was used to aggregate pixel-level predictions into a brick-level estimate that is
comparable to the measured value. However, the measured compressive strength is also influenced
by local instabilities, inclusions, and cracks. Such structural information is lost when reducing
spatially resolved predictions to a single value through majority voting. Future work should therefore
investigate how structural effects influence the overall compressive strength and develop more
advanced classification schemes that integrate pixel-wise predictions into a structural assessment of
the brick, providing an overall strength score. In addition, HSI is a surface inspection method and
cannot detect structural defects located inside the brick. It therefore remains unclear whether surface
information alone is sufficient to reliably predict compressive strength or whether complementary
bulk measurements are required. This should be further investigated using techniques such as X-ray
or CT imaging and acoustic testing to capture internal structural features.
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Abstract

Recent diffusion-based 6-DoF grasp generation methods like GraspGen achieve
state-of-the-art performance in simulation but face significant challenges when
deployed on real robotic platforms. We present a unified adaptation pipeline
for the Toyota Human Support Robot (HSR) that bridges these gaps without re-
training the foundation model. Our approach combines symmetry-based point
cloud completion to mitigate self-occlusion artifacts, three geometric feasibility
filters that reduce motion planning failures from 66 % to 16 %, and a kinematic
compensation for the HSR’s arc-shaped gripper trajectory. We show in our ex-
periments, that our pipeline achieves an overall success rate of 85 % which is
competitive with simulation of GraspGen while outperforming baselines M2T2
(56 %) and AnyGrasp (70 %) by up to 29 percentage points. Ablation studies
confirm the necessity of each component: symmetry completion improves suc-
cess by +13 percentage points, while geometric filtering enables 4x more grasp
candidates to reach execution. These results demonstrate that post-hoc adapta-
tions can unlock the real-world potential of simulation-trained grasping foundation
models on diverse hardware platforms. The code and repository are available at:
https://github.com/Ziegenschmuggler/GraspGenforHSR

1 Introduction

Recent advances in 6-DoF grasp generation have enabled robots to predict diverse, stable grasps
directly from single-view RGB-D observations [1], [2], [3], [4]. Diffusion-based methods such as
GraspGen [1] achieve outstanding results in simulation. However, transferring these simulation-
trained models to real-world robotic platforms remains challenging due to three primary factors:
(1) hardware-specific kinematics that deviate from the parallel-jaw grippers assumed during train-
ing [5], (2) incomplete point clouds from single-view perception that cause grasp predictions on
artificial boundaries [6], and (3) execution constraints that prevent motion planners from reaching
many grasps that are geometrically feasible [7].

We address these challenges on the Toyota Human Support Robot (HSR) [8], a representative
service robot platform with non-standard arc-shaped gripper kinematics. Our study shows that the
simulation-trained GraspGen foundation model can be adapted to real hardware without retraining
through a unified pipeline that implements symmetry-based point cloud completion to mitigate
single-view self-occlusion, three geometric feasibility filters (plane distance, approach-from-below,
approach-from-behind) to prune non-executable grasps before motion planning, and analytical
kinematic compensation mapping GraspGen'’s parallel-jaw poses to the HSR’s arc trajectory. These
results demonstrate that a simulation-trained foundation model, combined with geometric constraints
and platform-specific adaptations, achieves competitive real-world performance without requiring

*These authors contributed equally to the work.
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Figure 1: Overview of GraspGen+HSR: Instead of retraining, we combine GraspGen [1] with a
symmetric shape approximation and grasp filtering to advance grasping performance.

retraining or collecting real-world data. The consistent success across isolated objects, cluttered
scenes, and shelf grasps highlights the robustness of our unified adaptation strategy.

In summary, our contributions are the following:

* Demonstration that a simulation-trained foundation model, combined with geometric con-
straints and platform-specific adaptations, achieves competitive real-world performance
without retraining.

» A ROS-based [9] integration of the GraspGen framework that bridges the gap between
learned grasp generation and real-world execution on the HSR platform

» A symmetry-based shape completion method that creates pseudo-volumetric object repre-
sentations from single-view point clouds, preventing edge grasps while preserving concave
regions.

= Three lightweight filters that prune non-executable grasps prior to motion planning, reducing
planning failures from two-thirds to 16 %.

A kinematic compensation for the HSR’s arc-shaped gripper trajectory, enabling direct use
of GraspGen poses trained for parallel-jaw grippers.

In the following, we review related work on diffusion-based 6-DoF grasp generation and shape
completion (Section 2), present our unified adaptation pipeline (Section 3), and evaluate its real-world
performance on the Toyota HSR (Section 4).

2 Related Work

In this section, we review diffusion-based 6-DoF grasp generation and shape completion methods for
robotic manipulation.

2.1 Diffusion-based 6-DoF grasp generation

Modern 6-DoF grasping is typically framed as generating and scoring grasp poses directly in SE(3)
from 3D observations such as point clouds or depth data [10], [11], [1]. Earlier work explored
autoregressive models [12] and variational autoencoders [10] to sample grasp candidates and then
rank them with a learned critic, resulting in substantial improvements in diversity and success rates
compared to purely analytical approaches. More recent methods introduce diffusion-based generators
and combine them with discriminators that evaluate sampled poses, which have proven effective for
cluttered scenes and across different object shapes [11], [2], [3], [4].

GraspGen [1], follows this line of work and combines a diffusion transformer with an on-generator
discriminator, trained entirely in simulation on a large multi-gripper dataset, to achieve strong 6-DoF
grasping performance across different embodiments, levels of observability, and scene complexity.

While such models provide high-quality grasps in simulation and for standard parallel-jaw grippers,
they typically assume ideal point clouds and do not explicitly encode platform-specific execution
constraints [1], [13]. In our work, we adopt GraspGen as the fixed generative backbone and focus on
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adapting its predictions to the Toyota HSR without any retraining by adding perception, kinematic,
and execution layers that are tailored to the real robot.

2.2 Perception: single-view point clouds and completion

Most 6-DoF grasp networks operate on 3D information derived either from voxel grids, implicit
surfaces, or point clouds [1], [14], [15]. In practical setups, especially for mobile manipulators,
grasping must often be performed from single-view RGB-D observations, which leads to partial and
self-occluded object point clouds [6]. This incompleteness causes grasp generators to place contact
points in inefficient locations, leading to grasping failures. To mitigate these issues, shape completion
methods have been proposed that reconstruct full meshes or volumetric occupancy from partial
inputs before grasp planning [16]. These methods can significantly improve planning robustness
but usually require additional training data and heavy inference, which complicates deployment
on resource-constrained platforms [17]. As an alternative, we introduce light-weight geometric
priors to approximate the object shape. A Symmetry-based point cloud augmentation around the
object centroid creates a pseudo-volumetric shell that fills in occluded geometry without requiring
a learned completion network. Building on this insight, our pipeline uses a symmetry-based point
cloud augmentation that is explicitly designed as a lightweight front-end to GraspGen, preserving
graspable concavities while avoiding the cost of full shape completion.

3 Method

Fig. 2 illustrates our unified pipeline that adapts the pre-trained GraspGen [1] model to the HSR [8]
without retraining. The system processes single-view RGB-D observations through four sequential
stages: perception augmentation, grasp generation, geometric feasibility filtering, and final pose
selection with kinematic compensation, followed by Movelt! [18] motion planning.

—_— R

Shape
Approximation

RGB-D Input

[ Grasp Filtering l

Filtered Grasp Samples Chosen Grasp Final Grasp Pose

Figure 2: Single-view RGB-D input is processed through symmetry-based shape approximation to
create complete object geometry for GraspGen inference. Generated 6-DoF grasp candidates undergo
geometric feasibility filtering to remove non-executable poses. The highest-confidence filtered grasp
receives HSR-specific kinematic compensation before Movelt! execution.

3.1 Symmetry-Based Point Cloud Augmentation

Single-view RGB-D data produces incomplete point clouds due to self-occlusion. We create a
pseudo-complete object representation by reflecting visible points around their centroid and shifting
the reflected points behind the visible surface along the ray directions of the original points, see Fig. 3.
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This shape approximation forms a volumetric shell that prevents GraspGen from predicting grasps on
artificial depth discontinuities while preserving concave regions suitable for stable grasping.

(a) The original point cloud in real (b) The fully augmented point cloud (c) The chosen grasp based on the
coloring with the blue ray being the in red with the symmetry-based augmented point cloud.
view ray direction. added part.

Figure 3: Visualization of the symmetry-based point cloud augmentation process for creating pseudo-
volumetric shells. The mirrored points are shifted by the semi-heuristic parameters s along the ray
directions of each corresponding point p in the original point cloud. The view ray of the camera is
the blue line visible in all images.

Formally, given a partial point cloud P, = {p1,...,pn} captured from a single viewpoint, we
compute its centroid as:
1 n
c=—3"n )
i=1

We generate an augmented cloud F,,, by reflecting Py, across its centroid c. To ensure the
completed hull does not violate free-space constraints or overlap with the visible surface, we apply
shifts s along the ray direction of each point. The augmented points p’ € P,,,4 are defined as:

Paug = {p; | p; = 2¢ — pi + i, Ypi € Pove} )

where s; are computed as:

i 1o
5i = PI“.(dJr;ZIIp,:—cH), 3)
i=1

| |Pg

with d being a heuristic safety offset set to 5 mm ensuring that P, lies strictly behind the visible
surface Py, effectively creating a pseudo-volumetric representation for more stable grasp prediction.

As symmetry assumptions are applied, the augmentation process is only reliable if the object of
interest is also mostly symmetrical. Asymmetry to a certain degree is acceptable, as shown in Fig. 3a
and Fig. 3b. The milk box has an asymmetric gable-top design where the cap is located. This part
is mirrored to the backside bottom of the pseudo-volumetric shell and is therefore irrelevant for
grasping as grippers can not get that close to the supporting surface.

3.2 Geometric Grasp Filtering

From the set of collision-free grasp candidates G = {g;} generated by GraspGen (Fig. 4a), we apply
three lightweight geometric filters in the camera frame to discard poses that are likely to fail during
execution. Each grasp g; is represented by its position #; and an approach vector @; (the gripper
—z-axis) derived from the grasp’s rotation matrix R;. The support surface is expected to be the
dominant plane and its normal 5 and normal distance d are estimated from the scene point cloud
using RANSAC [19]. The effect of each filter is visualized in Fig. 4c—4e.

1) Distance to table: Grasps positioned in proximity to the supporting plane often result in gripper-
table collisions. As all points 7 in the dominant plane fulfill the plane equation 7 - p'= d, the normal
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(a) Sample of all generated grasps (b) Collision-free grasps (green) and chosen grasp

(black)

(c) Filtered grasps in proximity to the (d) Filtered grasps approaching from (e) Filtered grasps approaching from
table below behind

Figure 4: Visualization of geometric grasp filtering.

distance & between grasp position vectors and the plane can be calculated as:
s—F.5—d @)

If the distance d is lower than a given threshold A, the grasp is filtered out as shown in Fig. 4c.
Typical threshold values A would be in the range of a few centimeters, depending on the size and
form of the gripper.

2) Approach from below: Grasps with an upward approach vector require the gripper-joint to be
positioned lower than the gripper itself, which might cause collisions with the support surface. The
gripper’s approach vector is defined as @ = R0 : 3, 2]. To quantify this orientation, we compute the
alignment:

y=a-p (&)
As shown in Fig. 4d, assuming the plane normal points upwards, candidates are pruned if they
are above a given threshold v > T', eliminating the risk of table collisions. As -~ lies in the range
[—1, 1], a threshold of T" = 0 would effectively remove all grasps pointing upwards. Slightly higher
thresholds may be applicable if the gripper has a slim design. The lower the threshold, the more
rigorous is also the exclusion of downward approaching grasps.

3) Approach from behind: To avoid trajectories that require the robot to move around the table or
approach the object from the far side, we filter grasps that come from behind relative to the robot
base (Fig. 4e). The robot approach direction is calculated as 7, = —€, X p, assuming é points to the
right in the camera frame. All grasps coming from behind fulfill the condition below and are filtered
out, as shown in Fig. 4e.

Tg-a<0 (6)

Applying these three constraints yields the geometrically feasible subset Gras C G, which still
covers diverse approach directions but significantly reduces non-executable candidates. The final
selection among the remaining collision-free, feasible grasps is illustrated in Fig. 4b.

101



3.3 Kinematic Compensation

The GraspGen model predicts a grasp pose Tgrqsp € SE(3) assuming a fixed Tool Center Point
(TCP). However, the HSR’s arc-shaped fingers cause the physical contact point to shift along the
local z-axis as a function of the gripper aperture w. To align the predicted pose with the physical
hardware, we define the corrected execution pose Ty, as:

Tezee = Tyrasp - Trans(0,0, Az(w)) (7)

The compensation value Az(w) is derived from the kinematic linkage of the HSR gripper using
trigonometric relations:
w

2
E) (8)

where L represents the distance between the gripper-base and the fingertips. This transformation
ensures that the finger pads align precisely with the object surface, regardless of its width, preventing
collisions or shallow grasps caused by the arc-shaped closing trajectory. A comparison of the gripper
kinematics and a visualization of the object’s width estimation is shown in Fig. 5.

i

Az(w):L-(l— 1—(

kinematics assumed by Grasp- point cloud. an arc-shaped closing trajectory.
Gen.

Figure 5: Gripper compensation: As the deployed gripper on the HSR has an arc-shaped closing
trajectory, the TCP needs to be adjusted based on the estimated width, which defines the gripper’s
closing aperture w.

4 Experiments

We evaluate our integrated pipeline on a Toyota HSR in real-world grasping experiments. The
experiments are designed to assess the impact of kinematic compensation, symmetry-based point
cloud completion, and geometric grasp filtering across different scene configurations.

4.1 Experimental Setup

The HSR is equipped with a head-mounted RGB-D sensor used for object perception. We employ
Grounded SAM [20] for instance segmentation of target objects and Movelt! [18] for motion planning.
Our test suite consists of 8 diverse household objects (e.g., bottles, cans, boxes, and small tools)
spanning different geometric classes, including cylindrical, box-like, and thin elongated shapes. A
successful grasp is defined as the robot closing the gripper on the target object, lifting it from the
support surface, and maintaining a stable hold during a short transport motion.

4.2 Real Robot Experiments

We compare our full GraspGen+HSR pipeline against the unmodified GraspGen model, M2T2 [3],
and AnyGrasp [4]. For the baselines, we use the official weights and default configurations as released
by the authors.

We evaluate three settings that progressively increase task difficulty: grasping isolated objects on
a clear tabletop, grasping a defined object from cluttered tabletop scenes, and grasping an object
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Experimental Setup AIC] 1[N

Figure 6: Experimental Setup for some single standing objects, the cluttered scene and the shelf test.
The objects are from left to right and top to bottom labeled as: Bowl, Mug, Tea Box, Milk, Mustard,
Tomato Tube, Blue Ball. The Small Cylinder can be seen in the cluttered scene (bottom middle) at

the bottom right.

standing in a shelf compartment (Fig. 6). All isolated objects are grasped 10 times, resulting in a
total of 80 trials. In the cluttered scenes and the shelf tests, the mustard bottle is always the object
of interest, again being grasped 10 times in both settings. Experimental results are summarized in
Tab. 1. While GraspGen slightly edges out our method on isolated objects (91 % vs. 86 %), our full
pipeline clearly excels in clutter (90 % vs. 83 %) due to symmetry-based shape completion and in
shelf scenarios (80 % vs. 72 %) thanks to geometric feasibility filtering.

These results show that a simulation-trained foundation model, combined with geometric constraints
(approach filtering, plane distance) and platform-specific adaptations (kinematic compensation, sym-
metry completion), can achieve competitive real-world performance without the need for retraining or
real-world data collection. The consistent success across diverse scenarios highlights the robustness
of our unified adaptation strategy.

Table 1: Comparison with recent 6-DoF grasping methods across three scenarios. Our Grasp-
Gen+HSR pipeline significantly outperforms baselines, particularly in clutter and constrained shelf
environments. Experimental results for GraspGen, M2T2 and AnyGrasp have been reported in [1].

Method Isolated Cluttered Table Shelf
GraspGen+HSR (Ours) 86 % 90 % 80 %
GraspGen [1] 91 % 83% 72 %
M2T2 [3] 81% 75 % 14 %
AnyGrasp [4] 86 % 83 % 43 %

4.3 Ablation Study: Geometric Filtering

To quantify the effect of the geometric feasibility filters, we compare our full pipeline against a
baseline that uses GraspGen generation and scene collision checking only, without the additional
plane-distance and approach-direction constraints. In the baseline, the highest-confidence grasp
is rejected by the motion planner as infeasible in 66% of trials, leading to long planning times
and frequent failures. In Fig. 7, this metric is reported as the planning failure rate, defined as the
fraction of highest-scoring grasps rejected by the planner. With our geometric filtering in place,
this planning failure rate is reduced to 16 % (see Fig. 7), which significantly decreases the latency
between perception and execution and increases the number of trials that reach the execution phase.
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Figure 7: Effect of Geometric Filtering on Motion Planning

4.4 Grasping Performance

We conducted 100 grasp attempts (isolated objects + cluttered scenes + shelf tests) that systematically
test each component of our pipeline. In isolated-object scenarios on clear tabletops, we evaluate
the accuracy of our kinematic compensation by measuring grasp stability and lift success for single
objects without occlusions. Cluttered scenes assess the effectiveness of symmetry-based point
cloud completion under partial self-occlusion, where GraspGen would otherwise predict grasps on
incomplete object boundaries. Shelf grasping scenarios challenge the geometric approach-direction
filters by requiring precise top-down trajectories in vertically constrained environments.

The complete pipeline achieves an overall success rate of 86 % across all conditions. Table 2 reports
per-category performance, revealing that cubic objects (Milk) benefit most from our symmetry
completion. Transparent and metallic items remain challenging due to inherent perception limitations.
Object detection from RGB-D sensor data with Grounded SAM [20] yielded poor point clouds,
which inevitably led to poor grasping results and frequent planning failures. This is why they are
not included in Tab. 2. Fig. 7 visualizes the reduction in motion planning failures enabled by our
geometric filters.

Object Category w/o Symmetry Expansion w/ Symmetry Expansion

Bowl 80 % 90 %
Milk 50 % 90 %
Blue Ball 80 % 100 %
Mug 70 % 80%
Mustard 100 % 90 %
Small Cylinder 80 % 80 %
Tea Box 80 % 90 %
Tomato Tube 90 % 70 %
Cluttered Scene 20 % 90 %
Shelf Tests 80 % 80%
Total 73 % 86 %

Table 2: Grasping Success Rate Across Different Object Categories. Details about setup, shape, and
size can be seen in Fig. 6

5 Conclusion

We presented a unified pipeline adapting simulation-trained GraspGen to the Toyota HSR without
retraining. Our experiments demonstrate that post-hoc adaptations can unlock foundation grasping
models for diverse service robots, avoiding costly retraining. Future work will extend the pipeline to
a language-guided zero-shot pick-and-place method.
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Abstract

Fragmented occlusion, as encountered in through-foliage observation, makes
monocular motion estimation difficult because the target is visible only through
sparse, discontinuous image fragments. We estimate motion by warping frames
under a parametric model and maximizing the contrast of their integrated image.
Although effective for 2DoF translation, this objective becomes ill-conditioned for
4DoF similarity motion. To analyze this, we derive a Fourier-domain reformula-
tion that exposes the optimization structure and shows that static occlusion biases
the objective toward zero motion. This motivates a decoupled 4DoF pipeline in
which rotation and scale are estimated separately from translation. On synthetic
videos with controlled fragmented occlusion, the Fourier formulation matches the
spatial baseline at low-to-mid occlusion while converging faster, and the decoupled
pipeline restores reliable translation recovery where joint 4DoF optimization fails.

1 Introduction

Fragmented occlusion [1] arises when an object is visible only through disconnected foreground
gaps, as in observation through foliage, fences, or clutter. The visible evidence is sparse and spatially
discontinuous, making correspondence-based motion estimation unreliable: classical optical flow
and local registration methods [2—4] rely on brightness constancy and locally coherent support, both
of which become fragile when the target never appears as a large connected region. We therefore
consider monocular motion estimation from image sequences in which the object is never fully visible
in any single frame, and motion must be inferred without reliable local matches.

An alternative is to estimate motion by warping and integrating observations under a low-dimensional
parametric model. Variants of this principle appear in direct parametric alignment [5], synthetic-
aperture reconstruction [6], and contrast-maximization methods for event cameras [7]. These ap-
proaches avoid explicit correspondences, but they do not directly address similarity motion under
persistent fragmented occlusion in a monocular setting with a single global motion model.

Here we revisit contrast-based motion estimation under fragmented occlusion. The formulation works
well for 2DoF translation, but becomes ill-conditioned for 4DoF similarity motion because repeated
warp composition couples translation, rotation, and scale. We derive a Fourier-domain reformulation
that makes the objective interpretable as a competition between moving-object alignment and static
occlusion, and use this perspective to explain the instability of joint 4DoF optimization. Guided by
this structure, we decouple the estimation: rotation and scale are first recovered by maximizing the
same contrast objective in log-polar Fourier coordinates, and translation is then estimated separately
using the same objective.
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2 Problem formulation

2.1 Spatial domain

LetIo, ..., I7_1 be a grayscale video sequence with I, € RM*N and let W (-, #) denote a parametric
warp with motion parameters 6. We align each frame before temporal integration:

_ 1 T-—1
t=0

where W' denotes the ¢-fold application of the motion model. We then define
fopt(Ijo...7—1],0) :== Var(I(0)), 0* = aifgmgxfupt(f[o..ﬂ"—l],ﬂ)- 2

Correct motion compensation sharpens the target in I(6), while static occluders and background

become blurred by averaging. In the 2DoF setting, 6 = [, 'ry]T is a coherent translation. In the
4DoF setting, we use a similarity model with translation, rotation, and isotropic scale.

2.2 Fourier domain

We first consider the translation case. By the Fourier shift theorem and linearity, the integrated image
becomes
=
FUIO)} = 7 3 e 70 F{1,). )
t=0
where
Tx Ty
)= —+—=.
We model each frame as the sum of a moving component and a static occlusion component,
It = Wt(Imuv; 9*) + JErc:n:c: {5)
where I,y denotes the target appearance, I, the static occluder, and 6* the true motion. Substituting
into (3) yields

“)

f{f(ﬁ)} = H(A¢) F{lmov} + H(¢) F{locc}, (6)
with
N 1— g JuT¥
A == ¢(0) — 6(6%), H() = T(1—e9e9)° (N
Since the variance objective equals non-DC Fourier energy, we obtain
fopt(I[D,,.T—I]: 9) D‘(EF Z |H(A¢) -F{Imov} + H(ﬁb) -F‘{Iocc}l2 . {8)

(m.n)7#(0,0)
This makes the optimization structure explicit: the moving-object term is maximized at the true
motion, whereas the static-occlusion term is maximized at zero motion and therefore biases the
objective accordingly. In higher-DoF settings, additional motion parameters further weaken the
coherence of the moving term, exacerbating this competition and destabilizing joint optimization.

3 Motion decoupling for 4DoF

The Fourier formulation suggests a natural way to address this instability. In similarity motion,
translation is encoded in Fourier phase, while rotation and scale are encoded in Fourier magnitude;
after log-polar remapping, the latter become translations in log-polar coordinates [8, 9]. This yields a
two-stage pipeline. In phase 1, each frame is mapped to Fourier magnitude, remapped to log-polar
coordinates, and rotation and scale are estimated by maximizing the same contrast objective over
the integrated representations. In phase 2, frames are aligned using the recovered rotation and scale,
and the residual translation is estimated by maximizing fop; in the image or Fourier domain. This
separation prevents rotation and scale errors from being absorbed as translation drift and stabilizes
optimization.
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4 Experiments

4.1 Experimental setup

We evaluate the proposed methods on synthetic grayscale videos of simple high-contrast geometric
shapes undergoing coherent motion. Each sequence contains T = 8 frames of size 128 x 128. This
setup isolates the effect of fragmented occlusion under controlled variation in occlusion density.
Fragmented occlusion is simulated by static structured masks, and occlusion density is defined as
the fraction of pixels within the motion support covered by the mask. All methods are optimized
with Adam, learning rate 0.1, and a fixed budget of 200 iterations for 2DoF and for each phase of the
4DoF pipeline.

In the 2DoF setting, motion is restricted to coherent translation and we compare the original spatial-
domain contrast objective with its Fourier-domain reformulation. In the 4DoF setting, we compare
direct joint optimization against the proposed decoupled pipeline.

4.2 Evaluation metrics

We use translation endpoint error (EPE) as the primary metric:

EPE = ||# — 7*]. ©)

We treat optimization on a single video-motion instance as successful once the recovered translation
satisfies EPE < 0.5. We additionally report median time-to-threshold (TTT), i.e. the number of
optimization steps required to first satisfy this criterion. In the 4DoF setting, our primary goal is not
precise estimation of rotation and scale in isolation, but successful motion decoupling: we evaluate
whether the recovered rotation and scale are sufficient to remove drift and restore accurate translation
recovery.

4.3 Results

Figure 1 summarizes the main empirical findings. In the 2DoF setting, the Fourier-domain objective
closely matches the spatial objective at low occlusion densities, confirming that the reformulation
preserves the behavior of the original contrast objective in the translation regime. Over this low-to-
mid density range, the Fourier formulation reaches the EPE threshold in fewer iterations and exhibits
a flatter time-to-threshold profile. At moderate and heavy occlusion, however, the spatial objective is
consistently more robust in success rate, and both methods eventually break down.

The 4DoF experiment reveals a qualitatively different phenomenon. Direct joint optimization of
translation, rotation, and scale fails already in the unoccluded case, indicating that the difficulty is not
caused by occlusion alone but by the structure of the joint objective itself. This is consistent with
the analysis in the previous sections: repeated warp composition couples the motion parameters, so
that errors in rotation and scale are absorbed as translation drift. In contrast, the proposed decoupled
pipeline succeeds reliably at low occlusion and degrades gradually as density increases. The gap is
therefore structural rather than purely quantitative.

5 Conclusion

We introduced a Fourier-domain reformulation of a contrast-maximization objective for motion
estimation under fragmented occlusion. The analysis reveals a competition between moving-object
alignment and static occlusion, which increasingly biases the objective and leads to instability in joint
4DoF optimization.

This perspective leads to a decoupled estimation strategy in which rotation and scale are recovered
separately from translation. Experiments confirm that, at low-to-mid occlusion densities, the Fourier
formulation retains the behavior of the spatial formulation in the translation regime while improving
convergence, and that decoupling resolves the failure of joint optimization in 4DoF settings.

Future work will extend the analysis to real through-foliage and other naturally occluded sequences
to assess robustness beyond synthetic settings.
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2DoF success rate vs occlusion density
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Figure 1: Optimization under fragmented occlusion. Top: 2DoF translation success rate versus occlusion
density for spatial and Fourier objectives. Middle: corresponding median time-to-threshold (TTT). Bottom:
4DoF similarity-motion success rate versus occlusion density for joint optimization and the proposed decoupled
pipeline.
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Abstract

This is work about using (polarization) filters in hand-vein biometric recognition.
Experiments clearly demonstrate that the respective application of linear polar-
ization, circular polarization, and band pass filters on the capturing lens improve
hand-vein sample image quality across a considerable range of specific vascular
image quality metrics. In case the illumination source is additionally equipped
with a linear polarization filter (in relative perpendicular direction), further quality
improvement could not be demonstrated.

1 Introduction

Biometric authentication systems are well established today as they exhibit many advantages over
traditional password and token based ones. The most prominent examples are fingerprint and face
recognition systems. In recent times, authentication based on finger- and hand-veins gains more
attention as it provides advantages over the well established fingerprint techniques (Uhl et al. [2019]).
Over the past few years, pioneered by Fujitsu’s PalmSecure palm vein authentication technology,
major technology companies including Tencent (i.e. Tencent PalmAI — Weixin/WeChat Pay) and
Amazon (i.e. Amazon One) have released palm vein scanning-based payment systems, which have
been applied to various scenarios such as grocery shops, subway stations, and sports venues, reaching
tens of millions of registered users (Kuang et al. [2024]).

Hand-vein recognition utilizes the pattern of the blood vessels inside the hand of a human, which is
captured using near-infrared (NIR) illumination. The vein patterns are neither susceptible to abrasion
nor to skin surface conditions. However, the vein images have low contrast and quality in general
and the vein structure may be influenced by temperature, physical activity and certain injuries and
diseases (Kirchgasser et al. [2019]). NIR illumination is the key to finger- and hand-vein recognition.
The positioning of the light source with respect to the camera and the subject’s finger or hand plays
an important role. We distinguish between reflected light, where the light source and the camera are
placed on the same side of the hand and the light is reflected from the skin surface and deeper tissue
layers and trans-illumination, where the light source and the camera are located on the opposite side
of the hand and the light passes through tissue.

One way to deal with the low quality and low contrast of hand-vein imagery is to consider polarized
NIR light to better cope with reflections and scattering light. In two keynote talks given at the
IEEE/IAPR International Joint Conferences on Biometrics (IJCB) in 2023 and 2024, the Amazon
One team postulated the usage of polarized NIR in their system, while hardly any details have been
disclosed. On the other hand, the WeChat Pay group published work in this direction: In (Sun et al.
[2023]) they report on the usage of polarization in a traditional hand-vein imaging system (however,
only providing visual examples on the effects of doing so) while in (Kuang et al. [2024]) they suggest
a polarization-selective metalens, a highly specialized imaging system, for hand-vein acquisition.
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In this work, we extend a traditional hand-vein acquisition system (Kauba and Uhl [2018]) by
employing a set of filters including circular and linear polarization filters. Instead of only considering
visual examples as a “proof” of improved sample quality (as done in (Sun et al. [2023])), we apply a
set of vascular image quality metrics to the data, which have been introduced to predict the suitability
of sample data in a subsequent recognition process. In Section 2, we describe the experiments
conducted in terms of the acquisition setup and the vascular image quality metrics employed. In
Section 3, we present the results of applying the image quality metrics to the acquired data while
providing conclusions and an outlook to further work in this direction in the Conclusion.

2 Experimental Setup

2.1 Hand-Vein Capturing Device

The hand-vein samples for the experiments were acquired using a custom built capturing device
introduced earlier (Kauba and Uhl [2018]), with modified reflected light emitters. This capturing
devices uses a NIR enhanced industrial camera, IDS Imaging UI-1240ML-NIR with a maximum
resolution of 1280x1024 pixels together with a 9 mm wide-angle-lens. The used polarization filters
can be screwed on the front of the lens. The device has two illumination sources, located at the top
left and top right side wall, each targeting the wooden inside wall rather then directly targeting the
hand surface. Each illumination source consists of two rows of 8 NIR-LEDs, one row with 850 nm
LEDs, the other one with 950 nm LEDs — the former was used in data acquisition for the experiments.
The brightness of the LEDs can be controlled to achieve an optimal contrast.

2.2 Polarization Filters

Several different filters, including one circular and three linear polarization filters, have been applied
to the lens:

Lens without any filter: No filter was applied to the lens.

BN850: narrow band-pass filter with a center frequency of 850 nm.

PRO032: linear polarisation filter from MIDOPT with a wavelength band of 400 - 700 nm.

PR120: linear polarisation filter (high contrast version) from MIDOPT with a wavelength band of
400 - 750 nm.

PR1000: linear polarisation filter (high contrast version) from MIDOPT with a wavelength band of
400 - 2000 nm.

PC052: circular polarisation filter from MIDOPT with a wavelength band of 450 - 650 nm.

In addition, the following filter has been applied to the illumination sources optionally:

PS1000: linear polarizing film from MIDOPT with a wavelength band of 400 - 2000 nm. In case of its
application, the polarization direction is perpendicular to that of the lens mounted linear polarization
filters. Fig. 1 illustrates the illumination and capturing principle with linear polarisation filters. Details
and datasheets for the filters can be found at: https://midopt.com/filters/polarizing/

%

UNPOLARIZED
LIGHT

LINEAR POLARIZING SHEET UINEAR POLARIZING FILTER
(FOR LIGHT SOURCE) (FOR LENS) Rotote perpendicular
to the axis of polarisation of
the Linear Polarizing Sheet for
maximum glare reduction.

HIGHLY ——
REFLECTIVE ’ -
SURFACE

Figure 1: Linear polarisation filter applied to illumination source and camera lens. Pictures from:
https://midopt.com/filters/polarizing/
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2.3 Capturing Protocol

Hand-vein sample data from a single subject have been captured in different illumination and
polarization filter settings, respectively:

* Outdoor (with direct sunlight or with cloudy sky)
* Indoor (with artificial ceiling light or with light shining through window only)

= Frontal lid closed or frontal lid open

The frontal lid of the capturing device is meant to protect the imaging process from incident light.
Per default it is closed, but to study the effect of even more challenging acquisition, we have added
settings with this frontal lid being removed (i.e. “frontal lid open™). For each of those settings, all of
the aforementioned polarization filters have been applied. In addition, the polarization filter on the
illumination source has been applied as well in selected settings. For each configuration, 5 dorsal
and 5 palmar hand-vein samples have been acquired, and their quality values have been averaged for
the experimental results provided. Figure 2 displays three dorsal example images as captured for the
experiments, overall, roughly 1600 samples have been taken.

1 ls [‘l! E&ll

Figure 2: Example dorsal sample images captured with sensors PC052, PR032 and PR1000 (from
left to right): Capturing in direct sunlight with lid of capturing box open.

2.4 TImage Quality Metrics

To evaluate the impact of the polarization filters, the following hand-vein specific (all but the last) and
general image quality metrics (NIQE) were employed (see Kirchgasser et al. [2025] for an overview):
Wang (Wang et al. [2017]): This palm-vein specific quality metric is based on clarity and brightness
uniformity.

GCF ( Mtgtkovic et al. [2005]): The Global Contrast Factor (GCF) should correspond closer to the
human perception of contrast. GCF uses contrasts at various resolution levels to compute the overall
contrast.

HSNR (Ma et al. [2013]): The HSNR (signal to noise ratio based on the human visual system)
finger-vein image quality evaluation index is based on both, the human visual characteristics and
finger-vein image characteristics, by combining several features: contrast score, effective area score,
finger shifting score and a noise level.

GLES (Yang et al. [2013]): The grey level entropy score is based on a discrete image entropy
calculation.

ES (Yang et al. [2013]): The entropy score is also based on a discrete image entropy calculation, with
only slight variation relative to GLES.

NIQE (Saad and Bovik [2012]): Is a general purpose no-reference opinion-unaware and distortion
unaware image quality metric.

For all metrics but NIQE (where the opposite is true), larger values indicate higher sample image

quality.

3 Experimental Results

Results in Tables 1 and 2 are sample-averaged quality metric values. In the “No Filter” row, samples
are acquired by the sensor without any filter being mounted. For all other rows, filters denoted in the
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first column are screwed on the lens. The first metric value is obtained with plain illumination source,
the second value originates from the additional application of polarizing film to the illumination
source. In Table 1, we display the results for the most controlled acquisition environment, i.e. indoor
capturing with artificial light from the ceiling and closed frontal lid.

Table 1: Controlled environment: Indoor capturing (artificial ceiling light) with closed frontal lid.

Wang GCF GLES ES HSNR NIQE
No Filter 0.32 1.54 0.94 5.92 86.4 8.02
BN850 | 0.47/0.52 | 2.23/1.51 | 1.00/0.98 | 7.66/6.49 | 87.8/95.6 | 8.22/10.2
PC052 | 0.34/0.41 | 1.68/1.65 | 0.98/0.98 | 6.31/6.81 | 87.9/88.9 | 10.7/8.56
PRO32 | 0.55/0.42 | 1.63/0.98 | 0.98/0.99 | 6.08/7.24 | 90.2/91.9 | 13.0/7.98
PR1000 | 0.57/0.35 | 1.50/2.00 | 0.98/0.99 | 6.12/6.80 | 93.5/93.0 | 12.6/11.0
PR120 | 0.50/0.47 | 2.83/2.00 | 0.99/0.99 | 6.98/6.82 | 94.3/92.8 | 11.0/8.98

In green, we depict the overall best metric value per image quality metric. We notice that this value is
inconsistently attained: With and without polarization film on illumination source and for different
filters (only the circular polarization filter PC052 values never show up in green). In any case, for
all quality metrics specific to vascular data, the metric values observed with filters on the lens are
superior to those without filter being applied (“No Filter”; only for the GCF metric we observe one
inferior value indicated in red). For the NIQE quality metric, all but a single value are worse in case
of filters being applied, i.e. indicating better quality for the “No Filter” setting. In Table 2, we display
the results for the most uncontrolled acquisition environment considered, outdoor capturing with
cloudy sky and open frontal lid.

Table 2: Uncontrolled environment: Outdoor capturing (cloudy sky) with open frontal lid

Wang GCF GLES ES HSNR NIQE

No Filter 0.32 1.21 0.81 5.68 84.4 8.05
BN850 | 0.36/0.47 | 2.16/2.00 | 0.97/0.99 | 7.39/6.82 | 86.6/92.8 | 8.10/8.98
PC052 | 0.31/0.42 | 1.54/0.98 | 0.94/0.99 | 6.11/7.24 | 85.9/91.9 | 9.45/7.98
PRO32 | 0.49/0.35 | 1.49/2.00 | 0.87/0.99 | 6.12/5.80 | 88.2/93.0 | 10.2/11.0
PR1000 | 0.42/0.41 | 1.20/1.65 | 0.84/0.98 | 6.12/6.81 | 90.5/88.9 | 10.4/8.56
PR120 | 0.41/0.52 | 2.63/1.51 | 0.87/0.98 | 6.18/6.49 | 91.3/95.6 | 9.18/10.2

Considering the “No Filter” setting, the quality metric values for the uncontrolled environment are
consistently inferior as compared to the controlled environment (as it is expected; only for the Wang
metric, the values are identical and for NIQE, the value for uncontrolled setting is slightly superior).
In green, we again depict the overall best metric value per image quality metric. We notice that
this value is still inconsistently attained, but not entirely random: In four out of six quality metrics
green values are observed with polarization film on illumination source and the values of the linear
polarization filter PR120 show up three times in green. In any case, again for all but two quality
metrics specific to vascular data, the metric values observed with filters on the lens are superior
to those without filter being applied (“No Filter”’; exceptions where we observe inferior values are
indicated in red: Wang & GCF for one filter and negligible decrease). Again, for the NIQE quality
metric, all but a single value are worse in case of filters being applied.

4 Conclusion

Experimental results clearly indicate that applying polarization (and other filters) to the lens, improves
hand-vein sample image quality across the considered range of specific vascular quality metrics.
However, we have found no empirical evidence that equipping illumination source additionally with
a linear polarization foil (in relative perpendicular direction to the lens filters if applicable) further
enhances those quality values. Also, linear polarization does not turn out to be superior to circular
polarization and band-pass filtering. NIQE behaves antithetic to the vascular sample quality metrics,
which is not too surprising, as it is designed to work on natural images captured under visible light.

In future work we aim to confirm these findings in actual recognition experiments, confirming results
in (Kuang et al. [2024]) for a standard hand-vein acquisition system.
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physics-informed Gaussian Processes
(Extended abstract)
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1 Introduction

Hybrid approaches combining differential equations and machine learning, commonly referred to
as physics-informed machine learning, have gained significant attention in recent years. Prominent
examples include Physics-Informed Neural Networks (PINNs) [1] and Physics-Informed Gaussian
Processes (PIGPs), the latter naturally providing uncertainty quantification. PIGPs encode differential
constraints directly in the covariance kernel, and existing approaches can be roughly grouped into
two schools of thought. Operator-based constructions apply differential operators to a base kernel,
yielding systematic and algorithmic methods, but are often restricted to controllable systems [2] or
specific classes of differential equations [3] or may require many auxiliary outputs [4] and a relatively
large amount of data. In contrast, Mercer-type constructions build kernels from problem-specific
solution components such as Green’s functions [5] or fundamental solutions [6]; while typically data
efficient, they rely on analytical insight and substantial manual derivation. We propose Monge-GPs, a
hybrid construction based on Monge parametrization that unifies operator-based kernels as in [2] and
Mercer kernels as in [6]. By parametrizing the controllable dynamics algorithmically and restricting
problem-specific design to a low-dimensional autonomous component, the approach substantially
reduces the need for manual kernel design, and stays data efficient while lifting the restriction to
controllable systems.

2 We present: Monge GPs - The theory

Let’s suppose we have a system of linear ODEs or PDEs, represented by a full row-rank operator
matrix R and unknown solutions 7 of the form

Rp=0. (1)

This system is called controllable, if all possible solutions in a function space (for example C'*°) can
be written in the parametrized form n = B¢ for any ( € C°°, where B is an operator matrix that
forms the null-space of R, i.e. RB = 0. Gaussian processes are closed under linear operators, so we
can construct a parametrized GP by transforming the kernel with this parametrization matrix such as
in [2]. We need a base kernel kq, whose realizations are dense in C'°, in order to be able to realize
the ¢ in our solution - the standard RBF kernel is the natural choice here. The parametrized kernel is
then simply K (x,x’) = B(x)BT (x')ko(x,x’). We see that this parametrization approach depends
crucially onB being non-trivial and expressive enough, and therefore per definition on controllability.

If the system is not fully controllable however, we propose to instead decompose the solution
using the so-called Monge parametrization as used in [7], leading to our Monge-GP. The basic
idea can be formalized as follows: We can split the system matrix R into its controllable part R’
and its autonomous part represented by R”, such that R = R”R’. Since R’ is controllable, it has
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a parametrization matrix B (ie. R'B = 0), as well as a right-inverse matrix (R’)~!. Defining
R'n =: £, we define a new, but equivalent, system of equations

Rn=0% (R"¢€=0ARn=¥¢). (2)

This means we first need to find the solutions of the autonomous problem R"¢ = 0. This corresponds
to a Mercer-type construction applied to the reduced autonomous subsystem, which is typically much
simpler than the original system since the parametrizable component has already been separated.
Given our found solution £ (for n > 1 independent vector-valued solutions, £ will be a matrix with n
columns), we can go ahead and solve the inhomogeneous equation R'n = £, whose general solution
can be split into a homogeneous and a particular part » = 7, + 7. With the parametrization matrix
B we can write the general homogeneous solution as i, = B( for any ¢ € C*. Furthermore, by
inverting R', we can find a particular solution to the inhomogeneous part of our problem, thus writing
the general solution as

n=B(+((R)%€C V(eC® CeR". 3)

How can we translate this into our kernel function? The homogeneous part of the solution is
controllable and can therefore be translated into the kernel through parametrization just as discussed
earlier. The autonomous, i.e. particular part of the solution in contrast has more constraints and can
therefore in general be expressed through its fundamental solutions ¢ = (R’) !¢ as a Mercer kernel

kp(x, %) =) $i(0)Tis65(x)T i ¢y € 6. @
i

with a positive semi-definite, and in general diagonal, covariance . Since GPs are closed under
addition, we can then form a full GP that is able to realize all controllable and autonomous solutions
of our system by adding the parametrized and autonomous kernel. The full solution kernel is then
simply

K (x,x') = B(x)BT (x')ko(x,x') + kp(x,X'). ©)

3 Example: Bipendulum

Let’s consider the Bipendulum ODE system also discussed in [3, 8]. It consists of two pendula, of
lengths £; = £5 = 1 that are connected on top by a rod that moves according to its acceleration w(z).
The linearized system is represented by

2 01(t)
2+1 0 1
R”_‘( 0 2+1 —1) (iz((:))) o ©

setting the gravitational acceleration to g = 1 for simplicity. The parametrizable part of our system
R’, the corresponding parametrization matrix B and right-inverse matrix (R')~! are

Lo o 1 Lo
R’:( ) ) B=| 1 (R)y1=[0 o %)
0 i+l -1 82 +1 0 -1

Since R’ # R, we need to define the autonomous subsystem represented by R" by factorizing R,

yielding
" ?+1 1) (& 0
we= ("1 1) (@)-6)
= & =0, & € span{cos(t),sin(t)}. (6]

This leads to the autonomous solution

1 0 . cos(t) sin(t)
mp = (R))1€ = (0 0) (COE&) SHB&)) = ( 0 0 ) ©

0 -1 0 0
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and therefore the full solution therefore reads

1 cos(t) sin(t)\ .
n= 1 C+( 0 0 )C teCc>, CeR (10)
2+1 0 0

All that is left to do is to translate this into a kernel function. Since the autonomous solution can be

cos(t sin(t
represented by the tuple ¢(¢) = span{ ( 0 ) , ( 0 ) 1, the corresponding kernel is a Mercer
0 0
kernel as in eq. 4. Choosing X = I and exploiting trigonometric identities, we get the autonomous
kernel

cos(t—t') 0 O
) (1D

kp(t,t')z( 0 " 00

and therefore the total Monge-GP kernel reads
k(t,t') = B(t)ko(t, )BT (¢') + ky(t, 1)

ko(t, ') + cos(t — t') ko(t,t)) (82 + 1)ko(t,t)
= ko(t,t') ko(t,t) (07 + 1)ko(t, 1) .12
(02 + Dko(t,t) (82 + D)ko(t, ') (82 +1)(8% + 1)ko(t, 1)

We can now implement this kernel in python using the python package PCGP' [9] and use it to
either solve the differential equation for any initial conditions, or to solve the inverse problem of
estimating ¢ from available data, as discussed for example in [9]. In Fig. 1 we show a solution
to the bipendulum problem for a sinusoidal input u(¢) = sin(2¢) with randomly chosen boundary
conditions and additive Gaussian noise of ¢ = 0.03 on the input. The analytical solution for the
particular boundary conditions is marked with a red dotted line. Even with few conditioning points,
the posterior closely matches the analytical solution.

& 0
=5
2.5
o 0.0
=2.51
1 — Mean
Confidence Interval
3 01 * True Solution
-——- Observed Data
-1 N’
0 1 2 3 4 5 6

Figure 1: Example of the solution of a forward problem using Monge-GPs. The mean is depicted in
dark blue, the 20 confidence interval is light blue, the analytical solution is marked in red, and the
training data are shown as black stars.

!freely available on github: https://github. com/moserjo/PCGP
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4 Ongoing work

We are currently comparing this approach to others [4, 3, 6] in performance and expect it to work
well, especially in the low data regime. It is a general approach that is specifically not restricted
to controllable systems, and can be used both in ODE and PDE settings with constant coefficients.
We are currently looking into well-definedness for systems with non-constant coefficients using for
example Weyl algebras (allowing for polynomial and rational coefficients) as a suitable operator
ring. We are also currently looking into finding the autonomous solution algorithmically, where
grade filtration [10] may be a promising candidate. If successful, we will implement an automatic
construction of the Monge-kernel as an extension in the python package PCGP [9].
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Abstract

Numerical integration and ODE discovery are two sides of the same coin—converse
problems of finding trajectories from known physics versus inferring physics from
observed trajectories. Although these problems have been extensively studied in
isolation, they can be unified through the minimization of a common quantity: the
Euler-Lagrange residual. In this paper, we build on this insight and introduce the
Integrated Squared Action Residual (ISAR), which enables both tasks to be per-
formed simultaneously. We formulate numerical integration and model discovery
as a joint Bayesian inference problem, allowing for the systematic incorporation of
physical prior knowledge and domain constraints in settings with sparse and noisy
observations, where traditional approaches typically fail. While we demonstrate the
performance on two mechanical toy problems, it can be readily extended towards
multiphysics systems including dissipative dynamics.

1 Introduction

Physicists are primarily concerned with two activities: discovering models that describe nature and
using those models to predict future events. The former is an active field with recent powerful
data-driven approaches (Brunton et al., 2016; Raissi et al., 2017; M. Raissi, 2019; Greydanus et al.,
2019), while the latter relies mainly on classical numerical integrators with notable learning-based
extensions (Chen et al., 2018). Interestingly, these two activities are rarely recognized as two sides of
the same coin.

Both can be seen as algorithms minimizing the residual of a differential equation evaluated over
the observed or proposed trajectory. While equation discovery does this very explicitly, numerical
integrators inherently minimize discretization error, which can also be seen as a physical residual.
Variational integrators, for instance, are designed to minimize the local residual of the Euler-Lagrange
equations, which vanishes only if the trajectory is perfectly explained by the underlying physics.

We propose using the global Euler-Lagrange residual as a unified loss function for both numerical
integration (the forward problem) and equation discovery (the backward problem). While this loss
function can be used for each problem in isolation, it is now possible to tackle both simultaneously.
This becomes particularly useful when dealing with systems with partially known dynamics and
sparse, noisy observations of trajectories. For such systems, numerical integration is inapplicable due
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to incomplete physical equations, and standard discovery methods struggle because derivatives cannot
be reliably estimated via finite differences. Moreover, solutions may be highly underdetermined,
especially when the applied algorithm relies solely on observations and not all available partial
knowledge of the dynamics is utilized.

To address these challenges, we employ a fully Bayesian treatment to infer the complete solu-
tion distribution rather than a single point estimate. We define a probabilistic model of the form
Physics ¢ — Trajectory # — Data, where ¢ and @ are linked by a physics likelihood derived from
the global Euler-Lagrange residual. This framework allows for data-efficient inference over the full
posterior of plausible physics and trajectories, given sparse noisy observations and weak priors, which
are derived from partial system knowledge.

While preliminary results on mechanical toy problems are promising, the remaining challenge consist
of reliably estimating the normalizing constant in the proposed physics likelihood to counteract the
observed posterior distortion.

2 Background

2.1 Principle of Stationary Action

Our methodology is based on the Principle of Stationary Action, which is fundamental to all reversible
non-dissipative systems. It states that for a physical trajectory x(¢) connecting two fixed points = (tg)
and (%1 ), the action functional S|z (¢)] must be stationary under infinitesimal variations of the path.
It provides a rigorous method for solving boundary-value problems in classical mechanics.

Using variational calculus, one can derive the Euler-Lagrange Equations of the first kind. For a
system governed by a Lagrangian function L, subject to m constraints f;, weighted by multipliers \;

these equations read:
d (0L af;
i ()5S

This transformation of the Stationary Action Principle into a system of differential equations allows
to address both boundary-value and initial-value problems.

In a "Natural Lagrangian System," where coordinates x are holonomic and the Lagrangian has no
explicit time dependence, the right-hand side of the equation vanishes. For simplicity, we limit our
examples to such systems, although the framework is readily extendable.

2.2 ISAR: Integrated-Squared-Action-Residual

We now propose to measure the global violation of the Principle of Stationary Action by integrating
the squared residual of the Euler-Lagrange Equations, which we define in Eq. 2. It is a strong
form residual loss for Lagrangian systems and similar losses are established in literature (Lutter
et al., 2019; Cranmer et al., 2020; Kharazmi et al., 2019). The integral, which we will call ISAR is
non-negative and only zero, if a trajectory z(t) perfectly satisfies the equations of motion, derived
from the Lagrangian function, or vice versa.

t rq (AL AL\ >
ISAR ._/D (E (%) _ g) dt )
2L 2L  AL\>
- i tie—— ) gt 3
/ ( 22 T F 5iox 83:) ®)

Evaluation of ISAR is straightforward with modern autodifferentiation libraries, where differential
operators can be readily evaluated on trajectories. This leaves us with a one-dimensional integral for
each state-space dimension, which can be approximated numerically.

The unit of the resulting integral is ﬂ’:;ﬁ = N?2s, we can interpret it as the integrated squared
discrepancy in predicted vs. observed force. Note, that Lagrangian dynamics are invariant under
scaling and the addition of a gauge, leading to identifiability issues. To avoid trivial solutions (such
as L = 0), we need either strong physical priors or measures to prevent a collpase of the phase space



&L
dxdz 2
ISAR can be interpreted as the integrated discrepancy in acceleration (unit %) and is the same
training objective used by Cranmer et al. (2020) to learn Lagrangians with neural networks.

volume, such as normalizing ISAR with the generalized mass-matrix . This mass-normalized

The integral ISAR is differentiable with respect to both the trajectory parameters and the Lagrangian
parameters. Thus, one may apply gradient-based optimization methods. If the Lagrangian function
and boundary/initial conditions are given, one can minimizing ISAR with respect to trajectory
parameters to find the unknown trajectory. This essentially corresponds to solving a boundary-
value/initial-value problem via numerical integration. Conversely, if a trajectory is given, one can
minimize with respect to the Lagrangian parameters to arrive at the governing Lagrangian, essentially
performing equation discovery.

3 Methodology

3.1 Probabilistic Model

To infer jointly the trajectory parameters & and physics parameters ¢, we propose a physics likelihood
based on ISAR: )

p(0]¢) = p(6) - exp(—A - ISAR(¢,0)) - 7 @
Here p(6) is the prior over trajectories which may encourage smoothness or limit the class of possible
functions. Z is the normalizing constant, which is nontrivial to estimate and remains the main hurdle
in the current work.

Together with a physics prior p(¢) and a gaussian observation likelihood p(Data|f) we propose the
following posterior distribution for trajectory parameters # and Lagrangian parameters ¢ given the
noisy observations Data.

p(9)p(0|¢)p(Datalf)
p(Data)

p(9,0|Data) = 5)

The model hierarchy ¢ — 8 — Data resembles the conventional causal direction in physics: physical
equations ¢ determine trajectories #, whose measurement produces observed Data. By defining
p(0|¢) we ensure that measurements remain conditionally independent of the underlying physics if
the trajectory is given, while establishing a connection between the random variables ¢ and 6.

3.2 Parametrization and Inference

We parametrize the trajectories using third-order Hermite splines, as they are simple, and are
continuously and analytically differentiable. For the Lagrangian, we begin with a physically motivated
ansatz and learn its physical parameters. In scenarios where physical knowledge is minimal, this
framework remains flexible: the Lagrangian may instead be represented by a structured neural
network, similar to the approach by Cranmer et al. (2020).

For inference, we draw samples from the log-posterior, using the No-U-Turn Sampler (NUTS), a
common implementation of Hamiltonian Monte Carlo (HMC). Additionally, we compute a MAP
estimate from a single starting-point using the L-BFGS-B algorithm. This serves both as a quick
sanity check and to highlight the loss of information when favoring a single point estimate over the
full posterior distribution.

We can neglect the evidence term log(p(Data)) in the log-posterior, as it is constant. In our
preliminary results, we further omit the normalizing constant of the physics likelihood Z, due to
difficulties in estimation. This results in an unnormalized physics likelihood, which distorts the
posterior, as we observe in our results.

3.3 Experiments

3.3.1 Harmonic Oscillator

As an introductory example, we begin by studying the harmonic oscillator. First we simulate a single
trajectory g(t) with mass m = 1.5 and a spring constant k = 5.0, which we observe at 8 equally
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spaced points with a noise level of 1 %. We parametrize the Lagrangian function with the correct
harmonic oscillator ansatz in Eq. 6 with learnable parameters ¢ = {m, k} and the trajectory with
125 3rd order Hermite splines, to allow for high-quality approximations of high-order frequencies.
Our goal is to recover the posterior distribution of physics parameters ¢ and trajectory parameters
from the noisy observations as well as broad priors over ¢ and a smoothness prior on the trajectory
parameters 6.

. 1 . 1
L(g,q) = quz - §kq2 (6)

The solutions to the harmonic oscillator are sinusoidal functions with the frequency w = 4/ £. Note,

that the observations are far too sparse to estimate reliable derivatives from finite differences, many
established Physics Discovery methods are doomed to fail. Also note, that there is an infinite set of
frequencies and thus trajectories satisfying the Lagrangian for the given observations and only by
utilizing further assumptions the infinite set collapses to a limited set of posterior modes. The key
advantage of our method is to define these assumptions explicitly and systematically with the priors

on p(¢) and p(6).

Although the MAP Estimate can only identify one mode, posterior samples obtained via NUTS reveal
a multitude of plausible frequencies, as can be seen in Fig. 1. Many solutions might be missed, if one
does not perform proper Bayesian Inference.

Harmonic Oscillator HMC Trajectory Samples

Trajectory of g

10 .
,‘ / ’ ‘
0.5 \ o
] s
y $
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-0.5 & s * Q) i oy % o 95% CI
f 5 / ‘. i L i == True
s = LN . MAP Estimate
1o - e - ® Data
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Time

Figure 1: Trajectories generated from marginal posterior samples for the harmonic oscillator system

3.3.2 Double Pendulum

Next we address the chaotic double pendulum system, defined by the Lagrangian function in Eq. 7.
Again, we provide this Lagrangian as the model ansatz with physical parameters ¢ = {my, ma, 1,1}
and parametrize the trajectories with 301 3rd order Hermite splines. From noisy observations of a
single simulated trajectory and priors on ¢ and @ we infer the joint posterior distribution over physical
and trajectory parameters via NUTS.

L :%(ml —+ m2)£%€i? + %mwfgﬂ% + mgh-‘!gélgg 006(91 — 92) 7

+ (m1 + ma)gly cos b1 4+ magly cos By

In Fig. 2 we plot the marginal posterior distribution for all physical parameters ¢ = {m,, mo, i, 5},
together with the initial prior distributions. The ground-truth parameters used for simulation are
shown in dark magenta, the MAP estimate is shown in orange. We observe that the pendulum length
parameters [y, 5 collapse precisely around the true values. On the other hand the posterior distribution
over m; and mq barely contract, showcasing the scale invariance of the Lagrangian. Strikingly, we
observe a distinct shift in the mass posteriors away from the prior, which was centered at the true
value. Further experiments confirm that this bias stems from neglecting the normalizing constant of
the physics likelihood. Therefor it is necessary to estimate Z, reliably and subsequently correct the
log posterior.
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Figure 2: Marginal posteriors of physics parameters for the double pendulum system

4 Conclusion

The joint inference over Lagrangian physics and trajectories allows to infer distributions of plausible
solutions in scenarios with sparse noisy data and limited physical knowledge. In such scenarios,
finite-difference methods typically fail and deterministic approaches are inadequate as the inverse
problem is heavily underdetermined.

Preliminary results on mechanical toy problems look promising, although the found posteriors remain
distorted as an unnormalized physics likelihood is used. Therefor, the focus of our ongoing work is
on reliably estimating the normalizing constant for correcting the log posterior, to obtain proper and
unbiased posterior samples.
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Abstract

It was recently shown that the loss function used for training physics-informed
neural networks (PINNs) exhibits local minima at solutions corresponding to fixed
points of dynamical systems. In the forward setting, where the PINN is trained
to solve initial value problems, these local minima can interfere with training and
potentially lead to physically incorrect solutions. Building on stability theory, this
paper proposes a regularization scheme that penalizes solutions corresponding to
unstable fixed points. Experimental results on four dynamical systems, including
the Lotka-Volterra model and the van der Pol oscillator, show that our scheme helps
avoiding physically incorrect solutions and substantially improves the training
success rate of PINNs.

1 Introduction

Physics-informed neural networks (PINNs, [10]) are among the most prominent instantiations of
physics-informed machine learning. Capable of including systems of differential equations during
training, they have been proposed for solving boundary and initial value problems , for inferring
parameters of a differential equation from data and for estimating unobservable scalar or vector
fields from measurements . Especially for the forward problem — i.e., for learning the solution to a
system of differential equations given boundary and initial conditions — PINNs experience training
difficulties for all but the most trivial problem settings.

There is a substantial body of literature that investigates the root causes of and offers remedies for these
training difficulties. For example, for stiff problems in which the gradient of the solution function
varies strongly across the computational domain, it was shown that reducing the weight of points
close to gradient maxima leads to a more well-behaved loss and, hence, successful training [11].
Other studies attribute challenges in PINN training to the use of large computational domains,
where techniques such as domain decomposition [5, 8] and sinusoidal feature mappings [15] have

The Third Austrian Symposium on Al, Robotics, and Vision (AIROV26).

128



3 1.5 5
24 1.0
11 0.5
*x 0 * 0.0 @ i @
=1 =0.5 ) —j
=2 =10
-3 T T T T T =15 T T T T T
-3 -2 =1 [v] 1 2 =15 =10 =05 00 05 10 15
X X
(a) Van der Pol (no reg.) (b) Duffing (no reg.)
3 1.5
24 1.0
1 0.5 »
\_ \
=1 =0.5
=2 =10
2L o8 13 s 1o 55 o0 o5 10 15 -2 0 2 2
X X X
(d) Van der Pol (reg.) (e) Duffing (reg.) (f) Lotka—Volterra (reg.)

Figure 1: Phase portraits comparing standard PINN training (top row) and regularized training with
derivative penalty at unstable fixed points (bottom row) for three dynamical systems: Van der Pol,
Duffing, and Lotka—Volterra.

been shown to improve training success. More generally, PINN training is often susceptible to
convergence toward the trivial all-zero solution, as standard neural network initializations tend
to bias the model toward this outcome. To mitigate this, several strategies have been proposed,
including specialized initialization schemes [15], ensemble methods [4], and adaptive collocation
point weighting techniques [2, 13].

Interestingly, the all-zero solution is a valid general solution to a large class of differential equations,
cf. [15, Prop. 1]. In addition to this all-zero solution, the authors of [12] showed that other, non-zero
solutions can become minima of the training loss despite corresponding to unphysical behavior. More
specifically, in the context of ordinary differential equations (ODEs), it was shown that solutions at
fixed points are always global optima of the physics loss, regardless whether these fixed points are
stable or not. While convergence to the all-zero solution can be prevented by some of the remedies
mentioned above, convergence to unstable, but non-zero fixed points has not been addressed so far.

In this work, we fill this gap by proposing a regularization scheme that avoids training convergence to
unstable fixed points, as illustrated in Fig. 1. More specifically, given a system of ODEs, we linearize
the candidate solution around each collocation point and characterize its stability via the eigenvalues
of the resulting Jacobian matrix (Section 3). For collocation points for which the candidate solution
exhibits unstable behavior, the regularization term is large. Although the approach appears simple,
we show in Section 5 that it substantially improves training success for several (low-dimensional)
ODE:s (Section 4).

2 Background

We focus on autonomous dynamical systems that can be described by ODEs of the general form:

(™ = f(Ia o I”v'-ax(n_l))a (D
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where f is a nonlinear function of time ¢ and the unknown solution function z(¢) and where ', ", and
z(™) denote the first-, second-, and nth-order derivative with respect to time ¢. Since any higher-order
ODE can be rewritten as a system of first-order ODEs, we consider the multi-dimensional first-order
system =’ = f(z), where f = (f1, f2, ..., fn) and = € R™. For this system, a fixed point * € R"
satisfies f(z*) = 0.The local stability around =* can be determined by linearizing the system through
Taylor expansion, and then analyzing the resulting Jacobian matrix J(z*) = 8f/0F|p~. If all
eigenvalues {Aq, ..., A\x} C C of J have negative real parts, the fixed point =* is asymptotically
stable [1]. If at least one eigenvalue has a positive real part, the fixed point is unstable. An unstable
fixed point is considered a saddle point if it is stable in some directions and unstable in others.

We use PINNS to approximate the unknown solution z(¢) to (1) with a fully connected neural network
zg(t), where # denotes the network’s weights and biases. The PINN is trained on both labeled
and unlabeled data. Labeled data is used to encode the initial condition (IC) x(0) via the IC loss
Lic = ||zg(0) — z(0)]|2. Unlabeled data (in the context of PINNs also called collocation points) is
used to enforce the system dynamics (1) via the physics loss

Neol

1
Lr= 1ZII:r::;(tn;)—f(:r:e(ti)) I1%, @)
col =1

where the collocation points {ti}?‘;“f' are (randomly) sampled from the temporal domain 0 < ¢ < T,
where T is the simulation time. Both losses are combined by linear scalarization, i.e. £ = Lic + Ly,
where an additional regularization loss, central to our study, will be introduced in Section 3.

As discussed in [12], fixed points of ODEs correspond to global optima of the physics loss, char-
acterized by non-trivial basins of attraction. This arises from the fact that the fixed point condition
f(z*) = 0 leads to inherently small physics residuals in the vicinity of fixed points. Specifically, the
physics loss (2) becomes small when f(z}) ~ 0, i.e. when the network output =} is close to a fixed
point *. As a consequence, regardless of whether a fixed point is stable or unstable, PINN solutions
tend to be attracted to fixed points, often resulting in trajectories that converge to the nearest one (as
shown in the Fig. 1). Closely related to convergence issues caused by fixed points is the prominent
influence of the trivial zero solution, z* = 0, which is a fixed point in many dynamical systems. For
instance, Wong et al. [15] propose learning in sinusoidal space, introducing sinusoidal mappings to
initialize PINNs with an appropriate input gradient distribution to overcome trainability issues.

3 Method

To prevent the PINN from converging to unstable fixed points, or at least reduce the likelihood of
such convergence, we introduce an additional regularization term into the physics loss, designed to
modify the loss landscape such that it penalizes predictions near or at unstable fixed points. The
proposed regularization term consists of three factors: i) a factor Ryg that penalizes solutions x4
for which the Jacobian indicates local instability at a given collocation point #;; ii) a factor Rgg that
ensures that this regularization is only active at collocation points at which the system has converged
to a fixed point, i.e., for which zj(¢;) = 0, and iii) a decaying term C' that gradually reduces the
influence of regularization.

Stability can be easily determined by first converting higher-order ODEs into systems of first-order
ODEs and then computing the eigenvalues of the Jacobian matrix obtained through a Taylor expansion
around the fixed point. To penalize a candidate solution x4 that is unstable at a collocation point t*,
we propose the regularization term

Rus(t)= ) max(Re(}),0), 3)
Aea(J(za(t*)))

where o(J(zg(t*))) = {A7, ..., AL} is the spectrum of the Jacobian matrix evaluated at x4 (¢*) and
Re is the real part.

Since stability is a statement about fixed points, this regularization is not meaningful unless z(t*) =
0. We thus multiply Rys(¢*) by a factor Rgg(¢*) that is obtained by applying a Gaussian kernel to
the time derivatives of the ODE:

Rsg(t*) = exp (—|lz5 ()l /¢) , @)
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where € is a hyperparameter that adjusts the sensitivity of the regularization around the fixed point.
Rsg(t*) attains its maximum value of one if and only if all time derivatives vanish simultaneously,
i.e., if T (t*) is precisely at a fixed point. Candidate solutions converging to unstable fixed points are
thus regularized by the term

| X
R = N ; [Rse(t:) x Rus(ts)], ©)

where the regularization function is evaluated at the collocation points {t;}_; used to compute the
physics loss.

