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Abstract

Multivariate Time-Series (MTS) clustering discovers intrin-
sic grouping patterns of temporal data samples. Although
time-series provide rich discriminative information, they also
contain substantial redundancy, such as steady-state machine
operation records and zero-output periods of solar power
generation. Such redundancy diminishes the attention given
to discriminative timestamps in representation learning, thus
leading to performance bottlenecks in MTS clustering. Mask-
ing has been widely adopted to enhance the MTS represen-
tation, where temporal reconstruction tasks are designed to
capture critical information from MTS. However, most ex-
isting masking strategies appear to be standalone preprocess-
ing steps, isolated from the learning process, which hinders
dynamic adaptation to the importance of clustering-critical
timestamps. Accordingly, this paper proposes the Evolving-
masked MTS Clustering (EMTC) method, whose model ar-
chitecture comprises Importance-aware Variate-wise Mask-
ing (IVM) and Multi-Endogenous Views (MEV) generation
modules. IVM adaptively guides the model in learning more
discriminative representations for clustering, while the recon-
struction and cluster-guided contrastive learning pathways
enhance and connect the representation learning to cluster-
ing tasks. Extensive experiments on 15 benchmark datasets
demonstrate the superiority of EMTC over eight SOTA meth-
ods, where the EMTC achieves an average improvement of
4.85% in F1-Score over the strongest baselines.

Code — https://github.com/yueliangy/EMTC

Introduction

Multivariate Time-Series (MTS) clustering (Li and Liu
2021; Zhang and Sun 2023) is a pivotal unsupervised data
analysis task (Zhang et al. 2025; Tan et al. 2025) for discov-
ering intrinsic patterns of temporal data, which are common
in domains like activity recognition (Ma et al. 2021), indus-
trial monitoring (Alwan et al. 2022), and medical data anal-
ysis (Xie et al. 2025). Although MTS contains rich trend
and periodic information (Zhang et al. 2023b), widespread
redundant timestamps may obscure the representation of
key distribution patterns, thereby compromising the forma-
tion of compact and meaningful cluster structures. Con-
ventional approaches implicitly mitigate MTS redundancy
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Figure 1: (a) Static Masking vs. (b) Evolving Masking
(ours). Static masking is a fixed MTS preprocessing strat-
egy to enhance the downstream representation learning.
In contrast, our evolving masking dynamically adapts to
the representation learning and clustering objective through
attention-based timestamp weighting, simultaneously sur-
passing the MTS redundancy and enhancing the cluster dis-
crimination of representations.

through hand-crafted feature engineering, dimensionality re-
duction (Yang and Shahabi 2004; Li 2019), and elastic time-
series alignment (Li and Wei 2020; Cai et al. 2025). Despite
their effectiveness in certain scenarios, they often impose
strong temporal shape or sample distribution assumptions,
and fail to support end-to-end representation learning.

Deep learning paradigms (Lafabregue et al. 2022; Ienco
and Interdonato 2023) for MTS clustering usually learn rep-
resentations and then feed the outputs to algorithms like k-
means (MacQueen 1967; Ikotun et al. 2023) to obtain the fi-
nal clustering results. In this stream, the Autoencoder-based
frameworks (Ienco and Interdonato 2020; Li et al. 2023b)
are common, which derive latent high-quality embeddings
through reconstruction-guided model training. However,
their emphasis on reconstruction fidelity may act to retain
the MTS redundancy. Moreover, since the clustering ob-
jective is usually separated from the representation learn-



ing, the learning process fails to suppress the redundancy
from the clustering-friendly perspective. Accordingly, con-
trastive learning methods (Wu et al. 2024; Li et al. 2025;
Wang et al. 2025) have been employed to learn discrimina-
tive features by contrasting positive and negative instance
pairs. Although it has been proven that the self-supervised
contrastive learning can implicitly obtain clustering-friendly
representations (Ben-Shaul et al. 2023), their effectiveness
critically depends on the construction of instance relation-
ships. That is, when the contrastive strategies do not align
with the sought cluster distributions, the learned representa-
tions may preserve or even amplify temporal redundancies.

To explicitly address the temporal redundancy, atten-
tion (Ienco and Interdonato 2020) has been adopted to per-
form soft redundancy filtering through dynamic timestamp
weighting (Ding, Sun, and Zhao 2023). Although this type
of method considerably relieves the impact of redundancy
and enhances the representation of timestamps, it also in-
herently preserves the full input structure containing the re-
dundant information. More importantly, the learned atten-
tion weights may be misled by highly activated yet non-
informative patterns, thus failing in prioritizing sparse-but-
critical features. In contrast, masking mechanisms offer
a more structured approach to redundancy suppression in
MTS representation learning (Ashok et al. 2024; Eldele et al.
2024; Zhang et al. 2024). Conventional static masking (Fu
and Xue 2022; Zhang et al. 2023a) compels models to learn
from partial observations through reconstruction. Although
masking has been well validated in acquiring general repre-
sentations, the fixed schemes are incompetent in task adapta-
tion as demonstrated in Figure 1 (a). Most recently, dynamic
masking (Li et al. 2023a; Shi et al. 2025) has been devel-
oped to learn the masking. Nevertheless, learning masks for
MTS redundancy suppression and structural discriminative
representation remains underexplored.

