
EASEMVC:Efficient Dual Selection Mechanism for Deep Multi-View Clustering

Baili Xiao1, Zhibin Dong1,Ke Liang1, Suyuan Liu1, Siwei Wang2,*, Tianrui Liu1, *, Xingchen Hu1

En Zhu1, *, Xinwang Liu1

1National University of Defense Technology, Changsha, China
2Intelligent Game and Decision Lab, Beijing, China

{xiaobaili,trliu,wangsiwei13,xinwangliu,enzhu}@nudt.edu.cn

Abstract

Multi-view clustering (MVC) has emerged as a leading
paradigm in unsupervised learning, gaining significant at-
tention. Central to this framework is the concept of view-
pair contrastive learning, which aims to maximize mutual
information between pairs of views, thereby facilitating
consistent latent representations. Nevertheless, two criti-
cal challenges remain: i) Identifying the most suitable pairs
of views for contrastive learning becomes difficult when
more than two views are available, especially in the ab-
sence of prior knowledge; ii)Including all available views
in contrastive learning can degrade performance due to
the presence of low-quality views. To address these issues,
we propose a novel mechanism, EASEMVC(Efficient DuAl
Selection MEchanism for Deep Multi-View Clustering).
EASEMVC begins by constructing a view graph using the
Optimal Transport (OT) distance between bipartite graphs
of individual views. A view selection module is then de-
signed to perform efficient view-level selection based on
the topological relationships within the view graph. Ad-
ditionally, a cross-view sample graph is built at the sample
level, where the topological relationships among samples
are used to generate reliable learning weights. Leverag-
ing the selected view pairs and sample weights, contrastive
learning is employed to obtain consistent representations
across views. Extensive experiments across six benchmark
datasets demonstrate that EASEMVC outperforms current
state-of-the-art methods.

1. Introduction
The proliferation of network media and sensor technologies
has made multi-view data readily accessible in the infor-
mation age [9, 18, 57]. Such data encompasses diverse
modalities, including textual categories in the 20 News-
groups dataset [16] and visual features such as HOG [6],

*Corresponding author

SIFT [7], and LBP [25] in Caltech101 [17]. Single-view
representations inherently lack completeness due to their
limited perspective, restricting their ability to capture com-
prehensive data characteristics. Multi-view learning ad-
dresses this limitation by aggregating complementary in-
formation from heterogeneous sources, thereby enhancing
downstream tasks like clustering through enriched seman-
tic diversity and cross-view consistency.

Despite the potential of multi-view clustering (MVC)[8,
9, 35, 36, 38–40, 48, 50, 57], existing approaches face a crit-
ical challenge: how to effectively reconcile view disparities
while preserving view-specific information during cross-
view consistency learning. Current methods often indis-
criminately fuse all views, disregarding quality variations
and redundancy, which degrades clustering performance as
noisy or redundant views corrupt shared representations.

Modern deep MVC frameworks typically integrate
five components: view-specific feature extractors, single-
view self-supervised learning modules(SV-SSL), multi-
view self-supervised learning modules(MV-SSL), fusion
modules and clustering modules [36]. MV-SSL dominates
current research, operating within an information-theoretic
framework [13, 30, 31, 37] and manifesting in three
paradigms:Contrastive learning-based methods [2, 12, 29]
align views by minimizing feature discrepancies.Mutual in-
formation maximization methods [8, 19, 20] optimize inter-
view dependencies.Information bottleneck-based methods
[10, 41, 50] balance compression and relevance.While these
’view-pair’ MVC methods excel in pairwise settings, their
extension to multi-view scenarios remains contentious. For
instance, DCP [20] propose ’complete graph’ and ’core
view’ strategies, yet these ignore prerequisites for valid
view-pair learning, risking information loss when handling
non-redundant views.