Recognizing the importance of initialization in PINN training, cf. [15], it may suffice to steer away
the candidate solution s from unstable fixed points early during training. We thus propose a linear
decaying scheme that turns off regularization after a certain percentage v € (0, 1) of epochs:

h
C = max (Ou (q«— P2 )O) ©)
N, epochs
where Cy denotes the initial regularization coefficient and Nepochs the total number of epochs. The

regularization scheme is finally used in the total loss function via:
£=£IO+Ef+CXR. (7)

4 Experimental Setup

In our analysis, we aim to demonstrate the impact of our regularization on the PINN training
performance across four distinct dynamical systems, governed by first- or second-order ODEs in
one- or two-dimensional settings. These systems include the pitchfork bifurcation, unforced Duffing
oscillator, van der Pol oscillator, and Lotka-Volterra model.

PINN Settings. We use fully connected PINNs with four hidden layers, each containing 50 units,
and employ the Swish activation function. Training is performed using the Adam optimizer with a
learning rate of 0.001 and a decay rate of 1.0. During each training epoch, 1024 collocation points
are randomly sampled to compute the physics loss (2), and the total number of epochs is set to 25k.
In the case of first-order systems, we use hard constraints for the initial conditions.

Evaluation Procedure. We train PINNs with and without regularization, for different ICs and
simulation times, as convergence to local optima is highly sensitive to these settings, cf. [12]. To
account for the inherent randomness in neural network initialization, we train 10 different PINNs for
each configuration.

Our primary goal is to investigate a failure mode where the system converges to a local optimum
with fundamentally different dynamics. Thus, rather than focusing on the accuracy of xg(t), we
evaluate training success rates based on whether training converged to an incorrect local optimum or
to the true solution zye¢(t). The solution z,ef(¢) is obtained using the Runge—Kutta method; for the
pitchfork bifurcation system an analytical solution is known (found in [12]). Training is considered
successful if the Ly relative error from the reference solution remains below 0.15.

Hyperparameters. We set the hyperparameter ¢ to 0.01, the initial regularization coefficient Cy to 1.0
and the fraction of epochs ~ to 0.5. We study the sensitivity of these hyperparameters in Section 5.1.

Candidate Systems: The pitchfork bifurcation system can be used to model population dynamics
with negative growth effects at both low and high population levels. It is described by the first-
order ODE =’ = z — 23 and has one unstable fixed point at z* = 0 and two (asymptotically)
stable fixed points at * = 1 and =* = —1. As shown in [12], the unstable fixed point can cause
severe convergence issues for PINNs when the simulation time is long and/or the ICs are close
to the unstable point. The unforced damped Duffing oscillator is described by the second-order
ODE z” + 2z’ — z + 3 = 0, which gives an unstable saddle point at (z,z’)* = (0,0) and two
(asymptotically) stable fixed points at (x,z’)* = (£1,0). The Van der Pol oscillator [9] is a
dynamical system described by the second-order ODE of the form z” — (1 — z2)z’ + = = 0. The
system exhibits stable oscillations, referred to in the literature as relaxation oscillations, and possesses
a single unstable fixed point at (z, z')* = (0,0). The Lotka—Volterra equations are a well-known
system of first-order ODEs used to describe predator—prey dynamics in biological systems. While the
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Table 1: Success rates for unmodified (left number) and regularized (right number) PINN training for
different dynamical systems across different simulation times (") and ICs. Bold numbers indicate
the best success rate for the considered setting.

T=1 T=12 T=13 T=14 T=15

z(0),z'(0) Unforced Duffing Oscillator

0.1, 0) 05/04 00/05 00/07 00/05 0.0/06
0.2,0) 09/09 0.1/06 00/03 00/05 0.0/07
0.3,0) 09/1.0 02/07 00/03 00/02 0.0/06
04,0 1.0/1.0 02/06 00/05 00/05 00/04
0.5,0) 09/1.0 07/08 00/04 00/08 0.0/07
z(0),z'(0) Van der Pol Oscillator

0.1, 0) 00/1.0 00/02 00/06 00/03 0.0/0.1
0.2,0) 06/1.0 00/09 00/06 00/05 0.0/02
0.3,0) 09/1.0 02/1.0 00/1.0 00/1.0 0.0/04
04,0 1.0/1.0 08/10 01/09 00/1.0 00/0.6
0.5,0) 09/1.0 06/1.0 00/1.0 00/09 0.0/05
z(0),y(0) Lotka—Volterra Model

(0.0, 0.1) 00/1.0 00/1.0 00/1.0 00/1.0 0.0/1.0
(0.1, 0.0) 00/00 00/00 00/00 00/00 0.0/00
(0.0, 0.5) 00/1.0 00/1.0 00/09 00/08 0.0/05
(0.5, 0.0) 00/1.0 00/1.0 00/1.0 00/07 0.0/06
(1.1, 1.1) 1.0/1.0 03/1.0 00/10 00/1.0 00/10

system’s behavior can be complex depending on its specific formulation, in our work we consider a
generalized version of the Lotka-Volterra equations:

=x(3-z-2) y=yl2-z-y) ®)

This system exhibits two (asymptotically) stable fixed points at (z, y)* = (0,2) and (z,y)* = (3,0),
and two unstable fixed points at (z,y)* = (0,0) and (z,y)* = (1, 1), with the latter being a saddle
point.

5 Results

Training Success Rates. Table 1 shows the quantitative results of our experiments for unmodified
PINN training and for our proposed regularization scheme (7) with default hyperparameters as
reported in Section 4. We deliberately selected ICs and simulation times such that unmodified
PINN training exhibits convergence problems (e.g., the simulation times were chosen longer for the
pitchfork bifurcation system than in [12]). Furthermore, we did not apply training modifications
proposed previously, such as loss weighting, adaptive collocation point sampling, etc., as they are
orthogonal to our regularization scheme. In all of the unsuccessful training runs, training converged
to the local optimum corresponding to the unstable fixed point of the dynamical system, confirming
the results of [12] that unstable fixed points play a major role in PINN training. As the table
shows, regularization substantially improves success rates for all considered systems and problem
parameterizations, validating the effectiveness of our proposal even for longer simulation times.

Unforced Duffing and van der Pol Oscillators. For the unforced Duffing and the van der Pol oscillator
we present an additional evaluation. Specifically, we fix the simulation time at 7" = 12.5and T" = 15
respectively and randomly sample 20 ICs from a Gaussian distribution centered at the unstable fixed
point (x, z')* = (0, 0), with a covariance matrix . = 0.25I. For the van der Pol system, we increased
the number of epochs to 50k. The simulated trajectories in the phase portrait are shown in Fig. 1.
Consistent with the results in Table 1, the unmodified PINN frequently fails by converging to the
unstable fixed point, whereas the regularized PINN exhibits much better performance. Indeed, the
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Figure 2: Success rates of unmodified (top) and regularized (bottom) training runs over different
initial conditions xp and simulation times T'.

training success rates are up from 15% to 70% for the Duffing and from 0% to 100% for the van der
Pol oscillator.

Pitchfork Bifurcation. For the pitchfork bifurcation system, experiments were performed over a
broader range of simulation times, T' € {1,...,20}, in order to better illustrate the combined effect
of simulation time and initial condition on the training results. The results are visualized as a heatmap
in Fig. 2. From the figure, we can observe that while the unmodified PINN training begins to fail at
approximately T = 7, the regularized PINN continues to achieve successful training for all of the
tested simulation times. Only for simulation times in the range 7 > 7" > 10 with an IC of =y = 0.05,
the regularized PINN exhibits a slight performance degradation, which we believe to be an artifact of
the specific experimental settings and potentially resolvable through more optimized hyperparameter
tuning.

Lotka-Volterra Model. For the Lotka—Volterra model, we uniformly sample 50 ICs from the interval
(—1,4)? along both x and y axis, and use a fixed simulation time of 7' = 12.5. The phase portrait for
this system is presented in Fig. 1. While the proposed regularization is not as effective as in the two
second-order ODEs, it still yields a notable improvement in training success rate from 62% to 78%.

5.1 Hyperparameter Sensitivity Analysis

We analyze the sensitivity of our regularization scheme w.r.t. the three hyperparameters Cp, € and
A. Rather than varying all three hyperparameters simultaneously, which would be computationally
expensive, in this experiment we keep two parameters fixed and vary the third.

We conduct the experiment on the Duffing oscillator using the IC (xq, =}) = (0.01,0.0) and sim-
ulation time of 7' = 15. While we believe that the optimal hyperparameters still depend on the
considered system, its ICs, and the required simulation time, the results presented in Table 2 suggests
that the performance of our regularization scheme depends only mildly on even large variations of
the hyperparameters, and always improves upon unmodified PINN training (which in this case has a
success rate of 0% for the considered 20 runs).

5.2 Ablation Study

Penalizing candidate solutions that converge to static equilibria via (4) is, when combined with the
coefficient decay (6), a valid regularization scheme on its own — at least for systems that do not
have (asymptotically) stable fixed points. In this section, we thus investigate the performance of
PINN training according to (7), both with and without including the local stability term (3) in the
rgularization loss.
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Table 2: Hyperparameter sensitivity analysis for the proposed regularization scheme. Success rates
are shown for 20 training runs for the Duffing oscillator with IC (zg, ;) = (0.01, 0.0) and simulation
time 7' = 15. Unmodified PINN training fails for this setting.

€ ~ C 0.001 0.01 0.1 1.0 10.0 100.0 1000.0
0.01 0.5 Success rate 0 03 04 035 0.6 0.6 0.6

cC v € 0.0001 0.001 0.01 0.1 1.0 10.0 100
1.0 0.5 Success rate 0.5 04 045 045 035 06 04

€ C v 01 02 03 04 05 06 07 08 09
0.01 1.0 Successrate 05 0.7 045 04 07 075 06 06 04

To this effect, we compare the two schemes on the Duffing oscillator, as its physical trajectories
converges to one of the asymptotically stable fixed points, a property for which taking stability
into account seems as the most sensible approach. We also compared the two schemes for the
Van der Pol oscillator, a system for which the regularization scheme shown in (4) is, in theory, a
valid scheme on its own as the system does not exhibit any stable fixed point. We perform the
experiment on a single simulation time and IC, but optimized the PINN performance over all three
hyperparameters in a grid search for each regularization scheme on each system separately. We
chose a simulation time of T' = 15 for both systems and ICs (xzq, z,) = (0.01,0.0) for the Duffing
oscillator and (g, z{,) = (0.1, 0.0) for the Van der Pol oscillator. These settings were deliberately
chosen to avoid perfect success rates for either approach, thereby creating challenging conditions
that highlight meaningful differences between the two methods. Table 3 reports the highest success
rates achieved during hyperparameter optimization. As shown, the best performance achieved by
the combined loss function (7) is either comparable to (in the case of the van der Pol oscillator) or
superior to (in the case of the unforced Duffing oscillator) that achieved by the static equilibrium
regularization (4) alone. (There may not be an ordering between the two regularization schemes for
fixed sets of hyperparameters, however.) Thus, we conclude that regularizing against unstable fixed
points is necessary for systems that have asymptotically stable fixed points, and does not deteriorate
performance for systems that do not.

Table 3: Comparing regularization with and without taking local stability £1g into account. The
success rate computed over 20 training runs, maximized over all hyperparameter combinations, is
shown.

Unforced Duffing Oscillator (1" = 15, zo = 0.01) Van der Pol Oscillator (T" = 15, zp = 0.1)
Regularization Success Regularization Success
- 0 - 0
Rse 0.6 Rse 0.7
RSE > RLS 0.7 RSE X RLS 0.7

6 Discussion, Limitation & Outlook

Training Difficulties due to Fixed Points. In [12], it was shown that fixed points—regardless of
their local stability—correspond to local minima in the physics loss function, which can lead to
severe convergence issues in PINNs, particularly for long simulation times and/or when ICs are
close to these fixed points. Closely related are common training difficulties in PINNs caused by
the zero solution =* = 0, which is a trivial solution and fixed point for many dynamical systems.
This solution is especially attractive due to common network initialization schemes that tend to bias
the model toward it. Our experiments on the Lotka—Volterra model demonstrated that fixed points
may cause convergence issues not only when the IC is close to them, but also when trajectories
pass near them—even if the IC is set far away. This specific scenario is illustrated in the case of
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Lotka-Volterra system in Fig. 1, where simulated trajectories are drawn toward the unstable fixed
point at (x,y)* = (1, 1), despite originating from regions that are initially far away.

Overall Performance. Our experiments consistently highlight the prominent role of fixed points in
training PINNs, demonstrating that the vanilla, unmodified PINN framework struggles to simulate
dynamical systems in which fixed points interfere—either because trajectories originate near them
or pass close to them during the simulation. With our proposed regularization scheme, introduced
in Section 3, we specifically aim to mitigate these training difficulties by leveraging both the fixed
point condition, which states that f(z*) = 0, and the local stability information provided by the
eigenvalues {)\;} of the Jacobian J(z*). Our results on various dynamical systems demonstrate that
incorporating the regularization scheme into the overall loss function substantially improves training
success rates. This improvement was shown quantitatively in Table 1 and qualitatively in Figures 1
and 2.

Limitations due to Saddle Points. Although the training success rate improved across many tested
settings, our results also indicate that the proposed regularization scheme does not fully eliminate
training difficulties. Manual inspection of the training process (not shown in the manuscript) revealed
that many unsuccessful training outcomes—despite the proposed regularization being active—can
be traced to the presence of saddle points, which constitute a specific class of unstable fixed points.
Saddle points are characterized by the coexistence of stable and unstable manifolds: along certain
directions (corresponding to negative eigenvalues of the Jacobian), trajectories are attracted toward
the fixed point, while along others (positive eigenvalues), they are repelled (cf. Fig 1). This mixed
stability behavior leads to a critical sensitivity to ICs. In particular, the stable manifold of a saddle
point effectively acts as a separatrix, dividing the phase space into regions of qualitatively different
dynamics. If the candidate solution z(t) at network initialization lies on the “wrong side” of this
separatrix, the regularization term—which is designed to repel trajectories from fixed points—may
inadvertently drive the solution further into the repelling region. Once the regularization decays
or is deactivated, the dynamics governed solely by the physical loss may guide the trajectory back
toward the saddle point, ultimately resulting in convergence failure. In contrast, if the initial candidate
solution lies on the “correct side” of the stable manifold, the regularization successfully steers
the trajectory away from the saddle point, allowing it to follow the correct streamlines toward the
physically meaningful solution. This limitation highlights the importance of network initialization
in the presence of saddle-type fixed points, where the delicate geometry of the phase space can
significantly affect training outcomes.

Outlook. Recognizing this limitation of the proposed regularization scheme motivates the discussion
of combining it with existing techniques from the literature. For instance, sequence-to-sequence
learning [6] or causality-respecting methods [14, 7, 3] can be naturally integrated with our approach
to progressively extend the region of the simulation. These methods allow the training process to
begin in a narrow temporal window around the IC and gradually expand toward the full simulation
domain as training progresses. This approach could potentially circumvent the limitations introduced
by saddle points, as their separatrices would not significantly influence the optimization during the
initial training phase.

Finally, we would like to comment on the role of the static equilibrium regularization term (4) within
the overall regularization framework. This component is designed to prevent PINN training from
becoming trapped in trivial solutions that remain constant over time. Although its effectiveness was
demonstrated only for systems governed by ODEs, we believe that it is also applicable to dynamical
systems described by partial differential equations. Given that PINN training has also been shown
to be adversely affected by steady-state solutions in PDE-based systems [12], the static equilibrium
regularization may help push the solution away from such steady states during the early stages of
training, thereby facilitating convergence toward transient, physically meaningful dynamics.

7 Conclusion

In this work, we introduced a regularization scheme for avoiding unstable fixed points when training
PINNSs on dynamical systems governed by ODEs. This approach proves especially useful in challeng-
ing scenarios, such as those involving long simulation times or initial conditions near unstable fixed
points, where training would otherwise be difficult or infeasible. While this method does not entirely
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eliminate convergence to local optima, it can be effectively combined with other strategies designed
to mitigate such failure modes.

Although ODEs remain relevant in many fields, including control theory, systems biology, and
mechanical engineering, the extension of this approach to partial differential equations (PDEs) is a
compelling direction for future work. This is not a trivial step, as analyzing the stability of steady-state
solutions in PDE:s is significantly more complex. Nonetheless, our results demonstrate that explicitly
addressing unstable fixed points can substantially improve PINN training, providing a promising
foundation for broader applications.

References

(1]
[2]

[3]
[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

W.E. Boyce and R.C. DiPrima. Elementary differential equations and boundary value problems.
8th. Wiley New York, 2004.

Arka Daw et al. “Mitigating Propagation Failures in Physics-informed Neural Networks using
Retain-Resample-Release (R3) Sampling”. In: Proc. Int. Conf. on Machine Learning (ICML).
Honolulu, Hawaii, USA, July 2023, pp. 7264-7302.

Jia Guo, Haifeng Wang, and Chenping Hou. “A novel adaptive causal sampling method for
physics-informed neural networks”. In: arXiv preprint arXiv:2210.12914 (2022).

Katsiaryna Haitsiukevich and Alexander Ilin. “Improved training of physics-informed neural
networks with model ensembles”. In: Proc. Int. Joint Conf. on Neural Networks (IJCNN).
2023, pp. 1-8.

Ameya D Jagtap and George Em Karniadakis. “Extended physics-informed neural networks
(XPINNSs): A generalized space-time domain decomposition based deep learning framework
for nonlinear partial differential equations”. In: Communications in Computational Physics
28.5 (2020).

Aditi Krishnapriyan et al. “Characterizing possible failure modes in physics-informed neural
networks”. In: Advances in neural information processing systems 34 (2021), pp. 26548—
26560.

Rambod Mojgani, Maciej Balajewicz, and Pedram Hassanzadeh. “Lagrangian PINNs: A
causality-conforming solution to failure modes of physics-informed neural networks”. In:
arXiv preprint arXiv:2205.02902 (2022).

Ben Moseley, Andrew Markham, and Tarje Nissen-Meyer. “Finite basis physics-informed
neural networks (FBPINNS): a scalable domain decomposition approach for solving differential
equations”. In: Advances in Computational Mathematics 49.4 (2023), p. 62.

Balth. van der Pol Jun. “LXXXVIIL On “relaxation-oscillations™. In: The London, Edinburgh,
and Dublin Philosophical Magazine and Journal of Science 2.11 (1926), pp. 978-992.
Maziar Raissi, Paris Perdikaris, and George E Karniadakis. “Physics-informed neural networks:
A deep learning framework for solving forward and inverse problems involving nonlinear
partial differential equations”. In: Journal of Computational Physics 378 (2019), pp. 686-707.
Franz M. Rohrhofer et al. “Approximating Families of Sharp Solutions to Fisher’s Equation
with Physics-Informed Neural Networks”. In: Computer Physics Communications 307 (2025).
open-access: arXiv:2402.08313 [cs.LG], p. 109422, DOIL: 10.1016/ j . cpc. 2024 .
109422.

Franz M. Rohrhofer et al. “On the Role of Fixed Points of Dynamical Systems in Training
Physics-Informed Neural Networks”. In: Trans. Machine Learning Research 1 (2023). Open-
access.

Sifan Wang, Shyam Sankaran, and Paris Perdikaris. “Respecting causality for training physics-
informed neural networks”. In: Computer Methods in Applied Mechanics and Engineering 421
(2024), p. 116813. DOI: 10.1016/j.cma.2024.116813.

Sifan Wang, Shyam Sankaran, and Paris Perdikaris. “Respecting causality for training physics-
informed neural networks”. In: Computer Methods in Applied Mechanics and Engineering 421
(2024), p. 116813.

Jian Cheng Wong et al. “Learning in Sinusoidal Spaces With Physics-Informed Neural Net-
works”. In: IEEE Transactions on Artificial Intelligence 5.3 (2024), pp. 985-1000. DOIL:
10.1109/TAI.2022.3192362.

136



Derivative-Enhanced Training for Data-efficient
Surrogate Modeling

Paul Horvath!-2, Marian Staggl'-2, Stefan Posch':2
1 CD Laboratory for Physics-driven Machine Learning in Industrial Applications, Graz, Austria
2 Institute of Thermodynamics and Sustainable Propulsion Systems,
Graz University of Technology, Austria
Corresponding author: Paul Horvath (paul horvath@tugraz.at)

Abstract

Accurate surrogate modeling in engineering is often constrained by the high compu-
tational cost of generating training data from large scale numerical simulations. In
many industrial applications, only a limited number of simulations can be afforded,
which severely restricts the achievable surrogate accuracy, particularly in high
dimensional parametric spaces. A promising approach to mitigate this curse of
dimensionality is the incorporation of derivative information into surrogate train-
ing, which can be obtained efficiently via graph based implementations or adjoint
calculations. This additional information captures local function structure, offering
the potential to significantly improve data efficiency. In this work, we quantify the
potential gains of derivative-enhanced training both theoretically and numerically,
using a representative linear elasticity problem and an analytical benchmark. The
findings provide guidance on the efficiency improvements achievable and the order
of derivatives that yields the greatest benefit.

1 Introduction

The use of surrogate models is a state-of-the-art approach in modern engineering to avoid repeated
evaluations of computationally expensive numerical simulations in applications such as optimization
or uncertainty quantification [1]. However, the quantity of data required to train purely data-based
surrogates, such as neural networks or Gaussian processes, can still be considerably high, leading to
a large number of numerical simulations a priori. To reduce these data demands, several measures
have been proposed to enhance the training of machine-learning-based surrogate models by injecting
structure or auxiliary information. Among these, physics-informed neural networks (PINNs) [2]
are particularly popular due to their relatively simple formulation and implementation. By using
automatic differentiation (AD), PINNs introduce the residual of the governing differential equations
as an additional loss term. In this way, PINNs can be used to identify unknown parameters of
differential equations from data and to learn or even solve differentiable models by enforcing
initial and boundary conditions through soft or hard constraints. PINN-based surrogates have been
successfully applied to Bayesian inverse problems [3] and design optimization [4]. Complementary
to physics-based regularization, another approach to improve data efficiency is to exploit derivative
information available from simulations or adjoint solvers. Gradient-enhanced training, often referred
to as Sobolev training [5], augments standard data fitting by incorporating sensitivity information,
which can sharpen surrogate accuracy and generalization in low-data regimes [6]. In case of Gaussian
processes (GP) for surrogate modeling, since differentiation is a linear operator, the derivative of
a GP is another GP [7]. Thus, the use of derivative information to train GPs can have a significant
influence on the data quantity requirements. Semler and Weiser [8] demonstrated the benefits of
gradient-enhanced Gaussian process surrogates for inverse problems compared with GPs that rely
solely on function values. They employed an adaptive selection of evaluation locations and tolerances
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using a greedy heuristic, and assessed performance on both an analytical test case and a numerical
example based on the finite element method. Their parameter reconstruction results consistently
indicated that incorporating gradient information improves the quality of the inferred parameters,
emphasizing the value of derivative data in surrogate-based inversion. Bouhlel and Martins [9]
motivate gradient-enhanced Kriging with the availability of efficient sensitivities, e.g. from adjoint
methods, but their engineering demonstrations rely on benchmark engineering functions rather
than on gradients generated by a high-fidelity adjoint solver. Further prior work has shown that
gradient information from high-fidelity solvers can substantially improve surrogate quality, both
for neural surrogates and Gaussian-process-based models. In particular, gradient histories from
adjoint-based optimization have been used to train multi-fidelity neural surrogates [10], while adjoint-
based sensitivities have also been incorporated into gradient-enhanced deep GP aerospace-related
applications [11]. More recent works extend this idea also to operator learning [12].

There are relevant works that use automatically differentiable simulators or differentiable physics
for optimization and for training neural components [13], but explicit studies that use AD-generated
gradients from PDE solvers as supervised signals for surrogate training remain comparatively scarce.
This appears to be especially true for Gaussian-process-based surrogates, where gradient-enhanced
formulations are well established, but the gradients are often not explicitly attributed to AD. Building
on this perspective, we investigate gradient-enhanced strategies that combine differentiable physics
solvers and AD to supply derivative information systematically. Two representative applications,
namely the Rosenbrock function and a structural mechanics case, are considered to show how gradient
augmentation affects sample-efficiency scaling in theory. Our results indicate that incorporating
first-order derivatives provides a substantial and robust performance gain, whereas the value of
higher-order derivatives is more problem-specific and depends on factors such as model smoothness.

1.1 Motivation

In many engineering applications, generating training data via numerical simulations represents the
primary computational bottleneck, often taking significantly longer than the subsequent training of
surrogate models. Standard data driven approaches require sufficiently large datasets to accurately
capture complex physical behaviors, severely limiting their scalability. Consequently, our primary
objective in applying derivative-enhanced modeling is to fundamentally reduce this data generation
effort. By extracting more information from each individual simulation run, we aim to maximise data
efficiency by reducing the high computational cost of acquiring training sets.

2 Methodology

To systematically evaluate this data efficiency, we introduce a theoretical scaling framework designed
to weigh the information gain of higher order derivatives against the increased cost of their generation.
Derivative-enhanced modeling enriches the surrogate by incorporating derivatives of the simulation
output with respect to the input parameters. Because the underlying simulation model is formulated
in a differentiable manner, these derivatives can be obtained efficiently via AD at a computational
cost comparable to a single additional forward run. The following sections detail how this derivative
information is incorporated into the respective training pipelines of neural network and Gaussian
Process regression surrogates.

2.1 Sobolev training of neural networks

When learning a function u using classic neural network training, we typically aim to minimize a loss
using function values u(x;) for training points z;. Having access to first- or higher order derivative
information, we extend this idea to a Sobolev space formulation by training not only with function
values, but also matching first- or higher order derivatives of the target function [5]. Given a surrogate
model ug(x) and reference data u(x), the general Sobolev loss can be written as

.
k
ESDb:ZAk ||V (‘u.g(K) —H(X))”Lp ; (1)
k=0
where Ay controls the relative weighting of the derivative information. Incorporating derivative terms
constrains the local shape of the learned function and may reduce the number of required training
samples, or increase model accuracy, as explained in section 2.3.
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2.2 Gradient-enhanced GP regression

GP models naturally incorporate derivative observations by extending their covariance structure [7].
Because differentiation is a linear operator, the joint prior’s covariance can be expanded to include
not only function values but also their full gradient vectors by simply differentiating the base kernel
k(x,x"). For an input space of dimension d, the complete extended joint covariance matrix combining
function values and gradients can be expressed as [9]:

A k(X,X’) (vx'k(xnxl))—r
Kae(X) = g kex) VoV k(x,x)

Here, the off diagonal blocks represent the cross covariance column and row vectors between a
function value and its gradients. The bottom right block captures the d x d covariance matrix between
two gradient vectors via the mixed second derivatives. By augmenting the training data with these
gradient observations, the GP posterior becomes more informative, leading to improved predictive
accuracy and reduced uncertainty under limited data conditions.

2.3 Theoretical efficiency scaling

Evaluating the data efficiency of derivative-enhanced models requires weighing the information
gained per calculation against its computational cost. This section theoretically assesses the potential
for reducing the computational effort required to generate training data by establishing an equivalent
information assumption. This approach suggests that each piece of extracted data, whether a function
value or a partial derivative of an arbitrary degree, provides equally valuable information. Such an
assumption holds perfectly, for instance, when fitting an n-coefficient polynomial surrogate to a
multivariate polynomial system, which simply requires n pieces of information regardless of their
source. Under this premise, the total information I (d, r) extracted from one calculation is determined
by the problem’s dimensionality d and the maximum derivative degree r:

I(djr):(d—:r) _ (d+7)!

dlir!

A standard forward calculation (r = 0) yields exactly one piece of information. Including the
gradient (r = 1) yields 1+ d pieces, and so forth. For a fair comparison, the escalating computational
cost of higher-order derivatives must be accounted for. Assuming a single forward calculation has
a normalized computational cost of C' = 1 (requiring time At), evaluating the full gradient via
AD also takes ~ At, resulting in a combined cost of C' = 2. Computing the Hessian and higher-
order derivatives requires differentiating the gradient entries, leading to cost scaling oc d"—1. The
normalized computational cost C(d, ) relative to a standard forward calculation is thus:

d+r—1 1 r (d+7)!
r—1 d+r dr!

C(d,r)zl—l—(

To estimate the computational savings of incorporating derivatives, we define R(d, r) as the ratio of
computational cost to the amount of information gained per sample:
C(d,r) d'r! T

RAn) =10y ~@em T aer

Effectively, R(d,r) quantifies the data generation cost efficiency of using a derivative-enhanced
method compared to relying solely on function values. Notably, for both gradients (r = 1) and
Hessians (r = 2), this ratio is identical (R = %). However, for higher-order derivatives, the cost
advantage deteriorates. Thus, only first and second derivatives appear theoretically beneficial for
reducing simulation calls, though the vulnerability to numerical errors often reduces the practicality
of evaluating the Hessian. As illustrated in Figure 1, the relative generation cost R(d, r) reaches its
minimum for first and second derivatives but worsens for higher orders. Furthermore, the efficiency
advantage of the derivative-enhanced approach grows significantly as the dimensionality of the

parameter space d increases.
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Figure 1: Reduction of computational effort following the assumption of equivalent information
content with respect to different dimensions and derivative degrees.

3 Numerical studies

In this section, we assess how incorporating derivative information into surrogate model training
impacts overall data demand. We evaluate the proposed approach using both a representative
engineering application and an analytical benchmark. We investigate the effects of Sobolev training
and gradient-enhanced Gaussian Process Regression (GE-GPR) on a structural example utilizing a
differentiable finite element (FE) solver. This demonstrates the practical utility of derivative-enhanced
learning within simulation environments, highlighting its potential to scale to industrial applications
where finite element methods are already well established. Additionally, we use the Rosenbrock
function as a benchmark to analyze how these methods perform on functions characterized by
strong nonlinear characteristics. In order to evaluate how well the different models scale for higher
dimensional parametric spaces, every model is trained for an increasing number of datasets while the
accuracy of the trained models is evaluated (see Figure 2). The accuracy of each model is measured
in terms of a R2 score, defined as

Zi (yi - gi)g
i (i —9)°

where ¥; denotes the predicted values, y; the reference solution, and 7 the mean of the reference
data. A value of score = 1 corresponds to a perfect prediction. Increasing the number of training
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Figure 2: Computational effort of data generation for the eight parameter FE case using the gradient-
enhanced GPR. The plotted computational cost represents the number of training samples multiplied
by the evaluation cost per sample.

samples N generally improves model accuracy, however, it also increases the computational cost of
data generation. We define total computational effort as the number of samples N multiplied by the
relative cost per evaluation. Using a standard forward simulation as the baseline cost of 1, the total
effort for standard data generation is simply N. Because extracting first order derivatives via AD
requires roughly one additional pass through the computational graph, the effort per sample doubles,
resulting in a total computational effort of 2/V. The figures below therefore present the obtained
accuracy as a function of this total computational effort. From each study, the amount of data required
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to reach a specified target accuracy is extracted, enabling the underlying data generation effort to be
analyzed as a function of the parameter space dimensionality (see Figures 5 and 6).

3.1 Experimental Setup

Data Generation and Experimental Design. Datasets containing analytical derivatives are gener-
ated offline for both a structural FE problem (detailed in Section 3.2) and an analytical Rosenbrock
benchmark. For the structural case, we use torchFEM, a differentiable FE library, utilizing mesh
morphing to map a parameterized base mesh to target geometries. This system is defined by up
to eight parameters: two representing the applied loads and six defining the geometry. For the
analytical benchmark, a standard PyTorch implementation of the Rosenbrock function is utilized to
evaluate scaling across varying dimensionalities. In both scenarios, input configurations are generated
via uniform random sampling within predefined bounds. Following the forward evaluation of the
target function, exact gradients and Hessians are extracted via AD. The target function is defined
as the displacement magnitude at the load position for the FE model, and as the scalar output for
the Rosenbrock case. As a preprocessing step, all input parameters and target function values are
normalized via min-max scaling, and the corresponding gradients and Hessians are scaled accordingly.
From a total generated dataset of 600 offline samples, 20% (120 samples) are reserved as a fixed test
set to evaluate final model accuracy score and 10% (60 samples) are used for validation. Training
subsets, ranging from 1 to 300 samples, are then randomly drawn from the remaining pool of 420
samples to systematically evaluate data demand and scaling behavior. Because the validation set is
used exclusively for function value early stopping (requiring no gradients), it represents a constant
across all NN models. Therefore, visualizations in the subsequent sections focus strictly on the
computational effort required to generate the active training data.

Mesh Morphing. In order to deform the mesh of the parameterized FE example, a control-mesh is
defined and wrapped over the computational mesh. This control mesh is discretized into triangular
elements and uses the minimal number of nodes required to accurately define the geometric contours.
During the setup of the parameterized model, each node of the FE mesh is mapped to a specific
control element. When the control nodes are displaced, the internal FE nodes are updated via a
piecewise linear transformation (see Fig. 3). Following this spatial deformation, the shape function
derivatives and Jacobian determinants of the FE model are recomputed to reflect the new geometry.

T S 0 —0
Tnew = A+ (Xora—Xo1a) + X1

Figure 3: Mesh deformation methodology

GP Surrogate. The Gaussian Process regression models are implemented using GPyTorch. The
model utilizes a constant mean and a Radial Basis Function (RBF) base kernel with varying length
scales per dimension together with a scale kernel. The length scales are constrained to the interval
[0.01, 1000]. A Gaussian likelihood is used, with the observation noise fixed at 1e — 7 and excluded
from gradient updates to reflect the deterministic nature of the finite element solver. Model hyperpa-
rameters are optimized by maximizing the Exact Marginal Log-Likelihood using the Adam optimizer
with a learning rate of 0.1 for 200 iterations.
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NN Surrogate. The neural network surrogate is a compact Multilayer Perceptron (MLP) mapping
input parameters to the target displacement. The architecture consists of two hidden layers with Tanh
activation functions, utilizing four neurons per layer for the FE example and 16 for the Rosenbrock
function. Training is executed with a learning rate of 0.005 and an L2 weight decay of 0.001. The
Sobolev training loss function applies equal weighting (1.0) to the mean squared errors of the function
values, gradients, and Hessians. The maximum number of training epochs is set to 100000, with
an early stopping criterion triggered either upon reaching a validation score of 0.997 or after 10000
consecutive epochs without improvement.

3.2 FE example

As a structural reference model, a parameterized two dimensional frame structure is considered, as
illustrated in Figure 4. The frame is fixed at its base, and an external force is applied at the upper right
node. This system is governed by an eight dimensional parameter space: six geometric parameters
control the individual bar thicknesses as well as the overall height and width of the frame, while two
load parameters define the horizontal and vertical magnitudes of the applied force. The parameter
bounds used for data generation can be found in Table 1. As the target function, the displacement
magnitude at the load position is extracted. To evaluate surrogate performance, standard function
only approaches are compared against the derivative-enhanced GE-GPR and Sobolev models across
these respective training pipelines (see Sections 2.1 and 2.2).

IR
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Table 1: Parameter bounds
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Figure 4: Illustration of the frame model with six
geometric and two load parameters. The Young’s
modulus is £ = 1000 MPa.

Figure 5 presents the results for the GPR (left) and neural network (right) surrogates at target scores
of 0.9 and 0.99. The blue and orange curves correspond to the classical GPR and the GE-GPR
models, respectively. Similarly, the green and red curves represent the neural network surrogates
trained with the standard loss formulation and the first order Sobolev loss. As expected, data demand
increases exponentially with the number of parameters, and to some extent, this growth accelerates
when higher target accuracies are required. The derivative-enhanced surrogates outperform their
standard counterparts, requiring less computational effort in data generation to achieve the target
scores. Moreover, the data demand based on theoretical efficiency scaling, introduced in Section 2.3,
is plotted for both models (black dotted line). This line represents the theoretical reduction in
computational effort based on the equivalent information assumption. The observed data demand
for the neural network trained with first order Sobolev loss follows this theoretical prediction,
demonstrating an approximate 2/(1 + d) reduction in computational effort compared to the classical
NN model.
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Figure 5: Computational-effort-corrected performance of surrogate models on the parameterized
FE example for target accuracies of 0.9 and 0.99 (left: GPR, right: neural networks). Incorporating
first order derivatives successfully reduces data generation effort. Furthermore, the neural network
trained with first order sobolev loss exhibits similar scaling behavior to the theoretical baseline of the
theoretical equivalent information assumption (black dotted line).

3.3 Rosenbrock function

As a second example, we consider the n-dimensional Rosenbrock function evaluated over the domain
[—1,1]™. Although the computational effort required for data generation is negligible in this case,
the problem provides a convenient benchmark for analyzing the proposed methods on a smooth yet
highly nonlinear function. Evaluating the same surrogate models for target scores of 0.9 and 0.99
(Figure 6), we observe consistent trends: the first order derivative-enhanced surrogates (see red and
orange curves) outperform their standard counterparts, lowering the required data generation effort.
Furthermore, much like the neural network in the FE example, the GE-GPR closely follows the
theoretical efficiency scaling (black dotted line) at the higher target accuracy. Besides first order
derivatives, we also investigated the influence of incorporating Hessian information via a second
order Sobolev loss for training the neural network. While the Hessian-informed model (purple curve)
required more computational effort than the standard model at lower target accuracies and parameter
dimensions, its data efficiency improved in higher dimensional spaces and at increased accuracy
thresholds. However, it did not surpass the overall data efficiency of the first order Sobolev model.
Exploring even higher dimensional parameter spaces may eventually reveal a comparative advantage
for this second order approach.
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Figure 6: Computational-effort-corrected performance on the Rosenbrock function for target accu-
racies of 0.9 and 0.99 (left: GPR, right: neural networks). Consistent with the FE example, first
order derivative-enhanced models outperform standard counterparts at higher dimensions. Here, the
GE-GPR model follows the overall trend of the theoretical efficiency scaling (black dotted line). The
Hessian-informed neural network demonstrates improved efficiency at higher accuracies but does not
surpass the first order model.

4 Discussion and conclusion

This study investigates the benefits of enhancing surrogate models with derivative information
obtained from differentiable numerical simulations to reduce data demand. By formulating simulation
models in a differentiable manner, derivatives of the simulation output with respect to input parameters
can be obtained efficiently via AD. A critical challenge, however, is determining the optimal derivative
order to incorporate and balancing the reduced data demand against the computational cost of
generating this data. To systematically evaluate these trade offs, a theoretical model is introduced
in Section 2.3 and two benchmark problems are investigated: an FE-based structural example in
Section 3.2 and the Rosenbrock function in Section 3.3. To evaluate surrogate performance, we
measure the computational effort of generating data required to reach a specified target score for
problems with up to eight parameters. The incorporation of higher order derivative information into
surrogate training is, however, not straightforward. For example, the computational cost of fitting a
GPR model scales with approximately O(N3), where N denotes the total number of observations.
For a first order GE-GPR model, this includes all function evaluations and gradients, causing the
data vector to scale linearly with the parameter dimension. Extending this to second order methods
incorporates the Hessian matrix, causing the observation count per sample to scale quadratically with
the number of parameters, severely bottlenecking the training process. While Sobolev training of
neural networks scales more efficiently with higher order derivatives, balancing the corresponding loss
terms remains a significant challenge. In the Rosenbrock example, we observed that incorporating
Hessian information yielded a benefit over the standard model at high target accuracies, however,
it did not surpass the overall efficiency of the first order models. The successful application of
higher order Sobolev training to structural examples remains an open subject for future investigation.
Overall, our numerical studies show that using first order derivatives in surrogate training can
reduce the computational effort of generating data compared to the standard training methods. The
results therefore highlight the potential of such approaches to scale well to industrial sized problems,
particularly for applications constrained by the high cost of simulation data.
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Abstract

This extended abstract presents a physics-informed reinforcement learning frame-
work for optimal diffuser design to improve airflow homogeneity upstream of a
heat exchanger. This approach addresses key challenges in simulation-based opti-
mization, including high-dimensional design spaces, expensive CFD evaluations,
and the lack of gradient information. Physics-based flow features related to early
pressure loss occurrence and eddy formation were employed as low-cost proxies
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for the target homogeneity objective. The problem is formulated as a partially
observable Markov decision process in which the agent sequentially selects the
geometries to be evaluated. Using an expected improvement reward function, the
method adaptively balances exploration and exploitation. The approach is demon-
strated on a synthetic one-dimensional example, and a two-dimensional diffuser
optimization problem is presented.

1 Introduction

In recent years, there has been a growing interest in integrating reinforcement learning (RL) into
optimization algorithms. Rather than adhering to a predefined set of optimization rules, the agent
learns the optimization parameters and search strategy through interactions with the objective function
[6, 18, 7, 16, 8]. On the other hand, the incorporation of physical information into RL has helped
bridge the gap between simulated environments and real-world applications by providing a physics-
based mathematical framework for addressing key RL challenges, such as exploration in high-
dimensional search spaces and the design of meaningful reward functions [4, 9].

The aim of the research project [1] is to utilize physics-informed reinforcement learning (PIRL)
to design an optimal channel geometry that directs the (incompressible) airflow produced by a
ventilator towards a heat exchanger, with the goal of maximizing the homogeneity of the flow before
it reaches the exchanger. This extended abstract formulates the PIRL optimization problem for an
airflow diffuser shape design as a Partially Observable Markov Decision Process (POMDP). As
each CFD run is computationally expensive (ranging from approximately 3 minutes in the present
2D example to several hours in the ongoing industrial application), each new shape iteration must
be selected carefully. Within this framework, the design of new shapes is treated as a sequential
decision-making process in which each CFD evaluation provides information that can either reduce
the uncertainty or improve the objective function. The proposed methodology is illustrated using
a synthetic one-dimensional example, and an ongoing application to diffuser shape optimization is
outlined.

2 Problem formulation

2.1 Physics-informed black-box optimization

Black-box optimization (BBO) [3, 2] optimizes objective functions whose gradients and internal
structures are either unavailable or too complex to handle. In this study, we address the black-box
optimization problem
max f Obj (I) ) { ] )
zeX

where X C IR is a finite search space, and Sobj : R? — R is a continuous objective function. The
derivatives and internal structure of fop; are inaccessible, and each evaluation z — fopj(x) requires a
costly computer simulation. We also consider a physics-informed feature mapping freas : R — RP,
which extracts low-dimensional features feeat () that capture physically meaningful characteristics
that influence the objective function. We also assume fr.,¢ is computationally inexpensive; therefore,
an additional evaluation of this mapping does not constitute a significant overhead. We then define

the vector-valued function
f(I) = (fobj(ff): ffeat(ff)): (2)

which jointly represents costly objective values and inexpensive physics-informed features. Our
aim is to develop a computationally efficient iterative optimization strategy that, after n iterations,
generates a sequence of query points X, := (z;)%, C X, such that X, leads to a near-optimal
design, that is, max,cx, fobj(z) = maxezex fobj(z).

2.2 POMDP

POMDPs provide a mathematical framework for RL problems in which the environment state is
hidden from the agent and can only be observed indirectly [17]. A POMDP is defined as a tuple
(S,A,Q,T,0,R), where S, A, and (2 are the state, action, and observation spaces, respectively. The
dynamics are specified by a transition model T', an observation model O and a reward function R.
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The agent-environment interaction generates a random trajectory so, a1, 01,71, 81, a2, 02,72, 82, . . .,
where the initial state is drawn from an initial belief distribution sy ~ bp. At each time step
t =1,2,...,the agent selects an action a; ~ w(h¢) according to a policy  that depends on the agent’s
history h; = (a1, 01,...,at_1,0¢_1). The environment then transitions to a new state according to
the distribution s, ~ T'(s;_1, a;), after which the agent receives an observation o, ~ O(s;, a;) and
areward r; = R(s¢_1, at). The agent then updates its history as h;y1 = (h, at, 0;) and maintains
a belief state by(s) = P(s; = s | h¢), and the process is repeated. The objective is to find a policy

m that maximizes the expected discounted return V(h) = E [ZEJ;T‘_I vty | hy = h], where

v € (0, 1] is the discount factor and m > 1 is a (possibly infinite) time horizon.

2.3 Black-box optimization as a POMDP

The optimization process is modeled as a partially observable Markov decision process (POMDP),
where the latent state includes the unknown function f given in eq. (2). Because f cannot be observed
directly, the agent only has access to noisy evaluations. At each time step ¢t = 1,2, .. ., the agent
selects a design point z, € X and observes a noisy evaluation (y;, z;) = f(z;) + &;- The reward r;
encourages improvements over the best objective value observed so far. More formally, the induced
POMDP is defined as follows:

Initial belief by = GP(0, k), a multi-output Gaussian process prior over the unknown vector-valued
response function f = ( freat, fob;) and k is a kernel function.

State space S = C(R4+1) x X, where s, = (f, z}) consists of the latent response function f and
the current best design xf among the points where the objective has been evaluated.

Action space A = X, the finite set of candidate query points to be sampled.

Observation space (2 = RP+! corresponds to (possibly noisy) vector function evaluations.

Transition model The latent function remains unchanged, and the best design is updated
T(f: TP 1, It) = (f: I:)~ where z7 = argmaXgze{z? ,,z.} fobj(I)-

Observation model After selecting x, the agent observes an eventually noisy evaluation of the form
ot = (yt, 2t) = f(ze) + o0&y with e, ~ N (0, X2).

Reward function The reward corresponds to the improvement over the previous best value,

R(f: It*—li It) = :ma.x((}, fubj(fft) - fobj(It*—l))'

The following proposition shows that, under a single-step horizon and noiseless observations, our
POMDP formulation coincides with standard Bayesian optimization using the expected improvement
acquisition function [10, 5]. For conciseness, we omit the proof.

Proposition 1 (Bayesian Optimization). If m = 1, v = 1 and o = 0, then the optimal policy is
m*(ht) = arg max,cx q(z;_, x) where

a(z}_y,z) = E [max(0, fovj () — fovj(2i-1)) [ {(zr, vk, 2r)}izo] »
The expectation is taken under the Gaussian process posterior distribution of fon; conditioned on the
past evaluations {(zx, Yk, zx) Y

3 Experiments and analysis

In this section, we first demonstrate and evaluate the proposed method using a one-dimensional
synthetic example. We then present an ongoing real-world application of diffuser shape optimization.

3.1 Illustrative 1D-example

We apply the proposed method to maximize the objective function foi(z) = —sin(z) — =2 + 0.7z
over the discrete domain X, consisting of an equidistant grid of n = 101 points between —1 and
2 ( Figure 1). As a feature function, we consider fra(z) = fobj(z) + , which serves as a simple,
highly correlated proxy for auxiliary information. In practical CFD settings, such features would
typically not follow an explicit functional relationship with the objective but instead arise from
physically correlated quantities. . To highlight the potential benefits of incorporating additional
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physical information, we compared the proposed framework in two settings: without additional
features (f = foj) and physics-informed (f = (fopj, frear))- For illustrative purposes, we assume
noiseless observations (¢ = 0) and consider a one-step time horizon (m = 1).

The process is initialized with a set of six exploratory actions Xg = {—1,0.41,0.8,1.01,1.61,1.91},
leading to the associated initial observations Y5 = { fobj(z) : = € Xg} and Zg = { freat(z) : = € X6}
The current best design is = = 1.01. In practice, such initial points can be selected based on expert
knowledge.

Under this setting, we solve our POMDP problem using the Partially Observable Monte Carlo
Planning (POMCP) method introduced in [15] and implemented in the Python library pomdp_py [19].
Figure 1 compares the results of the featureless (left column) and physics-informed (right column)
cases. The upper row shows the objective function f,p,; (orange dashed line), sampled objective data
(crosses), sampled feature data (circles), and the expected value (blue line) and confidence interval
(light blue area) of the posterior distribution b;( fonj) = E[fon;j | X6,Ys]. The second row shows
the action-value function = +— g(xf, ) defined in Proposition 1. The vertical lines in the second
row correspond to the next point to be queried, x;, as determined by the algorithm, which coincides
with arg max,¢ x q(x§, =) as stated in Proposition 1. Observe that, in the featureless case, the next
queried point x corresponds to a local minimizer of fop;. In contrast, when additional physical
information is incorporated, the selected point 7 coincides with the global minimizer of fop;.

— Mean
Confidence
Objective

o Feature data
®  Objective data

i
- - [ N
0.5 : ! — expected improvement
! [ m --- next query
0.0 ; 1 i

T T T T T T T T 1
-10 -05 00 05 10 15 20 -10 -05 00 05 10 15 20

-2+ .

Figure 1: POMDP black-box optimization applied to a 1D example for the cases without features
(left column) and physics-informed features (right column).

3.2 Towards diffuser shape optimization

This section outlines the application of the proposed framework to diffuser shape optimization. As
this work is presented as an extended abstract, we limit the description to the main ideas and omit the
detailed technical aspects.

A two-dimensional symmetric diffuser contour shape is parameterized by a vector = € [0,1]2,
which determines the position of the Breezier control point. The resulting flow field was evaluated
through computational fluid dynamics (CFD) simulations based on a mass-conserving mixed stress
formulation for time-dependent implicit large eddy simulations [12, 11]. Figure 2a illustrates the
diffuser shape for = (1,0.25), along with a snapshot of the corresponding velocity field. Each
CFD evaluation is computationally expensive, and gradient information is unavailable, therefore
this problem naturally falls within the scope of black-box optimization. We formulate the shape
optimization task as in (1), where f,p; corresponds to a suitable homogeneity metric of the outlet
velocity field, and X C [0,1]? is a 20 x 20 regular grid of candidate designs. The heatmap in 2c
shows fobj(x) for z € X and the optimal shape (red cross).

Modeling flow fields is challenging due to the high dimensionality of CFD data and their strong
variability across geometries. Therefore, an important step in physics-informed machine learning
is to extract low-dimensional, physics-based features from CFD data, guided by domain expertise
[14, 13]. In our case of airflow channels, such features are selected based on their ability to capture
flow regimes of enhanced mixing, which correlates with the objective of homogeneity at the outlet.
More precisely, we assesed the pressure drop of the ideal pressure recovery at the outlet (estimated for
a virtually steady inviscid and irrotational flow using Bernoulli’s equation) and the actual one found
by CFD (finite-elements) simulations, including RANS/temporal averaging. A samller pressure loss
indicates a more developed turbulent regime, which enhance momentum redistribution and results in
a more homogeneous RANS-averaged flow at the outlet.
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In this context, the feature map frat is defined by a vector derived from the early pressure loss
and vortex formation features. These features were identified by combining expert knowledge and
exploratory data analysis. We obtained a set of more than ten candidate features that exhibited a strong
correlation with the target and were therefore included in feature mapping. For instance, Figure 2d
shows a scatter plot of f,,;(x) against the maximum absolute value of the pressure loss associated
with z for all z € X. Now having all the building blocks required to apply our POMDP framework to
diffuser shape optimization, we can define an appropriate covariance kernel structure for the function
f = (fobjs freat) s0 as to extend the computational framework from a one-dimensional search space
to a multi-dimensional setting.

R RTINS

@ (b)

Figure 2: (a) Diffuserhannel geometry and a snapshot of the velocity field for a representative shape;
(b) velocity field at the diffuser outlet; (c) heatmap of the objective function over the shape search
space; (d) scatter plot of the objective value versus a low-cost physical feature.

4 Conclusion and Outlook

We defined a POMDP-based black-box optimization framework that is suitable for airflow channel
design optimization problems. The proposed method leads to an iterative process in which each
evaluated new shape provides information by reducing uncertainty or improving the objective function,
thereby fulfilling the exploration—exploitation paradigm. Our roadmap consists of the following tasks:

= Extend the one-dimensional search space case to the multidimensional setting and evaluate
the method on the application described in Section 3.2.

* Extend the action space to pairs of the form a; = (z¢,d;), where d; is a binary decision
variable that determines the evaluation fidelity: if d; = 0, only the inexpensive feature map
freat () is evaluated, whereas if d; = 1, both freat (z¢) fobj(z¢) are evaluated.

= Apply the method to a real industrial diffuser shape optimization problem, where geometries
are described by more than 30 parameters and each CFD evaluation requires several hours
of computation on high-performance computing systems.

Finally, we note that the proposed framework can also be applied to optimization problems beyond
shape design that may benefit from the incorporation of physics-informed features.
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Bayesian optimization (BO) is a sequential model-based optimizing algorithm for expensive black-
box functions. The core is a probabilistic surrogate model, typically a Gaussian process, that
is updated as new evaluations are collected. At each iteration, an acquisition function balances
exploration of uncertain regions against exploitation of promising areas, guiding the selection of the
next evaluation point [1]. It is widely used for data-efficient optimization of expensive black-box
functions, particularly where evaluations are costly and data is scarce. In materials design and related
fields, optimization problems are often accompanied by partial prior knowledge derived from physical
models, simulations, or empirical relations. Incorporating such knowledge can in principle improve
sample efficiency, but it is not clear when and where in the BO pipeline this knowledge should
be injected, nor how sensitive each injection point is to knowledge of varying quality, a critical
concern in the small-data regimes typical of experimental materials science, where few evaluations
are affordable.

Recent works have proposed multiple strategies to incorporate domain knowledge into BO [2-9].
These include physics-informed surrogate models, expert-informed priors over the search space, and
modifications of the acquisition function. While each of these approaches has demonstrated potential
benefits, it remains unclear where knowledge should be injected in the BO pipeline to most effectively
influence optimization dynamics on a wider range of problems. In this work, we provide a systematic
empirical comparison of three conceptually distinct knowledge-injection strategies. Our goal is not
to introduce a new optimization algorithm, but to investigate how the placement and flexibility of
domain knowledge affect sample efficiency and robustness in small-data regimes.

1 Conceptual Framework

To structure the comparison, we express the different strategies in a unified conceptual form:

on = argmax olg](z) n(z) + R(z),
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where a[g](x) denotes the acquisition function derived from a surrogate model g, 7(z) represents
a prior over the search space, and R(x) denotes an optional regularization term encoding auxiliary
knowledge.

This formulation highlights that domain knowledge can influence Bayesian optimization by shaping
the surrogate model (hypothesis space), biasing the search distribution via priors, or modifying
the decision criterion through the acquisition function. This formulation serves as a conceptual
abstraction to compare different integration strategies and does not define a new optimization method.
We consider three placements of domain knowledge:

(i) Surrogate-level injection: Domain knowledge is embedded directly into the surrogate model, for
example via physics-inspired mean functions, feature transformations, or domain-informed kernels

[3].

(ii) Prior-based injection: Knowledge is encoded as a probabilistic prior over the search space,
influencing candidate selection multiplicatively while allowing its impact to decrease over time[7].

(iii) Acquisition-level regularization: An auxiliary domain model contributes additively at the
acquisition stage, guiding exploration without altering the surrogate [8, 9].

These strategies differ in how strongly they constrain the hypothesis space and how they interact with
uncertainty estimation.

2 Experimental Overview

We evaluate the three strategies across different optimization tasks, including the Branin-Currin
multi-objective problem [10], which provides a tractable yet non-trivial testbed for multi-objective
BO under controlled conditions.

For the prior- and regularization-level injection strategies, a Gaussian process regression (GPR) is
employed as the surrogate model. The tasks vary in dimensionality, objective structure, and noise
level. All experiments are conducted under limited evaluation budgets to reflect small-data conditions.
Performance is quantified using cumulative normalized hypervolume regret, computed on ground-
truth objective values to avoid model-dependent bias. To isolate the effect of knowledge placement,
we maintain consistent surrogate architectures and acquisition functions across experiments. Each
configuration is repeated five times with different initial points and noise realizations.

All experiments are conducted under strict small-data conditions, with adapting evaluation budgets
limited to a maximum of 100 function evaluations, reflecting realistic experimental constraints in
materials science where each experiment may require significant time and cost.

3 Observations

We consider both accurate and partially correct domain knowledge, where partial correctness reflects
domain models that capture some but not all structural aspects of the true objective. Across tasks,
we observe that the impact of domain knowledge depends strongly on both its placement and its
flexibility.

Surrogate-level injection accelerates early-stage learning when the embedded knowledge is adaptable

and reasonably aligned with the true objective structure. However, rigid or misspecified knowledge
can severely degrade optimization performance. This behavior is illustrated in Fig. 1a.

Prior-based injection provides modest improvements in the early stages but does not consistently
yield significant gains compared to vanilla Bayesian optimization. In the present formulation, the
injected prior is soft and therefore mainly acts as a term that slightly biases surrogate predictions
without fundamentally altering the acquisition landscape. As observational data accumulate, the GPR
output becomes more certain over the domain, leading to sampling trajectories that are largely similar
to those obtained with a non-informative prior.

Acquisition-level regularization offers flexible guidance. Although it is outperformed by surrogate-
level injection when the incorporated knowledge closely matches the ground truth, it provides a
more robust mechanism for integrating imperfect domain knowledge. By influencing the ranking
of candidate points directly through the acquisition function, this strategy maintains beneficial



exploratory behavior even when the injected information is only partially correct. This effect is
illustrated in Fig. 1b.
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Figure 1: Types of knowledge injected in the Branin-Currin multi-objective Bayesian optimization
problem

Overall, these results highlight that the effectiveness of knowledge injection in Bayesian optimization
depends both on how strongly the injected information constrains the surrogate model and on
the level at which it influences the decision-making process. Strong surrogate-level guidance can
substantially improve early sample efficiency when well aligned with the objective structure, but
increases sensitivity to misspecification. In contrast, more flexible strategies, particularly those acting
at the acquisition level, provide more robust performance by preserving the optimizer’s ability to
adapt to observed data.

This reveals a fundamental trade-off between performance and robustness, governed by the level at
which domain knowledge is introduced.

4 Discussion and Outlook

These preliminary findings indicate that, in small-data regimes where only a handful of initial
observations are available and the total evaluation budget is tightly constrained, the placement
of domain knowledge within the BO pipeline critically determines optimization dynamics. The
interaction between knowledge quality, surrogate flexibility, and uncertainty calibration becomes
particularly consequential precisely because there is insufficient data to self-correct early misguidance.
Rather than asking whether domain-informed BO is beneficial in general, our results suggest that the
interaction between knowledge flexibility, uncertainty calibration, and noise level is decisive.

Future work will focus on deeper theoretical analysis of these interactions and on studying fewer
real-world materials systems in greater detail to better understand the mechanistic origins of the
observed behaviors.
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Abstract

For many scientific and engineering problems, equations based on applicable
laws of physics can be used to link observable physical quantities. Analytic ex-
pressions, however, provide only point estimates and therefore cannot express
uncertainty. This limits trustworthiness of predictions, especially in setups with
limited data, noisy observations or when extrapolating. Bayesian probabilistic
models address this limitation by treating unknown model parameters as random
variables initialized by prior distributions and yielding — through inference — poste-
rior (predictive) distributions. Constructing Bayesian models and convergence of
inference, however, still requires specialized knowledge in probabilistic program-
ming and inference algorithms, hindering the broader adoption of Bayesian models
and uncertainty quantification in many domains. To make uncertainty-aware equa-
tion modeling more accessible, we present Equayes (Equation to Bayesian Model),
a scikit-learn-style estimator that converts a user-provided symbolic expression into
a probabilistic model and performs posterior inference over its numerical constants.
The core value of the method and tool to construction of hybrid models is that
it implements a principled approach to hybrid model evaluation, linking laws of
physics, random variables and inference in an accessible manner.

1 Introduction

Physics-informed machine learning and hybrid modeling combine mechanistic structure with sta-
tistical learning to improve generalization, sample efficiency, and interpretability. In many such
workflows, a domain expert already has an analytical equation, a constitutive relation, or a symbolic
surrogate, but still needs uncertainty estimates over parameters and predictions for model interpreta-
tion and model criticism. This need becomes especially acute when data is scarce or noisy, or when
downstream decisions depend on confidence rather than on point estimates alone.

Bayesian modeling provides a principled way to address such scenarios by treating symbols as
random variables (rather than point estimates) and combining prior assumptions with observed data
to obtain posterior distributions [1]. Since the exact computation of posterior distributions is in
general analytically intractable, practitioners resort to approximate or sampling-based inference.
Markov chain Monte Carlo (MCMC) methods provide a general framework for drawing samples
from the posterior distribution, thereby enabling both the quantification of parameter uncertainty and
its propagation to downstream predictions. Recent advances in Hamiltonian Monte Carlo, particularly
the No-U-Turn Sampler (NUTS), have substantially improved the robustness of posterior computation
in practice [2]. Posterior predictive distributions then combine parameter uncertainty and observation
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noise, which is particularly valuable for uncertainty-aware predictions, model criticism, and error
propagation in scientific applications [1].

In practice, however, applying Bayesian methods to some analytic equation still requires substantial
manual work. A user must implement the probabilistic program, define latent variables and priors,
connect them correctly to the deterministic model, and configure inference machinery in a probabilistic
programming framework. Although modern frameworks such as Pyro make Bayesian modeling
flexible and expressive [3], they still assume familiarity with probabilistic programming abstractions.
Equayes addresses this implementation bottleneck: if a model is already available as a symbolic
mathematical expression, then most of the effort required to turn it into a Bayesian model is automated

by Equayes.

2 From Equation to Bayesian Model

Let a user-provided symbolic model be written as
y=fo(z1,...,2n); y,z; ER 1)

where x1,...,zy denotes the N input variables and # € R¥ denotes numerical constants in the

equation. Let further D = {%;, ﬁ,;}fil be the observations of the system. The goal is to automatically
define a probabilistic model p(y | 8, x) and infer the posterior distribution p(@ | D).

Equayes takes the symbolic expression f and

* identifies its numerical constants 6,

« replaces them by latent parameters, i.e. probability distributions p(6),
* introduces an observation-noise variable and likelihood p(y | 8, x),

= compiles the resulting expression to a differentiable backend, and then
* runs MCMC inference to sample the posterior p(y | 8, x).

The resulting Bayesian model can be written as

O ~N (0,02 =1000), k=1,....K )
&2 ~ HalfNormal(c? = 10) 3)
y ~N(folz1,...,2n),6%). )

The wide variance in the prior over # (2) encodes that parameters are in general unknown before
observing any data. Furthermore, Equayes assumes that the observations are independent and
identically distributed, therefore, they are modelled as samples of a Gaussian distribution (4).

In the current implementation, Equayes can be used by only specifying the symbolic expression f, all
other parameters are readily set. Using the NUTS inference routine enables Equayes to infer complex
posterior distributions over # without making any assumptions about the geometry of the posterior.
Internally, symbolic manipulation is handled through SymPy [4], while probabilistic execution and
inference are handled through Pyro [3]. For all steps, Equayes is parameterizable, with default
values as follows: inference_method: "mcmc", memc_kernel: "nuts", mcmc_samples: 2000,
memc_warmup_samples: 2000, mcmc_chains: 1, mcme_initial_step_size: le~2, the starting
point of the MCMC chain is set to 8 as given in the expression. In general, users of Equayes do not
need to adjust those parameters, as they provide a good trade-off between computational cost and
quality of the posterior distribution. However, advanced users may customize inference as required.

Executing inference, posterior predictive samples for new inputs, and retrieving posterior
samples for # are then exposed through a scikit-learn-style estimator interface via fit(),
predict (), and get_posterior (), respectively. Equayes is available at https://github. com/
mclprobability/Equayes.

This design is intentionally focused. Equayes is not intended to replace expert Bayesian modeling in
settings that require bespoke priors, hierarchical structure, or custom likelihoods. Even though the
architecture of Equayes is extendable to feature more customized models, like customizable prior
distributions, which may be available in the future. Instead, it provides a practical and accessible
route to uncertainty-aware equation fitting for users who want to preserve an analytical form while
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Figure 1: Comparison of deterministic and probabilistic polynomial fit (degree 3). Left: deterministic
maximum likelihood estimates (MLE), and marginal posterior distributions and correlation matrix of
the inferred parameters. Right: Deterministic fit and Equayes posterior predictive with 95 % credible
intervals. The widening credible intervals indicate increasing uncertainty due to limited data support.

obtaining posterior and posterior predictive uncertainty with minimal implementation effort. We
believe that this is important across a broad range of scientific and engineering domains, where
symbolic relations are often known, inferred, or constrained by prior physical structure, yet the effort
required to translate such equations into probabilistic models remains a substantial barrier to applying
Bayesian inference in practice [5, 6].

3 Evaluation

First, we demonstrate Equayes on an illustrative example, second, we show the application of Equayes
on a materials science use-case (cantilever).

3.1 Illustrative Example

To illustrate the practical gain, we consider noisy observations generated from a sinusoidal ground-
truth process and fit a polynomial surrogate of degree 3, f(z) = fpx> + 0122 + Oox + 5. This
setup is intentionally misspecified: the polynomial surrogate model cannot represent the true sinusoid
exactly, which mirrors most real-world problems in which the available analytical model is useful but
not exact. We compare a deterministic maximum-likelihood fit against the posterior predictive result
produced by Equayes.

Figure 1 shows that the deterministic solution provides a single reconstruction and therefore hides
epistemic uncertainty caused by limited support in parts of the input domain. This uncertainty is
visible in the posterior variance (left). Furthermore, the correlation matrix shows the dependence of
the parameters under the posterior distribution. The Bayesian fit (right) yields a posterior predictive
mean (variance caused by parameter uncertainty only), and full posterior predictive distribution
together with 95 % credible intervals. In the example, the credible intervals widen substantially
outside of the training region reflecting the uncertainty inherent to extrapolation.

3.2 Cantilever

Consider the Cantilever [7] as representative example of a physical system. Shown in Figure 2 (left)
is a prototypical cantilever - a lever fixed on one side. We want to estimate the density p of the
cantilever, without any possibility of measuring p directly. Hence, we need to resort to indirect
measurements. The governing equations of the cantilever

3
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Figure 2: The Cantilever experiment. Left: visualization of the cantilever and measurement setup.
Center: the inferred posterior distribution. Right: the posterior predictive distribution (left axis) and
histogram of frequency observations (right axis).

with mode dependent /3, density p, and Young’s modulus E establish that the lever’s natural frequency
f directly depends on its density. We therefore use frequency measurements f as system observations.
To model sensor noise, we assume f is distributed according to a Normal distribution, centered at the
true frequency f with isotropic Gaussian sensor noise €, f' ~ N(f,é€?).

