
Journal of Applied Science and Engineering, Vol. 28, No 11, Page 2491-2499 2491

Mining Data Patterns In Chinese-English Translation Via Multi-granularity
Contrastive Learning

Baoying Yang

School of Foreign Languages, Zhengzhou University of Science and Technology, Zhengzhou, 450064, China

Corresponding author. E-mail: byyang2024@163.com

Received: Jan 18, 2025; Accepted: Mar 13, 2025

Multi-view clustering-based multilingual data pattern mining has received significant attention in recent years
due to its ability to fully leverage the complementary and consistent information from multiple languages. Al-
though existing methods achieve encouraging performance, they often jointly optimize representation learning
and pattern mining within a single feature space, which may degrade the effectiveness of multilingual data
pattern mining. To address this issue, this paper proposes a multi-granularity contrastive learning-based deep
multilingual data pattern mining method (MCL), which consists of three view-invariant learning modules: struc-
ture learning, semantics learning, and partitioning learning. MCL integrates these three levels of view-invariant
learning into an end-to-end framework, comprehensively exploiting the consistency and complementarity of
multi-view data, thereby significantly improving the accuracy and robustness of multilingual data pattern
mining. Finally, through extensive experiments on five datasets, MCL shows to establish a new benchmark for
ACC, NMI, and PUR, proving its superiority and effectiveness.
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1. Introduction

With the acceleration of globalization and the widespread
adoption of digital technologies, multilingual data has ex-
perienced explosive growth on the internet, social media,
corporate documents, and cross-cultural communications
[1, 2]. This multilingual nature reflects the diversity of
human society while also presenting new challenges for
data-driven research and applications. Traditional single-
language data mining methods are often limited to the
grammatical structures, semantic expressions, and cul-
tural contexts of specific languages, making them difficult
to directly adapt to multilingual scenarios. For instance,
English-centric models may fail when processing morpho-
logically rich languages (e.g., Arabic) or character-based
languages (e.g., Chinese) due to incompatible feature rep-
resentations. Against this backdrop, multilingual data pat-

tern mining has emerged, aiming to extract universal or
language-specific latent patterns from heterogeneous lan-
guage data through cross-lingual alignment, transfer learn-
ing, and semantic generalization techniques. These efforts
support tasks such as cross-lingual information retrieval,
machine translation, sentiment analysis, and knowledge
discovery [3].

In recent years, deep learning-based multi-view clus-
tering methods have made significant progress in mining
multilingual data patterns, via considering each language
as a view [4]. Initially, deep clustering methods combined
autoencoders with clustering algorithms to alternately or si-
multaneously perform feature representation learning and
clustering, achieving better results than heuristic methods.
For examples, Xu et al. utilized autoencoders to learn the
embedding representations of multiple views and then se-
quentially trained them to collaboratively extract consistent
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complementary information [5, 6]. Xiao et al. applied graph
convolutional networks to each view to capture comple-
mentarities and learn discriminative representations, then
adaptively combined attribute and structural information
across different views to capture consistent information [7,
8]. Additionally, contrastive learning, due to its unsuper-
vised nature, has been explored for learning discriminative
feature representations that differentiate clusters without
labels, effectively integrating multi-view information and
achieving superior performance [8–11].

Despite the significant advancements made by existing
methods in deep contrastive multi-view clustering, they
still faces two critical challenges exacerbated by the het-
erogeneous nature of cross-lingual environments: (1) Ob-
jective conflicts in single latent space: they often enforce
multiple constraint objectives (e.g., cross-view alignment,
discriminative feature learning) within a single latent space.
However, these objectives may inherently conflict due to
their divergent optimization goals. For instance, features
optimized for one task (e.g., view-specific reconstruction)
might act as noise for another task (e.g., cross-view consis-
tency), leading to compromised discriminative power and
suboptimal clustering. Existing approaches that naively
combine losses in a shared representation layer fail to re-
solve this paradoxical interference, resulting in entangled
and task-conflicting features. (2) Current methods typically
treat cross-view pairs of the same sample as positives and
all other pairs (even semantically similar samples within
the same view) as negatives. This rigid binary contrastive
strategy ignores intrinsic intra-view similarities, forcing dis-
similarity between samples that should belong to the same
cluster. Consequently, the learned representations push
semantically related samples apart within the same view,
violating cluster cohesion and undermining cross-view con-
sistency. This dual failure—intra-view fragmentation and
inter-view misalignment—directly harms the model’s abil-
ity to recover unified cluster structures across views.

