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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 number 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 interac-
tions. 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 architectural 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 specialized baselines. Further analysis reveals consis-
tent generalization across varying channel configurations, time series lengths, and
clinical tasks, which are key challenges in real-world deployment. By decoupling
domain-invariant representation learning from task-specific adaptation, FORMED
establishes a scalable and resource-efficient paradigm for foundation model re-
purposing in healthcare. This approach prioritizes clinical adaptability over rigid
task-centric design, offering a practical pathway for real-world implementation.
Code is available at https://github.com/DL4mHealth/FORMED.

1 INTRODUCTION

Medical time series (MedTS) classification, such as on electroencephalograms (EEG) and electro-
cardiograms (ECQ), is critical for diagnosing a wide spectrum of medical conditions, including
Alzheimer’s Disease (AD; Jeong (2004)), Parkinson’s Disease (PD; Aljalal et al. (2022b;a)), and heart
Arrhythmia (Jin et al., 2024b). Despite significant advancements in developing deep learning models
for these tasks, their effective generalization across diverse datasets, sometimes even among individ-
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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.

ual 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 (Ganapathy et al., 2018). 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 character-
istics (Wang et al., 2024b; Ganapathy et al., 2018). 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 (Kaushik
et al., 2020), making it difficult to train robust models capable of addressing the aforementioned
heterogeneity (Ganapathy et al., 2018).

Previous attempts to tackle these issues, such as employing Task-Specific Adaptation (TSA; see
Figure 1) in models like Yang et al. (2023), 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 (Ye et al., 2024; Wen et al., 2022), they demonstrate the ability to learn generic
representations of time series data (Liang et al., 2024), 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 established 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).
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
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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 adopt the comprehensive MedTS cohort curated by (Wang et al.,
2024b) as repurposing cohort, which comprises five MedTS datasets (two ECG and three EEG). This
collection includes approximately 340,000 samples (90 million time-points) in total. 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

2.1 FOUNDATION MODELS FOR GENERAL TIME SERIES

While recent models like MOMENT (Goswami et al., 2024) and UniTS (Gao et al., 2024) incor-
porate classification objectives, the majority of foundation model remains heavily concentrated on
generative forecasting tasks (Liang et al., 2024). Given their success in forecasting, re-purposing
these forecasting-oriented 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 (Nie et al., 2022),
and requiring 7'SAs that prevent them from being directly applicable to MedTS classification tasks
(Cao et al., 2024; Sun et al., 2024; Chang et al., 2023). Given that medical time series are typically
multi-variate, a critical aspect of our repurposing framework is to effectively integrate the information
from multichannel features extracted by these backbones.

For instance, models like Time-LLM (Jin et al., 2024a), UniTime (Liu et al., 2024) and GPT4TS
(Zhou et al., 2023a) use large language models as backbones. 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. (2024),
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 (Garza et al.,
2024) and TimesFM (Das et al., 2024) 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 multichannel MedTS. Our proposed repurposing framework is specifically designed to address this
by incorporating mechanisms to accommodate the multichannel nature of MedTS data, allowing for
effective integration of information across channels.

UniTS (Gao et al., 2024) 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 multichannel nature of MedTS. While all the aforementioned models represent



Published as a conference paper at ICLR 2026

potential backbones for our repurposing framework, due to resource limitations and the primary goal
to validate the efficacy of our proposed framework, we selected the advanced TimesFM (Das et al.,
2024) as our backbone model for this study for its outstanding zero-shot forecasting performance.

2.2 ADAPTATION OF FOUNDATION MODELS FOR MEDTS CLASSIFICATION

General-purpose foundation models ) ] ] ] ]
typically require specific techniques 1able 1: Comparison of adaptation techniques of time series

to be effectively adapted for down- foundation models. Column meanings are in Section A.

stream tasks. Common approaches

. . . Adaptation Data Efficiency New Task e Generalizabilit,
include prompting, fine-tuning, re- L Y Tsp Y

. Prompting v V!
programming, and we propose re- Fine-tuning Y
purposing as a novel approach, each  Re-programming v
with its own advantages and limita- Re-purposing v v v

tions as summarized in Table 1. 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. Further discussion are in Section A.

Re-programming often involves reusing a pre-trained model’s backbone (e.g., its Transformer layers)
without altering its internal weights (Jin et al., 2024a; Chang et al., 2023; Sun et al., 2024; Zhou
et al., 2023a), 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 (Tan et al., 2024).

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 multichannel
MedTS classification, and creating a new foundation model for the field.

2.3 FORECASTING VERSUS CLASSIFICATION IN TIME SERIES

The fundamental differences between time series forecasting and classification are key to under-
standing the challenges in adapting existing foundation models. Forecasting typically involves
predicting future sequence values within the same domain as the input, e.g., a sequence — sequence
mapping (Lim & Zohren, 2021; Wang et al., 2024a), often by extrapolating patterns within individual
channels. In contrast, classification maps an input sequence to a distinct categorical label, e.g., a
sequence — category mapping (Ali et al., 2019). This frequently requires synthesizing complex
patterns across multiple interacting channels to derive a diagnostic outcome, e.g., diagnosing
disease from multichannel EEG (Wan et al., 2023) — 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. Medical waveform data (e.g., EEG, ECG) shares the continuous,

! Although the model structure is fixed and still applicable to other datasets and tasks, the engineered or
learned prompts can be task-specific.