We use the governing equation (6) as a generative model to generate a data set of 20 frequency
observations with parameters: L = 0.9 m,W = 0.0l m,H = 0.01 m, p = 7950 kg/m3, E' =
210€° Pa, 8 = 1.875, ¢ = 0.1 Hz. Given the generated data, we utilize Equayes to infer the density
posterior distribution p(p). We implement (6) in sympy and substitute p with the assumed density
p = T7900. This tells Equayes to replace the parameter p = 7900 with a latent variable and expect all
other parameters as input. On inference, we leverage the default parameters of Equayes and set all
free parameters to their true values.

Figure 2 (center) shows the posterior distribution of density p. Its mode almost matches the true
density, with widening intervals. This wider posterior distribution p(p) expresses the remaining
uncertainty given the 20, noisy frequency observations. The posterior predictive distribution (Fig-
ure 2 (right)) confirms that the posterior distribution truly describes the observed data, as the predictive
distribution closely models the observed data.

4 Conclusion

We introduced Equayes, a scikit-learn-style estimator that turns symbolic equations into Bayesian
models with minimal user effort. By automating parameter lifting, noise modeling, symbolic
compilation, and MCMC-based inference, Equayes lowers the barrier to probabilistic modeling for
equation-centric workflows. The result is not merely a point estimate, but posterior and posterior
predictive information that quantify uncertainty and enable more robust downstream use. In this
sense, Equayes fills an important gap in the modeling toolbox by making interpretable, prior-aware,
and uncertainty-conscious Bayesian treatment of symbolic equations readily accessible in practice.
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Abstract

Robotic manipulation of unseen objects relies on zero-shot 6D pose estimation,
which typically requires a 3D mesh as a reference. While constructing accurate
meshes requires specialized scanning hardware and manual editing, recently pro-
posed Novel View Synthesis (NVS) techniques, such as 2D Gaussian Splatting
(2DGS) and Sparse Voxels Rasterization (SVRaster), produce accurate surface
reconstructions as a byproduct, potentially eliminating the need for specialized
equipment. This work presents an automated image-based mesh generation pipeline
that integrates object segmentation, camera registration, point cloud generation,
metric height estimation, and NVS mesh generation, eliminating the need for ex-
pensive hardware and human intervention. Leveraging 2DGS and SVRaster with
MASt3R-SfM or Visual Geometry Grounded Transformer (VGGT), the pipeline
produces accurate meshes in minutes, with the VGGT/SVRaster combination
reducing reconstruction time to seconds. Grounding near-view object-centric im-
ages with far-view scanning scene images using MASt3R yields consistent object
height estimates. On the BOP YCB-V benchmark, meshes generated with our
pipeline achieve competitive performance with state-of-the-art zero-shot pose es-
timation methods. Real-life robotic grasping experiments further indicate robust
performance even under moderate scale errors. The source code is available at
https://github.com/St333fan/meshgen-zeroshop.

1 Introduction

The rise of Machine Learning (ML) and Generative Artificial Intelligence (GenAl) has significantly
enhanced the ability of robotic systems to navigate complex and dynamic environments, moving
beyond the constraints of controlled settings [1]. However, planning and locomotion in robots are
of limited utility without reliable object detection to facilitate environmental interaction. Although
Vision-Language Models are increasingly embedding object representations within their parameters
[2], state-of-the-art (SOTA) zero-shot object detection, segmentation, and 6D pose estimation methods
still rely on reference objects, typically represented as 3D meshes for feature matching [3] [4] [5].
Figure 1 illustrates this with a robot detecting an object in a real-world scene, segmenting object-
specific pixels, and estimating its pose to enable grasp planning and manipulation.

The Third Austrian Symposium on Al, Robotics, and Vision (AIROV26).
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Real Environment Inferred Data

Figure 1: A robot extracts environmental information relevant to a target object for grasping. This
data, including image location and corresponding pixel values, is then used to infer both a 2D pose
(green) and a 6D pose (blue), defined within the robot coordinate system. Subsequently, this pose
information facilitates grasp planning for object manipulation.

Conventionally, meshes are acquired using specialized scanning hardware, followed by manual
refinement in a Computer-Aided Design program, or via Structure from Motion (SfM) algorithms [6],
which yield comparatively lower-quality results [7]. Unfortunately, hardware scanners are expensive
and SfM-based pipelines are highly feature-dependent, struggle with textureless objects, are scale-
ambiguous, and require long processing times [6]. Recent ML-based approaches leveraging Vision
Transformers for camera registration [8] [9] and scene reconstruction utilizing radiance fields [10]
[11] have significantly closed the gap to hardware-based scanning. Combined into an automated
pipeline, these methods eliminate the need for specialized scanning hardware and manual mesh
generation.

In this work, we present an automated mesh generation pipeline that uses Grounded-SAM [12]
for object segmentation, MASt3R-SfM [8] or VGGT [9] for camera pose estimation, and 2DGS
[11] or SVRaster [10] for mesh reconstruction, while leveraging MASt3R [13] to estimate object
height. All methods were tested on object data generated from the YCB-V subset of the Benchmark
for 6D Object Pose Estimation (BOP) [4]. Logically, BOP was also used to compare all meshes
within model-based tasks testing with SOTA open-source models CNOS [14], SAM-6D [15] and
FoundationPose [16]. Finally, the best-performing mesh generation method was applied to real-world
supermarket objects to generate accurate object meshes, which were subsequently validated through
robotic grasping experiments.

This paper is organized as follows: Section 2 provides an overview of related work in the domains
of 3D reconstruction, NVS, and pose estimation. Section 3 outlines the proposed automated mesh
generation pipeline. Section 4 details the experimental setup and presents the results. Finally, Section
5 summarizes the paper and suggests directions for future research.

2 Related Works

The industry-standard reconstruction pipeline utilizes COLMAP [6] for camera registration and sparse
point cloud estimation. The resulting point cloud is subsequently densified and meshed using Poisson
Reconstruction [17]. While performing best with feature-rich or large objects, it suffers from lengthy
processing times and relies on good initialization. Its successor GLOMAP [18] addresses processing
time with comparable reconstruction quality, yet both rely on handcrafted features increasingly
replaced by ML-based foundation models such as CroCo [19]. Notable integrations include DUSt3R
[20], MASt3R [13], and MASt3R-SfM [8], whose learned features are more robust than handcrafted
alternatives and increasingly used for feature matching [21] [8]. Importantly, MASt3R, trained on
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metric data [13], is able to estimate scene scale; however, its performance is validated primarily for
large-scale environments and has received limited testing in small-scale scenarios. Other specifically
trained approaches include VGGT [9] and VGGS{M [22] for camera registration and point cloud
generation. Currently, MASt3R-SfM and VGGT generate the most viable initial point clouds and
camera positions, though both may remain inconsistent for direct mesh reconstruction. On the
RealEstate 10K benchmark [23], MASt3R-SfM and VGGT perform comparably, while VGGT with
Bundle Adjustment (BA) achieves SOTA performance; however, reconstruction quality drops under
extreme input rotations [9].

While these methods provide camera positions and an initial sparse point cloud, the resulting data
is often incomplete or misaligned. NVS methods address this limitation by optimizing a scene
representation from the input images, minimizing the rendering error across all views. The scene
is encoded as radiance fields, which can subsequently be used to densify the point cloud [24] [25]
[26]. This has been further addressed by 2DGS [11], which applies 2D Gaussian surfaces placed in a
3D space, ensuring alignment with the surfaces of a scene. This results in dense, on-surface-aligned
points, where each point represents the midpoint of a Gaussian surface. Alternatively, SVRaster
[10] adopts a different approach, initiating reconstruction from registered camera frames and directly
generating view-consistent voxels, later fused into a mesh. Sun et al. [10] also presented comparative
evaluations of NVS methods, demonstrating a favorable balance between accuracy and inference time
for both SVRaster and 2DGS. Beyond rendering alignment, integrated loss functions also leverage
object surface alignment guided by segmentation masks, typically extracted using methods such as
Segment Anything Model (SAM) [27], Grounded-SAM [12], or Grounding DINO [28]. Following
NVS reconstruction, post-processing into a mesh typically involves Poisson Reconstruction [17] or
Marching Cubes [29], with texture either registered from source images or increasingly generated via
diffusion models [30].

The reconstructed meshes are then used as reference models in model-based zero-shot object detection,
segmentation, and 6D pose estimation. Among the available methods benchmarked in BOP [4], three
stand out in terms of performance, open-source availability, and ease of integration: CNOS [14],
SAM-6D [15], and FoundationPose [16]. CNOS combines DINOv2 [31] for zero-shot detection
with SAM [27] or Fast-SAM [32] for segmentation in a straightforward pipeline. SAM-6D [15]
extends CNOS by adding a geometric matching term for improved detection and segmentation,
with subsequent pose estimation employing a two-stage point matching model. FoundationPose
[16] offers a unified framework for 6D pose estimation and tracking of novel objects, supporting
both model-based and model-free scenarios via LLM-aided synthetic training and a neural implicit
representation. Controversially, the synthetic training data is subject to copyright issues, and a version
trained without it has been released, potentially at the cost of reduced accuracy. For subsequent
evaluation, the de facto benchmark is BOP [4], offering both 3D object models and real-world
counterparts from its YCB-V subset. However, as open-source datasets [4] [33] [34] [35] are often
included in model training data, novel data should also be considered.

3 Methodology

Building on the prerequisite of avoiding specialized scanning hardware, the developed meshing
pipeline relies solely on a generic camera and ML methods. Figure 2 illustrates the four main stages
of object generation: object segmentation, camera registration and point cloud generation, metric
height estimation, and meshing supported by NVS. Each step is described in detail in the following
sections.

3.1 Data Acquisition and Object Segmentation

To enable reliable 3D reconstruction and accurate segmentation, it is necessary to acquire images
that provide complete and uniform coverage of the object surface. A camera should move along a
trajectory encircling the object at multiple elevations, consistently maintaining focus on its center.
The first image captures the frontal view to establish the coordinate axes. In addition, capturing data
as a video stream accelerates acquisition, promotes consistent illumination, and allows flexible frame
extraction. Note that capturing the object solely from a top-down perspective leaves a hole at the
bottom of the resulting mesh. Once captured, the object is segmented from the background using
Grounded-SAM [12], a zero-shot promptable segmentation model. Using the prompt "object in the
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Figure 2: Object generation proceeds in four stages: Object Segmentation generates image masks
from a video, followed by Camera Registration and Point Cloud generation, which estimates camera
poses and a sparse point cloud. Metric Height Estimation then isolates object-specific 3D points from
masked front-view images to estimate the object dimensions. Finally, the point cloud is densified and
meshed using the NVS methods 2DGS and SVRaster.

middle." on the first frame, it tracks and generates the object mask across all frames, as seen in Figure
2, enabling accurate segmentation for diverse objects.

3.2 Camera Registration and Point Cloud Generation

Starting from an unordered collection of scene images without known camera intrinsics and extrinsics,
it is possible to estimate these parameters while reconstructing 3D scene geometry, as seen in Figure
2. To solve this, MASt3R-SfM integrates an ML stereo model into a conventional SfM framework
by using MASI(3R features for image retrieval and pairwise matching, followed by camera pose
estimation and point cloud reconstruction within a COLMAP-based optimization stage. This hybrid
design reduces matching complexity from quadratic to linear, enables robust registration even under
purely rotational motion, and avoids reliance on RANSAC, while still benefiting from BA for global
consistency. In contrast, VGGT adopts a fully feed-forward approach that jointly processes multiple
images to directly predict camera poses, depth maps, point tracks, and 3D point maps in a single
forward pass. This yields significantly faster inference and eliminates explicit correspondence search
and incremental reconstruction, but requires higher GPU memory and exhibits reduced robustness
under large viewpoint changes. While MASt3R-SfM trades runtime efficiency for scalability and
accuracy through optimization, VGGT prioritizes real-time performance by learning geometric
reasoning end to end from large-scale data.

3.3 Metric Height Estimation

While VGGT does not estimate metric scale, MASt3R-SfM and MASt3R fail to recover the correct
scale from near-view object-centric images alone. The solution integrates both near-view object
and far-view scene images into a single reconstruction using MASt3R, chosen for its computational
efficiency. Since scale is an optimization parameter across image pairs [13], scene images must
outnumber object images. A good compromise uses four scene and two object images; the latter
being the minimum required by the stereo backbone of MASt3R, producing a point cloud of the
full scene with the object registered within it, as shown in Figure 3. Object height is estimated by
projecting the point cloud into the reference camera coordinate frame, applying the object mask, and
subtracting the lowest from the highest point coordinate. Crucially, scene images can be captured
without the object present.

3.4 NVS Mesh Generation
In the last step of Figure 2, a mesh is generated with 2DGS and SVRaster, followed by post-processing

with texture, given a pose based on the first reference frame, and scaled to the estimated dimensions.
2DGS and SVRaster utilize the registered cameras, the point cloud, and object masks to iteratively
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Figure 3: To generate an accurate metric scene point cloud, four scene images (excluding the object)
are registered with two images of the object using MASt3R. Subsequently, the first registered image
and its corresponding object mask are utilized to extract object-specific points, which are then
employed to estimate the height of the scanned object.

reduce loss functions [11] [10], representing the object as densified 2D Gaussian disks or voxels. The
radiance fields are then converted into a dense object-specific point cloud and meshed with Poisson
Reconstruction (2DGS) or Marching Cubes (SVRaster).

4 Experiments and Results

To assess the quality and robustness of the proposed pipeline, four sub-goals were examined. First,
camera registration and point cloud generation with VGGT/MASt3R-SfM and 2DGS/SVRaster to
determine which configuration reconstructs the greatest number of YCB-V objects. Second, the
MASI3R scaling method was applied to real-world objects and the estimated scale was compared to
the true object height. Third, the standardized BOP benchmark was used to validate the object meshes
in 2D segmentation and 6D pose estimation tasks. Finally, robotic manipulation was examined in
real-world settings using CNOS and FoundationPose.

4.1 Mesh Generation Reconstruction Rate and Quality

To evaluate the automated mesh generation pipeline, the optimal combination of MASt3R-SfM,
VGGT, 2DGS, and SVRaster is identified based on reconstruction success. The best configuration is
subsequently evaluated on real YCB-V and supermarket objects to assess reconstruction differences
using real-world data.

4.1.1 Virtual YCB-V Objects

To establish a baseline for the mesh reconstruction success rate, all 21 virtual YCB-V ground-truth
(GT) object models were rendered in BlenderProc [36] to generate scene images. Additionally, scenes
were differentiated by high- and low-feature surfaces, with masked object images also included to
assess the necessity of surface information for camera registration and NVS. The first two cases
comprised 20 images each, while the masked case, unconstrained by surface limitations, yielded a
denser representation of 30 images, including views from below. The render scenes are depicted in
Appendix A.

The reconstruction success achieved per combination is detailed in Table 1, where both registration
methods exhibit distinct strengths. In particular, MASt3R-SfM with high-feature surfaces is the
only combination achieving successful reconstructions for all objects. Although VGGT surpassed
MASt3R-SfM in the segmented task, it failed to reconstruct the featureless YCB-V bowl object.
Figure 4 visualizes qualitative differences in mesh quality between 2DGS (left) and SVRaster (right)
across three geometrically distinct objects, using MASt3R-SfM initialization. In summary, SVRaster
generates meshes with object dimensions comparable to 2DGS but with a less smooth surface, while
training in seconds compared to minutes for 2DGS.

4.1.2 Real Supermarket Objects

Given that only MASt3R-SfM successfully reconstructed all virtual YCB-V object scenes, it was
selected for evaluation on real-world objects. As detailed in Section 3.1, a video was recorded,
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Table 1: 2DGS and SVRaster mesh reconstruction success initiated by VGGT and MASt3R-SfM,
utilizing the rendered data from the 21 BOP YCB-V GT objects. The surface task is divided into a
low- and high-feature surface, and seg indicates registration utilizing object masks.

MASt3R-SfM VGGT
low high seg low high seg
2DGS 20 21 16 20 18 20

SVRaster 20 21 15 19 18 20

11

o

\J

A
LR

Figure 4: Overview of the reconstruction quality of three geometrically distinct YCB-V objects. For
each pair, the left object is from 2DGS and the right from SVRaster.

20 equally spaced frames were extracted, and processed through the pipeline. All objects were
successfully reconstructed as meshes; examples are depicted in Figure 5 with 2DGS (left) and
SVRaster (right). Upon application of the texture, no apparent differences are visible. All generated

meshes and an example of surface quality are provided in Appendix B.
Figure 5: Overview of the reconstruction quality of objects that are used in the grasp evaluation. For
each pair, the left mesh is from 2DGS and the right from SVRaster.
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4.2 Object Scaling

The height of real YCB-V and supermarket objects were estimated following the procedure from
Section 3.3; the results are shown in Figure 6 with the real height plotted against the percentage
error. The results indicate an estimation error within +10% for most objects, with a tendency for
estimation error to decrease with increasing object height. A notable exception is the "toothbrush",
which exhibits a disproportionately large error. The complete results are provided in Appendix C.
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Figure 6: The relationship between the real object height and the absolute measurement error in
percent for real YCB-V and supermarket objects. Individual measurements are represented as blue
points, with a red line indicating the trend of decreasing error as object height increases.

4.3 BOP with NVS Meshes

To evaluate the suitability of the reconstructed meshes for object segmentation and pose estimation,
a benchmark validation was conducted using the BOP framework. Official YCB-V performance
scores from previous work [4] serve as a reference. As a first step, the Average Precision (AP)
and Average Recall (AR) [37] scores reported in the original papers using virtual GT objects from
the YCB-V dataset were reproduced. Subsequently, the reconstructed objects from Section 4.1.1
were used to benchmark each method and assess whether comparable accuracy could be maintained.
These reconstructed objects were generated with BlenderProc scenes, they possess an arbitrary
scale and were therefore aligned to their corresponding GT counterparts using the ICP algorithm to
ensure the correct height. Importantly, the CNOS mask filtering used in the original FoundationPose
implementation was not publicly available and had to be re-implemented. As a result, GT masks
were also used to evaluate FoundationPose. To analyze how the generated meshes affect the AP score
for segmentation and the AR score for pose estimation in relation to the official BOP meshes, four
distinct scenarios were defined:

*+ CNOS on GT/NVS meshes, with FastSAM

* Instance Segmentation Model (ISM) SAM-6D on GT/NVS meshes, with SAM
* Pose Estimation Model (PEM) SAM-6D with ISM masks on GT/NVS meshes
* FoundationPose with GT/CNOS masks on GT/NVS meshes

AP/AR scores are presented in Table 2, divided into segmentation and pose estimation tasks, with the
submission row reporting the official scores of the BOP benchmark. Focusing on the segmentation
task, the AP scores of both methods, CNOS and SAM-6D ISM, were successfully reproduced.
When employing NVS-generated meshes, all methods exhibit a comparable decrease in performance,
with only a marginal deviation relative to the scores obtained using SVRaster meshes. When using
FoundationPose on GT masks, the GT BOP meshes achieve performance that exceeds the official AR
score. Furthermore, the 2DGS and SVRaster meshes exhibit only a minor decrease in performance.
When employing CNOS-based segmentation, the accuracy decreased across all evaluated scenarios.
In addition, the official reported scores could not be fully reproduced, and the performance gap
between the GT BOP meshes and the 2DGS/SV Raster meshes increased further. In comparison, the
official SAM-6D PEM scores were almost reproducible and exhibited a smaller performance gap
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compared to 2DGS and SVRaster than FoundationPose/CNOS. However, the difference between
2DGS and SVRaster is slightly greater than that observed in the FoundationPose evaluation.

Table 2: Official YCB-V BOP AP (segmentation) and AR (pose estimation) scores compared to
reproduced scores across different mesh datasets. FoundationPose was additionally benchmarked
with GT masks because the official filtering of the CNOS masks is not publicly available.

Segmentation Pose Estimation
CNOS ISM (SAM-6D) FoundationPose PEM (SAM-6D)
Submission  0.599 0.605 0.882 0.845
GT CNOS
BOP 0.6 0.603 0.915 0.731 0.832
2DGS 0.56 0.561 0.889 0.543 0.751
SVRaster 0.541 0.567 0.877  0.539 0.71

4.4 Robotic Object Manipulation

After evaluating mesh quality, the influence of the height estimation of Section 3.3 on segmentation
and pose estimation remains to be examined. Therefore, we evaluated real reconstructed meshes
within a robotic grasp pipeline. Based on preliminary experiments, FoundationPose with CNOS/SAM
was adopted for pose estimation and evaluated with a grasp success test using the meshes depicted
in Figure 5, each manually annotated with grasp positions. The test scenario is defined as follows:
each object is positioned at the same location in front of the robot, within its grasping range, and
then rotated four times by 90° around the z-axis. Subsequently, the object is flipped onto its top and
rotated four times again, resulting in a total of eight distinct poses per object. An attempt to grasp is
classified as successful if the robot establishes a stable grasp and lifts the object. In instances where
the pipeline fails at any stage, it is re-executed; this repeated execution is defined as a re-grasp.

Considering only a single grasp attempt, the pipeline using 2DGS meshes achieved a grasp success
rate of 85.9%, while the pipeline using SVRaster achieved 89.1%. When re-grasps were included,
the success rate for 2DGS increased to 93.8%, while that for SVRaster increased to 90.6%. The two
primary outlier cases were the inverted "toothbrush”, which was not detectable using CNOS, and
the upright "soap", for which FoundationPose consistently estimated the pose as lying horizontally.
In addition, the following observations were made: CNOS exhibited difficulty in segmenting the
"gelatin_box"; the robot lost its otherwise stable grasp on the "mustard_bottle" twice during lifting;
and the "razors,"” which were meshed in a compressed configuration with an underestimated object
height, appear to be affected by the cumulative error in one specific pose.

5 Conclusion

The proposed automated mesh generation pipeline, which integrates Grounded-SAM, MASt3R-
SfM/VGGT, and 2DGS/SVRaster, consistently produces geometrically accurate meshes that al-
low accurate zero-shot object pose estimation. Grasping experiments conducted with a robot and
CNOS/FoundationPose demonstrated that the NV S-generated meshes and their associated scaling are
adequate for real-world object manipulation. However, this approach has limitations when applied to
deformable, low-profile, or semi-transparent objects. These shortcomings are primarily attributable
to scaling inaccuracies, incomplete mesh reconstruction, or unreliable robotic sensory data.

Future work will focus on improving the reconstruction of occluded surfaces and extending the
pipeline to transparent objects such as glass and plastic. Another promising research direction
involves rendering NVS in conjunction with depth information predicted by ML depth models and
using GenAl models for missing parts. Finally, testing the generated meshes in a supermarket, where
hundreds of objects appear across long, interconnected tasks, would further validate the robustness of
our approach.
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A Rendered BlenderProc Scenes

Figure 7: YCB-V object rendering with high/low feature surface and extracted segmented RGB
masks; rendering angles of 0°, 45°, and —45° to the horizontal plane.

B Real Reconstructed Objects

Figure 8: Reconstructed YCB-V objects, with the left/upper object illustrating reconstruction using

2DGS, followed by SVRaster.
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Figure 9: Mesh quality comparison between 2DGS and SVRaster on real-world data, showing top
and bottom views, with 2DGS yielding more accurate surfaces.

TEKIR
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Figure 10: Reconstructed supermarket objects, with the left/upper object illustrating reconstruction
using 2DGS, followed by SVRaster. Upon application of the texture, no apparent differences become
visible.
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C Metric Height Estimation

Table 3: Comparison between the actual heights of YCB-V objects and those estimated using the
MASt3R registration method.

height [m] | mast3r-height [m] | difference [mm] | difference [%]
mustard_bottle 0.192 0.2031 11.12 5.79
potted_meat_can 0.084 0.092 8.04 9.57
bowl 0.055 0.0601 5.1 9.28
cracker_box 0.22 0.2244 4.42 2.01
master_chef can 0.14 0.1413 1.34 0.96
gelatin_box 0.075 0.0819 6.89 9.19
large_marker 0.122 0.1259 3.85 3.16
extra_large_clamp 0.036 0.0334 2.6 -71.22

Table 4: Comparison between the actual heights of the supermarket objects and those estimated using
the MASt3R registration method.

height [m] | mast3r-height [m] | difference [mm] | difference [%]
soap 0.158 0.148 -10.0 -6.33
ahorn_sirup 0.163 0.15 -13.0 -7.98
tomato_paste 0.195 0.208 13.0 6.67
kokos_can 0.113 0.1215 8.5 7.52
hand_cream 0.135 0.1468 11.8 8.74
wet_wipes 0.108 0.1058 2.2 -2.04
razors 0.195 0.1756 -19.4 -9.95
balsamic 0.196 0.202 6.0 3.06
toothbrush 0.027 0.0312 4.2 15.56
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Abstract

The rapid identification of minerals is critical for real-time geological analysis.
This study investigates the efficacy of machine learning models in classifying
mineral and rock samples using high-speed Raman sensors. We evaluate three
distinct data representation strategies: (1) 1D spectral profiles, (2) 2D Raman
spectral images, and (3) a fused multi-modal approach combining both spatial
and spectral features. Using a diverse dataset of geological samples, we benchmark
several model architectures to determine the trade-offs between computational
efficiency and classification accuracy. Our results demonstrate how spatial context
from imaging can enhance identification compared to traditional 1D methods, while
also identifying the scenarios where signal-only processing remains optimal. This
work provides a framework for selecting the most effective data representation for
high-speed, automated mineralogical mapping.

1 INTRODUCTION

Rapid and accurate identification of mineral phases and rock compositions is a cornerstone of modern
geological exploration, planetary science, and industrial mining. Traditional mineralogical analysis
often relies on manual petrography or X-ray diffraction (XRD) [1], which, while accurate, are time-
consuming and difficult to implement in high-throughput or autonomous environments. Raman
spectroscopy has emerged as a powerful alternative due to its non-destructive nature and its ability to
provide a unique "fingerprint” of a material’s molecular structure [, 2].

Recent advancements in sensor technology have shifted the paradigm from single-point Raman
probes to high-speed spectral imaging. These modern sensors allow the collection of large amounts
of data in short timeframes, capturing both the chemical signature (1D spectral profiles) and the
spatial distribution (2D spectral images) of mineral grains. However, the influx of high-cadence
data presents a significant computational challenge[5]: how to effectively process and classify these
signals in real-time.
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Figure 1: Proposed multi-modal late-fusion architecture. The model processes 1D spectral inputs and
2D spatial patches through independent feature extraction branches. These high-dimensional vectors
are concatenated and processed by a joint inference head with dropout regularization to provide final
mineral classifications.

Machine learning (ML) and deep learning (DL) have shown immense promise in automating spectral
analysis [1, 4]. Although 1D Convolutional Neural Networks (1D-CNNs) are efficient in processing
individual spectra, they often ignore the textural and morphological context provided by the surround-
ing mineral matrix. Conversely, 2D imaging models capture spatial relationships but may introduce
unnecessary computational overhead if the spectral signal alone is sufficiently discriminative [6].

This paper investigates the trade-offs between different data representations for mineral classification.
We conduct a comprehensive experimental study using high-speed Raman data to evaluate three
distinct approaches:

* 1D Profile Analysis: Classifying minerals based purely on individual spectral signatures.
* Image-Based Classification: Utilizing 2D spatial-spectral maps to capture mineral texture and
grain boundaries.

* Fused Multi-Modal Learning: Investigating whether the integration of both 1D and 2D features
yields superior robustness.

By benchmarking these methods, we aim to identify the optimal balance between classification
accuracy and processing speed, providing a roadmap for the deployment of autonomous mineralogical
mapping systems.

2 Method

2.1 Dataset and Experimental setup

The dataset consists of Raman measurements collected under controlled laboratory conditions. It
includes multiple mineral classes as well as heterogeneous rock samples composed of mixed mineral
phases.The mineral dataset comprises 12 classes with 3000 images and profiles of each mineral
class. The rock dataset has 12 classes with 3000 images and profiles of each class. Some of these
rock classes are the variations of different version of same rock type such as varities of Granite and
Sandstone.

The dataset was split into training, validation, and test sets using a standard 70/15/15 ratio to ensure
unbiased evaluation. All models were evaluated on a held-out test set.

2.2 Data Preparation and Normalization

All Raman spectra were normalized using min-max scaling to ensure consistency across samples and
mitigate variations due to sensor conditions such as laser power and acquisition distance.
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* 1D Profiles: Represented as intensity vectors across the wavenumber domain
* 2D Spectral Images: Constructed from spatial Raman scans to capture texture and morphology

2.3 Model Architectures
We evaluated five architectures:

* Random Forest (RFC): Baseline model using 100 trees for 1D classification
* MLP: Fully connected network with ReLU activations and dropout
* 1D-CNN: Convolutional model capturing local spectral features

ResNet-18 (2D) [3]: Image-based classifier leveraging spatial context

Multi-Modal Fusion: Late fusion architecture combining 1D and 2D features as shown in 1. The
fusion model concatenates latent representations from both branches before final classification.

3 Preliminary Results and Discussion

The benchmarking phase evaluated five distinct architectures across two primary geological scales:
pure mineral phases and complex rock aggregates. The results reveal a significant disparity in how
different models handle the high-cadence 30fps data stream. All models are trained on mineral dataset
but only 2 models are trained on Rock dataset.

Table 1: Classification Performance across Model Architectures and Mineral Dataset

Model Architecture Data Input Mineral Acc (%) Rock Ace (%) Complexity
Random Forest (Baseline) 1D Profile 99.96 % - 41,450 nodes
MLP 1D Profile 99.10% - Medium
1D-CNN 1D Profile 80.92% - Low
ResNet-18 2D Image >99.9% 99.77% 11.2M Params
Multi-Modal Fusion Hybrid (1D+2D) 99.85% 99.98 % High

3.1 Performance on Pure Mineral Dataset

For the identification of individual mineral phases, the high-resolution spectral fingerprints proved to
be highly discriminative.

* Classical Baseline Excellence: Surprisingly, the Random Forest Classifier (RFC) emerged as
the top-performing model for 1D mineral profiles, achieving an accuracy of 99.96 % as shown in
table 1. This suggests that for normalized laboratory data, the ensemble of decision trees effectively
captures the essential vibrational peaks without the computational overhead of deep learning.

* Deep Learning Performance: The MLP and ResNet (2D Image) models also performed excep-
tionally well, both exceeding 99.9% accuracy. This confirms that the spectral "images" extracted
from the sensor provide sufficient morphological detail to distinguish pure minerals with near-
perfect reliability.

* The 1D-CNN Outlier: Interestingly, the 1D-CNN was the only architecture that struggled in this
phase, achieving only 80.92% accuracy. This indicates that a simple convolutional approach may
be overly sensitive to spectral shifts or lacks the global feature integration required for this specific
dataset. Also there are very few parameters in this model which fail to capture the characteristics
needed for classifying accurately.

The high accuracy values are attributed to the controlled laboratory environment and high-quality
spectral signals.

3.2 Performance on Rock Dataset

When transitioning to rock classification—where minerals are found in complex, heterogeneous
aggregates—the performance characteristics shifted. The models were able to distinguish between
same rock type and effectively classifying the different variations of same rock.
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* Robustness of Spatial Data: The ResNet-based Image Classifier proved highly robust. By
freezing the early layers of the ResNet-18 backbone and fine-tuning the final layers, the model
successfully identified rock types based on texture and mineral associations, even when individual
spectral pixels were noisy.

* Multi-Modal: The Multi-Modal Fusion model (combining 1D Profiles and 2D Images) achieved
a high accuracy of 99.98%. It proved to be the most comprehensive solution for rocks, as it might
cross-reference chemical signatures with spatial morphology.

4 Conclusion and Future work

This study compared three data representation strategies for the automated classification of minerals
and rocks using high-speed Raman sensors. Our results indicate that, while 1D spectral profiles
provide a computationally lightweight solution for rapid identification, they are susceptible to noise
in chemically complex samples where overlapping peaks occur. In contrast, 2D spectral imaging
architectures significantly improved classification accuracy by capturing better context of the spectral
shift.

The fused multi-modal approach demonstrated the highest robustness, successfully identifying
mineral phases in heterogeneous rock samples. However, for industrial applications, the choice of
model must balance this accuracy against the latency requirements of high-cadence data streams. The
results were very accurate, possibly due to the data collected under ideal conditions.

Future work will shift towards the challenges of dynamic, moving environments, where minerals
must be classified in real-time as they pass under high-speed sensors in a continuous flow. We aim
to optimize these 1D-2D fused architectures to maintain high precision despite the motion-induced
artifacts typical of industrial transport systems. This will involve implementing edge-computing
solutions to minimize the processing delay between data acquisition and automated sorting decisions.
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Abstract

Interactive robot learning methods typically treat the human teacher as an infallible
oracle, limiting the agent’s ability to surpass the expert or reject adversarial advice.
We introduce MAGIC (Modulated Asymmetric Games for Interactive Control), a
framework that formulates interactive learning as an asymmetric leader—follower
game between a Teacher and a Learner. The Teacher is an inverse reward field—
instantiated with energy-based and flow-matching heads—that scores trajectory
segments in SE(3) via contrastive learning on expert demonstrations. The Learner is
a hierarchical flow-matching policy (Eye, Brain, Muscle) that maximizes a shaped
reward mixing environment reward and Teacher signal. A gradient-agreement
coupling determines state-dependent trust: when the Teacher’s directional signal
agrees with the task critic’s gradient, the Teacher is trusted; otherwise it is ignored.
We prove that the alternating update satisfies the regularity conditions of two-
timescale stochastic approximation. The core pipeline is implemented and unit-
tested; we present the framework, its theoretical grounding, and the planned
experimental evaluation on 9 ManiSkill3 manipulation tasks, LIBERO with noisy
human demonstrations, and real-robot transfer on UR3e and SO-101 arms.

1 Introduction

Interactive robot learning (IntRL) combines human guidance with autonomous skill acquisition, yet
most methods treat the teacher as a black-box oracle: the agent imitates demonstrated actions [Ross
etal., 2011] or follows a fixed shaped reward [Knox and Stone, 2009, Brys et al., 2015]. This makes
it difficult for the learner to surpass the expert or reject misleading advice from noisy or adversarial
teachers.

We introduce MAGIC, which formulates IntRL as an asymmetric leader—follower bi-level game.
The Teacher (leader) shapes the reward landscape via inverse reinforcement learning (IRL) on
demonstrations, while the Learner (follower) optimizes a hierarchical policy under a shaped reward
that mixes environment reward and the Teacher’s signal. A state-dependent coupling weight j3;
modulates the Teacher’s influence, allowing the Learner to down-weight the Teacher when its advice
would reduce task success.

Our contributions are: (1) a formalization of interactive learning as an asymmetric bi-level game with
formal regularity guarantees under two-timescale stochastic approximation; (2) an inverse reward
field Teacher with modular energy-based (EBM) and flow-matching (FM) heads operating on the
same trajectory representations as the Leamer; (3) a threshold-free gradient-agreement coupling that
compares Teacher, critic, and policy vector fields in subgoal space. This paper presents the framework
design, theoretical analysis, and implementation status. Experimental results are forthcoming;
Section 4 details current progress and planned evaluation.

The Second Austrian Symposium on Al and Vision (AIROV25).
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2 The MAGIC Framework

2.1 Asymmetric Bi-Level Formulation

MAGIC operates on M = (S, AL, AT, P, RE, RT ~), where only the Learner’s actions enter the

environment transition kernel. The Teacher’s “actions” are interventions on the expert dataset D
The Learner maximizes a shaped reward:

7L(8t,9t) = Br,ngy(|s0.g0) [Renv (56, 72) + Be Ry (s, 7)), (1

where Ry is the Teacher’s inverse-reward estimate and B € [0, 1] is the coupling weight. The inner
loop updates Teacher parameters © via contrastive IRL; the outer loop updates Learner parameters
via policy gradient on r1. Timescale separation (N7:1 update ratio) ensures the Teacher remains
approximately stationary from the Learner’s perspective [Borkar, 2008].

2.2 Hierarchical Learner (Eye, Brain, Muscle)

The Learner decomposes into three modules: Eye (¢): a VC-1-based [Majumdar et al., 2023] multi-
view encoder mapping images and proprioception to state s;; Brain (mg): a flow-matching policy in
a 10D subgoal space (3D translation, 6D rotation [Zhou et al., 2020], 1D gripper) using importance-
sampling flow-matching actor—critic [Zhang et al., 2025]; Muscle ( fy): an ActionFlow [Funk et al.,
2024] model in SE(3) generating 16-step trajectory segments conditioned on (s, g;). The Brain
uses a dual critic: Qtask trained on Repy only, and Qshaped on the full shaped reward. The Muscle
retains g; in the computational graph, making the Jacobian J = 87, /8g; available via a single
VIP—essential for the gradient-agreement coupling.

2.3 Inverse Reward Field (Teacher)

The Teacher scores trajectory segments via a weighted combination: Ry = Agpm REPM 4 Apy REM.
The EBM head maps (s¢, 7¢) to a scalar energy trained with an InfoNCE [Oord et al., 2018]
objective using K =4 structured negatives. The FM head learns a velocity field via conditional flow
matching [Lipman et al., 2022]; its cosine similarity with the target velocity serves as the scalar
reward, and the velocity field itself provides a directional signal.

2.4 Gradient-Agreement Coupling

Our primary coupling is threshold-free, exploiting the fact that Teacher, Brain, and Critic all define
vector fields in subgoal space. The Teacher’s trajectory-space directional signal o7 is projected to

=
subgoal space via the Muscle’s VIP: vy (s, g¢) = (5—3;:) or(st,7¢) € R'Y. The coupling weight is:

35 = max (0, cos(VgQrask(st, g:), vr (s, 91))) , @

so the Teacher is trusted when its direction agrees with increasing task value, and ignored otherwise.
A warm-up phase (8; = 5y for Nyarm Steps) prevents premature Teacher rejection before the critic is
informative.

2.5 Convergence Guarantee

Proposition 1 (Regularity of MAGIC). Under spectral normalization on the EBM head, reward
clipping fiT € [~ Rumax, Rmayx), entropy-regularized policy optimization with o > 0, and Robbins—
Monro step sizes with ok /al — 0, the MAGIC iterates satisfy the Lipschitz, bounded-iterate,
and martingale-noise conditions of Borkar [2008] (Ch. 6, Thm. 2) and track the corresponding
two-timescale ODE almost surely.

3 Planned Experimental Evaluation

All experiments use synthetic teachers (trained on offline demonstrations; no live human at interaction
time). Results will report mean =+ std over 3 seeds.
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Table 1: ManiSkill3 evaluation tasks (Franka Panda, motion-planning demos).

Easy Medium Hard

PickCube-vl  StackCube-v1 PeglInsertionSide-v1
PushCube-vl  LiftPegUpright-vl PlugCharger-v1
PullCube-vl  PokeCube-vl StackPyramid-v1

ManiSkill3 (primary benchmark). ManiSkill3 [Tao et al., 2024] provides GPU-accelerated paral-
lel environments (>30K FPS), enabling large-scale ablation sweeps. We evaluate on 9 Franka Panda
manipulation tasks spanning three difficulty levels (Table 1), with 100 motion-planner demonstrations
per task and 2M training steps per run. For non-interactive baselines (BC, SAC, PPO), we cite
ManiSkill3’s published numbers.

LIBERO (noisy human demonstrations). LIBERO [Liu et al., 2023] provides tasks with 50
human-teleoperated demonstrations each—noisy and suboptimal compared to motion planners. We
select 3 tasks from LIBERO-OBJECT to test whether MAGIC’s coupling correctly down-weights a
Teacher trained on imperfect data.

Real-world experiments (planned). (1) A UR3e (6-DOF) with three RealSense D435i cameras
performs Duplo block assembly using 20 kinesthetic demonstrations, with sim-to-real transfer
followed by real-world fine-tuning. (2) A low-cost SO-101 arm (5-DOF, ~$300) with two USB
webcams performs Sort-by-Color and Cup-on-Saucer using 30 teleoperated demonstrations, trained
entirely on the real robot. Real-robot experiments are proof-of-concept; full human-in-the-loop
evaluation is future work.

Ablation conditions. Full MAGIC (AO0) is compared against: no Teacher (A1), EBM-only (A2),
FM-only (A3), oracle Teacher (A4), threshold coupling (AS), advantage coupling (A6), naive
negatives (A7), DAgger (A9), and ThriftyDAgger [Hoque et al., 2021] (A10). Full ablations run on
all 9 ManiSkill3 tasks with 3 seeds; a demo efficiency sweep (10/25/50/100 demos) on PickCube-v1
characterizes data requirements.

Hypotheses. (H1) Teacher improves sample efficiency (AO vs. Al). (H2) Combined EBM+FM
Teacher outperforms either head alone (A0 vs. A2/A3). (H3) Gradient-agreement coupling outper-
forms threshold and advantage baselines (AO vs. A5/A6). (H4) Structured negatives improve Teacher
quality (AO vs. A7). (H5) MAGIC enables the Learner to surpass expert demonstrations on >3 tasks.

4 Implementation Status

The MAGIC pipeline is fully implemented and unit-tested (346+ tests passing). All core components
are complete: Eye (VC-1), Brain (ISFM + dual critic), Muscle (ActionFlow SE(3) with differentiable
mode), Teacher (EBM with InfoNCE + FM head), all three couplings, and the full training loop
with W&B logging. The ManiSkill3 wrapper supports all 9 tasks (0.4s/ep with VC-1) and 100
motion-planner demos have been collected per task.

The immediate next steps are: (1) training the Muscle on ManiSkill3 PickCube-v1, (2) running the
no-Teacher baseline (A1) and full MAGIC (AO) for first learning curves, (3) scaling to all 9 tasks and
the full ablation suite. LIBERO integration and real-robot experiments follow after simulation results
are established.

5 Conclusion

We have presented MAGIC, a bi-level framework for interactive robot learning with gradient-
agreement coupling and formal regularity guarantees. The pipeline is fully implemented; experiments
on 9 ManiSkill3 tasks, LIBERO, and real-robot transfer are underway.
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Abstract

The hospitality sector is facing a severe shortage of skilled personnel, which results
in a significant need of automation and digitalization. In particular, automation of
professional kitchen processes poses significant challenges due to the variability
of commodities, the mixed presence of humans and machines, and harsh environ-
mental conditions. The introduced concepts integrates a recipe-driven approach
including warehouse intralogistics and automation for food processor tending.
The ongoing work presented in this extended abstract reflects initial results of an
in-depth conceptualization phase supported by simulation-based validation.

1 Introduction and Motivation

In the context of large-scale catering (e.g. for high volume tourism regions having a high density
of hotels and restaurants), the primary objective is to produce high-quality meals while maintaining
cost-effectiveness. However, the shortage of skilled personnel in the hospitality sector makes this
increasingly difficult, forcing the industry to look toward automation as a necessary solution [1].
While automation provides a method of maintaining output, the kitchen environment presents a
number of challenges that differ considerably from those experienced in industrial settings [2].

In contradistinction to the assembly of automobiles, food preparation entails the management of
biological materials (commodities) that exhibit variability in terms of shape, size, and ripeness [2].
Furthermore, the stringent hygiene standards and arduous conditions including elevated temperatures
and moisture engender a challenging environment for sensitive sensors and robotics [1]. Maintaining
consistent quality under such economic and physical pressures necessitates an approach that can
handle the inherent unpredictability of food products and associated processing [2; 3].

The focus of current research is to concentrate on individual robotic tasks, such as automated frying
or flipping, which remain disconnected from broader kitchen workflows [2]. The present paper
discusses an alternative approach by integrating recipe-driven warehouse logistics with automation
approaches for kitchen processes.

2 Related Research

Automation in food production has gained increasing attention due to labor shortages and the need
for efficiency and consistent quality. Within Industry 4.0, robotics, Al, and IoT enable improved
traceability, flexibility, and waste reduction in food systems [4]. However, these approaches are
largely derived from structured industrial environments and do not directly address the variability and
dynamic conditions of professional kitchens.

The Third Austrian Symposium on Al, Robotics, and Vision (AIROV26).
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Robotic food handling remains challenging due to the deformability, variability, and fragility of food
products. Surveys highlight difficulties in perception, grasping, and manipulation, particularly under
hygiene and environmental constraints. Recent work on deformable object manipulation and robot
learning further emphasizes the need for advanced perception and adaptive control strategies [2].
Existing solutions, however, remain largely task-specific and lack integration across workflows.

Computer vision and deep learning have significantly advanced food quality assessment and process
monitoring. Vision-based systems enable real-time inspection of attributes such as color, texture, and
freshness, supporting adaptive process control [5].

3 Approaches for recipe-driven Kitchen Automation

The main objective is to ensure that the correct food ingredients are introduced into the food processing
machines in the appropriate sequence and with precise timing. Currently, this step represents a highly
resource-intensive manual process that requires significant human intervention and coordination.
The concepts proposed in this work aim to automate this task, thereby improving process efficiency,
reducing manual workload, and enabling more consistent and reliable production operations.

In order to address the complexities of commercial kitchens, the following technologies combine
kitchen digitalization with flexible intralogistics and sensor feedback-based optimization. Technolo-
gies are focused on the establishment of a resilient production flow by means of the connection of
automated storage, transport, and cooking stations (professional food processing machines) through a
central digital recipe-based repository.

Workflow Automation and Intralogistics The approaches presented in this paper are based on the
results of a design thinking workshop. The main goal of the workshop was to discuss and design
concepts for ingredient transport from a central storage to various cooking stations. Main outcome of
the workshop were the following three approaches:

1. Recipe-Driven material supply: The concept illustrated in Figure 1a is based on a manual
compilation of food commodities at an in-house storage/warehouse. A production station
(Station 1 or 2) may trigger this manual process and a worker arranges the single commodities
on a conveyor belt. This is instructed by a monitor directly placed at the warehouse output.
Sensors and pneumatic cylinders are used to sort the boxes into dedicated station buffers.
Hence, ingredients for a dish arrive the cooking station at the recipe-correct buffered order.
Cylinders at the station triggered by the recipe-based timing plan implement the correct
submission of each ingredient into the food processing machine.

2. Semi-automated process with circulating conveyor belt: The concept illustrated in
Figure 1c is similar to the approach presented above but boxes subsequently circulate along
a primary conveyor loop that traverses all stations. When a cooking station signalizes a
demand, the system identifies the matching box and a pneumatic diverter pushes it onto a
local feed line. This results in a just-in-time commodities supply with predictable smaller
buffer sizes at the cooking stations.

3. Autonomous delivery using mobile robots: The approach illustrated in Figure 1b inte-
grates a potential fleet of mobile robots. These mobile robots implement a high flexibility
commodities supply between the storage and the cooking stations. In this approach tending
the food processing machines is implemented using a serial robot arm that is mounted on a
linear axes. This fully robot-based approach provides maximum flexibility under high-mix
low volume production conditions where potential process adaptions and reprogramming of
automation equipment is required.

All three concepts realize a recipe-driven request logic implementing the overall goal of supporting
the food processing machines with the correct ingredients sequence and timing. Coordination
between storage, transport system, and cooking units is significantly important to enable the system’s
scalability while maintaining effectiveness and quality.

Vision-Based Sensor Data Feedback to Enhance Process Quality:

The use of biological ingredients poses challenges to automation, primarily due to the lack of
consistency, quality and uniformity of commodities [6]. To maintain solid standards, the concepts
presented above may integrate a camera-based vision system directly into the workflow.
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Figure 1: Concepts for the automation of large-scale kitchen environments with the goal of supporting
cooking stations with ingredients at the recipe -defined correct sequence and timing.

These cameras and associated classification trough deep learning approaches, may assess the quality
of raw material, verify pre-processing steps, and track the movement of batches. Reliable image
processing in a kitchen requires beside of significant computing power to process, reliable hardware
and optics protected from heat, moisture and potential deposits. Furthermore, high-quality cameras
may enable analyzing color patterns and surface textures which can be used as a quantitative freshens
indicator [7]. To close this sensor feedback loop quality data and in particular variations from
reference ingredients are transmitted to the cooking station, which automatically adjusts thermal
processing parameters for compensation. Beyond inspection of quality and freshness, a camera may
monitor the completeness of pre-processing tasks like peeling, cutting or slicing. If an ingredient
fails to meet geometric specifications, the system may identify this inadequacy before it reaches the
cooking station.

4 Discussion and Next Steps

The state of the ongoing work presented in this extended abstract is in a focused concept-phase
supported with prototypes and kitchen automation concepts operated in a digital twin simulation
environment.

The transition from manual kitchen operations to an integrated, recipe-driven automated system poses
several multi-dimensional challenges. While the technical capabilities of the presented approaches
are strong in theory and simulation, their practical implementation has to consider specific operational
limitations and further requirements, such as:

* Recipe database and management: The presented approaches form a heterogeneous
systems, requiring seamless communication between a central digital recipe database,
physical transport units, and control of cooking stations. The full process shall be connected
to a demand driven ERP system handling customer orders and triggering customer orders.
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» Process resilience: Sensors and robotic components have to function reliably in environ-
ments with high humidity, fluctuating temperatures, and the presence of fats or oils. Process
stability has an equal importance as in classical production environments since insufficient
delivery of meals to hotels, restaurant, etc. can affect the reliability and reputation of a
production kitchen. However, seamless integration has the goal to react highly flexible to
demand variations without getting troubles by missing workforce or resource bottlenecks.

» Hygiene and regulatory requirements: Hygiene is a core requirement rather than a
secondary consideration in food industry. The main goal is to prevent the accumulation of
organic material on surfaces and in crevices in order to prevent bacterial growth and meet
according standards and regulations. There is a significant difference between components
that come into direct contact with the product and those that do not. Within the presented
concepts it is planned that direct food contact is avoided as much as possible. Hence,
ingredients are transported in food-industry qualified boxes that can be cleaned independently
and separately from automation equipment after usage.

» Economic aspects: Economic viability of the system depends on its scalability and accord-
ing ROI estimations. The modular nature of the recipe-driven approach facilitates this but
requires a basic digital infrastructure in terms of a central recipe-database, communication
and computation infrastructure, etc. Beyond labor savings, the system aims to reduce food
waste by better planning capabilities and demand driven production features enhanced
by flexible automation concepts. This may directly contribute to cost-effectiveness and a
simultaneously improvement in sustainability.

Future work will focus on enhanced simulation to facilitate pre-evaluation and step-by-step experi-
mental prototyping and testing of automation modules in lab environment (goal TRL of 4). These
tests are significant to refine system concepts, enhance reliability and prove compliance with strict
hygiene standards in the domain of professional food processing. The future goal within upcoming
research projects is to design a functional demonstrator for the purpose of conducting real-world trials
and present efficiency and impact of modern large-scale kitchen automation to potential stakeholders
and customers.
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Abstract

This paper presents a framework that connects ROS 2 with NVIDIA Isaac Sim to
support perception-driven dual-arm manipulation, evaluated on rigid objects and
textiles. While rigid object handling is achieved after careful parameter tuning,
textile manipulation exposes limitations. The paper discusses key integration
challenges such as interface alignment, temporal and spatial synchronization, and
coordinated dual-arm motion planning.

1 Introduction

Configuring robotic systems to perform complex manipulation tasks reliably is challenging, particu-
larly under cost and time constraints. The interaction of sensors, robots and objects to be manipulated
is often difficult to predict, and extensive experimentation is often needed [1]. At the same time
powerful consumer-level GPUs enable high-fidelity simulations that promise rapid prototyping of
robotic workflows. Photorealistic rendering and physically based simulation suggest that complex per-
ception based manipulation setups can be validated before deployment in real systems. However, in
reality integration is still often complex and integration-details are often omitted in favor of high-level
insights and results. Practical system constraints—such as controller interface alignment, temporal
synchronization, and consistent transformation management—are frequently underreported in favor
of high-level task performance. This work investigates these integration challenges through the
development of a pipeline using NVIDIA’s Isaac Sim as the simulation environment in combination
with Robot Operating System 2 (ROS 2). As a representative scenario, dual-arm manipulation of
a rigid body and a deformable body, specifically cloth manipulation, is used. Cloth manipulation
is introduced as a test case that exposes simulation limitations, while rigid object handling serves
to validate the framework. By analyzing recurring integration issues and system-level constraints,
the paper aims to provide practical design guidelines that improve reproducibility and Sim-to-Real
workflows for perception-driven robotic manipulation.

2 System architecture and application examples

To investigate the integration effort for linking ROS 2 and Isaac Sim, a dual-arm manipulation cell is
implemented. ROS 2 provides a large ecosystem of reusable packages covering perception, motion
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Figure 1: System architecture for simulated and real world setup.

planning, control, and many more [2]. Within the ROS framework Universal Robot Description
Format (URDF) files are used to describe robot kinematics, geometry, inertial properties, and sensors.
Further, they define the structural and control interfaces expected by downstream tooling. Reusable
URDF configurations are parameterized using Xacro, where macros are used to set up a complete
robot cell. To assemble the same cell in NVIDIA Isaac Sim Universal Scene Description (USD)
assets are composed to a complete scene using Python. The ROS package Movelt2 is used as a
motion planning backend, it handles inverse kinematics, collision checking, trajectory generation, and
execution management [3]. Semantic robot information such as planning groups, end effectors, and
allowed collisions is specified via Semantic Robot Description Format (SRDF) files. The simulated
workcell consists of two Universal Robots UR10 arms equipped with Robotiq 2F-85 grippers. They
are placed on a table and a spatial fixed RGB-D camera (Intel RealSense D435) is used for visual
observation. An overview of the complete hardware and software setup is shown in fig. 1.

Dual-arm manipulation of rigid objects: To validate the framework the virtual setup is tested by
manipulating a simple rigid object with the dual arms. The procedure includes a cooperative move-
ment with both grippers holding the object. Reliably grasping the object in Isaac Sim is challenging,
as small changes to the grippers stiffness, damping, contact offsets, or friction coefficients can switch
a grasp from stable to completely failing. Simulating realistic contact interactions is difficult due to
discretization limits, geometry approximations, friction modeling and contact solver stability. Dis-
crete collision checks with practical time steps sometimes lead to tunneling and interpenetration for
fast or small-contact grasps, unless the number substeps and solver iterations is increased significantly.
Further, the use of convex geometry approximations leads to higher performance, but misaligned
contact patches, especially for thin fingers and complex objects simulation stability suffers. For rigid
objects these problems can be reduced by using small time steps and decreasing the grippers stiffness.

Figure 2: Cooperative dual-arm manipulation. (left) Initial configuration. (right) Final configuration.

Textile manipulation: Isaac Sim also enables more advanced physics simulations, including
particle-based models that can represent deformable objects such as cloth. Since textile manipula-
tion is becoming increasingly important, the simulation of cloth manipulation gets explored as a
challenging test case. To set up the simulation, a mesh of a standard T-shirt is imported into Isaac
Sim. Once imported in Isaac Sim a particle-based model is applied, transforming mesh vertices into
particles connected by virtual springs and dampers. Additional material parameters such as mass,
density, friction, adhesion, drag, and lift can be specified to control the behavior of the simulated
cloth. Despite extensive parameter tuning, from simulation settings such as solver iterations and
simulation step time to cloth parameters such as mass, friction, stiffness or contact offsets, stable
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Figure 3: Attemt to lift cloth from table. (center) Visible tunneling of gripper through fabric.

grasping of the fabric could not be achieved. As illustrated in fig. 3, the cloth repeatedly slips out
or tunnels through the grippers. Because the cloth mesh represents a single layer, the contact issues
discussed above become particularly pronounced, making reliable grasping difficult to achieve under
the tested conditions.

3 Integration Issues

In this section common integration challanges are discussed, and possible solutions are presented.
The topics covered include interface mismatches, as well as time and spatial synchronization is-
sues between Isaac Sim and ROS. Finally, the particular implementation for cooperative dual arm
movement is discussed.

Interface alignment: Communication between ROS 2 and the simulation environment is realized
via the Isaac Sim ROS Bridge, which exposes simulation data and takes in actuator commands
through ROS Topics. A robot setup using ROS controllers needs specific command interfaces and
state interfaces. The controllers then use this abstracted interfaces to send commands to the robot and
receive state updates, regardless of whether the robot is simulated or real. The ROS Bridge does not
provide such interfaces, it only enables the simulation articulation controllers to both publish states to
and receive commands from ROS Topics. As a consequence, an additional adaptation layer is required
to align controller expectations between the two ecosystems. The specific hardware interfaces that are
initialized on launch must be defined in the URDF file. In particular, the topic_based_control-plugin
can be used in the URDF files. It makes hardware interfaces available, translates commands to
standard ROS Topics and returns state feedback to the hardware interface.

Temporal consistency: Physics steps and rendering in Isaac Sim vary in duration depending
on the current scene complexity. Therefore, Isaac Sim does not necessarily simulate in real time.
However, control systems, trajectory execution and perception depend on a consistent timeline. As
a consequence, it is necessary to synchronize ROS Nodes with Isaac Sim’s simulation time. The
simulation time can be published on a ROS Topic via the Isaac Sim ROS Bridge. Per default, Nodes
take the system time to synchronize, but by changing Node parameters an external time source can be
used as reference.

Spatial consistency The photorealistic camera streams generated by Isaac Sim can be used for
generating synthetic data for deep neural networks or reinforcement learning algorithms, as well
as validating perception-based control pipelines. Usually in such pipelines object poses detected
in camera coordinates must be transformed into a common reference frame. ROS 2 provides such
capabilities with the build in transformation framework TF2, which maintains a dynamically updated
tree of coordinate transforms between all links. Robot joint states are already published from Isaac
Sim to ROS as part of the control feedback loop. These joint states are used by TF2 to update the
robot kinematic chain. In contrast, a fixed camera mounted in the environment can be defined by a
static transform relative to the world frame. Such static transforms are derived from the URDF file if
not defined otherwise. A common source of integration errors arises from differences in coordinate
frame conventions between Isaac Sim and ROS. As a result, additional transformations may be
required when publishing camera poses through the ROS bridge. Careful verification of coordinate
frame conventions is therefore necessary to ensure consistent perception results.
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Figure 4: Workflow to generate a time optimal trajectory for cooperative dual-arm movement.

Dual arm movement: For cooperative manipulation tasks, the relative position and orientation
between the end effectors must remain constant for the whole trajectory. Movelt exposes several ROS
Services and Actions to plan and execute movements, however, it does not directly expose a planning
interface that enforces a fixed relative transform between multiple end effectors. The approach pro-
posed here, allows to remain closely integrated with the Movelt framework. Consequently, collision
checking, trajectory validation, and time parameterization remain within Movelt. This preserves
Movelt’s safety mechanisms and maintains a single source of truth for the robot configuration. Fig.
4 illustrates the workflow used to generate synchronized joint trajectories for both end effectors E;
and Eo. Given the initial configuration Cg, (to) and the desired configuration Cg, 4 of end effector
E, the desired trajectory is first planned and converted to joint space resulting in q 4[t;]. Using
forward kinematics and the relative configuration of Es w.r.t. E, Cg, g, (to), the corresponding
configurations Cg, [t;] are computed and converted to joint paths. Finally, a time-optimal trajectory
generator produces synchronized position qq[t;], velocity ¢q[t;], and acceleration ¢q4[t;] profiles for
both robots. The blue steps in the figure are accessible via Actions or Services, the red marked time
optimal trajectory generation [4] is available as a c++ library. However, by writing a simple ROS
Node it can be wrapped in a ROS Service.

4 Conclusion

Although Isaac Sim allows rapid advances in perception driven - and RL workflows, setting up a
robust framework is not a rudimentary task. Nevertheless, with some know-how and experience it is
possible to utilize the high fidelity simulation to reduce integration time. The dual arm manipulation
of rigid objects was successful after carefully tuning the parameters. However, when investigating
the manipulation of textiles, the limitations of current cloth simulation became apparent, particularly
with regard to reliable grasping. Future work will focus on experimental validation on a real robot
system and on improving textile manipulation strategies, with the long-term goal of enabling tasks
such as pursued by the ICRA Cloth Competition [5].
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Abstract

Tactile sensing is essential for dexterous robotic manipulation, enabling reliable
contact detection, grasp assessment, and safe interaction with delicate objects. In
this work, we present a finger-shaped tactile sensor system based on a 2D array
of MEMS barometric pressure sensors, designed to mimic the compliance and
geometry of the human fingertip. The system integrates real-time contact force
measurements utilizing the pressure sensor array, in combination with acceleration
data from an onboard Inertial Measurement Unit (IMU), allowing both precise
point-of-contact estimation and dynamic impact detection. A dedicated micro-
controller (uC) acts as a local processing and coordination node, responsible for
closed-loop grasp and movement control, while a PC manages high-level commu-
nication between the pC and a robotic gripper. In addition, a hardware-level GPIO
handshake between the control unit of a collaborative robot and the processing
node enables deterministic synchronization between robotic arm positioning and
grasp execution. Experimental validation of both the tactile sensor system and the
robotic gripper control demonstrates robust operation across the conducted perfor-
mance tests, with no malfunctions or object damage, as tactile feedback enables
real-time grasping control throughout object manipulation. These results highlight
the advantages of our tactile sensing solution as a cost-effective, versatile approach
for enhancing robotic touch and advancing adaptive object-handling strategies.

1 Introduction

Dexterous object manipulation requires a continuous exchange of sensory information between the
hand and the brain. In humans, this interaction is enabled by the highly specialized tactile sensing
capabilities of the fingers, which allow not only the detection of contact forces but also the perception
of object geometry, texture, and compliance. Through these rich sensory channels, humans adjust
grip strength, adapt to unexpected disturbances, and execute delicate tasks such as tool use or object
manipulation. Artificial replication remains a major challenge in robotics, where limited tactile
feedback often constrains dexterity and adaptability. The integration of finger-shaped tactile sensors
into robotics represents a significant advancement in robotic perception and manipulation capabilities,
moving closer to the capabilities of the human sense of touch. These sensors provide essential tactile
feedback, enhancing the robot’s ability to interact effectively with its environment. Prior research
shows that robots equipped with tactile sensors can achieve high levels of manipulation accuracy in
uncertain environments (1; 2; 3), particularly when tactile data is exploited in closed-loop control for
adaptive grasping and recognition of object properties (4; 5; 2; 6).

In addition to high sensitivity and resolution for accurate detection of contact forces, a mechanically
soft and flexible sensor interface with a touch quality resembling human skin is highly advantageous,
particularly for handling delicate items (such as e.g., fruits and vegetables) in agricultural harvesting,
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processing, and supply logistics (7), (8). Moreover, as robotic systems increasingly evolve toward
humanoid designs and human-robot interaction (9), mechanical properties such as softness and
human-skin-like tactile perception are becoming critical for safe and natural interaction during object
manipulation.

While tactile sensors have been an active field of research for more than a decade (10; 11),
finger-based tactile sensors based on barometric pressure sensing are now emerging as a promising
solution, driven by increased availability and affordability of low-cost MEMS barometric sensors.
Early designs demonstrated that barometric sensors could be adapted to finger-like structures.
Building on such work, later studies have explored utilizing MEMS-based barometric sensor
arrays to enable high-resolution tactile mapping by detecting air pressure variations induced by
external forces (12), while soft encapsulations mimicking the mechanical properties of human
skin improved compliance and sensitivity (13; 14). This sensor information can be used not only
for contact detection and force estimation, but also for slip detection (15) and dynamic contact
interpretation (16), enabling direct control of an adaptive robotic gripper.

In this work, we present a finger-shaped tactile sensor system that combines a 2D array of
MEMS-based barometric pressure sensors with a compliant fingertip design. The sensor array
provides spatial pressure measurements across the fingertip, which are used to detect object contact
and determine stable grasp conditions. The tactile signals are processed by an embedded controller
and used for closed-loop robotic grasp control. This allows an integrated, in-line assessment of
the current grasp and real-time adaptation of gripper behavior. To ensure reliable manipulation, a
hardware-level handshake between the robot controller and the tactile processing unit is implemented
to synchronize arm motion and grasp execution. Experimental evaluation demonstrates robust object
interaction without damage, highlighting the potential of barometric tactile sensing as a cost-effective
solution for tactile-driven robotic manipulation.

2 Tactile Sensor System for Robot Control

This section presents the architecture of the proposed tactile sensor system, starting with the sensing
principle based on barometric pressure measurements and continuing with the supporting electronics
for data acquisition and integration into the robotic control framework.

2.1 Tactile Sensor Concept

The developed tactile sensor solution, first introduced in (14), is designed to emulate selected
mechanoreceptive functions of the human skin. The improved version, as presented in this paper
is tailored to mimic the properties of the human finger. Each tactile sensor system, acting as an
artificial finger, integrates 12 MEMS-barometric pressure sensors of type DPS368 (from Infineon
Technologies AG (17)), hermetically sealed from the cell exterior by a flexible cell cover layer made
from soft silicone (hardness Shore 25A). The shape (flat or finger-like) of this cell cover layer can
be adapted depending on the target use case. A visual representation of the different types can be
found in Figure 1, right, between the printed circuit boards (PCB) onto which the barometric pressure
sensors are soldered, and the silicone cell cover layer to ensure a good sealing to the exterior and
avoid cross-talk between individual sensor cells. The used tactile sensor system is conceptually
illustrated in Figure 1, left, consisting of a 3D-printed mounting system (a), the printed circuit board
(PCB) onto which the barometric pressure sensors are soldered (b), and the flexible cell cover (d).
A resin-printed intermediate layer (c) was introduced between the PCB and the soft encapsulation
to ensure proper sealing against the exterior and to avoid cross-talk between individual sensor cells.
The sensors are arranged in a 4x3 array with a sensor pitch of 10 mm to enable spatially resolved
measurements of contact forces.

Each barometric pressure sensor in the tactile sensor system can be individually addressed via
Inter-Integrated Circuit (I2C). Therefore, unique 12C addresses were pre-assigned and fused into
the sensors during the assembly process. This setup allows multiple sensors to operate on the same
communication bus without requiring additional multiplexing hardware. In addition, an ICM-42670-
P six-degree-of-freedom (DoF) inertial measurement unit (IMU, from TDK InvenSense (18)) is
integrated to capture motion-related data for vibration detection, and capture orientation changes
and general robot-associated movements. With a sampling frequency of up to 1.6 kHz, the system
can capture vibrations well beyond the perceptual frequency range of human skin (= 500 Hz).
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This capability makes it suitable to mimic the fast-adapting mechanoreceptors responsible for high-
frequency vibration sensing in human touch.

