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Abstract

Medical time series (MedTS) classification suffers from poor generalizability in
real-world deployment due to inter- and intra-dataset heterogeneity, such as varying
numbers of channels, signal lengths, task definitions, and patient characteristics.
To address this, we propose FORMED, a novel framework for repurposing a
backbone foundation model, pre-trained on generic time series, to enable highly
generalizable MedTS classification on unseen datasets. FORMED combines the
backbone with a novel classifier comprising two components: (1) task-specific
channel embeddings and label queries, dynamically sized to match any num-
ber of channels and target classes, and (2) a shared decoding attention layer,
jointly trained across datasets to capture medical domain knowledge through
task-agnostic feature-query interactions. After repurposing, FORMED achieves
seamless adaptation to unseen MedTS datasets through lightweight label query
training (0.1% of parameters), eliminating the need for full fine-tuning or architec-
tural redesign. We evaluate FORMED on 5 diverse MedTS datasets, benchmarking
against 11 Task-Specific Models (TSM) and 4 Task-Specific Adaptation (TSA)
methods. Our results demonstrate FORMED’s dominant performance, achieving
up to 35% absolute improvement in F1-score (on ADFTD dataset) over special-
ized baselines. Further analysis reveals consistent generalization across varying
channel configurations, time series lengths, and clinical tasks, which are key
challenges in real-world deployment. By decoupling domain-invariant representa-
tion learning from task-specific adaptation, FORMED establishes a scalable and
resource-efficient paradigm for foundation model repurposing in healthcare. This
approach prioritizes clinical adaptability over rigid task-centric design, offering a
practical pathway for real-world implementation. Code release upon acceptance.
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Figure 1: Paradigms of building models for different MedTS classification tasks. Task-Specific
Model (TSM): Traditional classification models are designed for specific input shape and output
classes, thus require retraining from scratch for each new dataset. Task-Specific Adaptation (TSA):
By using a pre-trained and fixed backbone foundation models, the adaptation to new datasets requires
training fewer parameters for each dataset, such as pre- and post-backbone adapters, which makes the
combined model no longer applicable to other tasks, lacking generalization across tasks, and more
prone to overfitting. Generalizable Adaptation (GA): Generalizable adaptation is a post-backbone
adaptation module that is shared across tasks of different datasets, which carries domain knowledge
and transferable to unseen datasets with training of lightweight task-specific parameters, offering
both generalizability and robustness against overfitting.

1 Introduction

Medical time series (MedTS) classification, such as on electroencephalograms (EEG) and electro-
cardiograms (ECG), is critical for diagnosing a wide spectrum of medical conditions, including
Alzheimer’s Disease (AD; Jeong [1]), Parkinson’s Disease (PD; Aljalal et al. [2, 3]), and heart
Arrhythmia [4]. Despite significant advancements in developing deep learning models for these
tasks, their effective generalization across diverse datasets, sometimes even among individual patients
within the same dataset, remains a significant hurdle. This limitation critically obstructs the translation
of advanced predictive algorithms into reliable real-world clinical applications.

Several unique challenges inherent to MedTS data compound the poor generalizability. Firstly,
inter-dataset heterogeneity arises from variations in physiological data domains, data collection
equipment, and experimental protocols, leading to differences in the number of channels, sample
durations, sampling rates, and diagnostic targets [5]. Secondly, intra-dataset heterogeneity persists
even within single datasets, with variations occurring across recording times, experimental sessions,
and, most importantly, among patients due to unique physiological characteristics [6, 5]. This often
leads to models overfitting to training data and failing to generalize to unseen patients. Thirdly, data
insufficiency is a persistent issue: the high cost of data collection and privacy concerns often result
in small MedTS datasets [7], making it difficult to train robust models capable of addressing the
aforementioned heterogeneity [5].

Previous attempts to tackle these issues, such as employing Task-Specific Adaptation (TSA; see Fig-
ure 1) in models like Yang et al. [8], have shown limited success. These methods may unintentionally
focus on extracting features relevant only to the initial training task, thereby failing to generalize
effectively to new datasets or different medical conditions, as evidenced by marginal or even negative
performance gains through pre-training. While on the other hand, recent advancements in foundation
models for time series offer a promising avenue. Despite their predominant focus on forecasting
tasks [9, 10], they demonstrate the ability to learn generic representations of time series data [11],
thanks to pre-training on large-scale general time series data. This can be beneficial for MedTS
classification tasks as well. Our pilot study indicates that directly adapting these models for MedTS
classification is better than TSA models trained from scratch, but still fall short in capturing the
intricate patterns necessary for specific diagnostic tasks when compared to state-of-the-art (SOTA)
Task-Specific Models (TSMs; see Figure 1). This is primarily due to their lack of ability to capture
the task-agnostic domain knowledge, which is crucial for generalization across datasets.

To address these limitations, this paper introduces FORMED (Foundation model Repurposed for
Medical time series classification), a novel approach designed to repurpose foundation models for
MedTS classification. FORMED aims to achieve Generalizable Adaptation (GA; see Figure 1).
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This is achieved by utilizing a pre-trained foundation model as its backbone to capture generic
temporal features, and integrating a novel classifier design to handle MedTS heterogeneity, by
architecturally separating medical domain knowledge from task-specific knowledge. This allows
the model to effectively learn and utilize both task-agnostic and task-specific features, enabling
seamless handling of datasets with arbitrary channel configurations, dynamic time series lengths, and
diverse diagnostic targets across multiple tasks. Therefore, FORMED enables the backbone model to
effectively leverage the commonalities across datasets, while also being flexible enough to adapt to
the unique characteristics of each dataset, thus achieving generalization across datasets and tasks.

To facilitate this research, we curate a comprehensive repurposing cohort comprising five MedTS
datasets (two on ECG and three on EEG), totaling approximately 340,000 samples or 90 million time-
points. These datasets exhibit diverse channel configurations (ranging from 12 to 33 channels), varied
diagnostic tasks (from binary neurological to 5-class cardiovascular classification), and differing
dataset sizes. This provides different levels of difficulties (both inter- and intra-dataset) for the model
to learn from, and serves as a robust training and evaluation platform for the proposed method.

FORMED is strongly supported by empirical results on two aspects: First, for datasets partially
included in the repurposing cohort, FORMED achieves state-of-the-art level performance on unseen
patients, outperforming 15 TSA and TSM models across all datasets. Second, for completely new
datasets not included in the cohort, FORMED can be efficiently adapted by updating only a small
proportion of parameters while outperforming the baseline TSA model, and shows robust adapt-time
scaling performance with the amount of trainable parameters. This demonstrates the model’s ability
to generalize across datasets and tasks, and its potential for real-world applications in healthcare.