Published as a conference paper at ICLR 2026

Phase 1) Backbone F
- L orecasting
Pre-training DFT zeR > Foundation Head Ly Loss
General TS Model ~5M
- ~200M () =
Channel Embed.
Phase 2 S, N
Repur z)sin X, e RN ]:a::)oe}(ng% C/\J 91 €RE
purposing (e Xa € ROTD e .
> 0S8
MedTS Cohort X; € RO3%T3 5 Classifier Y3 € RK3
. . rozen ~8M .
Backbone C/\J :
________________________ Foundation e
Model
Phase 3) ~ 200M Frozen
Adapting ot Classifier N K
pew ¢ pMed | X' € RO ~8M g g eR
New Datasets Channel Embed.
Label /
@ abel Query @

~ 30K per D

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.

high-frequency characteristics of the general time series used in pre-training. While sparse, irregular
Electronic Health Records (EHR) are also "medical time series,” they require fundamentally different
tokenization strategies outside the scope of this waveform-centric study. Even with waveform data,
transforming pre-trained general time series foundation models into general-purpose classification
models, especially for MedTS, is not 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*P for extracting features
from a univariate time series of length 7" into L patched tokens of dimension D, and an original task
head (e.g., for forecasting, g : REXP — RN). We leverage the frozen backbone f for representation
learning. For multivariate MedTS input X € R®*7 with C channels, the backbone is applied
channel-wise to extract features:

£:ROT 5 ROEXD o £(X) = [f(X.)]", (1
We then introduce a novel, trainable classification head hy. 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 € R“*? and Label
Queries Q € RX*P The mapping becomes:

holg g REP — AR = (hyof) ROT — AR )

‘Q E*
where AK = {d 0,15 : 8 di= 1} is the probability simplex for K classes.

During the repurposing stage, hg containing shared parameter 6 along with collections of task-
specific embeddings E = {E;} and Q = {Q;} are trained across a cohort of diverse MedTS datasets
DMed — {D?’[ed}. The objective is to learn domain knowledge for MedTS classification within 6.
This translates to minimizing the cross-entropy loss Lcg:

0 E'.Q" = argminE, (x, ey [cCE <h9|Qi7Ei (£(X))) y)} 3)
¢,E,
Definition 3.2. Adapting: The process of applying the repurposed model (with fixed 8* 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.
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For a new dataset DN®¥ (with potentially different C’ channels, T’ time steps, and K’ classes), the
pre-trained backbone f and the shared parameters 6* of the classifier sy~ remain frozen. Only new
Channel Embeddings E’ € RS *? and Label Queries Q' € RX'*P are initialized and trained:

B,Q" margminBoc yenes £ (horlg e (E(X7) 9 ) | 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.

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 PpMed during
repurposing, will be fixed and reused when adapting to all future datasets and tasks DNe%. 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 (Das et al., 2024) 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 € R”
into a sequence of rich feature tokens H € RE*P . As defined in Equation (1), for multichannel
MedTS data X € RE*7, this backbone is applied independently to each channel, yielding stacked
feature tokens H € RC*L* P The internal architecture of TimesFM (e.g., its patching mechanism
and Transformer layers) is kept frozen throughout our framework and detailed in Section 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 (Zerveas
et al., 2021; Yang et al., 2023), 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
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layer (Vaswani et al., 2017), inspired by advancements in vision tasks (Carion et al., 2020; Meng
et al., 2023) but with key modifications tailored for MedTS. This classifier comprises three main
components: Channel Embeddings, Label Queries, and a Shared Decoding Attention mechanism.

Channel Embeddings (CEs). MedTS are inherently multi-variate and heterogeneous, often varying
in channel configuration across datasets. To address this specificity of medical data without altering
the backbone architecture, we introduce learnable Channel Embeddings E € RE*D_ This allows
the model to decouple the spatial topology of the specific medical modality from the generalizable
temporal features. For a given dataset with C' channels, these embeddings are broadcast-added to
the corresponding channel-wise feature tokens H (from Equation (1)) to produce ”channel-aware”

feature tokens H € RCXLxD.
I:lc,l,: :Hc,l,:@Ec,: vl e {1727 ,L},CE {1727 )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 € RX*D. Each row Q; . 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 & 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 € RUC¥)*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 Trans-
former decoder layer whose parameters (6 in Equation (3)) are shared across all datasets in the repur-
posing 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(H) € R(C-L)xD
as keys and values. It performs multi-head attention followed by an FeedForwardNetwork to

produce an initial set of logits ¢ € RF*:

Jraw = FeedForwardNetwork (MultiHeadAttention(Q, Flatten(H), Flatten(l:l)))
(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 § € R

1, ,

y; = %;wrw)(jfl)m vje{l.2, K} ™
These final logits ¢ are then used with a softmax function for probability prediction and
loss calculation. Critically, the parameters within the MultiHeadAttention and the
FeedForwardNetwork (collectively ) 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 Section C.

