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Abstract

Shapelets are discriminative subsequences (or
shapes) with high interpretability in time series
classification. Due to the time-intensive nature
of shapelet discovery, existing shapelet-based
methods mainly focus on selecting discrimina-
tive shapes while discarding others to achieve
candidate subsequence sparsification. However,
this approach may exclude beneficial shapes and
overlook the varying contributions of shapelets to
classification performance. To this end, we pro-
pose a Soft sparse Shapes (SoftShape) model for
efficient time series classification. Our approach
mainly introduces soft shape sparsification and
soft shape learning blocks. The former transforms
shapes into soft representations based on classifi-
cation contribution scores, merging lower-scored
ones into a single shape to retain and differentiate
all subsequence information. The latter facilitates
intra- and inter-shape temporal pattern learning,
improving model efficiency by using sparsified
soft shapes as inputs. Specifically, we employ
a learnable router to activate a subset of class-
specific expert networks for intra-shape pattern
learning. Meanwhile, a shared expert network
learns inter-shape patterns by converting sparsi-
fied shapes into sequences. Extensive experiments
show that SoftShape outperforms state-of-the-art
methods and produces interpretable results. Our
source code is available at https://github.
com/gianlima-lab/SoftShape.

1. Introduction

Time series classification (TSC) is a critical task with vari-
ous real-world applications, such as human activity recog-
nition (Lara & Labrador, 2012) and medical diagnostics
(Wang et al., 2024). Unlike traditional data types, time series

! School of Computer Science and Engineering, South China
University of Technology, Guangzhou, China Institute for In-
focomm Research, Agency for Science, Technology and Re-
search, Singapore. Correspondence to: Qianli Ma <gian-
lima@scut.edu.cn>, Min Wu <wumin@i2r.a-star.edu.sg>.

< || A An

40 20 40
Length Length
(b) Hard Shapelets (Red subsequences)

A M| l;. 4

20 40 0 20 40
Length Length
(c) Walking on Cement (d) Soft Discriminatory regions (Red)

s
?:' ) 20
M

ro (a) Walking on Carpet

Figure 1: (a) Yellow and (c) Blue lines represent two time se-
ries class samples from the SonyAIBORobotSurfacel UCR
dataset. (b) Red subsequences denote shapelets for the
“Walking on Carpet” class. (d) Red regions show discrimi-
native parts of the “Walking on Carpet” class, with darker
red indicating greater discriminative power.

data consists of ordered numerical observations with tempo-
ral dependencies, which is often difficult for human intuition
to understand. Recent studies (Mohammadi Foumani et al.,
2024; Middlehurst et al., 2024; Jin et al., 2024; Ma et al.,
2024) indicate that deep neural networks showed remark-
able success in TSC, even without specialized knowledge.
However, their black-box nature is a barrier to adopting
effective models in critical applications such as healthcare,
where insights about model decisions are important. There-
fore, enhancing the interpretability of these models for TSC
is a crucial ongoing issue.

Shapelets, which are discriminative subsequences that char-
acterize target classes, offer a promising approach towards
interpretable TSC models (Ye & Keogh, 2009). For in-
stance, Figures 1(a) and 1(c) show time series classes of a
robotic dog walking on carpet and cement (Vail & Veloso,
2004). The red subsequences shown in Figure 1(b) illus-
trate shapelets, as selected by Hou et al. (2016). However,
identifying these shapelets is usually computationally inten-
sive (Rakthanmanon & Keogh, 2013), as it requires evaluat-
ing subsequences across varying positions and lengths.

Existing methods (Grabocka et al., 2014; Li et al., 2020)
address this issue via a shapelet transformation strategy for
candidate subsequence sparsification. Specifically, they con-
vert each subsequence into a feature that quantifies the dis-
tance between a time series sample and the subsequence (Ma
et al., 2020). Subsequently, this strategy was followed by
many methods (Li et al., 2021; Le et al., 2024) to learn
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shapelet representations, thereby enhancing the model’s in-
terpretability. While efficient, this approach discards many
subsequences from the entire time series in a hard manner,
those that could be beneficial for the classification tasks.
In addition, this approach fails to account for the varying
importance of shapelets to classification. As shown in Fig-
ure 1(b), this leads to poor capture of class patterns in the
third and fourth subsequences due to minimal class differ-
ences, while omitting many informative regions.

Recent advances in time series patch tokenization (Nie et al.,
2023; Bian et al., 2024), i.e., converting time series into
subsequence-based tokens, and in the mixture of experts
(MoE) architectures (Riquelme et al., 2021; Fedus et al.,
2022) inspired a new direction. In computer vision, MoE
routers dynamically assign input patches to specialized ex-
perts, which can improve both efficiency and class-specific
feature learning (Chen et al., 2022; Chowdhury et al., 2023).
By analogy, time series shapelets, which can exhibit intra-
class similarity and inter-class distribution, can act as patch
tokens, with MoE enabling adaptive focus on the most
discriminative subsequences. Yet, existing shapelet-based
methods overlooked such an approach.