2 Related Work

Foundation Models for General Time Series. To date, no foundation model has been specifically
designed for time series classification tasks, let alone MedTS classification; instead, recent advances
in time series foundation models mainly concentrate on forecasting tasks [11]. Given their success in
forecasting, re-purposing these models for MedTS classification is a tempting prospect, yet it presents
significant theoretical and practical challenges. These models often have major limitations, such as
an inherent design for univariate time series in a channel-independent fashion [12], and requiring
TSAs that prevent them from being directly applicable to MedTS classification tasks [13–15]. Given
that medical time series are typically multi-variate, a critical aspect of our repurposing framework is
to effectively integrate the information from multi-channel features extracted by these backbones.

For instance, models like Time-LLM [16], UniTime [17] and GPT4TS [18] are backboned on large
language models. Consequently, they naturally handle time series data in a univariate manner,
lacking the ability to integrate information across multiple channels crucial for MedTS classification.
Moreover, consistent with the findings of Tan et al. [19], our empirical observations show that LLM-
based time series foundation models do not always achieve optimal performance, even on general time
series datasets. Similarly, while TimeGPT [20] and TimesFM [21] are pre-trained on large scale time
series data, they typically operate under a channel-independence assumption, treating co-evolving
multivariate time series data as a collection of independent univariate series. This shares the same
limitation for direct application to multi-channel MedTS. Our proposed repurposing framework is
specifically designed to address this by incorporating mechanisms to accommodate the multi-channel
nature of MedTS data, allowing for effective integration of information across channels.

UniTS [22] stands out as capable of handling multivariate time series data and has been trained
on multiple task domains including classification. However, its scale and design often necessitate
fine-tuning the entire model or employing prompt learning for optimal performance. This approach is
both computationally expensive (see Figure 1) and data-greedy due to the vast number of parameters
to tune, rendering it less suitable for often small-scale MedTS datasets.

Despite their efforts and successes, current foundation models require significant adaptations. Thus,
a key challenge, which FORMED directly addresses, is the adaptation of these powerful but
often channel-independent or forecasting-focused models to the multichannel classification
demands of MedTS. This is achieved by integrating dedicated architectural components to address
the complexities and multi-channel nature of MedTS. While all the aforementioned models represent
potential backbones for our repurposing framework, due to resource limitations and the primary goal
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to validate the efficacy of our proposed framework, we selected the advanced TimesFM [21] as our
backbone model for this study for its outstanding zero-shot forecasting performance.

Adaptation of Foundation Models for MedTS Classification.

General-purpose foundation models typically require specific techniques to be effectively adapted
for downstream tasks. Common approaches include prompting, fine-tuning, re-programming, and
our proposed re-purposing. Although a detailed comparison of all techniques is beyond the im-
mediate scope (further discussion in Appendix A), we will focus here on the distinction between
re-programming and re-purposing, as this differentiation is central to our proposed approach for
MedTS classification.

Re-programming often involves reusing a pre-trained model’s backbone (e.g., its Transformer layers)
without altering its internal weights, but wrapping it with new input adapters and task-specific output
heads (as illustrated by the TSA approach in Figure 1). While this can adapt a model to a new data
domain or task type, a significant drawback is that the resulting model often loses its general-purpose
nature. Both the input adapters and task heads become highly specialized, and cannot be reused
in future datasets with different configurations, hindering the model’s ability to generalize across
different tasks, datasets, or to handle the inherent heterogeneity within MedTS [19].

Re-purposing, as introduced in this work with our FORMED framework, takes a different philo-
sophical approach. It aims to adapt a pre-trained foundation model (often one excelling in tasks
like forecasting) to a new class of tasks—in our case, MedTS classification. This is achieved with
thoughtful modifications, particularly in how task-specific knowledge is integrated, while striving
to maintain the model’s core learned representations. The goal is for the repurposed model to serve
as a robust and generalizable tool within the target domain (MedTS classification), capable of be-
ing efficiently applied to new datasets and diagnostic challenges. Its emphasis on generalizability,
data-efficiency, and leveraging domain insights makes re-purposing particularly suitable for adapting
powerful, channel-independent time series foundation models to the complexities of multi-channel
MedTS classification, and creating a new foundation model for the field.

Forecasting versus Classification in Time Series. The fundamental differences between time series
forecasting and classification are key to understanding the challenges in adapting existing foundation
models. Forecasting typically involves predicting future sequence values within the same domain
as the input (a sequence → sequence mapping) [23, 24], often by extrapolating patterns within
individual channels. In contrast, classification maps an input sequence to a distinct categorical
label (a sequence → category mapping) [25]. This frequently requires synthesizing complex patterns
across multiple interacting channels to derive a diagnostic outcome (e.g., diagnosing disease
from multi-channel EEG; [26])—a process inherently different from predicting future signal values.
This intrinsic divergence in objectives and the nature of data interpretation means that adapting a
forecasting foundation model for MedTS classification is NOT a simple modification of the output
layer. It demands a more comprehensive re-purposing strategy, such as our FORMED framework,
designed to bridge these task-specific requirements and effectively handle the complexities of multi-
variate medical data.

3 Problem Statement

Foundation models, pre-trained on diverse forecasting tasks, have demonstrated a strong capability to
capture general time series patterns. However, transforming these into general-purpose classification
models, especially for MedTS, is non-trivial. This section formally defines the problem and the core
concepts underpinning our proposed two-stage adaptation process: repurposing and adapting.

Definition 3.1. Repurposing: The process of changing the objective of a pre-trained foundation
model to a new class of tasks for which it was not originally trained. This involves introducing and
training a relatively small, adaptable output network while keeping the pre-trained backbone fixed.

Let the original pre-trained model consists of a backbone f : RT → RL×D for extracting features
from a univariate time series of length T into L patched tokens of dimension D, and an original task
head (e.g., for forecasting, g : RL×D → RN ). We leverage the frozen backbone f for representation
learning. For multivariate MedTS input X ∈ RC×T with C channels, the backbone is applied
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Figure 2: The three-stage process of adapting a time series foundation model for MedTS classification
tasks. 1) Pre-training is already done on diverse general time series datasets with forecasting tasks.
2) Repurposing the foundation model involves changing the forecasting head to a classification
head, while keeping the rest of the model fixed, and the new model is then trained on a cohort of
MedTS datasets to capture domain knowledge in MedTS. 3) Adapting the repurposed model to the
new MedTS datasets, where only the minimal task-specific parameters are trained, leveraging the
previously learned domain knowledge from the repurposed model.

channel-wise to extract features:

f : RC×T → RC×L×D

⇔ f(X) := [f(Xc,:)]
C
c=1

(1)

We then introduce a novel, trainable classification head hθ. This head is designed to be adaptable
to specific task characteristics, such as the number of input channels C and the number of output
classes K, through learnable task-specific parameters: Channel Embedding E ∈ RC×D and Label
Queries Q ∈ RK×D. The mapping becomes:

hθ|Q,E :RC×L×D → ∆K

⇒ (hθ ◦ f)|Q,E :RC×T → ∆K
(2)

where ∆K =
{
d ∈ [0, 1]K :

∑K
i=1 di = 1

}
is the probability simplex for K classes.

