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Abstract

Multi-view clustering aims to improve clustering accu-
racy by effectively integrating complementary information
from multiple perspectives. However, existing methods of-
ten encounter challenges such as feature conflicts between
views and insufficient enhancement of individual view fea-
tures, which hinder clustering performance. To address
these challenges, we propose a novel framework, EPFMVC,
which integrates feature enhancement with progressive fu-
sion to more effectively align multi-view data. Specifically,
we introduce two key innovations: (1) a Feature Chan-
nel Attention Encoder (FCAencoder), which adaptively en-
hances the most discriminative features in each view, and
(2) a View Graph-based Progressive Fusion Mechanism,
which constructs a view graph using optimal transport (OT)
distance to progressively fuse similar views while minimiz-
ing inter-view conflicts. By leveraging multi-head attention,
the fusion process gradually integrates complementary in-
formation, ensuring more consistent and robust shared rep-
resentations. These innovations enable superior represen-
tation learning and effective fusion across views. Exten-
sive experiments demonstrate that our method significantly
outperforms state-of-the-art techniques, achieving notable
improvements in multi-view clustering tasks across various
datasets and evaluation metrics.

1. Introduction
In recent years, multi-view clustering[1, 7, 10, 24, 28,

35] has attracted significant attention across a wide range
of domains, including computer vision[41], natural lan-
guage processing[16], bioinformatics[23], and social net-
work analysis[8]. The central goal of multi-view clus-
tering is to effectively integrate information from differ-
ent views to improve clustering accuracy. Unlike single-
view methods, which rely on a single representation of the
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data, multi-view clustering leverages complementary infor-
mation from multiple perspectives[47], enhancing the abil-
ity to capture the underlying structure and diversity within
the data. With the rise of deep learning, deep multi-view
clustering[8, 21, 26, 38, 48, 49] has emerged as a powerful
framework capable of learning complex, high-dimensional
representations. These methods exploit shared patterns
across views, enabling more effective fusion of information
and yielding improved clustering results.

Deep multi-view clustering approaches can be
broadly categorized into three primary methodologies:
reconstruction-based methods [11, 34, 39, 42, 46], graph-
based methods [6, 14, 18, 33, 37], and subspace-based
methods [2, 27, 53]. Reconstruction-based methods
typically utilize autoencoders to learn a shared latent space
that enables the reconstruction of the original data or its
representations [32]. These methods focus on aligning the
different views by learning a common feature representa-
tion, thereby enabling effective clustering. Graph-based
methods, on the other hand, construct topological repre-
sentations of the data by defining relationships between
samples, often through similarity matrices or graphs.
Leveraging graph neural networks (GNNs) or spectral
clustering techniques, these methods aim to learn shared
representations across views while preserving the inherent
structural and proximity information during the clustering
process [40]. Lastly, subspace-based methods focus on
discovering a common subspace across views in which
the data points from different perspectives can be aligned.
Techniques such as canonical correlation analysis (CCA)
and subspace clustering are often employed to minimize
view-specific biases, ultimately enhancing clustering
performance [36]. By utilizing deep neural networks, these
methods capture complex, non-linear relationships between
views, improving both data representation and clustering
effectiveness.