To address these challenges, a multi-granularity con-
trastive learning based deep multi-view clustering (MCL)
is proposed for mining multilingual data patterns, which
consists of the view-invariant structure learning, the view-
invariant semantics learning, and the view-invariant par-
titioning learning. Specifically, MCL conducts view-
invariant structure learning to align low-level features of
multi-view data within the encoder-decoder architecture
for learning inherent information of each samples. Then,
MCL conducts the view-invariant semantic learning by in-
troducing global structural relationships as soft weights
for negative samples to enhance intra-class compactness.
Meanwhile, MCL conducts the view-invariant partition-

ing learning via maximizing the mutual information be-
tween cluster distributions between views to ensure the
partitioning consistency. The three levels of granularity in
contrastive learning collaborate in a non-fusion manner
within an end-to-end framework, exploring the consistency
and complementarity information in multi-view data more
comprehensively. Finally, through extensive experiments
on five datasets, MCL shows to establish a new benchmark
for ACC, NMI, and PUR, proving its superiority and effec-
tiveness.

The contributions of this paper are threefold:

• A deep multi-granularity multi-view contrastive clus-
tering is proposed via conducting the view-invariant
structure learning, the view-invariant semantic learn-
ing, and the view-invariant partitioning learning
within different spaces, which effectively mines multi-
lingual data patterns.

• An adaptive structure contrastive loss is designed to
learn semantics divergence between multi-view data,
which enhances intra-cluster compactness and inter-
cluster separability.

• Numerous results on five datasets from different fields
demonstrate MCL sets a new cutting-edge baseline in
the multilingual data mining task.

The structure of the paper is as follows: Section 2 pro-
vides a detailed description of MCL; Section 3 evaluates
the performance of MCL on several standard datasets, with
a comprehensive comparison to existing techniques; Sec-
tion 4 summarizes the key contributions of this work and
outlines directions for future research.

2. Methodology

Given a multilingual dataset {x1
i , x2

i , . . . , xV
i }

n
i=1, where V

is the number of languages, n is the number of samples,
and xv

i ∈ RDv represents the i-th sample from the v-th
language type, Dv denotes the data dimension of the v-
th language type. Multilingual pattern mining aims to
group data samples into K meaningful categories by lever-
aging the similarity between cooperative samples and the
difference between categories without requiring manual
annotations. To achieve this goal, a multi-granularity con-
trastive learning-based deep multilingual data pattern min-
ing method (MCL) is proposed, which consists of the view-
invariant structure learning, the view-invariant semantics
learning, and the view-invariant partitioning learning, as
shown in Fig. 1.
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Fig. 1. The illustration of MCL, containing the
view-invariant structure learning, the view-invariant

semantics learning, and the view-invariant partitioning
learning.

2.1. View-invariant structure learning

View-invariant structure learning aims to align low-level
features of multi-view data within the encoder-decoder
architecture via treating multiple views of samples as the
positive pairs and multiple views of other samples as the
negative pairs, to learn inherent information of each sam-
ple.

Specifically, given the multi-view dataset with n sam-
ples and V views {Xv}V

v=1, the V pairs of the encoder and
decoder are used to map the multi-view data into the latent
space to extract low-level representations:

zv
i = f e

v(xv
i ), x̂v

i = gd
v(z

v
i ) (1)

where f e
v(·) and gd

v(·) denote the v-th view encoder and
decoder, respectively. zv

i and x̂v
i denote low-level repre-

sentations and reconstruction data of the corresponding
sample, respectively. Then, the reconstruction loss is used
to optimize the overall network:

Lrec =
V

∑
v=1

Lv
rec =

n

∑
i=1
∥xv

i − gd
v( f e

v(xv
i ))∥

2
2 (2)

where ∥ · ∥2 denotes the L2 norm. Then, a view-invariant
structure contrastive loss is designed to maximize the struc-
ture consistency between low-level representations:

Ls =
1
2

V

∑
v=1

V

∑
l ̸=v
H(Ts

(v,l), cos(zv, zl)) +H(Ts
(v,l), cos(zv, zv))

(3)

whereH denotes the the cross entropy. Ts is the structure
mask matric that indicates the given pair is positive or
negative between the v-th view and the l-th view. cos(·)
denotes the cosine similarity whose definition is shown as
follows:

cos(zl
i , zv

j ) =
⟨zl

i , zv
j ⟩

∥zl
i∥∥z

v
j ∥

(4)

2.2. View-invariant semantics learning

After learning the inherent structural information of each
sample, a view-invariant semantic learning approach is
designed by introducing global structural relationships as
soft weights for negative samples to enhance intra-class
compactness.