This paper, therefore, proposes Evolving-masked MTS
Clustering (EMTC) to explicitly address the critical re-
dundancy issue in MTS clustering. As illustrated in Fig-
ure 1 (b), EMTC adopts attention-based Importance-aware
Variate-wise Masking (IVM) to dynamically determine the
redundant timestamps to be excluded in the current learn-
ing epoch, and introduces Multi-Endogenous Views (MEV)-
based representation learning to facilitate a more informa-
tive and generalized learning process. More specifically, the
IVM module assigns masks to timestamps with low impor-
tance to explicitly prevent them from participating in the rep-
resentation learning, where the attention-based importance
is learned for each time series. Then, the MEV is gener-
ated based on the masked MTS, and a dual-path architecture
is designed to learn representations based on the MEV: 1)
Consistency and Reconstruction Learning (CRL) performs
intra- and inter-view reconstruction to extract invariant fea-
tures that are robust to masked redundancy and view-specific
information, respectively, and 2) Clustering-guided MEV
Contrastive learning (CMC) adopts clusters as a basis for
data augmentation, which serves to enhance the cluster sep-
aration in the embedding space and also connects the cluster-
ing objective into representation learning. The contributions
are as follows:
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* A novel learnable redundancy masking mechanism.
This paper designs a content-aware attention mechanism
for timestamp scoring, which dynamically guides the
evolving masking of redundant timestamps. This directly
and adaptively suppresses temporal redundancy, enhanc-
ing representation discriminability for MTS clustering.

Synergistic design of IVM-MEV complementary. A
complementary redundancy masking and multi-view
learning mechanism has been established, where MEV
facilitates sufficient interaction of the MTS to avoid the
dominance of the crisp IVM masking, while IVM serves
to eliminate the redundancy amplified by the MEV.

Representation and clustering connected paradigm.
EMTC is an early exploration that integrates contrastive
learning into MTS clustering. By leveraging dynamically
updated clustering results to guide data augmentation, it
connects both the representation learning and the redun-
dancy masking learning to the MTS clustering objective.

Related Work

Redundancy Suppression in MTS Clustering. Tradi-
tional MTS clustering tackles redundancy via feature en-
gineering or linear dimensionality reduction (e.g., PCA
variants) (Yang and Shahabi 2004; Barragan, Fontes, and
Embirucu 2016; Li 2019; Han and Woo 2022), projecting
data into lower-dimensional spaces but constrained by linear
assumptions. Dynamic Time Warping (DTW) methods (Li
and Wei 2020; Shen and Chi 2023; Cai et al. 2025) of-
fer adaptive alignment but lack dynamic redundancy sup-
pression. Sample partition algorithms like k-means (Mac-
Queen 1967; Sinaga and Yang 2020; Ikotun et al. 2023)
and hierarchical clustering (Hamerly and Elkan 2003; Wang,
Wirth, and Wang 2007; Meng et al. 2023) rely on predefined
metrics and are sensitive to initialization. Deep learning
paradigms learn discriminative representations end-to-end.
Autoencoder frameworks like DeTSEC (Ienco and Interdo-
nato 2020) and RDDC (Trosten et al. 2019) derive compact
embeddings, while contrastive methods (TimesURL (Liu
and Chen 2024), FCACC (Wang et al. 2025), MVCIMTS (Li
et al. 2025)) enhance feature distinctiveness through aug-
mented views, though efficacy depends on augmentation de-
sign. Other innovations include CDCC (Peng et al. 2024a)
for cross-domain contrastive learning, TimeDRL (Chang
et al. 2024) for disentangled representation learning, and
k-Graph (Boniol et al. 2025) for interpretability. Although
competent in capturing complex temporal structures, most
lack explicit dynamic mechanisms to suppress evolving tem-
poral redundancy.

