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Deep Multi-View Contrastive Clustering via
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Abstract—Multi-view clustering (MVC) aims to exploit the
latent relationships between heterogeneous samples in an unsu-
pervised manner, which has served as a fundamental task in the
unsupervised learning community and has drawn widespread
attention. In this work, we propose a new deep multi-view
contrastive clustering method via graph structure awareness
(DMvCGSA) by conducting both instance-level and cluster-level
contrastive learning to exploit the collaborative representations of
multi-view samples. Unlike most existing deep multi-view cluster-
ing methods, which usually extract only the attribute features for
multi-view representation, we first exploit the view-specific fea-
tures while preserving the latent structural information between
multi-view data via a GCN-embedded autoencoder, and further
develop a similarity-guided instance-level contrastive learning
scheme to make the view-specific features discriminative. More-
over, unlike existing methods that separately explore common
information, which may not contribute to the clustering task, we
employ cluster-level contrastive learning to explore the clustering-
beneficial consistency information directly, resulting in improved
and reliable performance for the final multi-view clustering task.
Extensive experimental results on twelve benchmark datasets
clearly demonstrate the encouraging effectiveness of the proposed
method compared with the state-of-the-art models.

Index Terms—Multi-view clustering, graph neural network,
contrastive learning, self-supervision.

I. INTRODUCTION

W ITH the rapid development of multimedia, objects
are usually described by diverse information from

different views with large heterogeneous feature gaps. Multi-
view clustering (MVC), which aims to partition unlabeled
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multi-view samples into different groups via similarity metric,
has been a fundamental and pivotal task for various practi-
cal applications, such as recommendation systems, medical
image analysis, and social network analysis [1], [2]. Over
the past few decades, several methods have been proposed
for MVC, including the subspace learning-based method [3],
graph learning-based methods [4], and matrix factorization-
based methods [5], [6]. For example, Wang et al. [7] applied
an angle regulator based on subspace learning to enhance
the multi-view consistent representation for MVC, and Nie
et al. [8] proposed a self-weighted graph learning method
for MVC by exploring the collaborative representation across
different views. In addition, Zhao et al. [9] designed a deep
multi-view concept learning (DMCL) method by hierarchically
decomposing multi-view data via matrix factorization for
clustering.

In recent years, owing to the powerful feature learning
ability of deep neural networks, deep learning-based MVC
methods have attracted increasing attention owing to their
outstanding clustering performance, and the typical methods
include deep-embedded clustering (DEC)-based [10], subspace
clustering-based [11], [12], and GCN-based approaches [13].
The DEC-based methods apply view-specific encoders to
learn the nonlinear properties of multi-view data for complex
multi-view clustering. For example, Wen et al. [14] designed
a cognitive deep incomplete multi-view clustering network
(CDIMC-net) by combining graph embedding with view-
specific deep encoders to capture the high-level features and
local structure of samples for each view, and Wang et al. [15]
designed a novel generative partial multi-view clustering net-
work (GP-MVC) to explicitly generate missing data through
a generative adversarial network for incomplete multi-view
clustering. Unlike the learning attribute information of DEC-
based methods, subspace clustering-based deep MVC methods
aim to partition multi-view samples into different feature sub-
spaces for MVC [16]. For example, Gao et al. [17] proposed a
cross-modal clustering method that constrains the similarity of
multi-modal data into different subspaces via deep canonical
correlation analysis (DCCA), and Luo et al. [18] proposed a
consistent and specific multi-view subspace clustering network
to simultaneously exploit the view-specific and common repre-
sentations of multi-view samples. In addition, the GCN-based
MVC methods apply graph convolutional neural networks
(GCNs) to exploit the structural relationships of multi-view
data. For example, Cheng et al. [19] designed a multi-view
attribute graph convolutional network (MAGCN) for clustering
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Fig. 1. Basic idea of the proposed DMvCGSA. First, we develop a GCN-AutoEncoder to exploit view-specific attribute features while preserving structural
information. Then, we implement similarity-guided instance-level contrastive learning to align feature representations of different views, and further fuse
view-specific features via an attention fusion module to obtain a more comprehensive representation. Finally, we perform contrastive learning at the clustering
level and conduct a multiple self-supervised strategy to make the clustering results from different views consistent, improving the overall multi-view clustering
performance.

by extracting graph structure relationships from multi-view
data via a multi-view attribute graph convolutional encoder
with an attention mechanism. While most existing deep MVC
methods have achieved impressive clustering performance,
they usually perform feature extraction from a single-source
perspective, i.e., using either an autoencoder to extract attribute
features or graph convolutional networks to extract structural
information, making the extracted features less informative for
modeling complex clustering structures. Additionally, these
MVC methods for cross-view alignment through contrastive
learning [20], [21] usually take the same instance from dif-
ferent views as positive pairs and the rest as negative pairs
(including samples belonging to the same cluster), which pos-
sibly leads to the problem of false negative pairs in clustering
scenarios, resulting in inaccurate clustering results.

