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Abstract

Multi-view clustering aims to discover shared se-
mantic structures from multiple complementary
data views to improve clustering performance.
However, most existing methods rely on a single
clustering representation for each semantic cluster,
which limits the ability to model complex cluster
structures and diverse patterns in real-world data.
To address this limitation, we propose a Mixture of
Clustering Experts with Dual Consistency (MoCE-
DC). MoCE-DC introduces a set of learnable clus-
tering experts that characterize the same seman-
tic cluster from multiple perspectives within a uni-
fied prototype space. A gating mechanism is em-
ployed to adaptively select experts for each sample.
MoCE-DC decomposes complex semantic clusters
into multiple collaborative sub-structures, thereby
significantly enhancing the ability to model intri-
cate intra-cluster diversity. To further ensure cross-
view semantic consistency, we propose a dual-level
alignment mechanism that enforces prediction con-
sistency across views while guiding clustering as-
signments toward a more discriminative direction.
In addition, a gating balance regularization strat-
egy is introduced to mitigate expert collapse and
promote balanced expert utilization. Extensive ex-
periments on multiple public. multi-view cluster-
ing benchmarks demonstrate that MoCE-DC out-
performs state-of-the-art methods.

1 Introduction

Multi-view clustering [Chao et al., 2021; Fang et al., 2023b;
Zhou et al., 2024] aims to uncover latent semantic struc-
tures by integrating complementary information from mul-
tiple heterogeneous data sources. Compared to single-view
approaches, it can more fully exploit both the consistency and
complementarity across different views and achieve more ac-
curate clustering [Wang er al., 2023], with wide applications
in computer vision, multimedia analysis, and information re-
trieval.
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Figure1: The left figure illustrates that a semantic cluster often
comprises multiple latent substructures, exhibiting significant inter-
nal diversity. A clustering approach centered on a single prototype
struggles to capture complex substructure distributions, as it relies
solely on a single prototype for classification. This approach is prone
to generating outlier samples or misclassified samples.

In recent years, multi-view clustering has achieved signif-
icant progress owing to the powerful nonlinear representa-
tion learning capability of deep learning. Autoencoder-based
methods [Yang er al., 2021; Xu ef al., 2021; Yan et al., 2023;
Bai et al., 2024] learn latent representations from multi-view
data and integrate cross-view information through feature fu-
sion mechanisms. Graph-based approaches [Wang et al.,
2021; Huang et al., 2023; Ling et al., 2023] further explic-
itly model the relational structure among samples by fusing
multi-view graph structures to capture cross-view similari-
ties, thereby enhancing clustering discriminability. In addi-
tion, contrastive learning-based methods [Ke et al., 2021;
Pan and Kang, 2021; Feng et al., 2024] design cross-view
contrastive objectives to enforce representation consistency
of semantically identical samples across different views, fa-
cilitating the learning of discriminative features. For ex-
ample, [Zhang et al., 2019] designed a nested autoencoder
framework to perform view-specific representation learning
and multi-view information encoding within a unified frame-
work. [Feng et al., 2024] introduced view-specific contrastive
encoders and generated pseudo labels on fused representa-
tions, utilizing these pseudo labels to guide the positive-
negative pair selection in contrastive encoders. By effectively
exploiting both the consistency and complementarity among
views, these deep multi-view clustering methods demonstrate
remarkable clustering performance.
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Figure 2: The overall framework of MoCE-DC. The framework consists of three components. First, multi-view encoders are employed to
learn view-specific representations for clustering. Second, a mixture of clustering experts module captures intra-cluster substructures by
leveraging multiple experts. The outputs of the experts are adaptively weighted by a gating network to generate view-specific cluster assign-
ments. Third, a dual-level consistency alignment module is introduced, where sample-level cross-view prediction enforces local alignment
and a global target distribution guides all views toward a unified clustering structure.

