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Abstract

Current unsupervised time series clustering methods often
struggle to fully exploit the inherent characteristics of time
series data and commonly adopt a two-stage training strategy
that separates feature learning from the clustering process. To
address these limitations, this paper proposes a novel deep
clustering framework, Time-Frequency augmented Multi-
level Contrastive Clustering (TFMCC). TFMCC employs
a multi-scale time-frequency augmentation strategy, where
each training iteration stochastically selects time and fre-
quency scales to generate diverse augmented views, enhanc-
ing the model’s ability to learn robust and generalizable rep-
resentations. In addition, a multi-level contrastive learning
mechanism is introduced to jointly capture temporal depen-
dencies, inter-sample similarities, and cluster structures. By
jointly optimizing these components, TFMCC enables the
learning of temporally-aware and clustering-friendly repre-
sentations. Experimental results on 40 benchmark datasets
demonstrate that TFMCC outperforms six existing methods
in clustering accuracy.

Code — https://github.com/Du-Team/TFMCC

Introduction
Time series clustering aims to discover inherent patterns and
structural relationships within sequential data and plays a vi-
tal role in fields such as finance, meteorology, and healthcare
(Yang et al. 2023; Cini, Mandic, and Alippi 2024). Recently,
contrastive learning–based clustering methods have shown
strong potential for this task by constructing positive and
negative sample pairs to automatically extract informative
representations in an unsupervised manner (Zhong, Huang,
and Wang 2023). Despite promising progress, existing meth-
ods still face key limitations.

Firstly, traditional data augmentation approaches, such as
flipping or permutation (Eldele et al. 2021), can disrupt tem-
poral dependencies (Liu and Chen 2024), while time-series-
specific augmentations typically operate only in the time do-
main (Yue et al. 2022) and at a single scale (Peng et al.
2024), limiting their ability to capture rich patterns (e.g.,
trend and seasonality) and multi-scale dependencies (e.g.,
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short-, medium-, and long-term). In addition, many con-
trastive frameworks prioritize instance-level similarity while
overlooking temporal relationships that are critical for time
series representation learning. Moreover, the widespread use
of two-stage training approaches separates representation
learning from clustering, hindering joint optimization and
increasing tuning complexity (Ma et al. 2020).

To tackle these issues, we propose Time-Frequency aug-
mented Multi-level Contrastive Clustering (TFMCC), an
end-to-end deep clustering framework composed of three
modules: data augmentation, representation learning, and
clustering. In the augmentation module, we introduce a
multi-scale augmentation strategy in both time and fre-
quency domains. Across training iterations, context-base
cropping with stochastic temporal scales captures multi-
granular patterns while wavelet transforms with varying
decomposition levels enrich spectral features, collectively
generating diverse views that enhance both robustness and
generalization. For representation learning, a multi-level
contrastive mechanism combines temporal-, instance-, and
cluster-level objectives. Lower layers employ temporal-level
and instance-level contrastive losses to capture temporal de-
pendencies and instance relationships, while higher layers
utilize a cluster-level contrastive loss to optimize the mem-
bership matrix for clustering refinement. In summary, the
main contributions of this paper are as follows:

• We develop TFMCC, a unified end-to-end deep cluster-
ing framework for time series. This framework integrates
representation learning and the clustering task into a sin-
gle optimization process, significantly improving cluster-
ing performance on time series data.

• We introduce a multi-scale time-frequency augmentation
strategy that dynamically applies context-based cropping
with varying temporal scales and wavelet-based transfor-
mations with different frequency levels at each training
iteration, generating different augmented views to cap-
ture diverse patterns and enhance generalization.

• We propose a multi-level contrastive learning mechanism
that integrates temporal-, instance-, and cluster-level ob-
jectives to preserve temporal dependencies, capture inter-
instance similarities, and uncover clustering structures,
thereby producing more discriminative and clustering-
friendly representations.
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Related Work
In this section, we review deep time series clustering meth-
ods and contrastive learning algorithms that are closely re-
lated to this study.

Deep Time Series Clustering
In recent years, numerous deep learning-based time series
clustering methods have been proposed (Tiano, Bonifati, and
Ng 2021). These methods automatically extract latent fea-
tures via neural networks and perform clustering in the latent
space, greatly enhancing the expressiveness and adaptabil-
ity of clustering models (Li and Liu 2021). Existing meth-
ods can be broadly categorized into separated and joint op-
timization strategies (Xu et al. 2022; Alqahtani et al. 2021).