Datasets. To thoroughly evaluate FORMED, we use a curated MedTS cohort (Wang et al., 2024b)
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, diagnostic labels, and overall sizes. This inherent diversity is intentional, enabling
us to directly assess FORMED’s ability to handle inter-dataset heterogeneity during repurposing.
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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 Section E.

Furthermore, all datasets within the cohort and for subsequent adaptation are split following strict
patient-independent settings (Wang et al., 2024b; Wang et al.). 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 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
(Olszewski) and StandWalkJump (Behravan et al.)). Performance on these datasets, especially with
limited data for adaptation, will demonstrate FORMED’s utility under data insufficiency.

Baselines. We compare FORMED with 15 baselines, including 11 established TSM (Wang et al.,
2024b) and 4 TSA models for direct comparison. The TSM models are trained independently on
each dataset, including Autoformer (Wu et al., 2021), Crossformer (Zhang & Yan, 2022), FEDformer
(Zhou et al., 2022b), Informer (Zhou et al., 2021), iTransformer (Liu et al., 2023), MTST (Zhang
et al., 2024), Nonformer (Liu et al., 2022), PatchTST (Nie et al., 2022), Reformer (Kitaev et al.,
2020), Transformer (Vaswani et al., 2017) and Medformer (Wang et al., 2024b). 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 (Das et al., 2024) 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 foundation models.

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.
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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.

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
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. To rigorously verify this, we conducted an extended baseline comparison
as shown in Section F, testing simple architectural variants such as replacing our classifier with
an MLP or adding LoRA fine-tuning. These modifications still failed to bridge the performance
gap (e.g., TimesFM + MLP achieved only 48.84% accuracy on ADFTD vs. FORMED’s 66.83%),
confirming that the foundation model’s latent features are not linearly separable and require the
non-linear decoding provided by our SDA module.

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.
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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). Notably, the baseline TimesFM-TSA exhibits high variance (e.g.,
+12.63% std in F1 on ECG200) due to overfitting. In contrast, FORMED stabilizes significantly as
the number of queries & increases. The performance follows a power law improvement; at k = 1024,
FORMED achieves 87.65% accuracy with reduced variance (+2.33%), demonstrating that the MoE
design provides robust density estimation even with limited training samples. 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
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. For example, replacing TimesFM with other foundation models that
can handle irregularly sampled data or categorical data, will grant FORMED broader applicability.
Additionally, the composition and scale of the MedTS cohort employed during the repurposing stage
may also influence the breadth of the captured domain knowledge and the overall quality of the
learned representations. For instance, we observe that the performance of FORMED during both
repurposing (Table 4) and adaptation (Table 5) shows higher variance than other models, which
may be attributed to the limited number and scale of datasets in the MedTS cohort and the impact
of different splitting by chance. As evidenced in Figure 6, larger datasets like PTB and PTB-XL
generally exhibit more stable training trajectories, while smaller datasets like ADFTD and APAVA
show more variability across seeds and splits. Future work can explore expanding the pre-training
cohort and incorporating advanced joint training strategies to stabilize the FORMED framework.

In conclusion, FORMED presents a significant step towards more generalizable, adaptable, and
data-efficient adaptation framework for time series foundation models, as well as a practical deep
learning solutions for the unique challenges posed by medical time series analysis.
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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 the rest, 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 (Zhou
et al., 2023b; Reynolds & McDonell, 2021) or learned through data (Zhou et al., 2022a; Liu et al.),
and fine-tuning involves updating the model’s internal parameters on dedicated dataset (Howard &
Ruder, 2018; Ding et al., 2023). 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, and dedicated task head
is still required if the task changes (Liu et al.). 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 closely related to and thus constrained 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.

B IMPLEMENTATION DETAILS

We take TimesFM (Das et al., 2024) 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 € R’ and binary mask m € {0,1}7
with length T, they are first broken up into patches X € R¥*¥ and M € {0,1}**% in a non-
overlapping fashion, where P is the patch size and L = [%} is the number of tokens. Each patch
X;,. is the concatenation of P consecutive elements of the input sequence « in a non-overlapping
fashion and so is the M, .. The X; . and M, . 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 € REL*P in the model
dimension D using an input residual block:

Z;. =InputResidualBlock(X;.; M) ®)

Stacked Transformer. Before passing into the stacked Transformer, the positional encoding will
be added to the tokens to form the input sequence Z € REXD | The stacked Transformer is then

applied to the input sequence Z to capture the temporal dependencies and extract features using
casual self-attention, outputting feature rich tokens H € RL*D:
ZZ-,: =Z,;. ® PositionalEncoding(i) ©
H, . =StackedTransformer(Z ., Zs,., ..., Z;.;m1, My, ..., M;)
where r; = min{M; .} 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 H7, . from the Transformer back to the original input spaces & € R”, forming the
prediction of the next N time steps:

& = OutputResidualBlock(Hp ) (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
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input time series  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 € RE*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 carried out 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 19-10900X 32 NVIDIA RTX A5000 x 1
2 AMD Ryzen Threadripper PRO 3995WX 512 NVIDIA RTX A5000 x 4
3 AMD EPYC 7713 1024 NVIDIA RTX A5000 x 8
4 AMD EPYC 7513 256 NVIDIA RTX A6000 x 8

Software/Package Version

Python3 3.13.3
PyTorch 2.7.0
CUDA 124-12.6

C.2 CODE AVAILABILITY

The code is publicly available at https://github.com/DL4mHealth/FORMED.