In this paper, we propose a new deep multi-view contrastive
clustering method via graph structure awareness (DMvCGSA).
Fig. 1 shows the basic idea of the proposed method. Specif-
ically, we first develop a GCN-AutoEncoder by combining
the autoencoder with the GCN to exploit the attribute fea-
tures while simultaneously preserving the high-order structural
information. Then, we specifically design a similarity-guided
instance-level contrastive learning scheme to pull within-
cluster samples closer and push the between-cluster samples

farther away in the contrastive feature space. Furthermore, we
introduce an instance attention fusion strategy to adaptively
incorporate the information across different views so that more
complementary information can be exploited from multiple
views. Finally, to make the view-specific clustering result
consistent, we perform contrastive learning at the clustering
level and employ a self-supervised strategy to guide the
training of our model. By doing so, the clustering distributions
from different views can be aligned, making the overall
multi-view clustering result accurate and reliable. Extensive
experimental results on twelve widely used datasets clearly
show the promising effectiveness of the proposed method.

The main contributions of this work can be summarized as
follows:
• We propose an end-to-end deep multi-view contrastive

clustering method called DMvCGSA, which can exten-
sively exploit the informative multi-view attribute features
while simultaneously preserving the higher-order multi-
view structural information, resulting in comprehensive
and collaborative multi-view representations for improved
clustering.

• We develop a similarity-guided instance-level contrastive
learning scheme to specifically explore the relationships
between samples within the same cluster, making the
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view-specific features discriminative, and further employ
a cluster-level contrastive learning scheme to align the
view-specific feature clustering results. By doing so, more
informative multi-view representations can be obtained
for accurate multi-view clustering.

• Compared with the state-of-the-art methods, our pro-
posed method achieves superior clustering performance
on twelve benchmark multi-view datasets.

The rest of this paper is organized as follows. In Section II,
we briefly review the related topics. In Section III, we elabo-
rate on the proposed DMvCGSA for multi-view clustering. In
Section IV, we conduct extensive experiments to evaluate the
proposed method. Finally, we conclude this paper in Section V.

II. RELATED WORK

In this section, we first briefly review two related topics,
namely, graph neural networks and contrastive learning, and
then introduce the notation used in this paper.

A. Graph Convolutional Neural Networks

Graph convolutional networks (GCNs) [22] aim to capture
the true insights of graph-structured data (such as molecular
structures and knowledge graphs) via localized graph convo-
lution operations, which have been widely used for diverse
graph-based learning tasks, such as node classification and
graph clustering [23]. For example, Kipf and Welling [24]
proposed a GCN-based graph autoencoder (GAE) by inte-
grating graph structures into node features for unsupervised
representation learning, and Li et al. [25] applied a GCN-
based adaptive graph autoencoder to adaptively learn an
adjacency matrix for structural relationship representation. In
recent years, several studies have applied GCNs to capture
view-specific features for multi-view clustering. For example,
Wang et al. [26] proposed a structure-adaptive unified graph
neural network for multi-view clustering by embedding
view-specific graph structures into a unified heterogeneous
graph to form a consensus representation. In addition,
Wang et al. [27] applied a GCN for incomplete multi-view
clustering by inferring the missing features from GCN-based
neighboring nodes. In this study, we incorporate the GCN into
an autoencoder to extract multi-view attribute features while
preserving the cross-view structural information for a more
informative multi-view feature representation in MVC tasks.

B. Contrastive Learning

Contrastive learning has been widely used for various
unsupervised learning tasks by maximizing the similarity of
positive pairs and simultaneously minimizing that of negative
pairs in contrastive feature space. SimCLR [28] is one of
the most well-known methods for contrastive learning, which
maximizes the similarity between augmented images and
their original counterparts as positive pairs while minimizing
the similarity of other pairs treated as negative samples to
obtain more discriminative representations for self-supervised
learning. Based on SimCLR, Li et al. [29] designed a
contrastive learning network by performing instance- and

cluster-level contrastive learning in the row and column spaces
of the feature matrix for single-view clustering. Moreover,
Xu et al. [20] conducted contrastive learning on both high-level
features and semantic labels to uncover consistent informa-
tion across different views for multi-view clustering, and
Wang et al. [21] proposed a triple-granularity contrastive
learning framework for deep multi-view subspace clustering.
To overcome the false negative pairs in multi-view contrastive
learning, Hu et al. [30] introduced cluster pseudo-labels into
the construction of positive and negative pairs during con-
trastive learning for multi-view representation and clustering.
However, it is noted that pseudo labels are hard to be correctly
predicted at the early training stage. This possibly results in
numerous wrong pseudo labels, making the learned feature
less effective for multi-view clustering. In this study, we
aim to use contrastive learning to explore the consistency
of both the view-specific feature representations and view-
specific clustering results for reliable multi-view clustering.

