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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
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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 [1], [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.
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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.
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(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,,s = {p1,...,pn} captured from a single viewpoint, we

compute its centroid as:
1 n
c=~ Z; pi M
i=

We generate an augmented cloud F,,4 by reflecting P, 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,,, are defined as:

Paug = {p} | P; = 2¢ — p; + 5;,Yp; € Pops} 2)

where s; are computed as:
Pi 1 &
R ||pi—c||), 3
o] ( >

with d being a heuristic safety offset set to 5 mm ensuring that P, lies strictly behind the visible
surface P,y;, 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 p 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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Figure 4: Visualization of geometric grasp filtering.

distance J between grasp position vectors and the plane can be calculated as:
§=t-p—d “)

If the distance 0 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 €, 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.

7o @ <0 (6)

Applying these three constraints yields the geometrically feasible subset Gg,s 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.
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3.3 Kinematic Compensation

The GraspGen model predicts a grasp pose Ty qsp € 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 7., as:

Tegee = Tgrasp - Trans(0, 0, Az(w)) @)

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

Ax(w) = L- (1 _ - (2“2)2) ®)

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.

(a) Robotiq 2F-140 parallel-jaw (b) Width estimation using the augmented (c¢) HSR gripper kinematics with
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, M2T?2 [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 (A[C] I 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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