Despite the advancements made by these approaches,
several challenges persist in deep multi-view clustering. A
major issue lies in the direct fusion of information from
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multiple views, which can often lead to conflicts, especially
when views exhibit divergent feature distributions or dis-
crepancies in sample relationships [12]. Without a careful
strategy for addressing these conflicts, naive fusion can re-
sult in suboptimal clustering outcomes. Furthermore, many
existing methods neglect the crucial step of enhancing the
feature channels of individual views prior to fusion. Se-
lective enhancement of feature channels is pivotal for im-
proving the separability of data, as certain features may be
more relevant to the clustering task than others. When fea-
ture enhancement is inadequately performed, the learned
representations risk losing crucial discriminative informa-
tion, thereby degrading the overall clustering performance.
To address these challenges, we propose a novel frame-
work that integrates feature enhancement and progressive
fusion to tackle both intra-view and inter-view issues. As
illustrated in Figure 1, our approach begins by enhancing
the feature channels of each view using the SENet archi-
tecture [9]. This step strengthens prominent features while
suppressing weaker ones, allowing for a more informative
representation of each view. Following feature enhance-
ment, we apply a multi-head self-attention mechanism [30]
to map the enhanced features into a shared latent space,
generating the latent representations for each view. In this
latent space, we compute the optimal transport (OT) dis-
tance between the view representations to construct a view
graph. This graph serves as the foundation for multi-head
attention fusion, which aggregates similar views based on
the view graph to obtain a unified, shared representation
across all views. Additionally, we introduce two key op-
timization modules to further refine the clustering process:
Intra-view Similarity Enhancement and Cross-view Feature
Alignment. The Intra-view Similarity Enhancement mod-
ule improves intra-cluster similarity in the latent space using
contrastive learning, thereby ensuring that clusters are more
compact and distinct. Meanwhile, the Cross-view Feature
Alignment module aligns the latent representation of each
view with the shared representation, ensuring consistency
and coherence across all views. This dual optimization en-
sures that both intra-view relationships and inter-view con-
sistency are effectively preserved, leading to improved clus-
tering performance.

Our contributions can be summarized in three key as-
pects:

• We introduce the Feature Channel Attention Encoder
(FCAencoder), a novel approach that enhances specific
feature channels and employs multi-head self-attention to
encode the latent space.

• We propose a pioneering progressive fusion mechanism
based on a view graph, which constructs a view graph in
the latent space and progressively fuses similar view rep-
resentations. This novel mechanism effectively addresses
the issue of feature conflicts, which often arise when di-

rectly fusing views with differing characteristics.
• Extensive experimental results validate the effectiveness

of our method, demonstrating substantial improvements
in clustering accuracy across various datasets, surpassing
the performance of existing state-of-the-art techniques.

2. Related Work
2.1. Deep Multi-View Clustering

In recent years, deep multi-view clustering has gained
increasing attention within the machine learning commu-
nity. These approaches leverage the powerful representa-
tion learning capabilities of deep learning to learn shared
representations in a latent space[13, 19, 39]. Graph-based
methods often employ the topological structure of the sam-
ples to guide the learning of precise representations. For in-
stance, Ren et al. [25] captured the topological information
between samples by learning a dynamic weighted graph
across views, enabling accurate clustering. Subspace-based
methods focus on leveraging the consistency of multi-view
data in subspace representations while adding constraints
to achieve consistent representations across views. Chen
et al. [1] proposed a fast self-guided multi-view subspace
clustering algorithm that incorporates constraints within the
subspace to build a hierarchical learning approach, from
global to local, thus learning both consistency and comple-
mentarity across views. Reconstruction-based methods aim
to learn latent representations for multiple views by recon-
structing their features or topological structures. For exam-
ple, Xu et al. [42] employed a self-supervised approach to
obtain pseudo-labels by reconstructing view features, thus
building a unified target distribution for multi-view discrim-
inative feature learning. However, most of these methods
fail to enhance relevant features directly from the original
feature channels or address the feature gap that may ex-
ist during the fusion of multiple views. Instead, they often
employ direct fusion strategies without considering the in-
herent discrepancies between views, which may hinder the
learning of robust clustering representations.

2.2. Contrastive Learning

Recent years have witnessed the increasing adoption of
contrastive learning in the domain of multi-view represen-
tation learning[3, 5, 20, 22, 31, 52]. Most of these ap-
proaches leverage contrastive learning to maximize the mu-
tual information between different views, thereby captur-
ing high-quality clustering representations. Such strategies
have demonstrated notable effectiveness in aligning multi-
view data. For instance, Xu et al. [43] exploit contrastive
learning to achieve two consistency objectives, effectively
mining the shared semantics across all views and yielding
improved clustering performance. Similarly, Cui et al. [4]
introduce a dual contrastive loss scheme: a dynamic clus-
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tering diffusion loss that maximizes inter-cluster distance,
coupled with a reliable neighbor-guided positive alignment
loss to enhance intra-cluster compactness. Lu et al. [21]
propose a decoupled contrastive multi-view clustering ap-
proach based on higher-order random walks, performing
inter-view and intra-view contrastive learning in distinct
embedding spaces to derive robust clustering representa-
tions.

