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Abstract

Multi-view clustering (MVC) aims to integrate information
from diverse data sources to facilitate the clustering pro-
cess, which has achieved considerable success in various real-
world applications. However, previous MVC methods typi-
cally employ one of two strategies: (1) designing separate fea-
ture extraction pipelines for each view, which restricts their
ability to fully exploit collaborative potential; or (2) employ-
ing a single shared representation module, which hinders the
capture of diverse, view-specific representations. To tackle
these challenges, we introduce Deep Multi-View Clustering
via Collaborative Experts (DMVC-CE), a novel MVC ap-
proach that employs the Mixture of Experts (MoE) frame-
work. DMVC-CE incorporates a gating network that dynam-
ically selects multiple experts for handling each data sample,
capturing diverse and complementary information from dif-
ferent views. Additionally, to ensure balanced expert utiliza-
tion and maintain their diversity, we introduce an equilibrium
loss and a multi-expert distinctiveness enhancer. The equi-
librium loss prevents excessive reliance on specific experts,
while the distinctiveness enhancer encourages each expert to
specialize in different aspects of the data, thereby promot-
ing diversity in learned representations. Comprehensive ex-
periments on various multi-view benchmark datasets demon-
strate the superiority of DMVC-CE compared to state-of-the-
art MVC baselines.

Introduction
Clustering (Xu and Wunsch 2005; Cai et al. 2022a; Wu et al.
2023; Liu et al. 2023a; Cai et al. 2024c; Ren et al. 2024) is
an essential research issue in unsupervised machine learn-
ing, which has numerous applications in real-world scenar-
ios, e.g., drug discovery (Sadybekov and Katritch 2023) and
social network analysis (Li et al. 2017; Cai et al. 2024b).
With the rapid growth of multimedia technology, the data
can be expressed via multiple perspectives, e.g., text, image,
graph, etc, which is so-called multi-view data. Compared to
single-view data, multi-view data offer richer information
for representing an object, which provides the potential to
further improve clustering performance.

*These authors contributed equally.
†Corresponding author.
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Multi-view clustering (MVC) (Hu et al. 2023; Yang et al.
2023; Huang, Yang, and Cai 2024) aims to integrate infor-
mation from multiple views to achieve more efficient clus-
tering than handling each view independently. Early MVC
methods typically rely on classical machine learning tech-
niques, such as multiple kernel learning (Tzortzis and Likas
2012; Houthuys, Langone, and Suykens 2018; Wu, Zhang,
and Fan 2024), matrix factorization (Liu et al. 2013; Li et al.
2024), graph methods (Huang et al. 2019; Liu et al. 2024;
Wen et al. 2024), and subspace learning (Sun et al. 2021;
Cai et al. 2024a), to fuse features from various views. How-
ever, these methods generally face limitations in scalability
and handling high-dimensional data. Fortunately, the emer-
gence of deep learning has significantly advanced clustering
methods (Qi et al. 2022; Cai et al. 2022b; Liu et al. 2023b).
Deep learning-based MVC methods (Li et al. 2019; Xu et al.
2022; Fang et al. 2023; Pu et al. 2024) leverage the pow-
erful representation learning capability of deep neural net-
works to process multi-view data with high-dimensionality
and complex structures. These methods excel in extracting
representative features and uncovering the intricate corre-
lations among different views, facilitating a more effective
information integration of multi-view data. Moreover, tra-
ditional MVC methods have also improved from their deep
variants (Chen et al. 2022; Li et al. 2023a; Chen et al. 2024).

While existing MVC methods, such as (Qi et al. 2024;
Zhang, Liu, and Fu 2019), predominantly emphasize devel-
oping powerful feature fusion mechanisms across multiple
views, one of the critical oversights is the conventional sep-
arated design of backbone networks in existing approaches.
Typically, the feature extraction process for each view op-
erates independently, with integration occurring only at the
subsequent feature fusion stage. This can significantly limit
the collaborative potential between multiple views during
the early feature learning phase, resulting in underutilized
cross-view correlations and sub-optimal clustering perfor-
mance. While another strategy (Chen et al. 2022; Wan et al.
2024, 2023) attempts to adopt a shared representation mod-
ule for multi-view data, it would fail in capturing the di-
versity of view-specific representations. Consequently, it un-
veils a compelling research challenge in MVC: How can we
facilitate collaboration across multiple backbone networks
while preserving the uniqueness of view-specific representa-
tions to achieve effective multi-view clustering?
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Figure 1: The architecture of the proposed DMVC-CE method. The MoE representation learner contains multiple experts
and a gating network dynamically selects appropriate experts for representation learning. Besides, an equilibrium loss and a
distinctiveness enhancer are introduced to ensure balanced utilization and diversity of experts. A(·) denotes the aggregation
function to integrate features among V views. A decoder network is incorporated for view-specified data reconstruction.