In this paper, we propose the Soft sparse Shapes
(SoftShape) model for TSC, which replaces hard shapelet
sparsification with soft shapelets. Specifically, we introduce
a soft shape sparsification mechanism to reduce the num-
ber of learning shapes, thereby enhancing the efficiency of
model training. To clarify our motivation, Figure 1(d) shows
the classification results of InceptionTime (Ismail Fawaz
et al., 2020) using multiple-instance learning (Early et al.,
2024). Unlike the hard way depicted in Figure 1(b), our
soft shapelet sparsification assigns weights to shapes based
on their classification contribution scores, effectively pre-
serving and differentiating all subsequence information
from the time series. Furthermore, we enhance the dis-
criminability of the learned soft shapes by combining: (1)
Intra-shape patterns via MoE, where experts specialize in
class-specific shapelet types; and (2) Inter-shape dependen-
cies via a shared expert that models temporal relationships
among sparsified shapes.

In summary, the major contributions are as follows:

* We propose SoftShape, a soft shapelet sparsification
approach for TSC. This weighted aggregation of subse-
quences is based on classification contribution scores,
avoiding information loss from hard filtering.

* We introduce a dual-pattern shapelet learning approach
based on an MoE-driven intra-shape specialization and
sequence-aware inter-shape modeling, improving the
discriminative power of learned shape embeddings.

* We conduct extensive experiments on 128 UCR time se-
ries datasets, demonstrating the superior performance

of our proposed method against state-of-the-art ap-
proaches while showcasing interpretable results.

2. Related Work

2.1. Deep Learning for Time-Series Classification

Recently, deep learning has received significant attention
from scholars in time series classification tasks due to its
powerful feature extraction capabilities (Ismail Fawaz et al.,
2020; Zhang et al., 2024). For example, Ismail Fawaz et al.
(2019) and Mohammadi Foumani et al. (2024) have system-
atically reviewed deep learning approaches for time series
classification, focusing on different types of deep neural
networks and deep learning paradigms, respectively. In ad-
dition, Middlehurst et al. (2024) and Ma et al. (2024) have
conducted extensive experiments to evaluate recent time
series classification methods. Their findings demonstrate
that deep learning models can be effectively applied to time
series classification tasks. Despite their strong performance,
these deep learning-based time series classification methods
often struggle to improve the interpretability of classifica-
tion results.

2.2. Time-Series Classification with Shapelets

Ye & Keogh (2009) first introduced shapelets, provid-
ing good interpretability for time series classification re-
sults. Early methods (Mueen et al., 2011; Rakthanmanon
& Keogh, 2013) selected the most discriminative subse-
quences as shapelets using an evaluation function, but the
sparsification process was computationally intensive due to
the numerous candidate subsequences. To tackle this prob-
lem, Hills et al. (2014) introduced the shapelet transform,
converting all candidate subsequences into distance-based
features for shapelet discovery. Recent studies (Qu et al.,
2024; Le et al., 2024; Wen et al., 2025) have applied the
shapelet transform strategy in deep learning models for time
series classification, thereby improving model interoper-
ability. However, these methods often handle candidate
subsequences in a hard way, which easily leads to the loss
of helpful temporal patterns from the time series sample.

More recently, Nie et al. (2023); Wu et al. (2025) showed
that using patches of time series as input data enhances
forecasting performance and reduces training time. Build-
ing on this, Luo & Wang (2024), Wang et al. (2024), and
Wen et al. (2024) validated the effectiveness of patch tech-
niques for time series classification. Eldele et al. (2024)
further demonstrated that using time series patches as CNN
inputs outperformed Transformer-based methods. However,
these methods typically use all patches as inputs, leading to
computational inefficiency in TSC for long sequences.
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2.3. Mixture-of-Experts in Time Series

Mixture of experts (MoE) typically consist of multiple sub-
networks (experts) and a learnable router (Shazeer et al.,
2017; Zhou et al., 2022). MoE has been utilized in time
series forecasting for decades (Zeevi et al., 1996; Ni et al.,
2024) and recently applied to improve the efficiency of time
series forecasting foundation models (Liu et al., 2024; Shi
et al., 2025). In addition, Huang et al. (2025) extended
MoE to graph-based models for time series anomaly detec-
tion. Wen et al. (2025) introduced a gated router within
MOoE to integrate DNNs for learning time series representa-
tions, combining them with shapelet transform features to
address the performance limitations of using shapelet trans-
form alone in TSC. Unlike the above methods, we utilize
the MoE router to activate class-specific experts for learn-
ing intra-shape local temporal patterns. Furthermore, we
employ a shared expert to capture global temporal patterns
across sparsified shapes from the same time series, thereby
enhancing the discriminative power of shape embeddings.