3. Method
3.1. Preliminaries

In this section, we present our multi-view clustering
framework, which effectively integrates feature represen-
tation and robust clustering through four key components:
Feature Channel Attention Encoding Module, Progressive
Fusion based on View Graph, Intra-View Similar Fea-
ture Enhancement Module, and Cross-View Feature Align-
ment Module. We represent the multi-view data as X =

{X(1),X(2), · · · ,X(V )}, where X(v) ∈ Rn×d(v)

represents
the feature matrix of view v, containing n samples and
d(v) dimensions, for v = 1, 2, · · · , V . Each component
uniquely contributes to enhancing information exchange,
reducing redundancy, and maximizing mutual information
across views.

3.2. Feature Channel Attention Encoding Module

First, our framework employs the Squeeze-and-
Excitation[9] (SE) Module to enhance the importance of
specific feature channels in each view. Given an input
feature matrix from view v, X(v) ∈ Rn×d(v)

, the SE
module extracts channel-wise statistics through global
average pooling:

s(v)c =
1

n

n∑
i=1

X
(v)
i,c , c = 1, 2, . . . , d(v). (1)

The channel-wise descriptors are then passed through
two fully connected layers, using ReLU and Sigmoid ac-
tivation functions to obtain channel weights:

u(v) = σ(δ(s(v) ·W(v)
1 ) ·W(v)

2 ), (2)

where W
(v)
1 ∈ Rd(v)×d(v)/r and W

(v)
2 ∈ Rd(v)/r×d(v)

are
learnable parameters, δ represents the ReLU activation, and
σ is the Sigmoid activation function. r is the scaling factor.
Finally, the recalibrated feature representation is obtained
by scaling the input features with the computed channel
weights:

X(v)′ = X(v) ⊙ u(v), (3)

where u(v) is broadcasted across all samples. By selec-
tively emphasizing the useful channels, the SE module ef-
fectively reduces redundancy while retaining valuable in-
formation. After enhancing the feature channels using the

Squeeze-and-Excitation (SE) mechanism, the feature ma-
trix of each view X(v) is transformed into X(v)′ . To cap-
ture the intra-view dependencies and facilitate meaningful
information exchange, we apply a multi-head self-attention
mechanism to each view-specific representation X(v)′ . This
allows for a better understanding of feature relations within
each view. For a given view v, the attention mechanism
starts by calculating unique query Q(v) = X(v)′W

(v)
Q , key

K(v) = X(v)′W
(v)
K , and value V(v) = X(v)′W

(v)
V matri-

ces. Where W(v)
Q ,W

(v)
K ,W

(v)
V are learnable parameter ma-

trices for the view v. dk represents the reduced dimension-
ality for the self-attention operation. After computing the
query, key, and value matrices, the attention scores are cal-
culated to quantify the relationship between different fea-
tures within the same view. The attention score is com-
puted by taking the dot product between the query and key
matrices, followed by a softmax operation to normalize the
scores:

Attention(Q(v),K(v)) = softmax
(
Q(v)K(v)T

√
dk

)
, (4)

where the denominator
√
dk is a scaling factor that prevents

the dot products from becoming excessively large, thus sta-
bilizing the gradient during training. The resulting attention
scores are then used to weight the value matrix:

A(v) = Attention(Q(v),K(v))V(v), (5)

where A(v) ∈ Rn×dk represents the attention-weighted
feature representation of view v. The self-attention mech-
anism is extended by applying multiple heads to learn dif-
ferent aspects of the feature interactions. The outputs of all
heads are concatenated to form the multi-head representa-
tion:

MultiHead(X(v)′) = Concat(A(v)
1 ,A

(v)
2 , . . . ,A

(v)
h )Wout,

(6)
where A

(v)
i represents the output of the i-th attention head,

and Wout is a learnable projection matrix that ensures the
final output has the same dimensionality as the original fea-
ture representation. To maintain gradient flow and prevent
vanishing or exploding gradients, we employ a residual con-
nection that adds the original input X(v)′ to the output of the
multi-head attention layer, followed by layer normalization:

Z
(v)
attn = LayerNorm(MultiHead(X(v)′) +X(v)′). (7)

The output Z(v)
attn is then passed through a feed-forward

network (FFN) to introduce further non-linearity and en-
hance the feature representation:

Z(v) = LayerNorm(FFN(Z
(v)
attn) + Z

(v)
attn). (8)
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Figure 1. Framework of EPFMVC. It consists of four modules: Feature Channel Attention Encoding Module, Progressive Fusion based on
View Graph, Intra-View Similar Feature Enhancement Module, and Cross-View Feature Alignment Module.

The final output representation for each view, denoted
as Z(v), is obtained through a sequence of attention-based
operations, layer normalization, residual connections, and
feed-forward transformations. Then we use the decoder to
reconstruct Z(v) on each view to obtain X(v), and the re-
construction loss before and after reconstruction is Lrec.

3.3. Progressive Fusion based on View Graph

After obtaining the individual view-specific representa-
tions Z(v) for each view v, we leverage a Cross-View Atten-
tion mechanism to progressively fuse the information from
multiple views. We compute pairwise similarities between
views using Optimal Transport (OT) distance to build the
graph. For views v and u, the OT distance is defined as:

d(Z(v),Z(u)) = OT(Z(v),Z(u)), (9)

where OT(Z(v),Z(u)) represents the optimal transport
distance between views v and u, which measures the dis-
crepancy between their feature representations. We store
these pairwise distances in a distance matrix D of size
V × V , where V is the number of views. This distance
matrix helps in identifying the most similar views for pro-
gressive fusion.

For each view-specific representation Z(v), we compute
unique Query Q

(v)
z = Z(v)W

(v)
qz , Key K

(v)
z = Z(v)W

(v)
kz ,

and Value V
(v)
z = Z(v)W

(v)
vz projections to capture the

attention-specific features for each view. These matrices
transform the original representations Z(v) into different
spaces suitable for calculating attention scores and aggre-
gating information. Using the distance matrix D, we pro-
gressively fuse the most similar views by identifying, for
each view v, the closest view u:

u = argmin
k ̸=v

d(Z(v),Z(k)). (10)

This process ensures that the fusion is conducted be-
tween pairs of views that have the highest similarity, thereby
maximizing the consistency of the fused representation
while minimizing potential conflicts. Once the closest
views are identified, we calculate the cross-view attention
between the current view Z(v) and its closest view Z(u).
The resulting attention scores are then used to compute the
weighted combination of the value representation:

C(v) = Attention(Q(v)
z ,K(u)

z )V(u)
z , (11)

where C(v) is the cross-view attention output for view v,
effectively capturing the most relevant information from its
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closest view u. After computing the cross-view attention
outputs C(v) for each view v, we concatenate these outputs
to form a fused representation:

C = Concat(C(1),C(2), . . . ,C(V )), (12)

where C represents the concatenated representation from
all views. This concatenated representation is then passed
through a fully connected layer to project it back to the orig-
inal dimensionality:

Z = WfuseC, (13)

where Wfuse is a learnable parameter. The final output rep-
resentation Z is obtained through a stepwise progressive fu-
sion of the view-specific representations Z(v) using cross-
view attention.

3.4. Intra-View Similar Feature Enhancement
Module

After obtaining the view-specific representations Z(v)

for each view v, the next step is to further enhance the
feature representations within each individual view. This
enhancement is achieved through a contrastive learning ap-
proach, where similar samples within a view are consid-
ered as positive pairs, and their representations are brought
closer in the feature space.