However, most existing multi-view clustering methods
characterize each semantic cluster using a single prototype
and assume a compact cluster assignment. Some repre-
sentative approaches [Xu et al., 2022b; Chen et al., 2023;
Yang ef al., 2021; Yan et al., 2025] introduce an explicit
clustering layer on top of learned representations and per-
form end-to-end optimization. Although such designs are
structurally simple and efficient, they essentially assume that
each semantic cluster can be adequately represented by a
single centroid. However, data distributions often exhibit
diversity within clusters. As illustrated in Figure 1, sam-
ples belonging to the same semantic category may contain
multiple latent substructures. Modeling such complex dis-
tributions with a single prototype is therefore inadequate to
capture the underlying intra-cluster substructure, which in-
evitably limits clustering performance. To alleviate this lim-
itation, several graph-based methods [Zhang et al., 2024;
Chen et al., 2025] attempt to enhance intra-cluster modeling
by constructing sample-to-anchor graphs. Nevertheless, their
performance heavily depends on the quality of graph con-
struction, which is often sensitive to noise. Moreover, graph
structures are usually built independently for each view, mak-
ing it difficult to ensure semantic consistency across views.
Therefore, how to effectively model complex intra-cluster
structures while simultaneously preserving semantic consis-
tency across multiple views remains a challenge.

To address the challenge, we propose a Mixture of Clus-
tering Experts with Dual Consistency for Multi-View Clus-
tering termed MoCE-DC. The framework is shown in Figure
2. Specifically, MoCE-DC introduces a set of learnable clus-
tering experts to collaboratively model complex cluster struc-
tures. Each expert captures complementary semantic charac-

teristics within a shared prototype space, enabling the model
to decompose intricate clusters into multiple cooperative sub-
structures. To facilitate adaptive expert utilization, a gating
mechanism is employed to dynamically weight expert contri-
butions according to view-specific representations, allowing
each sample to be clustered through the most relevant expert
combinations. To further ensure consistency across views,
MOoCE-DC incorporates a dual-level consistency alignment
mechanism. At the sample level, cross-view prediction con-
sistency is enforced by aligning the cluster assignment of
each sample with the consensus of its assignments in the other
views. At the global level, a consensus target distribution
is constructed by aggregating multi-view information, which
serves as a unified semantic reference to guide all views to-
ward a consensus clustering structure and effectively miti-
gate semantic drift. In addition, to alleviate the commonly
observed expert collapse issue in mixture-of-experts models,
we introduce a gating balance regularization that promotes
balanced expert activation and encourages cooperative expert
learning. Collectively, these components enable MoCE-DC
to simultaneously refine intra-cluster substructure modeling
and enforce cross-view semantic consistency.

The main contributions of this work can be summarized as
follows:

1. We propose a novel multi-view clustering framework,
termed MoCE-DC, which explicitly models intra-cluster
diversity by introducing multiple cooperative clustering
experts. MoCE-DC enables different experts to capture
complementary substructures within the same semantic
cluster, significantly enhancing the expressive capacity
for complex clusters.

2. We propose a dual-consistency alignment strategy to en-
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hance cross-view semantic consistency. By jointly en-
forcing sample-level prediction consistency and global
semantic agreement across views, MoCE-DC effectively
reduces cross-view semantic discrepancy and stabilizes
the clustering process.

3. Extensive experimental results on several benchmark
datasets demonstrate that the proposed method consis-
tently outperforms existing state-of-the-art multi-view
clustering approaches.

2 Method

In this section, we introduce our proposed method MoCE-
DC. First, we introduce the key notations employed through-
out this paper. Consider a multi-view dataset denoted as
{X? € RNV*do}V_ . where N denotes the number of sam-
ples, V represents the number of views, d,, denotes the sam-
ple dimension of the v-th view, and x} denotes the v-th view
of the ¢-th sample. The goal of multi-view clustering is to
partition the IV samples into C' clusters by effectively fusing
information from all V' views.