A critical limitation persists: current methods assume
uniform view quality and inherent redundancy, leading to
two unresolved issues: i)Degradation of high-quality views:
Forced alignment of disparate views (e.g., V4 and V2 in
Figure 1) distorts view-specific information.ii)Sensitivity
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Figure 1. Original view representation and view-pair learning rep-
resentation. Through view-pair contrastive learning, specific in-
formation of the view is disrupted.

to noisy/redundant views: Arbitrary view pairing (e.g.,
random core view selection) amplifies error propaga-
tion.Contrary to the prevailing assumption that increasing
views monotonically improves clustering, empirical evi-
dence [35, 36] demonstrates performance degradation in
non-redundant multi-view scenarios. This discrepancy mo-
tivates our hypothesis: view-pair MVC efficacy depends on
multi-view redundancyit enhances performance when re-
dundancy exists but harms it otherwise.

To verify the aforementioned hypothesis, we conducted
a preliminary experiment on the Caltech-5V dataset. Inte-
grating essential components from DeepMVC[36], we de-
veloped a CoMVC-like[35] framework. The performance
of individual views was systematically evaluated before and
after view-pair MVC implementation using three standard
metrics: Accuracy (ACC), Normalized Mutual Information
(NMI), and Adjusted Rand Index (ARI). As illustrated in
Figure 2, the experimental results demonstrate that follow-
ing multi-view contrastive learning, the quality of View 1
suffered significant degradation. Concurrently, the cluster-
ing accuracy of multi-view fused features exhibited a no-
table decrease from 84.57% to 73.79%.

Therefore, we revisit the essence of multi-view con-
trastive learning paradigms from an information-theoretic
perspective. Our analysis reveals that existing paradigms
universally rely on the multi-view redundancy assump-
tion. However, this assumption inherently exhibits a non-
transitive property, which serves as the fundamental cause
of representation degradation in current methods due to
their excessive pursuit of view consistency. Comprehensive
theoretical derivations and proofs supporting this conclu-
sion are provided in the supplementary.

Building upon our theoretical insights, we propose an
efficient dual selection mechanism that dynamically selects
appropriate view pairs for cross-view learning without prior
knowledge. This mechanism mitigates the negative im-
pact of low-quality views on high-quality views, and ad-

justs weights based on the optimal transport distance be-
tween view pairs to constrain mutual information during
learning. Specifically, we generate anchors for each view
and construct the corresponding bipartite graphs. The op-
timal transport distance is used to quantify the dissimilar-
ity between the bipartite graphs, from which we build a
view-graph topology. This structure is then employed to
select the most comparable view pairs for further learn-
ing. Meanwhile, we design a unified representation learn-
ing framework that integrates single-view and cross-view
self-supervised learning. The single-view self-supervised
learning captures view-specific information, which is then
mapped to a shared feature space using a shared MLP.
Cross-view sample topologies are built, and view con-
sistency is enforced through weighted sample-level con-
sistency learning. Additionally, clustering-level consis-
tency comparison is incorporated to ensure effective clus-
tering.These components are jointly optimized in an end-to-
end manner for mutual benefit. We refer to this framework
as Efficient duAl Selection mEchanism for deep Multi-
View Clustering(EASEMVC). Extensive experiments on
several challenging multi-view datasets demonstrate that
EASEMVC significantly outperforms numerous state-of-
the-art traditional and deep MVC methods. The main con-
tributions of this work are as follows:
• We propose an efficient view selection mechanism that fa-

cilitates the selection of cross-view pairs for consistency
learning without relying on prior knowledge. This mod-
ule can be seamlessly integrated into existing multi-view
clustering (MVC) frameworks based on view-pairs, en-
abling enhanced cross-view learning.

• We introduce a dynamic weight allocation strategy that
assigns adaptive weights to positive sample pairs ac-
cording to their topological relationships and connectiv-
ity within the graph structure. This approach allows the
model to adjust the contribution of each sample pair dur-
ing cross-view contrastive learning, thereby improving
the robustness and accuracy of the learning process.

• We present an end-to-end deep multi-view learning
framework that jointly learns low-level features, high-
level semantics, view-specific information, and cluster-
ing, thereby enabling mutual enhancement between these
components. Extensive experiments on multiple bench-
mark multi-view datasets demonstrate that our proposed
method significantly outperforms several state-of-the-art
(SOTA) traditional and deep MVC methods.