C.3 DATASET AVAILABILITY & PREPROCESSING

The preprocessed datasets in the MedTS cohort are obtained from the authors of Wang et al. (2024b).
The datasets used for adapting are loaded through skt ime API and no additional preprocessing is
performed.

C.4 DATA SPLITTING

For datasets in the MedTS cohort, the datasets are split into training, validation, and test sets in the
ratio of 6:2:2 at patient level according to Wang et al. (2024b); Wang et al.. The adapting datasets are
not clearly defined in terms of patient, so we perform the 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
initialized with default initialization method, and the embeddings are initialized to normal distribution
with ;1 = 0 and 02 = 0.1. The model is trained with Adamw optimizer with weight decay of 1 x 103
and a custom log-normal learning rate schedule. For each epoch ¢, the learning rate is calculated as:

0 t=0
. 2T = _ -
LN (t;p,0*,T) Lo (U T otherwise (11
LN (t;p,0°,T)

lr(t; Ly 02a T) =1rmin +

) . (lrmax - lrmin)

maxy LN (t; pu, 02, T
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where weuse pt = 1,02 = 1,7 = 10, 1rpin = 1 x 107% and 11, = 1 x 1072 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.

F1 Trajectory (seed=41) F1 Trajectory (seed=42)

= ADFTD = ADFTD

APAVA APAVA

mm PTB mm PTB
20 . PTB-XL 20 . PTB-XL
= TDBrain = TDBrain

— Validation —— Validation

Warmup, Annealing o Test Warmup Annealing e Test

Figure 6: Typical training trajectories of FORMED during repurposing from two different seeds.
FORMED can keep improving over a long training period, despite that the gain might not be consistent
on different partition of datasets (e.g., validation and test on ADFTD in the right figure), and can vary
depending on the exact random seed (e.g., test on APAVA in two figures).

C.6 HYPERPARAMETER TUNING

The initial hyperparameter % 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. (2024b).

Table 3: MedTS Cohort Datasets.

Dataset Type # Subject # Sample Sag:tlemg Si‘:]?g‘::g # Channel # Classes
ADFTD (Miltiadous et al., 2023; Miltiadous et al.) EEG 88 69762 256 Hz 256 19 3
APAVA (Escudero et al., 2006) EEG 23 5967 256 Hz 256 16 2
TDBrain (van Dijk et al., 2022) EEG 72 6240 256 Hz 256 33 2
PTB (Goldberger et al., 2000) ECG 198 64356 250 Hz 300 15 2
PTB-XL (Wagner et al., 2020) ECG 17596 191400 250 Hz 250 12 5
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E EXPERIMENTAL RESULTS

Due to space limitations, here we provide the rest of experimental results of FORMED on the MedTS
cohort datasets in terms of accuracy, precision, recall, AUROC, and AUPRC in Figures 7 to 11, along
with the full comparison table in Table 4 and adapting results in Table 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.
F EXTENDED BASELINE COMPARISON

To rigorously evaluate the effectiveness of FORMED, we conducted an extensive comparison against
both traditional machine learning approaches and various configurations of the TimesFM foundation
model foundation. The results are summarized in Table 6.

F.1 BASELINES SETUP
We compared FORMED against MiniRocket (Dempster et al.), a strong machine learning baseline
for time series classification. Additionally, we evaluated four distinct variations of the TimesFM

architecture to isolate the contributions of our training strategy and classifier design:

* TimesFM + CNN: The baseline used in main experiment, i.e., the TimesFM-TSA model,
utilizing a CNN head engineered for balanced performance.
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Figure 11: In-domain AUPRC performance on the MedTS cohort datasets.

* TimesFM + MLP: A naive implementation utilizing a linear classifier head (identical to all
TSM baselines), serving as a direct probe of the frozen backbone’s features.

* TimesFM + MLP + LoRA: Extends the MLP baseline by fine-tuning the TimesFM back-
bone using Low-Rank Adaptation (LoRA, Hu et al.).
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¢ TimesFM + Attn: Shares the identical model architecture (Attention-based classifier) as
FORMED but is trained individually on each dataset (single-task learning) rather than
jointly.

F.2 PERFORMANCE ANALYSIS

FORMED demonstrates superior performance across the majority of datasets. On the challeng-
ing ADFTD dataset, traditional methods like MiniRocket struggle (49.02% accuracy). While the
TimesFM + CNN baseline improves this to 54.77%, FORMED significantly outperforms all baselines
with an accuracy of 66.83% and an F1 of 63.66%.

Notably, the comparison between TimesFM + Attn and FORMED highlights the efficacy of our joint
training paradigm. On PTB, the single-task TimesFM + Attn achieves 93.48% accuracy, whereas
the jointly trained FORMED improves this to 95.74%. Similarly, on APAVA, FORMED achieves
85.10% accuracy compared to 65.90% for the single-task equivalent. This validates that the model
benefits from the shared representations learned across diverse medical time series tasks.