Masking Strategies for MTS Analysis. The principle of
masked learning demonstrates significant benefits across do-
mains like computer vision and NLP, enhancing efficiency
and precision. For instance, DynaMask (Li et al. 2023a) dy-
namically selects optimal mask resolution in instance seg-
mentation, while Trainable Dynamic Mask Sparse Atten-
tion (Shi et al. 2025) achieves adaptive sparsity for long-
context modeling. Inspired by these advances, MTS repre-
sentation learning has adopted masking to mitigate redun-
dancy. Methods like Ti-MAE (Li et al. 2023b) use masked
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Figure 2: Overview of the proposed EMTC framework.

autoencoding for forecasting alignment, PrimeNet (Chowd- clustering tasks. The clustering-friendly evolving masking

hury et al. 2023) implements density-aware masking for ir- is realized in three stages: single-variate view generation,

regular sampling, and TS-MVP (Zhong et al. 2023) em- content-aware importance evaluation, and redundant times-

ploys probability-based masking for multi-view alignment. tamp masking.

Others including STCR (Lee, Kim, and Son 2024) and Single-Variate View Generation: To facilitate content-

TS2Vec (Yue et al. 2022) incorporate random masking in aware importance evaluation, we first generate single-variate

contrastive frameworks. However, these MTS methods pre- view embeddings from the original input X:

dominantly rely on static or predetermined masking policies d) _ ¢(d)

that lack adaptability to co-evolve with learning, hindering 21 = fo (X)), Vde{l,2 D}, M

dynamic suppression of evolving redundant patterns or pri- where Z(?) provides the single-variate embedding that pre-

oritization of cluster-salient features. serves the integrity of individual variate information.

Content-Aware Importance Evaluation: Based on the

Proposed Method single-variate embeddings, the importance of each times-

(d) : fon-
Existing masking strategies are limited by their inability tamp of sample Z; " is evaluated by content-aware attention:

to adapt to MTS clustering tasks. To address this, this pa- d Q(.d)(K,(d))T d
: S = Softmax | L~ |z 2
per proposes EMTC with two core components: IVM and i oltmax o i 2

MEYV modules. As illustrated in Figure 2, learning of the ) ) o )
model involves two pathways: where the attention mechanism optimized with the cluster-

ing objective can dynamically refine its focus on discrimina-
tive timestamps to enhance inter-cluster separation. Unlike
conventional attention-weighted MTS that are often mis-

e CRL: Dynamically suppresses temporal redundancy
while learning robust multi-view representations.

* CMC: Structures embedding space under cluster-aware led by highly activated yet non-informative patterns, our
contrastive objectives to enhance cluster separability. attention-based masking directly excludes the timestamps
Let X; = [x1,%o, x7] € RT*D denotes an MTS that are relatively clustering-irrelevant, ensuring dynamic

alignment with learned cluster semantics, achieving precise
and task-aware MTS redundancy suppression with the CRL
and CMC dual-learning pathways.

Redundant Timestamp Masking: With the attention-
based importance evaluation, thresholding is employed to
mask less-important timestamps:

sample of length 7" with D variates, where each x, € R”
represents the multivariate observation at timestamp ¢. Given
a dataset X = {X;}}¥,, the objective is to partition the N
samples into g disjoint clusters C = {C1,Cs,...,Cg4}.

IVM: Importance-aware Variate-wise Masking

o ald
To explicitly facilitate dynamic redundancy suppression, D (1) = 1 if SZ,( )(t) > € Vie [LT], )
learnable IVM is designed to adapt the masking to the MTS ! 0 otherwise ’ Y
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where € is a predefined threshold to filter out re-
dundant timestamps. Mi(d) (t) denotes the binary mask
value at timestamp ¢. The computed mask set M;
(M MP . MP} e RT*D s then applied to D
variates of the i-th original sample X; through element-wise
multiplication X ® M to obtain the masked input X in the
next epoch. In the first learning epoch, a randomly initialized
mask set M € RV*TXD 5 adopted to obtain X.

MEYV: Multi-Endogenous Views Generation

To overcome the limitations of single-view representations
in capturing complex multivariate patterns, this paper pro-
poses to perform MEV generation to obtain complementary
MTS perspectives. That is, learning upon the multi-view
MTS ensures robust representation learning while provid-
ing natural regularization for the evolving masking. Specif-
ically, the masked input X obtained from IVM is processed
through MEV embeddings generation:

F®) = ) (X) Ywe{l,2,....V}, @
where the F'(*) denotes the v-th endogenous view. Such an
MEYV design ensures comprehensive pattern capture while
maintaining the integrity of view-specific information for
masking decisions.

With the endogenous views obtained based on the IVM
masking, the model performs a dual-path representation
learning, comprising CRL for IVM consolidation and
CMC for cluster discriminative representation enhancement,
which are introduced below.