To address this challenge, we propose a simple yet effec-
tive MVC method called Deep Multi-View Clustering via
Collaborative Experts (DMVC-CE) in this paper. Unlike the
separated design in the feature extraction pipeline of ex-
isting MVC frameworks, we argue that they could be uni-
fied and encourage collaboration. We take advantage of the
mixture of experts (MoE) and introduce multiple expert net-
works to fuse features of multi-view data. The network ar-
chitecture of DMVC-CE is shown in Figure 1. Specifically,
the multi-view data flow not only into multiple expert net-
works but also into a designed gating network, where the
gating network dynamically selects experts to participate in
the representation learning of each instance, thereby captur-
ing diverse and complementary information from different
views. Compared to the aforementioned strategies, the uni-
fied MOE representation learner assigns different combina-
tions of experts to different views, enabling the optimization
of these views to explicitly have a collaborative impact on
the overlapping selected expert networks.

However, there are two potential risks during training:
1) certain experts may be excessively relied on; 2) differ-
ent experts may converge to the same functions. To mitigate
these issues, we introduce an equilibrium loss to ensure bal-
anced expert participation. Besides that, we propose a multi-
expert distinctiveness enhancer to maintain expert diversity
by maximizing the mutual information between expert dis-
tributions. The main contributions of this paper are:
• We propose DMVC-CE to bridge a pivotal gap in ex-

isting MVC frameworks, i.e., the limited collaborative
potential between multiple feature extraction pipelines.
DMVC-CE leverages the MoE architecture to facilitate
collaborative processing across different views.

• We introduce an equilibrium loss for balancing the uti-
lization of experts, which prevents excessive reliance on
specific experts.

• We propose a distinctiveness enhancer to encourage ex-

pert diversity, thereby facilitating the learning of diverse
information from multi-view data.

• We empirically validate the superiority of DMVC-CE
over state-of-the-art MVC baselines through rigorous
evaluation of various benchmark datasets.

Related Works
Multi-view Clustering
Multi-view clustering (MVC) (Fu et al. 2022; Chen et al.
2023b; Yang et al. 2023; Zhang et al. 2024; Zhou et al.
2024) aims to leverage complementary information from di-
verse data sources to enhance clustering performance. Tradi-
tional MVC methods mainly focus on graph-based learning,
matrix factorization, subspace learning, etc. For instance,
Li et al. effectively leveraged anchor graphs in multi-view
clustering. Non-negative matrix factorization (Yang et al.
2020) is used to streamline large-scale multi-view cluster-
ing. Chen et al. sought for a consensus subspace to cap-
ture complementarity across views. In recent years, the rise
of deep learning has further advanced MVC. Some stud-
ies encode self-expression by utilizing deep neural networks
so as to implement multi-view subspace clustering (Wang
et al. 2020; Zhu et al. 2024). Meanwhile, deep matrix fac-
torization and deep multiple kernel models are also devel-
oped (Zhao, Ding, and Fu 2017; Huang et al. 2022; Li et al.
2023a). These methods significantly gain better scalability
and learning capacity over traditional counterparts. Never-
theless, existing MVC methods typically employ separate
feature extraction pipelines for each view, which prevents
mutual collaboration between different views and leads to
sub-optimal performance.

Mixture of Experts
The mixture of experts (MoE) (Yuksel, Wilson, and Gader
2012) is a machine learning paradigm designed to enhance
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learning efficiency and model performance by distributing
multi-tasks among multiple specialized sub-models, known
as experts. Each expert is trained to focus on different as-
pects of the input space, while a gating network dynamically
determines the contribution of each expert based on the input
data. MoE has demonstrated its effectiveness across various
domains. For example, in natural language processing, the
switch transformer (Fedus, Zoph, and Shazeer 2022) lever-
ages MoE to enhance the efficiency of the transformer by
activating only a subset of experts for each input token. In
computer vision, MoE has been utilized to improve vision
tasks such as image classification (He et al. 2021) and video
recognition (Li and Xu 2023) by allowing different experts
to focus on different features or regions of an image.

Despite these successes, the potential of MoE in improv-
ing multi-view clustering remains under-explored. MoE of-
fers a promising and scalable solution for multi-view clus-
tering with the potential to effectively learn and integrate
complementary information from multiple views. This pa-
per aims to bridge this research gap by leveraging the MoE
paradigm to develop a simple yet effective MVC method that
fully exploits the collaborative potential of multi-view data.