C. Notation

It is assumed that we have a multi-view dataset consisting of
N samples with V views, represented as X = {X1, X2, . . . , XV }.
The feature matrix in the v-th view is denoted as Xv =

{xv
1; xv

2; . . . , xv
N} ∈ RN×dv , where xv

i ∈ Rdv denotes the feature
vector of the i-th sample and dv denotes the dimension of the
feature vector in the v-th view. To obtain the graph structure
relationship Av of the multi-view data, a similarity relationship

matrix, i.e., S v
i j = e−

‖xv
i −xv

j‖
2
2

2σ2 (i, j = 1, 2, . . . ,N), is usually
constructed to measure the similarity between the xv

i and xv
j

by calculating the Euclidean distance between two samples
in each view. With the constructed similarity matrix S, the
K-nearest neighbor algorithm can be used to construct an
adjacent matrix, referred to as A = {A1, · · ·, Av, · · ·, AV }, in
which Av

i j ∈ RN×N indicates the existence of adjacent edges
between the xv

i and xv
j.

III. PROPOSED METHOD

As shown in Fig. 1, our proposed DMvCGSA consists
of a GCN-AutoEncoder, a similarity-guided instance-level
contrastive learning module, an instance-level attention fusion
module, and a clustering module. In this section, we introduce
the proposed DMvCGSA with the above four submodules in
detail.

A. GCN-AutoEncoder Module

In general, the attribute information describes the inherent
characteristics of the samples, while the structural information
characterizes the relationships among samples of different
views [31]. In this study, we combine the autoencoder with
GCN, named GCN-Autoencoder, to simultaneously exploit the
attribute information and the affinities for multi-view samples.
Specifically, we first encode the multi-view data in v-th the
view into attribute feature descriptors by autoencoding as
follows:

Zv
(l) = φ

�
Zv

(l−1)W
v
enc(l) + bv

enc(l)

�
, (1)
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where Wv
enc(l) and bv

enc(l) represent the weight matrix and bias
of the layer of the autoencoder in the v-th view, respectively.
φ denotes the ReLU activation function. Zv

(l) represents the
attribute features learned by the l-th layer of the autoencoder,
and Zv

(0) denotes the original samples in the v-th view, i.e., Xv.
While attribute feature encoding is performed, we simulta-

neously employ a multi-layer GCN to capture the structural
information of multi-view data, which can be expressed as
follows:

Hv
(l) = f

�
D̃v− 1

2 ÃvD̃v− 1
2 H̃v

(l−1)W
v
(l) + bv

(l)

�
, (2)

where Ãv = Av + In ∈ RN×N and In is an identity matrix. D̃v
ii =P

j Ãv
i j represents the degree matrix of Ãv. f (·) represents the

graph convolution operation of the GCN. In addition, Wv
(l) and

bv
(l) denote the learnable parameter matrix and the bias of the

l-th graph convolutional layer in the v-th view, respectively.
Hv

(l) presents the feature representation obtained by the GCN
in the l-th layer, and Hv

(0) = Xv. After that, we iteratively fuse
the structural information (i.e., Hv

(l−1)) with the attribute feature
(i.e., Zv

(l−1)) in a layer-by-layer manner, as follows:

H̃v
(l−1) = (1 − µ) Hv

(l−1) + µZv
(l−1), (3)

where H̃v
(l−1) represents the combined representation of the

structural and attribute information. µ is a balance coefficient
used to control the weights of the structural information and
attribute features. Notably, H̃v

(l−1) is used as the input of the
l-th layer of the GCN to generate the Hv

(l). In this way,
we can capture the high-order structural information with
simultaneously preserving the inherent attribute information
of the multi-view samples, such that more informative multi-
view representation can be obtained.

To reduce the information loss during autoencoding, we
embed a decoder into the autoencoder to recover the attribute
features (i.e., Zv

(l)) of the multi-view data representation,
referred to as X̂v, and minimize the reconstruction error by
calculating the Frobenius norm between the Xv and X̂v, as
follows:

LR =

VX
v=1



Xv − X̂v


2

F . (4)

B. Similarity-Guided Instance-Level Contrastive Learning

To align data from different views consistently while
enhancing the discriminative power of feature representations,
contrastive learning has been widely employed to simulta-
neously maximize the distance between positive pairs and
minimize the distance between negative pairs [28]. However,
most existing contrastive learning methods [20], [21] directly
use the same instance across different views as positive pairs
and the others as negative sample pairs. This easily leads to
large false negative pairs because the sample pairs have the
same clustering labels but far feature distances.