Separated optimization typically adopts a “feature-then-
cluster” paradigm, where time series are first encoded by
deep models, and clustering is subsequently performed us-
ing traditional algorithms such as k-means (McQueen 1967).
For example, Chen et al. (2022) employ RNNs for repre-
sentation learning before clustering in a shared latent space,
while T-LSTM (Baytas et al. 2017) captures both short- and
long-term dependencies in medical time series to support
patient subtyping. However, these methods decouple repre-
sentation learning from clustering, preventing mutual refine-
ment between the two stages and often resulting in subopti-
mal performance due to increased tuning complexity (Ma
et al. 2020).

To address these limitations, joint optimization strate-
gies have gained traction by integrating feature learning and
clustering into a unified training process. DTC (Madiraju
2018) incorporates clustering objectives into an autoencoder
framework, while STCN (Ma et al. 2020) adopts a self-
supervised framework that iteratively refines pseudo-labels
and model parameters. TCGAN (Huang and Deng 2023)
leverages adversarial training to improve clustering through
latent distribution learning, and DTCC (Zhong, Huang, and
Wang 2023) introduces contrastive learning to enhance both
representation quality and clustering accuracy in a self-
supervised manner.

Unlike the above methods, our model achieves end-to-
end joint clustering by incorporating temporal-, instance-,
and cluster-level contrastive objectives into a unified frame-
work. The entire process is optimized through backpropaga-
tion, achieving superior clustering performance.

Contrastive Learning
Contrastive learning, which aims to maximize the similar-
ity between positive pairs and minimize it between nega-
tive pairs in the feature space, has gained significant at-
tention in time series analysis (Wang et al. 2023; Zhong
et al. 2021; Sun et al. 2025). Franceschi et al. (2019) intro-
duce subsequence-based contrastive learning to bring repre-
sentations closer to their sampled segments. TS2Vec (Yue
et al. 2022) further improves robustness by encouraging
each timestamp to reconstruct itself under varying contexts,
enhancing context consistency. More recently, contrastive
learning has been applied to deep clustering to enhance rep-
resentation quality and clustering performance. For instance,

CC (Li et al. 2021) proposes a single-stage framework com-
bining instance- and cluster-level contrastive learning, while
SACC (Deng et al. 2023) extends dual-view augmentation to
multiple views with varying strengths to improve clustering
outcomes.

In time series clustering, contrastive learning has also
been explored. CDCC (Peng et al. 2024) incorporates both
time- and frequency-domain information within a con-
trastive clustering framework to boost clustering accuracy.

Compared with these methods, our model performs multi-
scale augmentation in both time and frequency domains
without relying on predefined scales, allowing better adap-
tation to diverse temporal patterns. Moreover, rather than fo-
cusing on a single representation level, we introduce multi-
level contrastive constraints to capture rich structural infor-
mation across different layers, leading to more informative
and clustering-friendly representations.

Method
This section will provide a detailed introduction to the
time-frequency augmented multi-level contrastive cluster-
ing method proposed in this paper. The method primar-
ily consists of two core components: the multi-scale time-
frequency augmentation module and the multi-level con-
trastive learning module, both of which are jointly optimized
in a unified end-to-end deep architecture. The overall archi-
tecture is illustrated in Figure 1.

Multi-Scale Time-Frequency Augmentation
Time series data inherently contains rich temporal dynam-
ics (Tonekaboni, Eytan, and Goldenberg 2021) and fre-
quency characteristics (Zhang et al. 2022). Specifically, tem-
poral features can manifest as patterns at varying lengths,
while frequency components reflect periodicity across dif-
ferent bands, both of which exhibit multi-scale characteris-
tics (Wang et al. 2024; Hu et al. 2025). However, existing
contrastive learning methods often employ fixed-scale aug-
mentations or overlook the interplay between time and fre-
quency dimensions, thus failing to fully capture the struc-
tural diversity embedded in time series. To address this is-
sue, we propose a multi-scale time-frequency augmentation
strategy.