During the repurposing stage, hθ containing shared parameter θ along with collections of task-
specific embeddings E = {Ei} and Q = {Qi} are trained across a cohort of diverse MedTS datasets
DMed =

{
DMed

i

}
. The objective is to learn domain knowledge for MedTS classification within θ.

This translates to minimizing the cross-entropy loss LCE:

θ∗,E∗,Q∗ = argmin
θ,E,Q

Ei,(Xi,yi)∈DMed
i

[
LCE

(
hθ|Qi,Ei

(f(Xi)) ,yi

)]
(3)

Definition 3.2. Adapting: The process of applying the repurposed model (with fixed θ∗ and frozen
f ) to new, unseen MedTS datasets or tasks. This involves learning only a minimal set of new
task-specific parameters (new E′ and Q′) for the new dataset.

For a new dataset DNew (with potentially different C ′ channels, T ′ time steps, and K ′ classes), the
pre-trained backbone f and the shared parameters θ∗ of the classifier hθ∗ remain frozen. Only new
Channel Embeddings E′ ∈ RC′×D and Label Queries Q′ ∈ RK′×D are initialized and trained:

E′∗,Q′∗ =argmin
E′,Q′

E(X′,y′)∈DNew

[
L
(
hθ∗ |Q′,E′ (f(X

′)) ,y′
)]

(4)

This two-stage process (illustrated in Figure 2) allows the model to learn general MedTS domain
knowledge and efficiently specialize to new tasks with minimal new data and computation.
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4 Model Architecture

Our FORMED framework repurposes a pre-trained time series foundation model to serve as a versatile
MedTS classification tool. It comprises two main parts: a frozen backbone feature extractor and our
novel attention-based classifier designed for adaptability and generalizability.

4.1 Backbone Feature Extractor for Variable Length Time Series
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Figure 3: The architecture of the proposed model in repurposing and adapting. The backbone founda-
tion model acts as a feature extractor and remains frozen all the time. The Channel Embeddings
(CEs) and Label Queries (LQs) are task-specific parameters that are learned during both repurposing
and adapting, and new ones will be created and learned if encountering new datasets. The Shared
Decoding Attention (SDA) is a shared Transformer decoder layer that captures the interaction
between all the features and classes, which once get trained on curated MedTS datasets DMed during
repurposing, will be fixed and reused when adapting to all future datasets and tasks DNew. The ⊕
denotes broadcast addition.
We employ a powerful pre-trained time series foundation model as the backbone feature extractor.
For this work, we selected TimesFM [21] due to its demonstrated ability to capture complex temporal
patterns from variable-length time series, pre-trained on a vast and diverse corpus of general time
series data. The backbone’s primary role is to transform an input univariate time series x ∈ RT

into a sequence of rich feature tokens H ∈ RL×D. As defined in Equation (1), for multi-channel
MedTS data X ∈ RC×T , this backbone is applied independently to each channel, yielding stacked
feature tokens H ∈ RC×L×D. The internal architecture of TimesFM (e.g., its patching mechanism
and Transformer layers) is kept frozen throughout our framework and detailed in Appendix B. The
crucial output for our purpose is H, which serves as the input to our novel classifier.

4.2 Attention-based Classifier for Varying Channel and Class

Traditional approaches often use a simple linear layer or convolution layer for classification [27, 8],
which can be restrictive when dealing with the inherent variability of MedTS data (e.g., varying
numbers of channels, classes, and sequence lengths). To address these unique challenges, we
propose a novel attention-based classifier built upon a Transformer decoder layer [28], inspired by
advancements in vision tasks [29, 30] but with key modifications tailored for MedTS. This classifier
comprises three main components: Channel Embeddings (CEs), Label Queries (LQs), and a Shared
Decoding Attention (SDA) mechanism.

Channel Embeddings (CEs). MedTS are inherently multi-variate. To enable the model to distinguish
information from different physiological channels and understand their task-specific relevance,
we introduce learnable Channel Embeddings E ∈ RC×D. For a given dataset with C channels,
these embeddings are broadcast-added to the corresponding channel-wise feature tokens H (from
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Equation (1)) to produce ”channel-aware” feature tokens H̃ ∈ RC×L×D:

H̃c, l, : = Hc, l, :⊕Ec,: ∀l ∈ {1, 2, · · · , L} , c ∈ {1, 2, · · · , C} (5)

These CEs are task-specific and learned during both repurposing (part of E in Equation (3)) and
adapting (E′ in Equation (4)).

Label Queries (LQs). To handle varying numbers of diagnostic classes (K) per task and provide
distinct learnable ”anchors” for each class, we use Label Queries Q ∈ RK×D. Each row Qi,: is
a learnable embedding representing the i-th class. These queries actively seek evidence for their
respective classes within the channel-aware feature tokens. Like CEs, LQs are task-specific and
learned during repurposing and adapting. In practice, we employ k learnable queries for each class to
capture potentially complex or multiple defining patterns, where k is a hyperparameter determining
the number of distinct ”perspectives” or ”sub-pattern detectors” for each class. This results in a
total of K · k queries in Q ∈ R(K·k)×D. Each group of k queries corresponding to a specific class
independently attends to the feature tokens to gather evidence.

Shared Decoding Attention (SDA). The core of our classifier is the SDA mechanism, a single
Transformer decoder layer whose parameters (θ in Equation (3)) are shared across all datasets in the
repurposing cohort and then frozen during adaptation to new tasks. The SDA takes all K · k Label
Queries from Q as queries, and the flattened, channel-aware feature tokens Flatten(H̃) ∈ R(C·L)×D

as keys and values. It performs multi-head attention followed by an FeedForwardNetwork to
produce an initial set of logits ŷraw ∈ RK·k:

ŷraw = FeedForwardNetwork
(
MultiHeadAttention(Q, Flatten(H̃), Flatten(H̃))

)
(6)

Since we have k queries (and thus k raw logits) for each of the K classes, these k logits are then
averaged to produce a single, final logit for each class, resulting in the final class logits ŷ ∈ RK :

ŷj =
1

k

k∑
i=1

(ŷraw)(j−1)k+i ∀j ∈ {1, 2, · · · ,K} (7)

These final logits ŷ are then used with a softmax function for probability prediction and loss calcu-
lation. Critically, the parameters within the MultiHeadAttention and the FeedForwardNetwork
(collectively θ) are independent of the specific number of input channels C, token length L, or the
total number of queries K · k. This architectural choice forces SDA to learn generalizable interaction
patterns while allowing for richer, more nuanced class representations.