We define a set of positive sample pairs P(v) for each
view by using k-nearest neighbors (KNN) to find the top k
most similar samples for each instance. The set of positive
pairs is denoted by:

P(v) = {(i, j) | i ∈ [1, n], j ∈ KNN(i, k)}. (14)

To enhance the similarity of positive sample pairs within
each view, we adopt a contrastive learning objective.
Specifically, for each view v, we aim to minimize the dis-
tance between the representations of positive pairs (i, j) ∈
P(v). The intra-view contrastive loss ℓ(v)sfe for view v is de-
fined as:

ℓ
(v)
sfe = − 1

|P(v)|
∑

(i,j)∈P(v)

log
exp

(
Sim(z

(v)
i , z

(v)
j )/τs

)
n∑

u=1
exp

(
Sim(z

(v)
i , z

(v)
u )/τs

) ,
(15)

where τs is a temperature hyperparameter that controls the
sharpness of the similarity distribution. Sim(z

(v)
i , z

(v)
j ) is a

similarity function, typically the cosine similarity, defined
as:

Sim(z
(v)
i , z

(v)
j ) =

z
(v)
i · z(v)j

∥z(v)i ∥∥z(v)j ∥
. (16)

The overall intra-view similar feature enhancement loss
ℓsfe is given by:

Lsfe =

V∑
v=1

ℓ
(v)
sfe. (17)

This contrastive loss aims to maximize the similarity be-
tween positive sample pairs while ensuring that the simi-
larity between non-positive pairs remains relatively lower.
The intra-view similar feature enhancement module em-
ploys contrastive learning to ensure that the representations
within each view are consistent.

3.5. Cross-View Feature Alignment Module

The final step in our multi-view clustering framework
is to align the feature representations obtained from each
view Z(v) with the progressively fused common represen-
tation Z to ensure consistency across different views. To
align the representations across different views, we employ
a contrastive learning objective that minimizes the distance
between the representations of positive pairs across views.
Specifically, the overall cross-view alignment loss can be
expressed as follows,

Lcfa = − 1

n

V∑
v=1

n∑
i=1

log
exp

(
Sim(z

(v)
i , zi)/τc

)
n∑

u=1
exp

(
Sim(z

(v)
i , zu)/τc

) .
(18)

This alignment process encourages the representation of
each view to align with the common representation obtained
through progressive fusion, thereby reducing discrepancies
between the views and ensuring that similar samples are
represented similarly across views. This loss enhances
cross-view consistency and reduces feature gaps between
views. The overall loss function for the entire network can
be expressed as follows:

L = Lrec + γLsfe + εLcfa, (19)

where γ and ε represent the regularization coefficients.
Our goal is to optimize the entire network by minimizing
the loss L. The detailed procedure of the algorithm is out-
lined in Algorithm 1.

4. Experiment
4.1. Datasets and Experimental Setting

In this section, we evaluate the performance of our pro-
posed model, EPFMVC, against nine state-of-the-art clus-
tering algorithms on seven benchmark datasets. Table 1 pro-
vides specific information about these datasets, including
the number of samples, clusters, views, and feature dimen-
sions per view. Our model uses two hyperparameters γ and
ε, both ranging between [0.001, 1000], and a learning rate
of 0.001. We implemented the model in PyTorch 1.7.1 on
a desktop with an NVIDIA GeForce RTX 3080 GPU and
64GB RAM, utilizing the Adam optimizer with default set-
tings.
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Algorithm 1: The proposed EPFMVC

Input:
{
X(i)

}V

i=1
∈ Rn×d(v)

, number of clusters k,
learning rate αt

Output: Clustering results.

// Feature channel attention coding
learning

1 for i = 1 → V do
2 Calculate the Enhanced feature matrix X(v)′

with Eq. (3);
3 Calculate the representation Z(i) with Eq. (8);

4 Obtain the view graph D by optimizing Eq.(9);
// Consistent feature learning

5 while not converged do
6 Update representation Z(i) by solving Eq. (19) ;
7 Update view graph D by calculating Eq.(9) ;
8 Obtain the nearest view pair based on the view

graph by solving Eq.(10) ;
9 Fuse the two adjacent views by calculating

Eq.(11) ;
10 Calculate common representation Z with Eq.

(13);

11 Perform k-means on the common representation Z.

Table 1. Multi-view datasets used in experiments.

