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Abstract

Foundation models pre-trained on large-scale source datasets
are reshaping the traditional training paradigm for time se-
ries classification. However, existing time series foundation
models primarily focus on forecasting tasks and often over-
look classification-specific challenges, such as modeling in-
terpretable shapelets that capture class-discriminative tempo-
ral features. To bridge this gap, we propose UniShape, a uni-
fied shape-aware foundation model designed for time series
classification. UniShape incorporates a shape-aware adapter
that adaptively aggregates multiscale discriminative subse-
quences (shapes) into class tokens, effectively selecting the
most relevant subsequence scales to enhance model inter-
pretability. Meanwhile, a prototype-based pretraining module
is introduced to jointly learn instance- and shape-level rep-
resentations, enabling the capture of transferable shape pat-
terns. Pre-trained on a large-scale multi-domain time series
dataset comprising 1.89 million samples, UniShape exhibits
superior generalization across diverse target domains. Exper-
iments on 128 UCR datasets and 30 additional time series
datasets demonstrate that UniShape achieves state-of-the-art
classification performance, with interpretability and ablation
analyses further validating its effectiveness.

Code — https://github.com/qianlima-lab/UniShape

Introduction

Deep learning models have achieved notable success in
time series classification (TSC) across various domains (Is-
mail Fawaz et al. 2019; Luo et al. 2024). However, most
existing methods (Liu et al. 2023a; Mohammadi Foumani
et al. 2024) are trained on small-scale datasets, thereby lim-
iting their generalization capability in cross-domain settings.
In contrast, foundation models (FMs) have exhibited strong
transferability in vision and language tasks (Zhang et al.
2024), prompting a growing interest in their application to
time series data. Yet, existing efforts mainly focused on time
series forecasting tasks (Ansari et al. 2024; Li et al. 2025),
while FM development specifically for classification tasks is
still in its early stages. Designing a unified FM for TSC thus
presents an open and impactful research problem.

*Corresponding authors.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Figure 1: Illustration of the unified shape-aware classi-
fier trained across multiple domains. Red lines represent
shapelets extracted from the ECG5000, Chinatown, House-
Twenty, and CricketX datasets, corresponding to four distinct
domains in the UCR time series archive (Dau et al. 2019).

The fundamental differences between time series fore-
casting and classification present key challenges for devel-
oping effective FMs for classification. Forecasting focuses
on learning temporal dynamics such as trends and season-
ality from historical data (Woo et al. 2022), aiming to pre-
dict future values based on sufficiently long contextual input
sequences. Conversely, classification emphasizes identify-
ing discriminative local patterns within fixed-length samples
from different subjects (Ismail Fawaz et al. 2020; Liu et al.
2023Db), thus assigning discrete class labels to unseen sam-
ples. While forecasting outputs continuous, multi-step nu-
merical sequences, classification involves extracting infor-
mative and interpretable patterns from individual samples.
As a result, forecasting-oriented FMs often fail to capture
class-discriminative features essential for accurate TSC.

Although a few recent studies (Goswami et al. 2024; Fe-
ofanov et al. 2025) have made initial attempts to apply FMs
for TSC, they largely neglect the interpretability that is vital
to domains such as healthcare. Shapelets are discriminative
subsequences widely used to enhance the interpretability of
TSC results, as they can represent key class patterns (e.g.,
the red segment in Figure 1) (Ye and Keogh 2011). However,
existing shapelet-based methods typically rely on label su-
pervision with domain-specific assumptions (Li et al. 2021;
Liu et al. 2025), limiting their applicability in FM pretrain-
ing scenarios where annotations are scarce. Also, shapelets
inherently exhibit multiscale properties (Grabocka et al.
2014; Yamaguchi, Ueno, and Kashima 2023), as discrimi-



native subsequence patterns may appear at varying lengths
and temporal locations. Therefore, effectively modeling and
integrating multiscale shapelet representations within a uni-
fied FM during pretraining remains a challenge.

To this end, this paper proposes a Unified Shape-aware
foundation model named UniShape for TSC that aims to
enhance both downstream classification performance and
interpretability. UniShape comprises two key components.
First, the shape-aware adapter processes multiscale sub-
sequences (or shapes) as input tokens and adaptively ag-
gregates discriminative features of varying lengths via an
attention-based pooling mechanism to generate instance-
level class tokens. Building on these class and shape to-
kens, the prototype-based pretraining module then jointly
optimizes instance-level and shape-level representations for
class prototype learning, enabling the model to capture gen-
eralizable shapelet patterns. Through this design, UniShape
achieves effective transferability and improved interpretabil-
ity when fine-tuned on diverse TSC target domains follow-
ing pretraining on a large-scale multi-domain dataset.