3. Preliminaries
3.1. Problem Definition

In this study, we focus on the use of deep learning models
for univariate time series classification. Let the time series
dataset be represented as D = {(X,,, V) }\_,, where N
denotes the total number of time series samples. Each uni-
variate time series &, = {x1,%2,...,27} is an ordered
sequence of T real-valued observations. The corresponding
label ),, € RC is a one-hot encoded vector, where each
value y. € {0, 1} indicates whether X, belongs to class c,
with C representing the total number of classes. Given a
deep learning model parameterized by 6, the objective of the
TSC task is to optimize the function fy : R” — R such
that it can accurately predict the label ), corresponding to
any input time series &,.

3.2. Time Series Shapelets

Given a time series X, a subsequence of length m, where
m < T, is denoted as S}, = {Zp, Tpt1, - s Tpyrm—1}-
Here, p denotes the starting index of S]{fp, where 0 < p <
T — m. All subsequences of length m from the time series
X, can be extracted using a sliding window of size m with
a fixed step size ¢ (commonly ¢ = 1), traversing from ¢ = 1
to T'. Thus, the set of all subsequences of length m from

X, can be defined as S;' = {S", | 0 <p <T —m}.

Due to the length of the subsequences varying within the
range 2 < m < T — 1, the candidate set A of all possible
subsequences for the time series dataset D is expressed as:

N T-1

A=UJ Usr =S 10<p<T—mp ()

n=1m=2

Shapelets are defined as a subset of discriminative subse-
quences within A that maximally represent the class of each
time series X, (Ye & Keogh, 2009). Given that every shape
in A could potentially serve as a shapelet, a brute-force
search to evaluate all subsequences of each X, using an eval-
uation function becomes computationally prohibitive as the
number of samples N and the sequence length 7" increase.
Thus, the design of appropriate sparsification techniques
for the set A is crucial for enhancing the computational
efficiency of shapelet-based TSC methods.

4. Methodology
4.1. Model Overview

The overall architecture of the SoftShape model is illus-
trated in Figure 2. SoftShape begins with a shape embed-
ding layer that transforms the input time series into shape
embeddings corresponding to multiple equal-length subse-
quences. These embeddings are normalized with a norm
layer and then processed using soft shape sparsification (see
Section 4.2). Specifically, an attention head assigns weight
scores to each shape embedding based on its classification
contribution. High-weight embeddings are scaled by their
scores to form soft shapes, while low-weight embeddings
are merged into a single shape for sparsification. The nor-
malized sparsified shape embeddings are then input into
the soft shape learning block to learn temporal patterns (see
Section 4.3). Within this block, a MoE router activates a few
class-specific experts to capture intra-shape temporal pat-
terns (see Section 4.3.1). Meanwhile, these sparsified soft
shapes are transformed into sequences, with a shared expert
learning inter-shape temporal patterns (see Section 4.3.2).
Finally, the sparsified soft shape embeddings, along with
the intra-shape and inter-shape embeddings learned by the
soft shape learning block, are combined in a residual way.
After stacking L layers, the output is passed to a linear layer
for classification training (see Section 4.4).

4.2. Soft Shape Sparsification

For each input time series X,,, we use a 1D convolutional
neural network (CNN) as the shape embedding layer to
obtain M = % + 1 (¢ < m) overlapping subsequence

embeddings, denoted S™ = {S‘,Tp | 0 <p < T—m}. Each

shape embedding S™ s computed using the following

n,p
convolution operation:

m—1
Sy = {ZWiS;’fp |p=07q,2q,...,T—m}, 2)
1=0

where W denotes the weights of the ¢-th filter within the
kernel of the CNN, and Sf{fp € R?, with d representing the
dimension of the shape embedding. Like patch-based meth-
ods (Nie et al., 2023; Eldele et al., 2024), we incorporate
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Figure 2: The general architecture of SoftShape model. SoftShape mainly involves: a) Soft Shape Sparsification converts
shapes into soft forms and fuses those with lower scores into a single shape. b) Soft Shape Learning Block employs a MoE
router to activate class-specific experts to learn intra-shape patterns and utilizes a shared expert to learn inter-shape patterns.

learnable positional embeddings into shape embeddings to
capture temporal dependencies within the time series.