Dataset Samples Clusters Views Dimensionality

NGs 500 5 3 2000/2000/2000
BBC 685 5 4 4659/4633/4665/4684

HandWritten 2000 10 6 216/76/64/6/240/47
UCI-digit 2000 10 3 64/76/216

Hdigit 10000 10 2 784/256
Wiki 2866 10 2 128/10

CIFAR10-All 60000 10 7 3072/5376/512/5376/5376/1239/5376

4.2. Compared Methods and Main Results

We compare our proposed method, EPFMVC, against
nine state-of-the-art multi-view clustering algorithms on
seven benchmark datasets. They are BMVC[51],
LMVSC[15], AE2-Nets[50], AdaGAE [17], SD-
MVC[44], MFLVC[43], DSMVC [29], SEM [45] and
MVCAN [46].

And we evaluated the performance of EPFMVC against
nine baseline algorithms using four widely adopted clus-
tering metrics: ACC (Clustering Accuracy), NMI (Normal-
ized Mutual Information), Purity, and F-Score. The detailed
performance results are presented in Table 2. Based on
these results, we draw the following conclusions: (1) Our
proposed method outperforms the nine competing meth-
ods on all evaluation metrics across all datasets. Notably,
on the BBC, UCI, and CIFAR10-All datasets, EPFMVC
achieves significant performance improvements of 11.97%,

3.25%, and 4.5% over the second-best method, respectively.
These results highlight the effectiveness of our feature en-
hancement and progressive fusion modules. (2) For multi-
view datasets, particularly BBC and UCI-Digit, our method
demonstrates substantial gains over other baselines. This
improvement is primarily attributed to the progressive fu-
sion module, which effectively reduces feature redundancy
across multiple views. The benefit of our method is es-
pecially evident in the NMI metric, which shows the im-
proved quality of cluster assignment consistency. Addi-
tionally, on the large-scale CIFAR10-All dataset, EPFMVC
consistently outperforms the nine competing algorithms,
demonstrating its scalability and robustness in handling
large datasets.

4.3. Ablation Study of Enhancement and Alignment
Module

To assess the contributions of the Feature Enhancement
Module and the Cross-View Alignment Module, we con-
ducted ablation studies on the NGS and BBC datasets, with
detailed results provided in Table 3. The ablation results
clearly demonstrate the importance of both modules in en-
hancing clustering performance. We observed that incor-
porating the feature enhancement module significantly im-
proves the quality of the learned representations, leading
to better clustering results. Similarly, the cross-view align-
ment module plays a critical role in reducing the discrep-
ancies between views, further boosting the clustering per-
formance. Notably, when both modules are combined, the
model achieves substantial improvements over variants that
use either module alone or rely solely on the reconstruc-
tion objective. This highlights the synergistic effect of en-
hancing features and aligning them across views, ultimately
resulting in more robust and discriminative clustering rep-
resentations.

4.4. Ablation Study of FCAencoder Module

To validate the effectiveness of the Feature Channel
Attention Encoding Module, we compared the Feature
Channel Attention Encoder (FCAencoder) with a standard
autoencoder under the same framework. We evaluated
the clustering performance of both encoders across seven
datasets and using four different metrics. The specific re-
sults are shown in Table 4. The results demonstrate that
the representations learned by the FCAencoder consistently
outperform those learned by the autoencoder across all
datasets. Notably, on the high-dimensional datasets NGs,
BBC, and CIFAR10-All, the FCAencoder achieves sub-
stantial improvements in clustering accuracy , with gains
of 47.8%, 6.43%, and 6.29%, respectively. These results
strongly indicate the effectiveness of the feature channel at-
tention mechanism in enhancing the clustering performance
by focusing on beneficial features while suppressing irrele-
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Table 2. A comparison of clustering algorithms on benchmark datasets is provided, including metrics such as ACC, NMI, Purity, and
F-score. The highest-performing result is indicated in bold, while the second best is underlined. ’O/M’ denotes the out-of-memory failure.