The main contributions are summarized as follows:

* We propose UniShape, a unified foundation model for
TSC that effectively captures multiscale shapelet features
and automatically selects optimal subsequence scales via
a shape-aware adapter.

* We introduce a prototype-based pretraining module
that jointly learns discriminative representations at both
instance-level and shape-level tokens, thus enhancing the
model’s generalization capability in target domains.

» Extensive experiments on 158 univariate time series
datasets demonstrate that UniShape significantly outper-
forms state-of-the-art methods in classification perfor-
mance, while also exhibiting good interpretability.

Related Work

Time Series Classification. Early TSC approaches pri-
marily relied on dynamic time warping and nearest neighbor
classifiers (Keogh and Kasetty 2002). Recent efforts have
shifted towards non-deep learning methods (Guillaume,
Vrain, and Elloumi 2022; Middlehurst, Schéfer, and Bag-
nall 2024), such as the Rocket family of algorithms (Demp-
ster, Petitjean, and Webb 2020; Dempster, Schmidt, and
Webb 2021, 2023), alongside deep learning models based
on neural networks (Mohammadi Foumani et al. 2024). In
particular, both self-supervised representation learning (Yue
et al. 2022) and end-to-end supervised classification frame-
works (Ismail Fawaz et al. 2020; Eldele et al. 2024) have
shown strong performance. However, most existing TSC
models are trained on single-domain datasets, limiting their
transferability across multiple domains.

Time Series Foundation Models. Time series FMs have
seen rapid development (Liang et al. 2024). For example,
recent studies exhibit strong forecasting generalization by
pretraining on large-scale datasets merged from multiple do-
mains (Woo et al. 2024; Li et al. 2025). Zhou et al. (2023)
further demonstrate the adaptability of large language mod-
els, while Goswami et al. (2024) and Gao et al. (2024) de-
sign task-agnostic FMs pretrained on time series datasets
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for multiple downstream tasks (including classification). For
classification-specific FMs, Lin et al. (2024) and Feofanov
et al. (2025) introduce multi-scale normalization techniques,
highlighting the potential of FMs for TSC. However, most
efforts focus on enhancing classification accuracy, with lim-
ited attention to the interpretability of the results.

Time Series Shapelets. Shapelets have attracted consid-
erable interest for enhancing the interpretability of TSC
models (Liu et al. 2024; Wen et al. 2024). Traditional ap-
proaches (Ye and Keogh 2011; Rakthanmanon and Keogh
2013) rely on exhaustive searches to identify discriminative
subsequences, incurring high computational costs. Recent
deep learning methods (Li et al. 2021; Liu et al. 2025) adopt
gradient-based frameworks to improve shapelet discovery
efficiency. However, most existing methods are restricted to
scenario-specific shapelet discovery, limiting their applica-
bility as universal representations across diverse domains.

Background

Problem Statement. This paper focuses on building a
foundation model for the univariate TSC problem, using a
two-stage paradigm: pretraining and fine-tuning. The model
is first pre-trained on a large-scale source dataset and then
fine-tuned on domain-specific target datasets. Compared
to training deep learning models from scratch, FMs pro-
vide better parameter initialization and enhanced general-
ization (Ma et al. 2024), making them particularly suitable
for transfer learning across multiple target domains.
Formally, let the pretraining source dataset be denoted

as D, = {(x y@)}N  where each time series sam-
ple x( = [:chz),xél)7...,x¥)] € RT has length T, and

y® denotes its class label. A foundation model f(-) is first
pre-trained on D,, and its parameters are then frozen and
used to initialize downstream training. During fine-tuning,
the model f(-) is further trained on the target dataset D,
{(XEJ ), y,gj )) L., where xgj ) € R and y,gj ) represent the
input data and label in the target dataset. The goal is to use
pre-trained knowledge learned from D, to improve classifi-
cation performance on the target dataset D;.