As illustrated in Figure 2, the augmentation pipeline con-
sists of two branches at a single training iteration. In the first
branch, a time series x ∈ RT undergoes cropping with ran-
domized window sizes and contextual expansion, producing
a time-domain view. In the second branch, the cropped se-
quence is further transformed using Discrete Wavelet Trans-
form (DWT)-based frequency perturbation through random
decomposition level selection and coefficient scaling, recon-
structed through Inverse DWT (IDWT) to yield a frequency-
perturbed view. The augmentation dynamically generates di-
verse augmented views across training iterations, allowing
the model to learn diverse patterns in time series data.

Multi-Scale Time Domain Augmentation In the time do-
main, TFMCC adopts context-based random cropping to
generate augmented samples. A window length is first ran-
domly selected from a predefined multi-scale range to en-
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Figure 1: Overall Structure of TFMCC Framework.

Figure 2: Data Augmentation Process.

sure temporal diversity. Based on this length, a subsequence
is cropped from the original time series. To preserve tem-
poral dependencies and introduce contextual variation, we
follow a context consistency strategy (Yue et al. 2022),
where adjacent segments before and after the crop are ran-
domly sampled and concatenated. This dual randomness in
scale and context generates multi-scale augmented views
while retaining meaningful temporal structure, improving
the model’s ability to learn diverse temporal patterns.

Multi-Scale Frequency Domain Augmentation In the
frequency domain, TFMCC leverages the Discrete Wavelet
Transform (DWT) (Mallat 2002) to decompose time series
into multi-resolution components, enabling the model to ac-
cess frequency features at different scales (Murad, Aktuk-
mak, and Yilmaz 2025; Dai et al. 2024). In our implemen-
tation, we adopt Daubechies wavelets (db4). The wavelet
transform employs an iterative decomposition method us-
ing high-pass and low-pass filters to extract wavelet coeffi-
cients. The high-pass filter extracts detail information (i.e.,
detail coefficients XDi

), while the low-pass filter extracts
low-frequency information (i.e., approximation coefficients
XAi

). At each decomposition level, the approximation coef-
ficients from the previous level are further split into new ap-
proximation and detail coefficients. Specifically, a time se-
ries X is decomposed into one approximation and multiple

detail coefficient sequences via:

[XAm
, XDm

, ..., XD1
] = Decomp(X,ψ,m), (1)

where ψ is the wavelet type, and m is a randomly specified
level of DWT decomposition. To reduce redundancy, only
the final-level approximation coefficient XAm

is retained.
To generate frequency-domain augmentations, we ran se-

lect a level j ∈ {1, ...,m} and apply a transformation
F j(xi, θ), with random scaling factor θ ∼ U(0.2, 1.8), to
perturb the detail coefficients:

yi,Dj
= F j(xi, θ), (2)

F j(xi, θ) scales the detail coefficients at the selected level
j with a random factor to produce y. This selective enhance-
ment introduces controlled frequency perturbations at differ-
ent scales without distorting the overall structure. The aug-
mented detail coefficients {YDj

}, together with XAm
, are

then used to reconstruct the time-domain signal via IDWT:

Y = Reconψ(XAm
, {YDk

}mk=1) (3)

This stochastic multi-scale perturbation preserves tempo-
ral structure while enhancing frequency-aware representa-
tion learning, improving model generalization across vary-
ing periodic patterns.

Multi-Level Contrastive Learning
To effectively capture the rich characteristics of time se-
ries data while simultaneously optimizing for clustering per-
formance, we propose a unified optimization framework
that jointly learns feature representations and cluster assign-
ments through a multi-level contrastive learning approach.
To avoid conflicts that may arise from simultaneously op-
timizing heterogeneous objectives within the same feature
space(Xu et al. 2022), we distribute three complementary
contrastive losses across different levels of the network.
Specifically, temporal-level and instance-level contrastive
losses are applied to lower-level features to preserve tempo-
ral consistency and capture inter-instance distinctions, while
the cluster-level contrastive loss is applied to higher-level
features to uncover underlying clustering structures. This
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integrated optimization strategy enables the model to learn
representations that are temporally coherent, discriminative
across instances, and clustering-friendly, thereby bridging
the gap between representation learning and downstream
clustering objectives.