To identify the most discriminative shape embeddings in
S’,T, we employ a parameter-shared attention head across
soft shape learning blocks at different depths. Unlike the
self-attention mechanism in Transformers, we employ a
gated attention mechanism (Ilse et al., 2018) that assumes
independence among shape embeddings. This design facili-
tates label-guided identification of key shapes while main-
taining linear computational complexity with respect to the
number of shapes (Early et al., 2024). The attention head
evaluates the contribution score of each S,T'p for classifica-
tion training, defined as follows:

a(8i,) = o (Watanh (W17, +b1) +b2), ()

where o( - ) is the sigmoid function outputting « € (0, 1),
tanh( - ) is the hyperbolic tangent function, W € Rduwnxd
and Wy € R!'Xdaw are the weights of a linear layer, and
b; € R%= and by € R are the bias terms.

The value of a(S}{?p) closer to 1 indicates a greater contri-
bution to enhancing classification performance. Hence, we

can perform soft shape sparsification using scores from the
attention head based on their ranking. For each attention

score of sz?p ranked within the top 7 proportion among the

total J = T_Tm + 1 shape embeddings in SA‘,"[L, we convert
them into soft shape embeddings as follows:

Sy =SS0 4)
For those with scores below the top 1 proportion, we fuse
them into a single shape embedding as follows:

om _ 5m \ ém
Sn, fused — E a(Sn,p)Sn,pv

peE

&)

where £ denotes the index of scores that are below the
top 7 proportion. Finally, the soft shape embeddings are
sorted according to their original order in S,T, with the
fused embedding Sm appended at the end to form the

n, fused

sparsified soft shape embeddings g‘,’{ﬁ

Through this sparsification process, we transform the time
series A&, into sparsified soft shape embeddings S;*. Com-
pared to directly using all shape embeddings in S’,T as input,
the number of shape embeddings in g;” is reduced, thereby
decreasing the cost of the model’s computation.
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4.3. Soft Shape Learning Block
4.3.1. INTRA-SHAPE LEARNING

Intuitively, shapelets from different classes show distinct
temporal patterns, whereas those from the same class are
more similar. Recently, Chen et al. (2022); Chowdhury
et al. (2023) theoretically indicated that the MoE router
can direct input embeddings with similar class patterns to
the same expert while filtering out class-irrelevant features.
This allows the router to selectively activate a subset of ex-
perts (sub-networks) for each shape embedding, enabling
class-specific feature learning while reducing computational
overhead compared to activating all experts simultaneously.
Therefore, we introduce a module that employs the MoE
router to activate class-specific experts for learning intra-
shape temporal patterns, thereby enhancing the discrimina-
tive capability of each soft shape embedding. The function
of the MoE router is defined as:

G(S™,) = TOPy,(softmax(W,;SI",)), (6)

v;, if v; is in the top k values of v, )

0, otherwise.

TOPx(v) = {

where W, € RY*? are the learning weights of the router
that convert the sparsified shape embedding S, into a vec-

tor of corresponding to the total number of experts C. The
TOP (v) is applied after the softmax function to prevent
the values of G (Sm ) being zero almost everywhere during
training (Riquelme et al., 2021), particularly when k = 1.

In the paper, each MoE expert employs a lightweight MLP
network to learn class-specific patterns using each soft shape
embedding as input. The e-th expert function is defined as:

he(0,8T) = Ge(ST,)GeLU(W. ST +b.),  (8)
L~ 0Ge(ST)

Ge(Syy) = =0 €))

ZiETOPk(v)

where W, and b, represent the weight and bias terms of

the MLP network, and GeLU( - ) denotes the gaussian error

linear unit activation function. The MoE experts’ parameters

are shared across soft shape learning blocks at different
depths, ensuring the efficiency of parameter optimization.

PEACH

However, the MoE router often tends to converge to a state
where it assigns higher weights to a few favored experts.
This imbalance can cause the favored experts to train faster
and dominate the expert selection process, resulting in un-
derutilization and potential underfitting of less frequently
chosen experts. To address this issue, following (Shazeer
et al., 2017), we employ two loss functions as follows:
2

doasr)| . ao

S‘nl 68771

n,p

Limp (S np) = WinpCV

where Wiy, is the learning weight parameters and CV(-)
denotes the coefficient of variation, thus ensuring all experts
contribute equally.

L10aa(SIT,) = WieaaCV (Load(ST",))?, (1)

where Wig,q is the learning weight parameters for load
balancing and Load(S;",) is the number of soft shape em-
beddings assigned to each expert, thereby reducing the risk
of underutilization. By jointly optimizing Linp and Ljg,qg in
the overall loss function, we can alleviate the likelihood of
underfitting in some experts. In addition, following Zoph
et al. (2022), we apply a residual connection between the
input shape embedding Sm and the output h, (6, S ') to
enhance training stability.