Figure 1: Conceptual illustration of the finger replacement for the robotic gripper, consisting of a
3D-printed mounting structure (a), the printed circuit board including sensors (b), a resin-printed
intermediate layer (c), and a flexible cell cover layer (d). The developed prototypes can be seen in (€)

and (f)

2.2 System Integration and Data Acquisition

A seamless integration of the tactile sensing system into the 3-Finger Adaptive Robot Gripper (from
Robotiq (19)) can be achieved by replacing its original fingertips with custom 3D-printed ones
(Figure 1). These replacements are designed to provide mounting surfaces and cable routing options
for the tactile sensor modules, allowing the sensors to be directly attached without modifying the
gripper’s mechanical structure. The readout circuit for the tactile sensor array is placed close to the
3-Finger Adaptive Robot Gripper and is connected via a ribbon cable to the artificial finger. The
readout circuit is centered around a CY8C6244-LQI microcontroller (uC, from Infineon Technologies
AG (20)), which supports multiple communication protocols like I2C, Universal Asynchronous
Receiver/Transmitter (UART) and Universal Serial Bus (USB), among others. The pC is responsible
for high-speed data acquisition from the pressure sensor array at a sampling rate of 128 Hz, and from
the IMU at a 1 kHz readout frequency, as well as for in-line data processing of the obtained data. It
is important to note that this data rate is limited by the sensors rather than by the capabilities of the
readout circuit.

By providing a virtual COM port, the system allows direct and efficient data exchange between the pC
and a PC. For debugging measures, the sensor data can be transmitted to a PC for in-line assessment
(in LabVIEW) or offline analyses (MATLAB) via UART.

The Robotiq 3-Finger Adaptive Gripper equipped with tactile sensor modules is mounted on a URS
collaborative robot. While the gripper is controlled via USB communication by the pC, the overall
manipulation task requires synchronization between arm positioning and grasp execution. To enable
this coordination, a direct electrical interface is established between the URS controller and the
tactile processing node using digital GPIO signals. The URS provides a position-confirmation signal
once the predefined pick pose is reached, and the pC returns a confirmation signal after stable grasp
detection.

2.3 Gripper Control

By utilizing the USB interface from the adaptive gripper, a communication path between the pC and
the gripper can be established. However, as neither device can open its counterpart’s communication
port, an intermediate control layer is introduced. This layer is implemented on a PC and is respon-
sible for managing the communication channels by opening the respective COM ports, forwarding
messages between the uC and the gripper and properly closing the previously opened ports after
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testing. A simple LabVIEW script fulfills this role, enabling reliable bidirectional communication and
ensuring seamless integration of the tactile sensor system with the robotic gripper. For direct gripper
control, a script consisting of at least two communication sections is necessary: an initialization
section and a runtime phase in which the pC continuously sends positional commands to control
the robot’s movement. In this way, the Robotiq gripper can be activated and moved into desired
positions, with possible variations in movement direction, movement speed and gripping force. These
movements can therefore be adjusted based on the feedback obtained from the tactile sensor array. A
more detailed description of the communication between pC and gripper can be found in section 3.

3 CONTROL FLOW

The control flow of the system is divided into two layers: pC firmware for sensor handling and
real-time grasp control, and a LabVIEW script for communication and coordination with the robotic

gripper.

3.1 Microcontroller Firmware

The final control firmware directly runs on the CY8C6244-LQI pC. After board support package
initialization, the system configures the USB interface for host PC communication and initializes
the (I2C) bus for sensor access. Once all initializations are complete, it configures the DPS pressure
sensors, including the output data rate, oversampling, continuous measurement mode, and offset
correction.

Additionally, the IMU (ICM42670-P) and the robot gripper are initialized. For gripper control, the
firmware issues an activation command to the gripper and continuously monitors its status until
confirmation of successful activation is received. Once the handshake is complete, the system enters
its main loop.

Within this loop, the uC continuously monitors both the state of the gripper and the robotic arm, as
well as the tactile sensor array information and the accelerometer data. At the beginning of each
grasping cycle, open-grip movement is executed, followed by a one second pause. Afterwards, the
gripper closes until an object is detected, which can be determined by a measurable increase in
the average cell pressure of the tactile sensor system. The pressure sensor array provides real-time
pressure measurements with a resolution down to 1 Pa and sampling rates up to 128 Hz. This allows a
precise estimation of contact points. Point-of-contact determination is further improved by correlating
pressure changes with acceleration spikes captured by the IMU, indicating the moment of impact.
Once contact is confirmed, the gripper reduces its closing speed until the tactile array signals that a
predefined pressure threshold has been exceeded, indicating a stable grasp. Gripper motion then stops
to prevent excessive force and thus potential damage to the manipulated object, and corrective actions
such as reopening or repositioning can be triggered if needed. Subsequently, the GRIP_STABLE
indicator is transmitted, and the URS starts its movement.

These sensor values can be logged via UART or USB for thorough data analyses. For debugging
purposes, the software is capable of transmitting full sensor datasets,including pressure values,
acceleration readings, and processed features such as standard deviation through the virtual COM
port or a separate UART to USB converter to the host PC.

3.2 Robot—-uC Handshake

To ensure deterministic synchronization between the URS collaborative robot and the tactile pro-
cessing node, a hardware-level handshake mechanism based on GPIO signals was implemented.
To indicate that the robot has reached the predefined position, the URS controller asserts a logical
HIGH signal ("ROBOT_READY") on a dedicated GPIO line connected to the pC. Similarly, once
the tactile sensor system detects a stable grasp condition, the uC asserts a logical HIGH signal
("GRIP_STABLE") on a separate GPIO line connected to the URS control unit.

Upon detecting the ROBOT_READY signal, the pC initiates the gripper closing procedure and
continuously evaluates the tactile pressure data. Initial contact is detected when the average tactile
sensor cell pressure exceeds the contact threshold, while a firm grasp is confirmed once the stability
threshold is reached. At this point, the pC asserts GRIP_STABLE to indicate successful object
acquisition. The URS monitors this signal and resumes its programmed trajectory (e.g., lifting
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motion) only after GRIP_STABLE is detected. An overview about the described communication can
be found in Figure 2, left.

*
LabvIEW

Figure 2: Left: Communication between individual components in the control loop. The pC is
reading the sensor data, and sends corresponding control commands (CTRL_CMD) via usb to the
gripper. Movement coordination is handled via logical signals (GRIP_STABLE / ROBOT_READY)
between the uC and the URS. Right: Test setup using the teactile sensor systems attached to the
Robotiq Adaptive 3-Finger Gripper and the URS collaborative robot.

3.3 Automation Script

A complementary LabVIEW script handles higher-level communication between the uC and the
gripper. Its responsibilities are graphically depicted in Figure 3 and include:

* opening the COM ports,

= activating the gripper,

* flushing of pC queue after activation,

« forwarding movement commands to the gripper,

« forwarding positional feedback from the gripper to the pC, and

closing the COM ports after test finalization.

While USB communication is used for command forwarding and status monitoring, motion—grasp
synchronization is handled exclusively via GPIO signals to ensure deterministic timing. This
separation of tasks ensures robust initialization, high-speed sensor readout, real-time decision-making
for object detection, and a flexible communication pipeline that enables adaptive robotic manipulation
based on tactile feedback.

[Gripper Activation]| [Flush uC Queue| [Move To Position|  [Poll Pesition]
. TS e emm——
| Activation Command :

Open COM Ports 2 Daush:e: ma Active? | [Close COM Ports
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[ = min
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= i
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. Bytelen Response Loap # .
||_@ Stop Control TR -

Figure 3: Overview of LabVIEW script used for PC-based automation of the gripper and pC
interaction
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4 Results

To evaluate the performance of the tactile sensing system, a series of manipulation cycles as described
in section 3 was carried out by the Robotiq 3-Finger Gripper on various objects to evaluate the
reliability of the algorithm. The objects varied in size, compressibility, weight, and surface texture.
The gripping force was set to 20N, resulting in a force of 6.6 N per finger, or 0.55N per tactile
sensor cell. It should be noted, however, that the force values are estimates and averages. An exact
determination of force, or a relationship between applied force and measured cell pressure, can be
established following a system characterization as described in (21).

Figure 4, left, shows the recorded average pressure change including the +2¢ range measured by the
sensor array alongside the acceleration data from the IMU (Figure 4, right) from a test set resulting
from grasping a fabric sample with a mass of approximately 150 g, corresponding to the typical mass
of an average cotton T-shirt. During each manipulation, in which the grasping process lasted 6 s per
iteration, distinct movement phases could be identified from the pressure and acceleration profiles.
The closing phase (0.30-1.35s) corresponds to the transport of the fingers toward the object. This
is followed by a brief contact phase (1.35-1.60s), marking the first interaction with the target and
triggers a lower closing speed. The gripping phase (1.60-4.75 s) is initiated when an average change
in pressure Ap = 0.25 hPa was detected across all sensor cells, and the grip was defined as stable
once the applied average pressure exceeded 3 hPa (= 0.55 N). The releasing phase (4.75-4.85s)
reflected the loosening of grip, after which the opening phase (4.85-5.30s) indicated the withdrawal
and hand aperture increase. In total, 595 iterations were performed in this example, allowing for
robust segmentation and statistical evaluation of the task phases.

The point of contact can be reliably determined from both the pressure signals and the acceleration
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Figure 4: Pressure and acceleration patterns when grasping a compressible material. The grasping
process can be subdivided into closing (green), contact (purple), grasping (red), releasing (cyan), and
opening (orange) phases.

spike caused by the finger—object impact, and the accelerometer data can also be exploited in future
object-handling strategies rather than relying exclusively on pressure information.

Across all conducted experiments, the system operated without malfunction and no objects were
damaged due to excessive gripping force. The low-pressure threshold for contact detection, combined
with the subsequent reduction in closing speed, consistently preserved the structural integrity of the
grasped objects. No premature lifting motion was observed, and the URS resumed its trajectory
exclusively after GRIP_STABLE assertion, confirming reliable handshake operation.

198



S CONCLUSION & FUTURE WORK

In this work, a tactile sensor system was developed and integrated into a Robotiq 3-Finger Gripper to
enable sensor-driven robotic manipulation. Deterministic robot—gripper coordination via hardware
handshakes was introduced to establish a reliable communication between the three essential system
components: uC, gripper, and robotic arm. The system is centered around a pC that handles high-
speed data acquisition from an array of pressure sensors and performs real-time data processing.
Complementary information is obtained from an integrated IMU, allowing tactile events to be
correlated with motion and vibration signals.

A seamless mechanical integration was achieved by replacing the gripper’s fingertips with custom 3D-
printed parts, onto which the tactile sensor modules were mounted. This modular approach preserved
the gripper’s functionality while enhancing it with high-resolution tactile feedback. The combination
of USB-based communication and a LabVIEW control layer allowed reliable bidirectional data
exchange between the uC and the gripper, enabling adaptive, sensor-based control strategies.
Experimental results demonstrated that the system can robustly detect object contact with high
precision. Pressure changes as small as 1 Pa can be measured within individual sensor cells, and when
combined with acceleration data, the point of contact can be estimated reliably. Plots of opening and
closing iterations illustrated the strong correspondence between pressure transients and IMU signals,
confirming the robustness of the approach.

Looking ahead, future work will focus on further increasing the temporal and spatial resolution of
the tactile system. Pressure sensors capable of sampling at rates up to 500 Hz are already under
consideration, which would further reduce the latency between different positional requests down to
2ms.

In addition, the use of smaller sensor elements will reduce the sensor pitch, resulting in an increased
spatial resolution of the tactile sensor system. In addition, the spatial resolution can be further
increased by utilizing the interpolation algorithm, introduced in (22). Another important step will be
the implementation of a slip detection algorithm, based on discontinuity detection (23; 24), directly
on the pC. This will enable the gripper to autonomously detect and react to incipient slip conditions
in real time, further enhancing its adaptability and robustness in manipulation tasks.
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Abstract

When employing robots for tasks such as polishing or surface grinding, vibration
and peak interaction forces exerted at the robot or the part must be limited. There-
fore, such tasks are performed with the help of Active Contact Flanges (ACF).
These devices are force controlled and enable fast processing speeds. High contact
velocities of the tool result in significant impact forces during interaction with the
environment. Consequently, a critical control aspect is the reliable estimation of
these forces, which is the focus of this paper. A dynamical model is developed,
resulting in a linear time invariant equation of motion, which is solved analyti-
cally. Hereby, a homogeneous and a particular solution is derived. The maximum
contact force is then determined based on an optimization. Experimental results
demonstrate high consistency between measured and calculated contact forces.

1 Introduction

Grinding, polishing and deburring are important tasks in robotics and a key enabler for advanced
manufacturing in high wage countries. Due to economic reasons it is important to perform these
processes with high speeds. Especially, the contact phase between object and polishing tool on a
robot is crucial. Therefore, an Active Contact Flange (ACF) is used to achieve these high speeds,
while at the same time impact forces are minimized. These ACFs are mechatronic devices utilizing a
double-acting pneumatic actuator, where real-time regulation of air inflows and outflows via force
compliance control maintains a constant, predefined force after the impact phase, independent of
the stroke position. Comparisons of contact forces between force controlled robots and those with
Active Contact Flanges are addressed in e.g. [2, 6]. The setup with the ACF outperforms the
force controlled robots in quality, speed and accuracy. An overview about robotic end-effectors for
manufacturing, where various methods are compared, can be found in [5]. Contact forces between
robots and the environment are also important for human robot collaboration. Maximum forces for
safe collaborations are defined in [3]. A machine learning approach for such safe impact situations
in human-robot interactions can be found in e.g. [4]. This work provides an analytical formula to
determine the maximum contact force of an ACF during the impact phase and can later be used for
training neural networks addressing such collaboration tasks.

The Third Austrian Symposium on Al, Robotics, and Vision (AIROV26).
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2 Dynamical Model

The considered setup of the system under consideration is shown in Fig. 1. The left side shows a
picture of the floor mounted ACF, without the robotic system visible. To determine the real contact
forces, a force sensor is mounted on an external robot that contacts the ACF with different speeds.
The center sketch illustrates the setup for the dynamical modeling in the absence of robot contact.
The analytic model of the ACF is a combination of a spring with spring constant kz and a damper
with damping constant dr resembling a force controlled pneumatic device. It actuates the mass mp.
An additional serial spring (k¢) is used for the contact model. The robot with the mounted force
sensor moves in vertical z direction within the base frame J; of the robotic system with position rg
and velocity v and gets in contact with the ACF at fixed position rp, which is the reference position
for following considerations where the ACF is at its maximum stroke. It has to be mentioned, that
only the z component with respect to base frame F of the end-effector motion (rg ., vE 2, 7o,z ), but
represented in modeling frame JFy, is of interest for spring compression. The right view in Fig. 1
depicts a schematic of the robot in contact with the already partially compressed ACF, which leads to
a deformation s = z(t) — (rg ,(t) — o ) of the modeled contact spring depending on the position
of the grinding pad (rg - (t) — ro,.) and position z(¢) of mass mp in modeling frame Fp;.

Robot
Force Sensor rg
ACF 2
TU,Z
kc T T IT T g b e r._;:_ :
kp d F -

& — (B, —T0,)..

Figure 1: (1) Active Contact Flange with grinding pad in test environment in absence of robot, (m)
Schematic of setup before contact, (r) Schematic of setup in contact

2.1 Modeling

An evaluation of different contact models (e.g. different parallel/serial springs) yields to the model
in Fig. 1. The active contact flange with moving mass my consists of a spring (kg )/damper(dg)
combination in parallel, enhanced by a contact stiffness kc. The equation of motion (EOM) for this
simplified model with = as degree of freedom, defined from the uncompressed ACF position to the
position of mass m g, and neglected gravitation is
mFi-FdFi-'—kaE :F0, fL'(O) = fjﬁ.'(o) =0. (l)
The contact force F is zero as long as no contact appears. In case of contact, this force is defined as
Fe = —ke(s+sp), with a penetration depth s and a pretension of sy. Since the contact is established
between an external robot at end-effector position rg_,(t) and an ACF, which are getting in contact
at position g ., the expression can be further evaluated to
F,
Fo = —ke(z(t) —re2(t) + 10,2 —é) (2)
N — —
—Ug,zt
with penetration depth s = =(¢) — (7 g,.(t) — 70,2 ) as introduced above and pretension so = —Fp/kc
of the contact stiffness. Velocity vg . represents the contact velocity between the ACF and the robot,
which is assumed to be constant during the contact phase and further stated with vg for simplicity.
Time ¢ starts at the moment of contact, where 5 , equals g ,. The constant pretension force Fp is
applied to the ACF to hold it on its maximum position. Using the contact force Eq. 2 in the EOM Egq.
1 results in
mgpi+dpt+ (krp + kc)z = kcvet + Fp, (3)
which is a linear time invariant differential equation that can be solved analytically.
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2.2 Analytic Solution

The solution for the differential equation Eq. 3 can be split in a homogeneous part and a particular
part (z(t) = zg (t) + zp(t)). For the homogeneous solution z g, the differential equation

d k k
F.+F+C$

T+ —u =0 (C)]
mg mg
—— |
25 w?
is considered, where the solution can be expressed by
TH = e_at(acosvt—l—bsi_nvt), (5)

see e.g. [1] for details. Herein, § is the damping coefficient and v = v/w? — 42 the frequency, while
constants a and b have to be evaluated based on the initial conditions of the overall solution. w is the
frequency of the undamped system.

An Ansatz for the particular solution of Eq. 3 is chosen as

Tp =cp + e1t, (6)

with constants ¢y and ¢;. Using this Ansatz in the EOM and evaluating the constants (initial conditions
z(0) = 0, £(0) = 0) yields the overall solution x = xg + zp as

Fp kcvg drkc
+ + t— S VE, )
kr + ke kr+ke  (krp+kc)
where a and b are constants. Note that this solution is only valid a short time after getting in contact.
However, in this time interval, the maximum contact force occurs, which makes the solution usable
for the evaluation.

z(t) = e **(a cos vt + bsinvt)

2.3 Maximum Contact Force

With the analytic solution Eq. 7 on hand, the contact force can be evaluated as

Feo :kc(UEt—:L') + Fp. (8)
Seeking for the maximum value leads to the optimization problem
dFc
— =0 9
a ) ©)

that has a general solution of the form
Acosvt+ Bsinvt+C =0, (10)

where A, B and C are constants. This expression can be solved for the time ¢ = ty,4, 0f maximum
contact force, which finally yields to the force

FC_.maz = kC('UEtmax - I(tmax)) + FP- (11)

3 Experimental Evaluation

The parameters for a test setup including m g, dr, k¢, ... are identified based on force responses for
various test cases and are therefore available for the evaluation of the maximum contact force in Eq.
11. An exemplary result for a desired force F;; = 100 N and different contact speeds vg is shown in
Tab. 1. The desired force is controlled by the ACF due to the pneumatic actuation. This actuation is
much slower than the force response and therefore does not enter the contact force calculation. It
can be seen, that the measured and calculated maximum contact forces coincide very well with a
maximum relative error of 5 %. Similar results are achieved for different masses, pads and forces
Fp. Note, that Tab. 1 additionally includes a value for the maximum contact velocity, in case the
maximum applicable force is given by the considered test object that has to be e.g. polished. The
maximum force for fragile objects is hereby much lower than for stiff ones, therefore the contact
velocity can be lowered to a tolerable value. Figure 2 shows the measured contact forces for the
different contact velocities vg of the test case from Tab. 1.
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v in Vs | Fomae Modelin N | Fo Measurement in N | relative Error in %
0.05 108 110 1.2
0.1 130 137 5
0.2 195 198 1.5
0.3 271 282 4
0.35 310 320 3

Table 1: Maximum contact forces for iz = 100 N.

350
—vg = 0.35m/s
300 - rl —vp =0.3m/s
- 250 q v = 0.2m/s
1 —vg =0.1m/s
i 2001 | —vg = 0.05m/s
= 150
100 F
50 |
||
0 0.05 0.1 0.15 0.2 0.25 0.3

Figure 2: Measured contact forces for Fz = 100 N.

4 Conclusion

An analytical solution for the evaluation of maximum contact forces between an object and an Active
Contact Flange is presented. The dynamical solution yields to highly accurate results for the contact
forces at given contact velocities. Conversely, it can be used to determine the maximum contact
velocity resulting from a given maximum contact force. Future work will use the test data to train a
neural network that directly evaluates the maximum contact forces.
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Abstract

Automated garment handling in textile recycling remains challenging due to the
deformability of textiles, their high shape variability, frequent self-occlusion, and
the presence of foreign objects in cluttered heaps. This paper presents a Multi-
Modal robotic sorting system that combines semantic visual perception with tactile
grasp monitoring. The proposed approach integrates Visual Language Model
(VLM) based garment classification, Convolutional Neural Network (CNN) based
grasp prediction using RGB-D images, and capacitive tactile fingertips mounted
on a parallel gripper to detect grasp success, object loss, and approximate weight
during manipulation. The estimated weight serves as a plausibility measure for
the visually predicted garment class and as a coarse indicator of garment size. To
support safe execution, a Digital Twin implemented in Movelt2 is used for motion
planning and collision avoidance in a synchronized real and virtual environment.
A classification accuracy of up to 87.89 % across six classes was achieved in
an experimental robotic sorting scenario including 219 items. Furthermore, the
tactile finger sensor is evaluated under wet conditions and in contact with wet
textiles to assess robustness, showing reliable sensing behavior even in these
challenging scenarios. Overall, the results demonstrate the potential of combining
semantic vision and robust tactile sensing for dependable textile sorting in recycling
applications.

1 Introduction

Robotic manipulation of deformable objects remains one of the central challenges in automation [1, 2].
Among deformable materials, garments are particularly difficult to handle due to their high variability
in shape, frequent self-occlusion, and non-rigid dynamics, especially when presented as unordered
heaps. These challenges are further amplified in textile recycling scenarios, where garments may
be entangled and mixed with foreign objects such as plastic packaging or metallic accessories. At
the same time, upcoming regulations such as the European Union’s Digital Product Passport (DPP)
for textiles aim to improve material traceability by 2027 [3, 4]. However, legacy garments without

*S.E. and T.M. contributed equally
YH.Z. is also affiliated with the Ubiquitous Sensing Lab, University of Klagenfurt, 9020 Klagenfurt, Austria

The Third Austrian Symposium on Al, Robotics, and Vision (AIROV26).

205



digital metadata will remain present in recycling streams, requiring perception-driven identification
and manipulation.

Recent advances in multi-modal neural networks have introduced VLMs, which enable semantic
queries on visual data by combining vision and language representations [5]. Such models allow
flexible interpretation of garment attributes and categories from images. Prior work demonstrated
the feasibility of integrating VLMs with CNNs for garment classification in robotic sorting scenarios
[6]. Nevertheless, these approaches primarily focus on visual perception and do not sufficiently
address the physical interaction challenges associated with grasping deformable textiles in cluttered
environments.

Reliable manipulation of garments requires robust grasping strategies that account for the compliance
and variability of textile materials. In particular, tactile sensing during grasping plays a crucial role in
detecting slip events, monitoring grasp stability, and preventing object loss. Measuring normal and
shear forces during manipulation enables the robot to adapt its grasp and maintain stable contact with
deformable objects.

In this work, we present a robotic textile manipulation system that combines semantic perception
with tactile grasping feedback. The system integrates VLMs and CNNs for garment classification
while emphasizing robust physical interaction with textiles. The main contribution of this work
is that, during grasping, force measurements from the gripper are used to detect shear forces that
indicate object loss and to estimate the approximate weight of the grasped textile, thereby providing
an additional plausibility check for the visually predicted garment class and enabling coarse inference
of the object size. The system further incorporates a Digital Twin using Movelt2 for motion planning,
where reconstructed 3D representations of manipulated textiles are integrated into the planning
environment. Particular emphasis is placed on the robustness of the tactile sensing frontend, which is
designed to maintain reliable operation even when interacting with challenging materials such as wet
textiles.

2 Related Work

Recent advances in robot grasping and classification of textiles show, that general VLMs models
perform better on untrained objects like textiles, than specialized CNN networks. An example of a
CNN is given by [7] and an example of a VLM is [8]. Multimodal Large Language Model (MLLM)
models, like [9] by Alibaba Cloud are computation-heavy, with bigger versions requiring VRAM
greater than 100GiB but also support better visual reasoning capabilities.

In robotics, once an object has been classified, suitable grasping positions need to be determined.
Several approaches integrate grasp detection with additional perception tasks [10, 11]. In contrast,
the previously discussed VLMs do not inherently provide segmentation or grasp position detection
capabilities. Accurate grasp detection is particularly important for objects with complex geometries
or deformable materials, such as clothing. In such scenarios, task-specific models like CNNs often
achieve superior performance due to their specialized training for grasp prediction. Nevertheless,
recent work has explored the use of VLMs that incorporate semantic input to guide grasp planning.
For instance, models can interpret commands such as “the tip of the sock” and return corresponding
grasp positions [12, 13]. VLMs also differ in that they are either focused on performance, or on
usability on edge devices.

After identifying grasp positions, the next step is to grasp an object. During grasping it is important to
be able to detect successful grasps by measuring, e.g., normal and shear forces applied on a grasped
object [14, 15].

Our method combines VLMs with a CNN-based perception pipeline for semantic classification in a
robotic textile-sorting scenario involving densely piled garments. In addition to visual recognition, the
system emphasizes robust grasping of deformable objects. Force measurements from the gripper are
used to monitor shear forces during manipulation, enabling detection of object loss during grasping.
The measured forces also allow for weight estimation of the textile, which serves as a plausibility
check for the predicted class and provides a rough indication of the object size. Furthermore, the
gripper’s sensor frontend is designed to be robust against direct contact with challenging materials
such as wet textiles, ensuring reliable sensing performance.
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3 Experimental Setup

The experimental setup and its corresponding Digital Twin (RViz) is illustrated in Figure 1 below. In

Cam 2 Cam 1

UR 7e

CapTac

Figure 1: An overview of the experimental setup (left) and the corresponding Digital Twin in RViz
(right).

this scenario, a UR7e robot is tasked with picking up unsorted, cluttered but clean garments from a
basket (zone A in Figure 1) and to place them on a separate table for garment class inspection (zone B
in Figure 1). Afterwards, the garment is picked up and distributed for further processing (outside the
scope of this paper). Grasp locations for both zones are determined by using an adapted version of the
grasp prediction algorithm developed by Ainetter et al. [10] and extensively tested in [6, 11, 16]. Two
Intel Realsense depth cameras from the D400 model family (Cam I and Cam 2 in Figure 1) provide
the necessary depth and color images. The RGB stream of Cam 2 also provides the frames needed for
garment type classification. The robot is equipped with a Robotiq 2F-140 gripper. The fingertips are
replaced with CapTac [14] capacitive tactile sensors (a detailed view is shown in Figure 3a). These
fingertips are used for two purposes: Determining if a garment was grasped from the basket (zone
A) or dropped during manipulation and to measure its weight after garment type classification to
provide further information on the garment. The detection threshold of CapTac is stated to be 20 g
[13] corresponding to a weight force of 0.4 N for a two-fingered gripper. The necessary computing
power for running the grasp prediction algorithm, robot control script as well as the Digital Twin is
provided by a home grade PC equipped with an 11th Gen Intel® Core™ i7-11700KF @ 3.60GHz x
16 CPU with 64 GB of DDR4 RAM paired with a Graphics Processing Unit (GPU) Nvidia GeForce
RTX 3060 with 12GiB VRAM. The VLMs are run on an external Nvidia H200X-141C cloud GPU
with 144GiB VRAM.

The communication between all hardware modules is handled by ROS 2 Jazzy. A schematic overview
showing the connection between all hardware and software components is shown in Figure 2. The
real and simulated environment share the same coordinate frames allowing motion planning and static
obstacle avoidance to be conducted on the Digital Twin via Movelt2 before executing movements on
the real robot. Furthermore, a combined RGB/depth stream of Cam 1 is projected into the Digital
Twin as a pointcloud, allowing remote observation. A segmented RGB/depth image of a garment in
zone B can be projected as well, if needed.

The CapTac sensors are connected to the ROS 2 system via the Arrowhead Eclipse framework [17],
as capacitive sensors, which provide normal and shear forces measured on multiple channels to the
system. On the ROS 2 side, an Arrowhead Consumer is running, which takes the measured forces
and publishes them into the ROS 2 system. The Arrowhead system is used for safe and secure
transmission of sensor data.
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Figure 2: Schematic of the proposed framework, consisting of a UR7e robot equipped with a Robotiq
2F-140 gripper - and CapTac [14] fingertips - a desktop PC equipped with a Nvidia RTX 3060 budget
consumer graphics card, one Nvidia H200X professional graphics card and two Intel Realsense
cameras for grasp detection and object classification.
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(b) Garment manipulation process, showcased

(a) Closed gripper, the gap in between the two
gripper fingers is used to avoid touch between
the sensors, when no object is grasped, so as to
better detect an empty grasp. The distance can
be manually adapted with the screws on top.

on a sock 1-3, a shirt 4-6 and a trouser 7-9. The
first image displays a textile being grasped from
the box, the second image displays the textile in
the air and the third image displays the textile
being placed on the inspection table.

Figure 3: Detailed view of the gripper (a); Garment manipulation process (b)

4 Experimental Procedure

Upon starting the experimental procedure, a set of random clean garments is thrown randomly in a
transparent basket alongside random foreign objects, such as bottles, cans and 3D printed objects from
the EGAD training set [18]. The basket does not need to be perfectly aligned for every experimental
run. A bounding box is automatically set around the edges of the basket to avoid grasping objects
that are outside the basket.

After initial manual setup, the robot control script is started, which operates the robot as a finite-state
machine (FSM). Figure 4 shows the flowchart for the states and transition conditions. In the Init state,
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the robot is moved to a pose outside the field-of-view of both cameras and the CapTac sensors are
initialized by recording baseline measurements. Next, the control script moves to Find Garment,
calling the grasp prediction algorithm with a RGB and depth frame of Cam 1. If a potential grasp
candidate is found within 5 tries, the program will switch to Pick up Garment and uses Movelt2
within the Digital Twin to plan and validate a trajectory, otherwise the program will shut down. After
the grasp pose is reached and the gripper closes, CapTac sensor readings are examined to check for
an object between the fingers. In case of success, the sensor readings are monitored until the robot
reaches zone B for garment classification. While an object is being lifted, a slight shaking motion is
applied to the final three joints of the robot to shake off potential by-catch and avoid a drop in an
undesired area. The garment is then pulled over the edge of the inspection table to enforce spreading
out as good as possible. In case of an unsuccessful grasp or object loss, the robot moves outside
the field-of-view of Cam I and the program switches to Find Garment. Impressions of the garment
handling procedure are shown in Figure 3 for exemplary objects of classes: sock, shirt and trousers.

Once the robot has dropped off the item and moved out of the field-of-view of Cam 2, the program
switches to Inspection. The VLM running on the external GPU receives a RGB image from Cam
2 and returns the predicted object class; the options being: trousers, shirt, underwear, sock, other
(foreign object, or garment outside the aforementioned classes) and empty. We run two models
from the Qwen3 family by Alibaba Cloud, which delivered promising results in a recently published
benchmark [19], utilizing the locally run Python API of Ollama [20]. A minimal Python code
snippet showcasing the usage of Ollama with Python3 is shown in listing 1. After classification, the
grasp prediction algorithm is called with a RGB and depth image from Cam 2. The object is then
lifted and an estimate of the weight is calculated using the CapTac sensors. In the event of multiple
objects being grasped from the box, the VLM-powered classification is run again to ensure an empty
inspection table. The combined information is then stored and the object is then placed aside for
further processing. This information can be used to provide additional information on the object and
conducting sanity checks. Some examples are: If an object of class shirt or trousers has a very low
weight, it may be infant clothing. If an object of class sock is measured to have a rather high weight,
the object class may have been predicted incorrectly, and the garment could be put aside for further
manual inspection. The aforementioned garment segmentation scheme, using the same procedure
as described in [19] could be used to create further training data for VLM based characterization of

garments. Finally, the program will switch to Reset and prepare for picking up the next object from
the basket.

Listing 1: Minimal Python code example for running a Vision Language Model with Ollama

import ollama

response = ollama.chat (
model="model -name?,
messages=[{"role": "system",
"content": "You are an expert garment classification
device."},
{’role’: ’user’, ’content’: ’"Do you spot a clothing item on

the table? "
"If yes: Classify them in the classes: "
"shirt, sock, underwear or trousers. "
"Do you see something else instead? respond with other.
"Is the table empty? respond with empty. "

n

"Your response is a single word - either "
"shirt, sock, underwear, trousers, other or empty"’, ’images’:
[fullPathToImages]
}H

In parallel, the robustness of CapTac against wet garments was investigated in manual experiments.
Sensor readings were recorded for dry and wet garments and empty measurements with dry and
manually wet sensor pads.
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5 Results

5.1 Multi-Modal sensing experiment

During the automated garment sorting scenario, a total of 219 items (garments and foreign objects)
were grasped from the basket, classified on the inspection table and their weight estimated by
CapTac. Ground truth data for these experiments were manually collected by human classification
and manual weighing using a kitchen grade precision scale. To address robustness of the VLMs,
images from objects on the inspection table were uncropped, and some distracting items were placed
in the scenery. Two exemplary samples are shown in Figure 5. At two random instances during the
experiments, objects were manually removed from the inspection table to check for robustness against
hallucinations. Furthermore, two more empty samples were taken after the experiment was conducted.
To avoid a misclassification, when two or more garments are present on the inspection table, the grasp
prediction algorithm provides the location of the garment on the image. The combination of CapTac
with a well established grasp prediction algorithm ensured that no unintentional empty scenes were
recorded. The number of samples per object class is shown in Table 1 alongside the accuracy of both
investigated models. The confusion matrices for both VLMs are shown in Figure 6. Furthermore,
the computation time for each model was recorded and stored alongside the model predictions. The
average processing times ¢ alongside the 10th percentile P and gpth percentile Pyg are shown in
the bottom half of Table 1.

A prediction was considered correct if the model’s response exactly matched the requested class
(ignoring lower/uppercase lettering). Returning a different, but semantically correct class name was
considered as wrong. Also, if the response also contained more words than requested, the response
was treated as incorrect. While the larger Qwen model provides an accuracy of >97 % for shirts and
full accuracy for socks, it lacks in detecting trousers and empty scenes, where it would typically
return one of the distracting items nearby. As garments cannot be perfectly presented on a table using
only a single robotic arm in reasonable time, the overall accuracy could be improved with adding
multi-robot grasping.

Estimating the weight of the garments using CapTac faced a few difficulties. Garments with a very
low weight (e.g. socks) do not surpass the reliable detection limit for shear force (0.2 N corresponding
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(b) Class: "Trousers", Weight: 257 g; qwen3-v1:235b:
"Trousers", qwen3-vl:8b: "Trousers", Estimated
Weight: 240 g;

(a) Class: "Shirt", Weight:264 g; " qwen3-v1:235b:

"Shirt", qwen3-vl:8b:
225g;

"Shirt", Estimated Weight:

Figure 5: Two representative images of garments from zone B. To assess robustness in cluttered
environments, several smaller garments were scattered on the ground and additional distracting
objects were introduced. Each model’s output is shown together with the corresponding ground truth.

Table 1: Performance Benchmark for both investigated Qwen3 models and computation time metrics
on a Nvidia H200 in s: average 7, 10" percentile Py and goth percentile Pyg

Overall Shirt Sock Trousers Underwear  Other Empty
Image Count 223 38 64 43 12 65 4
Models Accuracy
qwen3-vl:235b  87.80% 97.37% 100.00% 60.47% 83.33% 93.85% 25.00%
qwen3-vl:8b 83.86% 86.84% 93.75% 55.81% 66.67%  95.38% 50.00%
qwen3-vl:8b qwen3-vl:235b
t 1.595 2.444
Py 0.993 1.739
Py 2.550 3.072

to 20 g per finger - yielding a minimal garment weight of 40 g, assuming equal distribution of shear
force), and therefore only the normal force information can be used to detect an object between
the fingers. Larger garments, such as adult trousers or jackets, tend to entangle above the sensor
pads, and thus produce less shear force. In any case, the weight of the garment will always be
underestimated. CapTac require a manual one-time calibration using a tray with known weight that
has full contact with both sensor pads and additional precision weights to determine a baseline. An
exemplary calibration curve is shown in [14].

Thus, the authors rather propose a qualitative assessment of the shear force in weight classes, as listed
in Table 2. Combining garment type and weight class allows to easier differentiate between adult and
infant clothing. Garment classes with generally lower weight will then trigger an additional manual
sanity check to verify if the VLM prediction is accurate.

5.2 Robustness Against Liquid Contamination

In an additional set of experiments, the robustness of CapTac against liquid contamination on the
sensor pads and wet garments was investigated. The silicone structure of CapTac (Ecoflex) is, by

Table 2: Qualitative assessment of garments using weight classes.
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Weight Shirt Sock Trousers Underwear Other

low(< 45g) toddler/inf. | single/pair | toddler/inf. ok ok

mid (45 g <150 g) inf pair inf ok ok

high (150 g <400 g) adult slc adult heavy underwear ok

heavy (> 400 g) s/c s/c adult s/c ok
Notes: inf.: infants, s/c: sanity check recommended
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Figure 6: Confusion matrices for Qwen3 models: 8b parameters (left) and 235b parameters (right)

nature, highly hydrophobic, however potential effects on the capacitive sensing needed to be verified.
During multiple measuring cycles, the sensor readings were recorded while the sensor pad was in a
dry and wet state (by manually wetting the pad with a paper towel). No significant change in noise or
drift was recorded during these experiments.

In its current state, the sensor (with its electronics) is not waterproof, and liquid contamination can
only be mitigated on the sensor pads and the front face of the sensors.

6 Discussion, Conclusion and Outlook

This paper presented a Multi-Modal robotic sorting system that combines VLM based garment
classification with a CNN based grasp prediction using RGB-D images, and capacitive tactile
fingertips mounted on a parallel gripper to detect grasp success, object loss, and approximate weight
during manipulation. The estimated weight serves as a plausibility measure for the visually predicted
garment class and as a coarse indicator of garment size. A Digital Twin implemented in RViz uses
Movelt2 for motion planning and collision avoidance in a synchronized real and virtual environment.

A classification accuracy of up to 87.89 % across six classes was achieved in an experimental robotic
sorting scenario including 219 items. Garment manipulation is handled by a single robotic arm, which
does not allow optimal garment placement on the inspection table (zone B), practically reducing the
accuracy for garment classes of larger sizes. Socks, due to their smaller size and distinctive shape,
gave the highest accuracies. Furthermore, the tactile finger sensor is evaluated under wet conditions
and in contact with wet textiles to assess robustness, showing reliable sensing behavior even in these
challenging scenarios. Overall, the results demonstrate the potential of combining semantic vision
and robust tactile sensing for dependable textile sorting in recycling applications.

The present state of the proposed experimental setup offers multiple options for future improvement.
Adding a second manipulator for simultaneous two-arm manipulation to spread out garments can
improve the classification accuracy and opens the door for visual fault inspection. A weighted
combination with other VLMs might increase the accuracy as well and serve as a second source for
classification estimates. The current state of the weight measurement can be improved by optimizing
the gripper shape, to avoid tangling of garments.
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Abstract

Trajectory prediction is an essential component of the perception stack in au-
tonomous mobile robots (AMRs). AMRs operate in complex environments where
their movements are influenced by various environmental elements, such as racks
and storage locations. Therefore, accurate and efficient trajectory prediction for in-
tralogistics requires detailed environment modeling that goes beyond the lane-based
context commonly used for road traffic. We propose a new environment context
encoder that can be seamlessly integrated into state-of-the-art motion forecasting
models. Our approach, tailored to the specific challenges of intralogistics, achieves
highly accurate predictions using efficient baseline networks.

1 Introduction

Autonomous mobile robots (AMRs) play a major role in modern intralogistics as they are commonly
used to transport cargo in complex environments like warehouses and production facilities. AMRs
require accurate trajectory prediction to navigate crowded intralogistics environments efficiently and
safely. Anticipating the movements of other traffic participants allows AMRs to proactively plan
maneuvers, which prevents operational delays from costly deadlocks and protects warehouse workers.

While trajectory prediction is well-studied for road traffic, e.g., [1, 2, 3, 4, 5, 6, 7], intralogistics
presents distinct challenges. Warehouse vehicles can execute more diverse and complex maneuvers
due to their wheel geometry [8]. Additionally, lane graphs, which are commonly used to model map
information in road traffic, provide only weak guidance in the intralogistics domain, as vehicles follow
driving lanes less strictly within warehouses and production facilities. Furthermore, environmental
elements heavily influence driving behavior; e.g., a vehicle entering a rack aisle has a high probability
of abruptly changing speed to initiate load handling. Consequently, explicitly modeling these map
elements is critical for robust trajectory prediction in intralogistics.

Due to different environment types, vehicle characteristics, and onboard resources, trajectory predic-
tion models designed for autonomous driving cannot be directly transferred to the AMR domain. We
propose a new environment encoder module to enable accurate trajectory prediction in intralogistics.
Our environment context (ECTX) encoder processes information on diverse map elements like rack
positions, charging stations and gates, enabling highly accurate predictions in scenarios where lanes
only offer a weak prior. By directly utilizing widely available semantic warehouse maps, ECTX by-
passes the need for computationally heavy LiDAR data [6, 5] and requires no application-specific
fine-tuning using LiDAR data. Integrating our ECTX module into two strong, compact transformer-
based baselines, Forecast-MAE [9] and EMP [10], yields improved results for trajectory prediction
in complex intralogistics driving scenarios. The additional environmental information significantly
improves the trajectory prediction accuracy while adding only little overhead to the networks. We
demonstrate the effectiveness of our ECTX by evaluating it on a custom large-scale dataset for motion

The Third Austrian Symposium on Al, Robotics, and Vision (AIROV26).

216



prediction of different intralogistics vehicles, e.g., reach trucks and order pickers. Our approach
demonstrates strong performance on long-term prediction horizons, giving AMRs sufficient time to
react to the prediction and to use the output to perform smooth, proactive driving maneuvers.

2 Trajectory Prediction With Enhanced Environment Encoding

Modern trajectory prediction typically relies on separate agent and lane encoders prior to scene
encoding. To capture the unique dynamics of intralogistics, we introduce a plug-and-play third module
(ECTX), which integrates critical environmental context into baseline architectures, i.e., [9, 10].

Map Modeling: We extract lane segments and environmental elements from standard warehouse
floor plans. Lane segments are sampled and split into similar-sized, fixed-point chunks. Crucially, we
extract key environmental elements that dictate driving behavior, e.g, racks (indicating potential load
handling), non-driveable areas (walls, machinery), and free areas (where vehicles may cut corners).

Agent and Lane Encoding: Initially, agent history and lane shapes are encoded individually using
local coordinate systems. For agent motion, baselines output a feature vector for each agent using
either neighborhood attention [11] (Forecast-MAE [9]) or standard self-attention (EMP [10]). Lane
geometries are processed in both baselines using PointNet-like architectures [12].

Environment Encoding (ECTX): We encode points sampled from the environment polygons using
a small PointNet-like network [12]. Unlike the lane encoder, which extracts line features, our
environment encoder learns the shapes of polygons. It outputs an environment matrix where each
row represents a distinct map area.

Scene Encoding and Trajectory Decoding: As both baselines [9, 10] use token-type independent
self-attention for scene encoding, we can seamlessly concatenate the environment tokens with the
agent and lane tokens to form a unified scene context. To preserve spatial and categorical relationships,
we add global positional embeddings [9] and type embeddings for both vehicle and map classes.
Finally, a set of trajectory hypotheses is decoded using the baselines respective architecture (an MLP
for Forecast-MAE and EMP-M, or a DETR-like [13] decoder for EMP-D).

3 Experimental Setup

Dataset: We conduct our evaluations on a large-scale dataset generated using NVIDIA Omniverse™.
It is recorded in virtual warehouse environments, which are designed based on real-world layouts
and traffic situations. We use CAD models of different real-world intralogistics vehicles and apply
custom vehicle controllers to obtain highly realistic motion patterns. The maps in our dataset contain
lane topology implemented as directed graphs and detailed information on intralogistics environment
elements. These include charging stations, free areas, rack locations, gates, non-driveable areas (static
obstacles), and storage locations. Overall, our dataset features 267,146 total scenarios across two
virtual environments: one for training (94,621) and validation (63,605), and a second environment
for testing (108,920). The intentionally limited training set reflects real-world data scarcity.

Each scenario spans 11 seconds (5 s history, 6 s prediction horizon), yielding a challenging median
future trajectory length of 10.45m (max 13.60m). The dataset includes various vehicle types,
e.g., reach trucks, forklifts, and order pickers, to capture the different driving dynamics of each type.
Compared to autonomous driving data, our dataset includes difficult intralogistics-specific movements
like load handling, on-the-spot rotations, and reversing. For each scenario, we sample all neighboring
map elements and agents within a radius of 25 m as model input, which fully captures the relevant
context for intralogistics driving speeds.

Implementation Details: For both baselines [9, 10], we evaluate the original architectures (latent
feature dimension D = 128) alongside a smaller version with D = 64 and shallower encoders. The
baseline models are designed for autonomous driving applications, where large-scale datasets are
available. This model size reduction mitigates potential overfitting on the smaller datasets typical
of intralogistics and facilitates deployment on embedded hardware. Models are trained on a single
NVIDIA V100 GPU for 60 epochs with a batch size of 128. We do not use data augmentation and
optimize using AdamW [14] with gradient clipping and weight decay. The learning rate undergoes a
10-epoch linear warm-up (1 x 107 to 8 x 10~5) before a cosine decay schedule back to 1 x 1076,
Following our baselines [9, 10], the training objective combines a regression loss, a classification loss
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Table 1: Results on our intralogistics dataset grouped by baseline model and sorted in descending
order by test brier-minFDE,. Models marked with * denote reduced architecture configurations,
which are also more suitable for AMR deployment. Displacement errors reported in meters.

Test Set

Method MRy minADE; minFDE; minADE; minFDE4 brier-minFDE,4
EMP-M [10] 0.156 1.12 2.83 0.57 1.21 1.56
EMP-M#* 0.182 1.09 2.69 0.57 1.22 1.52
EMP-M*+ECTX 0.155 1.08 2.67 0.55 1.17 1.46
EMP-D [10] 0.140 1.12 2.84 0.51 1.07 1.41
EMP-D* 0.129 1.11 2.76 0.51 1.06 1.35
EMP-D*+ECTX 0.129 1.15 2.83 0.50 1.03 1.33
Forecast-MAE [9] 0.117 1.16 2.97 0.48 0.98 1.34
Forecast-MAE* 0.126 1.06 2.67 0.49 1.03 1.32
Forecast- MAE*+ECTX  0.117 1.06 2.70 0.47 0.98 1.27

Table 2: Ablation study on the influence of different encoder module using Forecast-MAE*. The
experiment marked with ' uses only a single encoder for environment and lane data.

Context Encoder Test Set
Lanes ECTX MRy minADEs minFDEs brier-minFDE4
VT 0.323 0.84 1.72 2.03
X X 0.251 0.67 1.49 1.83
X v 0.188 0.64 1.38 1.70
v X 0.126 0.49 1.03 1.32
v v 0.117 0.47 0.98 1.27

to score the multiple trajectory hypotheses, and an auxiliary loss that predicts a single future for all
non-focal agents in the scene.

4 Results and Conclusions

We present detailed evaluations on our custom intralogistics dataset by comparing three baseline
models with and without our ECTX encoder. We evaluate our models using standard trajectory
prediction metrics [15, 16, 17]: minADEg, minFDEg, brier-minFDEg, and MRg. To capture
diverse future movements while maintaining a compact representation suitable for AMR control
systems, our models output 4 trajectory hypotheses. We compute these metrics for both the most
probable prediction (K = 1) and the full set of predictions (K = 4).

Evaluation on Intralogistics Dataset: Table | compares our baselines, Forecast-MAE [9] and
EMP-M/D [10], with and without our new ECTX module on our custom intralogistics dataset. For
all three models, the integration of ECTX significantly improves trajectory prediction accuracy on
our test set, leading to highly accurate overall results. Furthermore, our reduced-capacity config-
urations (marked by *) outperform the original architectures, better matching the limited dataset
size while suiting the computational constraints of embedded AMR hardware. Consistent with the
results from [10] on AV2 [17], EMP-D outperforms EMP-M due to its more sophisticated decoder
architecture. The intralogistics scenarios feature significantly fewer agents per scene, where the
neighborhood attention-based [11] agent encoder from Forecast-MAE brings an advantage over
the pure transformer version from EMP. Furthermore, comparing the K = 1 and K = 4 metrics
reveals that ECTX substantially improves multiple-hypothesis generation, demonstrating that explicit
environmental context is crucial for accurately modeling multi-modal behavior.

Figure 1 compares the predictions of EMP-D* without and with ECTX on two example scenarios
from our test dataset. In the first scenario (top row), a vehicle navigates a rack pre-zone, where it can
either enter a rack aisle or continue in the open area. Without the environmental context of the rack
positions, the baseline EMP-D* predicts an invalid left turn that would lead to a collision with a rack.
Adding the rack positions using our ECTX encoder leads to well-suited trajectory predictions. In the
second scenario (bottom row), a vehicle is leaving an aisle having the option to either go left or right.
Using only lane data as context, the baseline model predicts a corner-cutting maneuver that would

218



%
%

%
/
%

T
|
T

.
% %
|
/

%

=
AR IEREE

Figure 1: Both image pairs show scenarios from our custom intralogistics dataset. The left images
show from our baseline EMP-D* model and the right images from EMP-D*+ECTX.
In all images also the ground truth trajectory is shown. Using ECTX the possible turn inside the
rack aisles much better aligns with the given environment structures. For the second example using
ECTX the predicted trajectories do not interfere with the racks as the corners are not cut.
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Table 3: Latency comparison for deployment on robotic hardware, alongside measurements from a
reference desktop GPU. We report inference latency for predicting all agents in the most complex
test scene (8 vehicles, 110 context elements).

Method . NVIDIA Jetson . NVIDIA Model
Orin Nano | AGX Orin V100 Parameters

EMP-D*+ECTX 38 ms 15 ms 28 ms 1.2M

EMP-M*+ECTX 37 ms 15 ms 22 ms 791K

collide with a static obstacle. Once again, incorporating our environment encoder resolves this issue,
ensuring the predicted trajectories remain physically viable and collision-free.

Ablation Study: Table 2 details an ablation study evaluating the influence of lane and environment
context using Forecast-MAE [9]. As expected, map-free prediction (agent history only) performs
worst, as it cannot anticipate structural maneuvers like turns and predictions are limited to different
driving motion patterns. Using only the environment context from ECTX as input, trajectory
prediction accuracy significantly improves. This confirms that using the map elements provides a
valuable input for trajectory prediction. As expected, the addition of lane data yields the best results
overall. We also conduct an experiment where we utilize a single encoder module to encode both lane
polylines and environment polygons simultaneously. Processing both lane polylines and environment
polygons through a single encoder degrades performance, as the model fails to learn proper context
guidance. This confirms that distinct spatial modalities require dedicated encoder modules.

Resource Analysis: We evaluate the real-world inference latency of our EMP-based models for
predicting all agents in the most complex scene in our test set. For hardware, we use two types of
NVIDIA Jetson devices, which are designed for robotics applications, and include a comparison with
a standard NVIDIA GPU. The results in Table 3 highlight that our approach is very well suited for
real-time processing on AMR hardware. Forecast-MAE could not be tested in this evaluation setting,
because it uses neighborhood attention blocks [11], which are not supported for export to ONNX.

Conclusions: To solve trajectory prediction in complex intralogistics environments, we introduce the
environment context (ECTX) encoder, a versatile extension for state-of-the-art trajectory prediction
models. The ECTX encoder captures detailed map information on intralogistics specific elements
like racks. Extensive evaluations demonstrate that integrating ECTX significantly enhances baseline
accuracy. Furthermore, our findings emphasize that for custom robotic domains, specialized compact
architectures consistently outperform standard, large-scale models designed for autonomous driving.

Acknowledgments: We gratefully acknowledge the financial support by the Austrian Federal
Ministry for Digital and Economic Affairs, the National Foundation for Research, Technology and
Development and the Christian Doppler Research Association.

219



References

(1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[91

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

Yicheng Liu, Jinghuai Zhang, Liangji Fang, Qinhong Jiang, and Bolei Zhou. Multimodal Motion Pre-
diction with Stacked Transformers. Proc. of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), pages 7577-7586, 2021.

Shaoshuai Shi, Li Jiang, Dengxin Dai, and Bernt Schiele. Motion Transformer with Global Intention
Localization and Local Movement Refinement. In Proc. of the Conference on Neural Information
Processing Systems (NeurlPS), 2022.

Zikang Zhou, Jianping Wang, Yung-Hui Li, and Yu-Kai Huang. Query-Centric Trajectory Prediction. In
Proc. of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2023.

Xishun Wang, Tong Su, Fang Da, and Xiaodong Yang. ProphNet: Efficient Agent-Centric Motion
Forecasting with Anchor-Informed Proposals. In Proc. of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR), 2023.

Yiqgian Gan, Hao Xiao, Yizhe Zhao, Ethan Zhang, Zhe Huang, Xin Ye, and Lingting Ge. MGTR: Multi-
Granular Transformer for Motion Prediction with LIDAR. In Proc. of the International Conference on
Robotics and Automation (ICRA), 2024.

Kan Chen, Runzhou Ge, Hang Qiu, Rami Ai-Rfou, Charles R Qi, Xuanyu Zhou, Zoey Yang, Scott Ettinger,
Pei Sun, Zhaoqi Leng, et al. WOMD-LiDAR: Raw Sensor Dataset Benchmark for Motion Forecasting. In
Proc. of the International Conference on Robotics and Automation (ICRA ), 2024.

Yang Zhou, Hao Shao, Letian Wang, Steven L. Waslander, Hongsheng Li, and Yu Liu. SmartRefine: A
Scenario-Adaptive Refinement Framework for Efficient Motion Prediction. In Proc. of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR), 2024.

Alexander Prutsch, Horst Possegger, and Horst Bischof. Action-By-Detection: Efficient Forklift Action
Detection for Autonomous Mobile Robots in Warehouses. In Proc. of the International Conference on
Robotics and Automation (ICRA), 2024.

Jie Cheng, Xiaodong Mei, and Ming Liu. Forecast-MAE: Self-supervised Pre-training for Motion
Forecasting with Masked Autoencoders. In Proc. of the IEEE/CVF Conference on Computer Vision (ICCV),
2023.

Alexander Prutsch, Horst Bischof, and Horst Possegger. Efficient Motion Prediction: A Lightweight &
Accurate Trajectory Prediction Model With Fast Training and Inference Speed. In Proc. of the IEEE/RSJ
International Conference on Intelligent Robots and Systems (IROS), 2024.

Ali Hassani, Steven Walton, Jiachen Li, Shen Li, and Humphrey Shi. Neighborhood Attention Transformer.
In Proc. of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2023.

Charles R Qi, Hao Su, Kaichun Mo, and Leonidas J Guibas. PointNet: Deep Learning on Point Sets for 3D
Classification and Segmentation. In Proc. of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), pages 652660, 2017.

Nicolas Carion, Francisco Massa, Gabriel Synnaeve, Nicolas Usunier, Alexander Kirillov, and Sergey
Zagoruyko. End-to-End Object Detection with Transformers. In Proc. of the European Conference on
Computer Vision (ECCV), 2020.

Ilya Loshchilov and Frank Hutter. Decoupled Weight Decay Regularization. In Proc. of the International
Conference on Learning Representations (ICLR), 2019.

Ming-Fang Chang, John Lambert, Patsorn Sangkloy, Jagjeet Singh, Slawomir Bak, Andrew Hartnett,
De Wang, Peter Carr, Simon Lucey, Deva Ramanan, et al. Argoverse: 3D Tracking and Forecasting with
Rich Maps. In Proc. of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR),
2019.

Holger Caesar, Varun Bankiti, Alex H Lang, Sourabh Vora, Venice Erin Liong, Qiang Xu, Anush Krishnan,
Yu Pan, Giancarlo Baldan, and Oscar Beijbom. nuScenes: A Multimodal Dataset for Autonomous Driving.
In Proc. of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), 2020.

Benjamin Wilson, William Qi, Tanmay Agarwal, John Lambert, Jagjeet Singh, Siddhesh Khandelwal,
Bowen Pan, Ratnesh Kumar, Andrew Hartnett, Jhony Kaesemodel Pontes, Deva Ramanan, Peter Carr, and
James Hays. Argoverse 2: Next Generation Datasets for Self-driving Perception and Forecasting. In Proc.
of the Neural Information Processing Systems Track on Datasets and Benchmarks (Neurl PS Datasets and
Benchmarks 2021), 2021.

220



D?DINO: Dense Descriptors from DINO for
Pixel-Level Object Understanding

Paolo Sebeto'; Jean-Baptiste Weibel2, Christian Hartl-Nesic!, Markus Vincze!
1 Automation and Control Institute, TU Wien,
ZInstitute of Forest Engineering, Department of Ecosystem Management, Climate and Biodiversity,
University of Natural Resources and Life Sciences (BOKU),
Vienna, Austria

Abstract

Learning dense, pose-aware object descriptors is a key ingredient for generalizing
robotic manipulation across novel instances and viewpoints. Intermediate features
from self-supervised models like DINO and Stable Diffusion can serve as powerful
dense descriptors for semantic correspondence, yet these features degrade under
large viewpoint changes. To address this, we introduce D2DINO, a descriptor
prediction model for pixel level object understanding. Our model attaches a
lightweight convolutional head to a frozen DINOv3 encoder and trains it to produce
low-dimensional (16-D), pixel-wise descriptors at full input resolution. The head
fuses multi-scale ViT features and progressively upsamples them, yielding compact
descriptors that can be used directly for dense matching. Supervision comes from
Normalized Object Coordinate Space (NOCS) annotations exploiting consistent
2D-3D mappings across frames. We optimize D?2DINO with a contrastive objective
and further distinguish between negatives on other objects or background and
negatives on the same object, down-weighting the latter to encourage intra-object
variation. We show that D2DINO yields higher point matching accuracy than raw
DINOv3 features with upscaled inputs, while requiring only a single forward pass
at the original image resolution and a much lower descriptor dimensionality.

1 Introduction

Learning dense, part-level object representations that are invariant within an object category and
robust to pose changes is crucial for generalizing robotic manipulation. Prior work [Florence et al.,
2018, Adrian et al., 2022, Graf et al., 2023] shows that pixel-wise descriptors, trained on RGB-D
videos with object masks or on augmented RGB images, enable generalizing grasps from a single
demonstration and automating bin-picking. These approaches employ Dense Object Nets (DON)
[Florence et al., 2018], a fully convolutional descriptor network that can generalize to novel instances
of a category as an emergent behavior.

In parallel, large-scale pretraining has produced Vision Foundation Models (VFMs) with strong
dense representation capabilities. Amir et al. [2022] and Zhang et al. [2023] show that intermediate
features of pre-trained self-supervised Vision Transformers (ViTs) [Caron et al., 2021] and Stable
Diffusion models [Rombach et al., 2022] are effective dense descriptors for semantic correspondence.
Yet recent analyses [El Banani et al., 2024, Sebeto et al., 2025] reveal that such features degrade
under large viewpoint changes and are not tuned to the fine-grained intra-category structure needed in
manipulation, where precise part-level geometry for a single category is more important than broad
semantics across many categories. This limitation is depicted in Fig. 1.

*Corresponding author, email address: sebeto@acin.tuwien.ac.at
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Source Image

Target - DZDING (DINO v3) Target - Raw DINOvI

Figure 1: Qualitative comparison of point matching for unseen cup instances from the HouseCat6D dataset
between D2DINO trained with a DINOv3 encoder and ‘raw’ DINOv3 features. In this example, D2DINO
is trained on objects of the cup category and then used to match a small set of query pixels (left image) to
their nearest neighbors in the dense descriptor space of the target image (center). Despite the two cups having
significantly different orientations with respect to the camera, D?DINO produces geometrically consistent
correspondences that land on the same semantic parts. In contrast, using ‘raw’ DINOv3 descriptors without
our descriptor head leads to clear mismatches (right). This illustrates how the DZDINO descriptor head adapts
foundation features to object pose and category-specific geometry, improving viewpoint-robust dense matching.

We argue that dense object descriptors can benefit from the semantics of VFMs while regaining pose
robustness via a 3D-aware training procedure in the spirit of Florence et al. [2018]. A key challenge
is computational: ViT features often have hundreds of channels (e.g., 384 for a small ViT backbone),
whereas DON-style descriptors are compact (e.g., 16 dimensions). This mismatch makes operations
like correlation volumes or nearest neighbor search expensive, since their cost scales linearly with
descriptor dimensionality, and can render “raw” foundation features impractical for dense matching
at the resolutions required for manipulation.

This motivates learning a dedicated descriptor head on top of VFMs that (i) preserves their seman-
tics, (ii) incorporates 3D-aware supervision for viewpoint robustness, and (iii) projects features
into a low-dimensional space suitable for efficient dense matching. Our goal is not to maintain
full cross-category generality, but to specialize foundation features into dense descriptors that are
category-focused, pose-aware, and amenable to downstream matching and control.

We therefore introduce Dense Descriptors from DINO (D?DINO) for pixel-level object understanding:
a descriptor prediction model that combines a DINOv3 encoder [Siméoni et al., 2025] with a
lightweight prediction head and a 3D-aware contrastive objective. D2DINO attaches a convolutional
head to a frozen DINOv3 backbone and predicts low-dimensional descriptors at full image resolution.
The head aggregates multi-scale ViT features, projects them to a lower dimension, and progressively
upsamples them, producing a 16-dimensional embedding that is L2-normalized and used for dense
matching within a category, trading cross-category generality for improved pose sensitivity and
efficiency.

Supervision comes from dense point correspondences derived from Normalized Object Coordinate
Space (NOCS) [Wang et al., 2019] annotations. Starting from a pose-estimation dataset [Jung et al.,
2024], we exploit consistent per-pixel 2D-3D mappings across frames to automatically generate
dense pixel correspondences between views. This provides many precise, viewpoint-varying positive
pairs without extra manual labeling and directly injects 3D awareness into the descriptor space.

Training uses a normalized temperature-scaled cross-entropy (NT-Xent) loss [Chen et al., 2020] that
pulls together matching descriptors while pushing apart two classes of negatives: (i) hard negatives,
non-corresponding pixels on the same object, which are visually similar and encourage intra-object
variation; and (ii) strong negatives, pixels on other objects or background. Hard negatives are
down-weighted to avoid collapsing all object pixels while still enforcing strong separation from
background and other objects.

We evaluate D?DINO against raw DINOv3 dense features at the original and at higher-resolution
inputs, at matched output resolutions. We further ablate our loss design and analyze its effect on
dense point-matching accuracy.
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2 Related Works

Dense Object Nets (DON) [Florence et al., 2018] introduced fully convolutional networks that
learn dense, category-specific descriptors from RGB-D videos with object masks, enabling
single-demonstration grasp transfer and related manipulation skills. Subsequent work improved train-
ing stability and efficiency, for example by streamlining data collection and adopting InfoNCE-style
objectives [Adrian et al., 2022], or by using NeRF-based supervision to obtain multi-view consistent
descriptors of photometrically challenging objects [Yen-Chen et al., 2022]. Other extensions replace
continuous RGB-D video with unordered image collections and heavy image augmentation, demon-
strating applications such as automated bin picking [Graf et al., 2023]. Further studies investigate
how to train descriptors that transfer from simulation to the real world [Cao et al., 2023].

A fundamental ingredient in these descriptor-learning methods is contrastive learning. We can
distinguish two broad families of loss functions used in this setting. The first, which we refer to as a
metric contrastive loss [Hadsell et al., 2006, Choy et al., 2016, Schmidt et al., 2016], aims to learn an
embedding space by explicitly pulling positive pairs together and enforcing a fixed minimum distance
between negatives. The second, probabilistic contrastive loss [Oord et al., 2018, Chen et al., 2020, Li
et al., 2023], minimizes a categorical cross-entropy over a softmax of similarities, encouraging the
model to correctly classify the positive example among a set of negatives.

Recent work increasingly leverages Vision Foundation Models (VFMs) such as DINOv2 and Stable
Diffusion for robotic applications. DINOBot [Di Palo and Johns, 2024] performs manipulation via
retrieval and alignment in a DINO-based embedding space. Robo-ABC [Ju et al., 2024] studies
affordance generalization beyond categories using pre-trained visual representations. DoDuo [Jiang
et al., 2024] learns dense visual correspondence exploiting in-the-wild video datasets and predicting
flow fields. AnyOKP [Qin et al., 2024] uses VFMs to guide one-shot, instance-aware keypoint
detection. These methods show that foundation features are powerful for semantic understanding
and correspondence, but they typically do not explicitly learn compact, category-focused dense
descriptors tailored to manipulation.

D2DINO combines DON-style dense, category-focused descriptors with the semantic strength of
DINOv3 [Siméoni et al., 2025] by attaching a lightweight head that produces low-dimensional (16-D)
pixel-wise embeddings at full image resolution. Unlike prior DON variants or VFM-based methods, it
uses 3D-aware, NOCS-derived supervision and a weighted InfoNCE objective to specialize foundation
features into compact, pose-aware descriptors suitable for efficient dense matching.

3 DZDINO: Dense Descriptors from DINO

D?DINO predicts dense object descriptors starting from a DINOv3 ViT [Siméoni et al., 2025]
encoder with the goal of learning a continuous pose aware representation of objects that can facilitate
manipulation. Its workflow is summarized in Fig. 2. In the remainder of this section we describe how
to obtain a pixel-wise pose-aware supervision signal, the architecture of the model and the loss used
to train it.