CRL: Consistency and Reconstruction Learning

CRL involves two complementary mechanisms: intra-view
reconstruction learning helps the MEV retain the semantic
structure of the original time-series, while inter-view recon-
struction learning establishes semantic bridges between dif-
ferent views. For each view F'(?), the model reconstructs the
original MTS X through X (*) = R(*)(F(®)) where the de-
coder R™) maps the endogenous view embedding F(*) to
the reconstructed sequence X (*). The intra-view reconstruc-
tion learning can then be formulated as:

\%4
Lina = > ||X = X
v=1

Such self-reconstruction acts as a regularizer to retain the
semantic structure during modal training and preserve dis-
criminative temporal features for clustering.

By contrast, inter-view reconstruction establishes inter-
view semantic consistency to enhance representation robust-
ness by measuring the discrepancy between the original and
transformed embeddings across views:

Liner = Z Z L"llnzr] + ‘Cljnt_grl’

=1 j=i+1
specifically, for each pair of endogenous view embeddings
(F@, FU)), the loss between FU) and the transformed em-

bedding F(77) = H;_,;(F®) is computed, where H;_, ; is

&)

(6)
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a transformation decoder that maps embeddings from view
F® to view FU) as:

L:Z*)j

inter

— HFU) _ pli—=j) 2 . (7)
F

CRL simultaneously considers single-view fidelity and
multi-view consistency to learn representations that are both
consistent with the key features of the masked MTS and se-
mantically coherent across endogenous view embeddings.
More importantly, the reconstruction learning and consis-
tency learning based on MEV mitigate the risk of overfit-
ting to variate-specific knowledge and losing critical single
temporal information caused by the crisp IVM masking.

CMC: Clustering-Guided MEYV Contrastive
Learning

To explicitly structure the embedding space for cluster sep-
aration, CMC is also introduced to leverage cluster assign-
ments as supervisory signals. The process begins by aggre-
gating the complementary information from all MEV em-
beddings. Specifically, temporal pooling is applied to each
endogenous view embedding F(*), followed by an MEV fu-
sion operation, yielding a fused representation:

F(qued) _ F(l) ® F(2) ®--® ‘F(V)7 (8)

where ® denotes the fusion operation that integrates in-
formation across all views. The integrated representation
F(fused) combines discriminative patterns from different
views, forming a robust basis for clustering. For simplic-
ity but without losing generality, F("¢d) is denoted as F
hereinafter. Subsequently, cluster labels C are obtained by
performing k-means clustering on F' at each training epoch:

C = Cluster(F). )

These dynamically updated cluster labels guide the con-
struction of pairs for contrastive learning. For an anchor
sample F;, samples sharing the same cluster label form pos-
itive pairs, with all the positive samples denoted as P (i ™).
The other samples outside the cluster of F; serve as negative
pairs, which can be written as N'(i 7).

The discriminative contrastive objective, adapted from the
foundation laid in (Yang et al. 2023; Peng et al. 2024b), is
utilized to maximize the cosine similarity within each clus-
ter (positive pairs) and enforce robust separation between
distinct clusters (negative pairs), which can be expressed as:

Z log

L is the loss contributed by the positive pairs w.r.t. F},
which can be written as:

Lf =3 exp (Sim(i’m),
T

PGit)

(10)

comra =

Li

(1)

where 7 serves as a temperature parameter controlling the
sharpness of the similarity distribution, and sim (4,:1) de-
notes the cosine similarity between positive sample pairs,



Algorithm 1: EMTC: Evolving-masked MTS Clustering.
Input: MTS dataset X, cluster number g.

1: Initialize IVM and MEV components.
2: repeat

3: IVM: Update mask set via Eqgs. (1-3);

4: MEYV: Generate embedding F(*) via Eq. (4);

5: CRL: Compute Liyy, and Liyer via Egs. (5-7);

6: Update cluster labels C via Eq. (9);

7: CMC: Compute Lqonira via Eqs. (10) and (12);

8: Compute total loss Ly, for Adam optimization;

9: until convergence
Output: Final MTS clustering results C.

which can be instantiated as:
_ F ,L-T F it

=SP4 Fye PiT).
I3l 1 E5+

sim(i, 1) (12)
The definitions for negative pairs, i.e., L; and sim(,7i~),
are analogous.

Such a dynamic clustering-guided representation learning
strategy ensures a close connection between the contrastive
learning process and the clustering objective. By continu-
ously updating the cluster labels throughout the training, the
model can effectively refine the MTS representation to fit
newly learned cluster distributions.

Model Training and Clustering

The overall loss Ly, With previously introduced loss terms
integrated through balancing coefficients, i.e., a for Liyy,
and S for Liyer, can be written as:

»Ctolal = Ecomra + Oé»cintra + ﬁﬁimep (13)

The model parameters are optimized using the Adam op-
timizer. The full EMTC algorithm for MTS representation
learning and clustering is summarized as Algorithm 1.