In general, within-cluster samples usually exhibit high sim-
ilarity, whereas inter-cluster samples display low similarity.
Inspired by this, we define a similarity threshold t, and
the negative sample pairs with greater similarities than this
threshold are considered false negative pairs. Subsequently, we
remove these potential false negative pairs from the negative

sample set, which are not added into the positive sample set
due to their uncertainty as true positive samples. To be more
specific, we first map the view-specific feature (i.e.,Hv) into
the contrastive space representation via two fully connected
layers, as follows:

Fv
i = MLP

�
Hv

i

�
, (5)

where Fv
i represents the embedded feature map of the i-th sam-

ple. Then, we measure the sample similarity in the contrastive
space via the cosine metric as follows:

s
�
Fm

i , F
n
j

�
=

�
Fm

i

� �
Fn

j

�T



Fm
i



 · 


Fn
j




 . (6)

Afterward, the loss between two different views of the same
instance can be calculated as follows:

lmn
i = − log

exp
�
s
�
Fm

i , F
n
i

�
/τI
�

M + U
,

M =

NX
j=1

�
Ih

s
�

Fm
i ,F

m
j

�
<t
i exp

�
s
�
Fm

i , F
m
j

�
/τI
��
,

U =

NX
j=1

�
Ih

s
�

Fm
i ,F

n
j

�
<t
i exp

�
s
�
Fm

i , F
n
j

�
/τI
��
, (7)

where τI is the instance-level temperature parameter [28].
Ih

s
�

Fm
i ,F

n
j

�
<t
i ∈ {0, 1} is an indicator function, that equals 1

when s
�

Fm
i , F

n
j

�
< t, and 0 otherwise. Furthermore, the total

similarity-guided instance-level contrastive loss for all samples
in multiple views can be computed as follows:

LS GCL =
1

2N

VX
m=1

VX
n=1

NX
i=1

I[m,n]lmn
i . (8)

By minimizing LS GCL during contrastive learning, we align
the representations across different views while ensuring that
only the distances between sample pairs with low similarity
are minimized in contrastive feature space. This prevents the
distances between samples that may belong to the same cluster
from increasing during the alignment process.

C. Instance-Level Attention Fusion

Different views of an instance not only share the consistency
information but also convey the view-specific characteristics
of the instance. To extensively exploit the complementary
features of multiple views, we adaptively fuse view-specific
features by calculating the attention weights of each instance
at different views. To be more specific, we first calculate
the intermediate attention weights of the multi-view features,
referred to as B ∈ RN×V , via a feedforward network (FFN),
as follows:

B = FFN
�
concat

�
H1,H2, . . .,HV�� , (9)

where concat concatenates the multi-view features in a
horizontal manner. After that, we calculate the attention coef-
ficients of all instances in each view as follows:

[e1, e2, . . ., eV ] = softmax
�

sigmoid(B)
τ

�
, (10)
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where eV represents the attention coefficient of instances in
the v-thview. τ is a temperature parameter that controls the
sharpness of ev. In addition, the sigmoid function operates
on the intermediate attention weights to avoid an excessively
high score assigned to a view, such that a balanced weight
distribution can be obtained. Finally, we apply an attention
fusion scheme to obtain the consensus representation of mul-
tiple views as follows:

H =

VX
v=1

λv � Hv, (11)

where λv = [ev, ev, . . . , ev] ∈ RN×dv (v = 1, 2, . . . ,V) and
� represents the matrix element-wise multiplication. By
adaptively incorporating different views, complementary infor-
mation from multi-view can be conveyed in the final global
feature descriptor H.

D. Clustering Module

The clustering module includes a cluster-level contrastive
learning module and a multiple self-supervised mechanism.
To make the view-specific clustering consistent with the
final multi-view clustering results, we introduce cluster-level
contrastive learning to exploit the correlation between the
clustering results of different views. First, we conduct view-
specific clustering as follows:

Qv = g (Hv) , v = 1, 2, . . .,V, (12)

where g (·) denotes the view-parameter-shared clustering layer,
including two fully connected layers followed by a Softmax
function. Qv ∈ RN×C represents the cluster assignments for
the v-th view, and C is the total number of clusters. Qv

:, j is the
j-th column of Qv, which denotes the probability values for
all the instances assigned to the j-th cluster in the v-th view.