2. Related Work
The rapid advancement of Internet technologies and data
acquisition methods has significantly increased the preva-
lence of multi-view data. Multi-view clustering (MVC) [9,
24, 32, 43, 51, 55, 58] has emerged as a powerful unsuper-
vised learning paradigm that leverages complementary and
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Figure 2. As the high-quality view is constrained to align with low-quality counterparts during the alignment process, View 1 exhibits
marked quality degradation.

consistent information across multiple data perspectives.
The remarkable success of deep learning, particularly in

unsupervised representation learning [3, 4, 28], has driven
substantial progress in deep multi-view clustering. These
approaches [5, 22, 23, 27, 42] employ deep neural networks
to extract view-specific features while optimizing joint rep-
resentations to enhance clustering performance.

Contrastive learning represents successful unsupervised
learning paradigm [11, 26, 34, 45, 52], which has also been
applied to multi-view clustering. The fundamental concept
can be traced back to [1], where it was proposed that, in
the context of unsupervised learning, invariant representa-
tions can be learned by comparing independent but related
data points. This can be considered to be equivalent to the
process of maximizing the mutual information between dif-
ferent views of the same scene. The classic loss function
of contrastive learning, InfoNCE, is essentially designed to
maximize the lower bound of mutual information. MVC
methods utilizing contrastive learning categorize samples
from the same view as positive pairs, whereas the remain-
ing sample pairs (comprising different samples within and
across views) are designated as negative pairs. [2, 12, 29]
calculate the contrastive loss of different view representa-
tions directly, with the objective of aligning view-specific
feature representations. [8, 19, 20] directly seek to maxi-
mize the mutual information between different views. The
information bottleneck method is based on a fundamentally
different principle than contrastive learning. The informa-
tion bottleneck method seeks to identify a compact repre-
sentation T that maximizes the compression of the source
variable X into T while retaining as much relevant informa-
tion as possible about another variable Y . The original in-
formation bottleneck method was developed in the context
of supervised learning, where the source variable X serves
as data samples and the other variable Y as labels.[10] ini-
tially developed the information bottleneck method for ap-
plication in unsupervised multi-view learning. As previ-
ously outlined in Section 1, these methodologies can be col-
lectively termed view-pair self-supervised MVC. The loss
function calculation processes for these three methods are

detailed in the supplementary materials.
Notably, existing methods lack a unified framework that

simultaneously models view-level and sample-level topo-
logical structures through bipartite graph representations.
Our proposed information-theoretic framework addresses
this gap by integrating selective information extraction with
consistency optimization, effectively eliminating redundant
information while enhancing consensus representation ro-
bustness. This synergistic approach enables mutual rein-
forcement between structural preservation and discrimina-
tive feature learning.

3. Method

This section first describes the problem, Then, we introduce
our proposed EASEMVC framework and elaborate on each
module of the proposed network framework, including a
view selection module, a sample weight learning module, a
contrastive Learning module, and a clustering module.The
EASEMVC framework is illustrated in Figure 3.

3.1. Problem Statement
Suppose the dataset X =

{
X(1),X(2), . . . ,X(V )

}
consists

of V views, where for the data samples in the v-th view,
X(v) =

{
x
(v)
1 ,x

(v)
2 , . . . ,x

(v)
n

}
∈ Rn×dv

. Here, n denotes
the number of data samples in each view, and dv represents
the feature dimensionality of the v-th view. We assume that
the dataset contains K ground-truth clusters.

3.2. Framework Overview
If the assumption of multi-view mutual redundancy does
not hold, issues such as degraded contrast learning and mis-
alignment of representation distributions may arise, compli-
cating the clustering process. To address this challenge, we
propose a novel framework, as illustrated in Figure 3. This
framework consists of a view selection module, a sample
weight learning module, a contrastive learning module, and
a clustering module. The clustering module enables dual se-
lective fusion of consistent information based on both view
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Figure 3. Our EASEMVC framework. The dual-selective contrastive learning mechanism is reflected in the adaptive view selection based
on the view topological graph and the cross-view selection consistency based on the sample topological graph

and sample topologies, thereby improving the quality of
multi-view clustering.

