B 1 Related Work
1.1 Contrastive Learning

Contrastive learning has become a dominant approach for representa-
tion learning, aiming to distinguish between positive and negative sam-
ples. Owing to its remarkable success, contrastive learning has been
extended to clustering tasks, where the objective is not only to learn
discriminative representations but also to preserve semantic grouping
information. For example, Pan et al. [1] integrated view information
and graph contrastive regularization to learn a high-quality consensus
graph for final clustering. Zhang et al. [2] mapped samples to a joint
space using optimal transport, then took these semantics as supervisory
signals to enhance cross-view contrastive learning, thereby improving
clustering accuracy. Lu et al. [3] preserved modal-specific information
by using cross-modal contrastive learning, achieving higher clustering
performance. Chang et al. [4] incorporated sample uncertainty into
contrastive learning, dynamically adjusting the weight of contrastive
loss to reduce interference from noisy samples.

1.2 Deep Multi-view Clustering

As a central research direction in unsupervised learning, multi-view
clustering (MVC) focuses on exploiting the complementary informa-
tion provided by multiple views of the same object in order to achieve
more accurate clustering results. Recent advances in deep learning
have motivated its application to multi-view clustering [2,3,5-7]. Deep
multi-view clustering leverages deep neural networks to learn non-
linear and hierarchical cross-view representations, further improving
clustering performance. For example, (1) Graph neural network-based
methods: Zhao et al. [8] leveraged a learnable graph to guide the mod-
eling of robust multi-view representations for clustering tasks. (2) In-
formation bottleneck-based methods: Hu et al. [9] enhanced the fea-
ture discriminability by embedding the information bottleneck prin-
ciple into multi-modal representation learning. (3) Subspace-based
methods: Lin et al. [10] integrated Transformer-based autoencoders
with low-rank subspace learning and finally performed spectral clus-
tering on the affinity matrix to obtain promising clustering results. (4)
Contrastive learning-based methods: Wang et al. [11] performed con-
trastive learning at three granularities based on the affinity matrix to
align cross-view representations.

In recent years, multi-view clustering methods based on contrastive
learning have attracted extensive attention. They can be broadly di-
vided into three categories: (1) Feature-level contrastive methods [10,
12,13]. These approaches perform contrastive learning directly on the
instance-level features to maximize the agreement of the same sam-
ple across different views. For example, a selective alignment strategy
is introduced [13], which aligns representations of different views at
the sample level to boost clustering accuracy. (2) Cluster-level con-
trastive methods [5, 7, 14]. Instead of contrasting raw features, these
methods contrast high-level cluster assignments or semantic distribu-
tions across views. For example, Chen et al. [14] explored the semantic
information by contrasting the clustering assignments across multiple
views to ensure consistent label representations. (3) Hybrid methods
combining feature-level and cluster-level contrast [15-18]. For exam-

ple, Hu et al. [17] proposed a joint contrastive triple-learning frame-
work to capture complementary feature and label information across
different views. However, the above methods only focus on aligning
instances themselves across either feature-level or label-level represen-
tations, while neglecting a crucial aspect of the consistency of struc-
tural relationships between different instances. In multi-view data,
although feature distributions may vary across views, the relational
structure among samples is expected to remain consistent. For in-
stance, in an image—text dataset, if two images are visually similar,
their corresponding textual descriptions are also likely to exhibit se-
mantic correlation. Nevertheless, many existing approaches fail to ex-
plicitly account for such cross-view structural consistency, which may
still be semantic confusion under different views, causing intra-class
dispersion and inter-class overlap.

Compared with the above categories, our proposed RCMVC intro-
duces relation-level contrastive learning, which aligns cross-view pair-
wise relationships rather than only individual samples or cluster dis-
tributions. We further incorporate a global guidance mechanism that
provides feature—semantic guidance for each local view.

Table 1 Nomenclature.

Symbol Description

XV Input data from the v-th view.

xy Sample i from XV.

zv Latent feature representation from the v-th view.

z} Sample i from Z".

HS Global feature from global view s.

hi Sample i from H*.

PY Local clustering assignments from the v-th view.

p}’ Clustering assignments of the i-th sample from
the v-th view.

o* Global semantics from global view s.

q. Sample i from Q%.

m Number of views.

k Number of clusters.

n Number of samples in each view.

a, B Balancing parameters in the objective function.