Methodology
Problem Formulation
Let {X(v) = [x

(v)
1 , . . . ,x

(v)
N ]}Vv=1 denote a multi-view

dataset, where N and V are the number of data samples and
views, respectively. Specifically, X(v) ∈ RN×dv represents
the data of v-th view, with dv being the dimensionality of
feature space in this view. The primary objective of multi-
view clustering is to exploit the comprehensive information
available across V views of data to learn more discriminative
features than single-view data, thereby facilitating a more
accurate partition of the N data samples into C clusters. Ex-
isting MVC methods typically utilize separated feature ex-
traction pipelines for each view, followed by feature fusion
and clustering processes.

Different from existing MVC methods, we propose a sim-
ple yet effective MVC framework called deep multi-view
clustering via collaborative experts (DMVC-CE) in this pa-
per, which introduces a collaborative MoE architecture as
the representation learner to facilitate multi-view clustering.
Our method encourages interaction and information sharing
across views, thereby capturing the diverse and complemen-
tary features of the multi-view data. Formally, the overall
objective function can be expressed as:

L =
V∑

v=1

L(v)
recon + Lexpert, (1)

where L(v)
recon denotes the representation learning loss for

the v-th view to ensure the learned features are informative,
and Lexpert is the loss function for the MoE representation
learner. We will describe each component of DMVC-CE in
the following sections.

Collaborative Multi-View Mixture of Experts
Existing MVC approaches follow a similar representation
learning framework, i.e., employing mutually independent

representation learners for data from different views. We
argue that this independent learning paradigm may fail to
fully capture the complementary information across views,
as the cross-view representation learners have no explicit in-
teractions, leading to sub-optimal clustering performance.
To address this limitation, we introduce MoE as a uni-
fied representation learner for multi-view clustering, which
encourages information integration from different perspec-
tives. Specifically, the proposed MoE representation learner
consists of an expert network and a gating network, and the
learning process can be formalized as follows:

Hv =
M∑

m=1

πm(X(v);θ)⊙ Em(X(v);ϕm), (2)

where ⊙ denotes element-wise multiplication, X(v) repre-
sents the data from the v-th view, Hv ∈ RN×dh is the
learned feature, Em(·) represents the learning function of
m-th expert, parameterized by ϕm, and πm(·) ∈ RN×1 de-
notes the gating weight of m-th expert parameterized by θ.
Particularly, the gating network is crucial for ensuring that
the most relevant experts contribute to form the fused repre-
sentation. It dynamically selects the appropriate experts for
each input data based on their specific characteristics. For-
mally, given an input x, the gating network output for the
m-th expert is defined by:

πm(x, θ) =
exp(Gm(x; θ))∑M
i=1 exp(Gi(x; θ))

, ∀m ∈ M, (3)

where Gm(·) denotes the gating function that is parameter-
ized by a single-layer fully connected network. We follow
(Shazeer et al. 2017) to utilize the top-K expert selection
in the framework, where only the experts with top-K gating
scores are selected to contribute to the representation learn-
ing of the corresponding input.

We then introduce an aggregation function A(·) to obtain
the fused representation H for v views, as formalized by:

H = A({Hv}Vv=1), (4)

where {Hv}Vv=1 denotes the feature set learned from V
views. The aggregation function A(·) is implemented with
a concatenation strategy. Note that an essential issue in the
MoE representation learner is to ensure that the learned
fused features preserve the intrinsic information of the
multi-view data. To this end, we introduce a decoder net-
work D(·) to reconstruct the original data from the fused
feature H. We aim to encourage the model to learn the in-
trinsic features of the input data and avoid distortion in the
latent space. The reconstruction process can be defined by:

X̃(v) = Dv(H;ψm), v = {1, . . . , V }, (5)

where X̃(v) ∈ RN×dv and Dv(·) denote the reconstructed
data and decoder network (parameterized by ψm) for v-th
view, respectively. Subsequently, we can define the follow-
ing objective function Lrecon:

L(v)
recon =

1

N

N∑
i=1

||x(v)
i − x̃

(v)
i ||2, (6)
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where x
(v)
i and x̃

(v)
i indicate the i-th samples of input data

X(v) and reconstructed data X̃(v). The reconstruction loss
L(v)
recon is calculated as the Frobenius norm of the difference

between the input and reconstructed data, averaged over the
numbers of samples.

Nevertheless, there still remain two significant challenges
that potentially affect the effectiveness of the proposed MoE
representation learner:

1. The model may rely excessively on certain experts while
leaving others under-utilized, resulting in redundancy
and inefficient exploitation of the model capabilities.

2. Multiple experts may converge to similar functions,
which reduces the diversity of experts and results in sub-
optimal clustering performance.