To achieve this, we first project the multi-view data into
a low-dimensional latent space using a set of view-specific
deep autoencoders. Formally, for the v-th view, we construct
an encoder network D? and a decoder network D}, parame-
terized by 0¥ and ¢", respectively. Given an input sample x7,
its latent representation is derived as z} = DY (x7;0"). These
autoencoders are trained by minimizing a reconstruction loss,
which ensures that the essential information of each view is
preserved in the latent space:

vV N
Lr=Y Y IIx!— Dyl 6")I3. )

v=1 =1

2.1 Mixture of Clustering Experts

To explicitly model the inherent diversity and latent substruc-
tures within clusters, we introduce a Mixture of Clustering
Experts module (MoCE). This module associates each clus-
ter with a set of specialized experts, with each expert ded-
icated to capturing a latent substructure present within the
cluster. Concurrently, we design a learnable gating network
that dynamically routes samples to relevant experts, enabling
the model to adaptively compose complex clusters from these
elementary substructures.

Formally, given the view-specific latent representations
{Z*}Y_,, the MoCE module generates view-specific soft
cluster assignments Q" € RV*® by adaptively aggregating
the predictions of M experts:

M
Q'=) G oE, 2)
m=1

where E?, € RV*C denotes the soft cluster assignment pro-
duced by the m-th expert for view v, and G¢, € RY*! rep-
resents the corresponding sample-wise gating weights. The
Hadamard product ® applies the gating weights to expert
predictions in a sample-wise manner. Under this formula-
tion, samples belonging to the same cluster can be jointly ex-
plained by several experts with varying activation strengths,
enabling MoCE to capture complex cluster geometries.

Shared-Prototype-Based Clustering Experts. To explic-
itly model diverse clustering behaviors while preserving
cross-view consistency, MoCE introduces a set of shared
clustering prototypes { p,k},?:l, which are shared across all
experts and views. These prototypes serve as common se-
mantic anchors, enabling different experts to produce distinct
clustering patterns while remaining aligned in a unified pro-
totype space.

Given a sample ¢ from view v, the m-th expert first trans-
forms the representation via an expert-specific function f,,(+)
and then computes its soft assignment to each prototype. The
Student’s t-distribution is adopted to measure the similarity
between the transformed feature and each prototype. The re-
sulting soft assignment is given by

v (14 1 fn(20) < i 1?) ™ |
TS (1 ) =y )2)

Here, f,,(-) captures expert-specific clustering preferences,
while the shared prototypes enforce semantic alignment
across experts and views. By aggregating EY . over all sam-
ples, we obtain the expert clustering output E?. .

3)

Gating Network for Expert Selection. To adaptively com-
bine multiple clustering experts, MoCE employs a shared gat-
ing network 7y (-) to generate expert-wise routing weights.
For each sample 7 and view v, the gating weight assigned to
expert m is defined as:

exp(mo)n)
> Ly exp(me(zy);)

This gating mechanism enables the model to dynamically se-
lect the most relevant experts for each input. To further im-
prove routing sparsity and computational efficiency, a top-K
routing strategy is adopted, where only the K experts with
the highest routing probabilities are activated.

Gl = @)

2.2 Dual-Level Multi-View Consistency Learning

Although MoCE enhances intra-cluster modeling by allow-
ing multiple experts to capture diverse substructures, this in-
creased flexibility may amplify semantic discrepancies across
views in unsupervised multi-view settings. To address this
issue, we propose a dual-level consistency learning frame-
work, which enforces alignment from both the sample level
and the global semantic level. The sample-level mechanism
ensures balanced and consistent cluster assignments across
views, while the global-level supervision provides a unified
semantic anchor to prevent accumulated view bias.