M 2 The Proposed Method

2.1 Problem Formulation

Consider that {Xl, X2, Xm} denotes m distinct input views. For
the i-th view, the observed data is denoted as X! = {xl1 ,xé, ...,xi,} €
R”Xdi, where d' is the feature dimension of the i-th view and n is
the number of samples shared across all views. Each instance x;. €

RY represents a feature vector describing the j-th sample in view i.
{Z L Zz, A Zm} denote the latent feature representations extracted
from {X 1,X2, ol X’"}. HS represents the global feature informa-
tion obtained by fusing the multi-view features {Zi}?il. Correspond-
ingly, {Pl, P2, Pm} denotes the local clustering assignments and
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Fig. 1 Contrast process. Positive relations denote the consistent structure of the same
sample pairs constructed across views, and negative relations capture the inconsistent struc-
ture between heterogeneous sample pairs across such spaces. Accordingly, positive rela-
tions are encouraged to be aligned, ensuring that identical samples remain consistently
close or distant in both spaces. In contrast, negative relations are enforced to diverge, such
that dissimilar samples exhibit inconsistent spatial relations, being close in one space but
distant in the other space.

QF represents the global semantic information. Note that the number
of clusters k is known for the benchmark datasets. This is a widely
accepted setting in clustering tasks. In order to enhance clarity, we list
the main notations used in Table 1.

2.2 Contrast Process
The details of RCMVC are shown in Fig. 1.

2.3 Global Guidance Mechanism

Local representations are guided by both global feature information
and semantic information, yielding representations that are informa-
tive, discriminative and robust.

To align local representations with the global feature information,
we introduce a contrastive loss that pulls the local representation closer
to its corresponding global representation and pushes it away from
other samples:

1 m. n es(@n) /T
Lspc=-—"—"""— log @M
(m-1n ,; ; s (es(z;‘,h;)/‘r])
j=1

where z} denotes sample i from the u-th view, h] denotes sample
from global feature and hj. denotes sample j from global feature.

The above loss establishes a contrastive alignment between the local-
view representation z; and its corresponding global representation /.
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In this way, the global feature representation hf integrates complemen-
tary information from all views. Specifically, (z}', A7) is treated as a
positive pair and will be pulled closer, while (z}/, h;‘.) forms a negative
pair and will be pushed away. This objective encourages each local-
view embedding z;‘ to capture information consistent with the global
view 1} and differ from hj thus mitigating the insufficient information
problem in local views.

To incorporate semantic guidance, we use a contrastive objective
between local clustering assignments and their corresponding global
semantic information:

es(pial)

wn eS(p:-‘,q_f)/Tz
Jj=1

- H(Y), @

where p} denotes clustering assignments of the i-th sample from the
u-th view, g7 denotes sample i from global semantics and qj. denotes
sample j from global semantics.

The global semantic information ¢; encodes cluster information
and provides a stable reference for local representation. p} is expected
to be close to g7 but away from q; This objective encourages each lo-
cal cluster assignment p;‘ to capture information consistent with the
global semantic information g;. It aligns local representations with
their semantic prototypes to ensure that features within the same se-
mantic group are compact, while different groups are separated, im-
proving discriminability.

2.4 Differences with Related Methods

Compared with existing deep multi-view clustering methods, our ap-
proach RCMVC differs in the following aspects: (1) While most exist-
ing methods rely solely on sample-level contrast, RCMVC introduces a
relation-level contrastive module that explicitly aligns pairwise struc-
tural relationships across views. This helps the model preserve the
underlying data structure and improves robustness to view imbalance.
(2) RCMVC further incorporates a global guidance mechanism that uti-
lizes both feature-level and semantic-level information from the global
representation space to guide the learning of individual views. This
helps mitigate the adverse effects of noisy or biased predictions in spe-
cific views and ensures more consistent and reliable cross-view rep-
resentations. Thus, RCMVC enhances clustering quality by tackling
the issues of inconsistent structural alignment and insufficient global
guidance.

2.5 Clustering instead of Prediction

In many real-world predictive tasks, obtaining large amounts of high-
quality labeled data is extremely costly, requiring significant human
effort, expert knowledge, time, and financial resources. Therefore,
compared with supervised learning methods that rely on annotated la-
bels, unsupervised clustering provides a more practical and scalable
solution, as it can automatically discover the intrinsic structure and se-
mantic information of data without requiring manual annotations. Al-
though some benchmark datasets provide true labels, our model never
uses the true labels during training and the true labels are used only for
evaluation.
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Table 2 Details of five well-known multi-view datasets.