Specifically, to avoid conflicts between the objectives
of view-invariant structural learning and view-invariant
semantic learning, a view-shared multi-layer perceptron
(MLP) network is employed to transform low-level struc-
ture representations into high-level semantic representa-
tions.

hv
i = MLP(zv

i , Ws) (5)

where Ws denotes the network parameters. Then, high-
level semantic representations hv from all views are con-
catenated to obtain high-level semantic fusion representa-
tions h:

h = Fusion(h1, h2, . . . , hV) (6)

where hv = [hv
1, hv

2, . . . , hv
n] ∈ Rn×dv , hv

i ∈ R1×dv , h ∈
Rn×d, d = dv × V. Therefore, the structure relationship
between samples is computed as:

s =
hh⊤

K
(7)

where s is the similarity matrix and each element sij repre-
sents the similarity between sample i and sample j. And
K is the scaling factor. The view-invariant semantics con-
trastive learning is defined as follows:

Lg = − 1
2N

n

∑
i=1

V

∑
v=1

V

∑
l=1

log
ecos(hv

i ,hl
i)/τ

∑n
j=1 e(1−sij)cos(hv

i ,hl
i)/τ − e1/τ

(8)
This loss function leverages contrastive learning princi-
ples to enhance the model’s performance by incorporating
sample similarity as dynamic weights. By explicitly en-
couraging high similarity between positive pairs, it ensures
tighter intra-class compactness in the feature space. At
the same time, the adaptive weighting of negative sam-
ples, guided by their similarity scores, effectively reduces
the influence of noisy negatives while emphasizing hard
negatives. Additionally, the inclusion of a temperature pa-
rameter τ allows for flexible control over the sensitivity
of the contrastive learning process, making it adaptable to
various data distributions and tasks. Overall, this function
improves the model’s ability to learn robust and discrimina-
tive representations while preserving the global structural
relationships among samples.

2.3. View-invariant partitioning learning

Different views are different descriptions of the same sam-
ple and should adhere to a consistent cluster assignment.
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To this end, a view-invariant partitioning learning is de-
vised via maximizing the mutual information between clus-
ter distributions between views to ensure the partitioning
consistency.

Specifically, a view-shared clustering head is devised
with the help of the MLP network to extract soft cluster
assignments across views:

qv = MLP(hv, Wc) (9)

where Wc denotes the network parameters of the clustering
head. Then, the mutual information I(qv, ql) between inter-
view cluster partitioning is maximizing via:

max(q(v), q(l)) =
∫∫

p(q(l)|q(v))p(q(v))

log
p(q(l)|q(v))

p(q(l))
dq(v) dq(l)

= KL(p(q(l)|q(v))p(q(v))

∥ p(q(l))p(q(v)))

(10)

where KL(· ∥ ·) denotes the Kullback-Leibler (KL) diver-
gence. While KL divergence is a widely used metric for
measuring the dissimilarity between probability distribu-
tions, it is inherently unbounded and can lead to instability
during optimization. To address this issue, the Jensen-
Shannon (JS) divergence is used as a substitute for KL di-
vergence. JS divergence is a symmetric and bounded mea-
sure, offering better numerical stability and interpretability.
The reformulated optimization objective is given by:

max I(q(v), q(l)) = JS(p(q(l) | q(v))p(q(v))

∥ p(q(l))p(q(v)))
(11)

By leveraging JS divergence, the model ensures robust op-
timization of the mutual information, facilitating effective
alignment of inter-view cluster assignments. This frame-
work captures shared semantics across views, preserves
structural consistency, and mitigates the impact of noisy
or redundant features in individual views, leading to a
more unified and interpretable representation. Based on
the variational estimation of JS divergence,

max I(q(v), q(l)) = E(q(v) ,q(l))∼p(q(l) |q(v))p(q(v))[
log ρ

(
T
(

q(v), q(l)
))]