5 Experiments

Here we describe the experimental setup, including the datasets chosen to evaluate FORMED
against key MedTS challenges, the baselines selected to highlight the advantages of our repurposing
framework, and evaluation metrics. Additional training details are included in Appendix C.

Datasets. To thoroughly evaluate FORMED, we curated a MedTS cohort of 5 diverse datasets
for the crucial repurposing stage (Figure 2). This cohort, comprising two ECG datasets and three
EEG datasets (details in Table 3), provides a breadth of configurations and task types. This enables
the learning of robust, generalizable MedTS domain knowledge during repurposing. Critically,
these datasets span a variety of combinations of channels, sampling rates, sample durations, diag-
nostic labels, and overall sizes. This inherent diversity is intentional, enabling us to directly assess
FORMED’s ability to handle inter-dataset heterogeneity during repurposing.

Furthermore, all datasets within the cohort and for subsequent adaptation are split following strict
patient-independent settings [6, 33]. This ensures that the test sets contain subjects entirely unseen
during training, rigorously evaluating the model’s robustness against intra-dataset heterogeneity
and its capacity to generate to new patients rather than memorizing subject-specific features.

To specifically test the adapting stage and FORMED’s generalization to entirely new, unseen tasks and
potentially different data characteristics, we also include out-of-domain datasets (ECG200 [31] and
StandWalkJump [32]). Performance on these datasets, especially with limited data for adaptation,
will demonstrate FORMED’s utility under data insufficiency.
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Figure 4: In-domain F1 performance on the MedTS cohort datasets. FORMED achieves SOTA level
performance across all datasets in all metrics. Numerical results are shown in Table 4. Other metrics
are included in Appendix E.

Baselines. We compare FORMED with 15 SOTA baselines including 11 TSM and 4 TSA models.

The TSM models—Autoformer [35], Crossformer [36], FEDformer [37], Informer [38], iTransformer
[39], MTST [40], Nonformer [41], PatchTST [12], Reformer [42], Transformer [28] and Medformer
[6]—are trained independently on each dataset. They represent the conventional approach, used to
verify the benefits of FORMED’s repurposing stage in learning transferable domain knowledge.

The TSA models aim to share knowledge across tasks. TimesFM-TSA is a key baseline, created by
adapting the same TimesFM [21] backbone with a task-specific CNN head for classification. This
allows for a direct evaluation of the additional benefits provided by FORMED’s novel classifier design
and the two-stage repurposing/adapting strategy over a more straightforward adaptation of the same
foundation model. The additional TSA models, PatchTST-TSA, Reformer-TSA, and iTransformer-TSA,
are variants of their TSM counterparts. Their backbones are shared across tasks with task-specific
heads, and they are configured to have a similar parameter amount to FORMED for demonstrating
the superiority of using pre-trained foudnation models over training from scratch.

Evaluations. The effectiveness of our method is primarily demonstrated through its classification
performance on the test sets, using metrics such as accuracy, precision, recall, F1 score, AUROC,
and AUPRC. Strong performance on these patient-independent test sets will underscore FORMED’s
ability to overcome intra-dataset heterogeneity. The generalization ability to unseen tasks, particularly
under conditions of potential data insufficiency and inter-dataset heterogeneity, is evaluated through
adapting experiments on the small, out-of-domain datasets. These experiments, crucial for assessing
the efficacy of the adapting stage where only minimal parameters (CEs and LQs) are learned, are
conducted on five random seeds for all models, with results averaged to ensure reliability.

5.1 Evaluation on Repurposing: Generalize to Unseen Subjects

Setup. For repurposing datasets in MedTS cohort, we trained 55 TSM models (11 models for each),
and 4 TSA models with 5 task-specific heads each. Our FORMED model is trained on all 5 datasets,
using a fixed k = 16 for all datasets.

Results. The results compellingly demonstrate that the proposed repurposing, which allows the
SDA to capture shared MedTS domain knowledge while CEs and LQs handle task-specifics, is more
effective than both TSM and TSA approaches for complex classification tasks. As shown in Figure 4,
FORMED achieves significant improvements over all baselines. This is particularly pronounced
on medium-to-large datasets, such as ADFTD, PTB, and PTB-XL, where performance gains up to
30-40%. On the relatively small TDBrain dataset, which represents a simpler task where TSMs’
performance also saturate, FORMED performs on par with the strongest TSMs while maintaining a
clear advantage over TSA methods. This superiority stems from FORMED’s ability to learn from
the collective knowledge of the diverse MedTS cohort, demonstrating that SDA learns generalizable
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Figure 5: Adapt-time scaling on unseen, out-of-domain dataset. FORMED’s performance scales well
with k following power law, and outperforms TimesFM-TSA starting from k = 64 on ECG200, and
from k = 16 on StandWalkJump. Numerical results see Table 5.

patterns relevant to MedTS classification. Such robust learning across varied datasets translates
directly into addressing intra-dataset heterogeneity, i.e., better generalization to unseen subjects.

Interestingly, TSA models generally underperform compared to TSMs, and significantly to FORMED.
This might suggest that their simpler task-specific heads on a shared backbone are less effective at
navigating the substantial inter-dataset heterogeneity within the MedTS cohort than dedicated SDA,
CE and LQ architecture. TimesFM-TSA, with the same backbone as FORMED, provides the clearest
comparison to this hypothesis.

5.2 Evaluation on Adapting: Generalize to Unseen Task

Setup. In this evaluation, we assess FORMED’s ability to generalize to entirely new, unseen tasks,
a critical test of its adapting stage and its robustness to inter-dataset heterogeneity and data
insufficiency. We use the TimesFM-TSA model as a strong baseline. The FORMED model is
obtained from the repurposing stage; its backbone and SDA parameters are kept frozen. Only newly
initialized CEs and LQs are trained for these new tasks, demonstrating data-efficient adaptation. We
also explore how performance scales by varying the number of queries per class (k) from 4 to 2048.

Results. The TimesFM-TSA baseline, lacking a sophisticated pre-adaptation to the MedTS domain
for its classification components, can struggle to generalize from limited data on new tasks, often
overfitting to the training data. In contrast, FORMED, by leveraging the rich MedTS domain
knowledge captured in its frozen SDA during the repurposing stage, demonstrates superior adaptation.
As seen in Figure 5, FORMED generally outperforms the TimesFM-TSA baseline on these unseen
datasets, even with less adaptable parameters (FORMED at k = 16 outperforms TimesFM-TSA with
only ∼ 1/6 of the parameter). The performance of FORMED steadily improves with an increase in k.
This shows that FORMED can effectively utilize increased capacity within its minimal adaptable
components (CEs and LQs) to better handle new tasks without requiring extensive retraining or large
datasets. This scalability and efficiency in the adapting stage validates FORMED’s strength against
data insufficiency and inter-dataset heterogeneity, making it particularly well-suited for real-world
clinical applications where new diagnostic tasks may emerge with limited available data.