Temporal-Level Contrastive Loss The temporal-level
contrastive learning component focuses on modeling the in-
ternal temporal structure of a sequence by performing con-
trastive learning at the timestamp level (Yue et al. 2022).
This mechanism views a time series as a composition of
individual time points and encourages consistency between
corresponding timestamps across different augmented views
of the same sequence. By enforcing alignment at the time-
step level, the model is guided to capture long-term depen-
dencies and periodic patterns. Formally, the temporal-level
contrastive loss for the t-th time step of the i-th sample is
defined as:

ℓ
(i,t)
temp = − log

exp
(

ri,t·r̃i,t
τt

)
∑

t′∈Ω

(
exp

(
ri,t·r̃i,t′

τt

)
+I[t̸=t′] exp

( ri,t·ri,t′
τt

))
(4)

where I is the indicator function, and Ω denotes the overlap-
ping time indices between two views. ri,t and r̃i,t represent
the feature representations of the i-th sample at timestamp
t obtained from two different augmentations, and τ t is the
temporal-level temperature coefficient.

By aggregating over all samples and timestamps, the over-
all temporal-level contrastive loss is expressed as:

Ltemp =
1

N · T
∑
i

∑
t

ℓ
(i,t)
temp (5)

This formulation allows the model to maintain timestamp-
level consistency across augmentations, reinforcing its abil-
ity to model temporal dependencies.

Instance-Level Contrastive Loss The instance-level con-
trastive learning component operates at the sample level to
enhance discriminative representation learning across dif-
ferent time series instances. The objective is to pull closer
the representations of different augmented versions of the
same time series instance and push apart those of different
instances (Li et al. 2021). Formally, the instance-level con-
trastive loss at timestamp t for the i-th sample is given by:

ℓ
(i,t)
inst = − log

exp
(

ri,t·r̃i,t
τI

)
∑N

j=1

(
exp

(
ri,t·r̃i,t

τI

)
+I[i̸=j] exp

(
ri,t·rj,t

τI

))
(6)

where N is the number of samples in the dataset, I denotes
the indicator function, and τ I is the instance-level tempera-
ture coefficient.

The total instance-level contrastive loss is computed by
aggregating over all timestamps and instances as:

Linst =
1

N · T
∑
i

∑
t

ℓ
(i,t)
inst (7)

The instance-level contrastive loss operates in synergy
with the temporal-level objective within the lower feature
space, where their complementary roles jointly capture rich
temporal patterns.

Cluster-Level Contrastive Loss To further capture high-
level semantic structures and promote clustering-friendly
representation learning, we incorporate a cluster-level con-
trastive loss that operates on the distribution of samples over
clusters. This loss is designed to increase similarity between
representations belonging to the same cluster while enforc-
ing separation across different clusters, thereby enhancing
intra-cluster compactness and inter-cluster separability. Pos-
itive and negative pairs are constructed at the cluster level
by comparing the cluster assignment distributions obtained
from different augmented views of the data.

Specifically, the encoder output is first passed through a
dedicated cluster-level contrastive head, denoted as gCϕ (·),
which consists of a two-layer MLP followed by a softmax
activation. Given a pooled feature vector ri, the soft label
representation is computed as:

zCi = gCϕ (ri), z̃Ci = gCϕ (r̃i),

gCϕ (h) = softmax(MLP2(h)), h ∈ {ri, r̃i} (8)

The soft label zCi ∈ Rk represents the distribution over k
clusters for the i-th sample. Following the “labels as repre-
sentations” principle, the i-th column of the soft assignment
matrix ZC ∈ Rn×k corresponds to the representation of the
i-th cluster, with ZC(·,i) and Z̃C(·,i) denoting the cluster-wise
representations from two augmented views. Cosine similar-
ity is used to quantify the alignment between representa-
tions:

s(z, z̃) =
z⊤z̃

∥z∥ · ∥z̃∥
(9)

The contrastive loss for the i-th cluster is defined as:

LZC
(·,i)

= − log
exp(s(ZC

(·,i),Z̃
C
(·,i))/τ

C)∑k
j=1
j ̸=i

exp(s(ZC
(·,i),Z̃

C
(·,j))/τ

C)+exp(s(ZC
(·,i),Z

C
(·,j))/τ

C)

(10)
where τC is the cluster-level temperature coefficient. To pre-
vent degenerate solutions where most samples collapse into
a single cluster, we introduce a cross-entropy-based regular-
ization:

Lce = −
k∑
i=1

(
PCi logPCi + P̃Ci log P̃Ci

)
(11)

where PCi = 1
n

∑n
j=1 Z

C
(j,i) and P̃Ci = 1

n

∑n
j=1 Z̃

C
(j,i).