While simple classifiers like TimesFM + MLP perform competitively on specific, usually smaller
datasets like TDBrain (93.60% accuracy), they lack the consistency of FORMED, which maintains
high performance across complex multi-class scenarios like PTB-XL, achieving 77.72% accuracy
versus the MLP’s 65.22%.

For the LoRA-augmented TimesFM + MLP, while it shows improvements over the vanilla MLP
on some datasets (e.g., PTB accuracy from 87.12% to 92.76%), it still falls short of FORMED’s
performance, indicating that merely fine-tuning the backbone is insufficient without the tailored
classifier and highly inefficient. Also note that LoRA is orthogonal to classification head design, and
can be potentially combined with FORMED for further improvements.

G ABLATION STUDY

To justify the architectural components of FORMED, we performed a comprehensive ablation study
isolating the effects of Positional Embeddings (PE), Channel Embeddings (CE), and the Mixture of
Experts (MoE) strategy (k=16 vs. k=1). The results are detailed in Table 7.

The full implementation of FORMED (incorporating PE, CE, and MoE) consistently yields the most
robust results. For example, on the ADFTD dataset, removing any single component leads to a
significant drop in F1: without PE (46.26%), without CE (42.54%), and without MoE (46.78%),
compared to the full model’s 63.66%. Similarly, on APAVA, PTB and PTB-XL, the full model
outperforms all ablated versions, underscoring the synergistic effect of these components.

While certain ablated versions perform better on specific datasets, such as the configuration without
Channel Embeddings achieving marginally higher accuracy on TDBrain (88.08%) compared to the
full model (87.47%), the full FORMED model offers the best generalization. It avoids the catastrophic
performance drops seen in ablated versions on harder tasks (e.g., the drop to 64.22% on APAVA when
CE is removed). This confirms that both PE and CE are essential for handling the structural variety
of MedTS, while MoE effectively scales the model’s capacity for complex classification boundaries.
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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
Autoformer 4525148 43.67+194 4296203  42.59+185  61.02+182  43.10+230
Crossformer 50.45+231  45.57+163  45.88x182 4550170  66.45+203  48.33+205
FEDformer 46.30+059  46.05+076  44.22+138  43.91+137  62.62+175  46.11+1.44
Informer 48.45+196  46.54x168  46.00+184  45.74x138  65.87+127  47.60+1.30
iTransformer 52.60+1.59  46.79+127  47.28+129  46.79+1.13  67.26+1.16  49.53+121
TSM MTST 45.60+203  44.70+133  45.05+130 4431+174  62.50+081  45.16+0585
Nonformer 49954105 47.71+097  47.46x150 46.96+135  66.23+137  47.33+178
ADFTD PatchTST 44.37+095  42.40+1.13  42.06+148 41974137 60.08+150  42.49+1.79
(3-Classes) Reformer 50.78+1.17  49.64+149  49.89+167 47944069  69.17+158  51.73+1.94
Transformer 5047+214  49.13+183  48.01+153  48.09+159  67.93+159  48.93+2.02
Medformer 53274154 51.02+157  50.71+1s55  50.65+151  70.93+119  51.21+132

iTransformer-TSA  52.51+707  4531+1471 45324547 39.56+473  60.78+505  43.36-+4.45

TSA PatchTST-TSA 53.36+237  46.97+s70  43.93+219  40.07+350  60.94+0s86  44.74+077