4.3.2. INTER-SHAPE LEARNING

While the MoE router activates a few experts to learn class-
specific temporal patterns within each soft shape, it treats the
multiple shapes extracted from each time series sample inde-
pendently, thereby overlooking the temporal dependencies
among shapes. In general, learning intra-shape temporal pat-
terns is beneficial for capturing local discriminative features,
but it can be difficult to learn the global temporal patterns
from the time series that are vital for classification. To this
end, we introduce a shared expert to learn the temporal
patterns among sparsified shapes within the time series.

The sparsified soft shape embeddings are first transformed
into a sequence where each shape is treated as an individual
unit. This transformation is defined as:

o =(SM7,
where Q™ € REXdxNum and B denotes the batch size,
Num = J x 1+ 1 is the number of sparsified soft shapes
of each time series, and d is the dimension of one soft shape
embedding. Recent studies (Middlehurst et al., 2024) have
shown that CNN-based models perform remarkably in TSC
tasks. In this work, we employ a CNN-based Inception
module (Ismail Fawaz et al., 2020) as the shared expert. The
shared expert comprises three 1D convolutional layers with
different kernel sizes, sliding along the third dimension of
Q7" from 0 to Num. This allows it to learn multi-resolution
temporal patterns across soft shapes effectively. For raw
input time series samples, the input dimension containing B
univariate time series can be represented as (B, 1, T), where
T is the length of each time series. Traditional CNN-based
methods (Ismail Fawaz et al., 2020) typically transform each
point in the time series into d-dimensional embeddings,
resulting in an input dimension of (B, d,T). Unlike the
above, we treat each shape as a sequence point and convert
it into d-dimensional embeddings for training.

where S™ e REXNumxd (1)

As shown in Equations (1) and (5), with a higher sparsity
rate (1 — n), the actual sequence length Num of Q™ fed
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into the shared expert is significantly smaller than 7', thus
reducing the model’s computational load. The shared expert
ensures efficient learning of temporal patterns across sparsi-
fied soft shapes, better capturing global features of the time
series for classification training.

4.4. The Training of SoftShape

The SoftShape model stacks L layers of the soft shape learn-
ing block for classification training. Each layer’s output is
processed using a GeLU(-) activation function. The final
layer outputs three types of embeddings: the sparsified soft
shape embeddings, the intra-shape embeddings, which are
combined through a residual way denoted as O]". To accu-
rately represent the learned attention scores for each shape
embedding associated with the target class, we employ con-
junctive pooling (Early et al., 2024) for training:

. 1 Num - N
I = Num ; a0 (07), (13)

where ¢ denotes a linear layer as the classifier. For all time
series samples, we use the cross-entropy loss for classifica-
tion training, defined as:

B C
Leo(X,Y) = ZZ {yi = log(¥))),  (14)

tu \

where )Z—j is the predicted class probability at the j-th class
for the sample X;. Therefore, the overall training objective
for SoftShape is given by:

£1otal = Ece + )\(‘Cimp + Eload); (15)

where A is a hyperparameter to adjust the training loss ratio.
Additionally, the pseudo-code for SoftShape can be found
in Algorithm 1 located in the Appendix.

5. Experiments

To evaluate the performance of various methods for TSC,
we conduct experiments using the UCR time series archive
(Dau et al., 2019), a widely recognized benchmark in TSC
(Ismail Fawaz et al., 2019). Many datasets in the UCR
archive contain a significantly higher number of test samples
compared to the training samples. Also, the original UCR
time series datasets lack a specific validation set, increasing
the risk of overfitting in deep learning methods. Following
(Dau et al., 2019; Ma et al., 2024), we merge the original
training and test sets of each UCR dataset. These merged
datasets are then divided into train-validation-test sets at a
ratio of 60%-20%-20%. This paper compares SoftShape
against 19 baseline methods, categorized as follows:

* Deep Learning Methods (DL):

— CNN-based (DL-CNN): FCN (Wang et al., 2017),
T-Loss (Franceschi et al., 2019), SelfTime (Fan
et al., 2020), TS-TCC (Eldele et al., 2021),
TS2Vec (Yue et al., 2022), TimesNet (Wu et al.,
2023), InceptionTime (Ismail Fawaz et al., 2020),
LightTS (Campos et al., 2023), ShapeConv (Qu
et al., 2024), ModernTCN (Luo & Wang, 2024),
and TSLANet (Eldele et al., 2024).

— Transformer-based (DL-Trans): TST (Zerveas
et al., 2021), PatchTST (Nie et al., 2023), Shape-
former (Le et al., 2024), and Medformer (Wang
et al., 2024).

— Foundation models (DL-FM): GPT4TS (Zhou
et al., 2023) and UniTS (Gao et al., 2024).

* Non-Deep Learning Methods (Non-DL): RDST (Guil-
laume et al., 2022) and MultiRocket-Hydra (MR-
H) (Dempster et al., 2023).