At the sample level, we aim to align clustering assignments
across views while avoiding degeneration of the shared clus-
tering prototypes. To achieve this, we introduce a balanced
assignment strategy combined with an alternating prediction
mechanism. Specifically, for each view v, we compute a

balanced assignment Q” € RV*Y by solving the following
entropy-regularized optimization problem:

Q' = argmin (Q, —log Q") + ¢ H(Q),
@ 5)

1 1
s.t. Qlg = NlN’ Q'1y = 610
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where (-, -) denotes the matrix inner product, H (Q) is the en-
tropy regularization term, and ¢ is a hyperparameter. We have
provided a more detailed optimization process in supplemen-
tary materials. This formulation enforces balanced cluster
utilization, ensuring that each cluster receives a comparable
number of samples. The resulting distribution is smoother

and more stable, facilitating reliable cross-view alignment.

Based on the balanced assignments {Q” V., we adopt

an alternating prediction strategy in which each sample’s soft
cluster assignment in one view is aligned with the average of
its assignments in the other views. For each view v, a con-
sensus target is constructed by averaging the balanced pre-
dictions from all other views:

1 14
o A ) 6
Q=5 Z Q (6)
v =1
v’ #v
The alternating prediction loss then minimizes the cross-
entropy between the soft cluster assignment Q" and this tar-
get Q7V:

C
L= 5 303 S i (~logal). ™)

v=11i=1 k=1

Through this alternating alignment mechanism, clustering
predictions from different views are progressively aligned,
while avoiding direct pairwise matching that may propagate
Noisy errors.

While sample-level alignment improves local consistency,
clustering decisions based solely on individual views may
suffer from view bias, as the view-specific representation
z" captures only information from the v-th view. To pro-
vide a more discriminative and view-invariant semantic ref-
erence, we further introduce a global target distribution from
the global multi-view representation.

For each sample x;, we form a global representation by
concatenating its view-specific representations:

hi:[z};z?;...;zy]ERD, ®)

where D = SV d,. Let H = [hy, by, ..., hy]T € RV*P
denote the global representation.. We then perform K-means
clustering on H to obtain-global cluster centroids {c; }]C-j:l.
The soft cluster assignment of h; to the j-th global cluster is
computed via the Student’s t-distribution:

(b))
S (1 b = e?)

yielding a soft assignment matrix S € RV*¢. To empha-
size high-confidence assignments, we sharpen S into a target
distribution P as follows:

€))

Sij

N
53/ 2zt Sij
C N :
Zj/:l (ng’/ Dim1 sij/)

The global target distribution P provides a unified supervi-
sory signal that encodes the consensus clustering structure
across all views.

(10)

Dij =

We enforce each view’s cluster assignment QU to align
with P via a global consensus alignment loss, defined as the
sum of Kullback-Leibler (KL) divergences:

Vv N C

,
L= D (P1Q") = DD pilog Bt (1)

v
v=1 v=11i=1 k=1 Dik

This loss encourages the view-specific clustering assignment
QU to align with the consensus semantics encoded in P,
thereby reducing view-specific bias.

The overall clustering objective is formulated by jointly
minimizing the sample-level alternating prediction loss and
the global consensus alignment loss:

£C :Es+£g~ (12)

2.3 Gating Load Balance

During training, mixture-of-experts (MoE) models often suf-
fer from expert load imbalance: a large fraction of input in-
stances are consistently routed to only a few experts, while
the majority remain underutilized. In multi-view clustering,
this issue is exacerbated by the absence of ground-truth la-
bels, as the gating network tends to converge to degenerate
solutions that over-rely on a sparse subset of experts, thereby
undermining model capacity and assignment diversity.