Reformer-TSA 42.53+766  24.24+1123 3438112 25.31+655  52.84+192  36.12+159
TimesFM-TSA 54.77+678  50.76+815  51.12+784  50.58+817  68.81+s808  52.42+1032
GA FORMED (Ours)  66.83+1835 63.54+21.37 65.25+21.63 63.66+21.67 77.70+16.16 66.00+20.89
Autoformer 68.64+182  68.48+210  68.77+227  68.06+194  75.94+361  74.38+4.05
Crossformer 7377195 79.29+436  68.86+1.70  68.93+185  72.39+333  72.05+3.65
FEDformer 7494215 7459150  73.56+355  73.51+339  83.72+197  82.94+237
Informer 73.11x440 7517606  69.17+456  69.47+506  70.46+491  70.75+527
iTransformer 74.55x166  74.77x210  T1.76x172  72.30+179  85.59+155  84.39+157
TSM MTST 7114159 79.30x097  65.27+228  64.01+3.06  68.87+234  71.06+1.60
Nonformer 71.89+381  71.80+458  69.44+356  69.74+384  70.55+296  70.78+4.08
APAVA PatchTST 67.03x1.65  78.76+128  59.91+202  55.97+310  65.65+028  67.99+076
(2-Classes) Reformer 78.70+200  82.50+395  75.00+161  75.93+182  73.94+140  76.04+1.14
Transformer 76.30+472  77.64x595  73.09+s501  73.75+538  72.50+660  73.23+7.60
Medformer 78.74x064  81.11x084  75.40x066  76.31x071  83.20+091  83.66+0.92
iTransformer-TSA  63.06+1925 63.55+2070 62.70+1966 62.31+1975 63.71+21.72  74.69+15.26
TSA PatchTST-TSA 71.62+380 75704620  68.66+355  68.05+447  73.17+796  75.61+632
Reformer-TSA 66.35+7.87  68.40+£7.19  65.88+536  64.71+680  72.79+461  71.00+6.78
TimesFM-TSA 75.00+1062  75.83+953  75.63+946  74.77+1067  83.02+1263  86.03+9.55
GA FORMED (Ours)  85.10+9.10  87.34+768 83.11+13.18 82.45+126 91.22+871  92.51+7.60
Autoformer 87.33+379  88.06+356  87.33+379  87.26+384  93.81+226  93.32+242
Crossformer 81.56+2.19  81.97+225  81.56+219  81.50+220  91.20+178  91.51+1.71
FEDformer 78.13+198  78.52+191  78.13+198  78.04+201  86.56+186  86.48+1.99
Informer 89.02+250  89.43+214  89.02+250  88.98+254  96.64+068  96.75+063
iTransformer 74.67+106  74.71+106  74.67+106  74.65+106  83.37+114  83.73+1.27
TSM MTST 76.96+376  77.24+359  76.96+376  76.88+383  85.27+446  82.81+5.64
Nonformer 87.88+248  88.86+1s4  87.88+248  87.78+256  97.05+068  96.99:+068
TDBrain PatchTST 79.25+379  79.60+409  79.25+379  79.20+377  87.95+496  86.36+6.67
(2-Classes) Reformer 87.92+201  88.64+140  87.92+201  87.85+208  96.30+054  96.40+045
Transformer 87.17+167  87.99+168  87.17+167 87.10+168  96.28+092  96.34+0s1
Medformer 89.62+081  89.68+078  89.62+0s1  89.62+0s81  96.41+035  96.51+033
iTransformer-TSA  66.31+132  63.57+260 62.86+344  62.83+359  69.44+382  57.08+7.20
TSA PatchTST-TSA 83.03+498  85.27+357  80.08+628  81.00+644  90.39+754  89.26+6.73
Reformer-TSA 7818481  83.74xass  73.83x615  74.28+7.10  78.75+181  81.15+170
TimesFM-TSA 83.89+704  85.00+7.89  81.71+7.11  82.49+724 92224599  87.96+10.38
GA FORMED (Ours)  87.47+838  87.58+814  86.95+1020 86.38+934 94.20+552  87.62+1082
Autoformer 73.35x210 7211289  63.24+317  63.69+384 78544348 74.25+353
Crossformer 80.17+379  85.04+183  71.25+629  72.75+7.19  88.55+345  87.314325
FEDformer 76.05+254  77.58+361  66.10+355  67.14+437 85931431  82.59+5.42
Informer 78.69+168  82.87+1.02  69.19+200  70.84+347  92.09+053  90.02:+0.60
iTransformer 83.89+071  88.25+118  76.39+101  79.06+106  91.18+116  90.93+098
TSM MTST 76.59+190  79.88+190  66.31+295  67.38+371  86.86+275  83.75+2s4
Nonformer 78.66+049  82.77+086  69.12+087  70.90+100  89.37+251  86.67+238
PTB PatchTST 74741162 76.94+151  63.89+271 64364338  88.79+091  83.39+0.96
(2-Classes) Reformer 77.96+213  81.72+1.61 68.20+335  69.65+388  91.13+074  88.42+130
Transformer 77.37+102  81.84+066  67.14+180 68.47+219  90.08+176  87.22+1.68