Inspired by the fact that different views of an instance
usually share similar semantic information, we treat the assign-
ment of the same cluster in different views (e.g., Qm

:, jand Qn
:, j)

as positive pairs, and the others as negative pairs. Similar to
instance-level contrastive learning, we calculate the cluster-
level contrastive loss as follows:

l̂mn
j = − log

exp
�

s
�

Qm
:, j,Q

n
:, j

�
/τC

�
M′ + U′

,

M′ =

CX
c=1

exp
�
s
�
Qm

:,c,Q
m
:, j

�
/τC

�
,

U′ =

CX
c=1

exp
�
s
�
Qm

:,c,Q
n
:, j

�
/τC

�
, (13)

where Qm
:, j and Qn

:, j represent the cluster assignment probabili-
ties of the j-th cluster in the m-th and n-th views, respectively.
τC is the cluster-level temperature parameter [29]. After that,
we can obtain the total cluster-level contrastive learning loss
as follows:

LCCL =
1

2C

VX
m=1

VX
n=1

CX
c=1

�
I[m,n] l̂mn

j − H (Q)
�
, (14)

where H (Q) =
CP

j=1

�
VP

v=1
G
�

Qv
:, j

�
log G

�
Qv

:, j

��
represents the

entropy of clustering assignment probabilities and where

G
�

Qv
:, j

�
=

�
NP

i=1
Qv

i j

�
/N, which is used to prevent a trivial

solution [32]. By minimizing the cluster-level contrastive loss
LCCL, we can extensively leverage the consistency information
among the clustering results of different views, resulting in
improved clustering performance.

Moreover, we introduce a multiple self-supervised strategy
to ensure the consistency of cross-view cluster assignments. To
increase the discriminability of the soft clustering assignments
during Q = g (H) ∈ RN×C , we calculate the unified auxiliary
target distribution P ∈ RN×C [33] as follows:

Pi j =
Q2

i j
CP

j=1
Q2

i j

. (15)

After that, we design a multiple self-supervised loss based on
KL-divergence as follows to train the clustering network in a
self-supervised manner:

LKL = KL

0BBB@
Q +

VP
v=1

Qv

(V + 1)
||P

1CCCA
=

NX
i=1

CX
j=1

Pi j log
Pi j�

Qi j +
VP

v=1
Qv

i j

�
/(V + 1)

. (16)

By minimizing the LKL, we can align the clustering assign-
ments (i.e., Qv and Q) from multiple views with the
high-confidence auxiliary target distribution (i.e., P). As a
result, during multi-view clustering, our proposed method can
adaptively achieve consistent clustering results at different
views.

E. Objective Function

By combining the reconstruction error, similarity-guided
instance-level contrastive loss, cluster-level contrastive loss,
and multiple self-supervised loss (i.e., LR, LHS CL, LCCL and
LKL), our proposed method derives the overall objective loss
function as follows:

L = LR + λ1LS GCL + λ2LCCL + λ3LKL, (17)

where λ1, λ2 and λ3 are the trade-off hyperparameters.
Algorithm 1 summarizes the optimization process of the
proposed network, which can be trained in an end-to-end
manner. The final clustering result Y ∈ RN is obtained from
the clustering prediction probability Q, i.e., Yi = arg max

j∈{1,2,...,C}
Qi j.

IV. EXPERIMENTS

We evaluate our proposed method on twelve public multi-
view datasets and compare it with ten state-of-the-art methods.
All the experiments are conducted with Ubuntu 23.04 run on
a 24 GB NVIDIA GeForce RTX 3090 Linux server. For our
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Algorithm 1 DMvCGSA

TABLE I
SUMMARY OF THE MULTI-VIEW DATASETS

proposed method, we implement the DMvCGSA via PyTorch
2.1.2 and use the Adam optimizer with the default learning
rate of 10−3. In addition, the temperature parameters τ, τI and
τC are empirically set to 10, 1.0, and 0.5, respectively. The
kernel bandwidth of a Gaussian function is fixed at σ = 1.0.
Throughout the experiment, the encoder part of the autoen-
coder consists of five fully connected layers, and the GCN is
composed of five graph convolutional layers. The dimensions
of each layer are input-1024-1024-1024-output. The input
dimension is always the feature dimension of the original data,
and the output dimension is fixed at 512.

A. Databases

We employ twelve widely used datasets to conduct our
comparative experiments, including the Scene-15, MSRC-V1,
BDGP, Reuters, Caltech-2V, Wiki, HandWritten, VOC,

Caltech-3V, Fashion, and Prokaryotic datasets, as summarized
in Table I.

The Scene-15 [34] dataset contains 4,485 images collected
from fifteen categories of indoor and outdoor scenes. Follow-
ing [35], we extract the 20-dimensional global image scene
template (GIST) features and the 59-dimensional pyramid his-
togram of oriented gradient (PHOG) features as two different
scene views for our experiments.