Experiments

Eight experiments have been designed to comprehensively
evaluate the proposed EMTC: 1) Clustering Performance
Comparison with eight SOTA methods on 15 datasets; 2)
Significance Test using BD-test with 95% and 99% con-
fidence intervals; 3) Key Component Ablation validating
IVM and MEV modules; 4) Loss Ablation validating each
loss term; 5) Masking Strategies Comparison illustrating
the rationality of our IVM design; 6) Convergence Analy-
sis tracking loss dynamics; 7) Efficiency Evaluation mea-
suring computational requirements and scalability; 8) Clus-
ter Effect Visualization using t-SNE for qualitative assess-
ment. Due to space constraints, partial results of 1) Clus-
tering Performance Comparison and 3) Key Component
Ablation, and the whole results of 2) Significance Test and
4) Loss Ablation, are provided in the Extended Version.

Extended Version — http://arxiv.org/abs/2511.17008

15 real-world benchmark datasets from the UEA MTS
archive (Bagnall et al. 2018), spanning diverse domains
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No. | Datasets | N T D |y
1 BasicMotions 40 100 6 4
2 Cricket 72 1197 6 12
3 DuckDuckGeese 40 270 1345 | 5
4 EigenWorms 131 17984 6 5
5 Epilepsy 138 206 3 4
6 FingerMovements 100 50 28 2
7 HandMovementDirection | 147 400 10 4
8 Heartbeat 205 405 61 2
9 Motorlmagery 100 3000 64 2

10 NATOPS 180 51 24 6
11 PEMS-SF 173 144 963 7
12 RacketSports 152 30 6 4
13 SelfRegulationSCP1 293 896 6 2
14 SelfRegulationSCP2 180 1152 7 2
15 StandWalkJump 15 2500 4 3

Table 1: Statistics of datasets. g indicates the ‘true’ number
of clusters provided by the labels of the datasets.

with varying number of samples, sequence lengths and fea-
ture dimensions. Detailed statistics are presented in Table 1.
Four standard metrics are employed: Accuracy (ACC),
F1-Score (F1), Normalized Mutual Information (NMI) and
Adjusted Rand Index (ARI). Eight SOTA counterparts are
compared, including deep MTS clustering methods FEI (Fu
and Hu 2025), FCACC (Wang et al. 2025), TimesURL (Liu
and Chen 2024), UNITS (Gao et al. 2024), USLA (Zhang
and Sun 2023), Ti-MAE (Li et al. 2023b), MHCCL (Meng
et al. 2023), and conventional feature engineering method
T-GMREF (Ding et al. 2023). All counterparts are tuned fol-
lowing their original papers, with parameters optimized for
each dataset individually. Our architecture utilizes dilated

convolution for encoders fév) and féd), while employing
MLP decoder with specific configurations: six-layer net-
works for intra-view reconstruction (R(*)) and four-layer
networks for inter-view transformation (#;_,;). The fused
representation F(f5d) is obtained through the fusion opera-
tion ® that averages the sum of all F(”), which can be ex-
tended to weighted combinations. We set the batch size to
64 and train for a maximum of 200 epochs. All experiments
are implemented in PyTorch 1.8.0 on a NVIDIA RTX4090
GPU, 20GB RAM.

Clustering Performance Evaluation

As Table 2 shown, EMTC demonstrates superior clustering
performance compared to eight baselines across 15 bench-
mark datasets, evaluated by ACC and F1 metrics. Achieving
the highest average rank, EMTC consistently outperforms
all baselines on most datasets and metrics. Notably, it ex-
hibits substantial improvements over the strongest competi-
tors, i.e., FCACC and FEI. On long-sequence datasets like
StandWalkJump, EMTC achieves significant performance
gains. For datasets with balanced class distributions such as
MotorImagery, it delivers notable enhancements. On multi-
class datasets such as Cricket (12 clusters), EMTC main-
tains competitive performance, further validating its robust-
ness across diverse clustering scenarios.



Methods

Datasets ‘ Metrics ‘
| | EMTC (ours) FEI(AAAI'25) FCACC (arxiv'25) TimesURL (AAAI'24) UNITS (NewrPS'24) USLA (TPAMI'23) Ti-MAE (arxiv'23) MHCCL (AAAI'23) T-GMRF (TKDE'23)