The Pretraining Source Dataset. A large-scale time se-
ries source dataset is essential for effective foundation model
pretraining. However, most existing TSC datasets are small
and domain-specific, limiting their utility for this purpose.
To address this limitation, we construct a comprehensive
pretraining dataset following (Lin et al. 2024), integrating
three primary sources: (1) the UCR time series archive (Dau
et al. 2019), (2) the UEA time series archive (Bagnall et al.
2018), and (3) eight additional datasets commonly used in
prior studies (Eldele et al. 2021; Zhang et al. 2022).

To ensure consistency in input channels across domains,
multivariate sequences are decomposed into distinct univari-
ate series using a channel-independent transformation. To
address inconsistencies in sequence length, all inputs are
resized to a fixed length of 512 using PyTorch’s interpola-
tion function (Feofanov et al. 2025). To prevent test data
leakage, only the training sets of each sub-dataset from the
above three data sources are employed. The resulting source
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Figure 2: The overall architecture of the UniShape framework. UniShape comprises two core modules: @ a shape-aware adapter

Q

that takes variable-length subsequences [S(%)] g1

as input and applies attention pooling to fuse discriminative patterns into class

tokens; and @ a prototype-based pretraining module that jointly uses instance-prototype and shape-prototype contrastive learn-
ing to optimize prototype representations {p.}<_; based on instance-level class tokens and subsequence-level shape tokens.

dataset contains approximately 1.89 million univariate time
series samples, providing a large-scale and diverse corpus
suitable for time series foundation model pretraining.

Method
Architecture Overview

As shown in Figure 2, the overall architecture of UniShape
comprises two key components: (i) a shape-aware adapter
and (ii) a prototype-based pretraining module.

The shape-aware adapter begins by segmenting each input
time series into multi-scale subsequences (or shapes) using
sliding windows of varying lengths. Each group of fixed-
length subsequences is processed by a shared-parameter
adapter that aggregates shape tokens into a class token via
attention pooling. These class tokens are then hierarchically
fused in a top-down manner to capture discriminative repre-
sentations of shapes across scales.

In the prototype-based pretraining module, the class and
shape tokens generated by the adapter are fed into a trans-
former encoder. Class prototype learning is performed at two
levels: instance-level, utilizing class tokens to capture global
class-discriminative features across samples; and shape-
level, selecting high-confidence shape tokens via class at-
tention scores to model local discriminative patterns within
individual samples. After pretraining, UniShape fine-tunes
on target datasets by passing the final class token into a clas-
sification head, yielding the classification output.

Shape-Aware Adapter

Deep learning models typically require fixed-length inputs,
posing challenges for handling variable-length time series
with different sampling scales. A naive solution, which in-
volves training separate models for each input length, is in-
efficient and hinders transferability in FM design. Inspired
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by the success of adapters in NLP for their parameter effi-
ciency and scalability (Houlsby et al. 2019), we propose a
shape-aware adapter to enable unified and efficient model-
ing of multi-scale subsequences within time series FMs.

Given a univariate time series x = [z1,22,...,27] €
R”, we define () temporal scales using sliding window con-
figurations (W, K,) for ¢ € [1,Q)], where W, and K, de-
note the window length and stride, respectively. Each scale
q produces a subsequence set:

S — {s§q> = (i, Tirw, 1] € RWq} .
where i = 1,1 + Kg,...,T — K,. This yields N, =
{T}zv"J + 1 subsequences at scale g.

Each subsequence s( 9 is transformed into a d-

(q)

dimensional shape token z,"’ via a lightweight normaliza-

tion unit (Feofanov et al. 2025). To obtain z(q), we first
compute the mean p and standard deviation o of x, as well
as its first-order differential Ax = [xo — x1,...,
xr-1,0]. Each subsequence and its differential form are
normalized: égq) = SEQ%“, Asl(-q) %{;A“. Then,
two 1D CNNs encode these normalized inputs: hgq) =

CNN,; (37, g9 = CNNQ(ESZ(-(I)). In parallel, local

mean u(q) and standard deviation a(q)