The MSRC-V1 [36] dataset consists of 210 scene images
captured from seven categories, including trees, buildings,
airplanes, cows, faces, cars, and bicycles, and the GIST
features and histogram of oriented gradient features (HOG)
are extracted as two views of the scene images.

The BDGP [37] dataset contains 2,500 Drosophila embryo
images across five categories. Similar to [20], we extract
the 1750-dimensional SIFT features and 79-dimensional gene
ontology textual features as the two views for our experiments.

The Reuters [38] dataset comprises 18,758 newswire
articles collected from six categories, and each article is
represented in five languages such as English, French, German,
Italian, and Spanish. Following [39], we project the languages
English and French articles into 10-dimensional space, using
these projections as the two views of the articles for our
experiments.

The Caltech-2V and Caltech-3V [40] datasets contain
1,400 RGB images collected from seven different categories,
where the Caltech-2V employs the 40-dimensional wavelet
moment (WM) and 254-dimensional census transform his-
togram (CENTRIST) representations as the two views of the
images, and the Caltech-3V extends the Caltech-2V by adding
928-dimensional local binary pattern (LBP) features as the
third view.

The Wiki [41] dataset consists of 2,866 images across ten
categories. In this experiment, we extract the 128-dimensional
SIFT feature and 10-dimensional latent Dirichlet allocation
(LDA)-based feature vectors as the two-view representations
of the samples.

The HandWritten [42] dataset includes 2,000 digital
images of 0 to 9 handwritten characters, and each digital
image contains 200 samples. Similar to [35], we utilize the
76-dimensional Fourier coefficient of the character shapes
and the 64-dimensional Karhunen-Love coefficient as the two
views of the digital images to conduct our experiments.

The VOC [43] dataset consists of twenty clusters of 5,649
image-text pairs, where the images and text are considered as
the two views of the sample pairs, represented as the GIST
feature descriptors and word frequency vectors, respectively.

The Fashion [44] dataset is an image dataset of about
fashion products (T-shirts, coats, etc.), which contains 10,000
samples from a total of ten categories. Similar to [45], we take
pictures of three different design styles of a product as three
views.

The Prokaryotic [46] dataset consists of 551 prokaryotic
samples across 4 categories. Each sample is characterized by
a textual view and two genomic views. The textual view is a
document term matrix that records the TF-IDF [47] reweighted
word frequencies and the genomic views include the proteomic
composition and gene pool.
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TABLE II
ACC, NMI AND ARI OBTAINED BY DIFFERENT METHODS ON EIGHT TWO-VIEW DATABASES, WHERE THE BEST AND SECOND-BEST

RESULTS ARE BOLDED AND UNDERLINED, RESPECTIVELY

The MNIST-10K [48] dataset consists of 10,000 images of
handwritten numbers from 0-9. We use 30-dimensional IsoPro-
jection, 9-dimensional linear discriminant analysis (LDA), and
30-dimensional neighborhood preserving embedding (NPE) as
three different views to perform our experiments.

B. Two-View Clustering Results

Notably, two views are basic multi-view scenarios and are
most widely used for object description [35]. In this subsec-
tion, we conduct two-view clustering experiments to evaluate
our proposed method on eight two-view databases, including
the Scene-15, MSRC-V1, BDGP, Reuters, Caltech-2V, Wiki,
HandWritten, and VOC datasets. For a better evaluation, we
compare our proposed method with state-of-the-art methods,
including typical single-view clustering methods, such as BSV
[49] and Concat [35], and representative deep multi-view
clustering methods, including the DEMVC [50], SiMVC [51],
CoMVC [51], MFLVC [20], DealMVC [52], CVCL [53], SEM
[54] and ICMVC [35] methods. Following the standard evalu-
ation protocol [33], we calculate three widely used metrics to
evaluate clustering performance: accuracy (ACC), normalized
mutual information (NMI), and the adjusted Rand index (ARI).
Following [35], for the single-view-based BSV method, we
perform k-means clustering for each view and report the best
ones as the results. For the Concat method, we first concatenate
features from all views into a common representation and
then perform k-means clustering. All the comparison methods
are repeated five times, and the average evaluation results are
reported, as tabulated in Table II.