+ E(q(v) ,q(l))∼p(q(l))p(q(v))[
log
(

1− ρ
(

T
(

q(v), q(l)
)))]

(12)

To practically achieve mutual information maximization
and enhance consistent learning across multi-view data,
negative sample estimation is applied. In this approach,

positive and negative pairs of data are constructed based
on their respective representations. The function ρ(T())
serves as a discriminator, distinguishing between positive
and negative sample pairs. This process enables the model
to maximize the correlation between views, ensuring that
shared semantics are effectively captured while promoting
robust feature alignment across different views. Mean-
while, to avoid trivial solutions, define a cluster entropy
maximization loss:

Lc = −
V

∑
v=1

K

∑
k=1

(
1
n

n

∑
i=1

qv
ik

)
log

(
1
n

n

∑
i=1

qv
ik

)
(13)

Finally, the semantic label of the i-th sample is calculated
via:

yi = arg max
k

(
1
V

V

∑
v=1

qv
ik

)
(14)

2.4. The overall objective function

MCL utilizes the loss L to train the overall architecture with
stochastic gradient descent optimization algorithm:

L = Lrec + αLs + βLg − γmaxI(q(v), q(l)) + Lc (15)

where α, β and γ are hyperparameters that are used to bal-
ance three view-invariant learning. The detailed training
process is shown in the table 1. The optimization of the
objective function in Eq. 16 is carried out using stochastic
gradient descent (SGD). At each training iteration, a mini-
batch of samples is randomly selected from the multi-view
dataset. For this mini-batch, the reconstruction loss Lrec the
structure-preserving loss Ls, the global relationship loss Lg,
and the mutual information term I(q(v), q(l)) are computed.
These components are combined using the hyperparame-
ters α, β, and γ to compute the total loss L as defined in
Eq. 16. The model parameters θ are then updated using the
gradient of the loss function with respect to the parameters,
following the update rule:

θ ← θ − η
∂L
∂θ

(16)

where η denotes the learning rate. This process is repeated
iteratively until the stopping criterion is met, such as the
predefined number of iterations or the convergence of the
loss function. The use of SGD ensures efficient optimization
of the objective function, enabling the model to learn view-
invariant features that are effective for clustering. The
detailed information is shown in Table 1.
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Table 1. Algorithm Flow of MCL

Input Multi-view dataset X = {x1
i , x2

i , . . . , xV
i }

n
i=1, number of training iterations N, hyperparameters α, β, γ.

Output Clustering results {yn
i }i=1.

Loop Repeat the following steps until the number of iterations reaches N:
Step 1 Obtain low-level structure representations zv using multi-view autoencoders.
Step 2 Obtain high-level semantic features hv through the MLP network.
Step 3 Compute the fused representation h.
Step 4 Obtain the structure relationship matrix s.
Step 5 Compute the reconstruction loss Lrec using Eq. (2).
Step 6 Compute the view-invariant structure learning loss Ls using Eq. (3).
Step 7 Compute the view-invariant semantics learning loss Lg using Eq. (8).
Step 8 Compute the view-invariant partitioning learning using Eq. (12).
Step 9 Compute the combined loss L using Eq. (14).
Step 11 Optimize the MCL using the stochastic gradient descent strategy.

Table 2. The detailed statistics of five datasets.

Datasets BDGP CCV Caltech-5V CLS MARC
Class 5 2000 7 2 5
Sample 20 6773 1440 4000 2000
View 2 3 5 4 6

3. Results and discussion

3.1. Setup

Dataset and Metric: Five datasets are utilized in the exper-
iments [10, 11]. The detailed dataset statistics are shown
in Table 2. BDGP dataset is collected from the berkeley
drosophila genome project and contains 2500 samples form-
ing two views of the dataset. Columbia Consumer Video
(CCV) dataset is an internet video dataset that encompasses
a wide range of real-world daily life scenes such as family
gatherings, travel, street scenes, and sports activities, with
6773 samples across 20 categories. Caltech-5V dataset is a
multi-view RGB image dataset, with 1440 samples across 7
categories. CLS dataset is a cross-lingual sentiment classifi-
cation dataset with four language views, containing 4000
samples across 2 categories. MARC is an Amazon prod-
uct review dataset with six language views, containing
2000 samples across 5 categories. ACC, NMI, and PUR are
used to validate the performance between methods. ACC
measures the degree of alignment between the model’s pre-
dictions and the true labels, representing the proportion of
correctly classified samples out of the total samples. NMI
measures the information shared between the clustering
results and the true labels, with higher values indicating
stronger consistency between the clustering results and the
true categories. PUR evaluates the purity of the cluster-
ing by calculating the proportion of the most frequent true
category in each cluster, reflecting the effectiveness of the
clustering.