For information on datasets, baselines, and implementation
details, please refer to Appendix A.

5.1. Main Results

Table 1: Test classification accuracy comparisons on 128
UCR time series datasets. The best results are in bold, and
the second best results are underlined.

Methods ‘ Avg. Acc  Avg. Rank Win  P-value

FCN 0.8296 9.53 13 1.43E-12
T-Loss 0.8325 11.12 9 295E-14
SelfTime 0.8017 13.80 0  4.53E-25

z | TS-TCC 0.7807 13.96 0 1.60E-15
% TS2Vec 0.8691 8.43 9 1.69E-15
—1 | TimesNet 0.8367 10.13 7  4.22E-15
A InceptionTime | 0.9181 4.05 29  7.39E-06
ShapeConv 0.7688 13.91 5  3.58E-24
ModernTCN 0.7938 11.37 9 1.78E-18
TSLANet 0.9205 3.68 31  1.06E-03

2 TST 0.7755 13.54 1 2.00E-19

E & | PatchTST 0.8265 9.56 12 1.27E-15
& | Medformer 0.8541 9.26 7  7.15E-16
a5 | GPT4TS 0.8593 9.34 6  7.89E-16
S| uniTs 0.8502 9.66 5 1.41E-13
£ | RDST 0.8897 6.41 23 7.54E-10
Z2 | MR-H 0.8972 5.51 29 3.80E-07

SoftShape (Ours) ‘ 0.9334 2.72 53 -

The classification accuracies on the test sets of the 128
UCR datasets are presented in Table 1, with detailed re-
sults provided in Appendix B.1. The average ranking (Avg.
Rank) reflects the method’s relative position based on test
accuracy, where lower values signify higher accuracy. Win
indicates the number of datasets where the baseline achieves
the highest test accuracy. The P-value from the Wilcoxon
signed-rank test (Demsar, 2006) assesses the significance of
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differences in test accuracy between pairwise methods. A P-
value < 0.05 suggests SoftShape outperforms the baseline.

Due to the high computational cost of LightTS (Campos
et al., 2023) and Shapeformer (Le et al., 2024), their results
are reported only on 18 selected UCR time series datasets
in Table 10 of Appendix B.1. Detailed reasons for 18 UCR
dataset selection are in Appendix B.3. The experimental re-
sults in Table 1 highlight SoftShape’s superior classification
performance, demonstrating its effectiveness in TSC. Also,
the P-value results confirm the statistical significance of
SoftShape’s performance compared to baselines, highlight-
ing its capacity to capture the discriminative patterns of time
series data. The critical diagram (Figure 6) in the Appendix
further supports the statistical significance of SoftShape’s
performance improvement.

5.2. Ablation Study
Table 2: Test accuracy of ablation study on 128 UCR

datasets. The best results are in bold, and the second best
results are underlined.

Methods | Avg. Acc  Avg.Rank Win  P-value
w/o Soft Sparse 0.9123 3.04 29  4.69E-06
w/o Intra 0.9245 2.75 31  5.39E-04
w/o Inter 0.9022 3.74 19 1.81E-09
w/o Intra & Inter 0.8696 5.02 11 4.35E-16
with Linear Shape 0.9164 3.23 22 1.80E-09
SoftShape (Ours) ‘ 0.9334 2.04 60 -

The ablation studies include: 1) w/o Soft Sparse removes
the soft sparse process, using only the selected top 1 shape
embeddings for training; 2) w/o Intra eliminates the intra-
shape learning process via the class-specific experts; 3)
w/o Inter removes the inter-shape learning process via the
shared expert; 4) w/o Intra & Inter excludes both the intra-
shape learning and inter-shape learning processes; 5) with
Linear Shape employs a linear layer commonly used in
(Nie et al., 2023; Wang et al., 2024) to replace the 1D CNN
in Equation (2) as the shape embedding layer.

Table 2 presents the statistical ablation results, with detailed
results provided in Appendix B.2. w/o Soft Sparse reduces
accuracy and lowers the Avg. Rank, indicating the impor-
tance of this process in capturing the most helpful shape em-
beddings for classification. Similarly, w/o Intra highlights
the significant role of the intra-shape module in SoftShape.
Moreover, w/o Inter leads to a large drop in performance,
underscoring the critical contribution of inter-shape rela-
tionships in learning global patterns of time series. When
both the intra- and inter-shape learning processes are ex-
cluded (w/o Intra & Inter), performance further degrades,
demonstrating that these two processes are foundational to
SoftShape’s effectiveness. Finally, with Linear Shape con-

firms the superiority of the CNN architecture for learning
shape embeddings. These results confirm the importance of
each component in the SoftShape model.