Table II shows that our proposed method consistently out-
performs most state-of-the-art methods except on the Fashion
dataset. Specifically, our proposed method achieves obviously

higher ACC, NMI and ARI than the two single-view-based
BSV and Concat methods, possibly because fewer views of
information are used for the single-view methods. Moreover,
our proposed method consistently outperforms deep multi-
view clustering methods such as SiMVC, CoMVC and SEM.
This may be because SiMVC, CoMVC and SEM consider
only instance-level contrastive learning, whereas our proposed
DMvCGSA introduces a similarity-guided instance-level con-
trastive learning strategy to explore between-view consistency
information, such that false negatives can be alleviated during
multi-view clustering information learning and better cluster-
ing performance can be achieved. In particular, our method
outperforms the GCN-based ICMVC and the autoencoder-
based MFLVC, DealMVC and CVCL methods on almost all
the datasets. The reason is that our proposed DMvCGSA
can specifically learn both the structural information and
attribute features of multi-view information, such that the
underlying structure can be accurately characterized, resulting
in improved multi-view clustering accuracy.

We further visualize the t-SNE [55] based on the feature
maps obtained by the proposed DMvCGSA method with
different training epochs, as shown in Fig. 2. Our method can
achieve compact multi-view clustering results with a sufficient
number of learning steps, demonstrating the promising effec-
tiveness of the proposed method.

C. Three-View Clustering Results

To further evaluate our proposed method on multi-view
clustering with more than two views, we conduct three-view
clustering experiments on four three-view datasets, includ-
ing the Caltech-3V, Fashion, Prokaryotic and MNIST-10K
datasets, as reported in Table III. We can see that our proposed
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TABLE III
ACC, NMI AND ARI OBTAINED VIA DIFFERENT METHODS ON THE THREE-VIEW CALTECH-3V, FASHION, PROKARYOTIC AND MNIST-10K DATASETS

TABLE IV

CLUSTERING RESULTS OBTAINED BY DIFFERENT VARIANTS OF THE PROPOSED METHODS BY REMOVING DIFFERENT COMPONENTS FROM THE
DMVCGSA FRAMEWORK ON EIGHT MULTI-VIEW DATASETS

method usually achieves higher clustering performance than
most state-of-the-art methods, which is consistent with most
previous observations in two-view clustering and demonstrates
the promising generality and scalability of the proposed
method for multi-view clustering. It is also noted that our
proposed DMvCGSA obtains slightly lower metric values
than does CVCL and SEM on the Fashion dataset. This
is possibly because CVCL and SEM employs a two-stage
training strategy, including pretraining and fine-tuning, which
can better capture relatively simple structural features with
limited clusters for the Fashion samples by pretraining and
further improve the clustering performance via fine-tuning,
whereas our proposed DMvCGSA is an end-to-end scheme
that cannot achieve a feature learning performance comparable
to that of the two-stage-based CVCL and SEM method.

D. Ablation Studies

Our proposed method mainly consists of the similarity-
guided instance-level contrastive learning, the cluster-level
contrastive learning, and the multiple self-supervised learning

components, corresponding to the losses of the LS GCL, LCCL,
and LKL, respectively. To evaluate the effectiveness of different
components, we retain one and two of the three losses in
the objective learning function and compare them with the
proposed method by combining all three losses. Table IV tab-
ulates the clustering results obtained by different variants of the
proposed method. The variants that combine two losses usually
perform better than those that include only one loss, and
the proposed method achieves the best performance when the
three losses are all considered during clustering, demonstrating
the effectiveness of each component of the proposed method.
The clustering performance can also be significantly improved
when the instance-level and cluster-level contrastive learning
modules are embedded. This is because the instance-level
and cluster-level contrastive learning modules of the proposed
method can effectively exploit the consistency information
from multi-view data, avoiding errors caused by redundant
information such that the robustness and reliability of the
clustering results are enhanced.

Moreover, to test the GCN-AutoEncoder of the proposed
method, we replace GCN-AutoEncoder with the autoencoder
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Fig. 2. t-SNE visualization of the latent representations obtained by
the proposed DMvCGSA method with (a) epoch =0, (b) epoch =50,
(c) epoch =150, and (d) epoch =500 on the HandWritten database.

TABLE V

ABLATION STUDY OF THE GCN-AUTOENCODER MODULE

alone (referred to as (w/o) GCN) and the GCN alone (referred
to as (w/o) AE), respectively, and tabulate the comparative
multi-view clustering results in Table V. As can be seen,
the proposed method embedded with GCN-AutoEncoder con-
sistently outperforms the other two variants on all datasets.
This is because GCN-AutoEncoder can simultaneously capture
the intrinsic attribute features via the autoencoder and the
high-order structural information via the GCN such that more

informative representations can be exploited for multi-view
clustering. It is noted that there is a significant performance
drop on the Caltech-2V dataset when only the GCN layers are
used. This is possibly because the Caltech-2V samples have
complex scenarios and diverse feature distributions, making
the clustering accuracy heavily relying on the attribute infor-
mation of multi-view samples extracted by the autoencoder.