To mitigate this, we introduce an expert load balancing reg-
ularization term. Consider a model with M experts and a
dataset of N samples across V' views, let 7' = N x V denote
the total number of sample—view pairs. For each expert m,
we define its routing frequency as:

N V
1
f= 7> D U[m € Tie(g))], (13)
i=1 v=1
where g? = [g%,...,9%,] " denotes the gating distribution

for sample 4 in view v, and Tx(g?) returns the indices of
the top-K experts with the highest routing probabilities. fi,
measures how often each expert is actually activated under
sparse top- I routing. In parallel, we compute the mean rout-
ing probability assigned to expert m:

1 N Vv
P =5 DD G- (14)

i=1v=1

While f,,, captures hard activation statistics, p,, reflects the
soft routing tendency of the gating network. Based on these
two complementary statistics, we formulate the gating load
balancing loss as:

1 M
Lp = Mmz:jlfmpm. (15)

This objective penalizes skewed routing patterns by assigning
stronger regularization to experts that are both frequently acti-
vated and assigned high routing probability. Overused experts
receive stronger corrective signals, whereas underutilized ex-
perts are penalized less aggressively.
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Algorithm 1 Training Procedure for MoCE-DC

Input: Multi-view data {X°}Y_,, number of clusters C,
number of experts M, hyperparameters «, (.
Output: Clustering results {y;}¥ ;.
1: Pretrain autoencoders for each view by minimizing the
reconstruction loss Eq. (1).
2: while not converged do
3:  Update target distribution P using current features by
Eq. (10).

4:  for fixed target distribution P do
5: for each view v = 1to V do
6: Extract latent representation Z¥ + DY (XV).
7: Compute expert outputs E? via Eq. (3).
8: Compute routing weight G, via Eq. (4).
9: Compute view-specific soft clustering assignment
QU via Eq. (2).
10: end for
11: Compute total loss: £ < Lr + aLc + BLg.
12: Update all parameters via backpropagation.
13:  end for

14: end while

15: return {y;} Y.

2.4 Joint Optimization Objective

The overall training objective of MoCE-DC integrates three
complementary components:

L=Lr+aLlcH+PLs, (16)

where Lr denotes the multi-view reconstruction loss, L¢ is
the multi-view clustering loss, and Ly is the expert load bal-
ancing loss. The hyperparameters a, 5 > 0 control the rela-
tive importance of each term. When the network training is
completed, the final clustering result can be obtained by

;
1

;= =S a ) 17

Y arg mjax (V Z q”> ( )

The training procedure is summarized in‘Algorithm 1.

Complexity Analysis. Let N, V, C, M, |B|, and dj, de-
note the number of samples, views, clusters, experts, batch
size, and latent dimension, respectively. The per-batch
computational cost consists of (i) view-specific encoding
at O(|B|>_,_; dvdy), and (ii) MoCE routing and proto-
type assignment at O(|B|[VMCdp). Since the gating, ag-
gregation, and consistency losses are asymptotically dom-
inated by these terms, the per-batch complexity simplifies
to O(|B|(X,_; dvd, + VMCdy,)). Consequently, the per-
epoch training cost scales linearly with N. The periodic K-
means update for the target distribution incurs an additional
O(T, NCVdy) per update cycle, which remains negligible
due to its infrequent execution.

3 Experiments

In this section, we compare our method with the state-of-the-
art clustering methods on benchmark datasets. The effective-
ness of the method is demonstrated through extensive experi-
mentation.

Dataset Samples Views Clusters Dimensions

BDGP 2500 2 5 1750/79

Caltech-5V 1400 5 7 40/254/1984/512/928
OutdoorScene 2688 4 8 512/432/256/48
CiteSeer 3312 2 6 3703/4732
Handwritten ~ 2000 6 10 240/76/216/47/64/6
NUSWIDEOBJ 30000 5 31 65/226/145/74/129
CIFARI10 50000 3 10 512/2048/1024

Table 1: Overview of the multi-view datasets.