This term ensures a more balanced cluster assignment.
By aggregating over all cluster-level losses, the total cluster-
level contrastive loss is defined as:

Lclu =
1

2k

k∑
i=1

(
LZC

(·,i)
+ LZ̃C

(·,i)

)
+ Lce (12)

Finally, we unify all three contrastive losses at the tem-
poral, instance, and cluster levels into the overall training
objective.

L = Ltemp + Linst + Lclu (13)
This multi-level contrastive learning framework en-

ables the model to progressively capture temporal dynam-
ics, instance-level distinctions, and cluster-level semantics,
which collectively improve the quality of learned represen-
tations and the effectiveness of downstream clustering tasks.
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Dataset NMI RI
STCN TCGAN CDCC TimesURL TS2Vec R-Clust ours STCN TCGAN CDCC TimesURL TS2Vec R-Clust ours

AGWX 0.152 0.273 0 0.263 0.3 0.28 0.343 0.773 0.724 0.099 0.819 0.762 0.816 0.847
AGWY 0.188 0.221 0 0.25 0.126 0.189 0.281 0.768 0.787 0.099 0.831 0.606 0.811 0.84
AGWZ 0.133 0.205 0 0.257 0.173 0.228 0.43 0.805 0.803 0.099 0.824 0.754 0.82 0.867

Beef 0.244 0.29 0.006 0.234 0.293 0.247 0.296 0.668 0.639 0.297 0.671 0.726 0.67 0.703
CBF 0.393 0.983 0.983 0.793 0.844 0.95 1 0.728 0.996 0.996 0.92 0.922 0.984 1
Car 0.269 0.245 0.26 0.167 0.526 0.503 0.443 0.705 0.64 0.71 0.659 0.795 0.721 0.756

CricketX 0.174 0.343 0.324 0.244 0.052 0.337 0.419 0.824 0.849 0.873 0.75 0.519 0.869 0.883
CricketY 0.216 0.373 0.438 0.176 0.164 0.389 0.421 0.824 0.862 0.888 0.767 0.664 0.874 0.885
CricketZ 0.168 0.337 0.28 0.209 0.059 0.331 0.366 0.822 0.852 0.868 0.715 0.52 0.864 0.877

DLD 0.285 0.396 0 0.164 0.348 0.392 0.378 0.761 0.727 0.138 0.728 0.704 0.782 0.789
ECGFiveDays 0.019 0.002 0.526 0.071 0.24 0.02 0.627 0.513 0.5 0.817 0.548 0.648 0.513 0.862

FaceAll 0.313 0.462 0.624 0.345 0.382 0.661 0.843 0.871 0.893 0.925 0.797 0.77 0.916 0.959
FaceFour 0.328 0.618 0.39 0.357 1 0.573 0.774 0.739 0.81 0.758 0.699 1 0.79 0.901

FacesUCR 0.358 0.708 0.626 0.268 0.378 0.648 0.864 0.873 0.935 0.926 0.676 0.718 0.919 0.963
FiftyWords 0.444 0.719 0.603 0.278 0.343 0.665 0.704 0.905 0.959 0.951 0.852 0.749 0.956 0.958

FordB 0.003 0.291 0.011 0.05 0.071 0.035 0.253 0.502 0.604 0.508 0.532 0.548 0.522 0.609
GMAD3 0.294 0.429 0 0.369 0.307 0.537 0.43 0.883 0.879 0.036 0.92 0.905 0.933 0.935

GPZ1 0.21 0.382 0 0.05 0.459 0.452 0.779 0.764 0.779 0.164 0.653 0.803 0.792 0.918
GPZ2 0.165 0.357 0 0.055 0.305 0.455 0.733 0.755 0.782 0.164 0.708 0.73 0.792 0.892

GPOVY 0.001 0.344 1 0.344 1 1 1 0.499 0.619 1 0.619 1 1 1
Lightning7 0.302 0.488 0.475 0.403 0.449 0.53 0.509 0.77 0.771 0.828 0.793 0.81 0.816 0.831

Meat 0.441 0.521 0.014 0.586 0.576 0.708 0.644 0.704 0.739 0.558 0.789 0.781 0.861 0.76
MP 0.251 0.571 0 0.551 0.668 0.621 0.669 0.705 0.809 0.1 0.869 0.909 0.896 0.906