(fI)

xrr —

of each subsequence
are embedded using a numerically multi-scaled embed-

dlng module (Lin et al. 2024), yielding: e(pEQ) ),e(o §Q))
R?. Finally, all embeddings are concatenated and linearly

projected into a shape token:

z\? = Linear ({hgq),gfq) e(p Eq)),e(0§q))]> cR% (2

To extract class-discriminative representations from shape
tokens, the adapter combines multi-resolution convolutional



encoding with attention-based aggregation in a lightweight
design. Its core consists of three parallel 1D CNNs with
varying kernel sizes (Ismail Fawaz et al. 2020), capturing
discriminative temporal patterns across multiple resolutions.
To aggregate these features into a class token, we employ an
attention pooling mechanism with a linear complexity (Ilse,
Tomczak, and Welling 2018). For each scale ¢, an attention
head ¥arTn assigns weights oz(Q) € [0, 1] to shape tokens
Z(»Q) € R? via two linear layers with tanh and sigmoid acti-
vations. The aggregated class token c¢(?) is computed as:

@ — ZQ(Q) ((I
(a)

where o, reflects the discriminative importance of each
shape, enhancing the interpretability of classification results.

To integrate information from multi-scale shape tokens,
we adopt a coarse-to-fine (from larger to smaller W) hier-
archical fusion strategy. At each scale ¢ > 1, the previous
class token c(9=1) is prepended to the shape tokens:

agq) q) ),

3

wATTN (

(0 _ [Cm—l)] . [Zz@}N‘? 7

i=1

“

which enables the hierarchical fusion of class tokens and ag-
gregates discriminative patterns across shape scales.
After fusing the () input scales, we obtain a final class

token c(?) and corresponding shape tokens [z (Q)] . Each

fixed-scale subsequence set S(?) is independently normal—

ized to produce shape tokens [z EQ)]I 1- The shape-aware

adapter then applies attention pooling to map each token
set to a d-dimensional class token c(), This adapter, shared
across all scales ¢ € [1, @], serves as a unified module that
adaptively highlights discriminative temporal features. The
design supports efficient multi-scale integration and facili-
tates transferability of shapelet patterns during pretraining.

Prototype-based Pretraining

Prototype learning captures class-level features by learn-
ing embeddings for each class, enabling strong generaliza-
tion and domain adaptation with limited labeled data (Snell,
Swersky, and Zemel 2017). Class labels play a vital role in
guiding the learning of shapelet representations. This su-
pervision helps the adapter to select the optimal temporal
scales, enhancing hierarchical class token fusion. Notably,
attention scores computed during shape token aggregation
(Eq. (3)) can be ambiguous without class-level signals, mak-
ing it difficult to assess the discriminative relevance of each
shape token. To address this, we introduce a prototype-based
pretraining module that aligns class and shape tokens with
their respective class prototypes, thereby reducing reliance
on large amounts of source labeled data. This is achieved
through instance-level and shape-level contrastive objectives
that encourage learning transferable shapelet patterns.

Instance-Prototype Contrastive Learning. To improve
token representations, UniShape adopts a Transformer en-
coder as its backbone, given its demonstrated effectiveness
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in FM architectures (Liang et al. 2024). The class token

¢(@) and associated shape tokens [z (Q)] ,—1> produced by the
shape-aware adapter, are fed into the transformer encoder to

obtain refined outputs ¢(?)’ and [z;(@]Y9

Contrastive learning has proven effective in pretraining
by encouraging the model to learn discriminative features
through the comparison of positive and negative pairs (Chen
et al. 2020). Motivated by this, we introduce an instance-
level contrastive learning strategy to align class tokens with
their corresponding class prototypes. This approach is com-
posed of two key components: (i) the initialization and opti-
mization of a set of learnable class prototype vectors, and (ii)
the formulation of a contrastive loss using the class tokens.

Specifically, we define a learnable prototype set as:

P:{pla”'va"'vpC}a pCERd7 (5)
where C is the number of classes of the training dataset and
p. denotes the prototype embedding for class c. These pro-
totypes are dynamically updated during training. For each
labeled instance, the class token ¢(@) is used to update its
corresponding prototype via exponential moving average:

Py < 5py + (1 - ﬁ)C(Q)ly (6)
where y is the ground-truth class label and 5 € (0, 1) is the
momentum coefficient.

For unlabeled samples, the class token c(?)’ is assigned a
pseudo-label by identifying the nearest class prototype p+
according to cosine similarity. The instance-prototype con-
trastive loss is defined as:

exp(sim(c'?, p4)/7)
5 exp(sim(c(@),py) /)’
where sim(+, -) denotes cosine similarity and 7 is a tempera-
ture scaling factor. Using class tokens for prototype learning

allows the model to capture global class-discriminative fea-
tures across samples.