Dataset |# View # Samples # Clusters # Dimensionality
Caltech-2V| 2 1400 7 40/254
Caltech-3V| 3 1400 7 40/254/928

Event8 3 1579 8 1000/1000/1000

Hdigit 2 10000 10 784/256

NUS22 2 10155 22 1000/1000

2.6 Differences with Multi-modal Clustering

Multi-modal clustering can be regarded as a special case of multi-
view clustering. Multi-view clustering focuses on integrating multiple
views of the same samples, regardless of whether these views origi-
nate from different feature extractors, sensors, or modalities. Multi-
modal clustering typically refers to cases where the views correspond
to different data modalities (e.g., image—text and audio—visual), which
usually exhibit greater heterogeneity. Although multi-modal data re-
quire more sophisticated alignment or fusion strategies due to larger
semantic and statistical gaps, they still fit naturally into the broader
multi-view framework. Thus, multi-modal methods can be seen as
multi-view methods specialized for particular heterogeneous views.

B 3 Experiments
3.1 Datasets

Five well-known multi-view datasets are shown in Table 2.

Caltech-2V [19] contains a total of 1,400 images categorized into
7 classes. Caltech-3V [19] extends Caltech-2V by adding one more
feature. Event8 [20] is a challenging image dataset composed of 1,579
samples across eight types of sports events. Hdigit [21] contains 10,000
samples with two distint views. NUS22 [22] is a subset selected from
the NUS-WIDE-Object dataset, comprising 10,155 images.

Table 3 Clustering performance on different datasets.

Methods Caltech-2V Caltech-3V Event8 Hdigit NUS22
ethods ACC  NMI ACC  NMI ACC NMI ACC NMI ACC NMI
KM 416 305 463 313 47 207 529 472 125 84
Neuts 399 312 406 254 48 155 600 459 129 74
ALLKM 464 314 469 315 287 116 761 748 128 71
AllNcuts 4928 252 437 255 352 203 675 587 149 94
RMKMC 514 335 595 494 378 273 798 80.1 143 99
LMVSC 560 432 704 589 22 259 970 929 155 129
FPMVS-CAG 551 419 687 532 489 320 910 816 172 123
RCMVC 693 564 717 641 59.0 407 9.8 994 212 142

3.2 State-of-the-art Methods
We compared the proposed RCMVC with four kinds of state-of-the-art
clustering methods.

Single-view Clustering Methods: K-Means (KM), Normalized Cuts
(Ncuts).

All-view Clustering Methods: AlIKM, AllNcuts, implemented by
applying the above single-view clustering methods to the concatenated
multi-view features.

Traditional Multi-view Clustering Methods: RMKMC [23], LMVS¢™

[24], FPMVS-CAG [25].
Deep Multi-view Clustering Methods: MvSCN 1 [26], EAMC

'Website at github.com/XLearning-SCU/2019-1IJCAI-MvSCN

[27], DEMVC 2 [28], SiMVC and CoMVC 3 [13], MFLVC 4 [29],
SPDMC ° [30], CVCL ° [14], ICMVC 7 [31], DIVIDE 8 [5], PDMC-
RCL ? [15] and MSDIB !° [9].

3.3 Implementation Details

We implemented RCMVC using PyTorch 1.12.0 (Python 3.9) on a
Windows 10 platform equipped with an NVIDIA RTX 4090D GPU
(24 GB) and an Intel i7-14700K CPU. In the experiments, we observed
that 100 epochs were enough to achieve stable performance. Each ex-
periment was repeated ten times and the clustering result with the low-
est loss was reported. Our method does not involve any data splitting.
Since clustering is a fully unsupervised task, all samples are used di-
rectly for representation learning and clustering. Therefore, there is no
need for data splits, and the training process is conducted in a batch-
based manner, following common practice in deep multi-view cluster-
ing tasks. The training was performed with a batch size of 256 using
the Adam optimizer with a learning rate of 0.0003. The temperature
hyperparameters 71, 75, 73, and 74 in the four loss functions are all set to
1.0. The trade-off hyperparameters « and 8 were tuned via grid search
in the range (0, 1) with a step size of 0.2. To evaluate the clustering per-
formance, we adopted two widely used clustering metrics: Clustering
Accuracy (ACC) and Normalized Mutual Information (NMI), where
higher scores imply better clustering results.