6 Discussions and Conclusion

In this paper, we introduced FORMED, a novel framework that repurposes general time series
foundation models for robust and adaptable MedTS classification. FORMED’s core architectural
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innovation lies in its attention-based classifier, featuring SDA, CEs, and LQs. This design uniquely
equips models to handle variable input lengths, diverse channel configurations, and dynamic
numbers of output classes—addressing limitations of conventional TSM and TSA approaches.

Our comprehensive experiments demonstrate FORMED’s strong generalization capabilities, achiev-
ing state-of-the-art performance for unseen patients within datasets (intra-dataset) and effec-
tively adapting to unseen tasks (inter-dataset). This highlights two significant findings: first, the
feasibility and effectiveness of leveraging powerful pre-trained foundation models as backbones for
complex MedTS classification. Second, it validates the superiority of our FORMED repurposing
framework. The framework excels at capturing transferable MedTS domain knowledge within its
shared components during an initial repurposing stage, which then enables highly efficient and
data-scarce adaptation to new tasks by learning only minimal, task-specific parameters.

Despite these promising results, we acknowledge limitations. Our validation primarily utilized
TimesFM as the backbone. While this serves as a strong proof-of-concept for the FORMED frame-
work’s efficacy, its performance and interaction with other diverse time series foundation models
warrant future investigation. Additionally, the composition and scale of the MedTS cohort employed
during the repurposing stage may also influence the breadth of the captured domain knowledge.

In conclusion, FORMED presents a significant step towards more generalizable, adaptable, and
data-efficient deep learning solutions for the unique challenges posed by medical time series analysis,
offering a robust framework for future advancements in the field.
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A Comparison of Adaptation Techniques in Foundation Models

As discussed in Section 2, adaptation techniques for foundation models mainly includes Prompting,
Fine-tuning, Re-programming, and Re-purposing. We have introduced re-programming and re-
purposing, and here we provide a brief overview of prompting and fine-tuning, and compare these
techniques based on three aspects: Data Efficiency, New Task Type, and Generalizability.

Prompting & Fine-tuning: Both are common adaptation techniques for foundation models, where
prompting involves conditioning the model with specific instructions or cues, either handcrafted [48,
49] or learned through data [50], and fine-tuning involves updating the model’s internal parameters
on dedicated dataset [51, 52]. While they focus on different aspects of adaptation, they share the
commonality of not altering the model’s core architecture, therefore the functionality of the model
remains unchanged, e.g., model for forecasting remains a forecasting model. Moreover, fine-tuning
is often more data-intensive, as it necessitates updating the entire model’s parameters, whereas
prompting typically only requires learning a limited set of task-specific embeddings or prompts.

In general, these techniques can be categorized based on three aspects: Data efficiency, as the scale of
dataset used for adaptation, typically measured by the number of parameters updated; New Task Type,
as the ability to adapt to new tasks that are different from the original task, such as from forecasting to
classification; and Generalizability, as the ability for the adapted model to be used on unseen datasets
and share knowledge across tasks. Table 1 provides a comparison of these techniques based on these
aspects.

Table 1: Comparison of adaptation techniques of time series foundation models.

Adaptation Data Efficiency New Task Type Generalizability

Prompting ✓ ✓1

Fine-tuning ✓
Re-programming ✓

Re-purposing ✓ ✓ ✓

B Implementation Details

We take TimesFM [21] as the backbone for repurposing based on our preliminary comparative
analysis of existing time series foundation models. TimesFM is pre-trained on a largest-scale dataset
of diverse time series data for forecasting tasks and is able to capture general time series patterns
within dynamic length of historical input. To repurpose it for MedTS classification, we can break
down the model’s anatomy into three parts, the input patching network, the stacked Transformer, and
the output prediction network.

Input Patching Network. Given a univariate time series input x ∈ RT and binary mask m ∈ {0, 1}T
with length T , they are first broken up into patches X ∈ RL×P and M ∈ {0, 1}L×P in a non-
overlapping fashion, where P is the patch size and L =

⌈
T
P

⌉
is the number of tokens. Each patch

Xi,: is the concatenation of P consecutive elements of the input sequence x in a non-overlapping
fashion and so is the Mi,:. The Xi,: and Mi,: denote the i-th row of X and M , respectively. The
sequence of patches X and M are then projected to a sequence of tokens Z ∈ RL×D in the model
dimension D using an input residual block:

Zi,: =InputResidualBlock(Xi,:;Mi,:) (8)

Stacked Transformer. Before passing into the stacked Transformer, the positional encoding will
be added to the tokens to form the input sequence Z̃ ∈ RL×D. The stacked Transformer is then
applied to the input sequence Z̃ to capture the temporal dependencies and extract features using
casual self-attention, outputting feature rich tokens H ∈ RL×D:

Z̃i,: =Zi,: ⊕ PositionalEncoding(i)

Hi,: =StackedTransformer(Z̃1,:, Z̃2,:, ..., Z̃i,:; ṁ1, ṁ2, ..., ṁi)
(9)

1Although the model structure is fixed and still applicable to other datasets and tasks, the engineered or
learned prompts can be task-specific.
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where ṁi = min{Mi,:} is the mask for the i-th patch for masking out completely empty ones.

Output Prediction Network. The output prediction network is a residual block layer that maps
the last output HL,: from the Transformer back to the original input spaces x̂ ∈ RN , forming the
prediction of the next N time steps:

x̂ = OutputResidualBlock(HL,:) (10)

In summary, the duty of prediction lies solely on the last output prediction network, while the input
patching network plus the stacked Transformer can be viewed as a feature extractor that maps the
input time series x to a sequence of feature tokens H (Figure 3). This can be easily extended to
process multivariate MedTS by processing each channel of input individually and stack the extracted
features as H ∈ RC×L×D for data of C channels. This will serve as the backbone feature extractor
for the downstream classification model.

C Experiment Setup

C.1 Experimental Setup

The experiments are ran on several hosts. The following list summarizes the hardware and software
configurations used in our experiments:

Table 2: Environment setup.

Host No. CPU Memory (GB) GPU
1 Intel Core i9-10900X 32 NVIDIA RTX A5000 × 1
2 AMD Ryzen Threadripper PRO 3995WX 512 NVIDIA RTX A5000 × 4
3 AMD EPYC 7713 1024 NVIDIA RTX A5000 × 8
4 AMD EPYC 7513 256 NVIDIA RTX A6000 × 8

Software/Package Version
Python3 3.13.3
PyTorch 2.7.0
CUDA 12.4 – 12.6

C.2 Code Availability

The code will be available upon acceptance.