3.1 Datasets

To validate the effectiveness of MoCE-DC, we conduct ex-
periments on seven benchmark datasets as shown in Table 1.
BDGP [Cai et al., 2012], Caltech-5V [Fei-Fei et al., 2004],
OutdoorScene [Fang et al., 2023al, CiteSeer [Fang et al.,
2023al, Handwritten [Du et al.; 2025], NUSWIDEOBJ [Zhao
et al., 2025], and CIFARI10 [Yan ef al., 2025]. We further
construct Caltech-4V, Caltech-3V, and Caltech-2V datasets
based on Caltech-5V to evaluate the robustness of MoCE-DC.

3.2 Experimental Setup

We compare MoCE-DC with two single-view clustering al-
gorithms-and ten state-of-the-art multi-view clustering algo-
rithms.  The two single-view clustering algorithms are K-
means [McQueen, 1967] and IDEC [Guo et al., 2017]. The
multi-view clustering methods can be broadly categorized
into. two groups. The first group comprises graph-based
multi-view clustering methods, including CAMVC [Zhang
et al., 2024], DMAC [Wang et al., 2025], GMVC [He et
al., 20251, ALPC [Chen et al., 2025]. The second group in-
cludes end-to-end multi-view clustering approaches with ex-
plicit clustering layers, including SDMVC [Xu et al., 2022al,
MFLVC [Xu et al., 2022b]l, CVCL [Chen et al., 2023],
DealMVC [Yang e al., 2023], ADMC [Zhao er al., 2024],
SSLNMVC [Yan et al., 2025].

For MoCE-DC, the autoencoder consists of an encoder
with layer sizes 2000-500-500-d;, and a decoder with layer
sizes dp-500-500-2000. The low dimension dj is set to
10. The batch size is set to 512, and training is per-
formed for up to 10,000 epochs or until early stopping is
triggered. For other compared methods, we use the pub-
lic codes and default settings from the original papers to
conduct experiments. All experiments are conducted on an
NVIDIA GeForce RTX-3090 GPU. The code is available at
https://github.com/Systemclock/MoCE-DC.

We apply three wildly used metrics to evaluate the fi-
nal clustering performance, including clustering accuracy
(ACC), Normalized Mutual Information (NMI), Adjusted
Rand Index (ARI). For all methods, we ran ten independent
runs and reported the mean values.

3.3 Experimental Results

As shown in Table 2 and Table 3, MoCE-DC achieves
the best or second-best clustering performance on all seven
multi-view datasets, demonstrating strong stability and gen-
eralization ability. First, compared with single-view clus-
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Methods BDGP OutdoorScene CiteSeer Handwritten NUSWIDEOBJ
ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI
KM 52.09 3487 1824 4400 3394 2328 3296 1241 17.78 68.49 6581 5522 11.80 1047 3.18
IDEC 70.51 55.05 52.89 5361 4874 3489 57.19 2935 28.88 6877 6934 57.73 11.10 9.17 2.97
CAMVC 93.96 82.67 83.85 6536 50.85 42.67 59.18 31.15 3090 92.80 86.17 84.80 16.08 15.88 6.24
DMAC 93.24 87.33 84.85 5588 46.09 3571 3756 16.53 12.13 8293 7481 68.67 1250 12.69 4.38
GMVC 96.35 92.84 92.63 64.15 5371 41.50 38.03 17.44 14.10 7736 7523 6521 1496 1736 6.84
ALPC 88.20 7626 7141 36.17 26.60 1730 44.14 19.86 18.63 6225 5790 43.69 1457 821 3.33
SDMVC 82.84 70.79 68.06 68.79 58.37 4822 59.63 32.76 33.25 96.90 94.54 93.54 15.01 13.97 6.60
MFLVC 97.83 9424 9586 5939 5245 4742 4277 2241 32.65 77.86 7999 7727 1998 1471 6.32
CVCL 92.72 8123 8292 6355 5336 3993 4134 2040 1627 96.00 9273 91.74 1192 11.86 3.97
DealMVC 66.04 62.10 49.99 5358 51.72 38.53 56.70 32.06 43.04 80.13 79.84 71.06 17.62 10.52 2.67
ADMC 90.16 7429 77.00 71.35 59.27 50.70 56.82 26.07 24.33 90.75 83.82 8091 14.18 743 2.60
SSLNMVC 98.68 96.09 96.74 62.09 5395 40.82 29.50 11.12 7.51 83.10 81.39 7428 2090 13.80 8.88
MoCE-DC  99.20 97.64 98.02 71.58 59.31 50.75 61.08 3397 33.73 9895 97.59 97.69 2097 1437 7.73