MPOAG 0.394 0.397 0.391 0.368 0.391 0.4 0.423 0.732 0.732 0.735 0.729 0.734 0.733 0.725
MoteStrain 0.237 0.006 0.496 0.011 0.615 0.453 0.758 0.656 0.506 0.798 0.509 0.846 0.768 0.909
OSULeaf 0.201 0.282 0.464 0.111 0.289 0.457 0.576 0.744 0.731 0.814 0.686 0.711 0.81 0.853
PGWZ 0.548 0.719 0 0.432 0.705 0.602 0.659 0.866 0.914 0.091 0.843 0.9 0.876 0.905
PPTW 0.543 0.567 0.512 0.569 0.517 0.553 0.591 0.802 0.863 0.792 0.801 0.787 0.78 0.787
SGWZ 0.617 0.694 0 0.642 0.855 0.719 0.916 0.869 0.854 0.091 0.885 0.956 0.914 0.978

ShapeletSim 0 0.015 0.32 0.033 1 1 1 0.498 0.507 0.703 0.52 1 1 1
ShapesAll 0.485 0.714 0.635 0.387 0.469 0.756 0.793 0.905 0.964 0.968 0.809 0.848 0.982 0.983

SS 0.316 0.369 0.394 0.234 0.537 0.304 1 0.694 0.717 0.667 0.65 0.74 0.663 1
SARS1 0.672 0.573 0.761 0.291 0.747 0.634 0.859 0.876 0.823 0.905 0.684 0.92 0.871 0.953
SARS2 0.24 0.258 0.478 0.116 0.369 0.415 0.541 0.651 0.668 0.755 0.585 0.681 0.74 0.765

SwedishLeaf 0.439 0.742 0.615 0.554 0.626 0.76 0.749 0.844 0.916 0.923 0.913 0.913 0.942 0.947
Symbols 0.72 0.84 0.82 0.724 0.92 0.952 0.965 0.884 0.917 0.934 0.883 0.975 0.987 0.991

SC 0.582 0.808 0.792 0.805 0.791 0.806 0.995 0.83 0.872 0.922 0.927 0.908 0.897 0.999
TS2 0.037 0.026 0.258 0.003 0.284 0.205 0.31 0.513 0.504 0.602 0.497 0.602 0.694 0.592

TwoPatterns 0.116 0.005 0.018 0.006 0.208 0.32 0.39 0.655 0.622 0.631 0.575 0.686 0.725 0.724
WS 0.282 0.545 0.464 0.204 0.168 0.472 0.554 0.849 0.906 0.9 0.766 0.675 0.899 0.909

AVG NMI/RI 0.295 0.428 0.349 0.299 0.464 0.514 0.632 0.751 0.774 0.626 0.735 0.781 0.830 0.874
Best 0 4 2 0 4 6 29 0 3 3 0 6 5 28

AVG Rank 5.7 3.675 4.7 5.5 3.85 2.93 1.35 5.15 4.425 4.175 5.175 3.925 3.15 1.6

Table 1: Overall performance comparison. AVG NMI/RI indicates average of NMI or RI over all datasets.

Clustering

TFMCC unifies feature learning and clustering within a sin-
gle framework, enabling the model to learn representations
that are inherently aligned with the clustering objective. In
this framework, the cluster-level representationZC serves as
the foundation for determining the final cluster assignment
Y . Specifically, the cluster label for each sample is obtained
by identifying the cluster with the highest predicted proba-
bility in the soft assignment vector generated by the cluster-
level contrastive head. Formally, the cluster assignment can
be expressed as:

Y = argmax
(
gCϕ (Encoder(X))

)
(14)

where gCϕ (·) denotes the cluster-level contrastive head, and
Encoder(·) represents the time series encoder. This formula-
tion allows the learned representations to be directly mapped
to clustering outcomes, ensuring consistency between the
representation space and the clustering structure.

Experiments
Experimental Setup
Dataset and Evaluation Metrics To validate the effec-
tiveness of the proposed model, experiments are conducted
on 40 datasets from the UCR1 (Dau et al. 2019). The cluster-

1AGWX: AllGestureWiimoteX, AGWY: AllGestureWiimoteY,
AGWZ: AllGestureWiimoteZ, DLD: DodgerLoopDay, GMAD3:
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ing performance is evaluated using two widely used metrics:
Normalized Mutual Information(NMI) (Strehl and Ghosh
2002) and Rand Index(RI) (Rand 1971).