C.3 Dataset Availability & Preprocessing

The preprocessed datasets in the MedTS cohort are obtained from the authors of Wang et al. [6].
The datasets used for adapting are loaded through sktime API and no additional preprocessing is
performed.

C.4 Data Splitting

For datasets in the MedTS cohort, the datasets are splitted into training, validation, and test sets in the
ratio of 6:2:2 at patient level according to Wang et al. [6, 33]. The adapting datasets are not clearly
defined in terms of patient, so we perform best effort to split the datasets into training, validation, and
test sets in the ratio of 8:1:1 at recording level. The splitting is seeded and stratified to ensure that the
training, validation, and test sets have similar distributions of the target classes. The training set is
used for training the model, the validation set is used for early stopping, and the test set is used for
evaluating the model performance.

C.5 Model Training

The frozen pre-trained backbone TimesFM model is the v2 version from the official GitHub repository,
with 50 layers and model dimension of 1280, and patch size of 32. The classifier in FORMED is
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initialized with default initialization method, and the embeddings are initialized to normal distribution
with µ = 0 and σ2 = 0.1. The model is trained with AdamW optimizer with weight decay of 1× 10−3

and a custom log-normal learning rate schedule. For each epoch t, the learning rate is calculated as:

LN (t;µ, σ2, T ) =

{
0 t = 0
T
t · exp

(
− (ln t−lnT−µ)2

2σ2

)
otherwise

lr(t;µ, σ2, T ) =lrmin +
LN (t;µ, σ2, T )

maxt LN (t;µ, σ2, T )
· (lrmax − lrmin)

(11)

where we use µ = 1, σ2 = 1, T = 10, lrmin = 1×10−5 and lrmax = 1×10−3 in our experiments.
This creates a quick warm-up phase followed by a gradual decay of the learning rate for annealing.
The Figure 6 shows the typical training trajectories of FORMED during repurposing.

During each epoch of training, the model is trained on 100 batches of data from each dataset sampled
at random order. The batch size is tailored for each dataset according to the available samples in
each dataset, making the 100 batches of data approximately equal to one effective iteration of the
whole training set. Additionally, gradient clipping of 1.0 is applied to prevent exploding gradients
and overshooting in earlier epochs. The model is trained for 100 epochs with early stopping on the
validation set based on the average F1-score with patience of 10 epochs. The same training procedure
is applied to all TSA and our method.
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Figure 6: Typical training trajectories of FORMED during repurposing from two different seeds.

C.6 Hyperparameter Tuning

The initial hyperparameter k for the classifier in FORMED was not tuned due to the high cost
associated with repurposing extra-large models like TimesFM, but rather set to an arbitrary value of
k = 16 for all datasets. However, we do perform a grid search for the hyperparameter k during the
adapting process, as shown in Figure 5. We initiate the search with powers of 4, until the performance
shows no significant improvement. Then we perform a finer search with powers of 2. We find that
k = 256 ∼ 1024 is a good range for adapting to small datasets. This search is very efficient as the
computation cost of increasing k is often negligible compared to the computation cost of large model
backbones, despite being linear in k theoretically.

D Datasets

Here we provide the details of the datasets Table 3 used as the MedTS cohort for repurposing
in Section 5. The datasets are publicly available, and we follow the pre-processing and splitting
procedures as in Wang et al. [6].

E Experimental Results
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Table 3: MedTS Cohort Datasets.

Dataset Type # Subject # Sample Sampling
Rate

Sampling
Length # Channel # Classes

ADFTD [53, 54] EEG 88 69 762 256Hz 256 19 3
APAVA [55] EEG 23 5967 256Hz 256 16 2
TDBrain [56] EEG 72 6240 256Hz 256 33 2

PTB [57] ECG 198 64 356 250Hz 300 15 2
PTB-XL [58] ECG 17 596 191 400 250Hz 250 12 5
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Figure 7: In-domain accuracy performance on the MedTS cohort datasets.
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Figure 8: In-domain precision performance on the MedTS cohort datasets.
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Figure 9: In-domain recall performance on the MedTS cohort datasets.
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Figure 10: In-domain AUROC performance on the MedTS cohort datasets.
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Figure 11: In-domain AUPRC performance on the MedTS cohort datasets.
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Table 4: Results on MedTS Cohort for disease classification. Best results from non-TSM models
are bolded and best results of all models are underlined. TimesFM-TSA shows great improvement
over other TSA models and achieves competitive performance with the SOTA TSM models. While
our model, FORMED, consistently outperforms the all other model on all datasets.

Datasets Adaptation Models Accuracy Precision Recall F1 score AUROC AUPRC

ADFTD
(3-Classes)

TSM

Autoformer 45.25±1.48 43.67±1.94 42.96±2.03 42.59±1.85 61.02±1.82 43.10±2.30

Crossformer 50.45±2.31 45.57±1.63 45.88±1.82 45.50±1.70 66.45±2.03 48.33±2.05

FEDformer 46.30±0.59 46.05±0.76 44.22±1.38 43.91±1.37 62.62±1.75 46.11±1.44

Informer 48.45±1.96 46.54±1.68 46.06±1.84 45.74±1.38 65.87±1.27 47.60±1.30

iTransformer 52.60±1.59 46.79±1.27 47.28±1.29 46.79±1.13 67.26±1.16 49.53±1.21

MTST 45.60±2.03 44.70±1.33 45.05±1.30 44.31±1.74 62.50±0.81 45.16±0.85

Nonformer 49.95±1.05 47.71±0.97 47.46±1.50 46.96±1.35 66.23±1.37 47.33±1.78

PatchTST 44.37±0.95 42.40±1.13 42.06±1.48 41.97±1.37 60.08±1.50 42.49±1.79

Reformer 50.78±1.17 49.64±1.49 49.89±1.67 47.94±0.69 69.17±1.58 51.73±1.94

Transformer 50.47±2.14 49.13±1.83 48.01±1.53 48.09±1.59 67.93±1.59 48.93±2.02

Medformer 53.27±1.54 51.02±1.57 50.71±1.55 50.65±1.51 70.93±1.19 51.21±1.32

TSA

iTransformer-TSA 42.08±1.95 31.85±3.29 34.53±1.58 29.89±1.86 51.33±1.19 34.42±0.84

PatchTST-TSA 48.23±0.80 52.58±8.56 39.75±1.42 35.87±3.27 60.14±1.01 44.42±0.81

Reformer-TSA 43.09±5.61 34.11±21.43 35.62±2.22 26.21±7.22 54.44±3.06 37.14±2.33

TimesFM-TSA 47.89±6.47 44.50±7.29 43.60±6.60 43.61±6.82 63.07±6.27 45.59±7.30

GA FORMED (Ours) 85.19±5.56 84.65±5.52 86.61±5.63 85.12±5.64 92.77±3.71 86.65±6.16

APAVA
(2-Classes)

