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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 XLSTM 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 XLSTM 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 xXLSTM 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 xXLLSTM 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 = {{(t?, 2%, m?)} = }IV_, denote irregular MCTS data with missing values,
where N is the number of channels and the n-th channel contains 7}, observations. An observation
at time ¢ for channel n consists of a chronological time delta ¢? € R* as the minutes elapsed since
the measurement start, a value =} € 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} }?:"1},1)’:1, where ¢ is the j-th
forecasting request for channel n. Then, given historical MCTS data X and queries QQ, we want
to forecast X = {{27};7" N, according to (X, Q) — X, where F(-)g denotes a forecasting

function parameterized by 6 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
JF1, Fa, Fs parameterized by 601, 05, 03, 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



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 = {zp};::l, z, € RNXP that are
concatenated with the missingness masks, where NV is the number of channels and D the embedding
dimension. We distinguish two input processing settings. In the full-patch setting, each SLSTM 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 7, abbreviated as Patch-xLSTM-F, replaces both with a 2-layer sSLSTM, a variant
of xLLSTM, 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 F5, or Patch-xLSTM-FG, which, in contrast to 7, separates temporal and
cross-channel modeling between a 2-layer SLSTM and the GNN before producing forecasts. Finally,
F3 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.

"https://physionet.org/content/mimic-iii-ext-tpatchgnn/1.0.0/



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.
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 +0.07
DLinear' [27] 4904+ 0.00 16.29 £+ 0.05
PatchTSTT [15] 378 £0.03 1243 +0.10
CrossGNNT [8] 295+0.16 10.82+0.21
Graph WaveNet! [24] 2.93 £ 0.09 10.50 +0.15
MTGNN' [25] 271+£023  9.55+065
Crossformert [31] 265+0.19  9.56 +0.29
FourierGNNT [26] 2.55+0.03  10.22 +0.08
RAINDROP! [30] 1.994+0.03 827 +0.07
Latent-ODET [16] 1.89+0.11 811+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] 1.854+0.06  7.73 £0.13
CRU' [18] 1.81 £0.05  8.06 +0.07
GRU-D' [5] 1.76 £0.03  7.53 +0.09
Warpformer! [28] 1.73+£0.04  7.58 £0.13
StemGNNT [4] 1.734+£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 XLSTM 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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