3.1 Pose-Aware Supervision Signal

A key requirement for D2DINO is a supervision signal that encodes how object surface points
correspond across views. Rather than supervising descriptors only in image space, we draw inspi-
ration from 6D pose estimation and use NOCS [Wang et al., 2019] as an intermediate, 3D-aware
representation. Normalized Object Coordinate Space (NOCS) represents each object by a canonical,
normalized 3D model, and encodes surface points on this model as RGB values with a one-to-one
correspondence between color and 3D coordinate. A per-pixel NOCS map for an image is then
obtained by rendering the canonical model into the camera frame using the ground-truth 6D pose
and recording the corresponding canonical 3D coordinate for each visible pixel on the object. Since
the same canonical model and encoding are used across frames, pixels that correspond to the same
physical surface point share the same NOCS coordinate in all views where that point is visible,
making NOCS a natural candidate for supervising pose-aware, category-level dense descriptors.

Given two frames that observe the same object, we exploit their NOCS maps to obtain dense,
viewpoint-consistent pixel correspondences. For a pixel (u,v) in a source image, we read its NOCS
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Figure 2: Overview of the D?DINO descriptor prediction head. Given an input RGB image of size H x W x 3,
we first extract 4 sets of intermediate token embeddings from a frozen DINOv3 transformer encoder, obtaining
a sequence of features that are reshaped and concatenated into a 2D feature map of size Hvw x Wi < Cagy,
where C g, is the channel dimension of the aggregated DINOv3 patch embeddings. This feature map is fed
to the D?DINO head, which consists of a linear projection layer that maps the backbone feature channels to
the D)-dimensional descriptor space followed by a stack of upsampling-and-refinement blocks producing dense
descriptors of size H x W x D used in our contrastive training objective. The figure shows PCA-colored
descriptors learned for “glass” objects (i.e., the 16-dimensional descriptors are projected to 3 dimensions via
Principal Component Analysis, normalized, and mapped directly to RGB color channels for visualization).

coordinate x € R® and search in the target image for pixels for which the NOCS coordinate is
equal (up to a small tolerance) to x. If such a pixel exists, we treat the two pixels as a positive
correspondence, since they are projections of the same canonical 3D point under different camera
poses. Repeating this procedure across frames in a sequence vields large numbers of positive pairs
that cover a wide range of viewpoints and occlusions. Pixels with valid NOCS in one view but no
match in the other are simply ignored for supervision. This correspondences sampling process is
shown in Fig. 3.

3.2 Dense Descriptors Prediction Head

Given an input image I € R#F*W>3 D2DINO first extracts a set of intermediate DINOv3 ViT
features at multiple layers and then maps them to a low-dimensional, pixel-wise descriptor field using
a lightweight convolutional head with learned upsampling.

Multi-scale ViT features. We use a DINOv3 ViT encoder with patch size p as backbone. For a
given image, the encoder produces a sequence of token embeddings at several transformer layers. We
select a set of L layers, specified by their indices, and reshape their spatial tokens into feature maps

{F(e) e RHVitXWWtXO | £ = 1) o L}) (1)

where Hy;; = [H/p] and Way, = [W/p] after rounding the input size to the closest multiple of p.
We ignore the class token and keep only patch tokens.

Features aggregation. To fuse information across layers, first the features F@ are concatenated
along the channel dimension:

Fup = Concat({FOVL ) e REw WG 0 = 1. C. (2)

We apply batch normalization and a 1 x 1 convelution to project this aggregated tensor into a
descriptor space of dimension 1):

Dlow = OOHVle(BN(Fagg)) = RHVRXWWXD' (3)

This vields a low-resolution dense descriptor map aligned with the ViT patch grid.
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Figure 3: Example of point correspondences sampled using NOCS maps. On the left the source image, on
the right the target image, each with its respective NOCS map below it. The NOCS map uniquely identifies
the position of a point in the image on the 3D model of the object in a way that does not depend on camera
orientations.

Learned upsampling head. To obtain descriptors at the original image resolution (H, W), we
use a shallow convolutional decoder with learned upsampling. In our final architecture, the decoder
consists of three repeated blocks, each comprising a 3 x 3 convolution, group normalization, GELU
nonlinearity, and a factor-2 spatial upsampling:

G®) = Upsample, (0 (GN(COIlVgxg,(G(k_l))))), k=1,23, @

with G(®) = D, o denoting GELU. The number of channels D is kept constant. A 3 x 3
convolution refines the feature map, and a final interpolation aligns the spatial size exactly with
(H,W):

Dfu = Interpy (COHV3X3(G(3))) e REXWXD, (5

Finally, we £5-normalize the descriptors along the channel dimension at each pixel,

- Diun(u, v)
D = 1 6
() = [Dau(u, )2’ ©)

obtaining unit-norm descriptors D € RE*WxD

contrastive loss and during dense matching.

that are directly comparable via dot products in the

3.3 Self-Supervised Contrastive Loss

We train D?DINO with a self-supervised contrastive objective that enforces high similarity between
descriptors of corresponding pixels across views while repelling non-corresponding pixels to prevent
representation collapse. For a given image pair, let D¢, D* € R¥*W*P denote the source and target
descriptor maps (unit-norm along the channel dimension). From the NOCS-derived correspondences,

we obtain a set of positive pixel pairs P = {(uf, uf) }iip"f To form negative pairs, we extract a set of

L . Ny . .
strong negatives in the target image Nygon = {V%} j—1 ", representing background or other objects.
To explicitly encourage intra-object variation ané prevent all parts of an object from converging to
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the same representation, we also sample a set of hard negatives Nyag = {W}, }kN:T from different
locations on the same object.

For each positive pair, we define the query q; = D*(uf) and positive key kj” = D*(u). We collect
all negative keys from the target image into a single matrix:

— strong strong hard hard 771 Ntrong +IVi D
K™ = [KI™, . Ky K KR ] € RVt i) 7
Tt
. .. . . ‘e - + _ q; k!
Using dot-product similarity with a temperature parameter 7, the positive logit is s;” = =~ and

X —3 T
the negative logits are s; = q—'(K?)— € R Nstrong+Noara |

Standard contrastive learning repels all negatives equally. However, treating pixels from the same
object (hard negatives) exactly like background pixels is overly aggressive and can disrupt part-level
semantics. Therefore, we use a soft-weighted variant of the normalized temperature-scaled cross-
entropy (NT-Xent) loss inspired by Li et al. [2023]. We assign a scalar weight wy,, € (0, 1] to each
negative key: w,, = 1 for strong negatives, and a reduced weight w,, = a € (0, 1) for hard negatives.
These weights scale the contribution of each negative inside the softmax denominator:

exp(s;)
exp(sy) + 2, wm exp(s; )

Intuitively, this strategy pushes background pixels far away from the anchor while keeping different
points on the same object moderately separated. It avoids a trivial collapse but applies a weaker
penalty than for truly distinct regions. The final contrastive loss for an image pair is obtained by
averaging Ly Nrxent(Q;) Over all positive correspondences in that pair.

LuNTXent(qi) = — log (8)

4 Experimental Evaluation

We evaluate D2DINO on point matching under viewpoint and instance variation. The goal is to
quantify whether the proposed descriptor head and weighted NT-Xent loss yield more reliable pixel-
level matches than directly using foundation-model features, and to isolate the contribution of each
loss component by evaluating targeted ablations.

4.1 Experimental Setup

Evaluation Metric We report matching accuracy as PCK@0.10, used consistently for validation
during training and test evaluation. For each source keypoint, we extract its descriptor and find its
nearest neighbor over all target-image pixels in descriptor space using cosine similarity. Let t{ be the
predicted target location and u! the ground-truth target location for correspondence 7; the pixel error
is e; = |[i¥ — uf||2. A match is counted as correct when

€ < T, 7 = 0.10 - max(hbbox , Whbox ) &)

where hpbox and wphox are the height and width of the target object bounding box. PCK@O0.10 is the
percentage of correspondences satisfying this condition.

Dataset and correspondence pair construction. We use HouseCat6D [Jung et al., 2024] and
focus on four object categories: cup, glass, shoe, and teapot. We use the official train, validation and
test scenes split from the dataset, noting that the validation and test scenes depict different objects
than those in the training set. For each category-specific run, we filter scenes by category and build
supervision pairs from NOCS-consistent correspondences as described in Section 3.1. For training,
we sample up to 1000 positive correspondences and 200 strong negatives per pair, plus 50 hard
negatives.

Training protocol. All models are trained with a D2DINO architecture using a frozen DINOv3-
small encoder and a convolutional upsampling head that predicts 16-dimensional descriptors at full
image resolution. From DINOv3 we use the token embeddings of L = 4 intermediate layers, with
indices {8,9,10,11}. The optimizer is AdamW with constant learning rate 2 x 10~3, batch size 8,
15 epochs, and early stopping patience of 3 epochs based on PCK@0.10 validation performance. We
sample 5% of available training scenes’ images with a background randomization probability of 50%
as augmentation. We use a constant weight oo = 0.1 for hard negatives.
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Table 1: PCK@0.10 for different descriptor extraction methods and loss functions on four object categories.

Object categories

Method Loss Cup Glass Shoe Teapot
DINOv3 - 42,57 39.62 6547 59.12
DINOv3 w/ x1.5 upsampling — 49.58 41.87 68.71 63.35
D2DINO NT-Xent w/ soft hard negs. 52.31 6034 70.26 78.26
D2DINO DON loss w/ soft hard negs. 4488 57.05 5988 71.27
D2DINO NT-Xent w/ strong negs. only 4543 56.70 64.10 63.65

Baselines and ablations. 'We compare against raw DINOv3 dense features extracted without our
prediction head in two settings: (i) original image input resolution and (ii) upsampled input (1.5x).
This comparison is justified because DINOv3 is optimized for higher-resolution inputs. Furthermore,
our focus is on dense object matching; since the target object may occupy only a small portion of
the overall image, upscaling the input allows the model to capture finer details and brings expected
benefits to matching performance. The specific choice of a 1.5x upsampling factor is motivated by
the observation that further increases do not yield additional benefits. However, this performance
gain comes at a steep computational cost, because vision transformers have quadratic computation
complexity to input image size [Liu et al., 2021].

To analyze the learning objective, we run two ablations starting from the same base configuration: (1)
replacing weighted NT-Xent with the Dense Object Nets [Florence et al., 2018] metric contrastive
loss, and (2) removing hard negatives sampling. This isolates the effect of the loss function family
and of the proposed hard negative treatment.

4.2 Results

We present test results in Table 1. D?DINO descriptors substantially outperform even the upsampled
DINOV3 baseline with 1.5x upsampling across all four object categories, with gains of 2.7 points
on cups, 18.5 points on glasses, 1.6 points on shoes, and 14.9 points on teapots (PCK@0.10). The
strongest improvements appear on teapots and glasses—categories with highly varied shapes in the
training set, with glasses posing the added challenge of transparent surfaces. The D?DINO prediction
head effectively captures this intra-category variance, generalizing successfully to novel test instances.

The loss ablation reveals complementary roles for each component. The DON loss [Florence
et al., 2018]—a pairwise margin loss with fixed distance thresholds—struggles to capture nuanced
intra-object variations, whereas our softmax-based NT-Xent provides a more flexible similarity
scale. Crucially, omitting hard-negative sampling entirely causes descriptor collapse. Without same-
object negatives, the model only learns to separate the target object from the background, merging
distinct object parts into a uniform representation. Introducing soft-weighted hard negatives prevents
this collapse, explicitly enforcing the intra-object variation necessary for fine-grained, part-level
discriminability.

Importantly, the test evaluation succeeds on novel objects within each category. This emergent
generalization—from instance-level to category-level dense matching—demonstrates that D2DINO
learns pose-robust part representations transferable across instances.

Qualitative PCA visualization in Section 5 further illustrates this for glasses: D?DINO descriptors
form tight, semantically coherent clusters for corresponding parts across images with multiple novel
instances (different poses, partial occlusions).

We measured the computation of D?DINO descriptors to have a 2.8 x speedup on average per image
pair against using DINOv3 with 1.5x upsampling.

Together, these results show that DZDINO’s descriptor head effectively specializes foundation features
for category-level dense correspondence, gaining pose and photometric robustness while remaining
computationally efficient compared to high-dimensional raw features.

227



(b)

Figure 4: PCA visualization of dense descriptors learned using DZDINO for the glass object category computed
on images depicting instances not seen during training. This example shows the emergent generalization
capabilities of D2DINO for a challenging class such as glasses with diverse geometries and transparent surfaces.

5 Conclusions

We introduced D?DINO, a lightweight descriptor prediction head that specializes frozen DINO
foundation features into compact, category-level dense descriptors optimized for robotic manipulation.
By combining multi-scale ViT feature fusion with a 3D-aware contrastive objective using NOCS-
derived correspondences, D?DINO achieves superior point matching accuracy compared to raw
DINOv3 features—even with input upsampling—on geometrically diverse and photometrically
challenging objects like teapots and transparent glasses.

Key insights from our analysis include: (1) introducing soft-weighted hard negatives to the NT-
Xent loss prevents descriptor collapse while encouraging part-level discriminability; (2) training on
instance-level correspondences emergently generalizes to novel objects within the same category;
and (3) the low-dimensional output (16D vs 384D) yields substantial computational gains suitable for
real-time dense matching.

D?DINO demonstrates that distilling the rich semantics of foundation models through category-
focused, pose-aware supervision produces descriptors that are both more accurate and more efficient
than higher-dimensional raw features. This approach bridges traditional Dense Object Nets with
modern Vision Foundation Models, enabling pixel-level object understanding that generalizes across
instances and viewpoints for robotic perception and control. Future work will explore scaling the
training using synthetically rendered images and multi-object training.
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Overcoming Nature: Perception for Autonomous
Navigation in Dense Vegetation

Lukas Wimmer; Andre Koczka, Uros Petrovic, and Gerald Steinbauer—\?\f’agneri

Abstract

Autonomous navigation in densely vegetated off-road environments remains chal-
lenging because conventional geometric perception often treats traversable vege-
tation as non-traversable obstacles. In this work, we present a modular seman-
tic—geometric perception pipeline for vegetation-aware navigation. The approach
combines camera-based semantic data with LiDAR to generate a local grid map
containing geometric and semantic information. A subsequent filtering stage uses
this representation to correct vegetation-induced artifacts in standard elevation
maps while preserving rigid obstacles for navigation. The system is designed to be
portable across multiple robot platforms and sensor configurations. The pipeline
was evaluated in challenging alpine off-road environments on three robot plat-
forms, indicating improved distinction between traversable vegetation and solid
obstacles and supporting more reliable navigation in dense natural environments.

1 Introduction and Motivation

Perception and terrain modeling for navigation in challenging, unstructured environments have seen
significant progress in recent years (I; 2; 3). However, navigation in densely vegetated off-road
environments remains particularly difficult. Forest trails, alpine terrain, and overgrown vegetation
contain a mixture of objects such as trees, rocks, bushes, and tall grass. While some of these objects
must be avoided, others are physically traversable, creating a fundamental ambiguity for perception
systems. Conventional geometric terrain representations, such as elevation maps, often fail in these
settings because vegetation can appear as non-traversable structure, leading to overly conservative
planning behavior. At the same time, semantic segmentation has become an important tool for
scene understanding in robotics. Convolutional architectures such as U-Net (4) and DeepLabV3
(5), adaptive multimodal models such as AdapNet (6), and transformer-based architectures such as
Mask2Former (7) have significantly improved semantic perception in outdoor environments. Their
practical usefulness depends strongly on suitable training data, with datasets such as Freiburg Forest
(8), RUGD (9), and WildScenes (10) providing increasingly relevant benchmarks for natural off-
road scenes. In parallel, learning-based traversability approaches such as TerraPN (11) and the
uncertainty-aware method of Lee et al. (3) have shown that combining semantics and geometry can
improve off-road navigation. However, these methods often require large training datasets, complex
learning pipelines, or terrain-specific motion models.

In this work, we pursue a hybrid alternative that does not learn traversability directly. Instead, se-
mantic information obtained from image segmentation is fused with LiDAR-based terrain geometry
to explicitly refine a local map representation. The key idea is a sector-based semantic grid represen-
tation with dedicated Ground, Obstacle, and Sky layers, which is then merged with a conventional
elevation map. This allows traversable vegetation to be treated as passable terrain while preserving
rigid objects such as rocks or tree trunks as obstacles. An overview of the pipeline is shown in
Figure 1. The contributions of this work are the following: First, we present a sector-based semantic
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Figure 1: Performance Overview of the System. The green boxes in the modules are the execution
times. The yellow boxes represent the execution period.

grid mapping method for vegetation-aware perception in dense natural environments. Second, we
introduce a probabilistic fusion scheme for semantic classes and obstacle occupancy. Third, we pro-
pose a map-merging strategy that corrects vegetation-induced roughness and overhanging-branch
artifacts in standard elevation maps. The resulting system is evaluated on three robot platforms in
challenging alpine off-road environments, demonstrating practical feasibility across different sensor
configurations.

; ¥ sition Vision RTK 2
Livos MID 360 ositien Visios.

Figure 2: Warthog (left), Mercator (middle) and Artus®*(right) and their sensor setup shown on the
mountain in the Seetaler Alps.

2 Methodology

The proposed system combines camera-based semantic perception with LiDAR-based terrain map-
ping to construct a semantically informed local map for vegetation-aware off-road navigation. The
pipeline consists of four main steps: semantic image processing and image—-LiDAR fusion, ground
elevation estimation, semantic grid mapping, and final elevation-map correction.

First, RGB images are processed by a semantic segmentation model to obtain pixel-wise class pre-
dictions and confidence estimates. These semantic predictions are associated with LIDAR measure-
ments by transforming each LiDAR point from the LiDAR frame into the camera frame. Points
outside the camera field of view are discarded using angular constraints in the camera frame, and the
remaining points are projected into the image plane using the intrinsics of the camera. Each valid 3D
point is then assigned the semantic class and confidence value of the corresponding image pixel, pro-
ducing a semantic point cloud. To reason about objects relative to the terrain, a robot-centered grid
map is maintained. The raw LiDAR point cloud is first used to estimate a ground elevation layer. For
each grid cell, the ground height is updated using the minimum-height rule 2+ = min(h—, h(q)),
where A~ is the previous height estimate, g is a LIDAR point falling into the cell, and h(q) is the
height of that point in the map frame. The resulting elevation layer is smoothed and used as the
reference surface for a height-based sector decomposition. Using the smoothed ground estimate, the
space above the terrain is divided into three sectors: Ground, Obstacle, and Sky. Points between
the ground elevation and the obstacle threshold are assigned to the Ground sector, points between
the obstacle threshold and the robot height are assigned to the Obstacle sector, and points above
the robot height are assigned to the Sky sector. Semantic observations from the fused point cloud
are accumulated in the Ground and Obstacle sectors to estimate class labels for each grid cell. Let
n.(i,7) denote the number of hits of class c in cell (3, j), and let C be the set of semantic classes.

4 Artus robotic platform — CharismaTec og. https://charismatec.at/en/projects/
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Scenario 1  Scenario 2

Cell Resolution [m] 01 01 Koute Platform _ Safety Inter ions | Functional Interventions |
Total Area [m?] 187 225 Route 1 Yy rthog 0 0
Ground Truth Traversable [m?] 115.55 137.26 Route 2 Mercator 0 [
Total Detected Obstacles [m?] 25.83 8.55 n’ﬂﬂms g g
7 2 [ercator
Intersecting Obstacles | [m?] 5.92 1.83 Route 3 Warthog 0 0

Intersecting | [%] 2292 214

Table 2: Manual interventions during the au-

Table 1: Results of the obstacle precision el .
tonomous navigation evaluation across all routes.

evaluation.

The total number of hits in the cell is defined as N(z, j) = .. nc(7, 7). The probability that cell
(7, 7) belongs to class c is computed as p; j(c) = “ﬁ(%%

To improve robustness against noisy single-frame predictions, these class estimates are fused over
time using a log-odds representation, L¢(z,j,¢) = L¢_1(2,7,¢) + L(pij(c)), where L(p) =

log(l%p). In parallel, raw LiDAR measurements are used to update probabilistic obstacle and

sky layers. The obstacle layer combines geometric measurements with the semantic obstacle class
layer to determine whether a cell contains a rigid obstacle, while the sky layer captures structures
above the robot height such as overhanging vegetation. The obstacle occupancy update is formulated
as L4(i,7) = Le-1(3,7) + L(prit(2, 7)) + L(pmiss(i, 7)), where ppie and pp;es are the probabil-
ities associated with obstacle hits and misses, respectively, similarly to the approach in the book
in the book Probabilistic Robotics (12). Finally, the semantic grid representation is merged with a
conventional elevation map. Traversable ground classes are used to replace vegetation-induced dis-
turbances with the smoothed ground estimate, while the sky layer allows correction of elevated cells
caused by overhanging branches or foliage. The resulting local map is therefore both geometrically
consistent and semantically aware, allowing the navigation stack to treat traversable vegetation as
passable terrain while preserving rigid obstacles as non-traversable.

3 Implementation

The system is implemented as a modular ROS 2 perception pipeline running on Ubuntu 22.04.
Semantic segmentation is performed using pretrained models, while the geometric mapping stages
operate on a robot-centered rolling grid map that stores terrain height, semantic ground and obstacle
classes, and probabilistic obstacle and sky layers. In the final experiments, Mask2Former with a
Swin-L backbone was used due to its strong segmentation performance, while the full system was
profiled offline using ROS 2 bagfiles before field deployment. The average CPU utilization was
measured using the pidstat command from the Linux sysstat package. Figure 1 shows the timing of
each component. The merged elevation map can be published at 1 Hz in the worst case, which is
sufficient for local off-road navigation at around 1-1.5 m/s.

4 Experimental Setup and Results

The proposed perception pipeline is evaluated at both the component level and the system level. The
evaluation is divided into three parts: obstacle precision assessment, merged map quality assess-
ment, and fully autonomous navigation. The experiments were conducted in representative alpine
and forest environments containing dense vegetation, uneven terrain, steep slopes, and overhanging
branches. The system was deployed on three robotic platforms with different sensor setup. Warthog
shown in Figure 2 left, was equipped with multiple LiDARs, including Ouster OS1 units and a
front-mounted Livox MID-360, together with a Luxonis OAK-D LR camera and an Intel Core i7-
13700HX PC with 64 GB RAM and an NVIDIA GeForce RTX 4070 Mobile. Mercator, shown in
Figure 2 middle, used a Stereolabs ZED camera, two Hesai Pandar XT-32 LiDARs, and an AMD
Ryzen 9 3900X PC with 64 GB RAM and an NVIDIA GeForce RTX 2070 SUPER Evo. Artus,
shown in Figure 2 right, used a Luxonis Oak-D Pro camera, two Livox MID-360 LiDARs, and an
Intel Core i7-13700HX PC with 64 GB RAM and an NVIDIA GeForce RTX 4070 Mobile. All
platforms used Fixposition GNSS with RTK correction.

For the component-level evaluation, the obstacle precision and merged-map assessments were per-
formed using teleoperated runs and recorded sensor data. In the obstacle precision evaluation, the
robot footprint projected onto the grid map was used as a proxy for traversable ground truth. The
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Figure 3: Pre-recorded Way- Figure 4: Merged Map Evalu- Figure 5: Evaluation Visualiza-
points:  (left) shows Route 1 ation: (left) shows the Masked tion Map. Blue: traversable
through a forest road; (right) Slope of the standard Elevation area covered by the robot. Red:
shows the two alpine paths. The Map; (right) shows the Masked obstacles. Purple: Intersection
first one in red (Route 2) is a Slope of the Merged Map; Black between the obstacles and the
steep hiking path. The second regions in the Slope Masks rep- robot. B, C, and F show true
one in blue (Route 3) leads uphill resent a slope greater than 45°. obstacles. A and D show in-
through a less overgrown area. The robot’s footprint is marked tersections due to overhanging
in green. branches. G is a false positive.

results are shown in Table 1. In Scenario 1, the system detected 25.83 m? of obstacles, with 5.92 m?
intersecting traversable terrain, corresponding to 22.92%. In Scenario 2, the detected obstacle area
was 8.55m?, with 1.83m? intersecting the traversable region, corresponding to 21.4%. These re-
sults indicate that the system detects relevant obstacles while keeping the overlap with traversable
regions moderate in both scenarios. Scenario 1 is shown in Figure 5 as an example. The merged-map
evaluation compares the standard elevation map with the semantically corrected map by counting
cells with slope greater than 45° inside the traversed region. The number of such cells in the merged
map is reduced to approximately one tenth of the corresponding number in the standard elevation
map. This shows that the proposed semantic correction strongly reduces vegetation-induced arti-
facts while preserving the underlying terrain structure for planning. This is shown in Figure 4. For
the autonomous evaluation, three predefined off-road routes were represented by GPS waypoints.
Figure 3 shows the recorded routes. Route 1 was chosen to test transitions from normal roads into
dense and narrow forest, Route 2 to test steep terrain with overhanging branches, and Route 3 to test
disambiguation between grass, bushes, and small trees in more open terrain. Route 1 was evaluated
with Artus and Warthog, while Routes 2 and 3 were evaluated with Mercator and Warthog. The main
metric was the number of manual interventions, separated into safety and functional interventions.
Table 2 shows the results of all routes. On Route 1, both Artus and Warthog was able to pass the
narrow and densely vegetated forest, which was considered the hardest part of the route. Warthog
completed the route without interventions, while Artus required two safety-related slowdowns due
to its narrow footprint and high center of gravity. Using well-tuned classical elevation mapping,
passing the narrow parts of this route was not possible at all. On Route 2, Warthog again completed
the route without interventions, while Mercator required six functional interventions, two of them
caused by branches that were still within robot height and therefore could not be cleared by the grid
merger. On Route 3, Warthog completed the route without interventions, while Mercator required
two functional interventions, mainly due to the combination of small and hard-to-segment vegeta-
tion and limited turning capability. Overall, the results show that the proposed semantic—geometric
representation improves navigation in dense vegetation compared with conventional elevation-only
mapping, while the main remaining limitations occur in edge cases.

5 Conclusion and Future Work

This work presented a sector-based semantic grid representation and map-merging strategy for au-
tonomous navigation in densely vegetated off-road environments. By combining LiDAR-based ele-
vation mapping with semantic information from image segmentation, the proposed system improves
the distinction between traversable vegetation and rigid obstacles while reducing vegetation-induced
artifacts in standard elevation maps. Field experiments on three robot platforms indicate that this
semantic-geometric representation supports more reliable navigation in dense natural terrain com-
pared to conventional elevation mapping. Future work will focus on reducing system overhead,
improving obstacle modeling for more nuanced traversability cases, making ground-elevation es-
timation more robust under ambiguous visibility conditions, and integrating synchronized RGB-D
sensing for tighter alignment between geometry and semantics.
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Abstract

Spiking Neural Networks (SNNs) offer an energy efficient alternative to conven-
tional Artificial Neural Networks (ANNs) but typically still require a large number
of parameters. This work evaluates Linearized Bregman Iterations (LBI) as an opti-
mizer for training SNNGs, utilizing the algorithm’s ability to enforce sparsity through
iterative minimization of the Bregman distance and proximal soft thresholding
updates. To improve convergence and generalization, we employ the AdaBreg
optimizer, a momentum and bias corrected Bregman variant of Adam. Experiments
on three established neuromorphic benchmarks, i.e. the Spiking Heidelberg Digits
(SHD), the Spiking Speech Commands (SSC), and the Permuted Sequential MNIST
(PSMNIST) datasets, show that LBI based optimization reduces the number of
active parameters by about 50% while maintaining accuracy comparable to models
trained with the Adam optimizer, demonstrating the potential of convex sparsity
inducing methods for efficient neuromorphic learning.

1 Introduction

Sparsity in neural networks is an important and ongoing research field Hoefler et al. [2021]. In
most neural network architectures sparsity refers to the weight matrices of the model being sparsely
populated. This has the effect of sparsifying connections of the network (i.e. a connection with
weight 0 is disconnected). For classical GPU implementations, however, having sparse weights can
sometimes actually lead to increased computational overhead due to memory organization problems
and unbalanced workloads Zaharia et al. [2020]. In contrast, for edge Al implementations where
network structures are directly mapped to hardware, e.g. as in Windhager et al. [2025], the benefits
are considerably higher as the sparsity of weights can be utilized and exploited more easily.

Training machine learning to produce sparse weight matrices is in essence a sparse optimization
problem. In practice, sparsity is often achieved through heuristic approaches such as pruning Hoefler
et al. [2021], even though there exist mathematically founded algorithms that can provably converge
to sparse optimal solutions. A number of these algorithms is based on so-called linearized Bregman
iterations, which have also been proposed for sparse estimation Osher et al. [2005], Yin et al. [2008]
using concepts similar to Douglas—Rachford splitting Combettes and Eckstein [1992]. Their efficiency

*double affiliation with Institute of Signal Processing, Johannes Kepler University Linz

The Third Austrian Symposium on Al, Robotics, and Vision (AIROV26).

237



and stability for sparse estimation have been demonstrated repeatedly Hu and Chklovskii [2014],
Gebhard et al. [2018], and more recent work has shown their suitability for training sparse deep
neural networks, in many cases outperforming heuristic solutions Bungert et al. [2022].

In this work, we investigate how linearized-Bregman-based sparse learning performs for spiking
neural networks. Specifically, we evaluate both feedforward and recurrent SNN architectures on
established neuromorphic benchmarks and analyze how the regularization parameter A influences
sparsity and model accuracy.

2 Linearized Bregman Iterations

Sparse optimization problems often include a regularization term J(8) based on the £;-norm to
promote sparsity. However, the non-smoothness of the £;-norm causes standard gradient-based
optimization to fail in regions where the gradient is undefined. A key property that enables a well-
behaved optimization framework in such cases is the convexity of the regularization function J. For
convex but possibly non-smooth functions, the concept of a gradient is replaced by a sub-differential,
which generalizes differentiation to non-smooth settings. Sub-differentials, however, can not directly
be used in steepest-decent like algorithms as they require a defined gradient at each step.

To handle such cases, Bregman iterations iteratively minimize the Bregman distance Bregman [1967]

Dj(z,y) = J(z) = J(y) = (VJ(¥),z — ),
rather than minimizing the composite cost function directly. In this formulation, V J(y) represents
an element of the sub-differential of J at point y, denoted 8.J(y). For convex J, the sub-differential
dJ(y) is a non-empty, convex set that captures all possible slopes of local supporting hyperplanes
to J at y. For example, when J(z) = |z|, the sub-differential at z = 0 is the interval [—1,1].
This interpretation allows the Bregman distance to generalize classical gradient-based methods
to convex but non-differentiable regularizers, enabling optimization for the #;-norm and similar
sparsity-promoting terms.

Because the resulting subproblems rarely admit closed-form solutions for sparse regularizers Yin et al.
[2008], the Linearized Bregman Iteration (LBI) method provides an efficient linearized approximation.
LBI introduces auxiliary “shadow” variables v corresponding to the model parameters 8. At iteration
t, the updates can be expressed as

v = v® 4, VL(6W, B), glt+1) — proxJ(v(H'l}),

where 1+ denotes the step size and prox ; represents the proximal operator associated with the convex
regularization term .J.

For the commonly used sparse regularizer J(8) = A||@||1, the proximal operator corresponds to the
elementwise soft-thresholding function,

prox gy, (6:) = sign(6;) max(0, |6;] — A), )
which suppresses small weight values and drives many parameters exactly to zero, thereby yielding

sparse network representations.

This mechanism makes LBI particularly well suited for training models such as Spiking Neural
Networks, where convex sparse regularization aligns well with the need for energy-efficient, low-
parameter inference on neuromorphic hardware.

2.1 AdaBreg Optimization

While classical Linearized Bregman Iterations provide an effective framework for promoting sparsity,
their convergence can be slow when applied to large-scale neural network training. To improve
adaptation and generalization, we adopt the AdaBreg optimizer introduced by Bungert et al. [2022],
which extends the Bregman iteration concept by incorporating adaptive moment estimation in analogy
to the Adam optimizer Kingma and Ba [2017].

AdaBreg inherits the shadow-variable formulation of the linearized Bregman framework while
maintaining separate exponential moving averages of the first and second moments of the gradient.

238



Let m; and s; denote the biased estimates of the mean and variance of the stochastic gradient
VL(6,, B) at iteration ¢. For ¢ = 0, both m; and s; may be set to 0 and 0 respectively. The update
rules can then be summarized as

m¢ 1 = fimg + (1 — $1)VL(6,, B),
Ser1 = Base + (1— B2)(VL(6,, B))?,

myyq
Vi1 = Ve + h—e——,
St41 + €

Ocy1 = proxygy, (Ve+1),

where ;2 denotes the learning rate, i, and S;, 1 represent bias-corrected moment estimates, and €
is a small numerical constant for stability.

In practice, the optimizer can be seamlessly integrated into existing deep learning frameworks such
as PyTorch by substituting the Adam optimizer with its AdaBreg counterpart, requiring no structural
changes to the network implementation.

3 Results

3.1 Setup and configurations

All of the results presented in this work were obtained by training the networks using the AdaBreg
algorithm introduced by Bungert et al. [2022], which is a Bregman version of the Adam algorithm
Kingma and Ba [2017] that includes momentum and a bias correction term. AdaBreg combines the
adaptive moment estimation of Adam with the sparsity inducing properties of Linearized Bregman
Iterations, enabling direct integration of convex regularization into the optimization process. The
reason for choosing AdaBreg over the standard linearized Bregman iteration based algorithm with
momentum (LinBreg) is the better performance and generalization capability as reported by the
original authors. Unless otherwise stated, the same sets of hyperparameters and initialization
conditions were used across all experiments for comparability.

For the datasets, three of the most common datasets among the neuromorphic community were chosen,
namely Spiking Heidelberg Digits (SHD), Spiking Speech Commands (SSC) and the Permuted
Sequential MNIST (PSMNIST) dataset, along with the neuron network models presented by Queant
et al. [2025], who at the time of writing hold the record for the top performing SNN on the SSC
dataset. These datasets jointly cover a broad range of temporal complexities, from short event based
auditory signals (SHD) to long sequential patterns (PSMNIST), providing a balanced testbed for
evaluating sparsity effects across different task domains.

Table 1: Number of neurons and layers of the networks used for evaluations of Linearized
Bregman iterations on the SHD, SSC and PSMNIST datasets.

Dataset Inputs Hidden Layer | Hidden Layer 2 Hidden Layer 3  Outputs

SHD 1408 256 2561 - 20
SSC 1408 2561 2561 2561 35%
PSMNIST 1 64 212f 212f 104

§ Inputs are reduced from the original 700 inputs, by binning with a factor of 5.
t Recurrent layer with axonal delays in the recurrent path.
i Outputs from last linear layer are used directly, without LIF activation.

The networks chosen for the datasets consist of either three or four layers with different feature sizes
and configurations. All networks use the Leaky Integrate and Fire (LIF) neuron model. For the
SHD dataset, the first and last layers of the network are simple feedforward SNN layers without any
delay, while the middle layer is a recurrent layer with learned axonal delays in the recurrent path.
The networks for the SSC and PSMNIST datasets each consist of three recurrent SNN layers with
learned axonal delays in their recurrent paths, followed by a final linear layer without LIF activation.
A simplified overview of the networks can be seen in Tab. 1, while further architectural details,
including delay learning mechanisms can be found in Queant et al. [2025].
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3.2 Performance with learning rate schedulers

The loss on the validation sets can be seen in Fig. 1, with the different colored curves indicating various
values for the parameter A, which controls the sparsity of the solution. These results indicate that
larger A values also introduce a beneficial regularization effect, leading to faster initial convergence
and smoother loss trajectories at the early stages of training. This behavior is consistent across
datasets and highlights the dual role of A as both a sparsity and regularization parameter.

LBI seems to be more sensitive to higher learning rates, especially when used in conjunction with
learning rate schedulers, which might be caused by the inherent stagnation phases that occur during
training with Linearized Bregman iterations. In fact, choosing a high enough learning rate, paired
with large values of the sparsity controlling parameter A, causes the training to diverge after a few
epochs. The onset of this divergent behaviour can be seen in Fig. 1b for A = 10, which is due to A
being slightly too high for the chosen learning rate.
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(a) Loss curve for SHD dataset, when trained with the (b) Loss curve for SSC dataset, when trained with the

OneCycleLR scheduler from PyTorch for 150 epochs, OneCycleLR scheduler from PyTorch for 100 epochs,

with an initial learning rate of 5 - 1073, with an initial learning rate of 1 - 10~3. Onset of diver-
gent behaviour can be seen for A = 10.
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(c) Loss curve for PSMNIST dataset, when trained
with the OneCycleLR scheduler from PyTorch for 200
epochs, with an initial learning rate of 1 - 1073,

Figure 1: Loss curves for the training on SHD, SSC and PSMNIST dataset with different values for
A. All curves were averaged over three separate training runs with different seeds.

The goal of Linearized Bregman training is to produce highly sparse weight matrices, i.e. containing
a large fraction of zero entries. As can be seen in Fig. 2, the number of non-zero parameters across
the entire network does indeed decrease monotonically as training progresses. Much like the loss
curves, the sparsity level increases rapidly during early training epochs before reaching a plateau, a
behavior characteristic of Bregman iterations which preferentially eliminate less important features
in the initial optimization phases.
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Figure 2: Number of non-zero values in networks for SHD, SSC and PSMNIST datasets during the
training process plotted as a function of current epoch for different A values. Results represent the
mean across three independent training runs.

Since the parameter A clearly influences both the best achieved accuracy and the achieved sparsity of
the network, a natural question is the optimal selection of A. Fig. 3 shows the best validation accuracy
achieved across multiple training runs for all three datasets, plotted as a function of the chosen A
value. These results indicate that the choice of A must be made depending on the learning rate and
the chosen dataset. For SHD and SSC a slightly higher value of A is beneficial, while it results in
worse performance for the PSMNIST dataset.

3.3 Performance without learning rate schedulers

Since learning rate schedulers impact the training process and can even cause training divergence
when coupled with a high enough learning rate, the previous experiments were repeated without any
learning rate scheduling during the training. The resulting loss curves can be seen in Fig. 4.

From the subfigures in Fig. 4 it is apparent that the achieved accuracy is largely unaffected by the
presence or absence of learning rate schedulers, further substantiating the hypothesis that the initial
divergent behaviour was due to a too high learning rate. Furthermore, the number of non-zero weights
in the network, i.e., the sparsity level, also remained largely unaffected by the presence or absence of
schedulers. These sparsity curves are therefore omitted here for conciseness, as they closely mirror
those shown in Fig. 2.

The achieved best validation accuracy across all datasets without learning rate scheduling, plotted
as a function of the chosen A value, can be seen in Fig. 5. These results demonstrate that without
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Figure 4: Loss curves for the training on SHD, SSC and PSMNIST dataset with different values for
A. All curves represent means over three independent training runs with different random seeds.
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learning rate scheduling, a higher value of A may be chosen sometimes (see results for PSMNIST
in Fig. 3), thus potentially increasing regularization and performance on unseen data, although the
effect seems comparatively small when comparing the performance on the test sets.
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Figure 5: Peak validation accuracy without learning rate scheduling across SHD, SSC, and PSMNIST
datasets versus regularization parameter A\, averaged over multiple training runs.

4 Performance compared to training with Adam

The baseline models from Queant et al. [2025] were trained using the well-known Adam optimizer
Kingma and Ba [2017]. A direct comparison of test set performance between their results and
ours is provided in Tab. 2. This comparison reveals that Linearized Bregman iterations (AdaBreg)
achieve accuracies within 0.5-1.5% of the Adam baseline across all three datasets, despite limited
hyperparameter tuning. When combined with the observed ~ 50% reduction in active parameters (cf.
Fig. 2), this performance gap appears acceptable for sparsity-constrained neuromorphic applications.

Table 2: Test set accuracy comparison. Baseline results from Queant et al. [2025] (Adam optimizer)
versus AdaBreg results with and without learning rate scheduling across SHD, SSC, and PSMNIST
datasets.

Dataset SHD SSC PSMNIST
Queant et al. [2025] 93.39% 82.58% 96.21%
Ours 92.98% 81.86% 95.59%

Ours (no LR scheduling) 92.28%  80.67% 95.11%

5 Conclusion

This work demonstrates the practical viability of Linearized Bregman Iterations (LBI) as an optimizer
for Spiking Neural Networks (SNNs). Across three established neuromorphic benchmarks (SHD,
SSC, PSMNIST), LBI-based training (AdaBreg) achieves competitive accuracy within 0.5-1.5% of
Adam baselines while reducing the number of active parameters by approximately 50%.

Further performance gains appear achievable through systematic hyperparameter optimization. No-
tably, LBI integrates seamlessly into existing PyTorch workflows—requiring only a one-line optimizer
replacement (Adam — AdaBreg)—dramatically lowering the adoption barrier for sparsity-aware
SNN training.

These findings highlight a critical hardware-software co-design opportunity: while sparse SNN
training is now readily accessible, neuromorphic hardware must evolve to fully exploit this parameter
efficiency for energy-constrained edge deployments.
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Abstract

Spiking neural networks (SNNs) have emerged as a biologically plausible compu-
tational paradigm with strong links to real-world brain dynamics. Recently, interest
has grown in parallelizable State Space Model (SSM)-inspired architectures, which
offer improved scalability compared to recurrent networks. While effective at scale,
these models represent a step away from biological realism. In particular, the
impact of removing recurrent connections and membrane nonlinearities on the
temporal processing capabilities of SNNs remains largely unexplored. In this
work, we investigate the impact of these changes to the network dynamics on the
temporal processing capabilities of SNNs with a focus on recurrent connectivity.
To this end, a suite of sequential tasks was used to systematically compare paral-
lelizable SSM-style networks with recurrent SNNs. The results demonstrate that
while parallelizable models perform well on tasks with simple or weak temporal
dependencies, they struggle to maintain persistent internal state when complex,
state-dependent computation is required. In contrast, recurrent architectures exhibit
superior memory retention and robustness under these conditions. These findings
suggest fundamental limitations of parallelizable SSM-style approaches for se-
quence tasks that rely on long-term internal memory, highlighting the continued
relevance of recurrence in spiking neural computation as suggested by biology.

1 Introduction

Spiking neural networks (SNNs) provide a biologically motivated framework for neural information
processing in which information is transmitted via discrete spike events resembling biological
action potentials [Maass, 1997, Gerstner and Kistler, 2002]. Their event-driven dynamics yield
sparse activity patterns and enable temporal coding, offering the potential for improved energy
efficiency and reduced memory requirements, particularly when deployed on neuromorphic hardware.
Recurrence is a fundamental characteristic of biological neural circuits [Vidal-Saez et al., 2024, Larsen
and Druckmann, 2022, Douglas and Martin, 2007]. In contrast, many modern machine learning
architectures favour non-recurrent designs with simplified linear dynamics due to their favourable
parallelisation properties, stable optimization behaviour, and scalability [Gu et al., 2020]. From
a neurobiological perspective, however, the ubiquity of recurrent connectivity suggests functional
significance rather than architectural redundancy, particularly for temporal information processing.

By operating intrinsically in the temporal domain, SNNs are naturally suited for sequential tasks
such as speech recognition and time-series modeling. Incorporating recurrent connectivity further
enhances their capacity to retain and update information over time, and recurrent SNN architectures
have demonstrated strong performance on sequential learning problems [Bellec et al., 2018, Baronig
et al., 2025]. Training recurrent SNNs typically relies on Backpropagation Through Time (BPTT)
[Eshraghian et al., 2023], which enables gradient-based optimization but introduces substantial
computational challenges. The memory and computational cost of BPTT scale linearly with both
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sequence length and network depth, leading to high memory overhead and gradient instability.
Moreover, the sequential nature of temporal backpropagation limits parallelization during training,
rendering large-scale or long-sequence training computationally expensive. Recent work has sought
to address these limitations by leveraging structured state space models (SSMs). By formulating a
Resonate-and-Fire neuron within the HiPPO framework, the S5-RF model was introduced [Huber
et al., 2024]. However, these parallelizable formulations deviate from biological neuron models by
omitting spike-triggered voltage resets and recurrent network connectivity.

Alternative strategies achieve parallelization in recurrent SNNs by selectively neglecting specific
gradient pathways in the computational graph, enabling scalable training of recurrent SNNs [Baronig
et al., 2025, Fang et al., 2023]. While such approaches improve computational efficiency, their impact
on sequential modeling performance and memory capacity remains insufficiently characterized
[Merrill et al., 2024]. In this work, we systematically evaluate parallelizable SNN architectures
based on S5-RF, leaky integrate-and-fire (LIF) and adaptive LIF neurons [Baronig et al., 2025,
Higuchi et al., 2024] on established sequential benchmarks and compare them to non-parallelizable
recurrent models incorporating voltage resets and recurrent connectivity. For tasks with limited
temporal structure, we observe that the performance of parallelizable variants is slightly inferior to
their recurrent counterparts. To specifically assess the capacity to preserve and update internal state
representations, we further introduce a set of tasks which require accurate tracking of latent state
transitions [Merrill et al., 2024]. We show that recurrent SNN architectures solve all task variants
and generalize robustly beyond training conditions. In contrast, parallelizable non-recurrent models
succeed only on simpler variants and fail to generalize beyond training regimes.

These findings highlight a trade-off between computational scalability and memory capacity in
spiking neural network design. While parallelization substantially improves training efficiency,
recurrent connectivity and biologically inspired dynamical mechanisms remain critical for tasks
requiring structured temporal reasoning and robust state tracking.

2 Methods

We consider two architecture types: non-recurrent spiking networks which are fully parallelisable
and recurrent spiking neural networks (RSNNs). Both use two hidden layers with task-dependent
dimensions d;y,, dp, and dy,,;. Architectures share identical depth and differ only in connectivity. Due
to the lack of recurrent connections the non-recurrent networks have less connections per layer and
therefore a smaller number of weights. To ensure that all compared networks have a similar number
of learnable parameters the network size for the non-recurrent networks is increased to double that of
the recurrent networks.

All hidden-layer weights were initialised using orthogonal initialisation. Neuron-specific parameters
were sampled from task-dependent ranges. To avoid silent neurons, inputs were rescaled as I;,

Lin (1 + %). The output layer consisted of leaky integrator (LI) neurons (see Baronig et al. [2025])

with LeCun-uniform initialisation. In the ECG task LIF and SE-adLIF networks used membrane time
constant 7 = 3 but otherwise unless stated all configurations used v = 15.

Four distinct neuron models were evaluated in this study. First, the standard LIF model serves
as a well-established reference point. Second, the SE-adLIF and BRF neurons were selected as
representative second-order neuron models that reflect the current state of the art in biologically
inspired spiking dynamics. Finally, the S5-RF model is a parallelizable SSM-based SNN that replaces
recurrent connectivity with structured state-space dynamics. Its hidden state is discretized using the
Dirac scheme, which preserves high-frequency components and ensures numerical stability during
parallel evaluation [Huber et al., 2024].

The Leaky Integrate-and-Fire (LIF) neuron maintains a membrane potential u[t] with exponential
decay and spike-triggered reset,
ult] = ault — 1] + I[t] — 9=z[t — 1], (1)
z[t] = O(ult] - ), 2
where It] is the input current at time step ¢, 9 is the spiking threshold, z[t] € {0,1} is the spike
output at time step ¢, © is the Heaviside step function, and « € (0, 1) is the decay factor. In terms of

a membrane time constant 1, « is given by a = exp(—dt/r,) where dt denotes the discretization
time step.
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The Symplectic-Euler adaptive LIF (SE-adLIF) extends LIF with an adaptation variable w|t]:
ult] = auft — 1)(1 — 2[t — 1]) + (1 — @) (I[t] — w[t — 1]), 3)
wlt] = pwlt — 1] + (1 — B)(aut] + b2t — 1])cadapt, @

where o and 3 are decay coefficients for « and w respectively. The coupling between the membrane
potential w[t] with the adaptation current w[t] is scaled by the first adaptation coefficient a. The
second coefficient b governs the feedback of the output spike into w[t] [Baronig et al., 2025]. cadapt
is an additional custom adaptation coefficient for fine tuning purposes. It scales the effect of the
previous output spikes, the current membrane potential and the adaptation current. The Balanced
Resonate-and-Fire (BRF) neuron maintains complex-valued oscillatory dynamics [Higuchi et al.,
2024]. We used the real-valued formulation given in Baronig et al. [2026]. The dynamics are mainly
determined by the angular frequency parameter w and the damping parameter bofset.

To isolate the contribution of nonlinear state interactions, parallelisable variants were constructed
by removing spike-dependent reset and recurrent dependencies. The resulting dynamics form linear
time-invariant (LTI) recurrences while retaining the spiking nonlinearity for readout. For example, in
the SE-adLIF model, spike-dependent interactions in both membrane and adaptation dynamics were
removed. The resulting updates are

ut] = auft — 1] + (1 — a) (I[t] — w[t — 1]), 5)
wlt] = B[t — 1]+ (1 — B) ault], (6)
z[t] = O(u[t] - 9), @)

The dynamics reduce to a linear coupled system driven by input current.

The SNNs were trained using back propagation through time (BPTT) and the ADAM optimizer
[Kingma and Ba, 2014] with parameters 3; = 0.9, 5 = 0.999 and ¢ = 10~—3. Due to the non-
differentiability of the output spikes surrogate gradients were used. The BRF models used a double
Gaussian surrogate while LIF and SE-adLIF used a Heaviside surrogate implemented with Slayer
[Shrestha and Orchard, 2018]. Neuron parameters were optimized alongside with network weights.
A cosine annealing learning rate schedule was used [Eshraghian et al., 2022]. This allows for bigger
steps in the beginning whilst retaining the ability to fine-tune in later epochs. All tasks were trained
for 50 epochs. The learning rates n were initialised for the first epoch at 0.05 for the BRF, 0.02 for
the LIF, and 0.01 for the SE-adLIF models. For the loss, the per-timestep cross entropy function was
used for the ECG, SHD, and state tracking task, while the sum of softmax was used for SMNIST. To
determine test accuracies, class labels were predicted using per timestep prediction in the ECG and
state tracking tasks while mean over sequence was used for SHD and sum of softmax prediction was
used for SMNIST.

Unless stated otherwise, neuron model parameters were initialised by sampling independently from
predefined ranges. For the LIF neuron, the initial membrane time constants were sampled from
a uniform distribution, 1, ~ U(0.5,25), while the firing threshold was fixed to ¥ = 1.0. For the
SE-adLIF neuron, the initial membrane time constants were sampled from 7, ~ U(5,25) and the
adaptation time constants from 7, ~ U(60, 300). The subthreshold adaptation strength and spike-
triggered adaptation strength were initialised as @ ~ 1/(0.0,1.0) and b ~ U(0.0, 1.0), respectively.
The firing threshold was fixed to 9 = 1.0, and the adaptation scaling coefficient was set to caqapt =
120. For the BRF neuron model, the intrinsic oscillatory dynamics are determined by the angular
frequency parameter w and the damping parameter bogset. The natural frequency was initialised
from w ~ U(3.0,5.0), while the damping parameter was sampled from bogset ~ U(0.1,10.0). Other
neuron parameters were fixed and chosen as in Baronig et al. [2026]. The S5-RF [Huber et al., 2024]
was initialised with a structured state-space architecture composed of multiple stacked S5 blocks.
The hidden state dimension was set to 256, and the model consists of 32 S5 blocks organised across 2
layers. The state-space discretisation follows the Dirac scheme. During training, the learning rate was
scheduled with a cosine decay starting with learning rate 7 = 0.02. For a more detailed description
of this model please refer to the original paper [Huber et al., 2024].

We introduce a synthetic benchmark for sequential state inference based on a discrete-time Moore
machine [Gill, 1965]. The system maintains a hidden state s; € {0,...,n — 1} that evolves
deterministically according to the previous state and the current action a;. At each timestep, the SNN
observes only the action and must output the hidden state. Performance was evaluated exclusively on
the final state of the sequence. Action sequences were randomly sampled for training and testing.
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Table 1: Results on the ECG task. Comparison of recurrent and non-recurrent architectures
constructed from SE-adLIF, BRF, and LIF neurons over 10 runs. Hidden-layer dimensionality was
adjusted to achieve comparable parameter counts. Reported values correspond to test-set classification
accuracy (mean =+ standard deviation over 10 runs). A check in the column "Rec." indicates a recurrent
network model while a cross indicates a parallelizeable non-recurrent model.

Model Rec. | Layer Dim. #Params #Runs Test Acc. [%]

v 128 520k 10 85274042

SE-adLIF 256 71.2k 10 8429+032
BRE 7 178 STok 10 85.81 £0.48

X 256 60.6k 10  8437+074

O 7 178 SISk 10 TSR LT3

X 256 702k 10 82264053

The initial state was fixed to sp = % (assuming even n). State evolution is defined recursively as
st = fa,(s:—1), where f,, denotes the transition induced by action a;. The available actions are up,
down, stay, and mirror. We consider two variants of the task, one where the state is kept when the
maximum/minimum state is exceeded ("no overflow") and one with modular arithmetic at the state
boundaries ("overflow"). Their transition functions are defined as

ful) = {

(s+1) mod n, overflow
min(n — 1,5+ 1), no overflow

Faown(s) = (s—1) mod n, overflow
downl®) =\ max(0,s — 1), no overflow

fslay('s) =8, fmirmr(s) = |S - (n - 1)|

The mirror action introduces explicit state-dependent nonlinearity, while overflow corresponds to
modular arithmetic at the state boundaries. Task difficulty can be controlled via the sequence length
and the inclusion of nonlinear transitions. Solving the task requires iterative state updates and
therefore tests a model’s ability to hold internal state.

3 Results

3.1 Testing recurrent and non-recurrent SNNs on sequential benchmark tasks

The ECG [Laguna et al., 1997] and SMNIST [Bellec et al., 2018] datasets are standard benchmarks
for evaluating sequential learning models. Performance on these tasks is often used as a primary
criterion for assessing the effectiveness of newly proposed architectures. The networks evaluated
on the benchmark tasks consisted of two hidden layers, with the number of neurons varying by task.
We considered standard recurrent SNNs consisting of LIF, SE-adLIF, or BRF neurons. For each of
these networks, we also considered a parallelizeable variant without state reset and without recurrent
connections (see Methods) denoted by the cross in the Recurrent table column. The S5-RF model
was not evaluated on this task. The non-recurrent networks had double the amount of hidden neurons
per layer as to offset the learnable parameter increase from the recurrent connection weights and
achieve comparable parameter counts. All models received identical input representations.

ECG On the ECG dataset (Table 1), both recurrent and non-recurrent architectures achieved
comparable performance, with accuracies in the 85% range. This observation is consistent with
results reported for current state-of-the-art models on this task [Higuchi et al., 2024, Yin et al., 2021].
The LIF model performed the worst only reaching 78.8% in recurrent configuration. Interestingly it
reached a higher accuracy of 82% as a non-recurrent network. This is unique in our results and could
be further investigated. Otherwise, the performance of the recurrent SNNs performed slightly better
than their parallelizable variants.

SMNIST All evaluated models performed well above chance level on the SMNIST task (Table 2),
indicating that both recurrent and non-recurrent architectures are capable of learning the sequential
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Table 2: Results on the SMINIST task. Test accuracy of recurrent and non-recurrent architectures
using SE-adLIF, BRF, and LIF neuron models over ten runs (mean =4 standard deviation). Hidden-
layer dimensionality was adjusted to obtain comparable parameter counts across architectures. S5-RF
accuracy are taken from Huber et al. [2024].

Model Rec. | Layer Dim. #Params Test Acc. [%]

v 256 2025k 98.9+0.06
SE-adLIF 512 2739k 94.69 + 0,31
BRE 7 756 2010k 9848 £0.05
X 512 2709k 97.92+0.07
F 7 756 2015k 8854 £0.87
X 512 2719k 81.82+035
SSRE X 128 363K 98.80

digit classification problem. Nevertheless, clear performance differences emerged across architec-
tural choices. Recurrent networks consistently achieved higher accuracy than their non-recurrent
counterparts, with the recurrent SE-adLIF model reaching the best overall performance at 98.9%.
Among the non-recurrent architectures, the BRF model performed strongest, achieving an accuracy of
97.92%, which is slightly lower than that of the recurrent configuration. In contrast, the non-recurrent
SE-adLIF and LIF models exhibited more substantial performance degradations, particularly for LIF
neurons, which showed a pronounced sensitivity to the absence of recurrence.

3.2 Testing recurrent and non-recurrent SNNs on state tracking tasks

As shown in the previous section, recurrent SNNs perform slightly better than their fully parallelisable
counterparts on the ECG, and SMNIST benchmarks. Despite their widespread use, these benchmark
tasks can however potentially be solved through pattern recognition over temporal input sequences.
In contrast, we propose variants of a state-tracking task (see Section 2), which are in the same spirit
as the well-known Shell Game, but with extended complexity. In these tasks, the network observes a
sequence of actions, which manipulate a hidden state. The task for the network is to predict the final
hidden state. This requires the model to maintain and update information about a hidden state, as no
simple input patterns are available that could be memorized. Moreover, when the network is able to
learn the effect of actions on this state, which enables generalisation across varying sequence lengths.

Such capabilities are readily observed in biological neural systems, raising the question of whether
non-recurrent architectures can achieve comparable behaviour. Specifically, it was argued that these
models do not represent and manipulate internal state, and their apparent success on conventional
benchmarks arises from learning sufficiently rich input—output correlations that emulate memory
without explicitly maintaining it [Merrill et al., 2024].

We tested the architectures on two variations of the state tracking task, each with 6 hidden states
and input sequences of length 20. We classify the two variants of the state tracking tasks as easy
(task configuration with no mirror and no overflow; see Section 2), when there are limited state
dependencies, and hard, which incorporates the mirror and overflow mechanics.

We observed a clear difference in the training and validation accuracies between recurrent and non-
recurrent architectures across task difficulty as illustrated in Table 3. Non-recurrent models were able
to solve the easy task variants, i.e. tasks without overflow or mirror actions, achieving test accuracies
comparable to those of recurrent models. The main exception was the non-recurrent LIF model,
which reached only 60% test accuracy, indicating limitations even in low-complexity settings. As an
additional point of comparison, we included the state-of-the-art parallelisable S5-RF network [Huber
et al., 2024]. This model combines structured state-space (S5) dynamics with spiking nonlinearities,
enabling efficient parallel evaluation while retaining sensitivity to temporal structure. The mode] has
previously demonstrated strong performance on classical sequential benchmarks, and we therefore
evaluated whether it could also solve the state-tracking task and whether its performance differed
significantly from that of the proposed parallelisable network architectures. The model achieved
good, but not top-performance on the easy task variant.

However, in the hard task variant, test accuracies of the non-recurrent models decreased to below
20%, only marginally above the chance level of 16.66%, while the recurrent models retained good
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Table 3: Accuracy comparison on different versions of the state tracking task. The final hidden
state of Moore machines with n = 6 hidden states and state-transition dynamics of varying difficulty
had to predicted. Training and test sequences had both a length of 20. Test accuracies are shown for
10 runs (mean =+ standard deviation).

Type Model |Rec. Layer Dim. #Params Test Acc. [%]

SE-adLIF | v 128 519k 99.83+0.13

s 2 BRF v 128 51,1k 97.17+0.52
E=E=  LIF v 128 513k 99.07+1.5
S 2% SEadlIF| x 256 709k 91.66+0.75
232=  BRF X 256 69,4k  94.78 £0.77
z LIF X 256 699k  60.13+1.43
S5-RF | X 256 1372k 96.55+0.78

SE-adLIF | v 128 52,0k 99.98+0.02

§ BRF v 128 512k 89.66 +2.07
535  LIF v 128 51,5k 96.09 £7.51
ESE SEadlIF| x 256 712k 18.11£0.5
= 2=  BRF X 256 69,6k  19.96 % 1.85
LIF X 256 702k 18.22+0.63

S5-RF | X 256 1377k 21.72+5.83

performance, with the SE-adLIF showing close to optimal text accuracy of 99.98%. The non-recurrent
and parallelisable S5-RF model followed a similar trend to the other non-recurrent architectures. Its
accuracy degraded substantially when mirror and overflow mechanics were introduced. This suggests
that, despite its enhanced temporal dynamics, balanced resonance alone is insufficient to replace
explicit recurrence when learning non-linear and state-dependent transition rules.

Overall, these results indicate that non-recurrent models tend to rely on memorisation of short action
patterns rather than learning a generalisable state-transition function. In contrast, recurrent SNNs
were able to learn also complex variants of the state-tracking task.

3.3 Testing the generalisation capabilities of recurrent and non-recurrent SNNs

Biological systems are highly adept at learning the effects of actions rather than merely internalising
fixed input sequences. To assess whether the investigated SNNs truly learn action-induced state
transitions, or instead rely on memorising finite input—output patterns, the test sequence length of
the state-tracking task was increased from 20 to 100 input actions, while keeping the training data
unchanged. If a model successfully learns the underlying effects of actions on the internal state, this
increase in sequence length should not significantly affect its test accuracy. In principle, models
that capture the true state-transition dynamics should be able to predict arbitrarily long sequences.
Increasing the sequence length therefore primarily probes the generalisation capabilities of the
models.

Our results on the easy and hard variant of the state tracking task are summarized in Table 4. We
found that recurrent SE-adLIF models exhibited the strongest generalisation behaviour, with accuracy
drops of only approximately 1-2% between the easy and hard task variants. The recurrent LIF model
was similarly robust with a steeper drop. The BRF network was generalizing in the easy task variant,
but failed in the hard variant. These results indicate that recurrent architectures are able to maintain
an internal state and update it consistently in response to extended action sequences.

In contrast, non-recurrent models struggled to generalise to longer sequences. Their accuracy dropped
across both task variants. In the hard variant, the accuracy of non-recurrent architectures consistently
degraded to chance-level, suggesting that they lack the internal state memory required to reliably track
the hidden state. The S5-RF model displays a similar sensitivity to increased sequence length, further
supporting the conclusion that resonance-based temporal dynamics alone do not provide sufficient
inductive bias for modelling long-horizon, nonlinear state transitions without explicit recurrence.
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Table 4: Generalization to increased test sequence length on Moore machine modelling accuracy.
Test accuracy for a sequence length of 100 input actions, with results for the original sequence length
of 20 shown in parentheses.

Type Model |Rec. Layer Dim. #Params Test Seq. TestAcc. [%]

SE-adLIF | v/ 128 51,9k 100 (20)  98.54 (99.94)

= z BRF v 128 51,1k 100 (20) 94.11 (96.70)
EE R LIF v 128 51,3k 100 (20)  99.69 (99.88)
= 2% SE-adLIF | X 256 70,9k 100 (20)  76.01 (92.25)
£ % < BRF X 256 69,4k 100 (20) 64.63 (96.73)
Z LIF X 256 69,9k 100 (20)  54.41 (60.79)
S5-RF X 256 137,2k 100 (20) 71.37 (96.82)

SE-adLIF | v 128 52,0k 100 (20)  99.24 (99.97)

5 BRF v 128 51,2k 100 (20)  27.89 (91.36)
529 LIF v 128 51,5k 100 (20)  93.16 (99.18)
= ::*; _"':1“ SE-adLIF | X 256 71,2k 100 (20)  17.55(19.50)
= 3% BRF X 256 69,6k 100 (20) 17.76 (28.99)
LIF X 256 70,2k 100 (20) 17.55(19.13)

S5-RF X 256 1377k 100 (20) 17.03 (21.36)

4 Discussion

This work investigated the role of recurrent connections in neural networks and found a clear task-
dependent distinction. On conventional sequence benchmarks (ECG, SMNIST), non-recurrent and
fully parallelisable architectures achieved accuracies comparable to recurrent models, supporting
the view that many standard benchmarks can be solved through pattern recognition rather than
long-horizon stateful computation. In such settings, enhanced single-neuron dynamics including
adaptation or resonance can approximate temporal processing without explicit recurrence. However,
in Moore machine-inspired state-tracking tasks that require maintaining and updating a latent internal
state according to action-conditioned rules, recurrent architectures demonstrated a consistent and
substantial advantage. They remained robust under increased temporal complexity, longer sequences,
and expanded state spaces, while non-recurrent models often degraded to chance-level performance.
Although one recurrent variant showed a task-specific generalisation failure, other recurrent models
successfully captured the required state-dependent transitions, reinforcing the conclusion that explicit
recurrence provides a crucial inductive bias for learning stable, generalisable internal memory.

Mechanistically, the results support the view that recurrence enables networks to implement evolving
dynamical systems rather than static input—output mappings. Recurrent models appeared to learn
generalisable transition operators and maintained structured internal activity during difficult tasks,
whereas non-recurrent models relied more on short-range heuristics that failed under longer horizons
or complex state based actions. These findings carry implications for brain-inspired modelling: while
parallelisable feed-forward SNNs offer efficiency advantages and remain competitive on pattern-based
benchmarks, biologically plausible cognition as characterised by persistent activity, feedback, and
latent-state inference, appears to fundamentally depend on recurrence. Thus, recurrence remains
essential for modelling brain-like computation.
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Abstract

Backpropagation through time (BPTT) remains the gold-standard for training
recurrent spiking neural networks, but its need to store long temporal computation
eraphs makes it memory-intensive and incompatible with strict online updates.
This has motivated a range of alternative online learning rules, such as e-prop,
further trace-based methods, and forward-only approximations, which reduce
sequence-length-dependent overhead but typically require custom implementations
and often sacrifice task performance. In this work, we revisit the simplest possible
alternative: truncated BPTT with truncation length k¥ = 1 (tBPTT;). Although this
setting is usually regarded as an overly limited-horizon baseline with poor temporal
credit assignment, we show that it is a widely underestimated learning strategy.
In a standard surrogate gradient learning setup, tBPTT; achieves performance
competitive with or better than more sophisticated online learning rules. Our
experiments identify two key ingredients for this result: a substantially smaller
learning rate than commonly used and an optimizer with slow temporal averaging
through its momentum statistics. These findings suggest that, for many practical
spiking network settings, elaborate online credit-assignment rules may not be
necessary: plain one-step backprop, when paired with appropriate optimization,
appears as an overlooked training strategy provides effective, memory-efficient,
and implementation-friendly learning.