BasicMotion ACC | 0.9083 £0.0656 0.4667 0.0589  0.7250 £ 0.0000 0.6917 +0.0118 0.7667 + 0.1662 0.8750£0.0000  0.9750+0.0000  0.1750 +0.0354 03250  0.0000
asicilotions F1 | 0.9057+0.0675 0.4975+0.1143  0.8713 0.0000 0.8446 % 0.0103 0.8665 % 0.0961 03801 £0.1374  0.9749£0.0000  0.2002 £ 0.0311 0.2375 % 0.0000
Cricket ACC | 0.5972£0.0227 0453720.0755 0.4259 £ 0.0429 04722 0.0196 0.3287 +0.0236 0361100000 0483200226  0.0648 £0.0398 0.1389 £ 0.0000
FI | 06317400366 0.5136+0.0501 0.4301 %0.0392 04913 +0.0134 0.3556 +0.0187 00573 +0.0367  0.4903£00124  0.0600 + 0.0321 0.1102 0.0000
DuckDuckGeese | ACC | 0:4800£0.0163 0.2933£0.0249 03550 £ 0.0087 03133 +0.0340 0.3667 + 0.0094 03200£0.0000  0.3733£00189  0.1933 £0.0249 0.2600 + 0.0000
F1 | 04917200357 0.2445+0.0185  0.3300 % 0.0070 03065 % 0.0294 0.3980 £ 0.0095 0.1457£0.0169  0.3602£0.0224  0.1447 £0.0241 0.1758 2 0.0000
EicenWorms ACC | 04707 £0.0095 0.4580%0.0125 0.4530 £0.0125 04633 £0.0134 0.3410 £ 0.0401 03486+0.0036 04540 £0.0221  0.3486 £ 0.0036 0.4540 £ 0.0225
tgenorms Fl | 03713200549 0.3404 +0.0779  0.3333 £0.0224 03204 % 0.0789 0.2894 +0.0168 0.2245+£0.0625 03401 £0.0023  0.2245 +0.0625 0.3404 + 0.0023
Epilens ACC | 0.5556+0.0239 0.4082+0.0208  0.5236+0.0107 04517 0.0034 0.4179 0.0304 0.5338+0.0034  05145£0.0000  0.2053 +0.0754 0.4928 % 0.0000
priepsy FI | 05519200276 04077 £0.0065  0.5193 0.0093 0.5226 % 0.0048 04116 +0.0414 0.1491£0.0204 05133200001 02017 £0.0712 0.3467 £ 0.0000
Finger ACC | 0.5967 £0.0094 0.5100=0.0141  0.5000 £ 0.0000 05100 £ 0.0000 0.5800 £ 0.0535 050002 0.0000  0.5800£0.0000  0.5133 £0.0377 0.5200  0.0163
Movements F1 | 0589200151 0.5071 £+0.0146  0.3503 % 0.0000 0.4954 % 0.0000 0.5771 £0.0514 04770£0.0001 05758 £0.0000  0.4867 +0.0422 0.4028 % 0.0679
HandMovement | ACC | 0.4640 £0.0064 0.3333£0.0169  0.4696 +0.0112 03514£0.0191 0.3514 £0.0110 03649%0.0000  0.3243£0.0000 02523 +0.0337 04189 + 0.0000
Direction F1 | 03737200262 03071 £0.0601  0.3993 £ 0.0192 03434 £0.0194 0.3222 £ 0.0164 02717£0.0475 03186200047 02293 £0.0502 0.2661 % 0.0000
Heartbeat ACC | 07463 £0.0040 0.7138%0.0023  0.5646 + 0.0040 0.7122 % 0.0000 0.7122 £ 0.0000 07138£0.0023  0.7122£0.0000  0.4341 £0.0000 0.6911 £ 0.0506
cartbeal F1 | 0613400329 0.8330£0.0016 0.5549 +0.0051 0.8319 £ 0.0000 0.8319 £ 0.0000 0.6014£0.0011  0.4160£0.0000  0.4325 +0.0000 0.5952 % 0.0303
Motorlmager ACC | 0.6500+0.0216 0.5100%0.0000  0.5700 £ 0.0122 0.5200 £ 0.0000 0.5500 £ 0.0327 05100£0.0000  0.5100£0.0000  0.5233 £0.0660 0.5500 % 0.0141
gery Fl | 0.6452+00213 0.3924+0.0263  0.5572%0.0232 0.3912 + 0.0000 0.5428 +0.0391 03552+0.0000  0.3552£0.0000  0.5175+0.0668 04812 +0.0499
NATOPS ACC | 0.6185+0.0094 0.4593+0.0723  0.6056 +0.0000 04167 +0.1179 03833 +0.0552 03944 £0.0000  0.5278£0.0000  0.0815 + 0.0498 02167 +0.0045
F1 | 0620500130 0.5502+0.0698  0.5821 % 0.0000 04102 £0.1252 0.4029 £ 0.0367 0.1579£0.0518  0.5294£0.0000  0.0943 £ 0.0607 0.1316 % 0.0045
PEMS.SF ACC | 0.5780£0.0164 04355%0.0196 0.4697 +0.0085 0.6012 % 0.0000 0.5453 £ 0.0607 02370£0.0000  0.4682£0.0000  0.1715 £0.0027 0.2004 % 0.0027
FI | 0621500398 0.4310+0.0260 0.5328 +0.0085 0.6419 +0.0000 0.6408 +0.0433 0.1118+0.0186  0.4506+0.0021  0.1313£00111 0.1150 +0.0052
RacketSorts ACC | 04715£0.0135 0.4254%0.0265 03766 +0.0028 0.3750 + 0.0000 03772 +0.0499 03553+0.0000  0.4276+£0.0000  0.2851 +0.0967 0.2895 + 0.0000
P F1 | 04657 20.0695 0.3949+0.0301  0.3757 +0.0034 0.3489 £ 0.0000 0.3748 £ 0.0465 03078 £0.0467 04347 £0.0001 02911 £0.0972 0.1396 % 0.0000
SelfRegulation | ACC | 0.8510+0.0126 0.8385+0.0621  0.5742 +0.0044 0.7247 +0.0903 0.7270 £ 0.1401 0.6007£0.0000  0.8840£0.0000  0.4790 £ 0.0595 0.5040 £ 0.0016
SCP1 FI | 0.8500+00135 0.8337£0.0687 0.5038 % 0.0098 0.6979 % 0.1211 0.7234 +0.1418 03154£0.0000  0.8838£0.0000 04671 +0.0611 0.3415%0.0018
SelfRegulation | ACC | 0.6000+0.0253 0.5630 £0.0114  0.5972 +0.0028 0.5222 % 0.0000 0.53150.0159 0.5481£0.0026  0.5796£0.0026  0.4907 +0.0262 0.5000 % 0.0000
SCP2 F1 | 0.585020.0244 0.5446+0.0045  0.5972 % 0.0028 0.5184 % 0.0000 0.4656 + 0.0248 04546+ 0.0483 0553300034  0.4837 £0.0266 0.4327 £ 0.0000
StandWalklump | ACC [ 0.7556£0.0831 0555600629 05333 £ 0.0000 0.4667 % 0.0000 05111 £0.1133 04000 0.0000 04667 £0.0000  0.1333 £0.0000 0.6667 £ 0.0000
ACWAIUMP | R | 0.7382£0.1048  0.5729 £0.0049  0.5238 +0.0000 0.5422 % 0.0616 0.4582 +0.1094 03119£0.0000  0.4550£0.0000  0.0784 +0.0000 0.5342 % 0.0000