TSM

Autoformer 68.64±1.82 68.48±2.10 68.77±2.27 68.06±1.94 75.94±3.61 74.38±4.05

Crossformer 73.77±1.95 79.29±4.36 68.86±1.70 68.93±1.85 72.39±3.33 72.05±3.65

FEDformer 74.94±2.15 74.59±1.50 73.56±3.55 73.51±3.39 83.72±1.97 82.94±2.37

Informer 73.11±4.40 75.17±6.06 69.17±4.56 69.47±5.06 70.46±4.91 70.75±5.27

iTransformer 74.55±1.66 74.77±2.10 71.76±1.72 72.30±1.79 85.59±1.55 84.39±1.57

MTST 71.14±1.59 79.30±0.97 65.27±2.28 64.01±3.16 68.87±2.34 71.06±1.60

Nonformer 71.89±3.81 71.80±4.58 69.44±3.56 69.74±3.84 70.55±2.96 70.78±4.08

PatchTST 67.03±1.65 78.76±1.28 59.91±2.02 55.97±3.10 65.65±0.28 67.99±0.76

Reformer 78.70±2.00 82.50±3.95 75.00±1.61 75.93±1.82 73.94±1.40 76.04±1.14

Transformer 76.30±4.72 77.64±5.95 73.09±5.01 73.75±5.38 72.50±6.60 73.23±7.60

Medformer 78.74±0.64 81.11±0.84 75.40±0.66 76.31±0.71 83.20±0.91 83.66±0.92

TSA

iTransformer-TSA 86.74±11.55 88.87±7.74 88.28±10.49 86.50±11.69 96.39±4.66 97.28±3.26
PatchTST-TSA 52.77±5.09 64.96±4.92 55.29±4.25 45.00±10.68 71.56±5.40 72.26±6.76

Reformer-TSA 55.27±3.06 55.20±4.01 54.37±3.74 52.69±4.24 61.64±3.60 64.75±3.56

TimesFM-TSA 70.99±23.87 68.99±25.89 67.83±27.01 65.68±28.26 71.14±25.31 81.52±17.49

GA FORMED (Ours) 89.20±14.07 91.51±10.79 90.40±10.51 88.97±13.85 95.27±7.27 89.96±16.69

TDBrain
(2-Classes)

TSM

Autoformer 87.33±3.79 88.06±3.56 87.33±3.79 87.26±3.84 93.81±2.26 93.32±2.42

Crossformer 81.56±2.19 81.97±2.25 81.56±2.19 81.50±2.20 91.20±1.78 91.51±1.71

FEDformer 78.13±1.98 78.52±1.91 78.13±1.98 78.04±2.01 86.56±1.86 86.48±1.99

Informer 89.02±2.50 89.43±2.14 89.02±2.50 88.98±2.54 96.64±0.68 96.75±0.63

iTransformer 74.67±1.06 74.71±1.06 74.67±1.06 74.65±1.06 83.37±1.14 83.73±1.27

MTST 76.96±3.76 77.24±3.59 76.96±3.76 76.88±3.83 85.27±4.46 82.81±5.64

Nonformer 87.88±2.48 88.86±1.84 87.88±2.48 87.78±2.56 97.05±0.68 96.99±0.68

PatchTST 79.25±3.79 79.60±4.09 79.25±3.79 79.20±3.77 87.95±4.96 86.36±6.67

Reformer 87.92±2.01 88.64±1.40 87.92±2.01 87.85±2.08 96.30±0.54 96.40±0.45

Transformer 87.17±1.67 87.99±1.68 87.17±1.67 87.10±1.68 96.28±0.92 96.34±0.81

Medformer 89.62±0.81 89.68±0.78 89.62±0.81 89.62±0.81 96.41±0.35 96.51±0.33

TSA

iTransformer-TSA 67.50±5.50 65.30±5.92 65.55±6.34 65.07±5.92 72.39±6.61 60.80±7.76

PatchTST-TSA 62.58±5.32 59.34±4.26 59.40±3.85 58.08±3.28 65.90±5.71 51.57±3.79

Reformer-TSA 69.37±6.96 67.28±6.35 63.56±1.59 62.93±3.28 72.01±2.61 62.14±1.83

TimesFM-TSA 84.11±10.88 82.18±11.74 84.75±10.99 82.78±11.75 90.94±9.56 80.71±17.82

GA FORMED (Ours) 88.94±8.78 89.47±7.76 86.75±12.22 87.30±11.36 95.93±4.59 93.06±8.18

PTB
(2-Classes)

TSM

Autoformer 73.35±2.10 72.11±2.89 63.24±3.17 63.69±3.84 78.54±3.48 74.25±3.53

Crossformer 80.17±3.79 85.04±1.83 71.25±6.29 72.75±7.19 88.55±3.45 87.31±3.25

FEDformer 76.05±2.54 77.58±3.61 66.10±3.55 67.14±4.37 85.93±4.31 82.59±5.42

Informer 78.69±1.68 82.87±1.02 69.19±2.90 70.84±3.47 92.09±0.53 90.02±0.60

iTransformer 83.89±0.71 88.25±1.18 76.39±1.01 79.06±1.06 91.18±1.16 90.93±0.98

MTST 76.59±1.90 79.88±1.90 66.31±2.95 67.38±3.71 86.86±2.75 83.75±2.84

Nonformer 78.66±0.49 82.77±0.86 69.12±0.87 70.90±1.00 89.37±2.51 86.67±2.38

PatchTST 74.74±1.62 76.94±1.51 63.89±2.71 64.36±3.38 88.79±0.91 83.39±0.96

Reformer 77.96±2.13 81.72±1.61 68.20±3.35 69.65±3.88 91.13±0.74 88.42±1.30

Transformer 77.37±1.02 81.84±0.66 67.14±1.80 68.47±2.19 90.08±1.76 87.22±1.68

Medformer 83.50±2.01 85.19±0.94 77.11±3.39 79.18±3.31 92.81±1.48 90.32±1.54

TSA

iTransformer-TSA 88.64±2.15 79.41±5.58 75.74±7.35 75.64±5.13 88.97±5.31 97.39±2.04

PatchTST-TSA 73.09±16.71 66.78±7.98 76.45±4.32 62.87±12.19 88.72±1.33 98.36±0.20

Reformer-TSA 88.67±1.13 72.22±2.71 67.04±5.11 68.44±3.75 86.54±1.46 97.82±0.39

TimesFM-TSA 92.17±1.88 83.05±6.81 84.46±5.45 83.63±6.02 91.77±3.13 98.01±0.16

GA FORMED (Ours) 95.68±1.26 94.24±3.65 90.80±1.24 92.35±2.15 96.54±1.82 98.82±0.77

PTB-XL
(5-Classes)