Baseline Methods To evaluate the performance of
TFMCC, this paper selects six representative methods
for comparative experiments, including one self-supervised
model (STCN (Ma et al. 2020)) and five unsupervised repre-
sentation learning models (TCGAN(Huang and Deng 2023),
CDCC (Peng et al. 2024), R-Clust (Jorge and Rubén 2024),
TS2Vec (Yue et al. 2022), TimesURL (Liu and Chen 2024)).
Among them, TS2Vec and TimesURL adopt separated opti-
mization strategies, with k-means used for clustering.

Model Architecture and Experiment Details For the
comparative methods, we use open-source code implemen-
tations and follow the parameter configurations and experi-
mental analyses specified in their respective papers. In the
TFMCC model, the temperature coefficients at the time
level, instance level, and cluster level are set as τ t = 0.2,
τ I = 0.2, and τC = 0.5. To optimize the network training
process, we select the Adam optimizer (Yao et al. 2021). The
experiments are conducted on a computer equipped with an
AMD 9800X3D processor, a 5090D (32GB) graphics card,
and 64 GB of memory.

The encoder consists of an input projection layer and an
expanded CNN module. For each input xi, the input pro-
jection layer is a fully connected layer that maps each time
step’s observation xi,t to a high-dimensional space, forming
a vector zi,t. The expanded CNN module includes ten di-
lated convolution blocks, with each block containing a resid-
ual block and a one-dimensional convolution layer. Each
block includes two one-dimensional convolution layers with
dilation parameters (the dilation parameter for the l-th block
is 2l), providing a larger receptive field (Bai, Kolter, and
Koltun 2018).

Overall Performance Comparing
In Table 1, we compare the proposed TFMCC method with
STCN, TCGAN, TS2Vec, TimesURL, CDCC, and R-Clust.
Bold text indicates that the method ranks first in the cor-
responding dataset, while underlined text indicates that the
method ranks second in the corresponding dataset. TFMCC
achieves the highest NMI in 29 out of 40 datasets and the
best RI in 28 datasets. It also achieves the highest average
NMI (0.632), the highest average RI (0.874), and the high-
est average rank, with values of 1.45 (NMI) and 1.675 (RI).
Notably, TFMCC achieves an NMI and RI of 1 in the CBF,
GPOVY, ShapeletSim, and SS.

In the comparison of various deep clustering methods,
TFMCC performs excellently on most datasets. Compared
to methods that separate representation and clustering (such

GestureMidAirD3, GPZ1: GesturePebbleZ1, GPZ2: GesturePeb-
bleZ2, GPOVY: GunPointOldVersusYoung, MP: Melbourne-
Pedestrian, MPOAG: MiddlePhalanxOutlineAgeGroup, PGWZ:
PickupGestureWiimoteZ, PPTW: ProximalPhalanxTW, SGWZ:
ShakeGestureWiimoteZ, SS: SmoothSubspace, SARS1: SonyAI-
BORobotSurface1, SARS2: SonyAIBORobotSurface2, SC: Syn-
theticControl, TS2: ToeSegmentation2, WS: WordSynonyms

Avg.NMI
TFMCC 0.632

w/o TLCL 0.591(-4.2%)
w/o ILCL 0.545(-8.7%)
w/o CLCL 0.584(-4.8%)
w/o MTDA 0.565(-6.8%)
w/o MFDA 0.566(-6.6%)
w/o MTFA 0.545(-8.7%)

Table 2: Ablation results on 40 UCR datasets.

as TS2Vec), TFMCC further improves clustering perfor-
mance by jointly optimizing representation learning and
the clustering objective. Compared to traditional methods
that jointly optimize representation and clustering (such
as STCN, TCGAN, etc.), TFMCC achieves higher-quality
clustering through multi-scale augmentation in both time
and frequency domains. Although CDCC combines both
time-domain and frequency-domain information, TFMCC
utilizes multi-level contrastive learning to leverage the
multi-level information in time series data, resulting in
stronger clustering performance.

Ablation Study
To validate the effectiveness of the components proposed
in TFMCC, Table 2 shows a comparison between the full
TFMCC and its six variants across 40 UCR datasets. Specif-
ically: (1) w/o TLCL removes the Temporal-Level Con-
trastive Loss, (2) w/o ILCL removes the Instance-Level
Contrastive Loss, (3) w/o CLCL removes the Cluster-
Level Contrastive Loss, performs k-means instead, (4) w/o
MTDA replaces the Multi-scale Time Domain Augmenta-
tion with subseries consistency (Franceschi, Dieuleveut, and
Jaggi 2019), (5) w/o MFDA removes the Multi-scale Fre-
quency Domain Augmentation, and (6) w/o MTFA replaces
Multi-scale Temporal-Frequency Augmentation with sub-
series consistency.