Table 2: Clustering performance of different methods on 15 MTS datasets evaluated by ACC (1) and F1 (1) metrics. The Best

and second-best results are highlighted by cell background.
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Figure 4: Loss function values during EMTC training.

Convergence Analysis
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Figure 3: Clustering performance of EMTC+Evolving
Masking vs. EMTC+Static Masking.

Masking Strategies Comparison

Efficacy of the proposed evolving masking is validated
by comparing it with four conventional static masking
variants, including Random, Uniform, Variance-based, and
Frequency-based masking, through replacement of the IVM
module of EMTC. As shown in Figure 3, evolving mask-
ing consistently outperforms all static counterparts across
all evaluation metrics, with average performance computed
over all 15 benchmark datasets. Although Variance-based
and Frequency-based methods incorporate data statistics,
their static nature limits their adaptability to different clus-
tering tasks. In contrast, our approach progressively re-
fines its focus on cluster-salient timestamps through content-
aware importance evaluation described bu Eq. (2), enabling
precise redundancy suppression while preserving discrimi-
native and clustering-friendly patterns.
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Figure 4 illustrates the convergence behavior across three
representative datasets, showing smooth and stable opti-
mization with the total loss consistently decreasing through-
out training. The convergence characteristics vary appro-
priately with dataset properties: BasicMotions with bal-
anced classes exhibits faster initial convergence, Cricket
with more classes shows gradual stabilization, and Heart-
beat with longer sequences maintains steady decline. This
stable convergence validates the effectiveness of our joint
optimization strategy with the corresponding total loss de-
scribed by Eq. (13), where the synergy between CRL and
CMC ensures progressive refinement of both representation
quality and cluster structures.