Eins - - 1Og (7)

Shape-Prototype Contrastive Learning. Due to poten-
tial intra-class distributional variance and the limited abil-
ity of class tokens to capture local discriminative features
within the time series, relying solely on instance-level class
tokens for prototype learning may hinder the acquisition of
optimal shapelet representations. Therefore, we introduce
shape-level contrastive learning based on the shape tokens

[z §Q>’}NQ The attention head from the adapter (Eq. (3)) are
reused to select high-confidence shape tokens. Let Z,p, C
[z EQ)/]NQ denote the top-¢ tokens with the highest scores.
The shape-prototype contrastive loss is defined as:
exp(sim(z:?).p.)/7)

_, exp(sim(z; (@) ,p;) /7))’ (8)
where the prototype p for each shape token is determined
either by the ground-truth label or the pseudo-label of the
corresponding class token c(@)’

Hence, the prototype-based pretraining loss combines

both levels of contrastive learning:

_ 1
['sha\pe = 2ol Zzi(Qwez —log >

£proto = (1 )\)L‘ins + )\‘Cshapm (9)
where A € (0, 1) is a hyperparameter that balances the con-
tributions of the instance-level and shape-level losses.



The Overall Training Loss Function

Pretraining Loss. To improve training stability and in-
crease sample diversity, we adopt the momentum contrastive
learning framework of MoCo v3 (Chen, Xie, and He 2021)
for pretraining. For each input time series x, two augmented
views x; and x, are generated via random cropping (Lin
et al. 2024) and independently encoded to produce class and
shape tokens. To support pretraining under weak supervi-
sion, we employ the MoCo v3 self-supervised contrastive
loss, which enforces consistency between different views of
the same instance. This objective promotes representation
learning from large-scale unlabeled data and is defined as:

exp (sim(q, k™) /7)
S exp (sim(a, )/ 7)

Eself = — log (10)

where q is the query embedding, k™ is the positive key from
the momentum encoder.
Hence, the overall pretraining objective is formulated as:

Epretrain = Eproto + Lyeir (11)

Fine-tuning Loss. The UniShape model is fine-tuned on
the target dataset using the pre-trained adapter, encoder and
a randomly initialized classification head. Supervised train-
ing is conducted using the cross-entropy loss:

c
Lee ==Y yilog(ii), (12)
=1

where §; denotes the predicted probability for class ¢ of sam-
ple x;, and y; is the one-hot encoded ground-truth label.

To enhance interpretability, we incorporate the Lghape as
an auxiliary objective. This loss aligns shape tokens with
their corresponding class labels, encouraging the model to
focus on discriminative shapelet patterns. Therefore, the
overall fine-tuning loss is defined as:

Leinetune = Lee + P'Eshapev (13)

where p controls the training weight of Lgape.

Experiments

Datasets. UniShape is pre-trained on a source dataset
of 1.89 million samples using five subsequence scales
(Q = 5), with window lengths and strides W, = K, €
{64, 32,16, 8,4}. The reason for these window length set-
tings is detailed in Appendix A. For downstream TSC tasks,
UniShape is evaluated on 158 univariate datasets, includ-
ing 128 UCR time series datasets widely used for classifi-
cation tasks (Dau et al. 2019). To evaluate zero-shot gener-
alization, we further assess performance on 30 datasets from
diverse domains (Middlehurst, Schifer, and Bagnall 2024),
which are not included in the pretraining source dataset. All
datasets use their official train/test splits for evaluation.

Baselines. We compare UniShape against 16 meth-
ods, grouped as follows: (i) Non-deep learning
(NDL): Rocket (Dempster, Petitjean, and Webb 2020),
MiniRocket (Dempster, Schmidt, and Webb 2021),

| Method | #Params | Avg. Acc Avg.Rank  P-value
Rocket - 0.8487 4.87 7.80E-06
51 MiniRocket - 0.8545 4.84 3.25E-03
Z | RDST - 0.8571 4.80 8.58E-03
MR-H - 0.8621 3.97 2.96E-02
InceptionTime | 386.9 K 0.8315 6.10 2.55E-11
TS2Vec 637.2 K 0.8016 8.32 3.12E-11
8 PatchTST 431.2K 0.6500 12.69 2.12E-26
TimesNet 74 M 0.6897 11.83 3.08E-24
SoftShape 4725 K 0.8388 5.89 3.68E-32
GPT4TS* 84.1 M 0.7100 11.69 7.62E-23
MOMENT* 341.2M 0.7020 12.10 7.04E-25
ﬁ UniTS 1.1M 0.7357 11.43 3.20E-23
T | NuTime 24M 0.8353 6.68 2.08E-10
Mantis 8.7M 0.8441 5.21 1.69E-06

| UniShape | 3.1M | 08708 271 -

Table 1: The statistical test results comparison on 128 UCR
datasets under the fully supervised setting. # Params de-
notes the number of parameters in baselines. * indicates that
GPTATS and MOMENT utilize only 2.9 million (M) and 3.1
thousand (K) parameters for fine-tuning, respectively. Best
results are in bold.