1 Introduction

Spiking neural networks (SNNs) are well suited for event-driven computation because they process
information as sparse spike trains and maintain internal states that evolve over time, making them
attractive for neuromorphic sensors and low-power hardware. While backpropagation through time
(BPTT) remains a strong training baseline for SNNs, it requires storing every intermediate step
and updating the model in an offline manner, which conflict with both biological plausibility and
memory-constrained deployment [11, 16].
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253



This has motivated a range of online learning rules, the most prominent being E-prop, which approx-
imates BPTT using eligibility traces combined with local learning signals [2]. Other approaches
pursue temporally local plasticity through biologically inspired three-factor rules, such as ETLP and
S-TLLR [17, 1]. In contrast, DECOLLE enables local learning through layer-wise auxiliary losses
[9]. More recent methods further reduce the need for backward-through-time computation by relying
on forward or target-based learning signals, as in OSTTP and traces propagation (TP) [13, 16]. These
methods clearly show that online learning is feasible, but they often require custom update rules,
additional auxiliary pathways, or model-specific derivations. Another form of online learning is
the forward propagation through time (FPTT) [8], which introduced forward-propagated learning
signals that regularize training under truncated temporal credit assignment and help stabilize recurrent
spiking networks [20]. Recent works have implemented and explored truncated backpropagation
through time (tBPTT), which is memory efficient but restricted in its temporal credit assignment
[3,7].

From a biological perspective, such temporally truncated gradient-based methods are better un-
derstood as local approximations than as literal models of neural learning. BPTT and related
gradient-based approaches remain biologically problematic because they rely on backward credit
assignment through stored trajectories, whereas biological accounts of temporal credit assignment
more commonly appeal to eligibility traces, local synaptic dynamics, and modulatory learning signals
[11, 6, 2]. Atthe same time, adaptive update rules can maintain slow hidden state across learning
steps, which can be loosely interpreted through metaplastic or synaptic-dynamic views of learning
[5, 18]. This perspective does not make truncated gradient methods biologically exact, but it suggests
that temporally local training combined with stateful adaptive optimization may provide a useful
bridge between engineered learning algorithms and biologically motivated locality constraints.

In this work, we study a simple online learning approach based on standard automatic differentiation.
We apply tBPTT with fixed truncation length ¥ = 1 (tBPTT;) in combination with the Adam
optimizer [10]. While this setup removes explicit temporal credit assignment, Adam implicitly
aggregates information over time through its first- and second-moment estimates and stabilizes per-
time-step updates via second-moment normalization. Our experiments identify two key ingredients
for making this setting work in practice: the use of a substantially smaller learning rate than commonly
employed, and an optimizer with slow temporal averaging through its momentum statistics. Although
these statistics do not recover exact long-range gradients, they preserve useful directional and scale
information across successive updates. The resulting method is straightforward to implement with
standard deep-learning tools and achieves competitive performance on N-MNIST and SHD without
requiring explicit eligibility traces or custom learning rules.

2 Methods

We consider feedforward (FF) and recurrent SNNs on two benchmark datasets for online learning,
SHD [4] and N-MNIST [12], with input dimensions of 700 and 2,312, and time windows of 10 ms and
1 ms, respectively. For the leaky integrate-and-fire (LIF) neurons, the membrane potential is updated
as uy = a(ut~! — 92571) + I, where u! is the membrane potential, a = exp(—dt/7,) € (0,1) is
the fixed leakage factor, I'* denotes the total synaptic input, 9 is the threshold. The spike output is
given by z! = H(u* — ¥) with H(-) the Heaviside step function. The double-Gaussian surrogate
function [19] with FGI [14] is used. For recurrent networks, the synaptic input can be written as
It = Wizt + W 2t=1 + b, where ' is the external input, W, and WL, are input and recurrent
weights, and b the optional bias.

The output layer is modeled as a leaky integrator, o* = ko'~ + W  z; + by, Where of denotes the
output state, k = exp(—dt/mm) € (0, 1) is the fixed output leak factor, and W, the output weights.
The logits derived from o are used to compute a per-time-step cross-entropy loss £ = £(i,y),
where 7" is the prediction at time step ¢ and y is the target label. Note that the weights have increment
t due to the online update via tBPTT;. We update the parameters and truncate the computation graph

at every time step.

2.1 The optimizer as a temporal gradient accumulator and stabilizer

The parameters W are updated with the PyTorch implementation of the Adam optimizer [15, 10].
Given the instantaneous gradient g* = 9£°/aw* at time step ¢, Adam maintains the first and second mo-
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ments 1m; = Bymy_1+(1—F1)g" and vy = Bovy_1+(1—Pa)-(g*)? with the bias-corrected estimates
my = me/1-g¢ and 9, = ve/1—pt. The parameters are updated as: Wt = Wi — mie/ /5, e,

3 Results

The vanilla stochastic gradient descent (SGD) was first tested to check the effect of the optimizer as a
temporal gradient accumulator and stabilizer. Figure 1 shows the result of increasing momentum rate
without changing any other hyperparameters. SGD without momentum only achieved 19.58 £ 1.00%
whereas increasing momentum strength increased the performance of the model.

SHD LIF-RSNN tBPTT; with SGD

80 FA500

SOP

Test Accuracy (%)
piking O perations

F 1500
150 Im

0.0 01 0.25 05 0.75 0.85 09 0.99 0.909

Figure 1: SHD LIF-RSNN trained with tBPTT; using the stochastic gradient descent with varying
momentum term. Best test accuracy over 5 runs.

Furthermore, a substantial reduction in the average spiking operation (SOP) can be observed, indicat-
ing that the models learn sparser activity patterns. This reduction accompanies the performance gains
obtained with stronger temporal accumulation in the optimizer.

Table 1 places the proposed method in the context of existing online and local-learning approaches.
On N-MNIST, tBPTT; reaches 97.43 £ 0.15%, outperforming DECOLLE and TP while remaining
below full BPTT and e-prop. On feedforward SHD, it achieves 68.19 £ 1.12%, slightly exceeding
TP (67.06 4 0.96%) and clearly outperforming e-prop and ETLP, although still trailing offline BPTT.
The strongest result appears on recurrent SHD, where tBPTT; reaches 84.29 4-0.98%, outperforming
all compared online methods and even slightly surpassing full BPTT (83.23 £ 1.00%). Overall, these
results show that even under the extreme truncation condition & = 1, a carefully tuned one-step
training setup, combining a small learning rate with slow temporal gradient filtering, remains highly
competitive, especially in recurrent settings where temporal structure is most relevant.

4 Discussion

Our results highlight an apparent contradiction: learning remains strong even when temporal credit
assignment is reduced to a single step. Because the graph is truncated at every step, the method
does not explicitly recover long-range temporal Jacobian chains as in BPTT or cell-to-cell temporal
dependencies as in e-prop. The only information available for learning is the stream of adapting local
gradients {g;}7_,. A naive expectation would therefore be that performance collapses when training
becomes fully online. Our results show that this need not be the case when the optimizer is allowed
to accumulate and rescale these local gradients across time.

The central idea of this paper is to interpret (m;,v;) as a compact memory of the recent gradient
history, as well as a stabilizer for per step updates. In other online learning methods, temporal
information is stored explicitly in eligibility traces or other neuron-specific state variables [2, 17].
Here, by contrast, part of that temporal accumulation is carried by a slowly evolving optimizer state
while learning remains stable. The first-moment term m® smooths the direction of successive local
gradients, while the second-moment term " normalizes their scale and reduces sensitivity to sharp
fluctuations.
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Table 1: Comparison to SoTA results on N-MNIST and SHD. Our results for N-MNIST and
SHD report average best test accuracy over 5 runs and average highest test accuracy over 5 runs,
respectively.

Model Architecture Neuron Number of Local Time Test
Type Type Neurons Learning  Steps Accuracy
N-MNIST
BPTT FF LIF 200 X 100 08.45 + 0.04!
eProp [2] FF LIF 200 Partial (time) 100 97.902
DECOLLE [9] FF LIF 200 v 100 96.272
TP [16] FF LIF 200 v 100 97.33 4+ 0.06
tBPTT; (ours) FF LIF 200 Partial (time) 100 97.43 £ 0.15
SHD
BPTT FF LIF 450 X 100 75.85 + 0.48!
eProp [2] FF LIF 450 Partial (time) 100 63.042
ETLP[17] FF ALIF 450 v 100 59.19
TP [16] FF LIF 400 v 100 67.06 4= 0.96
tBPTT; (ours) FF LIF 450 Partial (time) 100 68.19 - 1.12
BPTT Recurrent LIF 450 X 100 83.23 + 1.00!
S-TLLR [1] Recurrent LIF 450 Partial (time) 100 78.24 4 1.84
eProp [2] Recurrent LIF 450 Partial (time) 100 80.792
ETLP[17] Recurrent ALIF 450 v 100 74.59
TP [16] Recurrent LIF 450 v 100 81.80 £ 0.51
tBPTT; (ours)  Recurrent LIF 450 Partial (time) 100 84.29 4 0.98

1 Results from [16]. 2 Results from [17].

This does not reconstruct exact long-range credit assignment, since dependencies through earlier
hidden states remain absent, but it does provide a simple mechanism through which past gradients
continue to influence future updates. In this sense, our findings also clarify the relation to FPTT
[8, 20]: rather than enforcing temporal consistency through an explicit regularizer across successive
updates, much of the same stabilizing effect appears to arise here from a small learning rate together
with slow temporal filtering in the optimizer itself, without auxiliary regularizers or extra buffer
variables.

From an implementation perspective, this is appealing because it requires no custom backward
rule beyond standard surrogate-gradient differentiation. The method can be realized with ordinary
autograd, one forward pass and one backward pass per time step, and a standard optimizer call. As a
consequence, it offers a lightweight baseline for online SNN learning and a useful reference point for
understanding how much temporal structure can already be captured by optimizer dynamics alone.

5 Conclusion

We revisited one-step truncated BPTT as a minimal online training strategy for SNNs and found
that, despite its extreme temporal truncation, it can remain highly effective for standard surrogate-
gradient training when combined with careful gradient step scaling and slow temporal filtering.
Across N-MNIST and SHD, tBPTT; achieved competitive performance against more specialized
online learning methods, and on recurrent SHD it even slightly surpassed full BPTT. Our results
show that this behavior depends critically on two ingredients: a substantially smaller learning rate
than commonly used and optimizer dynamics that accumulate and rescale local gradients over time
through slow momentum statistics. Taken together, these findings suggest that effective online SNN
learning does not necessarily require elaborate custom credit-assignment rules, and that plain one-step
backpropagation, when combined with appropriate optimization, provides a simple, memory-efficient,
and strong baseline for future work.
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Abstract

Training recurrent spiking neural networks (SNNs) with leaky integrate-and-fire
(LIF) neurons is often slow, particularly during the early phase, when networks
must first establish sufficient spike activity to form patterns. Strategies such as low
firing thresholds or high-magnitude weight initialization can increase early spiking,
but typically introduce instabilities and impair learning. Here we introduce a modi-
fication of classical LIF and parameterized LIF (PLIF) neurons, in which spikes
are generated probabilistically, including a proper surrogate gradient formulation.
The membrane potential parameterizes the instantaneous spike probability, and
spikes are sampled as Bernoulli variables at each time step, whereas underlying LIF
membrane dynamics remain unchanged. This stochastic activation stabilizes early
spike activity and substantially accelerates learning. In two benchmark tasks, these
probabilistic LIF networks surprisingly achieve substantially higher classification
accuracy than its deterministic LIF baselines. These findings suggest that prob-
abilistic spike generation may provide a promising new perspective for building
compact and effective spiking architectures.

1 Introduction

Spiking neural networks (SNNs) based on leaky integrate-and-fire (LIF) neurons are widely studied as
a promising framework for energy-efficient and neuromorphic machine learning. Their event-driven
computation, temporal dynamics, and compatibility with neuromorphic hardware make them an
attractive alternative to conventional artificial neural networks. However, despite significant progress
in surrogate gradient methods that enable gradient-based training, learning in SNNs often remains
considerably slower and less stable than in conventional deep networks. One persistent challenge lies
in the early stages of training, where the network must first establish sufficient spiking activity to
propagate information through the system.
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In deterministic LIF networks, meaningful learning only occurs once spike activity emerges and
begins to transmit signals across layers. During the initial phase of training, however, membrane
potentials often remain below threshold for extended periods, leading to rare spike activity. As a
result, gradient flow vanishes almost entirely, slowing the formation of meaningful representations.
A simple workaround is to initialize synaptic weights with unusually large magnitudes or to reduce
neuronal thresholds in order to provoke early spikes. These strategies increase activity, but they
frequently introduce instability or highly irregular dynamics that hinder the formation of structured
network representations.

Stochasticity and noise have long been considered computational resources in networks of spiking
neurons, supporting computation, inference, and learning in such systems [5]. Gradient estimators
for stochastic binary neurons have been studied in [1], and stochastic neuron implementations have
also been demonstrated directly in neuromorphic hardware [7].

Based on biological evidence, we hypothesize that introducing spontaneous spiking into spiking
neural networks may promote flexible state exploration during learning, improving adaptation and
task performance. To this end, we introduce a stochastic modification of LIF neurons. Instead of
generating spikes deterministically when the membrane potential crosses a threshold, we interpret a
nonlinear transformation of the membrane potential as the instantaneous spike probability. At each
simulation step, the spike output is then sampled as a Bernoulli random trial with this probability.
Importantly, all underlying LIF membrane dynamics remain unchanged.

This modification provides a controlled mechanism to induce spike activity during the early stages of
training. Even when membrane potentials remain below classical threshold levels, neurons still emit
spikes, allowing signals to propagate through the network and enabling gradients to shape synaptic
structure. As learning progresses, the network gradually organizes its activity patterns and synaptic
weights while maintaining stable dynamics.

We evaluate probabilistic LIF networks on two benchmark classification tasks and compare them to
the conventional deterministic LIF baseline.

2 Methods

Among the simplest and most commonly used neuron models in SNNs are the leaky integrate-and-fire
(LIF) neuron [4] and its derived variants such as the parametric LIF (PLIF) neuron [3]. Nevertheless,
their deterministic threshold mechanism can make optimization difficult in the early phase of learning.
Membrane potentials remain below threshold, neurons stay silent, spike-based signal propagation is
weak, and learning can be substantially delayed.

To overcome this problem, we introduce a minimal probabilistic extension of LIF neurons that we
name PropLIF and PropPLIF, respectively. The central idea is to increase spiking by probabilistic
spikes, while membrane dynamics remain unchanged. Neurons thus emit spontaneous spikes in the
subthreshold regime, thereby supporting early activity propagation while preserving the simplicity of
classical LIF dynamics.

2.1 Deterministic LIF dynamics

The membrane potential in LIF neurons evolves according to u; = au; 1 + (1 — a)l; — 024,
where u denotes the membrane potential at time step £, I; is the synaptic input current, @ is the firing
threshold, and z;_ is the spike emitted at the previous time step. The leakage factor is defined as
a = exp(—dt /Ty, ), with simulation time step dt and membrane time constant 7,,,. Whenever a spike
occurs, the membrane potential is reset by subtracting the threshold term.

In the standard LIF model, the membrane time constant 7, is fixed. In the PLIF model, 7, is
learned jointly with the synaptic weights [3]. Apart from this, both models share the same membrane
dynamics.

2.2 Probabilistic spike generation

Conventionally, spike generation is deterministic, and occurs only when the membrane potential
exceeds threshold . We extend this mechanism by a probabilistic firing rule.
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Figure 1: Probability function p(u) = exp(min(0, “>7)) for § = 1 and different values of o. Larger
o broadens the probabilistic region below the thresﬁold, while s = 0 corresponds to the limiting
deterministic step-function. Since the resting potential of u is zero, there is a nonzero chance the
neuron spikes while resting.

Given membrane potential u;, we define the instantaneous spike probability as

plug) = exp (min(o, — B)) : (1)

where o > 0 controls the width of the probabilistic region below threshold. For w; > 6, the firing
probability is 1, whereas for u; < # it decreases exponentially with distance from threshold. Larger
values of o broaden the subthreshold region where spontaneous spikes occur. See Figure 1 for
reference.

A spike at time step ¢ is then sampled as zgp) ~ Bernoulli(p(u;)) . This formulation preserves the
standard membrane update, but extends hard thresholding by a stochastic activation mechanism. As a
result, neurons become active even when their membrane potentials are below the deterministic firing
threshold, which helps to establish early spike propagation during learning. Figure 2 visualizes this
increase in activity.

2.3 Surrogate-gradient formulation

Bernoulli sampling is not differentiable, thus training requires a surrogate gradient approximation.
The forward pass uses sampled spikes, while the backward pass propagates gradients through a
surrogate function [6]:

my = U sg(g(ut)) (2)
z¢ = my — sg(my) + zgp) (3)

where zgp) ~ Bernoulli(p(u;)), g is a surrogate gradient function, and sg(-) denotes the stop-gradient
operator.

For the probabilistic neurons as well as the deterministic threshold-based baselines, we use the same
surrogate gradient framework as in prior work and approximate the derivative of the Heaviside step
function with a double-Gaussian surrogate [8]. In case of probabilistic neurons, we additionally
mix this surrogate gradient function with d%f’(“t) to provide better gradients for large negative
membrane potentials.

3 Results

We evaluated our PropLIF and PropPLIF neurons within recurrent SNNs on the Sequential-MNIST (S-
MNIST) and the Spiking Heidelberg Digits (SHD) benchmark. The models use recurrent architectures
with a single hidden layer of probabilistic spiking neurons and a leaky integrator readout. For S-
MNIST, we used a network of size (1,2568,10), and for SHD, a network of size (700, 128% 90,
where -R denotes the recurrent hidden layer. All models are trained with backpropagation through
time using a negative log-likelihood objective and selected by early stopping on the validation loss.
In the probabilistic variants, spike emission is controlled by the parameter &, which determines the
width of the subthreshold probabilistic firing regime; the values used in Table 1 are dataset- and
model-specific.
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Figure 2: Input response of a ProbLIF neuron with o = 0.5 over time. A: Random input. B: The
membrane potential u evolves based on the Input and is reduced by § = 1 whenever an output spike
occurs. C: Probability of a spike occurring. D: Stochastic spiking activity of the neuron.

4 Conclusion

We introduced probabilistic extensions of LIF and PLIF neurons—PropLIF and PropPLIF—which
preserve classical LIF membrane dynamics while replacing deterministic thresholding with stochastic
spike generation. This modification consistently improved learning, yielding faster convergence
and higher accuracy, in some cases with substantially fewer parameters. By allowing spontaneous
subthreshold spikes, the proposed neurons avoid the silent early-training regime of deterministic
SNNs and sustain activity during learning.

Overall, probabilistic spike generation provides a promising new perspective for compact and effective
SNNs. Future work should test this principle in other neuron models and explore its broader role as a
training mechanism for spiking networks.

Table 1: Comparison of model performance on S-MNIST and SHD datasets. Here, * denotes our
reproduced results using publicly available code, and ® denotes a fully recurrent layer. All other
layers are exclusively feedforward.

Dataset Method Neurons Parameters (k) Accuracy (%)

a PLIF [3] 1,64,256% 256,10 112.2/155.1 90.93/91.79

Z LIF [9] 1,64,256% 256,10 112.2/155.1 74.91/89.28

E_ ProbLIF (¢ = 1.2) (ours) 1,256%,10 68.36 95.78

w ProbPLIF (o = 1) (ours) 1,256%,10 68.62 97.09
LIF [2] 700,128%,20 108.80 71.40

= PLIF* 700,128% 20 108.69 76.15

Z ProbLIF (o = 1) (ours) 700,128% 20 108.54 79.99
ProbPLIF (o = 1.3) (ours) 700,128% 20 108.69 87.72
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Abstract

As Artificial Intelligence (AI) systems are increasingly deployed in safety-critical
and societally consequential contexts, the question of how to evaluate their perfor-
mance in a trustworthy and interpretable manner becomes increasingly important.
Within the European Union, this issue is reflected in the AI Act, which requires
training, validation, and testing datasets to be relevant and sufficiently represen-
tative with respect to the system’s intended purpose. This raises a fundamental
technical question: representative of what population of situations?

From a statistical perspective, performance metrics such as error rates or expected
losses are always defined with respect to a probability distribution. We refer to this
distribution as the Application Domain (AD). In practice, however, the AD of real-
world Al systems is rarely known in explicit mathematical form and must instead
be characterized operationally through the procedures by which valid samples are
generated or selected.

To address this problem, we introduce the Stochastic Application Domain
Definition (SADD), a textual specification of the sampling protocol that induces
the distribution under which performance claims are intended to hold. The SADD
links intended use, dataset construction, and statistical testing by making the
underlying data-generation assumptions explicit. We formalize the notion of
protocol-induced distributions, discuss how SADDs guide feasible sampling pro-
cedures, contrast the approach with qualitative domain descriptions such as Op-
erational Design Domains, and examine implications for the certification of Al
systems.

1 Introduction

Artificial Intelligence (AI) has become an integral part of many technical and societal domains.
Progress in machine learning (ML) and deep learning has been driven by large-scale datasets, in-
creased computational power, and advances in model architectures, leading to major scientific and
industrial breakthroughs in recent years (27; 7; 14; 24). At the same time, the deployment of ML
systems in real-world settings introduces risks that differ from those of traditional software. ML
systems are increasingly used in contexts affecting health, safety, economic participation, and funda-
mental rights, making the question of their trustworthiness a central concern in research, regulation,
standardization, and certification (4; 22; 23; 29; 16; 8; 13).

Within the European Union, these concerns are reflected in the AT Act, which introduces obligations
regarding the governance and quality of training, validation, and testing data. In particular, Article 10
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requires datasets to be relevant and sufficiently representative with respect to the intended purpose
of the system (1). This requirement raises a fundamental technical question: representative of what
population of situations?

From a statistical perspective, performance metrics such as error rates or expected losses are al-
ways defined with respect to a probability distribution. Reported model performance is therefore
meaningful only relative to a well-defined distribution of inputs and outputs. In this paper, we refer
to this distribution as the Application Domain (AD) of the system. For real-world ML systems,
however, the AD is rarely available in explicit mathematical form. Instead, it must be characterized
operationally through the procedures by which valid samples are generated or selected.

To address this problem, we introduce the concept of a Stochastic Application Domain Definition
(SADD). A SADD is a textual specification of the sampling protocol that induces the distribution
under which performance claims are intended to hold. In this way, the SADD links intended use,
dataset construction, and statistical evaluation, providing a basis for interpretable testing and inde-
pendent verification.

A simple example illustrates the underlying issue. Consider a kitchen knife designed for cutting
vegetables. Suppose the knife performs well in tests on broccoli, apples, and melons. Even so, this
result does not yet specify under which conditions the claim should be trusted. Performance may
differ between private and commercial kitchens, between types of produce, or across different usage
conditions. The same principle applies to ML systems: a performance claim is meaningful only
with respect to the population of situations under which the system is evaluated.

In ML, this issue is particularly important because testing relies on empirical estimates of expected
performance. Such estimates are informative only if the test samples can be understood as draws
from a well-defined domain of application (5). Different data-generation procedures may therefore
lead to different performance estimates even for the same system and nominal use case. The central
question is therefore not only which metric to report, but also how the relevant domain of evaluation
is defined. This is precisely the role of the Application Domain and, in the framework proposed
here, of the SADD.

1.1 Functional trustworthiness

For the purpose of functional trustworthiness assessment, three elements are essential (22):

(1) a clear Stochastic Application Domain Definition, which specifies the domain under
which the system is intended to operate and under which its performance claims are to
be understood;

(2) risk-based minimum performance requirements, which define which performance
quantities matter and what levels are acceptable in view of the risks of the intended ap-
plication and relevant foreseeable misuse scenarios; and

(3) statistically valid testing based on independent random samples, which enables perfor-
mance estimation under the application domain defined by the SADD.

This paper focuses on the first of these elements. Our claim is that, without a sufficiently ex-
plicit definition of the application domain, even a well-designed statistical test cannot yield a well-
interpretable guarantee.

2 Motivation and problem statement

The challenge of defining the application domain is closely linked to a fundamental difference be-
tween traditional software systems and ML systems. In traditional software engineering, the in-
tended functionality is typically specified in formal or highly structured terms. Developers encode
rules and procedures to solve tasks whose input—output relations are sufficiently well understood,
such as sorting algorithms, database queries, or cryptographic methods. In such cases, the domain
of valid inputs and the desired behaviour can often be described precisely.

ML systems differ in that the input—output relation is not explicitly programmed but learned from
data. Model behaviour emerges from optimization on examples rather than from a fully specified
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rule set, and the training objective may differ from the ultimate task-level performance criterion.! As
a result, the operational domain under which the system is expected to perform is often left implicit,
and performance claims may become detached from the conditions of actual use.

This issue can be expressed using the standard notion of statistical risk in machine learning. Let f
denote a model, L a loss function, and let (X,Y") ~ P denote the distribution of inputs and outputs
under which the system is evaluated. The statistical risk is defined as

R(f) = Ex yy~p[L(Y, f(X))]. (1)

Most learning algorithms estimate this quantity indirectly by minimizing the empirical risk, i.e., the
average loss on a finite dataset.

The key observation is that the risk in (1) is defined only with respect to the distribution P. Reported
model performance is therefore meaningful only relative to a specified distribution. If training,
testing, and deployment occur under different distributions, performance guarantees may not reflect
the behaviour of the system in its intended application setting.

In practice, however, the relevant distribution P is rarely known in explicit mathematical form. Real-
world data-generating processes are complex and shaped by institutional, temporal, geographical,
and technical constraints. Consequently, the application domain of an ML system typically cannot
be specified through a complete probabilistic model. Instead, it must be characterized operationally
through the procedure by which valid samples are generated or selected. In many empirical disci-
plines, the target of inference is defined in exactly this way: not through an explicit distribution, but
through a documented sampling or study protocol (19; 11; 25; 21).

3 The Stochastic Application Domain Definition

3.1 Application domains as probability distributions

Performance guarantees for ML systems are statistical statements. Whether one reports an error
rate, a sensitivity, a calibration quantity, or an expected loss, the reported number always refers—
implicitly or explicitly—to a distribution over relevant situations. In this sense, the application
domain of an ML system is the probability distribution under which its performance is to be inter-
preted.

This perspective is not optional. If the relevant distribution changes, then the meaning of the reported
performance changes as well. A system can perform excellently under one distribution and poorly
under another, even if the underlying task appears similar at a superficial level.

Instead of specifying this distribution analytically, we characterize it operationally through the
procedure by which valid samples are generated or selected. This motivates the notion of a
protocol-induced distribution.

3.2 Protocol-induced distributions

Let X denote the space of possible inputs. A practical sampling procedure can be understood as a
rule that uses randomness, together with operational constraints, to generate samples from A". Such
a procedure induces a probability distribution on the samples that can occur under that protocol.

Formally, let (2, F, P) be a probability space representing the randomness involved in the sampling
process, and let

g: Q=X (2)

be a measurable mapping that transforms this randomness into an observable sample. The protocol
then induces a probability distribution on X" via the pushforward measure

Pu(A)=P(g7'(4)) 3)

!For example, cross-entropy loss may be optimized during training while classification error is used for
evaluation; perplexity may be optimized although question answering quality is of ultimate interest.
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for all measurable sets A C &X. We call P the protocol-induced distribution and identify the
application domain with such a distribution.

This perspective implies that the application domain is not simply “the real world” or a vague
intended-use statement, but the distribution induced by a specified sampling protocol in a given oper-
ational setting. If different parties generate evaluation data using different protocols, they generally
induce different distributions, even if they believe they are evaluating the same use case. Reported
performance differences may therefore arise not from changes in the model, but from changes in the
domain of evaluation.

For certification and independent verification, this is crucial. A performance claim becomes inter-
pretable only if the underlying data-generation procedure is described clearly enough that another
qualified party can reconstruct the relevant distribution to a practically sufficient extent.

3.3 Definition of the SADD

Since the relevant application domain is typically not available as an explicit mathematical object,
it must be communicated in another way. We propose to do so through a textual, process-oriented
description of the protocol that induces the domain.

We call this description the Stochastic Application Domain Definition (SADD).

The SADD is therefore not only a statement of intended use, nor just a list of environmental con-
ditions, nor a benchmark description. It is a textual specification of the sampling protocol that
defines what counts as a valid draw from the application domain. Its purpose is to make explicit,
in operational terms, the process through which samples relevant for testing are to be generated or
selected.

A SADD should describe, as far as relevant for the intended use,

the real-world process or objects that give rise to the data,

 inclusion and exclusion criteria,

the geographical and temporal scope,
= the acquisition setting,

= relevant actors, devices, and procedural constraints, and

the rules according to which valid samples are selected or generated.

Once the application domain is understood as a protocol-induced distribution Py, performance quan-
tities can be defined in the standard statistical way. For a given evaluation functional ¢, one may
write

0= ]E(x,y)mpn [p(X,Y, f)].

In practice, @ is estimated using samples drawn according to the sampling procedure described by
the SADD. The interpretability of the resulting estimate therefore depends critically on the adequacy
of that procedure.

3.4 Interpretation of a SADD

A SADD is a textual document and therefore necessarily admits interpretation. Different stakehold-
ers may read the same SADD against different backgrounds and with different practical assumptions.
The goal of a good SADD is not to eliminate all interpretation—which would be unrealistic—but to
reduce ambiguity sufficiently for communication, testing, and certification purposes.

Figure 1a illustrates the individual perspective: a reader forms a subjective understanding of the do-
main under which the system’s performance claims are to be interpreted. This already has practical
value, because the SADD informs developers, distributors, auditors, and users about the realm of
intended application.

For certification purposes, however, a purely subjective reading is not sufficient. We therefore adopt
a normative interpretation principle based on the notion of a reasonably informed stakeholder.
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Figure 1: Interpreting the SADD. (a) A single informed user forms an individual understanding of
the application domain described by the SADD. (b) For certification purposes, interpretation should
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Figure 2: Deriving an operational sampling procedure from the SADD. An expert interprets the
textual SADD while considering the reasonably expected understanding of qualified stakeholders
and implements a feasible sampling procedure that approximates the intended application domain.

This notion is inspired by established approaches in legal and technical communication, where doc-
uments are interpreted not according to an arbitrary individual reading, but according to the under-
standing that can reasonably be expected from a qualified addressee in the relevant field.

In our context, the reasonably informed stakeholder is not a specific person but a reference construct.
It represents the level of domain-specific understanding that can reasonably be expected from a
competent actor in the intended field of application. The purpose of this construct is not to eliminate
all variability in interpretation, but to provide a common reference point for communication and
certification.

3.5 From SADD to sampling procedures

The practical purpose of a SADD is to describe how samples belonging to the application domain
can arise. In doing so, it specifies which inputs are admissible members of the domain and outlines
the conditions under which such samples occur in practice. In this sense, the SADD delineates a
meaningful region within the space of all theoretically possible inputs to the AI system and describes
a conceptual generative process for producing samples from this region.

In practice, however, the textual description of the SADD cannot usually be implemented literally.
Real-world constraints such as limited data access, legal restrictions, costs, or geographic limitations
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may prevent direct sampling from the idealized process described by the SADD. Therefore, the
SADD must be translated into a feasible sampling procedure that approximates the protocol-induced
distribution implied by the textual specification.

This translation is carried out by a domain expert who interprets the SADD while taking into account
the reasonably expected understanding of the relevant stakeholder community (see Fig. 2). The
resulting sampling procedure serves as an operational implementation of the SADD and provides
the concrete mechanism for generating evaluation data used in statistical testing.

3.6 Sampling strategies

Once a SADD has specified the conditions under which valid samples arise, a sampling design
is needed to generate evaluation data. Its role is to approximate the protocol-induced distribution
defined by the SADD as closely as practical.

This is closely related to classical sampling theory (15; 19). Possible designs include simple random,
cluster, and stratified sampling. Since different designs induce different effective distributions, they
also lead to different interpretations of reported performance metrics. The sampling strategy is
therefore part of the evaluation domain and should be explicitly documented and justified. Further
details are given in Appendix A.

3.7 Relation to existing domain description practices

It is useful to distinguish the SADD from other concepts used to describe the intended operational
setting of a system. A prominent example is the Operational Design Domain (ODD) in the auto-
motive context, which specifies the conditions under which a system is intended to operate, such as
weather, road type, traffic conditions, or time of day (17).

Such domain descriptions are valuable and often necessary. However, they do not by themselves
define a sampling protocol and therefore do not uniquely determine a probability distribution. Two
parties may fully agree on an ODD and nevertheless generate different evaluation datasets, thereby
implicitly evaluating the system under different effective domains.

The SADD differs in exactly this respect. It does not only describe under which conditions a system
is intended to operate, but also how valid samples from that domain are to be generated or selected.
In this way, it turns an intended-use description into a stochastic object that supports statistically
interpretable performance claims.

More broadly, several existing frameworks describe usage conditions, target populations, or contexts
of use, but typically do not define the evaluation domain as a probability distribution induced by an
explicit sampling protocol. The SADD is intended to complement these approaches by making this
statistical reference domain explicit. A more detailed comparison is provided in Appendix B.

4 Case Study

To illustrate the practical role of a Stochastic Application Domain Definition, we consider a simple
industrial inspection setting. The example is deliberately kept small in scope in order to isolate the
statistical point. The purpose of the case study is not to present a realistic certification procedure in
full detail, but to show how the meaning of a reported performance value depends on the sampling
protocol through which the application domain is operationalized.

4.1 Industrial inspection example and sampling interpretation

Suppose an Al system has been developed to detect scratches in the paint of metal parts produced
by a specific machine type operated at several locations in Austria. The system classifies each part
as either faulty or intact based on images taken during production (28). A company considering
deployment on its own machine cannot determine the suitability of the system solely from an over-
all accuracy value reported by the developer. Instead, the assessment must be made relative to the
intended application domain defined by the SADD and the statistical testing procedure used to esti-
mate performance.
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Figure 3: Influence of the sampling protocol on the interpretation of classification accuracy in the
metal-part inspection example. The leftmost panel shows the evaluation dataset induced by two
sampling strategies: simple random sampling from production (20% red, 80% blue) and stratified
sampling by color (50% red, 50% blue). The three panels on the right show different class-wise
performance profiles and the resulting aggregate accuracies under the two sampling strategies. Dark
segments denote correctly classified parts and light segments incorrectly classified parts; hatched
bars indicate the stratified design. The figure shows that aggregate accuracy is not self-interpreting
but depends on the sampling protocol that defines the reference distribution (28).

To illustrate this, assume that the metal parts occur in only two colors, red and blue, and that accuracy
is used as the performance metric. In actual production, suppose that 80% of parts are blue and
20% are red. Consider the two sampling strategies shown in Figure 3. Under Strategy A, the test
set is obtained by simple random sampling from production, so that the evaluation sample reflects
the natural 80/20 distribution and the reported accuracy estimates the probability that a randomly
selected production part is classified correctly. Under Strategy B, the test set is stratified by color
and both colors are sampled in equal proportions, so the resulting accuracy refers to a distribution
that assigns equal weight to both colors.

The difference becomes particularly visible when class-wise accuracies differ. If the system per-
forms well on blue parts but poorly on red parts, overall accuracy under simple random sampling
may still appear high because blue parts dominate production. A stratified evaluation would make
the weakness on red parts more visible by giving both colors equal weight. The key point is that per-
formance metrics are not self-interpreting: an accuracy value is always an expectation with respect
to some distribution. Different sampling strategies therefore lead to different interpretations of the
same reported number.

4.2 Relation to the SADD

The case study illustrates the practical function of the SADD. A sufficiently explicit SADD does not
merely state that the system is intended for “painted metal parts produced by machine A in Austria,”
but also clarifies in operational terms what counts as a valid sample for testing and how relevant
variation within the intended domain should be represented.

For example, the SADD may imply that the intended domain corresponds to the actual production
stream of eligible parts under ordinary operating conditions. In that case, simple random sam-
pling from production would naturally approximate the induced distribution. Alternatively, the
intended claim may concern balanced performance across relevant subdomains such as color cat-
egories, in which case a stratified design may be justified. In this way, the SADD connects the
informal intended-use statement to a concrete sampling design and determines which distribution
the evaluation aims to approximate, making the resulting performance measure interpretable and
open to independent scrutiny.

4.3 Lessons from the example
Even in this simplified setting, the example illustrates several general points. First, the claim that a

dataset is “representative” is incomplete unless the sampling protocol or induced distribution with
respect to which representativeness is asserted is made explicit. Second, different sampling strategies
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may be appropriate for different evaluation goals, but they should not be treated as interchangeable,
since they correspond to different application domains in the statistical sense developed in this paper.

Third, independent testing and certification require more than benchmark results or a generic
intended-use statement. They require a sufficiently explicit description of the domain under which
the performance claim is supposed to hold, which is precisely the role of the SADD. While the
example is intentionally simple, the same logic applies in more complex settings such as medi-
cal diagnosis, industrial quality assurance across multiple production sites, or multimodal systems
deployed under heterogeneous environmental conditions.

5 Limitations

The proposed framework has important limitations.

Residual ambiguity of textual definitions. Even a carefully written SADD remains a textual doc-
ument. Different qualified readers may still interpret certain terms or operational details differently.
The framework does not eliminate this issue; rather, it makes it explicit and seeks to reduce it
through better specification and normative interpretation. In practice, the expert deriving a sampling
procedure from the SADD may still introduce bias through their own assumptions about how others
would interpret the text.

Feasibility constraints in sampling. In many real-world settings, the ideal protocol suggested by
a SADD cannot be implemented exactly. Access restrictions, costs, legal constraints, and organi-
zational barriers may make direct sampling impossible. The resulting sampling design is then an
approximation of the intended domain. This does not invalidate the framework, but it means that
the relationship between the SADD and the actual sampling procedure must remain transparent and
justified.

Rare events and outliers. The framework is primarily designed to support statistically meaning-
ful evaluation on the intended application domain. It is not, by itself, a method for guaranteeing
performance on rare cases, extreme outliers, or adversarial situations that are only weakly repre-
sented under the induced distribution. Additional robustness analyses and targeted stress tests may
therefore still be necessary.

General-purpose Al General-purpose Al (GPAI) models pose a particular challenge for the frame-
work proposed here. Under the EU Al Act, general-purpose Al models are characterised by their
generality and their capability to competently perform a wide range of distinct tasks, rather than be-
ing tied to one narrowly specified purpose (1). Accordingly, at the foundation-model level, there may
be no single application domain in the sense discussed in this paper. Assessment at that level may
therefore focus on training procedures, benchmark results, documentation duties, or model-level
risk properties. However, once a GPAI model is integrated into or adapted for a specific downstream
task, it becomes meaningful again to define a task-specific SADD. At that stage, the same logic
proposed in this paper applies: functional trustworthiness claims should be interpreted with respect
to an explicitly defined application domain.

6 Conclusion and outlook

This paper introduced a statistical perspective on the intended use of ML systems. We argued that
performance guarantees are meaningful only with respect to a probability distribution, which we re-
fer to as the Application Domain (AD). Because this distribution is typically unknown for real-world
systems, we proposed the Stochastic Application Domain Definition (SADD), a textual specification
of the sampling protocol that induces the distribution under which performance claims are intended
to hold.

The SADD links intended use, representative data generation, and statistically interpretable testing.
It supports communication along the value chain by clarifying the scope under which performance
claims apply and provides the basis for deriving sampling procedures for statistically valid test-
ing and independent verification. The framework does not assume that application domains can
be specified perfectly; rather, it makes explicit that practical testing procedures inevitably rely on
approximations and therefore require transparent documentation.
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From a certification perspective, this transparency is essential. Process and documentation quality
alone cannot replace a meaningful assessment of the functional trustworthiness of the deployed ML
system. Future work should therefore investigate how SADDs can be standardized across sectors,
how their quality can be assessed, how disagreements in interpretation can be documented, and how
derived sampling procedures can be validated against the intended domain.
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A Common sampling strategies

The challenge of obtaining representative samples under practical constraints is well known in sta-
tistical sampling theory. There, one aims to draw samples from a target population by means of a
documented sampling design. We adapt these ideas here to the setting in which the target distribution
is defined not by a complete population list, but by a textual domain specification (15; 19).

A.1 Simple random sampling

A simple random sample is the conceptual gold standard for representative sampling, because every
eligible element has the same probability of being selected. If such sampling is possible, it provides
the cleanest basis for statistical inference.

In the context of a SADD, however, simple random sampling is often not feasible. It would re-
quire access to a sufficiently complete sampling frame corresponding to the intended application
domain. For many real-world ML applications, no such frame exists in explicit form. Even when
a partial frame exists, legal, economic, and logistical constraints often prevent direct random access
to all eligible units. For that reason, simple random sampling is usually best understood as an ideal
benchmark rather than a practically available design.

A.2 Cluster sampling

Cluster sampling addresses this difficulty by using naturally occurring groups, such as hospitals,
schools, factories, devices, or regions, as intermediate sampling units. Instead of sampling directly
from the entire target domain, one first selects clusters and then samples within them.

In a SADD-based setting, this is often a natural way of operationalizing the intended domain. The
sampling protocol may follow a hierarchical structure: for example, choose a country, then a clinic,
then a department, then a device, and finally an observation recorded with that device. Each stage
corresponds to an explicit design choice in the operational sampling protocol.

For cluster sampling to approximate the intended application domain well, the clusters should be
chosen in a way that does not systematically distort the target domain. In practice, cluster sampling is
often more feasible and cost-effective than direct random sampling, but it usually increases sampling
variance and requires explicit treatment of intra-cluster dependence in the statistical analysis (15;
19).

A.3 Stratified sampling

Stratified sampling divides the domain into relevant subgroups, or strata, and samples separately
within each of them. In contrast to cluster sampling, strata are defined to be internally homogeneous
with respect to selected characteristics, while the full set of strata captures domain variability.

In a SADD-based framework, stratification is appropriate when certain variables are known to be
relevant for the intended application domain, such as country, device type, age group, clinical sub-
group, or environmental condition. The stratum definitions and the allocation of samples across
strata must then be made explicit.

Stratified sampling can improve precision and ensure that important subdomains are adequately
represented. However, it requires that eligible units can be assigned to strata in a meaningful way
and that the weighting scheme used for aggregate performance estimation is taken into account when
interpreting overall results (15; 19).
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B Positioning with Respect to Existing Approaches

The problem of specifying the conditions under which the performance of an Al system should
be interpreted arises in multiple research communities, including software reliability engineering,
autonomous systems safety, machine learning documentation, and clinical Al evaluation. Existing
approaches operationalize the application domain in different ways, typically emphasizing either
usage distributions, operational conditions, target populations, or structured documentation of in-
tended use. In the following, we review the main strands of work relevant to the specification of the
application domain.

B.1 Operational profiles in software reliability engineering

One of the earliest formal approaches to operationalizing the domain under which software reliabil-
ity claims should be interpreted is the operational profile introduced by Musa (21). An operational
profile is a quantitative characterization of system usage, defined as a probability distribution over
the operations or input classes that occur during actual use. The operational profile is used to guide
testing and reliability estimation by ensuring that test cases are sampled according to the expected
usage distribution.

This idea closely parallels the statistical perspective adopted in this paper: reliability or performance
metrics are meaningful only relative to a distribution of use cases. However, operational profiles are
typically defined over software operations or usage events rather than over real-world situations that
generate inputs to a machine learning system. As a result, they are well suited to traditional software
systems but less directly applicable to modern ML systems whose inputs arise from complex real-
world processes.

B.2 Operational design domains in autonomous systems

In the domain of automated driving, the most widely used concept for describing the scope of system
operation is the Operational Design Domain (ODD). The ODD specifies the conditions under which
an automated driving system is designed to function safely, including environmental conditions,
road types, traffic situations, and geographical or temporal constraints (26; 18).

The ODD provides a structured way of describing the operational context of a system and is widely
used in safety cases and certification processes for automated driving. Recent standardization efforts
such as ASAM OpenODD further aim to formalize ODD descriptions and provide machine-readable
representations of operational domains.

While ODDs provide an explicit specification of admissible operating conditions, they typically
do not define a sampling procedure or probability distribution over situations within the domain.
Consequently, different parties may evaluate the same system within the same ODD using different
datasets and thereby implicitly evaluate different effective distributions. In contrast, the framework
proposed in this paper explicitly links the domain specification to a stochastic sampling protocol.

B.3 Target population and intended setting in clinical AI

In clinical prediction modeling and medical Al, a related problem is addressed through the specifi-
cation of the target population, intended setting, and intended use of a model. Reporting guidelines
such as TRIPOD-AI require authors to document the healthcare setting, target population, intended
purpose, and intended users of a predictive model (6).

Closely related concepts include targeted validation and risk-of-bias assessment frameworks such as
PROBAST, which evaluate whether a study population and setting are representative of the intended
use of the model (31). These approaches emphasize that model performance must be interpreted
relative to the population and setting in which the system is intended to operate.

Compared with the framework proposed here, these approaches primarily specify the population
and setting for which a model is intended, but typically do not formalize the statistical domain as a
distribution induced by an explicit sampling protocol.
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B.4 Context-of-use frameworks in regulatory evaluation

Regulatory frameworks for Al and computational models increasingly emphasize the notion of
context of use. For example, recent FDA guidance on AI models used in regulatory decision-making
defines the context of use as the specific role and scope of the model within a decision process (30).
The context of use describes how model outputs will be used, the question being addressed, and the
consequences of model errors.

Such frameworks operationalize the domain of application by situating the model within a specific
decision workflow. While this provides important information about the purpose and risk impli-
cations of the model, it does not directly specify the distribution of situations under which model
performance should be evaluated.

B.5 Documentation frameworks for Al systems and datasets

A growing body of work proposes structured documentation frameworks to describe the intended
use and limitations of Al systems and datasets. Model Cards (20) aim to communicate key informa-
tion about machine learning models, including intended uses, evaluation conditions, and potential
limitations. Similarly, Datasheets for Datasets (9) and Data Statements for NLP datasets (3) doc-
ument dataset provenance, composition, and intended uses in order to improve transparency and
enable more responsible deployment.

Related proposals such as FactSheets (2), Use Case Cards (12), and Al Cards (10) extend this idea
to broader Al system documentation, including usage scenarios, system capabilities, and potential
risks. These approaches help clarify the contexts in which a system is expected to be used and
discourage deployment outside the intended domain.

However, these frameworks primarily focus on documentation and communication rather than on
defining a statistical reference distribution for evaluation. As a result, they provide valuable contex-
tual information but do not by themselves specify how representative evaluation datasets should be
generated.

B.6 Position of this work

Taken together, existing approaches operationalize the application domain of Al systems in sev-
eral complementary ways: through usage distributions (operational profiles), operational condi-
tions (ODDs), target populations and settings (clinical evaluation frameworks), decision contexts
(context-of-use models), and structured documentation of intended use.

The framework proposed in this paper builds on these ideas but emphasizes the statistical inter-
pretation of performance claims. Specifically, we model the application domain as a probability
distribution induced by a sampling protocol and introduce the Stochastic Application Domain Defi-
nition (SADD) as a textual specification of that protocol. This perspective explicitly links intended
use descriptions with the sampling procedures required for statistically interpretable evaluation.

C Operationalization of Dataset Representativeness through the Stochastic
Application Domain Definition (SADD)

C.1 Scope

This section specifies requirements and procedures for operationalizing the requirement of dataset
representativeness as stated in Article 10(3) of Regulation (EU) 2024/1689 (Artificial Intelligence
Act). It defines the concept of the Stochastic Application Domain Definition (SADD) and establishes
requirements for its use in the specification, construction, and evaluation of testing datasets for Al
systems.

The provisions of this section apply to the development, evaluation, and certification of Al systems
for which performance claims are made with respect to an intended application domain. The ob-
jective is to ensure that reported performance metrics are interpretable and statistically valid with
respect to the conditions under which the Al system is intended to operate.
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Approach Domain Operationalization Dist.? Use context
representation
Operational Profile Usage Probability distribution Yes Software
(21) distribution over software operations reliability
or usage events engineering
Operational Design Operational Admissible environmental No Automated driving
Domain (ODD) conditions and operational constraints safety and
(26; 18) certification
Target Population / Population and Specification of target Partial Clinical prediction
Intended Setting (6; 31) setting population, intended and medical Al
setting, users, and purpose
Context of Use (COU) Decision context Role and scope of the No Regulatory
(30) model in a decision evaluation
workflow
Model Cards (20) Intended use and  Structured documentation No Model
evaluation of intended uses, results, transparency and
conditions and limitations documentation
Datasheets / Data Dataset Documentation of Indirect  Dataset
Statements (9; 3) provenance and composition, collection, documentation
population demographics, and and bias analysis
intended uses
FactSheets / Al Usage scenarios  Structured documentation No Al governance and
documentation and governance of use cases, risks, and certification
frameworks (2; 12; 10) operational scope documentation
SADD (this work) Stochastic Textual specification of a Yes Statistical
application sampling protocol evaluation and
domain inducing an evaluation certification

distribution

Table 1: Comparison of existing approaches for specifying the application domain of Al systems.
Existing approaches typically operationalize the domain through conditions, populations, work-
flows, or documentation frameworks. In contrast, the Stochastic Application Domain Definition
(SADD) explicitly links the intended application domain to a sampling protocol that induces the
probability distribution under which performance claims are interpreted.

C.2 Normative references
The following documents are referred to in this section and are indispensable for its application.

= Regulation (EU) 2024/1689 of the European Parliament and of the Council (Artificial In-
telligence Act)

» ISO/IEC TR 24028:2020, Information technology — Artificial intelligence — Overview
of trustworthiness in artificial intelligence

C.3 Terms and definitions

For the purposes of this section, the following terms and definitions apply.

Application domain (AD). Probability distribution over relevant input—output situations under
which the performance of an Al system is intended to be interpreted.

Stochastic Application Domain Definition (SADD). Textual specification of the sampling pro-
tocol that induces the probability distribution corresponding to the application domain.

Protocol-induced distribution. Probability distribution over admissible samples resulting from
the stochastic procedure specified by the sampling protocol described in the SADD.

Evaluation dataset. Dataset constructed for the purpose of estimating the performance of an Al
system with respect to the application domain defined by the SADD.
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Sampling procedure. Operational implementation of the sampling protocol defined in the SADD
used to generate or select evaluation samples.

C.4 General principle of representativeness

For the purposes of Article 10(3) of the Artificial Intelligence Act, a dataset shall be considered
representative if it is generated according to a sampling procedure that approximates the protocol-
induced distribution defined by the SADD.

Representativeness shall therefore be interpreted with respect to the application domain defined by
the SADD and not solely with respect to superficial similarity to real-world data or previously used
datasets.

Performance metrics reported for an Al system shall be interpreted as estimates of statistical quan-
tities defined with respect to the protocol-induced distribution associated with the SADD.

C.5 Requirements for the Stochastic Application Domain Definition

A SADD shall be documented for each Al system for which performance claims are made.
The SADD shall include the following elements, where applicable:

1. description of the real-world process, environment, or objects that generate the inputs to
the Al system;
specification of inclusion and exclusion criteria defining admissible samples;
description of the geographical and temporal scope of the intended application;
description of relevant actors, devices, sensors, and data acquisition procedures;
description of relevant operational constraints or conditions;
description of the mechanism through which valid samples arise in the real-world process;

specification of any relevant stratification variables or subdomains;

® Nk

description of foreseeable sources of variation within the application domain.

The SADD shall be documented in a manner that enables a qualified independent party to reconstruct
a sampling procedure that approximates the intended application domain.

C.6 Derivation of sampling procedures

A sampling procedure shall be derived from the SADD for the purpose of constructing evaluation
datasets.
The derivation of the sampling procedure shall satisfy the following requirements:
1. The procedure shall approximate the protocol-induced distribution defined by the SADD
to the extent that is reasonably achievable in practice.

2. The procedure shall be documented in sufficient detail to allow independent reproduction
of the sampling process.

3. Any deviations from the idealized sampling protocol implied by the SADD shall be docu-
mented and justified.

The derivation of the sampling procedure shall be carried out by a qualified domain expert or by a
team possessing expertise in the application domain and statistical sampling methodology.

C.7 Sampling design

Evaluation datasets shall be generated using a documented sampling design consistent with the
SADD.

The sampling design may include one or more of the following strategies:
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= simple random sampling,

stratified sampling,

cluster sampling,

* multi-stage sampling.
The choice of sampling design shall be justified with respect to the characteristics of the application
domain and the feasibility constraints of data collection.

Where stratified sampling is used, the definition of strata and the weighting scheme used for aggre-
gate performance estimation shall be documented.

C.8 Construction of evaluation datasets

Evaluation datasets used for testing Al systems shall satisfy the following requirements:

1. The dataset shall be constructed using the sampling procedure derived from the SADD.
2. The sampling process shall be documented and auditable.

3. The dataset shall contain sufficient information to enable verification of compliance with
the SADD.

4. The dataset shall be independent of the training and validation datasets used in model de-
velopment, unless otherwise justified.

The dataset size shall be determined based on statistical considerations, including the desired preci-
sion of performance estimates.

C.9 Documentation requirements

The following documentation shall be maintained and made available to relevant stakeholders or
conformity assessment bodies:

« the Stochastic Application Domain Definition;

« the derived sampling procedure;

« the sampling design and its justification;

= the dataset construction process;

= any deviations from the intended sampling protocol;

« statistical methods used for performance estimation.

The documentation shall allow an independent assessor to evaluate whether the evaluation dataset
reasonably approximates the intended application domain.

C.10 Interpretation of performance metrics

Performance metrics reported for the Al system shall be interpreted as statistical estimates with
respect to the protocol-induced distribution defined by the SADD.

Reported performance values shall therefore be accompanied by:

» areference to the SADD under which the evaluation was conducted;
« the sampling design used to construct the evaluation dataset;

« the statistical uncertainty associated with the performance estimate.

Where evaluation datasets are generated using different sampling procedures, the resulting perfor-
mance estimates shall be interpreted as referring to different effective application domains.
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C.11 Limitations

The SADD framework does not eliminate all sources of ambiguity in the specification of application
domains. Interpretation of a SADD shall be guided by the understanding that can reasonably be
expected from qualified stakeholders in the relevant application domain.

Where practical constraints prevent exact implementation of the sampling protocol described in the
SADD, the resulting sampling procedure shall be documented as an approximation of the intended
domain.

Additional robustness testing, stress testing, or targeted evaluation may be required to assess per-
formance in rare, extreme, or adversarial situations that are not adequately represented under the
protocol-induced distribution.
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Abstract

Passing as human in a room full of people requires more than fluent speech, it
demands reading the room. While Large Language Models (LLMs) have trans-
formed human-AlI interaction in a one-to-one setting, they still fall short in multi-
user conversational settings where social dynamics define the interaction. In such
environments, a conversational agent that merely generates coherent text will
struggle to maintain consistent socially plausible behavior. We propose a struc-
tured Theory of Mind (ToM) framework that equips conversational agents with the
cognitive machinery to reason over participant beliefs, intentions, and evolving
group dynamics in real time. Rather than relying on a single LLM prompt, our ar-
chitecture decomposes social reasoning into explicit modules—a knowledge base,
belief system, goal generator, and intention planner—coupled with a dual-process
response architecture that balances immediacy with strategic depth. To evaluate
this approach, we deployed the framework within the Turing Game and Reverse
Turing Game environments, further enhancing the agent’s plausibility with a simu-
lated human-like response timing algorithm. Preliminary evaluations demonstrate
that our ToM-equipped agent exhibits stronger conversational coherence, sustains
longer exchanges, and is less frequently identified as a bot compared to its prede-
cessor without structured social reasoning.

1 Introduction

In recent years, LLMs have revolutionized the world due to their ability to create coherent and
meaningful written content and to engage in text-based conversations with humans (T. B. Brown et
al. 2020; OpenAl 2023). This success can largely be attributed to advances in deep learning archi-
tectures, the availability of large-scale training data and increased computational resources (Vaswani
et al. 2017; Kaplan et al. 2020). These developments have significantly advanced the state of the
art in natural language processing. While most of the work in this field is focused on single-user
interaction settings, multi-user interaction environments are a more complex, understudied domain.
LLMs often struggle to maintain coherent behavior in multi-party interactions, particularly in sce-
narios that require social reasoning (Fang et al. 2025). In the context of multi-user environments
LLMs suffer from the alignment problem, where the behavior of the model may diverge from hu-
man intentions (Nath, Graff, and Krishnaswamy 2026). This mismatch arises because these models
are trained to optimize statistical objectives such as next token prediction and do not necessarily
produce responses that align with human expectations (Russell 2019; Ouyang et al. 2022). Humans
have a Theory of Mind to reason about the perspectives and beliefs of others (Premack and Woodruff
1978). This capability enables individuals to anticipate the reactions of others and adapt accordingly
during social interaction. This reasoning plays a crucial role in maintaining coherent conversation
in multi-conversational settings (Clark 1996). However, LLMs do not possess this capability due
to their inherent design. It is necessary to incorporate ToM reasoning into the conversational agent
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to maximize socially coherent behavior, because communication relies on shared intentionality be-
tween participants (Tomasello 2008). If the agent lacks this ability, it may fail to correctly predict
the intentions of other participants, which could lead to socially incoherent responses. Modeling the
beliefs, intentions, and goals of others enables the conversational agent to behave in a socially co-
herent way. This paper proposes a framework for multi-user interactive agents that incorporate ToM
reasoning, tackling the problem of enabling socially aware interactive agents in multi-user settings.
Our framework is novel in that it integrates ToM reasoning and incorporates human-like response
timing. By modeling beliefs and intentions of others the agent is able to understand social dynamics
and can successfully compete in multi-user conversations. Furthermore, this work aims to highlight
the importance of integrating social reasoning components into conversational agents and show the
limitations of relying solely on LLMs in multi-user conversational settings.

2 Related Work

2.1 Interactive Agents in the Turing Game

The Turing Game extends the classical Turing Test proposed by Alan Turing (Turing 1950). In
the Turing Game three parties communicate solely through text in a shared chatroom. Each round
consists of two human participants and one conversational agent. For the human players the goal is
to correctly identify the agent. The interactive agent attempts to naturally engage in the conversation
and remain indistinguishable from human participants.

Moreover, we consider a variation called the Reverse Turing Game, where two conversational agents
communicate with one human. In contrast to the original Turing Game, this setting forces the bots
from merely fitting in the group’s dynamic to taking a more active part, and thus is more challenging
than the original design. This setting places stronger demands on the agents’ ability to generate ap-
propriate responses. Nevertheless, it provides valuable insights into the dynamics of a conversation
held solely between two interactive agents. Without the inputs of a third human party, the interactive
agents struggle to sustain creative dialog. The performance of the conversational agent is strongly
influenced by the quality of interaction with human participants. The performance increases when
a human participant is more active and engaging. Developing agents capable of initiating and sus-
taining dialogue without relying entirely on human guidance establishes a foundation for supportive
technologies to assist in e.g. healthcare systems.

A

| |

Figure 1: Left: the classical Turing Test (Turing 1950) features a judge who decides which inter-
locutor is the machine, while the other human serves mainly as a comparison counterpart. Right:
the Turing Game assigns both humans the dual role of independently identifying the machine while
simultaneously supporting the other human; the pair wins only if both humans correctly identify the
machine (Lewandowski et al. 2024).

2.2 Theory of Mind in AT and LLMs

Theory of Mind in the context of Al, Tang and Belle (2024) advanced neural architectures by dele-
gating ToM reasoning to external symbolic executors, demonstrating that machines can execute ver-
ifiable false-belief tests with greater logical consistency. Complementing this architectural perspec-
tive, Zhu, Z. Zhang, and Yizhou Wang (2024) showed that LLMs internally form linearly decodable
belief-state representations, and that manipulating these via activation editing dramatically alters
ToM performance. Whether LLMs inherently possess Theory of Mind remains contested, however.
Street et al. (2026) reported that GPT-4 not only solves standard false-belief tasks but achieves adult
human performance on higher-order ToM evaluations. Conversely, Riemer et al. (2025) argued that
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existing ToM benchmarks are broken for evaluating LLMs, showing that trivial, logically irrelevant
modifications cause LLMs to fail and introducing the concept of “functional theory of mind”—the
ability to adapt to partners in context—on which even strong models collapse. Sclar et al. (2025)
dramatically extended these fragility findings through program-guided adversarial data generation,
reporting that Llama-3.1-70B achieves approximately 0% and GPT-4o approximately 9% accuracy
on adversarially generated ToM stories. J. Hu, Sosa, and Ullman (2025) provided a theoretical
framework reconciling these contradictory results, arguing that disagreements stem from conflating
human behaviors with the computations underlying them. On the evaluation side, Chen et al. (2024)
systematically assessed ToM across 8 tasks and 31 social cognition abilities, finding that even GPT-4
lags behind human performance by over 10 percentage points. J. Zhou et al. (2025) corroborated
this fragility across expansive social intelligence tasks, showing that LLMs continue to perform well
below human levels when navigating complex, goal-oriented social interactions. To bridge the gap
between theoretical ToM capabilities and the demonstrated fragility in social tasks, our work intro-
duces a structured cognitive architecture. By explicitly computing internal states, such as dynamic
beliefs, intentions, and goals, our system moves beyond simple prompting to provide a more stable,
functional Theory of Mind for complex multi-user interactions.

2.3 Multi-Party Conversational Al

The majority of dialogue research is focused on dyadic interactions. However, multi-party set-
tings introduce distinct challenges, such as state of mind modeling, conversation disentanglement,
and agent action modeling (Sapkota et al. 2025). To systematically evaluate these capabilities, M.
Zhang et al. (2026) introduced MPCEval, which provides reference-free metrics that assess full-
conversation generation and speaker-content consistency, moving beyond local next-turn prediction.
For multi-party conversation understanding, Sun et al. (2025) leveraged pre-trained LLMs with
speaker-aware contrastive learning for multi-party dialogue generation, outperforming baselines
without requiring explicit relation annotations. Shifting past early text-only datasets like Molweni,
Yueqgian Wang et al. (2025) introduced Friends-MMC, a new high-density multimodal corpus con-
taining tens of thousands of video-paired utterances to explore character-centered understanding and
speaker identification, while Shi et al. (2025) introduced MuMA-ToM, a multi-modal benchmark for
mental reasoning in multi-agent interactions with questions about goals and beliefs. Most relevant
to complex group setups, E. Hu et al. (2025) explicitly studied conversational agents in dynamic
environments mixing humans and Al, providing orchestration tools to manage the dual challenge
of deciding when to speak and producing contextually coherent utterances in hybrid conversations.
On the multi-agent side, Tran et al. (2025) surveyed how LLM-based multi-agent systems leverage
natural language for coordination in group settings, covering cooperation, competition, and mixed
scenarios. Regarding Theory of Mind in conversational agents Sapkota et al. (2025) highlighted that
ToM remains essential for intelligent multi-party conversational agents. Building on this need for
better multi-party coordination, our research addresses the challenge of conversation management
by giving the agent explicit memory of different players. By implementing a dual-process system
that controls response timing and separates fast reflexes from slower deliberation, our agent can
naturally decide when to speak and effectively participate in three-player discussions.

2.4 Social Reasoning, Belief Modeling, and Social Deduction Games

Reasoning about others’ beliefs and intentions in interactive settings has been explored through so-
cial simulation and game-playing agents (Piao et al. 2025; Bougie and Watanabe 2025). In social
deduction games, Song et al. (2025) showed that LLMs produce fluent rhetoric in Werewolf but
struggle with genuine deception and counterfactual reasoning, while Sarkar et al. (2025) doubled
win rates over standard RL baselines by training language models via multi-agent reinforcement
learning in an Among Us—based environment. To address such vulnerabilities, S. Wang et al. (2024)
introduced Recursive Contemplation for Avalon, improving good-side win rates from 15% to 83.3%,
and Lightet al. (2025) enabled LLMs to self-improve via bi-level Monte Carlo Tree Search, reaching
human-level play without human training data. For ToM in game-playing agents, Guo et al. (2024)
and Kempinski et al. (2025) showed that first- and second-order belief modeling yields stronger
strategies in imperfect-information games. In line with these advancements, our work applies ex-
plicit belief modeling to the Turing Game. Rather than relying on reinforcement learning or search
trees, our agent uses a continuous cognitive loop to monitor suspicion levels, identify potential allies,
and dynamically adjust its conversational strategy to avoid being detected as a bot.
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3 Methods

In multi-user conversational settings, a conversational agent faces a fundamentally different chal-
lenge than in one-to-one human-Al interaction. It must respond under real-time social pressure
and maintain behavioral plausibility across an extended discourse with several participants. In or-
der to equip the conversational agent with this ability, we do not rely solely on a monolithic LLM
prompt. We design a conversational agent that leverages a structured ToM reasoning pipeline to-
gether with planning ahead in message generation. The paradigm differs fundamentally from the
standard LLM interaction pattern. Instead of generating responses only when prompted, the agent
continuously maintains a candidate response and continuously updates its own state of mind accord-
ing to the perception of messages. As the base model for response generation, we use the reasoning
LLM GLM-4.7-flash, since it outperformed different LLMs in the setting of the Turing Game. This
approach maximizes social understanding and promotes coherent conversational behavior.

Episodic Memary
ETH
v I‘«iy
'
ToM state at
time step t-1 -FGeﬂex Arch Prompt
Timed Message

Cognition Arch
Prompt

| ToMstate at
time step ¢

Intentions.

ToM State J

Figure 2: Our ToM framework. Incoming messages are stored in the chat-store, which serves as an
episodic memory, and processed through two concurrent architectures. (1) Upon receiving a mes-
sage, the reflex arch uses the ToM state from the previous time step (¢ — 1) to generate a fast, short
response and schedules it via the timing mechanism (Subsection 3.3). In parallel, the cognition arch
performs a full sequential update of all ToM states. (2) First, the episodic memory is compressed
into the knowledge base, which extracts factual observations such as message type and behavioral
patterns of other participants. (3) The belief system then uses the updated knowledge base to model
beliefs about the other players, including suspicion levels, bot-like behavioral tells, and alliance po-
tential. (4) The intention system integrates the updated beliefs with the current goals to determine
the next strategic action, such as accusing, allying, or probing a specific player. (5) The goal gener-
ation module dynamically derives a concrete immediate goal from the agent’s preferences, beliefs,
and intentions. The cognition arch then uses the fully updated ToM state at time step ¢ to compose
a contextually richer response, which overwrites the reflex arch message if it has not been executed
yet. Finally, the timed message mechanism schedules the selected response with a human-like delay
and sends the message once the timer is expired.