E. Parameter Sensitivity

Our proposed method contains six hyperparameters, includ-
ing the number of neighbors (i.e., K), the threshold for
similarity-guided instance-level contrastive learning (i.e., t),
the balance coefficient (i.e., µ), and the trade-off parameters
(i.e., λ1, λ2, and λ3). To the best of our knowledge, there is
no effective way find the optimal values of these parameters
directly for different kinds of datasets due to the diverse
characteristics of the samples. In this study, we mainly analyze
the performance of the proposed method versus different
values for each parameter on the MSRC-V1 dataset, as shown
in Fig. 3.

Specifically, Fig. 3(a) shows the clustering performance
plotted versus different values of K, and the proposed method
usually achieves the best performance when K is set to
approximately 8-11. This is because a small value of K usually
results in a sparse adjacency matrix, discarding the affinity
information among genuine neighboring samples, while a large
K value possibly produces inaccurate neighborhood relation-
ships among samples.

Fig. 3(b) depicts the clustering performance of the proposed
method plotted versus different values of the threshold t
selected from the candidate set of {0.5, 0.6, 0.7, 0.8, 0.9, 1.0},
and the best clustering performance is achieved when t is 0.8.
This is because a small value of t possibly discards the true
negative pairs. As a result, the diversity of the negative sample
set is significantly reduced, making the proposed method hard
to obtain clear boundaries of different clusters. Conversely,
a large value of the t possibly misclassifies the intra-cluster
samples as negative pairs, resulting in the destruction of the
intra-cluster structure.

Moreover, to study the impact of the balance coeffi-
cient µ, Fig. 3(c) shows the clustering performance of the
proposed method with different values of µ selected from
{0.0, 0.1, 0.3, 0.5, 0.7, 0.9, 1.0}, in which µ = 0.0 indicates that
only the GCN is used and µ = 1.0 indicates that only the
autoencoder is used during feature encoding. Our proposed
method usually achieves better clustering performance when
µ is 0.5, demonstrating the effectiveness of the developed
GCN-Autoencoder module for exploring both the structural
and attribute information in multi-view feature representations.
Theoretically, our proposed method with a small value of the
µ focuses most on learning graph structure information. This
makes the node embeddings of the multi-view data similar,
possibly resulting in over-smoothing problem. By contrast,
the proposed method with a large value of the µ focuses on
learning the attribute information of multi-view data. As a
result, it is hard to obtain the high-order structural information,
thereby limiting the clustering performance.

Authorized licensed use limited to: NANJING UNIVERSITY OF AERONAUTICS AND ASTRONAUTICS. Downloaded on August 20,2026 at 14:42:30 UTC from IEEE Xplore.  Restrictions apply. 



3814 IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 34, 2025

Fig. 3. Clustering performance of the proposed method in terms of the ACC, NMI and ARI versus different values: (a) number of neighbors K,
(b) threshold t, (c) balance coefficient µ and (d) - (f) trade-off parameters λ1, λ2, and λ3.

Fig. 4. Clustering results and corresponding objective function values of the proposed method on the (a) Scene-15, (b) HandWritten, (c) MSRC-V1,
(d) Caltech-2V, (e) Wiki, (f) Reuters, (g) VOC and (h) BDGP datasets.

Finally, Figs. 3(d), (e), and (f) present the clustering results
of the proposed method with different values of λ1, λ2 and λ3,
respectively. The clustering results of the proposed method
fluctuate slightly with different values of λ1, showing less
sensitivity to the parameter, whereas the proposed method
usually achieves the best performance when a relatively
large λ2 value is set. The main reason is that cluster-level
contrastive learning module can directly capture the global
cluster structure information, thereby learning more clustering-
friendly feature representations. In addition, the proposed
method achieves a better performance when λ3 is set to
a smaller value, because the multiple self-supervised loss
with such a small coefficient value can better align the
multi-view clustering results with a high-confidence target
distribution.

F. Convergence Analysis

Fig. 4 shows the multi-view clustering results and the
corresponding objective function values on all datasets. It is
observed that the proposed method can usually converge in
about 200 to 400 epochs, demonstrating the rapid convergence
speed of the proposed method.

V. CONCLUSION

In this paper, we propose a new deep multi-view clustering
network via graph structure awareness, named DMvCGSA,
which first extracts view-specific structural information and
attribute features via the integration of GCN with autoen-
coder, and then performs double contrastive learning at
both the instance and cluster levels to make the multi-view
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representation collaborative and view-specific clustering
results consistent, resulting in improved multi-view clustering
performance. Extensive experimental results on twelve widely
used datasets clearly demonstrate the effectiveness and scala-
bility of the proposed method for multi-view clustering. For
future studies, extending our proposed method to an incom-
plete multi-view clustering scenario may be an interesting
direction.
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