3.3. Adaptive View Selection on Graph Topology
Inspired by [8, 54], we propose a method for obtain-
ing feature representations for each view through view-
independent bipartite graph learning. Specifically, we de-
fine a set G = {G(1),G(2), . . . ,G(V )}, where G(i) repre-
sents the bipartite graph for the i-th view.

To effectively construct each bipartite graph, we first em-
ploy a clustering algorithm to identify key anchor points
within each view. These anchor points serve as foundational
nodes, aiding in the capture of structural information within
the views. Subsequently, we initialize the bipartite graph
for the i-th view as G(i) ∈ Rn×k(i)

, where n denotes the
number of samples and k(i) represents the number of an-
chor points in the i-th view.

Next, to enhance the accuracy and completeness of the
feature representations, we utilize an encoder-decoder ar-
chitecture to perform mapping and reconstruction within
their respective feature spaces for each view. During
the encoding phase, the input data is mapped to a latent
space to extract a low-dimensional representation of high-
dimensional features; in the decoding phase, the system em-
ploys these low-dimensional representations to reconstruct
the original data. This iterative process of mapping and re-
construction allows us to obtain refined bipartite graph rep-
resentations Ĝ(i) = g(f(G(i))), where g(.) and f(.) are

decoder and encoder, respectively.
By iteratively repeating this process during the pre-

training phase, we continuously update the bipartite graphs
for each view, ensuring that the model effectively learns the
deep associations and feature integrations within the inter-
nal structures of the various views.

LREC =

V∑
i=1

||Ĝ(i)Ĝ(i)
T
−G(i)G(i)T ||2F (1)

We construct a view-graph topology by evaluating the bi-
partite graph transfer distances between various views. This
topology effectively captures the distances and similarities
between views, providing a comprehensive framework for
understanding their interrelationships. For each view, we
identify the nearest view based on the calculated distances,
selecting it as the optimal contrasting view for enhanced
contrastive learning.

By focusing on the nearest view, we ensure that the se-
lected contrasting view shares significant structural similar-
ities with the target view, thereby facilitating more effective
feature differentiation and representation learning. This ap-
proach leverages the inherent similarities to highlight subtle
differences, enhancing the model’s ability to learn discrim-
inative features. The view-graph topology thus serves as
an effective tool in contrastive learning, enabling the se-
lection of the most appropriate contrasting views to max-
imize learning efficiency and improve overall model per-
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formance. Specifically, we compute the view graph matrix
WV ∈ RV×V :

wV
ij = DOT (Ĝ

(i), Ĝ(j)) (2)

Inspired by [8],DOT is the process to calculate the bipartite
graph transition distances between Ĝ(i) and Ĝ(i).For any
view i, we can obtain its row vector WV

i,: from WV and
then select the nearest view j based on distance. That is,
selecting the one with the minimum OT distance.

Ultimately, the View Similarity Measure (VSM) outputs
a vector n of length V , where each element n(i) represents
the index of the view that is most similar to view i,i.e.,n =
[n(1), n(2), . . . , n(V )].

3.4. Selective Cross-View Consistency On Sample
Graph Topology

We input the view-specific features {Z(v)}Vv=1 obtained
during the pre-training phase into a shared Multi-Layer Per-
ceptron (MLP). This approach aims to alleviate the poten-
tial conflict between the consistency objective and the re-
construction objective. By utilizing a shared MLP, we can
effectively filter out the view-specific information from
({Z(v)}Vv=1, allowing for cross-view analysis of samples in
a common high-dimensional feature space. The advantage
of using a shared MLP lies in its ability to project features
from different views into a unified feature space, ensuring
that the features across views are comparable.

In this way, we obtain the cross-view high-level features
of the samples, denoted as ZH ∈ RN×V×D, where N rep-
resents the number of samples, V denotes the number of
views, and D is the dimensionality of the output features
from the shared MLP.