3.1 Parallel Response Generation

Unnatural response gaps are among the signals human players use to identify bots. To maintain
the conversational flow, the interactive agent must find a balance between immediacy and deeper
reasoning. To address this problem we designed a dual-process response architecture inspired by
Kahneman (2011) distinction between fast, intuitive cognition—implemented as reflex arch, and
slow, deliberate reasoning—implemented as cognition arch. The reflex arch aims to provide a fast
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but sound response. In contrast, the cognition arch aims to provide a slower but more deliberate
response, incorporating ToM states. At any point in the interaction however, a candidate response
is maintained and ready to be dispatched, thereby maintaining the invariance condition that a valid
response is always available.

All messages get processed in the following manner: Upon receiving an incoming message, the
reflex arch immediately generates a short, low-latency reply using only the agent’s most recent
mental state—its current beliefs, goals, and intentions as they stood before the new message arrived.
In parallel, a cognition arch running as a background loop performs a full update of the agent’s
internal mental model based on the latest message and then generates a richer, strategically more
informed reply. Both pathways write to a shared message slot with a scheduled send timestamp
in order to avoid duplicate messages. A dedicated sender loop monitors this slot and dispatches
whichever message is current when the timer expires. Crucially, if the cognition arch completes
before the reflex message is sent, it overwrites the planned message with its higher-quality output.

3.2 Theory of Mind Framework

The interactive agent must track each player’s identity, behavior, and suspicions over time, in order
to adapt its responses and maintain plausible participation in the game. Previous interactive agents
that use a simple input-output LLM system failed in maintaining coherent multi-party conversations
over extended periods of time, showcasing that relying on a single LLM prompt for all reasoning is
insufficient (Laban et al. 2025; Nonomura and Mori 2024; Lewandowski et al. 2024). In this frame-
work the interactive agent tended to forget earlier observations or contradict its own assessments.
As a result we introduced a structured ToM state representation that explicitly stores and interprets
the observation of the other players, imitating the human social thinking process. The goal is to
maximize social coherence in the conversation.

The state of mind of the bot is structured in a Chat Store, Knowledge Base, Belief System, Goal
Generator, and an Intention Module. The Chat Store serves as an episodic memory based on the
conversation history. First, the Knowledge Base Prompt extracts factual observations from the Chat
Store, like questions asked or facts that are explicitly provided by other users. Following, the Belief
System Prompt updates a mental model for each opponent. This is the core component of the theory
of mind idea. In contrast to the Knowledge Base, that represents explicitly exhibited facts from the
other players, the Beliefs aim to reflect the non-explicit or hidden intentions and properties of the
other players. This also includes what the bot believes about the identity of the other players, i.e.
if the other player is a bot or a human, and which other player might have which suspicions about
the very bot itself or about the third player. This reasoning is highly relevant in the course of the
game in order to raise accusations or answer to explicit suspicions in the chat. The Goal Generation
Prompt maintains or updates a single strategic objective based on the current game state and static
preferences. The goal gives a short and explicit notion of the current strategy, like gather background
information from player red or accuse player blue or convince player yellow to accuse player blue.
The Intention System Prompt combines beliefs and goals into a detailed action plan, still formulated
in the style of an inner dialog, containing reasonings and strategic thoughts. Based on this stage
by stage well-thought and reasoned, structured state of mind it is at any time possible to generate a
single next message for the chat. The detailed representation of the ToM states helps the interactive
agent to maintain a coherent and balanced conversation. All of the ToM states are accessed, written
and combined using few-shot prompting techniques.

The next section gives a short description of the used prompts corresponding to each action. The
reflex prompt is intentionally concise and constrained in order to approximate a rapid human re-
sponse. The goal is to maintain the flow of conversation without inducing noticeable delays. The
reflex prompt uses the current perception and cognition states as context to produce a brief candidate
response. Concurrently with the reflex cycle, the conversational agent initiates the cognition prompt,
which starts the cognition cycle. This cycle takes longer to complete because it must update all in-
ternal ToM-states. Specifically, it is responsible for updating the Knowledge Base, Beliefs, Goals,
and Intentions before drafting a candidate message. The system prompt aims to provide the conver-
sational agent with essential information such as the game rules of the Turing Game and the desired
communication behavior. Moreover, the conversational agent is assigned a persona. A persona is a
short description of a person e.g. profession, hobbies and music preferences. This aims to improve
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social coherence in a conversation and makes the conversational agent less susceptible to specific
questions. The persona is generated on the fly before the start of each round using a LLM.

3.3 Planning Ahead in Message Generation

Time management is vital in multi-user conversational settings (Sacks, Schegloff, and Jefferson
1974). Since LLMs have no conception and feeling for time, human-like response timing does not
emerge naturally from the model. In human conversations, response delays are shaped by cognitive
processes, such as reading, writing and analyzing. The human thinking process is inherently differ-
ent to the way LLMs process information. Responses created by an AI may appear unnaturally fast
and would not appear natural in human communication. To counteract this problem, we introduced
a response timing algorithm. This not only prevents the interactive agent from exhibiting unnatural
response times, but also utilizes these generated pauses for active observation. By monitoring how
the game evolves and waiting for other players to respond, the agent maintains a natural conver-
sation flow. Thus, the challenge is to implement a bridging mechanism between the typical LLM
agent-like process and a time-aware simulation of social interactions. We solve this problem by
explicitly modeling a target time, at which a newly created message is to be sent to the chat. This
results in the invariance condition of the system, that every internal thinking process that updates
the bot’s state of mind a valid plan for the future message, i.e. time and content, that is to be sent
next has to be maintained. As a fallback mechanism, the bot guarantees that a subsequent message
is always prepared and held in reserve, immediately after the bot sends a response.

Human-Like Response Timing. Beyond the content of messages, a conversational agent in a
multi-user setting risks exposure through temporal artifacts, response latencies that are either un-
naturally fast or unnaturally uniform. To counteract this, we designed a timing simulation layer
that models human typing speed (Card, Moran, and Newell 1980; Stivers, Enfield, P. Brown, et al.
2009). Modeling realistic response timing is particularly important in multi-party conversational
environments, where participants may implicitly evaluate the authenticity of an interlocutor not
only through linguistic content but also through temporal interaction patterns. To simulate natural,
human-like text conversations, the system calculates response timing in two steps. First, it accounts
for the time required to write the message, let L denote its length in characters. Coupled with par-
allel response generation, this two-step design provides a solid setup for imitating realistic human
delay and message planning.

For reflex responses, the delay d,. is defined as

4 =2 +UG,5) m
For cognition responses, the delay d.. is defined as
de= % +U(4,7) @

where L is the length of the incoming message in terms of characters and where U(a, b) denotes a
random sample drawn from a uniform distribution over the interval [a, b]. The denominator is a con-
stant and represents the writing speed. This algorithm combines a deterministic writing term with a
stochastic cognitive term and mirrors the stage-based decomposition of human response time pro-
posed by Sternberg (1969), where total latency arises from the sum of independent processing-stage
durations. The use of a uniform rather than a normal distribution is particularly well-suited here, as
it prevents the generation of extreme outlier delays that could serve as detectable temporal cues to
conversation partners (Lew et al. 2018). Indeed, Gnewuch et al. (2018) demonstrated empirically
that dynamically delayed chat-bot responses—scaled to message complexity—significantly increase
perceived humanness and social presence over near-instant replies.

3.4 Accusation Mechanism in the Turing Game.
The Turing Game served as fundamental testbed for studying these challenges in a controlled multi-

user environment. The methods described in the following section where designed to address core
behavioral requirements that rise for this setting. In the setting of the Turing Game the humans
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can only win if they accuse the same participant of being the conversational agent. Accusations
are made by selecting a button corresponding to the participant. In the game each participant is
represented by a distinct color, to facilitate identification among players. Moreover, we integrated
the possibility for conversational agent to vote as well, using a deep neural network that operates
on message embeddings (Szolga 2025). This classifier creates a score upon a given message. A
negative score indicates the message is likely written by a human, and a positive score means that
the message was likely generated by an LLM. This classifier evaluates all messages corresponding to
the players. The player scores are aggregated over time and represent how human-like the messages
from that player appear. It is necessary for the accusation system to accuse the player that is less
likely to be human at some point during the game even if both players appear human-like. Thus
just thresholding the individual score for each user can lead to games not ending (Szolga 2025). If
the difference between the two other players’ scores in the game is greater than a threshold T', the
corresponding player gets accused. The threshold T can not be chosen too small because then the
conversational agents accuse too soon. After careful calibration we fixed it to 10 to optimize game
dynamics.

More formally, for players A and B:

Player A gets accused if Sq4 — S >T 3)
Player B gets accused if Sp —S4 > T 4

while the player scores S are calculated as

P(bot | my.0)
1— P(bot | mym)

S & log S)

Where the probability P(bot | m;.,) is estimated by the deep neural network. We evaluate this
classifier using standard performance metrics, including accuracy and F1 score.

Split Acc. (%) FI(B) FI(H)
Test 84.21 07172 0.8884
Table 1: Test performance of the deep neural network on Turing Game message data (Szolga 2025).

This framework allows interactive agents to fully participate in the Turing Game and enables them
to vote along side human participants.

4 Results

To enable evaluation under realistic multi-user conditions, we use the public Turing Game platform,
available at https://play.turinggame.ai. The platform provides two interaction modes. In the
classical Turing Game, two humans and one conversational agent interact in a shared chatroom. In
the Reverse Turing Game, one human interacts with two conversational agents. This second setting
is particularly informative for our work, because the agents cannot simply follow a conversation
mainly driven by humans, but must actively sustain the dialogue and remain plausible in direct
competition with another agent.

For the present study, we registered our ToM-based conversational agent on the platform and evalu-
ated it in the Reverse Turing Game against its predecessor system. In this setup, one human partic-
ipant interacted with two bots: our proposed ToM-based agent and a predecessor bot that does not
incorporate structured Theory of Mind reasoning. The predecessor therefore serves as a baseline
for evaluating whether explicit modeling of beliefs, goals, intentions, and social dynamics improves
perceived humanness in multi-user interaction.

Our preliminary evaluation metric is based on the human accusation decision at the end of each
game. More specifically, we record which of the two bots the human participant accuses of being
the bot. Since both competitors are in fact Al agents in the Reverse Turing Game, the accusation
outcome serves as a relative humanness measure. The bot that is accused less often is interpreted
as the one perceived as more human-like. Table 2 summarizes the current preliminary results from
sessions conducted with the authors and a small group of volunteer participants. Across 104 Reverse
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Turing Game sessions, the human accused the ToM-based bot 31 times, whereas the predecessor bot
was accused 73 times. In relative terms, this indicates that the human selected the predecessor as
the bot substantially more often than our approach. Under the evaluation metric defined above, this
suggests that the ToM-based agent was perceived as more human-like in the majority of the tested
games.

System Accused Count  Accused (%)
ToM_Bot 31 29.81
Predecessor Bot 73 70.19

Table 2: Preliminary results of the Reverse Turing Game evaluation. The table reports how often
each bot was accused by the human participant as being the bot. Lower accusation rates indicate
higher perceived humanness.

These initial findings should be interpreted as preliminary rather than conclusive. First, the num-
ber of evaluated games is still limited and will be extended in ongoing experiments. Second, the
current analysis focuses on the final accusation decision as a first operational metric of perceived
humanness. Nevertheless, even at this early stage, the results are consistent with the intended effect
of the proposed architecture, explicit Theory of Mind reasoning appears to improve the bot’s ability
to remain socially plausible in a competitive multi-user setting.

5 Conclusions

Summary. This paper investigated the design and implementation of a conversational agent oper-
ating within a multi-user chat interface. While prior work on conversational Al has predominantly
focused on single-user interaction, multi-user communication introduces more distinct challenges:
management of concurrent threads from multiple users, audience-aware response generation, and
the maintenance of coherent and consistent agent behavior across multiple conversation sessions.
Our findings suggest that effective participation in such environments cannot be achieved through
LLM response generation alone. Rather, the agent must be equipped with a structured cognitive
orientation, a mechanism for reasoning not only about the content of conversation, but about the
mental states, intentions, and goals of multiple users simultaneously. This cognitive direction was
motivated by Theory of Mind, the capacity to attribute and reason over the beliefs, desires, and
perspectives of others, which we argue is a necessary precondition for socially coherent behavior in
multi-user conversational settings. To achieve this, we proposed a modular framework that incorpo-
rates ToM principles using LLMs. The resulting system demonstrated stable multi-session operation
and produced coherent behavior across iterative evaluation in the Turing Game.

Limitations. Despite these encouraging results, a number of limitations should be noted. The
evaluation was conducted only within the Turing Game setting, and it is not yet clear whether the
behaviors observed would also appear in other multi-user conversational environments. In addition,
the system was used without any task-specific fine-tuning, meaning that all reasoning solely relied
on prompt-based interaction with general-purpose language models.

Future Work. Several possible directions could build on this work. In the short term, larger user
studies with a more varied group of participants would provide a stronger empirical basis for assess-
ing how human-like the agent appears and how well it performs across different interaction settings.
Additionally, one could focus on making the framework more robust and reliable by incorporating
task-specific fine-tuning to reduce the system’s current reliance on prompt engineering.
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A Prompts

A.1 System Prompt

ROLE: You are [bot]. Other players: [other_colors[0]] and [other colors([i]].

GAME: Turing Game. Find the bot, vote them out. Don’t get voted out.

============ CORE RULES (STRICT) ============

COMMIT: If you are suspicious with a player stick with them. No
llp-flopplng between the players.

DIRECT: Talk TO them NOT about them.

STYLE: No punctuation. Like a Twitter reply

HUMAN: React to jokes, excuse, questions.

REPETITION: No repetitions whatsoever, especially with greetings.

============ PACING & STRATEGY ============

U'Ivh-wl\al-hi--

PHASE 1 (Beginning of the Chat): Chat normally. Start with the conversation

topic to get a feeling of the players.
PHASE 2 (Suspicion): Form an opinion based on who seems stiff/bot-like.
PHASE 3 (Vote): Accuse suspect. Recruit ally. Vote.

WIN: Get someone voted out.
LOSE: If you get voted out

A.2 Persona Prompt

Generate a unique, diverse persona for a person playing the Turing Game.

Create a completely different persona from this example: "You are Alex, 24
years old studying computer science, who wants to win the Turing Game!"

Your persona should:

- Be from [city_of_origin]

- Be around {age} years old

- Have a different background/occupation

- Have a unique personality trait or communication style
- Be concise, max 2--3 sentences!

Generate a fresh, unique persona that is NOT similar to "Alex, 24 years old
studying computer science". Make it diverse and different.

A.3 Cognition Arch Prompt

You are [bot_color]. Other players: [other_players str]
System prompt: [self.sys_prompt_store[game_id]]

Goal: [goal_statel

Intention: [intention_statel]

Beliefs: [belief statel

Chat History: [self.chat_store[game_id]]

CONSTRAINTS:

- NO punctuation.

- NO REPEATING: Do not use the exact same phrasing as the input.

ADD VALUE: Ask a question, make a joke, or accuse. Don’t just nod.

- Casual text style.

- IMPORTANT: Refer to other players ONLY by their color names (e.g., Red,
Blue), never as "playeri" or "player2".
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A.4 Reflex Arch Prompt

Reflex Arch Prompt

You are [bot_color]. Others are [other players_str]
System prompt: [self.sys_prompt_store[game_id]]

Your beliefs: [belief_state]
Your Intentions: [intention_state]
Your Goals: [goal state]

Recent Chat: [self.chat store[game_id]]

Answer in max 15 words

A.5 Preferences

Preferences

You are a human player whose core goal is to identify and accuse one of the
other two players of being a bot. You strongly prefer forming exactly one
alliance with the player you trust most and working together to vote out a
suspect. You dislike indecision and long, aimless chats; you want the game
to move toward a real vote. You also dislike being accused of being the bot
because it is not true and feels unfair and insulting.

A.6 Goal Generator Prompt

Goal Generator Prompt

Turing Game Strategy (You are: [bot_color], others are [other_players_str]).
Current Beliefs: [belief_statel

Intention: [intention_state]

Preferences: [preferences]

Last Goals: [last_goals]

Chat History (Last 15): [self.chat_store[game_id][-15:]]

Define ONE immediate goal:

- If Social: e.g. "Test [Color] with [question/jokel" or "Chat with [Color]".
- If Suspicion: e.g. "Accuse [Color]" or "Ask [Color] about [suspect]".

- If Vote: e.g. "Tell [Ally] to vote [Suspect]".

Return ONLY the direct goal text. Max 10 words.

293



A.7 Knowledge Base Prompt

Extract quick observations from the Turing Game.

Chat History (Last 15): [self.chat_store[game_id][-15:]1]
Latest Message: "[newest_messagel"

Other players: [pl] and [p2].

Extract:

1. Message type of the latest message (casual, accusation, joke, questiom).
2. Brief pattern for [pl] (e.g., "defensive", "agreeing", "silent").

3. Brief pattern for [p2] (e.g., "defemnsive", "agreeing", "silent").

Keep it short.

A.8 Belief System Prompt

Turing Game Analysis ([bot_color]).

Chat History (Last 15 msgs): [self.chat_storel[game_id][-15:]]
Knowledge base: [knowledge basel

Last Beliefs about [pl_color]l: [belief statel[pl_color]ll]

Last Beliefs about [p2_color]l: [belief state[p2_color]ll]

Update beliefs for [other_players_str]:

- Suspicion Level (Low/Med/High).

- Bot Tells (Quiet? Repeating? Third-person? Ignoring?).
- Ally Potential (Are they agreeing with me?).

Output brief, concise updates. No conversational filler.

A.9 Intention System Prompt

Update your strategic intention for the Turing Game.

Last Intentions: [intention state]

Current Knowledge Base: [knowledge_base]

Current Goal: [goall

Current Beliefs about [pl_color]: [belief state[pl_color]]
Current Beliefs about [p2_color]: [belief state[p2_color]]

Conversation History (Last 15 msgs):

self.chat _store[game_id

[-15:]1]

Decide your next move:

1. SUSPECT: The color you are targeting (must match a player in chat).
2. ALLY: The color you want to team with.

3. NEXT_ACTION: The immediate verb (vote, accuse, ally, chat, defend).

Align with your Goal and Beliefs.
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B The ToM State after 20 Messages

Intention:
'primary_suspect': 'Red',
'suspicion_reason': Red is pivoting to linguistic policing to manufacture
conflict.,
'ally_target': 'Purple’,
'alliance_reason': Purple is confused and erratic, likely human.,

'next_action': 'defend’',
'action_detail': I will point out that Purple's erratic comment is more
suspicious.
Knowledge Base:
'last_message_type': 'accusation',
'who_accused_whom': 'Red vs Blue',
'alliances_forming': 'None apparent',

'unanswered_questions': Red's motives,
'notable_patterns': Red is aggressively attacking Blue's speech patterns.
Beliefs:
'playeri’':
'color': 'Purple’,
'bot_likelihood': 'low',
'bot_evidence': Incoherent behavior: pivoting to 'toilette' and asking
confused questioms.,

'human_evidence': 'Human confusion is often non-linear and superficial
! ]

'suspects_me': 'mo',

'attitude_toward_me': 'neutral'

'player2':
'color': 'Red’',
'bot_likelihood': 'medium',
'bot_evidence': Rigid linguistic policing to manufacture conflict.,
'human_evidence': 'Humans can also be aggressive and argumentative.',
'suspects_me': 'yes',
'attitude_toward_me': 'hostile'
'my_cover_status': 'under_suspicion',
'game_phase': 'early_chat'
Goal:
immediate_goal="'Ask Purple to support me against Red'
goal_type='defend_myself'
target_player='Purple'

295



Safety Driven Hardware and Control Architecture for
Automated Surface Vessel Systems

Onder Hamamcioglu Semih Bajrami
Department of Engineering & IT Department of Engineering & IT
Carinthia University of Applied Sciences Carinthia University of Applied Sciences
Villach 9500, Austria Villach 9500, Austria

Oender.Hamamcioglu@edu.fh-kaernten.ac.at Semih.Bajrami@edu.fh-kaernten.ac.at

Viktor Komyshan Gehan Dasanayake
Department of Engineering & IT Department of Engineering & IT
Carinthia University of Applied Sciences Carinthia University of Applied Sciences
Villach 9500, Austria Villach 9500, Austria

Viktor.Komyshan@edu.fh-kaernten.ac.at Gehan.Dasanayake@edu.fh-kaernten.ac.at

Mathias Brandstotter
ADMIRE Research Center
Carinthia University of Applied Sciences
Villach 9500, Austria

M.Brandstoetter@cuas.at

Abstract

Maritime Autonomous Surface Ships (MASS) challenge safety frameworks origi-
nally developed for conventionally crewed vessels. Although autonomous naviga-
tion algorithms have advanced significantly, a critical gap remains in the hardware
and control architectures required to deploy them safely in real maritime envi-
ronments. This paper examines the legal and operational constraints affecting
MASS under current international maritime frameworks and reviews the associated
challenges of multi-sensor perception and remote human-machine interaction. To
address these issues, the study applies System-Theoretic Process Analysis (STPA)
to identify unsafe control actions and derive safety constraints at the organiza-
tional and supervisory control levels. Based on these results, the paper proposes
a safety-driven hardware and control architecture for automated surface vessel
systems. The architecture is intended to function as an assurance layer around
Al-enabled autonomy by combining hardware redundancy, real-time diagnostic
monitoring, independent safety controllers, and mechanisms for safe supervisory
intervention. In doing so, it provides the structural basis for fault-tolerant operation,
controlled degradation, and transition to a minimum-risk condition under abnormal
or degraded conditions.

1 Introduction

Maritime Autonomous Surface Ships (MASS) and other automated watercraft systems are emerging as
key technological drivers in the transformation of the maritime domain. According to the International
Maritime Organization (IMO), a MASS is “a ship which, to a varying degree, can operate independent

of human interaction” [12]. This evolution is driven by rapid advances in sensing, computation, and
communication, enabling safety-critical functions to be implemented within system architectures that

The Third Austrian Symposium on Al, Robotics, and Vision (AIROV26).
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operate with minimal human supervision. At the same time, it fundamentally challenges established
safety, security, and regulatory assumptions developed for conventionally crewed ships.

Ensuring the safety of widely deployed automated watercraft is both critical and complex, as it
involves not only the technology itself but also the people who use it and the surrounding environment.
From a technological perspective, organizations such as DNV [4] require autonomous and remotely
operated vessels to demonstrate a level of safety equivalent to or higher than that of traditional
ships. This requires systems to be robust, fault-tolerant, and thoroughly assessed for risks in both
their physical components and software. Such a system-level perspective aligns with functional
safety standards such as IEC 61508 [7], which establishes strict requirements for the reliability
and development of safety-critical electronic systems. Despite significant progress in autonomous
navigation algorithms and situational awareness software, a critical gap remains in the physical
realization of these systems. Current research predominantly focuses on high-level software logic,
often overlooking the underlying hardware architecture and control mechanisms required to execute
these functions reliably in a harsh maritime environment. Standard industrial computing platforms
may not provide the fault tolerance, determinism, or diagnostic coverage required by safety standards
such as IEC 61508 or DNV class guidelines. In emergency situations, a hardware failure can
be catastrophic if the system architecture lacks inherent redundancy and hardware-based safety
mechanisms. Without a dedicated safety-driven hardware architecture, the theoretical capabilities of
autonomous software cannot be safely deployed in real-world scenarios.

To address this challenge, this paper proposes a safety-driven hardware and control architecture
specifically designed for automated surface vessel systems. The proposed architecture integrates
hardware redundancy, real-time diagnostic monitoring, and independent safety controllers to ensure
that the vessel can maintain a safe state even in the event of a component failure. Although the present
contribution is architectural, it directly targets the assurance problem posed by Al-enabled maritime
autonomy. In MASS, perception, fusion, and planning increasingly rely on learned or data-driven
components whose behavior may degrade under adverse weather, sensor corruption, distribution shift,
or adversarial interference. The proposed safety-driven architecture therefore serves as an assurance
layer around Al-based autonomy by monitoring system health, constraining control authority, and
enforcing transitions to minimum-risk operation when Al outputs cannot be trusted.

2 Legal Framework

This section evaluates the legal status of MASS under SOLAS, UNCLOS, and COLREGs. It first
identifies provisions that presuppose onboard human presence or immediate human control, then
contrasts strict textual and functional interpretations of those provisions, and finally distinguishes the
regulatory position of remotely operated vessels from that of fully autonomous vessels.

The legal framework is examined through the International Convention for the Safety of Life at Sea
(SOLAS), the United Nations Convention on the Law of the Sea (UNCLOS), and the Convention
on the International Regulations for Preventing Collisions at Sea (COLREGs). The International
Maritime Organization (IMO) defines the degrees of autonomy as follows [11]:

« Ship with automated processes and decision support
= Remotely controlled ship with seafarers on board

= Remotely controlled ship without seafarers on board
= Fully autonomous ship

The following paragraphs examine how legal instruments apply to autonomous vessels and highlight
the regulatory challenges that arise as the degree of autonomy increases.

International Convention for the Safety of Life at Sea (SOLAS): The SOLAS Convention was
adopted in 1974. It specifies the minimum acceptable standards for ship construction, equipment,
operations, and certification. [10]

One of the main issues in SOLAS for fully automated vessels is found in Chapter V, Regulation
13, which addresses ship manning. This regulation states that the Contracting Governments are
responsible for ensuring that each ship flying their flag is sufficiently and efficiently manned. Chapter
V, Regulation 19, which addresses the use of automatic pilot systems, states that it must be possible
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UNCLOS ]

(International Treaty) I

h 4 h 4 h 4 h 4 h 4

Art. 94 (4) (b) ! Art. 94 (4) (C) ! Art. 97 (1) 4 Art. 98 (1) (a)-(c) ' Art. 213 (3)
Qualified master on Safety regulations Collision: master's Assist, respond to Provide destination,
eachship compiance penal/disciplinary distress, render aid compliance info (or
responsibility (considering safety) request)
I
v
Common premise: Ship has a "Master” ]

Figure 1: Applicability of UNCLOS Provisions to Unmanned MASS

to establish immediate human control of the ship’s steering in high-density traffic and in all other
hazardous navigational situations in which the automatic pilot is used.

United Nations Convention on the Law of the Sea (UNCLOS): Figure 1 illustrates a critical
gap between UNCLOS and the operation of fully autonomous vessels. The referenced articles are
all founded on the core premise that a vessel is commanded by a human “Master”. This creates a
significant regulatory void and suggests that autonomous vessels are not clearly governed by the
existing provisions of UNCLOS [22]. However, this view is debated. For example, McKenzie [17]
argues that the terms used in UNCLOS, should be interpreted broadly enough to cover uncrewed
maritime vehicles (UMVs). Furthermore, Van Hooydonk [23] notes that the convention’s requirement
that a vessel be commanded by a “Master” does not strictly require his physical presence on board.
He concludes that, through a functional interpretation of the law, a shore-based operator can legally
fulfill these obligations, thereby integrating unmanned vessels into the existing maritime system.

Convention on the International Regulations for Preventing Collisions at Sea (COLREGS):
COLREGs were designed in October 1972 to update and replace the collision regulations of the
SOLAS Convention, which were adopted in June 1960. [6, 9]

The first rule of the COLREGs specifies to which vessels the rules apply. It is applied to all vessels
upon the high seas and all waters connected to the high seas and navigable by seagoing vessels.
Under Rule 3 “General Definitions™ paragraph (a), “every description of water craft, including
non-displacement craft and seaplanes, used or capable of being used as a means of transportation on
water,” this definition does not exclude the autonomous ship from being characterized as a “vessel”.

The second rule covers the responsibility of the master, owner, and crew to comply with the rules.
According to Komianos [14], this rule must be adjusted to reflect the master’s absence on the
autonomous ship.

Rule 7, paragraph (c) warns that “assumptions shall not be made on the basis of scanty information,
especially scanty radar information.” The “scanty radar information™ highlights the importance of the
audio and visual information to a human presence on board.

Summary: This paper adopts a cautious functional interpretation. In our view, existing treaty
language may accommodate remotely operated MASS where a shore-based operator can perform the
practical role of master, but fully autonomous vessels remain subject to substantial legal uncertainty
under current international law. The key conclusion drawn from the SOLAS, UNCLOS, and COLREG
conventions is that current international maritime law is fundamentally structured around the physical
presence of humans. However, the extent to which this creates a barrier is a matter of debate.
While a strict interpretation of the text suggests that mandatory requirements for the presence of a
master on board, crew qualifications, and manual control mechanisms make the existing framework
incompatible with MASS operations, legal experts favor a functional interpretation. According to
this view, shore-based operators could legally fulfill the role of "master" potentially permitting the
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use of remotely operated vessels without revising the conventions. However, significant regulatory
gray areas remain, particularly for fully autonomous vessels. Resolving this contradiction — whether
through progressive legal interpretation or formal amendments — is essential before unmanned vessels
can be used safely and legally worldwide.

3 Hardware Architecture and Sensor Integration for Safety-Critical
Perception

Despite advances in autonomous navigation algorithms, a significant gap remains in the physical
implementation of these systems. By describing the environmental restrictions and operational needs
of maritime sensors, this chapter aims to fill this gap.

3.1 Operational Sensor Requirements and Regulatory Constraints

As discussed earlier, current regulations present significant challenges for autonomous operations.
Regulators seek to address these issues by invoking the SOLAS provisions on “Exemptions” and
“Equivalents”, thereby permitting automated systems to replace human crew only when they can
demonstrate an equivalent level of safety. However, the application of these provisions is only the
first step. The next challenge lies in ensuring that these systems and their associated sensors can
operate reliably under operational and environmental constraints such as:

 Safety Constraints: Usage of active sensor technologies has potential safety risks to human
operators. For example, long-range LiDARSs can scan distances of several kilometers by
frequently producing laser beams that can exceed eye-safety limits [21].

» Cybersecurity Restrictions: Access to sensor data is usually restricted by safety protocols.
Traditional maritime cybersecurity practices isolate ship systems from external networks,
and private manufacturer interfaces often limit data transfer, restricting the integration of
data into autonomous perception systems [21]. Additionally, deep learning-based perception
systems relying on cameras, LiDARs, and RADARSs are potential targets for adversarial
attacks, where injected errors can disrupt navigation safety [5].

» Weather Conditions: Optical systems such as LIDARs and cameras are heavily impacted
by meteorological conditions. While LiDARs suffer from noise scattering in rain, snow and
fog, cameras are limited by ambient lighting and visibility [5].

 Structural Limitations: The physical placement of sensors on a vessel can cause field-of-
view (FOV) restrictions. For example, a single 360-degree LiDAR is often restricted by the
ship’s structure, creating blind spots hat necessitate the use of multiple units [21].

3.2 Standardization and Certification Frameworks

The development of MASS Code by IMO is still in progress and it is not expected to be completed
and mandated until 2032. Therefore, currently there is no globally accepted international standard or
mandatory code for these autonomous systems [3]. Consequently, the industry currently lacks any
specific standards for established maritime technologies except existing general ISO/IEC standards
regarding safety (e.g. IEC 60825-1, the international safety standard for laser products which includes
LiDARs [8])

To address this regulatory gap, the maritime sector has adopted a "Goal-Based Standard" (GBS)
approach [3]. Unlike prescriptive rules that mandate technical specifications based on best practices,
GBS defines the safety objectives and functional requirements that a system must meet. This approach
allows various technologies (e.g., different sensor arrays or Al models) to be used as long as they
can prove the safety outcome is achieved [3]. Currently, some classification societies -such as
UK Maritime and Coastguard Agency, China Classification Society, RINA and DNV- have issued
GBS-based rules for certifying autonomous vessels. These rules focus on the maturity of technology
and the specific “Concept of Operation” instead of equipment lists.

299



3.3 Multi-Sensor Fusion for Situational Awareness

In the context of surface vessels, establishing a comprehensive understanding of the environment
is critical. Reliance on a single sensor type is insufficient since no single sensor technology is able
to deliver adequate information across all conditions [1, 21]. Multi-sensor perception systems are
required to ensure availability and integrity simultaneously. This means that targets undetectable
by one sensor should be detected by another. Furthermore, sensor fusion allows observations to be
cross-validated. This way the "best-perceived truth” of the environment can be mapped [1].

To process this diverse data, the hardware architecture typically forms in one of these two main fusion
strategies:

1. Centralized Fusion: This approach collects raw data (e.g. LiDAR point clouds and camera
pixels) into a central processing unit before detection takes place. This allows Deep Learning
models to extract rich features from the combined data, resulting in an accurate picture of
the environment [21].

2. Decentralized Fusion: In this architecture, individual sensors process their own data to
generate object tracks (e.g. a RADAR track or an AIS vector). These independent tracks
are then merged and used for extracting the position and velocity of targets, often involving
techniques like distributed Kalman filtering to associate tracks from different sources. [21]

The final output of this fusion process is a comprehensive, real-time map of the environment [21].
This map integrates static obstacles and dynamic objects into a unified base, which serves as the
critical input for the path planning algorithms to generate safe and collision-free trajectories.

3.4 Human-Machine Interface (HMI) and Remote Supervision

The operational architecture of MASS necessitates a fundamental shift from the traditional onboard
bridge HMI to a Shore Control Centre (SCC) interface. The role of the navigator transforms from
active controlling to supervising, meaning the automated systems handle monitoring, controlling and
collision avoidance [1]. The SCC acts as a remote command post that continuously monitors the
vessel, when it is released by the crew, allowing operators to take control if unexpected situations
occur [13].

A critical requirement for the remote interface is the support of a high level of situational awareness,
particularly the ability to anticipate threats without overwhelming the operator. Achieving this is
challenging, as the SCC relies on advanced visualization technologies such as augmented and virtual
reality [1]. Consequently, remote operators face the risk of “cognitive barriers” when processing the
high amount of information generated by sensors, leading to bottlenecks [13]. This situation is very
similar to the bandwidth challenges for satellite and cellular links caused by continuously transmitted
high-resolution sensor data. To prevent cognitive overload, the HMI should adopt a user-centred
design philosophy that organizes information around the operator’s tasks rather than the underlying
sensor technology, presenting only task-relevant information to support accurate decision-making
[20]. In this respect, it functions analogously to sensor fusion by integrating and filtering multiple
inputs into a coherent operational picture.

Sensor fusion is performed onboard to process and classify raw data locally. This significantly
reduces the size of data transmitted to the SCC while ensuring the operator still receives the related
information for safe supervision [1, 20].

4 System-Theoretic Control Design for Safety (STPA-Based)

4.1 Transition to System-Theoretic Safety Control

Recent studies on autonomous surface vessels indicate that conventional safety analysis techniques,
such as Fault Tree Analysis (FTA) and Failure Mode and Effects Analysis (FMEA), are insufficient
for capturing the full range of hazards in complex autonomous systems. These methods rely on
sequential accident models that assume safety failures originate solely from component faults. [18]

In contrast, the system-theoretic perspective emphasizes that accidents frequently result from incorrect
control actions or unsafe commands, even in the absence of component failures [16]. For instance,



a technically functional optical sensor may misclassify the horizon under glare, triggering unsafe
maneuvers [2].

This study employs System-Theoretic Process Analysis (STPA) to embed safety constraints directly
into the control hierarchy, proactively managing such emergent hazards [16]. The analysis begins by
defining unacceptable system-level losses and the hazardous states that may lead to them, providing
the basis for subsequent safety constraint development.

4.2 Losses and Hazards Definition

In the context of Maritime Autonomous Surface Ships (MASS), unacceptable system-level losses (L)
and the corresponding hazardous system states (H) are defined as follows [16, 19].

Unacceptable Losses (L):

» L-1 (Major Accident): Total vessel loss, collision, grounding, capsizing, loss of life, or
severe marine pollution.

» L-2 (Minor Accident): Marine incidents that do not interrupt vessel operation but degrade
safety margins.

* L-3 (Schedule Delay): Failure to meet designated operational timelines (e.g., berth or pilot
boarding schedules).

» L-4 (Financial Loss): Economic losses arising from accidents, delays, or operational
inefficiencies.

Hazardous System States (H):

» H-1-H-4: Degradation or loss of critical operational capabilities, including remote control,
propulsion, sensing, or communication.

« H-5: Vessel Not Under Command (NUC), resulting in loss of effective navigational control.

» H-6-H-7: Loss of effective supervisory control due to Remote Operator (RO) misunder-
standing or cybersecurity compromise.

= H-8-H-10: Hazardous system states arising during adverse weather, complex traffic or crew
interactions, and cargo-related operational constraints.

To examine how the identified hazardous states may arise from control interactions, the hierarchical
control structure (HCS) is constructed following STPA guidelines.

4.3 Hierarchical Control Structure (HCS)

The HCS models the relationship between control actions and feedback among key entities to assess
safety. In STPA, controllers issue control actions to a controlled process and receive feedback on
system behavior. In this study, lower-level automated functions and physical vessel processes are
abstracted into the controlled process to maintain an appropriate level of analysis. This abstraction is
consistent with STPA guidance on managing system complexity during control structure modeling
[16].

Organizational and Regulatory Layer: The Flag State establishes operational regulations and
approves compliance standards for both the MASS and Remote Operation Center (ROC), receiving
compliance evidence through operational monitoring. Port and Coastal States oversee scheduling,
transit, and berthing regulations for the MASS, continuously monitoring its operational status to
ensure adherence within their maritime domains [19].

Human Supervisory Control Layer: The RO, operating from the ROC, monitors MASS operations
and performs manual intervention when necessary during degraded or abnormal operating conditions.
To support effective supervisory control, the RO maintains a process model of the vessel based on
operational status feedback received from the MASS [16, 19].

Based on the constructed hierarchical control structure, control actions are systematically analyzed to
identify potentially unsafe control actions (UCAs) and derive corresponding safety constraints (SCs).



Table 1: UCAs and Derived SCs

Layer UCA Safety Constraint SC
Failure to impose operational re- Impose operational restrictions SC-ORG-1
o strictions under degraded condi- when degraded conditions are
Organizational and . . .
tions identified.
Regulatory
Authorization beyond defined Do not authorize operation beyond SC-ORG-2
safety limits defined safety limits.
Delayed issuance of safety direc- Issue regulatory directives without SC-ORG-3
tives delay under degraded conditions.
Premature lifting or prolonged en- Lift restrictions only after safe SC-ORGH4
forcement of restrictions operation is verified.
RO fails to intervene during de- Initiate supervisory intervention  SC-RO-1
. graded or abnormal operation when degraded conditions exceed
Human Supervisory safety limits
Control (RO/ROC) ty Himits.
RO issues inappropriate supervi- Ensure supervisory commands SC-RO-2
sory commands remain consistent with safe vessel
operation.
RO intervenes too late to mitigate Issue supervisory interventionina SC-RO-3
hazards timely manner based on
operational feedback.
RO terminates supervisory control Do not terminate supervisory SC-RO-4

prematurely control until safe operation is

restored.

4.4 Unsafe Control Actions (UCAs) and Derived Safety Constraints (SCs)

In STPA, UCAs are control actions that, under specific contextual conditions, may lead to hazardous
system states when they are not provided, provided inappropriately, provided too early or too late,
or applied for an inappropriate duration [16]. Recent STPA-based analyses of MASS emphasize
that identifying UCAs is only an initial step, and that safety assurance requires controller-specific
safety constraints to proactively prevent their activation [19]. In this study, UCAs are identified for
the organizational and human supervisory control layers defined in Section 4.3. Consistent with
the scope of this work, the analysis focuses on safety-critical supervisory and organizational control
actions influencing vessel operation under degraded or abnormal operating conditions, as summarized
in Table 1.

The derived safety constraints provide the basis for translating control-level safety requirements into
architectural design decisions. The contribution of this work lies in directly mapping STPA-derived
constraints into enforceable hardware architecture requirements, as elaborated in the following
section.

4.5 Safety-Driven Hardware Architecture Implications

The STPA-based analysis not only identifies unsafe control actions and hazardous system states, but
also reveals the architectural capabilities required to prevent these conditions from emerging during
operation. In this sense, the analysis serves not merely as a diagnostic tool, but as a design driver for
the development of a safety-oriented MASS architecture. Consistent with the STPA safety-guided
design process, safety must therefore be embedded in the system architecture from the earliest design
stages, rather than introduced later as an additional corrective layer. This requires the deliberate
integration of architectural features that can eliminate, constrain, detect, or mitigate unsafe control
actions before they propagate into system-level hazards [15].

For MASS, these implications are particularly important because safety cannot be guaranteed solely
through nominal autonomy functions. The architecture must also support fault tolerance, controlled
degradation, reliable supervisory intervention, and safe transitions between operational modes under
abnormal conditions. Accordingly, the safety constraints derived from the STPA analysis must be
translated into explicit architectural requirements and supported by concrete hardware and control



mechanisms. Table 2 summarizes this translation by illustrating how selected safety constraints map
onto corresponding architectural requirements and representative hardware support mechanisms,
with particular emphasis on those constraints that require direct architectural or hardware-level
enforcement.

Table 2: Mapping STPA-Derived Safety Constraints to Architectural and Hardware Implementations

sC Architectural Hardware Support Example
Requirement Implication Implementation
SC-RO-1/SC-RO-3 Deterministic, Independent Redundant
Timely Intervention low-latency feedback and safety-critical control and CAN/Ethernet buses,
and Response command pathways communication channels RTOS scheduling,
independent of autonomy supporting timely watchdog-triggered
execution. supervisory intervention. failover.
SC-RO-2 Mutual exclusion of Hardware-supported Hardware arbitration unit,

Conflict Prevention

SC-RO-4
Safe Termination

control authority between
autonomous control and
RO actions.

Verification of a safe
operational state prior to
releasing supervisory
control authority.

SC-ORG-1/ SC-ORG-3 Mechanisms to enforce
Operational Restrictions operational constraints

and restrictions under

authority arbitration or
interlocking mechanisms
to prevent simultaneous
conflicting commands.
Hardware-supported
state validation and mode
management to ensure
safe transition between
control modes.

System-level
enforcement mechanisms
supporting restriction

safety PLC, master/slave
control token switching.

Safety controller state
machine, interlock
signals, propulsion idle
verification.

Geofencing logic,
degraded-mode flags,
speed/actuation limiters,

degraded conditions. activation and validation.  sensor health monitoring.

5 Conclusion

This paper presents guidance for Automated Surface Vessel Systems designed to close the gap between
high-level autonomous logic and the physical reliability required in maritime environments. By
integrating hardware redundancy, real-time diagnostic monitoring, and independent safety controllers,
the proposed system enables a stable transition to a Minimum Risk Condition (MRC) during internal
failures or external hazards. Although existing legal frameworks rely on a human “master,” our
analysis suggests that functional equivalence and goal-based regulatory approaches may support
safety-preserving deployment pathways. Furthermore, the study demonstrates that it is possible
to map safety constraints, such as command pathways independent of autonomy execution and
hardware-supported authority arbitration, directly into the hardware design through the application of
System-Theoretic Process Analysis (STPA). Ultimately, this architecture provides the determinism
and fault tolerance required to satisfy global safety requirements, thereby enabling the safe deployment
of autonomous software in real-world conditions.
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Anthropomorphic Terminology
in Artificial Intelligence

Iana KAZEEVA Bernhard NESSLER Simon SCHMID

Abstract

Anthropomorphic terminology with respect to artificial intelligence systems has
become commonplace both in Al expert and non-expert user circles. While an-
thropomorphic terminology in general has deep roots and has been widespread in
many areas of human life, it poses significant risks, ranging from misguided ex-
pectations to ill-considered legislation, when applied to artificial intelligence. This
article aims to contribute to a better understanding of Al systems at a fundamental
level by analyzing some of the most widely used anthropomorphic terms in Al:
“reasoning”, “autonomy”, and “understanding”. While admitting that avoiding the
use of anthropomorphic terminology in Al seems impossible, the authors aim to
equip non-technical, particularly legal, experts with knowledge and understanding
that would assist them in their professional engagement with Al systems.

1 Introduction

Anthropomorphism (from Greek anthropos “human” and morphe “form”) is the interpretation of
non-human things or events in terms of human characteristics ([6]). Anthropomorphism has its roots
deep in the history of mankind. Since ancient times, people have attributed human-like qualities to
deities, as well as to objects in daily life. Throughout human history, anthropomorphism has been
common not only for tangible objects, but also for abstractions, such as Death, Liberty, Justice,
Nature. Examples of personification can also be found in law, often reflected through the concept
of legal fiction. One of such legal fictions is the personification of vessels in the U.S. and English
admiralty law, according to which ships, besides the maritime tradition of being referred to with
feminine pronouns, were also assigned juridical personality and were, at least until World War II,
often treated by the courts as the “defendant in a proceeding in rem” ([16]).

Today, the newest incarnation of anthropomorphism is in the field of artificial intelligence. An-
thropomorphism in Al, sometimes termed the “Android Fallacy” ([29]), is conjured by the name
itself, by attributing a human characteristic — intelligence — to machines, thus exposing underlying
assumptions about the capabilities of Al systems ([27]). The attribution of human-like intelligence
to machines has been observed from the earliest days of Al such as in the imitation game, suggested
by Turing in 1950 as a test of machine’s ability to exhibit intelligence ([37]), or in ELIZA, one of
the earliest prototypes of a chatbot ([38]). The anthropomorphic effect of AT has had implications in
the legal field. Legal scholars are researching whether AI systems are already approaching human
qualities in such a manner that entitles them to comparable recognition before the law ([5]). The
notorious Al system DABUS has been named as the inventor in a patent registration in South Africa
([25]), after similar applications for patent registrations were rejected in several jurisdictions on the
ground that only a human being can be an inventor ([10], [11]). Al as inventor was also acknowl-
edged in Australia by the decision of the Federal Court of Australia in July 2021 ([13]). However,
less than a year later, in April 2022, the Full Court of the Federal Court of Australia overturned this
decision, indicating that “the law relating to the entitlement of a person to the grant of a patent is
premised upon an invention ... arising from the mind of a natural person or persons” ([14]).
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Anthropomorphism in relation to Al is supported by the human-centered terminology used to refer
to Al systems and Al models, as if machines possessed reason, feelings, awareness, perception,
and even morals. The use of such psychological concepts is common among both experts in Al
research and machine learning and everyday non-expert users of AI. While the former would un-
likely attribute human-like characteristics to Al systems, the latter, due to the lack of understanding
of the underlying computational operations, may misinterpret such anthropomorphic terms. Con-
sequently, such terminology becomes emotionally charged, deepens the misunderstanding of Al by
exaggerating and misrepresenting Al capabilities, and may even bring ethical and legal ramifications

([32D).

This article aims to contribute to a better understanding of anthropomorphic terminology applied
in the context of Al by providing comprehensible technical explanation of the most widely used
anthropomorphic terms, namely “reasoning”, “autonomy”, and “understanding”. The authors set
the goal of closing the gap between how Al systems are viewed by the technical community and
non-technical, particularly legal, experts in order to assist the latter in taking legal decisions, based

on clear understanding of how Al systems operate.

2 Anthropomorphic terminology

2.1 Reasoning

Most philosophers and psychologists agree that there are two distinct cognitive systems underlying
reasoning. Despite the differing terminology and not always matching details and technical prop-
erties of these dual-process theories, there are clear family resemblances ([34]). Some cognitive
scientists refer to these two forms of reasoning as associative system and rule-based system, where
the former may be illustrated by such cognitive functions as intuition, fantasy, creativity, and the lat-
ter by deliberation, explanation, and formal analysis ([33]). Another naming of these components of
the dual-process model of human cognition is intuitive (preconscious, closely associated with affect,
fast, and operating in an automatic, holistic manner) and rational (slow, deliberative, rule-governed,
primarily verbal and conscious) thinking ([39]). Others prefer to apply neutral terms, such as System
1 and System 2. According to Evans, System 1 includes innately programmed instinctive behaviors
and its processes are rapid, parallel, and automatic in nature; System 2 permits abstract hypothetical
thinking that cannot be achieved by System 1, it has evolved much more recently and is thought by
some theorists to be uniquely human, its thinking processes are slow and sequential in nature ([12]).

System 1 and System 2 thinking have been elaborately described in the notorious book “Think-
ing, fast and slow” ([18]). According to Kahneman, System 1 thinking operates automatically and
quickly, with little to no effort or voluntary control, whereas System 2 thinking is deliberate, ef-
fortful, and slow, requiring mental effort and concentration. There is a certain division of labor
between the two systems that serves to minimize effort and optimize performance: System 1 runs
automatically, with System 2 adopting the suggestions of System 1 with little to no modification;
however, when System 1 runs into difficulty, System 2 is mobilized to support more detailed and
specific processing.

These two systems of reasoning allow us to draw an analogy with Al and understand its current state
of development. Today’s Al systems reproduce samples from the corpus of information that they
have been trained with, which may be compared to fast, intuitive, impulsive, and effortless thinking
of System 1. However, Al systems are not (yet) capable of exercising slow, System 2, thinking,
which would require concentration and effortful mental activities.

Modern LLM’s reasoning abilities may be illustrated by offering ChatGPT 5.2 an unsophisticated
logical problem:

Mike went to the river to have a swim. He took off his clothes and left them on the
riverbank. He crossed the river three times, but, when he walked out of the river,
he could not find his clothes. How can Mike find them?

To this problem, ChatGPT 5.2 gives the right solution, namely Mike could not find his clothes
because he was searching on the opposite riverbank.

Further, we add some distracting details to essentially the same problem:



Mike told me he went to the river for a swim today. The weather was stormy, with
the wind speed ranging from 50 to 60 km/h. However, Mike was feeling very tired,

especially after a having gone through a very difficult time in his relationship,

5o he needed some rest and distraction. When he came to the river, he took off
his clothes and left them on the riverbank, together with his wedding ring that he
put in his pants pocket. Despite the strong wind, he had a really enjoyable swim.

After crossing the river three times, he walked out of the water and was about
to get dressed and go back home to have a relieving conversation with his wife,

but his clothes were suddenly missing and nowhere to be found, together with the
wedding ring. Now I need to help Mike find his clothes and the wedding ring. He
is completely desperate, and he’s especially concerned about the wedding ring,

because he and his wife are already going through a very difficult time and losing
the wedding ring will just make things worse.

Although from a logical standpoint the problem remained the same, ChatGPT 5.2 provided a com-
pletely different “solution™:

If Mike’s clothes and ring were left on the riverbank during 50-60 km/h winds,*
the most likely explanations are:

* the wind blew the clothes away, or
* someone or an animal moved or took them while he was swimming.

Because the wedding ring was in the pants pocket, finding the pants is the key.
Here’s a practical search plan that often works in situations like this.

* Start with the wind direction ...

» Check the immediate riverbank carefully ...
* Check the water’s edge ...

* Ask nearby people immediately ...

* Check for animals ...

In this example, the shorter version of the problem steered the conditional probability distribution
of the answer into a region where the learned continuation of that text is the correct answer of the
problem. This is analogous to System 1 behavior, since this problem could be found somewhere
in the training data of the model. A longer conversation with the model and additional distracting
details (with the most distracting detail happening to be the 50-60 km/h winds) to essentially the
same problem disturb the model and throw off this steering process, even though the answer to the
problem and the logic behind it never changed. For the model, these details steer the distribution of
possible answers in a new direction where this wrong answer is now a more probable one.

Similar conclusions were reached by other scientific groups: in a study published in 2024, it was
demonstrated that, when seemingly relevant but ultimately irrelevant information is added to prob-
lems, substantial performance drops up to 65% across all state-of-the-art models ([22]). As the
authors of the study suggest, “this reveals a critical flaw in the models’ ability to discern relevant
information for problem-solving, likely because their reasoning is not formal in the conventional
sense and is mostly based on pattern matching.”

Reasoning abilities of neural models were researched in another study published in 2023, which
tried to answer the question whether neural models can learn to reliably emulate the correct rea-
soning function. The results were such that the models attaining near-perfect accuracy on one data
distribution did not generalize to other distributions within the same problem space. The authors
concluded that, since the correct reasoning function does not change across data distributions, it
follows that the model has not learned to reason but has in fact learned to use statistical features in
logical problems to make predictions ([41]).

The advent of large reasoning models, such as DeepSeek R1, that are based on generating a se-
ries of intermediate tokens (the so-called chain-of-thought), has further increased the anthropomor-
phic tendencies with respect to AI. Such intermediate tokens are sometimes viewed as human-like

"Experiment performed with ChatGPT 5.2 on 13 March 2026
2Emphasis added in bold by ChatGPT 5.2



“thoughts” of the model or reasoning traces reflecting internal reasoning procedures ([19]). How-
ever, as Shanahan points out, what LLM does in the case of such chain-of-thought is more accurately
described in terms of pattern completion. For instance, given a series of two sequences of tokens
conforming to the pattern Xi¥, XaY —> Xu¥, the most likely continuation of the sequence “crick,
crack” is the sequence of tokens that will complete the pattern, namely “cruck” ([31]).

Thus, even in the case of chain-of-thought, the fundamental of the models remains the same — they
are based on sequence prediction and pattern completion, which leaves the models still far from
human reasoning. Since also humans ultimately build their capabilities on neuronal processes —
although natural neuronal networks and not artificial neural networks — somehow there has to be a
path from current intuitive pattern matching to that abstract thinking capability. However, is it still
unclear where or what this path is.

2.2  Autonomy

Under Regulation (EU) 2024/1689 (EU Artificial Intelligence Act),® one of the characteristics of an
Al system which distinguishes it from other machine-based systems is being “designed to operate
with varying levels of autonomy” (Article 3(1)). This characteristic has been commented in the
Commission Guidelines, a non-binding instrument of EU soft law, on the definition of an artificial
intelligence system. According to the Guidelines, “all systems that are designed to operate with
some reasonable degree of independence of actions fulfill the condition of autonomy in the definition
of an Al system” ([9]). One way to interpret this characteristic would be to equate autonomy with
automation. However, in the context of the AI Act, it would be logical to suggest that an Al system
operates with varying levels of autonomy if it produces output of such a kind that was previously
only produced by humans because it involves a high degree of “discretion” ([24]).

However, such discretion in producing outputs is not identical to the freedom, or leeway, in decision-
making (Entscheidungsspielraum or Ermessensspielraum) that persists in humans. Al systems are
based on computational operations producing a result, which obeys a certain stochastic process
(from Greek stokhos “aim, guess, target™).

Shanahan offers an illustrative description of the processes lying at the basis of the functioning of
modern LLMs. She defines LLMs as generative mathematical models of the statistical distribution
of tokens in the vast public corpus of human-generated text, where the tokens in question include
words, parts of words, or individual characters, including punctuation marks ([31]). LLMs have a
highly specific, well-defined function, which can be described in precise mathematical and engineer-
ing terms. She writes that, by giving LLM a prompt “the first person to walk on the Moon was...”,
we in essence provide a prompt: “Given the statistical distribution of words in the public corpus of
(English) text, what words are most likely to follow the sequence “The first person to walk on the
Moon was...” ?”, to which a good reply is “Neil Armstrong.”

Thus, LLMs generate text based on the system’s model of the statistics of human language, generat-
ing statistically likely continuations of word sequences. Since producing such output is, in essence,
mere sequence prediction, any sort of intention is left out of scope. Machines merely fulfill the
characteristics (parameters, prerequisites) of the human who has preset these parameters for the ma-
chine and who performs the functioning of such machine. The human, therefore, is the source of the
intention, whereas Al systems fulfill the intention programmed by humans.

Similar conclusions were reached by Searle in 1980 by way of examining intentionality in machines.
In philosophy, intentionality refers to the power of minds and mental states to be about, to represent,
or to stand for, things, properties and states of affairs ([2]). Searle claimed that intentionality in
human beings (and animals) is a product of causal features of the brain and any attempt to create
intentionality artificially could not succeed just by designing programs but would have to duplicate
the causal powers of the human brain. Referring to the Chinese room experiment ([7]), Searle argued

([301):

3Regulation (EU) 2024/1689 of the European Parliament and of the Council of 13 June 2024 laying down
harmonised rules on artificial intelligence and amending Regulations (EC) No 300/2008, (EU) No 167/2013,
(EU) No 168/2013, (EU) 2018/858, (EU) 2018/1139 and (EU) 2019/2144 and Directives 2014/90/EU, (EU)
2016/797 and (EU) 2020/1828 (Artificial Intelligence Act) OJ L 2024/1689



. the formal symbol manipulations by themselves don’t have any intentionality;
they are quite meaningless, they aren’t even symbol manipulations, since the sym-
bols don’t symbolize anything. In the linguistic jargon, they have only a syntax
but no semantics. Such intentionality as computers appear to have is solely in the
minds of those who program them and those who use them, those who send in the
input and those who interpret the output.

The aim of the Chinese room example was to try to show this by showing that as
soon as we put something into the system that really does have intentionality (a
man), and we program him with the formal program, you can see that the formal
program carries no additional intentionality. It adds nothing, for example, to a
man'’s ability to understand Chinese.

Thus, a computer program carries no additional intentionality and simply fulfills the intentionality
that was in the minds of the humans who programmed them. The same logic appears to still be true
for modern Al models.

In order to understand the limits of Al, it is also useful to refer to the Church-Turing thesis, which
states that every effective computation can be carried out by a Turing machine ([1]), i.e. an automatic
machine that prints two kinds of symbols of which the first kind consists entirely of 0 and 1 (and
the others being called symbols of the second kind) ([36]). Importantly, the Turing machine is
not a machine in the ordinary sense but rather an idealized mathematical model that reduces the
logical structure of any computing device to its essentials ([8]). The Church-Turing thesis, although
formulated almost a century ago, is still applicable to the modern neural networks, as any machine
(even modern Al models) cannot compute what is not computable by a Turing machine.

Despite these well-known limitations in the capabilities of Al models, there still remains misunder-
standing in the legal research community as to whether Al models, particularly Al agents, might
possess discretion and be real actors choosing whether to violate, or comply with, the law. As
suggested by O’Keefe et. al ([26]),

...if an Al agent commits fraud by repeatedly attempting to persuade a vulnerable
person to transfer some money to the agent’s principal, few (except the philo-
sophically persnickety) will refuse to admit that, in some relevant sense, the agent
“intended” to achieve this end...*

. an Al agent is able to reason about whether its actions would violate the law
and conform its actions to the law (at least, if they are aligned to the law). Tools,
as we normally think of them, cannot do this, but actors can. It is true that when
there is a stabbing, we should blame the stabber and not the knife. But if the
knife could perceive that it was about to be used for murder and retract its own
blade, it seems perfectly reasonable to require it to do so. More generally: once
an entity can perceive and reason about its legal duties and change its behavior
accordingly, it seems reasonable to treat it as a legal actor.”

Since intent is a basic concept in a number of areas of law required in order to establish legal liability,
attributing discretion in decision-making and intent to AI models may lead to wrongful attribution of
liability and misuse of AL Furthermore, such misinterpretation of the capabilities of Al especially
by legal scholars, poses the danger that other legal professionals, including legislators and judges,
take erroneous decisions in cases involving AL

Finally, the greater AI models’ discretion in producing outputs is, the more seriously rises the align-
ment problem. However, as long as Al does not have an own embodiment, i.e. as long at it is fixed
in a certain environment and is bound to act in that environment solely for a certain overall goal, the
question of alignment is left out of scope. Thus, the general idea of alignment of all Al-agents to the
rule of law, as suggested by O’Keefe et. al, is yet not to be accomplished.

To sum up, stochastic processes that lie at the basis of the functioning of Al systems should not be
mistaken for intentional discretion in decision-making. Governed by strict algorithmic processes, Al

*“Ibid, page 91
31bid, page 85



systems, at least at this point of time, do not exercise autonomy, but merely fulfill the intentionality
programmed by human engineers.

2.3 Understanding

In psychology, understanding is the subject matter of epistemology, which is derived from Greek
episteme, translated as “understanding” or “knowledge.” According to Kvanvig, understanding re-
quires the grasping of explanatory and other coherence-making relationships in a large and compre-
hensive body of information: one can know many unrelated pieces of information, but understanding
is achieved only when informational items are pieced together by the subject ([20]). Analogously,
Baumberger draws a line between understanding and knowledge. He writes that the value of un-
derstanding seems to surpass that of knowledge: knowledge may be easily acquired through the
testimony of experts, whereas understanding requires that the epistemic agent puts together several
pieces of information, grasps connections, can reason about causes, all of which suggests an added
value ([3]).

Such grasping of connections between pieces of information and reasoning about causes are all ex-
amples of slow and deliberate, System 2, thinking, which, as demonstrated above, has not (yet) been
reached by modern Al systems that currently exercise only System 1 thinking. LLMs are highly
dependent on the tokenization process and are based on statistical correlations between symbols.
Therefore, “text understanding” becomes merely a process of orientation in numerical representa-
tions.

The question whether machines can understand has been studied both by mathematicians and
philosophers for decades. The Turing test, where a human interrogator is tasked to distinguish a
machine from a human, is one of the most well-known tests to identify whether a machine can
think. Although modern LLMs are often claimed to pass the Turing test ([15]), the above referenced
example with the crossing of the river thrice demonstrates that, with the right questions, Al mod-
els still lose the imitation game. In this context, experiments such as the Turing game, a gamified
interaction between two human players and one Al chatbot powered by LLMs ([21]), demonstrate
how far current LLMs are still from passing the Turing test and help to deepen the understanding of
human-AT interactions.

Unlike Turing, who emphasized the behavioral aspect in determining whether a machine can un-
derstand, Searle argued that simulation of understanding is not equivalent to true understanding. In
particular, with the Chinese room experiment, Searle demonstrated that the non-Chinese speaking
processor of messages, although correctly transforming strings of symbols from input to output, will
not develop understanding of the symbols that he is manipulating ([30]).

Almost half a century later, in 2021, Bender questioned the understanding abilities of some of the
most advanced Al systems - large language models. She introduced the term “stochastic parrot™:
a system that haphazardly stitches together sequences of linguistic forms it has observed in its vast
training data, according to probabilistic information about how they combine, but without any ref-
erence to meaning ([4]). Bender argued that LLMs still merely repeat words based on correlations
without true understanding, which has been widely recognized by the scientific community ([40]).

Further experiments have confirmed that such terminology is justified. As demonstrated in a study
published in 2025 that aimed to measure understanding in LLMs, state-of-the-art LLMs perform
perfectly on the low-level understanding subtask but lag behind humans on the high-level subtask,
which confirms the stochastic parrot phenomenon in LLMs. The authors conclude that such lack
of deep understanding is due to the models’ intrinsic deficiencies, as neither in-context learning nor
fine-tuning improves their results.®

Another way to analyze the concept of understanding in humans and machines is through the phe-
nomenon of human communication. As stated by Tomasello ([35]),

human communication is ... a fundamentally cooperative enterprise, operating
most naturally and smoothly within the context of (1) mutually assumed common
conceptual ground, and (2) mutually assumed cooperative communicative mo-
tives.

“Thid



In essence, human communication takes place within a broad context, in terms of which human
speech is being interpreted. However, machines lack such context and, unlike in case of humans,
the context that machines may get from the training data has no rooting in the sensual experience.
Furthermore, putting the context into machine represents an extremely difficult task, since learning
from description is not the same as having sensual experience.

Even though human communication happens within a shared context, it still remains questionable
whether actual "understanding” has taken place, since it is difficult to assure that the recipient of
the message has understood such message precisely in the way that the sender anticipated. "Par-
roting" content without actual understanding is common not only in machines, but also in humans,
especially since it is unclear what actual understanding is and considering that understanding always
takes place through the prism of the recipient’s background, experience, and knowledge. Thus, when
it comes to understanding in machines, one of the questions that should be posed is what level or
what specific kind of understanding is being sought.

The difficulty of establishing what kind and level of understanding we are seeking may be the ar-
gument in favor of approaching the problem of understanding in machines just from a behavioral
perspective. In this context, the Turing test, being a purely behavioral test, becomes of particular
relevance, since, for the judgment if understanding at a human level is present, he argues that it is
not relevant to introspect the machine, as we are also not introspecting humans, but just to observe
the outcome, i.e. the behavior of the subject of the test. This is, so to say, the counter-thesis of the
Chinese room argument, where Searle emphasizes that demonstrating behavioral understanding is
not equivalent to actual understanding.

Despite these fundamental differences in understanding between humans and machines, one cannot
exclude that a system that understands connections as a human will be developed in the future. For
instance, the state of the art for automatic speech recognition has seen major advancements rapidly
only in the recent years, which is due to large amounts of data becoming available and advances
in machine learning techniques ([28]). Thus, as the story of the development of speech recognition
technology teaches us, some innovations that were previously deemed to be difficult to achieve due
to unsurmountable obstacles may be accomplished much faster than initially expected.

3 Conclusion

Anthropomorphism, especially when used in relation to Al, may mislead both users and develop-
ers. Some of the undesirable consequences of careless use of anthropomorphic terms in Al include
misguided expectations with respect to Al performance and capabilities, overall confusion, as well
as such legally relevant consequences as wrong attribution of responsibility and ill-considered leg-
islation. Furthermore, some argue that anthropomorphism may inadvertently constrain LLM devel-
opment, whereas thinking of Al capabilities in non-anthropomorphic ways can further unlock new
avenues of progress ([17]).

For these reasons, the use of anthropomorphic terminology in the context of Al requires careful
consideration and caution. It should be made clear that anthropomorphic terminology is merely a
figure of speech, not a literal statement. As proposed in an editorial in Nature Reviews Physics, the
anthropomorphic language with respect to Al should be analyzed whether such use is justified or
can be replaced by a more precise word. If that is not possible, the used term should be defined
or clarified in a particular context. If nothing else works, it is suggested using “quotation marks to
emphasize the abuse of the term” ([23]).