Medformer 83.50+201  85.19+094  77.11+339  79.18+331  92.81+148  90.32+154
iTransformer-TSA  88.98+105  80.08+319  78.41+756  78.84xs514  93.18+327  98.53+068
TSA PatchTST-TSA 74471498 71.46+706  79.37+517  68.70+1207  93.47+1.03  98.64+0.20
Reformer-TSA 89.36+178  82.03+350  78.67+s552  79.95+395  91.95+333  98.04+1.06
TimesFM-TSA 94.05+123  90.17+229  86.84+314  88.36+265  94.22+339  98.29+1.06
GA FORMED (Ours)  95.74+240  94.35+426 91.03+s559  92.53+498  97.05+280  99.05+0.71
Autoformer 61.68+272  51.60+1.64  49.10+1.52  48.85+227  82.04+144 519317
Crossformer 73.30x0.14  65.06+035  61.23+033  62.59+0.14  90.02+006  67.43+022
FEDformer 57.20+947  52.38+609  49.04+726  47.89+844  82.13x417  52.31+7.03
Informer 71.43x032  62.64x060  59.12+047  60.44+043  88.65+009  64.76+0.17
iTransformer 69.28+022  59.59+045  54.62+018  56.20+019  86.71x0.10  60.27+021
TSM MTST 72.14x027  63.84x072  60.01+081  61.43+038  88.97+033  65.83+051
Nonformer 70.56+055  61.57x066  57.75x072  59.10+066  88.32+036  63.40+0.79
PTB-XL PatchTST 73.23x025  65.70x064  60.82+076  62.61+034  89.74x0.19  67.32+022
(5-Classes) Reformer 71.72+043  63.12+1.02  59.20+075  60.69+0.18  88.80+024  64.72+047
Transformer 70.59+044  61.57x065  57.62+035  59.05+025  88.21x0.16  63.36+029
Medformer 72.87+023  64.14x042  60.60+046  62.02+037  89.66+0.13  66.39+0.22
iTransformer-TSA  63.84+094  53.14+251  45.38+180 46.07+164  82.65+061  52.04+1.06
TSA PatchTST-TSA 57.61+322 51.42+156  46.69+161  43.93+238  81.71+117  50.61+205
Reformer-TSA 57254833  49.92+946  38.66+492  36.88+829  79.24+087  45.90+1.46
TimesFM-TSA 71.08+049  62.73+090  58.28+044  59.97+041  88.49+037  63.48+0.99
GA FORMED (Ours)  77.72+710  71.75+967  69.06+11.37 70.12+1082 91.72+342  73.95+10.11
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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
TimesFM-TSA N/A 66.32+471  40.89+1598 52.95+1139 45.23+1263 80.26+9.79  91.24+522
4 52.63+1823 559941759 56.41+17.19  51.28+17.23  65.90+1805 81.64+10.65
8 43.16+1552  43.68+11.08  45.00+£1089 39.40+1406 45.13+1584  71.9248.59
16 57.89+1177  49.65+1685 S51.28+1736 49.86+1641 68.46+201  85.77+872
32 64.21+1257 54.57+1870 55.90+1780 54.46+1812 63.33+1472  80.85+8.63
ECG200 FORMED 64 7053471 65.73Ls64 62314545 62241658  73.85:723  88.054442
128 70.53+471 65394696  60.514553  60.59+647  75.90+419  89.96+1.81
256 84.21+832  82.404857  82.18+1444 80.56+1231 89.23+11.13  95.35+5.06
512 87.37+288  85.38+294  88.08+6.01  85.87+391  95.90+466  98.27+1.97
1024 88.42+235  86.67+186 91.54+172  87.65+233  98.21+115  99.23+0.50
2048 87.37+471 85414487  88.97+531  86.25+497  95.90+356  98.22+1.56
TimesFM-TSA N/A 33.33+943  33.83+1262 33334943 324141064 52.004579  44.89+4.97
4 21.33+730  19.23+784  21.33+730  19.69+722  44.00+1066 42.07+7.44
8 18.67+1282  19.18+13.99  18.67+1282  18.68+13.19 46.13+1273  40.63+7.32
16 36.00+10.11  35.22+1023  36.00+10.11  34.154857  53.60+1018  46.1148.79
StandWalkJump 32 36.00+18.01  37.45+1615  36.00+1801  35.87+17.37  57.33+1364  53.11+1530
FORMED 64 40.00+1563  36.30+15.11  40.00+1563  37.50+1477  56.80+14.88  50.30+13.12
128 46.67+1054  43.96+1127  46.67+1054 44.26+1208  63.60+11.72  55.75+13.10
256 46.67+1333  47.33+1487 46.67+£1333  46.29+1425  63.60+180  53.81+264
512 64.00+11.16  67.25+1053  64.00+11.16 64.52+1048 68.13+506  57.27+4.25
1024 54.67+730  55.24+628  54.67+730 54234744  62.13+166  53.30+1.42
2048 60.00+6.67  62.29+703  60.00+6.67  60.12+663  65.33+298  56.34+227