Datasets Conventional Methods Deep Methods
BMVC LMVSC AE2-Nets AdaGAE SDMVC MFLVC DSMVC SEM MVCAN EPFMVC

ACC(%)
NGS 56.80 39.14 33.00 49.40 43.20 84.80 43.40 94.00 23.80 95.00
BBC 75.04 52.41 29.34 41.02 62.48 49.34 42.77 68.61 34.45 87.01

UCI-digit 85.45 89.35 80.57 45.25 63.00 92.00 85.45 91.90 89.15 95.25
HW 75.50 85.10 87.82 51.35 49.45 86.20 95.25 86.55 96.10 96.90

Hdigit 79.11 97.09 94.21 56.77 38.65 99.00 99.06 99.83 93.83 99.88
Wiki 45.71 57.80 45.33 34.65 24.08 48.08 62.53 52.23 55.23 63.19

CIFAR10-All 31.00 O/M 23.27 O/M O/M O/M 20.77 31.50 32.44 36.94
NMI(%)

NGS 40.02 13.22 10.68 21.14 19.20 68.88 12.59 83.33 5.33 84.97
BBC 49.26 42.99 1.73 17.80 54.96 43.14 13.96 61.26 2.92 67.01

UCI-digit 82.52 83.27 69.51 47.77 64.29 85.40 80.67 85.31 82.70 90.31
HW 77.52 80.56 80.18 48.11 51.90 85.53 91.19 86.99 91.46 93.15

Hdigit 77.80 92.93 86.96 64.66 37.08 98.56 97.36 99.42 86.75 99.60
Wiki 39.85 54.20 43.04 30.87 11.78 41.88 54.60 51.01 53.44 55.10

CIFAR10-All 20.13 O/M 10.69 O/M O/M O/M 8.57 22.26 21.63 24.79
Purity(%)

NGS 56.80 39.14 34.20 49.40 43.80 84.80 43.40 94.00 24.00 95.00
BBC 75.04 56.20 35.69 47.45 75.47 61.46 47.59 79.56 34.74 87.01

UCI-digit 85.45 89.35 80.57 49.15 67.05 92.00 85.40 91.90 89.15 95.25
HW 79.45 85.10 87.82 52.90 49.85 86.20 95.25 86.55 96.10 96.90

Hdigit 82.73 97.09 94.21 60.93 42.17 98.82 99.06 99.83 93.83 99.88
Wiki 48.08 63.04 52.41 40.65 27.11 50.87 63.33 59.42 63.43 65.25

CIFAR10-All 32.17 O/M 24.07 O/M O/M O/M 21.80 34.55 34.31 37.84
F-score(%)

NGS 46.53 27.89 35.15 49.09 33.11 84.56 42.86 93.98 13.94 94.98
BBC 62.62 44.02 27.03 42.43 65.55 53.32 46.34 70.38 20.25 87.19

UCI-digit 78.72 81.28 67.65 45.80 62.77 92.05 86.09 91.93 89.27 95.26
HW 71.13 77.22 79.35 52.97 42.10 85.82 95.27 84.88 96.11 96.90

Hdigit 75.66 94.32 88.99 54.74 35.78 98.82 99.06 99.83 93.83 99.88
Wiki 38.79 50.11 39.90 34.22 24.09 4.48 61.35 54.06 55.02 62.74

CIFAR10-All 20.89 O/M 16.23 O/M O/M O/M 20.69 31.08 32.24 36.86

Table 3. Ablation study on NGs. denotes EPFMVC with the
component.

Components Metrics(%)
Lrec Lsfe Lcfa ACC NMI Purity F-score

38.60 15.80 40.20 37.14
73.20 46.83 73.20 73.52
92.60 79.78 92.60 92.62
95.00 84.97 95.00 94.98

vant ones, thereby leading to more discriminative represen-
tations for downstream tasks.

4.5. Ablation of Progresssive Fusion

To validate the effectiveness of the Progressive Fusion
Mechanism based on View Graph, we compared its cluster-
ing performance with that of a Direct Concatenation Fusion
approach within our proposed framework. The results are
presented in Figure 2. Specifically, we conducted experi-
ments on three datasets—BBC, HW, and CIFAR10-All—to
compare the two fusion strategies. The results indicate

Table 4. FCAencoder comparative experiments are conducted on
7 datasets.