Table 2: The clustering results with ACC, NMI and ARI. The best result is indicated in bold, while the second-ranked result is marked with

an underline.

Methods Caltech-5V Caltech-4V Caltech-3V Caltech-2V CIFARI10
ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC.. NMI  ARI ACC NMI ARI

KM 60.97 48.85 41.52 61.14 4861 4133 61.22 4849 4232 4930 3497 2771 86.82 7555 72.86
IDEC 60.02 52.14 4430 62.11 5351 4592 59.80 49.87 43.06 4798 36.84 2878 75.80 64.03 57.30
CAMVC 86.29 7627 7235 9136 8399 8245 8829 79.89 76.57 60.57 4749 4092 9941 98.31 98.70
DMAC 50.57 36.04 28.76 59.79 47.36 36.11 6243 49.21 38.55 5871 42.13 3427 9586 91.68 91.23
GMVC 81.94 7556 7043 8509 75.83 7239 7849 69.64 64.61 6127 5384 4331 9924 97.88 98.34
ALPC 47.86 28.25 21.83 48.07 28.33 21.82 4736 27.06 2099 4729 26.62 20.84 96.83 9274 9324
SDMVC 90.22 81.39 80.15 84.71 72.61 70.13 83.07 70.79 67.06 43.57 41.86 29.62 58.74 64.44 60.20
MFLVC 7045 61.54 60.71 8392 74.17 7399 70.73 62.16 6097 60.99 53.43 53.04 99.31 98.09 98.64
CVCL 87.79 79.79 7922 7891 6594 6645 70.51  60.77 6034 5371 4390 44.15 99.27 9797 98.40
DealMVC 87.19 7920 75.72 7371 64.79 57.33 6344 5321 4389 4734 40.59 30.19 9192 90.57 87.32
ADMC 91.64 84.81 82.56 92.64 87.03 8524 '88.14 80.25 77.53 6250 52.60 41.87 87.68 82.16 73.79
SSLNMVC 78.64 7244 6620 89.00 80.69 77.25 7836 69.05 6242 6436 53.98 4420 99.22 97.88 98.31
MoCE-DC  92.86 87.23 8549 9429 88.60 87.96 92.14 8590 84.22 69.00 56.33 49.71 99.46 98.55 98.64

Table 3: The clustering results with ACC, NMI and ARI. The best result is indicated in bold, while the second-ranked result is marked with

an underline.

tering methods, MoCE-DC consistently yields superior re-
sults, as it effectively exploits the complementary informa-
tion across multiple views. Second, unlike methods that ob-
tain cluster assignments through a single MLP-based cluster-
ing head, MoCE-DC explicitly models intra-cluster substruc-
tures by introducing multiple collaborative experts and adap-
tively derives the final cluster assignments, which enhances
its capability to capture intra-cluster diversity. Finally, al-
though graph-based methods can also reveal latent substruc-
tures within clusters to some extent, their performance heav-
ily depends on the quality of graph construction. By contrast,
MoCE-DC achieves cross-view alignment through a hierar-
chical consistency constraint, leading to more robust and im-
proved clustering performance.