We continuously update the cross-view high-level fea-
tures of the samples, denoted as ZH ∈ RN×V×D, ZH =
{zH1 , zH2 , ...zHN} for each sample i, the cross-view feature
zHi using the representation learning module to obtain re-
fined representations ẑHi . We then utilize the Optimal
Transport (OT) distance to measure the relationship be-
tween two samples i and j, and obtain the sample graph
matrix WS ∈ RN×N , where wS

ij = DOT (ẑ
H
i , ẑHj ).

In contrastive learning, a sample with a smaller distance
to others is considered more representative, as it provides
more meaningful similarity information. Thus, closer sam-
ples are more suitable for contrastive learning as they pro-
vide more meaningful similarity information. We measure
the weight of the i-th sample as:

wi =

∑
k ̸=l w

S
kl∑

j ̸=i w
S
ij

(3)

where, wi represents the weight of the i-th
sample,

∑
j ̸=i w

S
ij is the sum of distances from the i-

th sample to other samples, and
∑

k ̸=l w
S
kl is the total

sum of distances between all samples. Perform softmax
normalization on the weights of each sample:

ŵi =
ewi∑N
j=1 e

wj

(4)

3.5. Dual Selection Contrastive Learning Module
In our approach, we first utilize the view selection mod-
ule to choose the most similar view for each view. This
process ensures that in contrastive learning, each view can
be compared with its most relevant counterpart, thereby en-
hancing the model’s ability to capture similarity informa-
tion. Simultaneously, the sample weight learning module
assigns appropriate weights to each pair of samples, reflect-
ing the importance of samples in the learning process. This
allows us to focus more on those samples that contribute
significantly to model training. Subsequently, we employ
constrained weighted contrastive learning to extract optimal
consistency information between views. This method not
only strengthens the consistency among different views but
also improves the model’s robustness and accuracy when
handling complex data.

The multi-view contrastive learning loss function that we
designed is as follows:

LCL =

V∑
m=1

V∑
n=1

1(n = n(V ))ℓ(zm, zn), (5)

where, ℓ(zm, zn) represents the contrastive loss between
the m-th and n-th views. 1(n = n(V )) is the indicator func-
tion, which takes the value of 1 when n is the most sim-
ilar view to the m-th view, and 0 otherwise. The sample-
weighted feature contrastive loss is formulated as follows:

ℓ(zm, zn) = − 1

N

N∑
i=1

log
ŵie

s(zmi ,zni )

τ∑N
j=1

∑
V=m,n

s(zm
i ,zn

i )

τ − 1
τ
(6)

Where τ denotes the temperature parameter, ŵi de-
notes softmax normalization of the weights of each sam-
ple, s(zmi , zni ) denotes the cosine similarity between sample
from two views.

3.6. Clustering Module
We then introduce an effective Deep Divergence Cluster-
ing (DDC) loss [14] to implement the clustering module.
The introduced DDC loss promotes inter-cluster separabil-
ity and intra-cluster compactness.

Here is a detailed description of these three components
along with their specific formulas:

1. Information-Theoretic Divergence Loss: This com-
ponent aims to promote cluster separation by minimizing
the divergence between different clusters. Common diver-
gence measures include Kullback-Leibler (KL) divergence
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or Jensen-Shannon divergence. Assuming P and Q are the
probability distributions of two clusters, the divergence loss
can be expressed as:

Ldivergence = DKL(P ∥ Q) =
∑
i

P (i) log
P (i)

Q(i)
(7)

2. Intra-Cluster Compactness Loss: This component
aims to minimize the distance between data points within
the same cluster to ensure compactness. This can be
achieved by minimizing the Euclidean distance between
data points within a cluster:

Lcompactness =
∑
k

∑
vi,vj∈Ck

∥vi − vj∥2 (8)

where Ck represents the k-th cluster, and ∥vi − vj∥ denotes
the Euclidean distance between data points vi and vj .