Metrics(%) Strategies
Datasets

NGS BBC UCI-digit HW Hdigit Wiki CIFAR10-All

ACC
Autoencoder 47.20 80.58 93.55 81.65 99.46 59.39 30.65
FCAencoder 95.00 87.01 95.25 96.90 99.88 63.19 36.94

NMI
Autoencoder 38.52 62.67 87.30 81.64 98.31 53.07 20.44
FCAencoder 84.97 67.01 90.31 93.15 99.60 55.10 24.79

Purity
Autoencoder 49.60 80.58 93.55 81.65 99.46 62.67 31.87
FCAencoder 95.00 87.01 95.25 96.90 99.88 65.25 37.84

F-Score
Autoencoder 46.12 81.58 93.63 80.83 99.46 61.07 30.89
FCAencoder 94.98 87.19 95.26 96.90 99.88 62.74 36.86

that the progressive fusion mechanism consistently outper-
forms direct concatenation fusion across all three datasets.
In terms of ACC, the progressive fusion approach achieves
improvements of 19.86%, 9.35%, and 3.04% on the BBC,
HW, and CIFAR10-All datasets, respectively. These find-
ings highlight the advantage of the progressive fusion strat-
egy for clustering tasks. Conceptually, features from more
dissimilar views are more challenging to fuse effectively
due to the increased feature gap. By progressively fusing
the views, our approach mitigates this challenge by inte-

15524



grating the most similar views first, which leads to more
effective information aggregation. Additionally, we visu-
alized the similarity matrices of the final fused clustering
representations for both fusion strategies, as shown in Fig-
ure 3. The similarity matrices show that after progressive
fusion, the intra-cluster similarity is significantly enhanced,
resulting in clearer block-like structures. This visual evi-
dence further supports the effectiveness of the progressive
fusion mechanism in enhancing cluster representation.

Figure 2. Comparison results of progressive fusion and splicing
fusion on ACC.

(a) Splice fusion(ACC: 67.15) (b) Progressive fusion(ACC: 87.01)

Figure 3. Comparison of representation similarity graphs between
splice fusion and progressive fusion on BBC.

4.6. Sensitivity Analysis and Visualization

We also conducted a parameter sensitivity analysis
of our model, with the detailed results presented in
Figure 4. Our model involves two hyperparameters,
γ and ε, which we varied over a range of values:
[0.001, 0.01, 0.1, 1, 10, 100, 1000]. The results demonstrate
that, as the values of the two hyperparameters change, the
clustering performance on the UCI-Digit and HW datasets
exhibits minor fluctuations. However, the variations in per-
formance remain within a relatively small range, demon-
strating the robustness of our method with respect to hyper-
parameter selection. Additionally, we visualized the orig-
inal features and the learned feature representations of the
UCI-Digit dataset using t-SNE, as shown in Figure 5. The
visualization reveals that the learned representations exhibit
a high degree of intra-cluster compactness and clear inter-
cluster separation, indicating strong discriminative power.

These findings further support the effectiveness of our pro-
posed method in learning high-quality, well-separated fea-
ture representations for clustering tasks.
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(a) UCI-digit
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(b) HW

Figure 4. Sensitivity analysis of γ and ε applied to the UCI-digit
and HW datasets.

(a) Raw Features (b) Final Result(ACC: 95.25)

Figure 5. Visualization of the original features and final results on
the UCI-digit dataset.

5. Conclusion

In this paper, we propose a novel multi-view clustering
framework that combines feature enhancement with pro-
gressive fusion to address key challenges in multi-view data
integration. Specifically, the framework utilizes a Feature
Channel Attention Encoder to enhance discriminative fea-
tures and a View Graph-based Progressive Fusion Mech-
anism to align views in a shared latent space. Extensive
experiments demonstrate that our method outperforms ex-
isting state-of-the-art techniques, achieving superior clus-
tering accuracy across various datasets. We believe our ap-
proach provides new insights for the multi-view clustering
community, opening up avenues for further research and
practical applications.
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