3.4 Experimental Results

From the experimental results shown in the Table 3, our method achieves
consistent and substantial improvements over both single-view and all-
view clustering methods across all datasets. This demonstrates that
RCMVC is able to effectively exploit complementary information from
multiple views, going far beyond simple feature concatenation or single-
view representation learning. Benefiting from expressive power of
deep learning frameworks, most deep multi-view clustering methods
outperform traditional clustering methods.

3.5 Ablation Study

In this section, the effectiveness of each component of RCMVC is fur-
ther verified by ablation studies. The results shown in Table 4 demon-
strate that the model yields the poorest performance when including
only LgEc in the loss function. However, the incorporation of Lgcy,
or Lrc significantly improves the clustering performance across all
datasets. Adding only Lgc leads to a more significant performance
improvement, demonstrating that enhancing sample-level discriminabil-
ity is crucial for representation quality. Adding only Lrc also im-
proves performance, but to a lesser extent, indicating that relation-level
contrast helps but is insufficient on its own. Because learning discrim-
inative representations is of primary importance, as it enables effective

2Website at github.com/SubmissionsIn/DEMVC

3Website at github.com/Daniel Trosten/mvc

4Website at github.com/SubmissionsIn/MFLVC

SWebsite at www.researchgate.net/publication/376311276_2023-TNNLS-SPDMC-

SWebsite at github.com/chenjie20/CVCL

7Website at github.com/liunian-Jay/ICMVC

8Website at github.com/XLearning-SCU/2024-AAAI-DIVIDE
9Website at github.com/ShizheHu/TIP25_Code_PDMC-RCL
10Website at github.com/ShizheHu/AAAI25_Code_MSDIB
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Table 4 Ablation study on different datasets.

Methods Caltech-2V Caltech-3V Event8 Hdigit NUS22
ACC NMI ACC NMI ACC NMI ACC NMI ACC NMI
() Lrec 52.8 422 575 473 285 134 459 319 11.7 5.7
2) Lrec + LscrL(B=0) 653 522 59.0 54.6 50.7 36.6 91.7 832 17.6 128
3) Lrec + Lrcr(a =0) 544  36.6 582 415 393 20.0 694 511 135 7.1
4 Lrec + Lscr+Lrcr 693 564 717  64.1 59.0 40.7 99.8 994 212 14.2

Fig. 2 Parameter analysis of RCMVC on Caltech-2V, Caltech-3V, Event8, Hdigit and NUS22 datasets.
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Fig.3 Convergence analysis of RCMVC on Caltech-2V, Caltech-3V, Event8, Hdigit and NUS22 datasets.
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Fig.4 Running time analysis of RCMVC on Caltech-2V, Caltech-3V, Event8, Hdigit and NUS22 datasets.

separation of different categories. On this basis, incorporating cross-
sample relational consistency can further enhance structural alignment
and semantic coherence across views. The full model using both losses
achieves the best performance, confirming that the two components are
complementary. When all three loss terms are integrated, our method
achieves the best performance. These findings indicate that each com-
ponent contributes positively to the final clustering results, validating
the necessity of their joint optimization.

3.6 Parameter Analysis

To assess how our method responds to different trade-off parameter
configurations, we performed a grid search over @ and g, setting their
values from O to 1 with a step size of 0.2. The results, depicted in Fig.
2, show that clustering performance remains largely stable across most
datasets, indicating that the proposed method is relatively insensitive
to different parameters. For the Caltech-2V and Caltech-3V datasets,
we notice fluctuations in ACC, which indicates that the influence of
sample-level and relation-level contrastive losses is not uniform across
datasets. Hence, clustering tasks with different data characteristics
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may require distinct balances of cross-view alignment and consistency.

3.7 Convergence Analysis

To verify the convergence of RCMVC, we plotted the variation of the
total loss over training epochs in Fig. 3. As shown, the loss decreases
rapidly during the early training phase and gradually converges to a
fixed value. In addition, we also visualize the clustering performance
in terms of ACC and NMI. Both metrics steadily increase as training
progresses, eventually reaching optimal values. These results confirm
that our method converges effectively.

3.8 Running Time Analysis

To further evaluate the efficiency of the proposed framework, we com-
pare the computational cost of RCMVC with several representative
deep multi-view clustering baselines. We run all the models for 100
epochs, and the results are shown in Fig. 4. The results show that
RCMVC incurs a slightly higher training cost than lightweight con-
trastive frameworks such as CoMVC and CVCL, mainly due to the in-
troduction of relation-level contrastive learning and the global-guidance
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mechanism. However, it is worthy because RCMVC can achieve sat-
isfactory clustering results.
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