Implementation Details: All the experiments are imple-

mented by Python on the RTX 3090 GPU . In the exper-
iments, all datasets are reshaped into vectors, and au-
toencoders for all views are implemented using fully con-
nected networks with similar architectures. Each view’s
encoder follows a four-layer fully connected structure:
Input_dim → Fc_500 → Fc_500 → Fc_2000 → Fc_512,
while the decoder mirrors the encoder’s architecture sym-
metrically. The latent representations for all views are then
transformed to a dimensionality of 512. Both the encoder
and decoder employ the ReLU activation function. Addi-
tionally, for each view, a single-layer MLP extracts high-
level features, and another single-layer MLP with a Soft-
max layer constructs the clustering predictor, generating
pseudo-labels for the multiple views. The output dimen-
sion of the clustering predictor corresponds to the number
of clusters. To enhance robustness, normalization is ap-
plied prior to the Softmax output. The output dimension
of the feature MLP is set to 128. The parameters α, β and
γ are set to 0.1, 1, and 0.1 on all datasets, respectively. The
learn rate is set in [0.0001, 0.001]. The number of the batch
size and epoch is set 512 and 500, respectively.

3.2. Comparison with baselines

Comparison baselines: Ten methods are compared on
three datasets about ACC, NMI, and PUR, to demonstrate
the performance of MCL, containing GCFAgg [12], AFMVC
[13], DCP [14], AFI [15], SSMVC [16], MDCN [17], DAMV-
SI [18], MJL [2], ILSK [19], and PTMTC [20].

Comparison results: In the experiment, MCL is com-
prehensively compared with existing methods. The exper-
iment results in the Table 3 and Fig. 2 show that MCL
achieves significant advantages across multiple evaluation
metrics. The reason are threefold: (1) MCL aligns low-
level features across different views without early fusion.
This preserves the local structure and fine-grained details
of each view, ensuring that the fundamental relationships
within each sample remain intact. By mapping features
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CLS MARC

Fig. 2. Comparison results on the multilingual datasets.

Table 3. Comparison results on the BDGP, CCV, and Caltech-5V datastets.

BDGP CCV Caltech-5V

Method ACC NMI PUR ACC NMI PUR ACC NMI PUR

GCFAgg 0.9859 0.9584 0.9339 0.1645 0.2231 0.1004 0.5859 0.5314 0.5639
AFMVC 0.9405 0.9412 0.9456 0.1676 0.2004 0.1445 0.5450 0.5212 0.5458

DCP 0.9491 0.9213 0.9577 0.2212 0.2525 0.2877 0.6491 0.5513 0.6530
AFI 0.9746 0.9457 0.9745 0.2275 0.2664 0.2705 0.6246 0.5012 0.5659

SSMVC 0.9796 0.9458 0.9777 0.2338 0.2442 0.2722 0.5596 0.5300 0.5514
MDCN 0.9378 0.9123 0.9235 0.2258 0.2413 0.2522 0.5090 0.4723 0.5893

DAMV-SI 0.9858 0.9512 0.9858 0.2558 0.2412 0.2978 0.6483 0.5705 0.6498
MCL 0.9860 0.9517 0.9860 0.2643 0.2765 0.3236 0.6621 0.5775 0.6621

to a shared space while maintaining the individuality of
each view, MCL lays a solid foundation for multi-view
clustering. (2) MCL refines inter-sample relationships us-
ing a contrastive learning framework with soft weights for
negative samples. This enhances intra-class compactness
and inter-class separability, leading to more accurate clus-
tering. By focusing on global structural relationships, this
phase strengthens class representations and ensures that
similar samples across views are grouped together effec-
tively. (3) MCL maximizes mutual information between
cluster distributions across views, reinforcing partition con-
sistency. This ensures that clustering structures remain
coherent across different views, preserving their comple-
mentary information. The absence of explicit view fusion
makes MCL adaptable to diverse and heterogeneous data,
improving its robustness and generalization.