3. Geometric Structure Utilization Loss: This com-
ponent leverages the geometric structure of the clustering
space by considering the spatial relationships of data points
in the feature space. It can be achieved by maintaining the
relative distances between data points:

Lgeometry =
∑
i

∑
j

(
∥vi − vj∥

dmax

)
· ⊮(vi ∈ Ck, vj ∈ Cl)

(9)
where dmax is the maximum distance between all data points
in the feature space, and ⊮(vi ∈ Ck, vj ∈ Cl) is the indica-
tor function that takes the value of 1 when vi and vj belong
to clusters Ck and Cl, respectively, and 0 otherwise.

By combining these three components, the DDC loss
function can simultaneously promote inter-cluster separa-
tion and intra-cluster compactness and leverage the geo-
metric structure of the data during the optimization pro-
cess, thereby enhancing clustering effectiveness. Overall,
the DDC loss is given by:

LDDC = ℓdivergence + ℓcompactness + ℓgeometry (10)

3.7. Optimization
In summary, the final loss of our EASEMVC is:

L = LREC + αLCL + βLDDC , (11)

where α and β are hyperparameters that control the contri-
butions of the contrastive learning loss and the DDC clus-
tering loss, respectively. To make a clear presentation,the
specific algorithm flow is shown in Algorithm 1.

4. Experiments
4.1. Datasets and Settings
In this part of the study, we assess the effectiveness of our
introduced model by comparing it to nine other algorithms

Algorithm 1 The Proposed EASEMVC

Require: X(v) =
{
x
(v)
1 ,x

(v)
2 , . . . ,x

(v)
n

}
∈ Rn×dv

, num-
ber of clusters k

1: while not reaching the pretrain epochs do
2: for i = 1 : V do
3: Obtain the initial bipartite graph G(i) on the i-th

view via k-means.
4: The refined bipartite graph Ĝ(i) is obtained

through Eq.(1).
5: The optimal transport (OT) distance wV

ij between
the two bipartite graphs Ĝ(i) and Ĝ(j) is calcu-
lated through Eq.(2).

6: end for
7: end while
8: while not reaching the maximal epochs do
9: Obtain the sample graph matrix WS , calculate soft-

max normalization weights ŵi of each sample-pair
through Eq.(3) and Eq.(4).

10: Compute the view reconstruction loss by Eq.(1).
11: Compute the dual-selective contrastive learning loss

by Eq.(5).
12: Compute the DDC clustering loss by Eq.(10).
13: Jointly optimize the overall loss Eq.(11) by Adam

optimizer.
14: end while
15: return Obtaining the final clustering result.

across six multi-view datasets. Table 2 presents the number
of samples(N), number of clusters(C), number of views(V),
and feature dimensionality(D) for each dataset.

We implement our EASEMVC model in Pytorch 1.12
and carry all experiments on a Ubuntu-22.04 OS environ-
ment with an NVIDIA GeForce RTX 4090 GPU. For model
training, we employ the Adam optimizer with its default
settings and establish an initial learning rate of 0.0001. Ad-
ditionally, we configure the batch size to 256. The pretrain
phase epoch is 200 and main train epoch is 50. The range
for hyper-parameters α and β is [0.001, 1000].

4.2. Comparisons with State of the Arts
For a thorough analysis, we employ four widely-used clus-
tering metrics: accuracy (ACC), normalized mutual infor-
mation (NMI), purity, and F-score. These metrics are cru-
cial for evaluating clustering performance, with higher val-
ues indicating superior results. We conduct a comparative
analysis with two state-of-the-art traditional MVC methods
and eight deep MVC methods. As shown in Table 1, the
performance of our method on all metrics across the five
image datasets surpasses other comparative methods, espe-
cially on HandWritten, UCI, and ALOI-100. We observe
that our method achieved significant success on the ALOI-
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Table 1. ACC, NMI, Purity and F-score comparison of different clustering algorithms on benchmark datasets.(The best result is bolded;
the second best is underlined) O/M refers to out-of-memory failure. - indicates the error of the method itself.