RDST (Guillaume, Vrain, and Elloumi 2022), MultiRocket-
Hydra (MR-H) (Dempster, Schmidt, and Webb 2023);
(i) Domain-specific deep learning (DS): Inception-
Time (Ismail Fawaz et al. 2020), TS2Vec (Yue et al. 2022),
PatchTST (Nie et al. 2023), TimesNet (Wu et al. 2023),
SoftShape (Liu et al. 2025); (iii) Foundation models
(FMs): GPT4TS (Zhou et al. 2023), MOMENT (Goswami
et al. 2024), UniTS (Gao et al. 2024), NuTime (Lin et al.
2024), Mantis (Feofanov et al. 2025). We also include
two forecasting-based FMs for zero-shot classification:
Chronos (Ansari et al. 2024) and Moirai (Woo et al. 2024).
All baselines use author-recommended hyperparameters in
a unified Python environment for fair comparison.

Implementation Settings. UniShape training comprises
two stages: pretraining and fine-tuning. Pretraining is con-
ducted for up to 30 epochs with a batch size of 2048. By
default, prototype-based pretraining uses 10% labeled data,
a momentum coefficient 8 = 0.9, shape token selection ratio
€ = 60%, and a weighting factor A = 0.01. Fine-tuning runs
for up to 300 epochs with an auxiliary loss weight ¢ = 0.01.
For deep learning-based methods, we follow the settings
in (Early et al. 2024) and report test classification accuracy
using the model checkpoint with the lowest training loss. For
all baselines and UniShape, results are averaged over five
independent runs with different random seeds. All experi-
ments are conducted using Python 3.9.21, PyTorch 1.12.1,
and four NVIDIA RTX A6000 GPUs.

Further details on the datasets, baselines, and implemen-
tation settings are provided in Appendix A and available
at https://github.com/qianlima-lab/UniShape.

Overall Evaluation Results

Table 1 presents the test classification performance of Un-
iShape compared to baselines on 128 UCR datasets un-
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Figure 3: Results comparison on 18 UCR datasets with dif-
ferent numbers of pretraining samples. Win denotes the num-
ber of datasets where the method performs best.

Labeling Ratio | 0% 1% 10% 50% 100%
Avg. Acc 0.8395 0.8410 0.8529 0.8574  0.8588
P-value 1.87E-02 3.28E-02 2.00E-01 4.10E-01 -

Table 2: The statistical test classification results comparison
on 18 UCR datasets with different training sample labeling
ratios for pretraining. The best result is in bold.

der a fully supervised setting. Detailed per-dataset results
are provided in Appendix B. Each method is evaluated us-
ing three metrics: Avg. Acc (average accuracy across 128
datasets), Avg. Rank (test accuracy-based rank), and P-
value (Wilcoxon signed-rank test (DemsSar 2006) assessing
whether UniShape significantly outperforms each baseline;
significance at p < 0.05). Parameter counts exclude NDL-
based methods due to their non-trainable architectures.

UniShape achieves the highest Avg. Acc and the low-
est Avg. Rank, indicating strong generalization across di-
verse target datasets. GPTATS uses a pre-trained language
model for fine-tuning, while MOMENT and UniTS lack
design considerations for TSC tasks, resulting in substan-
tially lower accuracy than most NDL and DS-based meth-
ods. This suggests that task-agnostic FMs not specifically
designed for TSC may struggle to adapt effectively to the
classification task. In contrast, UniShape significantly out-
performs other FMs such as NuTime and Mantis, despite
having only 3.1 million parameters. These findings collec-
tively demonstrate that UniShape provides a more effective
and parameter-efficient foundation for TSC.