The ablation studies demonstrate that TFMCC’s perfor-
mance relies on the synergistic operation of all compo-
nents. Removing the temporal-level contrastive loss reduces
NMI to 0.591 (4.2% decrease), confirming its importance
in capturing temporal dynamics. The instance-level con-
trastive loss proves most critical, with its removal causing
the largest NMI drop to 0.545 (8.7% decrease), as it directly
optimizes inter-sample relationships. Similarly, eliminating
the cluster-level contrastive loss lowers NMI to 0.584 (4.8%
decrease), underscoring its role in cluster structure learning.

The multi-scale augmentation strategies also show sub-
stantial impact: time-domain augmentation removal de-
creases NMI by 6.6%, while frequency-domain removal
causes a 6.8% reduction. When both augmentations are
disabled (MTFA), performance drops by 8.7%, revealing
their complementary nature in capturing multi-scale time-
frequency features.

These results collectively validate that each module con-
tributes uniquely to TFMCC’s effectiveness.

To further assess the effectiveness of multi-scale diversity
in the time and frequency domains, we introduce two con-
trolled variants: w/ FTDA&MFDA and w/ FFDA&MTDA.
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Figure 3: Effectiveness of Multi-Scale Data Augmentation

In w/ FTDA&MFDA, we fixed the cropping ratio for
time domain augmentation throughout training, while still
applying multi-scale frequency domain augmentation. w/
FFDA&MTDA applies a fixed-level DWT coefficient fre-
quency augmentation across training iterations, with multi-
scale time-domain augmentation still operating.

Figure 3 presents the average NMI results on the 40 UCR
datasets. In the left subfigure, the green dashed line denotes
the full method, the red dashed line represents w/o MTDA,
and the blue curve shows the results of w/ FTDA&MFDA
across different fixed cropping ratios. The performance of w/
FTDA&MFDA consistently falls below both the full model
and w/o MTDA, indicating that rigid single-scale temporal
cropping not only limits the ability to capture diverse tempo-
ral structures but also performs worse than strategies lever-
aging subseries consistency.

In the right subfigure, the NMI performance of w/
FFDA&MTDA under different fixed-level DWT coefficients
is shown. The blue curve lies above w/o MFDA (red dashed)
but below the full method (green dashed), demonstrating
that even fixed-scale frequency-domain augmentation brings
measurable gains, while full multi-scale augmentation fur-
ther improves performance by better capturing frequency-
specific characteristics.

Overall, these results highlight the critical role of multi-
scale augmentation in both domains. By introducing dy-
namic diversity across time and frequency resolutions, the
model benefits from enhanced generalization capability,
thereby achieving superior clustering performance.

Parameter Analysis
To assess the impact of temperature coefficients on model
performance, we analyze the key parameters of TFMCC,
namely the time-level (τ t), instance-level (τ I ), and cluster-
level (τC) temperature coefficients, using the FaceAll, Face-
sUCR, SmoothSubspace, and SyntheticControl datasets. As
illustrated in Figure 4, although some datasets exhibit fluc-
tuations under specific temperature coefficient settings, the
clustering ability of the model remains generally stable, with
no significant impact on clustering performance.

Convergence Analysis
We analyze the clustering quality convergence of TFMCC
on the FaceAll, FacesUCR, SmoothSubspace, and Synthet-
icControl datasets, as shown in Figure 5. The results indicate
that as the number of epochs increases, the model’s cluster-

Figure 4: The impact of temperature coefficients

Figure 5: The convergence of clustering performance.

ing performance steadily improves until it reaches conver-
gence. These findings suggest that the proposed clustering
model exhibits ideal convergence behavior.

Conclusion
This paper presents an innovative time series clustering
framework (TFMCC), which significantly enhances the
model’s representation ability and clustering performance
through multi-scale time-frequency augmentation and multi-
level contrastive learning. Experiments on 40 benchmark
datasets show that TFMCC outperforms existing methods in
overall performance. Ablation experiments further validate
the effectiveness of the key modules. Future work will focus
on exploring its application in multimodal data.
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