Datasets Conventional Methods Deep Methods
LMVSC[15] BMVC[56] AE2-Nets[53] SDMVC[47] MFLVC[48] DSMVC[33] DEMVC[46] SDSNE[21] SEM[49] SCMVC[44] EASEMVC

ACC(%)
Caltech101-20 47.33 52.64 34.30 49.04 50.92 37.43 33.99 54.19 51.86 47.61 55.87
HandWritten 85.10 75.50 87.82 49.45 86.20 95.25 27.45 87.60 95.10 94.85 96.05

UCI 89.35 85.45 80.57 63.00 92.00 85.45 62.30 84.55 91.20 92.95 93.25
ALOI-100 42.40 63.54 26.90 28.72 23.12 14.89 55.63 O/M 77.78 82.52 83.81

BBC 52.41 75.04 29.34 62.48 49.34 42.77 55.62 85.84 65.26 74.31 83.94
FashionMNIST O/M 60.62 59.91 58.86 O/M 58.33 51.28 O/M 61.62 59.85 62.15

NMI(%)
Caltech101-20 48.40 48.92 42.76 64.13 59.35 47.05 7.16 63.03 50.50 62.93 64.15
HandWritten 80.56 77.52 80.18 51.9 85.53 91.19 29.39 87.75 88.33 89.63 92.67

UCI 83.27 82.52 59.51 64.29 85.40 80.67 60.54 89.05 84.26 87.01 89.42
ALOI-100 55.82 76.99 49.47 64.58 67.88 40.57 77.46 O/M 88.71 92.36 93.17

BBC 43.00 49.26 1.73 54.96 43.14 13.96 32.20 73.40 57.26 53.6 66.58
FashionMNIST O/M 65.28 60.66 64.42 O/M 58.33 59.74 O/M 61.95 58.73 64.50

Purity(%)
Caltech101-20 67.22 62.07 63.97 76.99 70.75 67.10 33.99 73.09 64.15 76.7 77.98
HandWritten 85.10 79.45 87.82 49.85 86.20 95.25 27.45 87.60 87.15 94.85 96.65

UCI 89.35 85.45 80.57 67.05 92.00 85.40 63.15 87.05 91.20 92.95 93.30
ALOI-100 44.09 65.49 27.58 31.09 23.12 15.79 66.86 O/M 80.00 84.36 85.48

BBC 56.20 75.04 35.69 75.47 64.46 47.59 57.23 85.84 77.08 74.31 83.94
FashionMNIST O/M 67.30 63.27 67.05 O/M 56.86 63.37 O/M 63.41 61.60 66.18

F-score(%)
Caltech101-20 41.86 65.70 34.20 55.78 54.13 42.29 35.86 59.70 63.20 57.42 60.36
HandWritten 77.23 71.13 79.35 42.10 85.82 95.27 17.66 87.83 82.09 89.48 96.65

UCI 81.28 78.72 67.65 62.77 92.05 80.67 60.54 89.05 88.62 89.13 89.42
ALOI-100 31.68 50.98 24.59 O/M 12.02 0.36 66.71 O/M 78.24 80.47 82.83

BBC 44.03 62.62 27.03 65.55 43.14 53.32 59.42 85.38 75.47 80.20 83.72
FashionMNIST O/M 54.87 55.35 56.09 O/M 58.03 48.39 O/M 56.83 55.35 61.50

Table 2. Multi-view datasets used in experiments.

Dataset N C V D
Caltech101-20 2386 20 6 48/40/254/1984/512/928
HandWritten 2000 10 6 216/76/64/6/240/47

UCI 2000 10 3 64/76/216
ALOI-100 10800 100 4 77/13/64/125

BBC 685 5 4 4659/4633/4665/4684
FashionMNIST 70000 10 4 944/576/512/640

Table 3. Ablation study on ALOI-100 dataset.

Components Metrics

Lrec LCL LDDC ACC NMI Purity F-score

✓ 70.59 86.45 72.56 67.78
✓ ✓ 75.79 84.83 72.94 75.14
✓ ✓ 78.98 90.84 80.96 76.29
✓ ✓ ✓ 83.81 93.17 85.48 82.83

100 dataset, improving the accuracy (ACC) by 20 points
compared to the second-best method. For text datasets, all
metrics are second best, but the gap with the optimal method
is minimal.