5.3. Shape Sparsification and Learning Analysis

Table 3: Test accuracy of different sparse ratios on 18 UCR
datasets. The best results are in bold, and the second best
results are underlined.

Sparse Ratio ‘ Avg. Acc  Avg. Rank Win  P-value
0% 0.9461 2.44 4 -
10% 0.9469 2.39 7  297E-01
30% 0.9448 2.78 5 2.66E-01
50% 0.9453 2.61 6  3.46E-01
70% 0.9323 3.89 5  9.37E-03
90% 0.9261 4.50 2 4.02E-04

Evaluating all 128 UCR time series datasets takes consid-
erable time, so we selected 18 datasets from the UCR time
series archive for analysis and subsequent experiments. Ta-
ble 3 presents the test results when combining shape embed-
dings with weighted fusion at varying sparse ratio (1 — )
proportions during sparsification, with detailed results pro-
vided in Appendix B.3. When (1 — n) < 50%, test accu-
racy showed no significant decline compared to the non-
sparsified case (0%), with all p-values > 0.05. Conversely,
when (1 — n) > 50%, particularly at 90%, performance
declined significantly compared to 0%, indicating that ex-
cessive sparsification can remove some shape embeddings
beneficial for capturing inter-shape global temporal pat-
terns. Furthermore, the performance degradation under high
sparsity ratios suggests that hard shapelet-based methods
discard numerous informative subsequences, which may
result in the loss of critical patterns useful for classification.
As performance at 50% is statistically comparable to 0%,
we set 77 to 50% in the main experiments to optimize the
computational efficiency of the soft shape learning block.

Table 4 illustrates the effect of the number of activated
experts (k) selected by the MoE router during intra-shape
learning, with detailed results provided in Appendix B.3.
The results show that when & = 3 or k = 4, the average
rank is worse than when k£ = 1 or k = 2. This suggests that
activating a greater number of class-specific experts for each
soft shape increases computational cost while diminishing
the class discriminability of the intra-shape embeddings.

Also, we select one non-deep learning method (MR-H) and
three deep learning baselines for runtime analysis. MR-H
uses randomly initialized convolutional kernels for feature
extraction, with training times measured on a CPU. The
deep learning methods are evaluated on a GPU. Inception-
Time is an advanced deep learning method described in
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Table 4: Test accuracy comparison of the number of acti-
vated experts on 18 UCR datasets. The best result is in bold.

Activated Experts k=1 k=2 k=3 k=4
Avg. Rank 1.89 194 278 239
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Figure 3: Running time analysis on the ChlorineConcentra-
tion and HouseTwenty datasets.

(Middlehurst et al., 2024). TSLANet and Medformer are
recent patch-based models utilizing CNNs and Transform-
ers, respectively. To evaluate SoftShape’s sparsification
efficiency, we select two datasets: ChlorineConcentration
(4,307 samples, length 166) and HouseTwenty (159 samples,
length 2,000). In Figures 3(a) and 3(b), sequence lengths
are extended to 16,600 and 20,000 by sample concatenation
to simulate long-sequence scenarios. Given Medformer’s
high computational cost for long sequences, we report only
its runtime at 50 epochs (out of a maximum of 500), de-
noted as Medformer-50. As shown in Figures 3(a) and 3(b),
SoftShape outperforms all deep learning baselines and is
slightly slower than MR-H. Specifically, Medformer’s self-
attention leads to higher training time with long sequences,
while SoftShape’s linear-complexity gated attention ensures
greater efficiency. In short-sequence [Figure 3(c)] and small-
sample [Figure 3(d)] scenarios, SoftShape exhibits slightly
higher runtime than TSLANet and substantially higher than
MR-H. In these settings, sparsification offers limited effi-
ciency gains, as the number of sparsified shapes does not
decrease significantly compared to a greater number of train-
ing samples with long sequences. Additionally, Table 14 in
Appendix B.3 presents the inference times and parameter
counts for the settings in Figures 3(c) and 3(d).

5.4. Visualization Analysis

To evaluate SoftShape’s effectiveness and interpretability,
we use Multiple Instance Learning (MIL) (Early et al., 2024)
for visualization. MIL identifies key time points in time se-

I Support for the predicted class
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—Class 2| “"
\/ T 00 JJV\/JK [0-50
|

+0.25
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s
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Figure 4: The MIL visualization on the Trace dataset.

ries that improve classification performance. This study
applies MIL to highlight significant shapes. Figure 4 shows
the discriminative regions and attention scores learned by
SoftShape on Class 1 of the Trace dataset. Deeper red in-
dicates beneficial regions for classification, while deeper
blue shows less relevant ones. Figures 4(a) and 4(b) treat
each shape (length m = 64) as one sequence point, while
Figures 4(c) and 4(d) map these results to the entire time
series. SoftShape assigns higher attention scores to subse-
quences with significant differences between Class I and
Class 2, while sparsifying less discriminative regions. These
findings indicate that SoftShape learns highly discriminative
shapes as shapelets, enhancing interpretability through at-
tention scores. Further MIL visualisations on the Lightning?2
dataset in the Appendix of Figure 7 support this finding.