3.3. Parameter analysis

To evaluate the impact of the hyperparameters α, β, and
γ, which control the balance between different loss compo-

nents in MCL, we conducted a detailed parameter analysis
on a single dataset in terms of ACC and NMI. The values
of α, β, and γ were varied within the range {10, 1, 0.1, 0.01}.
The results show that MCL achieves optimal performance
when these hyperparameters are set within the range
{0.1, 1}, demonstrating their critical role in balancing multi-
view complementary learning and the robustness of the
model under reasonable settings. Specifically, these hyper-
parameters ensure an effective trade-off among the objec-
tives of concentration, consistency, and comprehensiveness,
thereby improving the quality of representation learning
and clustering performance. However, when any of the
hyperparameters is set too high or too low (e.g., 10 or 0.01),
the model’s performance decreases significantly, indicat-
ing that overly strong or weak contributions from a single
loss component hinder the effective integration of multi-
view information. Overall, these findings highlight the
importance of carefully tuning α, β, and γ, while further
validating the robustness and effectiveness of the MCL
framework in handling multi-view data.



Journal of Applied Science and Engineering, Vol. 28, No 11, Page 2491-2499 2497

BDGP(β V.S.α ) BDGP(γ V.S.α) BDGP(γ V.S.β)

BDGP(β V.S.α) BDGP(γ V.S.α)) BDGP(γ V.S.β)

Fig. 3. The hyperparameter analysis of α, β and γ on the BDGP dataset.

Fig. 4. Multi-view fusion clustering performance on the
Caltech-5V with multiple views.

3.4. View analysis

Based on the results in Fig. 4, it is evident that the perfor-
mance of clustering improves consistently as the number of
views increases in the Caltech-5V dataset. Specifically, the
metrics ACC, NMI, and PUR all show a clear upward trend
from Caltech-2V to Caltech-5V. This highlights the effec-
tiveness of multi-view data fusion in improving clustering
performance. When only two views are utilized (Caltech-
2V), the ACC, NMI, and PUR values are relatively low, at
57, 47.88, and 57, respectively. As the number of views
increases to three (Caltech-3V), the metrics improve signifi-
cantly, with ACC reaching 60.86, NMI increasing to 52.66,

and PUR also rising to 60.86. This indicates that adding an
additional view provides complementary information that
enhances clustering consistency and accuracy. With four
views (Caltech-4V), the performance metrics further im-
prove to 64.86 for ACC, 55.16 for NMI, and 65.21 for PUR.
This continued improvement suggests that incorporating
more views enables a more comprehensive understanding
of the data, capturing both shared and unique information
from different perspectives. Finally, when all five views
are integrated (Caltech-5V), the metrics reach their high-
est values, with ACC at 66.21, NMI at 57.75, and PUR at
66.21. This demonstrates that the fusion of multiple views
maximizes the utilization of diverse information, leading
to more robust and consistent clustering outcomes. In sum-
mary, the progressive improvement across all metrics with
an increasing number of views validates the benefits of
multi-view data fusion. By integrating complementary in-
formation from multiple views, the clustering performance
achieves significant enhancements, demonstrating the im-
portance of leveraging the full potential of multi-view data
for accurate and reliable clustering.

4. Conclusion

This paper proposed the Multi-granularity Contrastive
Learning (MCL) framework for mining multimedia im-
age patterns. The proposed MCL integrates three levels
of view-invariant learning: structure, semantics, and par-
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titioning, within an end-to-end framework. By address-
ing key challenges such as conflicting constraints in a sin-
gle latent space and inconsistent sample representations,
MCL demonstrated robust and consistent clustering per-
formance across diverse datasets. Extensive experiments
validated its superiority in terms of ACC, NMI, and PUR,
setting new benchmarks in multi-view clustering tasks.
The parameter and view analysis further confirmed the
framework’s robustness and the effectiveness of multi-view
fusion. These findings underscore the potential of MCL
as a powerful tool for multi-view data mining, paving
the way for more accurate and comprehensive insights
in multimedia analysis. We will focus on adapting MCL
to dynamic multi-view clustering to better handle evolv-
ing data streams, integrating weakly-supervised learning
to enhance clustering accuracy with limited labeled data,
and developing cross-modal fusion capabilities to lever-
age diverse data types. Additionally, we plan to improve
scalability through graph-based methods and address the
challenges of noisy or missing views to strengthen the ro-
bustness of the framework.
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