4.3. Ablation Studies
Representation Learning and Clustering Module: To
gain deeper insights into the significance of each module
within EASEMVC, we undertake a comprehensive ablation

study using the ALOI-100 and BBC datasets. The specific
results are delineated in Tables 3 and Tables 4. Our obser-
vations reveal that each module can considerably enhance
clustering performance.

Further, the following seven experiments are designed
to substantiate the efficacy of adaptive view selection on
the view topology graph(VSM) and selective cross-view
consistency on the sample topology graph(SSM). We con-
ducted experiments by equally enabling view-level con-
trastive learning among all views, which eliminated the
adaptive view selection on the view topology graph. Addi-
tionally, by removing the weights of positive sample pairs,
we eliminated the selective cross-view consistency on the
sample topology graph. The results, as depicted in Figures
4(a) and (b), clearly demonstrate that employing contrastive
learning uniformly across all views leads to a notable degra-
dation in clustering performance. This confirms the impor-
tance of adaptive view selection in preserving the quality
of the learned representations. In contrast, as illustrated in
Figures 4(c) and (d), our proposed dual-selection mecha-
nism contrastive learning method effectively mitigates this
learning degradation phenomenon. Specifically, both the
adaptive view selection on the view topology graph and
the selective cross-view consistency on the sample topology
graph are shown to be effective, with the former demonstrat-
ing a more significant impact.
Parameter Sensitivity Analysis: To evaluate the impact
of hyperparameters α and β on the contrastive learning
and DDC clustering losses, we varied their values within
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(a) (b)

(c) (d)

Figure 4. Ablation study of contrastive learning and dual selective
mechanism on ALOI-100 and BBC dataset. AE denotes Autoen-
coder.CL denotes contrastive learning. V denotes adaptive view
selection on the view topology graph(VSM).S denotes selective
cross-view consistency on the sample topology graph(SSM)

Table 4. Ablation study on BBC dataset.

Components Metrics

Lrec LCL LDDC ACC NMI Purity F-score

✓ 54.45 32.7 54.45 55.17
✓ ✓ 78.25 61.56 78.25 74.90
✓ ✓ 57.96 34.84 55.47 54.96
✓ ✓ ✓ 83.94 66.58 83.94 83.72

(a) UCI_digit (b) HandWritten

Figure 5. Sensitivity analysis of hyperparameters α and β.

[0.001, 0.01, 0.1, 1, 10, 100, 1000]. Figure 5 demonstrates
that our method is to the choice of α and β.

4.4. Visualization of Clustering Performance

Furthermore, we visualize the clustering results of
EASEMVC on the HandWritten and UCI-digit datasets.
This include visualizations of both the original features and
the final clusters obtained through our EASEMVC frame-
work, highlighting its effectiveness in improving the clus-

(a) Raw feature (ACC=51.25%) (b) After training (ACC=96.05%)

(c) Raw feature (ACC=66.85%) (d) After training (ACC=93.25%)

Figure 6. Comparison of features before and after training on
HandWritten and UCI-digit dataset

tering performance. As illustrated in Figure 6, it is evi-
dent that the learned representations become more compact
and discriminative. The final representations successfully
cluster similar samples together, resulting in accuracy val-
ues of 97.15% and 92.50 % on the HandWritten and UCI-
digit datasets, respectively. We have demonstrated that our
model can achieve excellent clustering performance.

5. Conclusions
To address the issue of learning degradation in view-pair
learning when multiview redundancy is not satisfied, we
propose a dual selective mechanism contrastive learning
multiview clustering framework. This framework is based
on adaptive view selection on the view topology graph and
selective cross-view consistency on the sample topology
graph. Extensive experiments have demonstrated the su-
periority of our method compared to traditional and deep
state-of-the-art (SOTA) methods. We believe our motiva-
tion merits discussion and will offer valuable new insights
to the multi-view clustering community.
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