The t-distributed Stochastic Neighbor Embedding (t-SNE)
(Van der Maaten & Hinton, 2008) is used to visualize shape
embeddings learned by SoftShape. Figure 5(a) shows in-
put shape embeddings from 1D CNN (Eq. (2)) on the CBF
dataset. Figures 5(b) and 5(c) present sparsified intra-shape
and inter-shape embeddings from the soft shape learning
block, while Figure 5(d) displays final output sparsified
shape embeddings for classification. Compared to Fig-
ure 5(a), the intra-shape embeddings [Figure 5(b)] learned
by activating class-specific experts form clusters for sam-
ples of the same class but still mix some samples from
different classes. The inter-shape embeddings [Figure 5(c)]
learned by a shared expert effectively separate different
classes while dispersing same-class samples into multiple
clusters. Combining intra- and inter-shape embeddings,
Figure 5(d) balances class distinction and clusters samples
of the same class closely together. These results indicate
that SoftShape leverages intra- and inter-shape patterns to
improve shape embedding discriminability. Further t-SNE
visualization on the TwoPatterns, Fiftywords, and ECG200
datasets with different classification difficulty can be seen
in the Appendix of Figures 8, 9, and 10, respectively.

5.5. Hyperparameter Analysis

Table 5 presents the classification results of SoftShape for
various sliding fixed step sizes q. We observed worse Avg.
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Figure 5: The t-SNE visualization on the CBF dataset.

Table 5: Test accuracy comparison of different sliding win-
dow sizes on 18 UCR datasets. The best result is in bold.

qa=m

1.78 294

Sliding Step Size ‘ =1 ¢q=2 ¢=3 q¢=4
Avg. Rank | 383 278 244

Table 6: Test accuracy comparison of model depth on 18
UCR datasets. The best result is in bold.

Depth | L=1 L=2 L=3 L=4 L=5 L=6
Avg Rank | 372 2.61 3.06 333 344 3.06

Rank values when ¢ = 1 or ¢ = m (non-overlapping). With
q = 1, the maximum subsequences result in redundancy
and irrelevant information. Conversely, ¢ = m generates
the fewest subsequences, possibly missing important dis-
criminative subsequences. Table 6 examines the influence of
model depth L, revealing that SoftShape achieves the lowest
Avg. Rank at L = 2, demonstrating shape embeddings cap-
ture discriminative features effectively, even at low depths.
Detailed results of Tables 5 and 6 provided in Appendix B.4.
Also, Tables 18, 19, 20, and 21 in Appendix B.4 present sta-
tistical test results on the impact of the maximum number of
class-specific experts, class-specific expert networks, shared
expert networks, and the hyperparameter \.

To evaluate the impact of the hyperparameter shape length
m on classification performance, we conducted three exper-
iments: (1) Val-Select: Choose a fixed m for one SoftShape
model using the validation set. (2) Fixed-8: Set m = 8 for
one SoftShape model. (3) Multi-Seq: Use fixed lengths (8,
16, 32) in parallel three SoftShape models, with cross-scale
residual fusion (Liu et al., 2023) for classification. As shown
in Table 7 (detailed results in Appendix B.4, there was no
significant difference in performance between Val-Select

and Multi-Seq (p-value < 0.05). The Val-Select model
also has fewer parameters and a lower runtime. In addi-
tion, Tables 22 and 23 in Appendix B.5 present analyses of
SoftShape’s time series forecasting performance.

Table 7: Test accuracy comparison of shape length m on 18
UCR datasets. The best result is in bold.

Methods ‘ Val-Select  Fixed-8  Multi-Seq
Avg. Rank 1.72 2.28 1.44
P-value 2.88E-01  4.68E-02 -

6. Conclusion

In this paper, we propose a soft sparse shapes model for
efficient time series classification. Specifically, we intro-
duce a soft shape sparsification mechanism that merges
low-discriminative subsequences into a single shape based
on learned attention scores, reducing the number of shapes
for shapelet learning. Moreover, we propose a soft shape
learning block for learning intra-shape and inter-shape tem-
poral patterns, enhancing shape embedding discriminability.
Extensive experiments demonstrate that SoftShape achieves
state-of-the-art classification performance while providing
interpretable results. However, this study does not consider
the modelling of relationships among multiple variables
of the time series. In the future, we will investigate deep
learning methods for multivariate TSC.
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