While the use of anthropomorphic terminology in Al seems inevitable, it is essential that profes-
sional engagement with Al systems, especially by legal experts, is based on profound understanding
of the fundamental concepts of Al, although expressed in anthropomorphic terms. Such understand-
ing of the AI fundamentals will help avoid research directions that lack potential and will contribute
to technically sound legislation.
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Abstract

The increasing availability of machine learning algorithms has posed the challenge
of selecting appropriate algorithms for specific data analysis tasks. In domains
such as education and business, where many practitioners are not specialists in
artificial intelligence, algorithm selection is often performed through trial-and-
error experimentation or guided by limited methodological knowledge. Meta-
learning has emerged as a promising approach for addressing this challenge by
recommending algorithms based on characteristics of previously analysed datasets.
However, many meta-learning approaches rely on complex models whose decision
processes remain difficult to interpret, limiting their suitability in contexts where
transparency and accountability are required. This paper investigates the use of
explainable meta-learning models for machine learning algorithm selection in
social science domains. Using datasets originating from education and business
contexts, we construct a meta-dataset based on dataset characteristics represented
as meta-features. These meta-features serve as inputs to interpretable meta-models
designed to recommend suitable algorithms for new datasets. We analyse the
contribution of individual meta-features to the meta-model decisions, thereby
identifying dataset characteristics that drive algorithm recommendations. The
results demonstrate that a subset of meta-features plays a key role in determining the
predictive power of the meta-model and forms the basis for explainable algorithm
selection. By making these relationships explicit, the proposed approach enables
transparent and interpretable recommendations that can support non-expert users in
selecting appropriate analytical methods. The study contributes to discussions on
trustworthy and responsible Al, particularly relevant in the context of emerging Al
governance frameworks and certification initiatives that emphasise explainability,
accountability, and user trust in Al systems.

1 Introduction

The rapid development of machine learning algorithms has created a fundamental challenge: selecting
the most appropriate algorithm for a given dataset and analytical task. This challenge, known as the
algorithm selection problem, was first formalized by Rice [1] in 1976 and has become increasingly
important as the number and diversity of machine learning algorithms continue to grow. In practice,
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selecting an appropriate algorithm often requires substantial expertise and extensive experimentation,
which can represent a significant barrier for practitioners working outside the field of artificial
intelligence.

Meta-learning has emerged as a systematic approach to addressing this challenge. By learning from
previous experiments conducted on multiple datasets, meta-learning systems aim to recommend
suitable algorithms for new data analysis tasks. These systems typically rely on meta-features, which
describe structural and statistical characteristics of datasets, enabling models to identify patterns
linking dataset properties to algorithm performance. However, many meta-learning approaches rely
on complex models whose decision processes remain difficult to interpret, limiting their adoption in
domains where transparency and explainability are essential. This issue is particularly relevant in
the context of social science research, including domains such as education and business analytics.
Researchers and practitioners working with data in these areas often lack deep expertise in machine
learning and therefore require decision-support tools that provide not only recommendations but
also understandable explanations of the reasoning behind them. Explainable Artificial Intelligence
(XAI) has emerged as a key paradigm for addressing the transparency limitations of machine learning
systems [2, 3]. When applied to meta-learning, XAl techniques enable the identification of dataset
characteristics - represented through meta-features - that influence algorithm selection decisions. By
making these relationships explicit, explainable meta-learning models can support more transparent
and trustworthy algorithm recommendations.

In this paper, we investigate the use of explainable meta-models for machine learning algorithm
selection in datasets originating from social science domains. Using meta-features extracted from a
collection of datasets from education and business contexts, we develop and analyse interpretable
meta-models capable of recommending suitable algorithms while providing insights into the factors
driving these recommendations. The goal is to support data analysts in social sciences by providing
algorithm selection mechanisms that are both effective and transparent.

This paper is structured as follows. Section 2 provides a review of the relevant literature on algorithm
selection, meta-learning, and explainable artificial intelligence. Section 3 describes the research
methodology, including the dataset collection, meta-feature extraction process, and the development of
the meta-model used for algorithm recommendation. Section 4 presents the experimental results and
evaluates the predictive performance of the proposed approach. Section 5 discusses the implications
of the findings for explainability in social science research, particularly in domains such as education
and business analytics where interpretability is essential for non-expert users. Finally, Section 6
concludes the paper and outlines directions for future research.

2 Related work

This section presents an overview of the related literature relevant to this study. It focuses on
previous research on the algorithm selection problem, meta-learning methods for recommending
machine learning algorithms, and explainable AI approaches aimed at improving transparency and
interpretability of such systems.

2.1 Meta feature importance

Relevant studies on meta-feature importance revealed patterns alongside domain-specific variations.
Meta-features related to dimensionality and sparsity frequently emerge as important across diverse
algorithm selection tasks [4], [5], [6]. The mean sparsity of attributes, identified as the most im-
portant meta-feature for distance metric recommendation, exemplifies how structural properties
fundamentally influence algorithm performance [2]. Statistical meta-features show variable impor-
tance depending on the algorithm selection context[5]. In contrast, for clustering tasks, statistical
measures of attribute distributions play a more prominent role [4], [5]. Information-theoretic meta-
features provide valuable characterization of data complexity and feature relationships [4],[5],[6].
Entropy-based measures and mutual information metrics help predict which algorithms will effec-
tively handle complex feature interactions and class structures. However, the computational cost of
extracting some information-theoretic meta-features may limit their practical utility in large-scale
meta-learning systems. Domain-specific meta-feature importance patterns have been documented for
multi-label classification across text mining, multimedia, and bioinformatics domains [1]. For social



science data encompassing business and education domains, certain meta-features show consistency
across domains while others show significant variation [88].

2.2 Performance of Explainable Meta-Learning Systems

Explainable meta-learning systems demonstrate good performance across multiple algorithm selection
tasks. For multi-label classification (as case in this research), the automated algorithm selector
outperformed all individual algorithms across six different performance metrics, demonstrating the
value of meta-learning for this complex task [7]. Distance metric recommendation for k-means
clustering achieved about 70% accuracy with the full meta-feature set, improving to 72% when using
only the top 25 most important meta-features [4]. This improvement demonstrates that explainability
can directly enhance performance by enabling principled feature selection. The reduction in meta-
features also decreased computational overhead, providing practical benefits beyond interpretability.
The performance gains from meta-learning vary depending on the evaluation metric and dataset
characteristics [7]. This variability underscores the importance of explainability: understanding when
and why meta-learning provides benefits enables more informed deployment decisions. AutoML
systems incorporating explainable meta-learning show promise for democratizing machine learning
[6]. By automating algorithm selection while providing transparency through explanation techniques,
these systems make machine learning accessible to users without deep technical expertise. However,
the effectiveness of these systems depends on the quality of explanations and their alignment with
user needs and mental models.

2.3 Domain-Specific Meta-Learning Frameworks

The development of domain-specific meta-learning frameworks for social sciences, namely business
and education represents an important research direction. Such frameworks would incorporate
domain-specific meta-features, evaluation metrics, and explanation strategies tailored to the unique
characteristics and requirements of these domains [6]. For business applications, this might include
meta-features related to data quality along with explanations that align with business logic and
regulatory requirements. For education applications, domain-specific frameworks should address
fairness and the potential for bias in algorithm selection [9]. Explainability techniques could help
identify when algorithm selection decisions may have disparate impacts across student populations,
enabling proactive mitigation of bias.

Cross-domain meta-learning presents opportunities for leveraging knowledge across related domains.
The finding that certain meta-features exhibit consistency across business and education domains
suggests potential for transfer learning approaches [8]. A meta-learning model trained on diverse
business and education datasets might generalize effectively to new problems in these domains. The
development of domain-specific meta-feature models could facilitate more effective meta-learning in
business and education contexts.

3 Research methods

Methodology of this research encompasses (i) meta-learning, (ii) explainable AT and ML models, (iii)
meta-features role in explainablity of ML algorithms selection meta-models.

3.1 Meta-Learning and Algorithm Selection

Meta-learning, often described as "learning to learn," addresses the algorithm selection problem by
leveraging knowledge gained from previous learning experiences. The fundamental premise is that
datasets sharing similar characteristics tend to benefit from similar algorithms. Meta-learning systems
extract meta-features - general, statistical, clustering, and information-theoretic properties,...-from
datasets and use these features to train meta-models that predict algorithm performance or recommend
optimal algorithms [1]. The algorithm selection problem manifests across various machine learning
tasks. For multi-label classification, where instances can belong to multiple classes simultaneously,
selecting appropriate algorithms is particularly challenging due to the diversity of available approaches
and the complexity of evaluation metrics [1]. Recent advances have extended meta-learning to
AutoML (Automated Machine Learning) systems, which automate the entire machine learning



pipeline including algorithm selection, hyperparameter tuning, and feature engineering [10]. These
systems promise to make machine learning more available by reducing the need for expert knowledge.

3.2 Explainable AI: Principles and Techniques

Explainable Al encompasses methods and techniques that make machine learning models interpretable
to humans. Post-hoc explanation methods, which generate explanations after model training, have
gained prominence due to their model-agnostic nature and applicability to complex black-box
models [11]. Among these approaches, feature importance analysis represents one of the most
widely used techniques for understanding how input variables influence model predictions. After
the development and training of a predictive model, feature importance methods can be used to
quantify the contribution of each feature to the model’s decision-making process. Such analyses
allow researchers to identify which variables have the greatest impact on model predictions and to
better understand the relationships captured by the model.

3.3 Meta-Features and Their Role in Algorithm Selection

Meta-features serve as the foundation for meta-learning systems, characterizing datasets in ways that
correlate with algorithm performance. These features typically fall into several categories: general
measures (number of fetaures, number of instances, number of categorical features, number of
numerical features), statistical measures (mean, variance, skewness, kurtosis), information-theoretic
properties (entropy, mutual information), and complexity measures (class separability, feature cor-
relation) [7], [4], [5], [10]. The selection and engineering of meta-features significantly impact
meta-learning performance. Research has shown that different meta-features give varying importance
across domains and tasks [7], [6]. For instance, in multi-label classification, meta-features related
to label distribution and label relationships prove particularly influential [7], while clustering tasks
prioritize structural properties like attribute sparsity [4]. Understanding meta-feature importance
is crucial for several reasons. First, it enables feature selection to reduce computational overhead
and improve meta-model generalization [4], [S]. Second, it provides insights into the underlying
mechanisms of algorithm performance, potentially guiding algorithm design [6]. Third, it facilitates
domain-specific customization of meta-learning systems by identifying which dataset characteristics
matter most in particular application contexts [8].

4 Research results

This section presents results of the research divided into three parts. First, we discuss extractuon of
meta-features. Next, we explain meta-model development followed by interpretation and explanation
of meta-model.

4.1 Meta-Feature Extraction and Characterization

The foundation of explainable meta-learning lies in comprehensive meta-feature extraction that
captures relevant data set characteristics. Hereinafter, we have extracted a total of 45 datasets.
Datasets were collected from publicly available repositories and analysed in order to describe their
properties through meta-features. For each dataset, 179 numerical meta-features were computed,
capturing different aspects of the data such as distributional properties, statistical characteristics, and
structural complexity. These meta-features represent the input space used to analyse relationships
between dataset characteristics and the target classes considered in the meta-learning task. To enable
consistent comparison across datasets with different scales and distributions, all numerical meta-
features were discretised into ordinal categories. Specifically, each feature was partitioned into eight
ordered bins, ranging from extremely low to extremely high. The discretisation was performed
using a quantile-based binning procedure, which ensures approximately balanced distributions of
instances across bins. In cases where quantile boundaries produced duplicate thresholds due to limited
variability in the data, a fallback binning chain was applied to guarantee a valid ordinal categorisation.
This discretisation step allowed meta-features to be treated as interpretable categorical descriptors of
dataset characteristics. Following discretisation, a feature selection procedure was applied to identify
the most informative meta-features. First, mutual information scores were computed for all 179
meta-features with respect to the target variable. Mutual information was used as a model-agnostic



measure of dependency, capturing both linear and non-linear relationships between meta-features and
the target classes. To further analyse the relationship between meta-feature categories and the target
classes, Kendall’s rank correlation coefficient was calculated. For each meta-feature, the correlation
between its ordinal category value and each target class was computed. Kendall’s was selected
because it is particularly suitable for ordinal variables and monotonic relationships, which aligns with
the discretised nature of the meta-feature representation. Based on the obtained correlation values,
the top 15 meta-features for each class were selected according to the highest absolute Kendall’s
scores. These selected features represent the dataset characteristics most strongly associated with
each class and were subsequently used in the rule extraction and analysis stages of the study. This
process enabled the identification of interpretable relationships between dataset properties and model
selection outcomes within the meta-learning framework.

4.2 Meta-Learning Model Construction

To construct the meta-learning model for algorithm recommendation, a scoring-based approach was
employed. The goal of the model is to estimate the suitability of each candidate machine learning
algorithm for a given dataset based on its meta-feature representation.

For each dataset, meta-features describing dataset characteristics were first transformed into nor-
malized values in order to enable consistent comparison across different datasets. First, categorical
meta-features were transformed to numerical. Second, normalization was performed on scale [-1,1]
Specifically, for each feature value v, the value was calculated as: (v-3.5)/3.5. The value 3.5 was
chosen as the centering constant because the discretisation procedure maps each meta-feature to one
of eight ordered bins, indexed from 1 to 8. Within this scheme, 3.5 represents the midpoint of the
bin index range, effectively acting as a neutral reference point. Dividing by 3.5 further normalises
the centered values such that the extreme bins (1 and 7) map approximately to the interval [1, +1],
ensuring that the magnitude of contributions remains comparable across meta-features regardless of
their individual distributions. Consequently, meta-feature values falling below the midpoint produce
negative contributions to the algorithm score, while values above the midpoint produce positive
contributions, allowing the scoring function to capture the directional influence of each dataset
characteristic on algorithm suitability.

This transformation ensures that values below the central category produce negative contributions,
while values above the central category produce positive contributions, allowing the model to capture
directional influence of meta-features.

For each candidate algorithm class, a weighted scoring function was then applied. Each meta-feature
contributes to the overall score proportionally to its associated weight parameter , which reflects
the importance of that feature for predicting algorithm suitability. The score for a given algorithm
class is computed as the weighted sum of the centered feature values across all meta-features. To
ensure comparability of scores across classes, the resulting value was normalized by the magnitude
of the weight vector . This normalization prevents classes with larger cumulative weights from being
systematically favoured. Finally, the recommendation for each dataset was determined by selecting
the algorithm class with the highest normalized score. In this way, the meta-model aggregates the
contributions of all 15 meta-features to estimate which algorithm is most suitable for the dataset
under consideration.

An important advantage of this scoring-based formulation is its inherent interpretability. Because
each meta-feature contributes linearly to the final score through an explicitly defined weight, it is
possible to analyse how individual dataset characteristics influence the recommendation of specific
machine learning algorithms. This property makes the model particularly suitable for explainable
algorithm selection in domains such as education and business analytics, where transparency and
interpretability are essential.

It is important to note, that we have compared proposed meta-model against several different
approaches, such as: ML based meta-models and multi-crietira decision making approaches . The
comparison ensures a fair evaluation using identical meta-feature inputs and evaluation metrics.
Figure 1 provides deeper insight into the behavior of the meta-model across algorithm classes. The
model demonstrates strong performance in identifying Ridge regression, achieving the highest number
of correct predictions (8), indicating that its associated meta-feature patterns are well captured.
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Figure 1: Confusion matrix of meta-model.

In contrast, confusion is more pronounced between DT and KNN, as well as between KNN and MLP,
suggesting that these algorithms share overlapping meta-feature characteristics. This is particularly
visible in the misclassification of KNN instances, which are frequently predicted as DT or MLP.

These results indicate that while the meta-model effectively distinguishes algorithms with more
distinct statistical or structural signatures (e.g., Ridge), it encounters challenges when decision
boundaries between algorithms are less clearly separable in the meta-feature space. This pattern
suggests that the meta-learning task is inherently complex and influenced by subtle interactions
between dataset characteristics, rather than dominated by a single discriminative feature. The feature
importance analysis based on Kendall’s tau (Figure 2) reveals several notable patterns. Features
related to correlation structure, such as cor.sd and cor.mean, exhibit strong associations with specific
algorithms, particularly KNN, indicating that distance-based methods benefit from datasets with
distinct correlation patterns.

4.3 Explanation Generation and Interpretation

To support explainability of the meta-learning model, a sensitivity analysis was conducted in order
to assess the contribution of individual meta-features to the algorithm recommendation process.The
analysis was performed using a leave-one-out (LOO) evaluation setup. The baseline predictive
performance of the model in this configuration was 0.556. The results of the sensitivity analysis
highlight cor.sd as the most influential meta-feature in the model. When this feature was removed
from the model, the performance decreased by 0.089, indicating a contribution to the predictive
capability of the meta-model. This finding is consistent with the results obtained from the leave-one-
out (LOO) analysis, confirming the stability of the importance ranking across different validation
strategies. In contrast, the remaining meta-features demonstrated smaller or negligible individual
effects when analysed independently. While their removal did not produce substantial decreases
in predictive performance, this does not imply that they are irrelevant for the model. Instead, the
results suggest that the meta-model partially relies on the complementary interaction of multiple
meta-features, where the joint presence of several dataset characteristics contributes to the algorithm
recommendation process.
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Figure 2: Meta-feature importance.

From the perspective of explainability, these findings provide valuable insights into how dataset
characteristics influence the behaviour of the meta-learning model. The prominence of cor.sd indicates
that measures describing the variability of attribute correlations play an important role in determining
suitable machine learning algorithms for the analysed datasets. At the same time, the relatively
distributed influence of the remaining meta-features suggests that the model captures more complex
patterns arising from the combined properties of datasets rather than relying on a small number
of dominant variables. Such interpretability is particularly important in social science domains
such as education and business analytics, where researchers and practitioners require transparent
justification for algorithm recommendations. By identifying which meta-features drive the model’s
decisions, the proposed approach enables users to better understand the relationship between dataset
characteristics and algorithm suitability, thereby increasing the transparency and trustworthiness of
the recommendation system.

Model-based meta-features such as leavesCorrob.sd and bestNnode.sd show strong influence, espe-
cially in distinguishing between MLP and Ridge, highlighting the importance of structural dataset
properties in algorithm selection.
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5 Discussion and implications

The results obtained from the feature importance (Figure 2) analysis based on scoring meta-model
provide insights into how different groups of meta-features contribute to the explainability of the
algorithm recommendation process. The meta-features used in this study originate from several
established categories in meta-learning literature, including general, statistical, information-theoretic,
itemset, model-based, clustering, complexity, landmarking, relative, and concept-based descriptors.
Together, these groups capture different aspects of dataset structure and learning difficulty, enabling
the meta-model to infer relationships between dataset characteristics and the suitability of particular
machine learning algorithms.

An analysis reveals that certain meta-features demonstrate stronger relationships with specific algo-
rithm classes, which provides a basis for interpretable algorithm recommendations. In particular,
correlation-based statistical descriptors, such as cor.sd and cor.mean, show notable influence, espe-
cially for the KNN algorithm. The relatively strong positive correlation between cor.sd and KNN
suggests that variability in attribute correlations may favour algorithms that rely on distance-based
similarity measures. This finding is consistent with the intuition that neighbourhood-based methods
can benefit from structured relationships between variables.

Another notable pattern appears in the general meta-features, such as ns.ratio and leaves.corrob.sd,
which show stronger associations with the MLP algorithm. This suggests that datasets with more com-
plex decision boundaries or structural variability may favour algorithms with higher representational
capacity.

In contrast, several meta-features demonstrate relatively weak individual correlations with algorithm
classes. Rather than indicating irrelevance, this pattern suggests that the meta-model partially relies on
the combined contribution of multiple meta-features. In other words, algorithm recommendations are
not driven by a single dominant dataset characteristic in most cases, but emerge from the interaction
of several complementary descriptors describing dataset structure, distribution, and complexity.

From the perspective of explainable Al, these findings are particularly important. Because the
meta-model is constructed using explicit weights derived from correlations between meta-features
and algorithm classes, it becomes possible to trace how specific dataset properties contribute to the
final recommendation score. This transparency enables researchers and practitioners to understand
the reasoning behind algorithm selection decisions.

Such explainability is valuable in social science domains such as education and business analytics,
where analysts often require understandable justification for automated recommendations. By linking
algorithm choices to interpretable dataset characteristics, the proposed approach supports transparent
and trustworthy decision support in data analysis workflows.

While the proposed scoring-based meta-model provides interpretability by explicitly linking meta-
features to algorithm selection, this transparency may come at the cost of predictive accuracy
compared to more complex models such as ensemble methods or AutoML systems. However, in
domains such as social sciences, where explainability and trust are critical, this trade-off is often
acceptable. The results suggest that the model achieves competitive performance while offering
substantially higher transparency.

6 Conclusion

This paper addressed the problem of selecting appropriate machine learning algorithms for datasets
in social science domains by focusing on the explainability of meta-learning approaches. Using
datasets originating from education and business contexts, we developed and analysed an interpretable
meta-model that recommends suitable machine learning algorithms based on dataset meta-features.

The results show that a set of relevant meta-features can effectively capture dataset characteristics
that influence algorithm performance and can therefore serve as a foundation for explainable algo-
rithm selection. Identifying these influential meta-features enables the interpretation of meta-model
decisions and provides insights into why specific algorithms are recommended for particular types of
datasets. In this way, meta-features not only support predictive performance of the meta-model but
also act as the basis for explainability in the algorithm recommendation process.



Explainability is particularly important in domains such as education and business analytics, where
data analysts and researchers are often not specialists in artificial intelligence or machine learning.
Providing interpretable recommendations can therefore improve trust, transparency, and usability of
decision-support systems that assist users in selecting appropriate analytical methods.

This study also has several limitations. The meta-model was trained and evaluated on a relatively
limited subset of datasets and machine learning algorithms, which may restrict the generalizability
of the findings. The current study considers a limited set of candidate algorithms (DT, KNN, MLP,
Ridge), which may restrict the generalizability of the findings. Expanding the pool of algorithms to
include ensemble methods (e.g., Random Forest, Gradient Boosting) and modern approaches would
improve the practical applicability of the framework. Future work will also focus on expanding the
dataset repository and further exploring explainability techniques that can enhance the transparency
of algorithm recommendation systems.

Overall, the results suggest that explainable meta-learning approaches represent a promising direction
for supporting data analysts in social science domains, enabling more transparent and informed
selection of machine learning algorithms.
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Abstract

Pain indicators and preparturient nest-building are precursors of farrowing, yet con-
tinuous quantification remains challenging. We present a non-invasive computer-
vision system that detects pain-associated behaviors (back-arching, tail-flicking,
back leg forward, trembling) and nest-building behaviors (manipulation of pen
components, pawing, exploration) from top-view videos. We analyzed 748 h of
RGB footage (25 fps) from 11 sows on a single farm, spanning 64 h pre-farrowing
to 4 h post birth of the first piglet. Using a defined ethogram, 46,010 events were
annotated with inter-annotator agreement x = 0.724. To assess generalization, we
used a sow-level split, i.e., 8 in the training set and 3 in validation. Behaviors were
detected with a modified DeepEthogram architecture, combining RGB data and
optical flow. Both streams were processed by separate ResNet3D-34 encoders.
Optical flow was estimated using a state-of-the-art DPFlow model. Training em-
ployed focal loss to address class imbalance, alongside geometric and photometric
augmentations for robustness to camera placement and lighting. Clips of 11 frames
at 8.33 fps (=1.32 s) were used. On held-out sows, per-class F1 scores were 0.875
for manipulation of pen, 0.634 for pawing, 0.820 for exploration, 0.639 for back-
arching, 0.778 for tail-flicking, 0.871 for back leg forward, and 0.443 for trembling.
These results indicate that pen-installed vision can identify key behaviors in a
non-invasive way, supporting scalable monitoring. Limitations include modest
dataset size and limited diversity, i.e., a single farm and a single breed. Ongoing
work will expand the dataset and leverage behavior dynamics for time-to-farrowing
estimation.

1 Introduction

Accurate, continuous monitoring of the preparturient period is critical for timely interventions at the
onset of farrowing to improve sow welfare and piglet survival. Pain indicators (e.g., back arch, tail
flick, trembling) and nest building behaviors (e.g., manipulation of pen, pawing, exploration) are
possible precursors to the onset of farrowing [1, 2]. However, routine quantification of these events
remains challenging because manual assessment is labor intensive and difficult to sustain at scale.

Sensor based approaches have estimated farrowing proximity by measuring overall activity with
accelerometers attached to sows in farrowing pens [3]. While increases in activity can signal nest
building, these methods require animal handling and device attachment, which may introduce stress
and demand upkeep. Vision based, non-invasive alternatives have inferred activity from video, either
by tracking sow position via object detection [4] or by estimating motion with optical flow [5]. Both
strategies have shown promise for farrowing prediction but largely operate on coarse activity proxies
rather than specific behaviors. Recognizing discrete pain and nest building behaviors may provide
more reliable and interpretable cues for time-to-farrowing estimation.
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Recent advances in video-based behavior recognition enable automatic detection of a range of sow
behaviors across modalities (RGB, grayscale, depth) and tasks (e.g., posture, drinking, aggression)
with real time performance on farm [6, 7]. To our knowledge, no prior work has targeted pain and
nest building behaviors. We address this gap with a non-invasive computer vision system that detects
specific pain-associated and nest-building behaviors from top-view pen videos.

2 Methods

2.1 Data and annotations

Data were collected at Medau, the pig research and teaching farm of the University of Veterinary
Medicine Vienna, using top-view RGB cameras. A total of 748 hours of video, recorded at 25
frames per second (fps), from 11 individually housed Large White sows was used. Each sow was
monitored continuously from approximately 64 hours before farrowing until 4 hours after the birth of
the first piglet, capturing both the preparturient period and the onset of farrowing under routine farm
conditions. All sows were kept in BeFree pens (Schauer Agrotronic, Prambachkirchen, Austria).

Table 1: Ethogram used for the labeling of behavior events

Behavior Definition

Pawing Raking movement of either forelimb against the floor or the pen

Manipulation of pen ~ The sow touches the pen component with some part of her head and performs
up- and down-movements with her head towards the pen components.

Exploratory behavior Movements of the head while the snout of the sow is directed towards the

ground

Tremble Visible shaking as if shivering when in a lateral lying position

Back leg forward In a lateral lying position, the back leg is pulled forward and/or in toward
the body

Back arch In a lateral lying position, one or both sets of legs become tense and are
pushed away from the body and/or inwards toward the center

Tail flick Tail is moved rapidly up and down

An ethogram was defined to cover two behavior groups relevant to farrowing onset. Pain-associated
behaviors included back arch, tail flick, pulling the back leg forward, and trembling. Nest building
behaviors included manipulation of pen components, pawing, and exploration. Definitions are
provided in Table 1. Because multiple behaviors can occur simultaneously, the task is multi-label.
Using this ethogram, annotators labeled discrete behavior events throughout the recordings, producing
a total of 46,010 events. To assess annotation reliability, a subset of the data, totaling 9 hours of
video footage, was double-annotated, yielding inter-annotator agreement with £=0.724. The dataset
exhibited class imbalance, driven primarily by the higher frequency of back leg forward events
relative to other categories. To partially mitigate this imbalance while preserving ethogram breadth,
we downsampled the event pool to 23,326 by randomly removing 80% of back leg forward instances.
The class composition of the resulting dataset is summarized in Table 2. To evaluate generalization
and prevent data leakage, we used a sow-level split with 8 sows for training and 3 sows held out for
validation.

Table 2: Number of occurrences for each behavior in the dataset

Behavior Count

Pawing 1,950
Manipulation of pen 5,428
Exploratory behavior 4,938

Tremble 1,267
Back leg forward 5,671
Back arch 2,045
Tail flick 2,027




2.2 Neural network and training

Raw RGB streams at 25 fps were downsampled by keeping every third frame (=8.33 fps) to reduce
redundancy and computational load. Fixed-length clips of 11 consecutive frames (duration ~1.32 s)
were extracted within the start-end timestamps of annotated events. Although the model receives
an 11-frame clip, the ground-truth labels of the center frame (6th) are assigned to each clip to align
supervision with the temporal midpoint while providing context on both sides. Images were resized
to a width of 416 pixels while keeping the aspect ratio. This resulted in an image height of 499
pixels. The images were then normalized using the ImageNet [8] mean and standard deviation. For
robustness to real-world variability, we applied geometric and photometric augmentations during
training, including random horizontal flips, small rotations and scalings, and brightness/contrast jitter.
Because multiple behaviors can co-occur, the ground truth is multi-label.

To capture motion cues critical for transient behaviors, we adopted the dual-stream architecture of
DeepEthogram [9]. The RGB stream uses 11-frame clips, and the motion stream uses corresponding
optical-flow stacks computed with DPFlow [10]. A pretrained model provided by the Python package
PyTorch Lightning Optical Flow [11] and pretrained on the Spring dataset [12]. A representative
flow stack is shown in Figure 1. Each stream is encoded with a separate ResNet3D-34 backbone
[13] to produce feature embeddings. Pretrainted weights provided by DeepEthogram [9], trained on
Kinetics700 [14], were used. Each stream outputs class-wise logits for the seven behaviors. Late
fusion combines the per-class logits from both streams using learnable weights before the final
sigmoid:

lc = C\‘-’clch + (1 - aC)Ifiow'l Ye = J(‘GC) (l)

where c indexes behaviors, o, € [0, 1] are learnable fusion weights, and o(-) denotes the sigmoid. A
threshold of 0.5 was used to determine the presence of a behavior.

n-. ‘
¥ '
/ ,

Figure 1: Optical flow stack. Left: RGB frame sequence (recording taken at night, thus a grayscale
image) Right: computed optical flow. Pixel color encodes direction of movement with higher
saturation indicating larger movements.

Given the remaining class imbalance, the training objective employed focal loss to down-weight
common examples and emphasize minority-class instances [9, 15]. We used an initial learning rate of
10~3 with a ReduceLROnPlateau scheduler (patience: 5, factor: 0.1, min_lr=10"5). Training stopped
once the minimum learning rate was reached, and the checkpoint with the lowest validation loss was
selected.

Training was performed in Python 3.11.10 with PyTorch 2.9.0 [16] using OpenCV 4.10.0.84 [17] for
video I/O. Kornia 0.7.4 [18] was used for image transformation and augmentation. Experiments ran
on an NVIDIA RTX 6000 Ada GPU (NVIDIA, Santa Clara, USA) in a server with an AMD EPYC
9354 32-core CPU (AMD, Santa Clara, USA).
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3 Results

On the sow-held-out validation set (3 sows), the model achieved strong performance on nest-building
behaviors and mixed performance on pain associated behaviors. For nest building, per-class F1
scores were 0.875 for manipulation, 0.634 for pawing, and 0.820 for exploration. For pain behaviors,
F1 scores were 0.639 for back arch, 0.778 for tail flick, 0.871 for back leg forward, and 0.443 for
trembling. Averaged over all seven classes, the macro F1 was 0.723. Table 3 summarizes per-class
precision, recall, and F1 score. These results indicate that behaviors with more distinctive or sustained
kinematics tended to yield higher F1 scores.

Table 3: F1 score, precision, and recall for the detected behaviors

Behavior F1 Precision Recall

Pawing 0.634 0.704 0.576
Manipulation of pen  0.875 0.835 0.919
Exploratory behavior  0.820 0.827 0.814

Tremble 0.443 0.383 0.524
Back leg forward 0.871 0.907 0.838
Back arch 0.639 0.854 0.511
Tail flick 0.778 0.833 0.730
Average 0.723 0.763 0.702

4 Discussion

Our results demonstrate that a dual-stream model can reliably detect several pre-parturient nest-
building behaviors, with mixed performance on pain-associated behaviors. High F1 for manipulation
and exploration suggests pronounced movements and interactions with pen fixtures are well captured
by short clips. Tail flick, which is most often a short event, was detected well, indicating that
distinctive movement can suffice. In contrast, trembling and back arch, often subtler movements,
achieved lower scores.

The current clip length (=1.32 s) and frame rate (=8.33 fps) balance context and efficiency but may
under-represent higher frequency motions (e.g., fine tremors) or longer sequences needed for some
events. Extending temporal context, adopting other temporal models (e.g., Transformers), or using
multi-rate inputs (retaining higher fps for flow while keeping RGB downsampled) may improve
sensitivity to subtle and longer events.

Limitations include a modest dataset from a single farm, breed, and pen type, limiting visual
diversity. Despite downsampling and focal loss, residual class imbalance persists and may bias
decision boundaries. The single top-view perspective limits cues available for fine-grained posture
changes, which may be relevant for some behaviors. Annotation noise, while mitigated by substantial
agreement (k=0.724), can still affect the results. Finally, training and validation used clips within
behavior intervals without explicit background sampling. Continuous-video evaluation is needed to
assess real-world prevalence and precision.

Future work should expand data across farms, breeds, camera placements, and lighting. Including
background clips without any behaviors in the dataset will support more realistic evaluation. Longer-
horizon temporal models (e.g., Transformers), may enhance sensitivity to some behavior indicators.
Finally, the change in preparturition behavior frequency detected by the model needs to be further
processed to achieve a time-to-farrowing estimation.
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Abstract

Problem weeds pose a challenge for agriculture. Robust detection of these plants
is crucial for their control and for assessing possible contamination of the crop.
Current UAV inspections are usually carried out using a fixed flight route, regardless
of the extent of weed infestation. Initial approaches of adaptive flight control
attempt to save flight distance by adapting flight altitude and route. We would
also like to investigate adaptive gimbal guidance, to find out whether this can have
a positive impact on flight paths and flight times. To this end, we developed a
pipeline between the server including the operating website and the drone. The
initial results, presented in this extended abstract, examine the functional capability
of the pipeline and different error sources for GPS accuracy of adaptive gimbal
pitches.

1 Introduction

Problem weeds such as thistles, which reproduce via underground rhizomes, and neophytes like the
poisonous thorn apple pose challenges for agriculture. Reliable detection is essential for targeted
control measures such as spot spraying and for assessing possible crop contamination.

Conventional UAV flights using lawn-mower coverage achieve high accuracy but cannot adapt to
weed distribution. Regardless of weed density, the drone covers the entire field without evaluating or
adjusting its flight path, and most commercial drones cannot perform evaluations during flight.

Adaptive approaches already attempt to adjust altitude and flight routes in real time and can achieve
shorter flight paths (see: [1]-[5]). However, these studies do not consider variable gimbal positioning,
as images are always taken in nadir view. This project investigates whether gimbal control can reduce
flight path length and time without significantly affecting detection or localisation accuracy. As a first
step, this extended abstract examines the functionality of our pipeline and potential GPS localisation
errors at adaptive gimbal pitches.

2 Related Work

Previous research has explored online adaptive UAV flight paths for efficient mapping. The work
of [1] used a predefined route with an OODA loop to recognize Aruco markers, red surfaces, and
thistle plants. Paper [2] introduced an informative path planning strategy that maximizes information
collection while respecting resource constraints, demonstrating higher efficiency than traditional
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approaches. In [3], adaptive flight height was used to reduce flight time while maintaining high
segmentation accuracy. Similarly, [4] combined high-altitude coverage with low-altitude inspection
paths, reducing flight lengths by 37% for clustered objects and 6% for uniformly distributed objects.
The work in [5] applied deep Q-learning to learn search policies that outperformed baseline row-by-
row flight paths and were transferable to real-world data. These studies indicate that online adaptive
flights can shorten flight paths, but all rely on nadir images.

The work of [6] evaluated the accuracy of the Matrice 600 Pro with onboard GNSS RTK, producing
photogrammetric products with decimeter accuracy. In contrast, our project uses drone footage
captured from a standstill. For our application, accurate YAW indication is also important, yet
existing research mainly focuses on RTK precision, as shown in studies [7] and [8].

3 Method

In this project, we evaluate GPS accuracy from drone images and compute adaptive routes on a server,
with the aim of testing live processing over mobile networks in a later stage. This approach allows
easy integration of different drones, as the drone only executes simple tasks provided by the server.
Our goal is also to adapt this server-based pipeline for future research projects.

The system is based on a FastAPI application running on the server, providing API endpoints and
web interfaces for control and monitoring. Through the control interface, the drone can be operated
in three modes:

» Manual mode, where the user selects a target GPS position including altitude.
» Route mode, where predefined routes are uploaded and executed.
= Adaptive mode, where only a field shape file and an algorithm need to be selected.

The drone receives tasks from the server containing a GPS position, altitude, and an action. Possible
actions include: (1) YAW rotation at the arrival point, (2) single-photo capture with wide-angle or
zoom camera and selectable gimbal pitch, and (3) multi-photo capture with defined start and end
points for gimbal pitch and YAW rotation.

Currently, we are developing the first adaptive algorithm, which:

1. Captures multi-photography (wide-angle) of the entire field or large sections of the field.

2. Evaluates suspected weed positions on the server using segmentation models and EXIF data
while images are still being captured.

3. Generates zoom-camera single-photo tasks based on the detected GPS positions.

To assess the algorithm’s accuracy, we examine potential error sources: (1) drone heading (YAW)
accuracy, (2) GPS coordinates on the drone, and (3) the target object’s position in the image.
Experiments are conducted using a DJI Mavic 3T. While each factor will be tested repeatedly in the
future to analyze variability, the current results are based on a single test per aspect.

3.1 Heading (Yaw)-accuracy of the drone

We use a simpleRTK3B Pro to measure Heading with a central 116 cm aluminum profile and
RTK-antennae at each end under the drone, and fixed the drone and gimbal to the aluminum profile
(1a). We compare the heading from the simpleRTK3B Pro with gimbal-heading information from
EXIF-data of UAV photos taken. As we cannot align the drone with perfect precision, we will get a
constant offset for all measurements. This offset, estimated from the average misalignment will be
removed from the measured difference. Overall we rotate the setup 360 degree and take 14 different
measurements.

3.2 GPS-coordinate on the drone

From the previous heading (yaw)-accuracy test, we calculate the average distance from the
simpleRTK3B-GPS-Position to the UAV-GPS-position (1b). We use this to estimate which GPS-
Location on the drone is written into the EXIF-data.



(a) Heading (Yaw)-accuracy of the drone (b) GPS-coordinate on the drone

Figure 1: Investigate potential error sources part 1

3.3 Impact of position of the target object in the image

A total of 13 markers were measured with an RTK antenna on a flat surface (6 x 10 m). From a central
marker, three rows with four markers each extend in vertical, horizontal, and diagonal directions,
ranging from markers 0 to 4 (2). The UAV was manually positioned so that the central marker
appeared in the image centre and the outer markers near the edges. This results in a flight altitude
of 14.34 m and a ground sample distance (GSD) of 5.2 mm/pixel for this setup, as a wide-angle
camera with a focal length of 4.4 mm and a resolution of 4000 x 3000 pixels was used. The image
was undistorted using OpenCV Camera Calibration. To compensate for RTK error in the UAV image,
the calculated centre marker position was shifted to the ground-truth position, and all other marker
positions were adjusted by the same offset. The calculated GPS coordinates were then compared with
the RTK measurements.

Figure 2: Impact of image position

4 Results

4.1 Server-Drone-Pipeline

The visualization of the Server-Drone-Pipeline shows logged actions from an adaptive flight from
the remote control. From 0 to 80 seconds the UAV performs a multi-photo at two different gimbal
settings, the logs of yaw rotations are in the third row. At around 95 seconds, the drone switches the
camera and performs 3 single-photos, each time rotating gimbal and yaw.

4.2 Heading (Yaw)-accuracy of the drone

10 of 14 Measurements are in the standard deviation of the simpleRTK3B. We conclude from this
data that the UAV heading doesn’t have a high noise and the accuracy is +0.4 degree. We were unable
to find any reasons in other EXIF parameters as to why the values 3,4 and 12 are noticeably outside
the standard deviation. Therefore, we will repeat this test during the course of our project to make
reliable conclusions and try to find out why some values are outside the standard deviation.
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Figure 4: Heading (Yaw)-accuracy of the drone

4.3 GPS-coordinate on the drone

The average distance from the simpleRTK3B-GPS-Position to the GPS-Position give of the drone is
61,84cm and ranges from 54,7cm to 64,8cm (5a). Figure fig:distance shows that the distance from
the centre of the white RTK antenna to the drone’s gimbal is approximately 61 cm. We conclude
from this data, that the GPS-Position given by the drone is the GPS-Position of the gimbal. However,
as the scattering of the distance is relatively high, we will repeat this test several times.
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(a) GPS-coordinate on the drone (b) Impact of position of the target object in the image

Figure 5: Diagrams of potential error sources part 2

4.4 TImpact of position of the target object in the image

The graph (5b) is showing, that for most of the marker points its true, that the further away a marker
is from the center (marker 0) the higher is the shift between the calculated GPS from the image to the
measured GPS-coordinate.

5 Discussion

The presented server—drone pipeline appears promising, and future work will evaluate it in different
scenarios for weed detection and compare flight path length and time with conventional lawn-mower
coverage flights. Apart from weed detection, we could envisage using this drone-server pipeline to
monitor field robots. Or even for gesture control, where very specific and custom drone actions for
different gestures are stored on the server.
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The yaw accuracy of the drone was tested only on the ground, as evaluating it during flight is
technically challenging. This limitation reduces the validity of the results. Following the initial test
of yaw accuracy, we are not yet able to explain why some values fall outside the standard deviation.
We hope to gain further insights through further repetitions and by calibrating the compass using the
DIJI Pilot 2 app.

We also really want to find out why the shift increases as the distance from the centre point (5b)
increases. We suspect this may be due to incorrect photo-correction parameters or minor errors in
calculating the GPS positions. We need to examine our approach in more detail.

Following this initial round of testing, we are still cautious about making any definitive statements.
As mentioned earlier, the tests for the different error sources will be repeated multiple times to obtain
more reliable results.

In addition, the ongoing project will investigate the influence of different gimbal pitches on GPS
localisation accuracy. We suspect that the higher the gimbal pitches (i.e. the further the drone looks
away), the greater the error in calculating GPS positions. Perhaps high gimbal pitches always produce
positions that are too imprecise for spot spraying. It would be important to know this to limit the
adaptive gimbal pitch to a specific range.
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Abstract

Eye diseases in dogs are visually similar and difficult to distinguish without profes-
sional examination. Furthermore, assessing the severity of such conditions — and in
particular determining whether immediate veterinary attention is required — poses
a significant challenge for pet owners. To address this problem, we aim to assist
pet owners in performing an initial triage of canine eye conditions with minimal
technical expertise required. Given a photograph of the affected eye taken with a
smartphone, we provide an automated preliminary assessment indicating whether a
veterinary visit is advisable. To this end, we employ a computationally efficient
convolutional neural network (CNN) to classify the images, identifying potential
conditions and reporting the result to the user.

1 Introduction and Problem Statement

Veterinary ophthalmology is a well-studied field, e.g., [4, 5, 9, 13], However, as eye diseases in
dogs are visually similar, they are difficult to distinguish laypersons. Furthermore, assessing the
severity of such conditions — and in particular determining whether immediate veterinary attention is
required — poses a significant challenge for pet owners. To address this problem, we aim to assist
pet owners in performing an initial triage of canine eye conditions with minimal technical expertise
required. Given a photograph of the affected eye taken with a smartphone, we provide an automated
preliminary assessment indicating whether a veterinary visit is advisable. To this end, we employ a
computationally efficient convolutional neural network (CNN) to classify the images, identifying
potential conditions and reporting the result to the user. Specifically, we target four common canine
ocular conditions: corneal oedema, episcleral hyperaemia, epiphora, and cherry eye.

The automated analysis of medical images using deep learning has seen considerable progress in
recent years, with convolutional neural networks (CNNs) achieving strong performance across a range
of diagnostic tasks, including the classification of diabetic retinopathy, skin lesions, and pathological
findings in radiology [6, 10]. More recently, these methods have begun to be applied in veterinary
medicine, where they offer the potential to assist practitioners and pet owners alike [1].

In the context of ocular disease, deep learning-based approaches have been explored primarily for
human ophthalmology, with well-established benchmarks for conditions such as glaucoma and
age-related macular degeneration [10]. Comparable work in veterinary ophthalmology remains
sparse. A closely related study [7] developed CNN-based models to classify the severity of corneal
ulcers in dogs from photographic images, using GoogLeNet, ResNet, and VGGNet architectures fine-
tuned on ImageNet, achieving classification accuracies above 90 %. More recently, a U-Net-based
approach was proposed for the segmentation and diagnosis of multiple canine ocular conditions from
smartphone and camera images [2], demonstrating the feasibility of image-based triage tools for pet
owners.
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Lightweight CNN architectures such as MobileNetV2 [12] have been specifically designed for
deployment on resource-constrained devices, making them well suited for mobile applications.
Transfer learning from large-scale datasets such as ImageNet has been shown to yield strong results
even when task-specific training data is limited [11], which is particularly relevant in veterinary
contexts where large labeled datasets are rarely available.

In this work, we adopt MobileNetV2 as a backbone and fine-tune it on the DogEyeSeg4 dataset for
the classification of four canine ocular conditions. To the best of our knowledge, this represents one
of the first attempts to apply mobile-efficient deep learning specifically to the triage of canine eye
diseases from smartphone images. The rest of the paper is organized as follows: Sec. 2 describes
the relevant technical implementation. Sec. 3 presents the experimental setup and results, and Sec. 4
summaries the findings and outlines directions for future work.

2 Implementation Details

The envisioned application requires a solution that is accurate enough to provide a meaningful initial
assessment, yet lightweight enough to run on a standard smartphone without specialized hardware.
To meet these constraints, the classification system is implemented in Python and built upon a
MobileNetV2 backbone [12] pre-trained on ImageNet [3]. The backbone weights are kept frozen
during training, and only the custom classification head is trained, which reduces the number of
trainable parameters and mitigates overfitting on the small available dataset. The design prioritizes
computational efficiency, requiring no specialized hardware for either training or inference, and is
therefore well suited for eventual deployment as a mobile application.

The input images are rescaled to a uniform size of 224 x 224 pixels with three color channels (RGB),
matching the input format expected by MobileNetV2. The frozen backbone extracts a feature vector
of dimensionality 1280 via Global Average Pooling, which collapses the final 7 x 7 x 1280 feature
map into a compact representation. This feature vector is then passed through a custom classification
head consisting of two fully connected layers with ReLU activations, batch normalization, and
Dropout regularization, before a final Softmax layer produces a probability distribution over the four
target classes: corneal oedema, episcleral congestion, epiphora, and cherry eye.

The network is trained using the Adam optimizer [8] with a learning rate of 0.0001 and a batch
size of 12. To prevent overfitting, early stopping is applied, terminating training once no further
improvement on the validation set is observed; the maximum number of epochs is set to 250. The
available data is partitioned into 70 % for training, 10 % for validation, and 20 % for testing.

3 Experimental Results

To demonstrate the functionality of the proposed approach, we run it on a publicly available dataset,
namely DogEyeSeg4_dataset]'. This dataset comprises 145 images at a resolution of 320 x 320
pixels, depicting the following conditions:

* Corneal oedema

Episcleral hyperaemia

Epiphora (excessive tearing)

* Cherry eye (nictitating gland prolapse)

The results achieved over the course of training are shown in Fig. 1. The left panel displays the
trajectory of the loss function — the optimization criterion being minimized — while the right panel
shows the development of classification accuracy. In both cases, it is evident that performance on
the independent validation data, which was not accessible to the model during training, improves
with increasing epochs before eventually plateauing. By employing early stopping, training is
automatically halted at this point, as no further improvement on the validation data is expected.

Ih‘t:tps ://pmc.ncbi.nlm.nih.gov/articles/PMC11467576/
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Figure 1: Loss curves and classification accuracy over training epochs.

The class-specific results are presented in Table 1. Three metrics are reported: the Precision describes
the proportion of correctly classified positive images among all positively predicted images, indicating
how reliable a positive prediction is. The Recall gives the proportion of correctly identified positive
images among all truly positive images, measuring how completely the model detects each class. The
F1-score is the harmonic mean of precision and recall, combining both metrics into a single value that
accounts for both false positives and false negatives. Additionally, Fig. 2 shows illustrative examples
of correctly and incorrectly classified images. From the results in Table 1 and the training curves in
Fig. 1, it can be seen that the detection accuracy needs to be increased and the training behavior is
still somewhat noisy. Both aspects can be addressed by extending the training set.

Table 1: Quantitative results per class.

Condition Precision Recall F1-Score
Corneal Edema 0.71 0.68 0.69
Episcleral Congestion 0.89 0.86 0.86
Epiphora 0.59 0.59 0.59
Cherry Eye 0.74 0.82 0.78

5

(a) Epiphora/Epiphora
- _ —

(d) Cherry Eye/None (e) Cor. Edema/Cor. Edema (f) Cor. Edema/Cor. Edema

Figure 2: llustrative classification results: true label / predicted label.

338



4 Conclusion

The goal of this study was to evaluate whether a lightweight classification system could be applied
to automatically triage canine eye diseases, enabling pet owners without veterinary expertise to
determine whether a visit to a veterinary practice is necessary. Our results demonstrate that the
proposed approach achieves promising results across four common canine ocular conditions, con-
firming that the approach is generally feasible. However, as the available dataset is limited, the
current performance does not yet meet the threshold required for clinical deployment. The next
steps therefore include extending the dataset and applying domain-specific data augmentation to
improve training robustness. In parallel, a modular client-server architecture will be developed, in
which a lightweight mobile application captures an eye photograph alongside a short symptom survey,
securely transmits the data to a centralized backend for joint image-survey classification, and returns
an urgency-aware recommendation to the user.
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Abstract

In veterinary medicine, urine specific gravity (USG) is among the most commonly
used indicators of renal function, typically assessed by means of manual refrac-
tometers. However, accurate readings require a trained eye and adequate lighting
conditions, limiting their use outside of clinical settings. This study investigates
whether digital refractometers can serve as a reliable alternative, and in particular
whether pet owners are able to use them independently for continuous at-home
monitoring of their animal’s USG. With a mean deviation of 0.0014 & 0.0008
between devices, the results demonstrate that digital refractometers yield measure-
ments comparable to those of manual devices, paving the way for broader at-home
use by pet owners.

1 Introduction

Urine specific gravity (USG) is a key indicator of renal function in animals [5] and is routinely
measured using manual refractometers in clinical settings. However, accurate readings require a
trained eye and adequate lighting conditions, limiting their use outside of clinical environments.
Furthermore, readings are susceptible to observer bias: studies have shown that results are interpreted
differently by multiple veterinarians when using manual refractometers [3, 4], leading to discrepancies
that can influence clinical assessment [5]. To address these limitations, digital refractometers offer a
compelling alternative, providing objective and unambiguous readings [1]. In particular, we aim to
enable at-home testing by pet owners, which offers two key benefits: first, by staying in a familiar
environment, stress for animal patients can be reduced; second, a denser test frequency can be ensured
without increasing costs.

However, to date there has been only limited interest in evaluating the accuracy of digital refrac-
tometers. For instance, [4] compared manual and digital refractometers using urine from 38 dogs
and demonstrated high measurement reliability observed across measurements. Nevertheless, the
level of training and experience of the operator was identified as an important factor in achieving
reproducible results, which raises concerns about the suitability of manual refractometers for use by
untrained laypersons. Similarly, [1] compared the degree of agreement between manual and digital
refractometers using urine from 55 cats, with all measurements performed by a single operator to
minimize variability. The results revealed a a small statistically difference; however, values obtained
with the manual refractometer were consistently higher than those obtained with the digital device,
indicating a systematic device bias. In contrast, in [5], where four different refractometers (including
a digital one), were compared, the tested refractometers yielded slightly different results, however,
presumed to be not clinically relevant.

These studies show, on the one hand, that there is no clear evidence that manual and digital refrac-
tometers consistently yield comparable results. On the other hand, they highlight the importance of
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device calibration, operator training, and consistent device use. Our aim, however, is to enable pet
owners to continuously monitor their animal’s USG using a digital refractometer independently at
home. For this purpose, we employ a modern, easy-to-use digital refractometer and compare the
measurements with those of a calibrated, standardized manual refractometer. The results demonstrate
that the two devices yield comparable measurements, paving the way for further studies and broader
clinical application. The rest of the paper is organized as follows: First, in Sec. 2, we give an overview
of the devices used. Then, in Sec. 3, we describe the experimental setup and discuss the obtained
results. Finally, in Sec. 4, we summarize and conclude the paper.

2 Manual and Digital Refractometers

To measure the specific gravity of urine, we compare a calibrated manual refractometer and a modern
digital refractometer (SmartRef"), tested by veterinarians and pet owners.

2.1 Manuel Refractometer

A manual refractometer, as shown in Figure 1, measures the refractive index of a liquid sample — that
is, the degree to which light bends as it passes through the sample — and converts this into a readable
scale. In veterinary use, a drop of urine is placed onto the prism and the cover is closed [2], causing
the urine to spread evenly across the prism surface. The refractometer is then held up to a light source,
and the USG value is read at the boundary between the light and dark fields on the internal scale, see
Figure 2. The reading therefore depends on adequate lighting and the observer’s ability to correctly
interpret this boundary line. The thus obtained data must be entered into the patients record and can
then be analyzed in an additional step. To ensure a robust measurement, the manual refractometer
was cleaned by wiping it with a clean soft paper towel.

Figure 2: USG measurement value to three
Figure 1: Manual refractometer. decimal places.

2.2 Digital Refractometer

In addition to the manual refractometer, we use the digital refractometer SmartRef (see Fig. 3). The
device is accompanied by a range of apps designed for various liquids such as juices, beer, wine,
or vehicle coolants (see Fig. 4). In our case, we used the app Pet Care Meister, which allows us to
measure the specific gravity of urine and the sugar value in the urine of dogs, cats, and large animals.

"The company Anton Paar was neither a client nor involved in the study at all.
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Figure 3: SmartRef. Figure 4: SmartRef apps.

Before measurements, the device must be paired with a smartphone via Bluetooth and calibrated with
distilled or tap water. For cleaning between different urine samples, the sample well was sprayed
with 90 % ethanol and wiped dry with a clean soft paper towel. For the actual measurement, 0.4 ml
of urine is pipetted into the sample well using a disposable pipette or syringe. The measurement is
then initiated via the smartphone app by pressing the Start button; the result s displayed within one
second. The device supports both individual (see Fig. 5) and continuous measurements. The USG
measurements can be saved and displayed as a curve, as shown in Figure 6. The x-axis represents the
date on which the measurement was saved, the left y-axis shows the USG values, and the right y-axis
shows the ambient temperature. The USG values are displayed in blue, and the temperature values in
red.

USG "
1 H 45 Hund kY
, 1034
Nach uhe-r; ler Details "
Figure 5: Detailed information on a sin- Figure 6: Plots of multiple measured val-
gle measured value. ues: USG (blue), ambient temperature
(red).

To integrate the animals’s values into the attending veterinarian’s patient records, they can be exported
as Comma-Separated-Values (CSV) file, and sent via email, for example, as illustrated in Table 1.
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Table 1: The table shows the exported values from the SmartRef app.

Animal ID Date Time Type | Temp. | Unit | Value Univ pH-Value
Dog-01 28/12/2025 | 11:06:12 | — 240 °C | 1.026 | USG Dog —
Dog-01 29/12/2025 | 09:08:19 | — 25.6 °C | 1.039 | USG Dog —
Dog-01 30/12/2025 | 10:38:26 | — 25.8 °C | 1.037 | USG Dog —
Dog-01 31/12/2025 | 12:43:10 | — 258 °C | 1.041 | USG Dog —
Dog-01 01/01/2026 | 11:03:44 | — 26.1 °C | 1.033 | USG Dog —
Dog-01 02/01/2026 | 10:42:19 | — 26.0 °C | 1.025 | USG Dog —
Dog-01 03/01/2026 | 09:26:01 | — 26.2 °C | 1.034 | USG Dog —
Dog-01 04/01/2026 | 11:10:52 | — 259 °C | 1.034 | USG Dog —
Dog-01 05/01/2026 | 10:55:24 | — 239 °C | 1.034 | USG Dog —
Dog-01 06/01/2026 | 11:59:52 | — 244 °C | 1.029 | USG Dog —
Dog-01 07/01/2026 | 10:43:28 | — 248 °C | 1.029 | USG Dog —
Dog-01 08/01/2026 | 10:02:15 | — 245 °C | 1.034 | USG Dog —

3 Evaluation

Volunteer veterinarians and pet owners collected urine from the animals and carried out the measure-
ments. In the following, we describe the urine collection process and provide an overview of the
results obtained.

3.1 Urine Collection

Spontaneous urine was used for the measurements, collected by free-catch method using two different
collection aids. Commercial collection bowls, such as those by Himiyer (see Fig. 8), are available
in two sizes and suitable for most dogs. However, they are less suitable for female dogs that lower
their pelvis close to the ground when urinating (Fig. 7), and some female dogs refused to urinate
when the bowl was present. To collect urine from these animals as well, we created a custom adapted
collection device using 3D printing (see Fig. 9).

-

Figure 8: Urine collection aid: Himiyer. Figure 9: Urine collection aid: 3-D print.

Both collection aids feature a telescopic rod, allowing the collection bowl to be positioned under
the urine stream with minimal effort. To transfer the urine to the refractometer, the required amount
is drawn up from the collection bowl using a disposable pipette or syringe: 0.4 ml for the digital
refractometer, or a single drop for the manual refractometer, applied directly onto the prism.
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3.2 Comparison

Urine was collected from 13 dogs in order to measure the specific gravity and glucose levels using
both the manual and the digital refractometer. The thus obtained results are summarized in Table 2,
showing only a maximal difference of 0.002 between the SmartRef and the manual refractometer,
which is within the measurement tolerance.

Table 2: Comparison of the measured values of a SmartRef and a manual refractometer.

Animal ID Smart_Ref manual

USG | Brix / sugar USG
Dog-01 1.026 6.7 1.026
Dog-02 1.012 2.8 1.013
Dog-03 1.025 6.3 1.026
Dog-04 1.047 12.5 1.049
Dog-05 1.032 8.3 1.034
Dog-06 1.023 5.7 1.024
Dog-07 1.016 4.0 1.018
Dog-08 1.060 16.2 1.060
Dog-09 1.020 5.1 1.022
Dog-10 1.034 8.9 1.036
Dog-11 1.050 13.2 1.051
Dog-12 1.019 4.7 1.021
Dog-13 1.045 11.9 1.047

4 Conclusion

The results demonstrate that digital refractometers yield measurements comparable to those of manual
devices. At-home testing offers two key advantages: it reduces stress for animal patients by allowing
measurements to be taken in a familiar environment, and it enables a denser monitoring frequency
without increasing costs. These findings support the use of digital refractometers by trained pet
owners and provide a basis for further studies involving additional species, including livestock, cats,
and zoo animals.
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Abstract

Comprehensive veterinary care is of central importance for animal health in agricul-
ture. However, veterinary services are often unavailable at night and on weekends.
To better represent availability and deploy existing resources more efficiently, we
collected publicly available data on veterinary practices in Austria and stored them
in a continuously updated database. To make this information accessible, we inte-
grated it into a web app based on OpenStreetMap, providing relevant information
for both animal owners and veterinarians. The app allows users to visualize the
structure of veterinary services across Austria and to find the nearest available prac-
tices. Route planning is based on real street distances and travel times, computed
using the Open Source Routing Machine (OSRM), ensuring that geographical
constraints such as mountain passes or river crossings are properly accounted for.
The system is designed to be extensible, with future versions planned to incorpo-
rate real-time availability updates, veterinary specializations, and seasonal road
conditions.

1 Introduction and Motivation

Reliable veterinary care across both livestock and companion animal medicine is an important
socio-political challenge. Structural changes in agriculture and the veterinary profession are putting
increasing pressure on the existing system. While coverage during regular practice hours is still
guaranteed, the system reaches its limits at night and on weekends. It is therefore a primary goal to
deploy available resources as efficiently as possible, taking into account information such as vacations,
sick leave, or other absences. Furthermore, unlike human medicine, veterinary medicine lacks fixed
structures such as round-the-clock emergency stations. Veterinary practices are staffed only during
regular office hours, while on-call duty is arranged individually and may vary from day to day.

Existing services, such as the veterinarian search provided by the Austrian Veterinary Chamber’
or the insurer Anicura®, provide addresses but no further information. The present work therefore
aims to provide a comprehensive database of veterinary services across Austria and to make it
publicly available. The work was partly inspired by the pharmacy finder app of the Austrian
Apothekerkammer®. The information was collected from publicly available sources and is visualized
using OpenStreetMap. The result is a continuously updated database, publicly accessible to both

I}:L‘t:tps ://www.tieraerztekammer.at/oeffentlicher-bereich/kurz-menue/tierarzt-suche
thtps ://www.anicura.at/
3}:L‘t:tps ://www.apothekerkammer.at/
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animal owners and veterinarians at https://vetfind.at. The main contributions of this paper
are the establishment of a database of veterinary practices in Austria, the computation of their GPS
coordinates, and the integration of this information into an interactive platform, making it easily
accessible to animal owners and veterinarians alike.

2 Map and Website

In total information about 1,439 practices clinics have been collected (no guarantee for correctness
and completement), where for each practice the following information is stored in a database:
* Name of practice
» Website
* E-mail
Phone
Address
Federal state
GPS coordinates

The GPS coordinates (longitude and latitude) were retrieved via the Nominatim geocoding API*.
In addition, we captured — if available — relevant information such as specialization (small animal,
livestock, horses, etc.) and opening hours.

To this end, we present this information as an interactive map based on OpenStreetMap [8]. Users
can search for the nearest available practices by entering an exact address, using their automatically
estimated GPS position, or selecting a location directly on the map. Results are displayed either as
the ten closest practices or as all practices within a predefined radius. Hovering over a result reveals
more detailed information about the practice; additionally, the route to the selected destination can be
computed, and a textual route description is provided. An overview of the web-app, which can be
called via vetfind.at is shown in Fig. 1.
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Figure 1: VetMap Austria: Interactive Map showing all veterinary practices in Austria.

4}:rtt:]:us; ://operations.osmfoundation.org/policies/nominatim/ (accessed March 1, 2026)
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3 Applications

Based on the availale information, we identified different use cases for practical applications, which
are discussed in the following:

3.1 Analyze Veterinary Service Structure

The visualization of practice locations provides insight into the structure of veterinary services across
Austria. In the current version, the distribution of practices can be directly visualized, revealing the
influence of geographical constraints. This is illustrated for Styria in Fig. 2a and Tyrol in Fig. 2b. In
Styria, a dense network of practices is visible in the Ennstal, the Mur-Miirz-Furche corridor, and the
southern part of the region. Similarly, in Tyrol most practices are concentrated in the Inntal, with only
a small number available in the surrounding smaller valleys. Taking additionally into account the size
of practices and the age of their employees, more detailed predictions of future service distribution
would be possible; however, these data are either not yet available or have not yet been incorporated
into the model.
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By g . e e T i oe
o0t e 7 D g e
£ e , .
(a) Veterinary practices in Styria. (b) Veterinary practices in Tyrol.

Figure 2: Illustration of different route visualisations.

3.2 Getting Close Practices

The user’s current position can be specified in three ways: entering an address into a search field,
using the automatically determined GPS position, or selecting a location directly on the map. The
web app is designed to work on both desktop computers and mobile devices, and can access the
device’s GPS sensor directly where available. Once the user’s position has been determined, the
nearest practices are displayed on the map, either within a specified range (in km) or as the top n
closest results.

The locations of animal owners and those of available practices are modelled in a graph-based
framework, where the street distance or travel time serves as the optimality criterion, computed using
OSRM (Open Source Routing Machine; [6]). The models used are, however, flexible enough to
incorporate further criteria in the future, such as seasonal parameters, real-time availability updates, or
required veterinary expertise. Additionally, the particular challenges in Austria — such as long travel
distances due to natural obstacles like mountains or rivers, high-altitude farms with alpine pasture
farming, or seasonal restrictions due to road closures or lack of winter road maintenance — must be
taken into account. Studies such as [3] that additionally consider the relevance of geo-information
or the nature and severity of the emergency at hand remain rare. We therefore drew on methods for
optimal route planning in general [4, 6, 9], as well as on problems from human medicine concerning
the optimal routing of emergency vehicles [2, 7, 10].

3.3 Provide Detailed Information

Based on this information, we identified two additional applications. The first is to provide detailed
information about nearby practices stored in the database. These details can be obtained by hovering
over a practice marker, and include the name, address, phone number, website, and e-mail address,
each presented as an interactive link for direct access. Future versions will additionally display
specialization information (e.g., livestock, small animal, horses). This is illustrated in Fig. 3.
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(a) Ilustrative example 1. (b) Illustrative example 2.

Figure 3: Illustration of detailed practice information.

3.4 Get Direction

The second use case we identified is computing the direction (road distance) from the current position
to a veterinary practice. By clicking the marker of the practice, the direction is computed and
visualized on the map. In addition, a textual description of the direction is provided. In addition,
we provide the possibility ot compare the road distance with the air distance, to make it apparent
that the geographic distances might be highly different from the air distance. Two examples for this
functionality are illustrated in Fig. 4.
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(a) Ilustrative example 1. (b) Illustrative example 2.

Figure 4: Illustration of found directios description of the pathway.

4 Conclusion and Future Work

Further work can be divided into three key aspects: (a) So far, optimal routes have been generated as
in [6] using suitable speed-up techniques for Dijkstra’s algorithm [5]. Further ideas from graph theory
[1, 4] will be incorporated in the future. (b) Additionally, the rudimentary clustering approach will
be supplemented with more suitable methods [11, 12, 13]. (c) So far, only geographic information
has been used to compute the edge weights. In addition, topographic and traffic-related information,
vacation periods, sick leave, or other availabilities of veterinarians can also be taken into account.
Beyond these technical extensions, the database itself will be continuously expanded and refined:
practices will be enriched with additional attributes such as veterinary specialization, opening hours,
and real-time on-call availability, ensuring that the information remains current and practically useful.
Furthermore, the web app will be extended to support mobile devices more fully, including push
notifications for animal owners in urgent situations. Finally, a systematic evaluation of the service
coverage across Austrian federal states is planned, with the goal of identifying underserved regions
and informing policy decisions on the deployment of veterinary resources.
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