Table 6: Additional baseline comparison on all datasets. Best results are bolded.

Datasets Model Accuracy  Precision Recall F1 score AUROC AUPRC
MiniRocket 49.02+020  41.37+019  43.64+018  41.75+0.16 — —
PatchTST + FORMED 45.05+277 45434391 42.04+18  36.68+176  59.224206  41.10+1.73
ADFTD TimesFM + CNN 54.77+678  50.76+8.15  51.12+784  50.58+8.17  68.81+808  52.42+1032
(3-Classes) TimesFM + MLP 48.84+250  41.94+143 4347130  41.72+123  60.73+140  43.06+1.41
TimesFM + MLP + LoRA  49.23+277  45.814320  46.04+229 45414285  63.83+234  46.1543.08
TimesFM + Attn 52.77+171  46.89+120  46.34+053 45254105 66.17+099  48.02+081
FORMED 66.83+1835 63.54+21.37 65.25+21.63 63.66+21.67 77.70+16.16 66.00+20.89
MiniRocket 67.08+463  71.38+351  70.17+417  66.90+4.82 — —
PatchTST + FORMED 69.91+991  69.11+1086 68.54+1181 68.14+11.11  79.32+1133  86.6+7.26
APAVA TimesFM + CNN 75.00+1062  75.834953  75.63+946  74.77+1067 83.02+1263 86.03+9.55
(2-Classes) TimesFM + MLP 83.75+3.15  83.71+331  83.02+268  83.16x3.04  89.63+192  87.95+4.06
TimesFM + MLP + LoRA  81.14+426  82.04+259  80.94+366 80.48+422  90.20+187  90.00+2.11
TimesFM + Attn 65.90+194  67.33+190 66.41+195 64.97+155 72774347  68.97+6.04
FORMED 85.10+9.10 87.34+768  83.11+13.18 82.45+126  91.224871  92.51+7.60
MiniRocket 86.40+056  90.06+051  83.26+065  84.81+0.66 — —
PatchTST + FORMED 89.00+1.15  89.68+146  89.00+1.15  88.95+1.13  96.76+127  96.92+1.18
TDBrain TimesFM + CNN 83.89+704  85.00+789  81.7147.11  82.49+724  92.224599  87.96+1038
(2-Classes) TimesFM + MLP 93.60+1.05  93.64+063  93.11+163  93.29+117  96.14+171  92.80+330
TimesFM + MLP + LoRA  90.57+161  90.48+207  90.05+135  90.16+159  93.86+230  87.79+4.98
TimesFM + Attn 86.87+126  90.05+060  83.98+184 85.42+162 96.43+162  95.34+1.77
FORMED 87.47+838  87.58+814  86.95+1020 86.38+934 94.20+552  87.62+1082
MiniRocket 93.46+051  91.61+1.17  84.14+135  87.27+1.08 — —
PatchTST + FORMED 90.29+0.65  88.194323  71.61+496  76.03+397  94.79+064  98.98+0.27
PTB TimesFM + CNN 94.05+123  90.17+220  86.84+3.14  88.36+265  94.22+4339  98.29+1.06
(2-Classes) TimesFM + MLP 87.12+043  77.20+082  76.70+1.12  76.92+067  76.80+1.11  91.45+039
TimesFM + MLP + LoRA  92.76+204  87.80+403  85.80+330  86.66+321  85.83+327  94.70+1.39
TimesFM + Attn 93.48+021  90.60+150  85.36+1.03  87.64+030  88.00+084  95.17+0.83
FORMED 95.74+240  94.35+426  91.03+559  92.53+498  97.05+280  99.05+0.71
MiniRocket 73.33+017  68.29+0.19  58.64+0.16  60.76+0.15 — —
PatchTST + FORMED 62.14+130 55514153  4521+276  46.04+330  83.06+025  52.9740.99
PTB-XL TimesFM + CNN 71.08+049  62.734090  58.28+044  59.97+041  88.49+037  63.4840.99
(5-Classes) TimesFM + MLP 65.22+112  55.26+132  52.63+t071  53.46x082  81.35+048  51.24+1.01
TimesFM + MLP + LoRA  67.10+064  58.04+1.15  54.81+058  55.294079  85.04+049  57.07+052
TimesFM + Attn 72.51+038  64.194090  59.67+018  61.13+024  89.31+010  65.724043
FORMED 77.72+710 71754967  69.06+11.37 70.12+1082 91.72+342  73.95+10.1
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Table 7: Full ablation study results of FORMED on all datasets. Best results are bolded.

Datasets PE CE MoE Accuracy Precision Recall F1 score AUROC AUPRC

48.81+204  4292+175  43.67+104 42544109 61.43+106 43.83+124
53.77+304  47.80+150  47.554073  46.26+076  65.46+050  48.2040.29
45.87+224  40.83+154  42.65+175  40.57+185  60.43+248  42.17+244
54.08+2.15  48.61+226  48.16+133  46.78+196  66.43+200 49.52+296

ADFTD
(3-Classes)

66.83+1835 63.54421.37 65.25+21.63 63.66+21.67 77.70+16.16 66.00+20.89

64.22+604  64.23+485  64.27+486  63.64+558  69.96+547  67.50+7.82
67.49+640  66.844692 65954589  66.07+6.12  70.92+498  71.62+6.65
69.08+4.39  68.74+463 67.93+350 67.89+378  73.25+244  73.52+243
65.54+425 65394438  64.844403  64.50+420 69.524529  70.18+6.97

APAVA
(2-Classes)

85.10+9.10 87.34+768 83.11+13.18 82.45+126 91.224871  92.51+7.60

88.08+3.24  88.83+295 86.57+414  87.23+361  96.11+224  92.80+431
87.66+5.12  88.68+468  85.87+626  86.63+575  96.05+258  92.39+567
86.13+247  87.73+200  83.81+3.15  84.87+297  96.58+0.76  94.49+1.05
87.57+482  87.81+526 86.42+504  86.87+503  95.85+393  93.04+6.98

TDBrain
(2-Classes)

87.47+838  87.58+8.14  86.95+1020 86.384934  94.20+552  87.62+10.82

93.70+063  90.014+222  87.17+127  88.42+088  95.65+051  98.8840.30
89.86+1.05  82.24+265  82.05+074  82.03+1.04 91.48+065 97.71+044
93.23+078  88.65+1.78 87.02+266  87.70+1.61 95.76+082  98.93+0.29
90.92+076  84.41+146  81.944204  83.00+090 91474326  97.63+1.20

PTB
(2-Classes)

95.74+240  94.35+426  91.034559  92.53+498  97.05+280  99.05+0.71

70.03+186  61.82+190  55.514332  56.55+392  87.22+172  61.63+3.12
66.324+299  57.68+491 51964584  52.60+590  85.38+294  57.92+4.99
71.53+071 63314084  57.63+173  59.19+151  88.61+066  64.38+1.33
68.66+124  59.89+129 55324145  56.16+163  87.28+074  61.00+1.48

PTB-XL
(5-Classes)

N N AN N AN N AN N ANE TN
N O RN O N S O AN R G G R YR QR
NN N N N N AN N N AN N NN AN N NN

77.72+710 71754967  69.06+1137 70.12+1082 91.72+342  73.95+10.11
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