Ablation Study of Key Components

The results in Table 3 demonstrates that both IVM and
MEYV are essential for EMTC’s superior performance. The
complete model consistently outperforms all ablated vari-
ants, with the absence of either component causing signif-
icant performance degradation. IVM generally contributes
more substantially than MEV, particularly on long-sequence



Datasets | Components | Metrics
| IVM  MEV | ACC Fl

v v 0.9083+0.0656  0.9057 + 0.0656
BasicMotions v | 07000+0.1080  0.7831 + 0.0549:%
: ; v 0.8750 £ 0.0354%  0.8749 % 0.0363%
03167 £0.0236%  0.2958 % 0.0464

v v 105972£00227  0.6317 +0.0366
Cricket v | 05139200113 05423 + 0.0524%
! v 0.5556 +0.03005  0.5664  0.0179%
0.5417 £0.1195%  0.5895 % 0.1296

v v | 04800+0.0163  0.4917 +0.0357
v | 0.4400£0.0163% 04259 + 0.0241%
DuckDuckGeese | 0.4333 £0.0094%  0.4449 + 0.0238%
0.2667 £0.0094%  0.2227 % 0.0041%

v v | 0.6185+£0.0094  0.6205 +0.0130
v | 05093 £0.0664% 0.4951 + 0.0726%
NATOPS v 0.5296 £ 0.0502%  0.5605 % 0.0912
0.4204 +0.1089%  0.4145 % 0.1189%

v v | 0578000164  0.6215 + 0.0398
v | 0.4566+0.0000% 0.4149 + 0.0012%
PEMS-SF v 0.4509 +0.0324% 05077 + 0.0133%
0.2543 £ 0.0544%  0.2037 % 0.0695%

v v | 08510£0.0126  0.8500  0.0135
SelfRegulation v 0.7782 £ 0.0121%  0.7757 £ 0.0105%
SCP1 v 0.7713 £0.0255%  0.7706 % 0.0254%
07531 £0.1754%  0.7006 % 0.2497%

v v | 0.6000%0.0253 05850 + 0.0244

SelfRegulation v | 0.5963+£0.0105¢ 0.5953  0.0095
SCP2 v 0.5815 £0.0069%  0.5658 % 0.0143%
0.5241 £0.0233%  0.4710 % 0.0921%

v v 0755600831  0.7382 +0.1048
| 0.6000+0.05445 0.5681 + 0.0646%
StandWalkJump | 0.6444 +0.0629%  0.6165 + 0.0688+
04222 £0.0314%  0.4321 £ 0.0175%

Table 3: Ablation study of key components. The symbol “v"”’
denotes included components, and the symbol “}” indicates
performance degradation compared to the complete EMTC.

datasets like StandWalkJump where temporal redundancy is
prominent. It is worth noting that the performance gap be-
tween the full model and the version without both MEV
and IVM became more significant, confirming the syner-
gistic effect of the two key components. Overall, the abla-
tion validates the coupling design: IVM dynamically sup-
presses redundant timestamps while MEV comprehensively
captures multi-view patterns to consolidate masking effec-
tiveness and enhance cluster separation.

Efficiency Analysis

Efficiency and scalability of EMTC are evaluated by record-
ing its execution time with respect to three key factors: num-
ber of dimensions (D), sequence length ("), and number of
samples (V). As shown in Figure 5, EMTC demonstrates fa-
vorable scalability across different dimensions. When D and
T scale, EMTC exhibits near-linear growth, maintaining low
computational overhead.

Cluster Effect Visualization

To qualitatively assess representation quality from the per-
spective of clustering, Figure 6 presents t-SNE visualiza-
tions of learned representations on the Epilepsy dataset,
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Figure 6: t-SNE visualization of the Epilepsy dataset repre-

sented by different methods.

comparing EMTC with FEI and FCACC. EMTC demon-
strates superior cluster separation with relatively promi-
nent boundaries and compact groupings, while FEI exhibits
substantial inter-cluster overlap and FCACC shows moder-
ate overlap but with its clusters scattered. These visual re-
sults confirm that the EMTC effectively captures clustering-
friendly patterns from MTS, yielding semantically meaning-
ful embeddings for MTS clustering.

Concluding Remarks

This paper proposes EMTC, an evolving-masking guided
MTS clustering framework that explicitly addresses tem-
poral redundancy through learnable masking and multi-
view representation learning. It introduces IVM module to
dynamically suppress redundant timestamps via attention-
based scoring, ensures that the representation learning fo-
cuses on discriminative temporal regions. A dual-path MEV
learning is also adopted, integrating the CRL and CMC
learning to ensure the effectiveness of IVM and facili-
tate clustering-friendly representation learning, respectively.
EMTC is comprehensively validated on 15 benchmark
datasets with comparative, ablation, efficiency, and qualita-
tive studies, demonstrating its superior performance over the
SOTA methods. To our knowledge, EMTC is the first dy-
namic masking attempt under the scenario of unsupervised
MTS analysis, breaking the clustering performance bottle-
neck caused by the MTS redundancy, and providing a mask
learning paradigm to unsupervised MTS analysis. Despite
the above-mentioned merits, this work is also not exempt
from limitations. IVM relies on determining a to-be-masked
threshold, while MEV generation assumes that all data is
known. Extending EMTC to automatically determine the
masking threshold and continuously adapt to nonstationary
streaming data would be the next avenue.
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