Pretraining Analysis

We analyze the impact of pretraining on two dimensions:
the size of the pretraining dataset and the labeling ratio
of its samples. Following (Liu et al. 2025), and consider-
ing the computational cost of using all 128 UCR datasets
as target domains, we select 18 UCR datasets that vary
in domain, class count, and sample size for analysis. Fig-
ure 3 illustrates UniShape’s performance across four pre-
training scales: UCR (~60K), UEA (~1.39M), UCR+UEA
(~1.45M), and ALL (1.89M samples). Classification accu-
racy consistently improves with larger pretraining datasets,
indicating that data scale enhances target-domain perfor-
mance, while pretraining solely on the smaller UCR archive
still yields competitive fine-tuning results.

Pretraining on the full 1.89 million samples is time-
consuming per run, making it computationally intensive
across all labeling ratios. For data scale analysis results in
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Figure 4: Visualization of attention scores learned by the
shape-aware adapter across different shape lengths. Darker
red denotes higher attention, highlighting discriminative re-
gions for the target class, while darker blue indicates lower
attention and reduced relevance to target features.

Figure 3, we employ only the training samples from the
UCR archive for pretraining to reduce computational cost.
In Table 2, the 0% labeling ratio initializes prototypes ran-
domly and updates them via pseudo-labels during pretrain-
ing. The 100% labeled setting achieves the highest accu-
racy, demonstrating the effectiveness of incorporating su-
pervised class information for fine-tuning. However, perfor-
mance gains beyond 10% labeling are marginal and statisti-
cally insignificant (P-value > 0.05). Hence, we adopt 10%
labeling as the default setting for pretraining to balance per-
formance and annotation cost. Detailed results of Figure 3
and Table 2, please refer to Appendix C.

Interpretability Analysis

To evaluate the interpretability of UniShape, we examine
the attention scores produced by the shape-aware adapter,
specifically the attention head ¥arrn, across multiple shape
lengths. As shown in Figure 4, we conduct this analy-
sis on two representative UCR datasets: ECGFiveDays and
GunPoint, drawn from the healthcare and motion domains,
respectively. In ECGFiveDays, Rakthanmanon and Keogh
(2013) identified the delayed T-wave in the [75, 95] interval
as the key discriminative segment. UniShape consistently al-
locates high attention to this region, as well as to some re-
gions with minimal temporal differences. For GunPoint (Ye
and Keogh 2011), which differentiates Gun and NoGun ges-
tures, critical segments lie in [30, 60] and [90, 110] due to
motion overshoot. UniShape effectively assigns high atten-
tion to these intervals, selecting them as shapelets to en-
hance classification interpretability. These results highlight
UniShape’s advantages over existing time series FMs, which
often neglect the interpretability of classification results.

Results on Zero-Shot Feature Extraction

Zero-shot learning evaluates a model’s ability to generalize
to unseen data distributions without fine-tuning on the target
domain (Pourpanah et al. 2022), providing a critical measure
of the generalization ability of FMs. Table 3 presents the
zero-shot feature extraction performance of UniShape and
seven time series FMs on 30 additional time series datasets
from diverse domains. For detailed results of Table 3, please



Method ‘ Avg. Acc  Avg.Rank  P-value
RandomForest 0.6930 3.77 2.57E-02
GPT4TS 0.5600 6.37 1.79E-06
MOMENT 0.6972 4.17 3.98E-02
Chronos 0.6793 4.10 4.91E-03
Moirai 0.5691 6.37 5.69E-06
UniTS 0.3431 8.90 6.24E-10
NuTime 0.6917 353 3.36E-03
Mantis 0.7052 3.67 3.15E-02
UniShape | 0.7262 3.07 -

Table 3: The statistical test results comparison on 30 addi-
tional datasets with a zero-shot feature extraction. Best re-
sults are in bold.

refer to Appendix D. Following the setup in (Feofanov et al.
2025), each dataset is processed using a frozen FM to ex-
tract representations for both training and test sets. A Ran-
dom Forest classifier (Breiman 2001) is then trained on these
representations to assess classification performance. A base-
line using Random Forest trained directly on raw time series
is also included for comparison.

As shown in Table 3, UniShape outperforms all base-
lines. Mantis and NuTime also perform competitively, with
better Avg. Rank than the RandomForest baseline. In con-
trast, GPT4TS, Moirai, and UniTS perform poorly for TSC
in the zero-shot setting, suggesting a limited ability to cap-
ture classification-specific temporal patterns. These results
demonstrate that UniShape exhibits strong generalization
and transferability in zero-shot scenarios, underscoring its
potential as a universal time series FM to extract meaningful
class-discriminative shapelet features without fine-tuning.