3.4 Ablation Study

Table 4 reports the ablation study results, evaluating the con-
tribution of each loss component. First, when only the recon-
struction loss Lp is used, the clustering performance is ex-
tremely poor, indicating that representation learning alone is

insufficient to induce meaningful clustering structures. Sec-
ond, by directly supervising the formation of clustering as-
signments, the clustering loss L enables the model to learn
more discriminative representations. Third, the gating bal-
ance regularization Lp can also improve clustering perfor-
mance. Overall, the best performance is consistently achieved
when all loss terms are jointly optimized, confirming the ne-
cessity of jointly modeling clustering supervision and consis-
tency alignment in the proposed MoCE-DC framework.

3.5 Parameter Analysis

For the proposed MoCE-DC framework, we investi-
gate the sensitivity of key parameters. Specifically,
a and [ are selected via grid search from the set
{1073,1072,107%,10°, 10, 10?}. The number of experts
is chosen from {C,10,15,20,25}. As shown in Figure 3,
MoCE-DC exhibits relatively stable clustering performance
across a wide range of « and 3 values, indicating that the pro-
posed framework is not overly sensitive to the precise choice
of these hyperparameters. As shown in Figure 4, the cluster-
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Dataset Lr Lc L ACC NMI ARI
v X X 3968 2192 108
v v X 9692 9475 9533
BDGP v X v 3716 2002 8.12
Vv v 9920 97.64 98.02
v X X 2700 804 426
Vv v X 9143 8539 83380
Caltech-5V v X v 3229 1588 106l
VY v < 9286 8723 8549
v X X 2578 1178 429
Vv v X 6744 5621 4688
OutdoorScene /- x /' 2307 934 275
v v v 7158 5931 5075
v X X 3043 629 394
CiteSeer v v X 5872 3096 31.69
v X v 2871 531 29
v v v 6108 3397 3373

Table 4: The clustering results of Ablation Study.
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Figure 3: Clustering ACC(%) obtained under various settings of the
parameters « and 3.

ing performance reaches its peak when the number of experts
M is set to approximately 10 or 15. Increasing M beyond this
range results in degraded performance, because an excessive
number of experts introduces redundancy and weakens effec-
tive expert cooperation. Therefore, we set M within the range
of 2C' to 3C' to strike a balance between model capacity and
clustering stability.

3.6 Convergence Analysis

As shown in Figure 5, we visualize the clustering metrics and
overall loss throughout training to validate the convergence.
The total loss drops quickly and then plateaus, and the clus-
tering accuracy correspondingly converges to a stable level.
When the target distribution is updated, a temporary increase
in the loss can be observed. However, the model subsequently
converges to a better clustering solution, indicating that the
global target distribution effectively guides the views toward
learning more accurate clustering assignments.

3.7 Visualization Validation

As shown in Figure 6, we perform t-SNE visualization of
the learned global representations, where each sample is col-
ored according to its final clustering result. The visualiza-
tion shows clear inter-cluster boundaries and compact intra-
cluster distributions on both BDGP and Caltech-5V. This
demonstrates that MoCE-DC effectively enhances the dis-
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o\370 870
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(a) OutdoorScene (b) CiteSeer

Figure 4: Clustering ACC(%) obtained with different number of ex-
perts. The horizontal axis represents the number of selected experts.
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Figure 5: Convergence curves and clustering performance on BDGP
and Caltech-5V.

criminability of the learned representation and produces re-
liable clustering assignments.

4 Conclusion

This paper proposes a novel multi-view clustering frame-
work, termed MoCE-DC, which integrates a mixture of
clustering experts with a dual-level consistency constraint.
MoCE-DC decomposes complex cluster structures by lever-
aging multiple experts to capture diverse sub-cluster patterns
within each view. To ensure cross-view consistency, MoCE-
DC adopts a dual-level alignment strategy, including sample-
wise cross-view prediction and global consensus regulariza-
tion. Extensive experimental results demonstrate the effec-
tiveness of the proposed method.

- %
o 4;;1*»01
"‘?j" Fra &
i -4
i
(a) BDGP (b) Caltech-5V

Figure 6: ¢-SNE analysis of MoCE-DC on BDGP and Caltech-5V
datasets.
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