TSM

Autoformer 61.68±2.72 51.60±1.64 49.10±1.52 48.85±2.27 82.04±1.44 51.93±1.71

Crossformer 73.30±0.14 65.06±0.35 61.23±0.33 62.59±0.14 90.02±0.06 67.43±0.22

FEDformer 57.20±9.47 52.38±6.09 49.04±7.26 47.89±8.44 82.13±4.17 52.31±7.03

Informer 71.43±0.32 62.64±0.60 59.12±0.47 60.44±0.43 88.65±0.09 64.76±0.17

iTransformer 69.28±0.22 59.59±0.45 54.62±0.18 56.20±0.19 86.71±0.10 60.27±0.21

MTST 72.14±0.27 63.84±0.72 60.01±0.81 61.43±0.38 88.97±0.33 65.83±0.51

Nonformer 70.56±0.55 61.57±0.66 57.75±0.72 59.10±0.66 88.32±0.36 63.40±0.79

PatchTST 73.23±0.25 65.70±0.64 60.82±0.76 62.61±0.34 89.74±0.19 67.32±0.22

Reformer 71.72±0.43 63.12±1.02 59.20±0.75 60.69±0.18 88.80±0.24 64.72±0.47

Transformer 70.59±0.44 61.57±0.65 57.62±0.35 59.05±0.25 88.21±0.16 63.36±0.29

Medformer 72.87±0.23 64.14±0.42 60.60±0.46 62.02±0.37 89.66±0.13 66.39±0.22

TSA

iTransformer-TSA 63.85±1.38 55.22±2.65 45.16±2.09 45.96±2.11 83.02±0.72 52.32±1.50

PatchTST-TSA 56.98±3.32 50.71±1.43 45.90±1.79 42.97±2.93 81.21±1.03 50.08±1.85

Reformer-TSA 56.75±8.66 47.31±4.27 38.56±5.29 36.84±8.58 78.79±1.09 45.73±2.01

TimesFM-TSA 71.14±0.39 62.69±0.74 57.75±0.49 59.61±0.51 88.33±0.27 63.06±1.16

GA FORMED (Ours) 82.73±0.71 78.71±0.97 77.07±0.89 77.83±0.92 94.02±0.29 80.86±0.74
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Table 5: Results on adapting to unseen datasets. Best results are highlighted in bold.

Datasets Model k factor Accuracy Precision Recall F1 score AUROC AUPRC

ECG200

TimesFM-TSA N/A 66.32±4.71 40.89±15.98 52.95±11.39 45.23±12.63 80.26±9.79 91.24±5.22

FORMED

4 52.63±18.23 55.99±17.59 56.41±17.19 51.28±17.23 65.90±18.05 81.64±10.65

8 43.16±15.52 43.68±11.08 45.00±10.89 39.40±14.06 45.13±15.84 71.92±8.59

16 57.89±11.77 49.65±16.85 51.28±17.36 49.86±16.41 68.46±20.1 85.77±8.72

32 64.21±12.57 54.57±18.70 55.90±17.89 54.46±18.12 63.33±14.72 80.85±8.63

64 70.53±4.71 65.73±5.64 62.31±5.45 62.24±6.58 73.85±7.23 88.05±4.42

128 70.53±4.71 65.39±6.96 60.51±5.53 60.59±6.47 75.90±4.19 89.96±1.81

256 84.21±8.32 82.40±8.57 82.18±14.44 80.56±12.31 89.23±11.13 95.35±5.06

512 87.37±2.88 85.38±2.94 88.08±6.01 85.87±3.91 95.90±4.66 98.27±1.97

1024 88.42±2.35 86.67±1.86 91.54±1.72 87.65±2.33 98.21±1.15 99.23±0.50
2048 87.37±4.71 85.41±4.87 88.97±5.31 86.25±4.97 95.90±3.56 98.22±1.56

StandWalkJump

TimesFM-TSA N/A 33.33±9.43 33.83±12.62 33.33±9.43 32.41±10.64 52.00±5.79 44.89±4.97

FORMED

4 21.33±7.30 19.23±7.84 21.33±7.30 19.69±7.22 44.00±10.66 42.07±7.44

8 18.67±12.82 19.18±13.99 18.67±12.82 18.68±13.19 46.13±12.73 40.63±7.32

16 36.00±10.11 35.22±10.23 36.00±10.11 34.15±8.57 53.60±10.18 46.11±8.79

32 36.00±18.01 37.45±16.15 36.00±18.01 35.87±17.37 57.33±13.64 53.11±15.30

64 40.00±15.63 36.30±15.11 40.00±15.63 37.50±14.77 56.80±14.88 50.30±13.12

128 46.67±10.54 43.96±11.27 46.67±10.54 44.26±12.08 63.60±11.72 55.75±13.10

256 46.67±13.33 47.33±14.87 46.67±13.33 46.29±14.25 63.60±1.80 53.81±2.64

512 64.00±11.16 67.25±10.53 64.00±11.16 64.52±10.48 68.13±5.06 57.27±4.25
1024 54.67±7.30 55.24±6.28 54.67±7.30 54.23±7.44 62.13±1.66 53.30±1.42

2048 60.00±6.67 62.29±7.03 60.00±6.67 60.12±6.63 65.33±2.98 56.34±2.27
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1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The abstract and introduction accurately reflect the paper’s contributions and
scope.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: The limitations are discussed in Section 6.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate ”Limitations” section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [NA]
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Justification: There are no theoretical results in the paper.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: All details are described in Section 5 and Appendix C.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: The data can be obtained from the authors of Wang et al. [6] and openly
available UCR UEA archive, as described in Appendix C. We will provide public access to
code upon acceptance.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: All details are described in Section 5 and Appendix C.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [Yes]
Justification: The error bars or raw data points are plotted in the figures (Figures 4, 5 and 7
to 11) and the standard deviation is reported in the tables (Tables 4 and 5).
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer ”Yes” if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)
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• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We provide the environment used to run the experiments in Appendix C. The
exact training time is missing due to the use of multiple different machines and there is no
consistent way to measure the time of execution.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We use publicly available and deidentified datasets (as described in Ap-
pendix D) in our experiments, and respect the NeurIPS Code of Ethics.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [No]

Justification: The paper is focused on technical contributions and propose a solution to
tackle the unique challenges in medical time series classification. Although the application
field is healthcare, the paper does not directly relate to any specific application. The authors
do not foresee any negative societal impacts of the work performed.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
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• If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

• Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: The paper does not fall into the category of high-risk models.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: The paper properly credits the creators of the datasets and models used. The
license and terms of use are also not present in the paper, but the authors will provide them
along with the code release.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
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• For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

• If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]

Justification: The paper does not release new assets.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: The paper does not involve crowdsourcing nor research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: The paper does not involve crowdsourcing nor research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: The LLMs are not used for the core methods in this research.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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