Ablation Study

This section conducts a comprehensive ablation study ex-
amining the training paradigm and model architectures. Fol-
lowing the setup in Table 2, we only use the UCR archive for
pretraining and the same 18 UCR datasets as target domains
to reduce computational cost. Two training paradigms are
evaluated: (a) w/o Pretraining: models trained from scratch
on target datasets. (b) Pretraining and Fine-tuning: mod-
els are first pre-trained and then fine-tuned for classifica-
tion. The model architecture ablation includes three com-
ponents: (a) Adapter Module: i) w/o Adapter: removes
the shape-aware adapter, using a fixed-length subsequence
set as input. ii) re Trans: replaces the CNN layer in the
adapter with a Transformer. iii) re MLP: replaces the CNN
layer with an MLP. (b) Prototype-based pretraining: i) w/o
Ins: removes the instance-prototype contrastive loss. ii) w/o
Shape: removes the shape-prototype contrastive loss. iii) w/o
Proto: removes both instance and shape prototype losses. (c)
Transformer Encoder: i) re CNN: replaces the Transformer
encoder with an Inception-based CNN. ii) re MLP: replaces
the Transformer encoder with an MLP.

Table 4 reports the statistical results across all ablation
settings. Detailed results for Table 4 are provided in Ap-
pendix E. Excluding the pretraining phase leads to a substan-
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Method ‘ Avg. Acc Avg. Rank P-value
UniShape \ 0.8529 3.00 -
w/o Pretraining

using Trans |0.8365 (-1.64%) 6.33 2.96E-02

Encoder |re CNN 0.8264 (-2.65%) 6.61 2.33E-02
re MLP 0.6832 (-17.0%) 8.11 3.35E-03

Pretraining and Fine-tuning

w/o Adapter | 0.8428 (-1.01%) 5.50 1.65E-02

Adapter |re Trans 0.8446 (-0.83%) 5.72 1.68E-02
re MLP 0.8431 (-0.98%) 6.78 2.70E-02

w/o Ins 0.8444 (-0.85%) 5.56 5.92E-03

Prototype | w/o Shape |0.8470 (-0.59%) 4.39 2.11E-02
w/o Proto | 0.8411 (-1.18%) 5.89 8.15E-03

Encoder | ™€ CNN 0.8512 (-0.16%) 3.94 3.40E-01
re MLP 0.5651 (-28.8%) 9.61 4.11E-04

Table 4: Ablation results on 18 UCR time series datasets.
Among them, w/o means without, and re means replace.

tial performance decline, underscoring the importance of
pretraining. Substituting the CNN layer in the adapter with
a Transformer or MLP further reduces performance, indi-
cating that CNNs are more effective for multi-scale shapelet
learning. In the prototype-based pretraining module, w/o Ins
yields lower performance than w/o Shape, suggesting that
instance-prototype pretraining is more crucial for shapelet
representation learning. Removing both components (w/o
Proto) further degrades performance, confirming their com-
plementary roles. Previous work (Eldele et al. 2024) has
shown that CNNs outperform Transformers in a domain-
specific training setting for TSC tasks. However, under the
FM setting with pretraining and fine-tuning, the Transformer
encoder achieves a better Avg. Rank than the CNN-based en-
coder. In contrast, replacing the Transformer with an MLP
as the encoder leads to poor classification performance, even
worse than training from scratch. This indicates that MLPs
struggle to learn generalizable shapelet representations for
TSC through pretraining, compared to Transformers and
CNNs. Further analysis of hyperparameters ¢, A, 4, and run-
time is presented in Appendix F.

Conclusion

We present a unified shape-aware foundation model named
UniShape for time series classification. UniShape inte-
grates a shape-aware adapter and a prototype-based pre-
training module, enabling effective learning of multi-scale
shapelet representations. By pretraining on a large-scale
source dataset, UniShape captures transferable shapelet pat-
terns applicable to diverse target domains. Experiments
show that UniShape outperforms baselines in both fully su-
pervised and zero-shot learning settings. Yet, this work fo-
cuses solely on univariate TSC. In the future, we aim to ex-
tend UniShape toward modeling multivariate dependencies
for more generalizable foundation models.
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