Equilibrium for the Expert Selection
The first challenge requires ensuring the equilibrium in the
expert selection, so that all experts can adequately partici-
pate in representation learning. To tackle this challenge, we
introduce an equilibrium loss to penalize imbalances in ex-
pert utilization, thus promoting a more efficient and fair al-
location of experts to each learning task.

We define the expert usage density as ρ to represent the
average frequency that each expert is selected in the repre-
sentation learning process:

ρi =
V∑

v=1

N∑
j=1

M(v)
ji , (7)

where ρi denotes the usage density of expert Ei, and M ∈
RV×N×M is a one-hot mask matrix indicating which experts
have been selected for handling each sample. Specifically,
M is defined by:

M(v)
ji =

{
1, if Ei is selected for x(v)

j ,
0, otherwise.

(8)

To further quantify the equilibrium in expert selection, we
calculate the density proxy ρ̂, which represents the mean se-
lection probability for each expert:

ρ̂i =

V∑
v=1

N∑
j=1

πi(x
(v)
j ;θ). (9)

As denoted in Eq. (3), πi(x
(v)
j ;θ) represents the selection

probability of expert Ei for input x(v)
j in the gating network.

Then, the equilibrium loss ℓe used to penalize significant de-
viations among the utilization of experts is defined by:

ℓe =
1

M

M∑
i=1

(ρi · ρ̂i). (10)

Note that a large discrepancy between the utilization of dif-
ferent experts (e.g., some experts are consistently chosen
over others) will result in a higher ℓe, indicating an imbal-
ance. Therefore, minimizing Eq. (10) encourages a more
balanced utilization of all available experts.

Algorithm 1: Training procedure of DMVC-CE.

Input: Multi-view dataset {X(v)}Vv=1, number of views V ,
number of experts M , number of selected experts K, num-
ber of clusters C.
Output: The cluster labels.

1: Initialize the network parameters.
2: while not convergence do
3: Extract the fused feature H via Eqs. (2), (3) and top-

K expert selection;
4: Obtain reconstruction data X̃(v) for each view via

Eq. (5);
5: Calculate the reconstruction loss Lrecon via Eq. (6);
6: Calculate the equilibrium loss ℓe via Eq. (10);
7: Calculate the distinctiveness loss R2

H({Em}Mm=1) via
Eq. (12);

8: Back propagation and update network parameters, in-
cluding θ, ϕ, and ψ.

9: end while
10: Perform k-means to obtain the clustering results.
11: return The cluster labels.

Multi-Expert Distinctiveness Enhancer

The second challenge highlights the risk of multiple experts
converging to similar functions, which may potentially di-
minish the overall effectiveness of the model. This empha-
sizes the importance of maintaining expert diversity. To ad-
dress this challenge, we propose a multi-expert distinctive-
ness enhancer, which encourages each expert to specialize
in different aspects of data, thereby enhancing the capabil-
ity of the expert network to learn diverse information from
multi-view data.

We achieve this by introducing a pair-wise kernel regular-
izer to promote diversity among experts. Specifically, given
two distributions of the latent representation learned by ex-
pert Ei and Ej , denoted as PEi

and PEj
, the regularizer is

defined as:

R2
H(PEi

,PEj
) = −Ee∼PEi

,ê∼PEj
[κ(e, ê)], (11)

where e and ê are sampled from the distribution PEi and
PEj . H denotes the Reproducing Kernel Hilbert Space

(RKHS), and κ(x,y) = exp( ||x−y||2
2σ2 ) represents the Gaus-

sian kernel function measuring the similarity between x and
y in H. The regularization term aims to minimize the mutual
information between the two distributions, thereby promot-
ing distinctiveness among experts. For all M experts with
PE = {PEm

}Mm=1, the loss function of distinctiveness en-
hancer is defined as:

R2
H({Em}Mm=1) =

2

M(M − 1)

∑
m<m′

R2
H(PEm

,PEm′ ). (12)

By optimizing this loss function, the multi-expert distinc-
tiveness enhancer ensures that each expert learns to capture
unique aspects of the multi-view data, encouraging distinc-
tiveness between the experts.
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Method Metric ALOI Caltech101-all NUS-WIDE HW BDGP

k-means
ACC 49.62±1.57 13.64±0.33 31.64±0.85 60.26±4.91 49.13±7.74
NMI 49.55±0.92 30.76±0.14 17.22±0.49 57.23±4.70 39.32±8.49
ARI 35.50±1.62 8.31±0.44 8.70±0.39 47.14±4.79 20.28±8.76

MLAN (Nie, Cai, and Li 2017)
ACC 58.94±5.18 19.47±0.56 34.72±3.17 80.45±0.00 34.87±14.00
NMI 59.37±4.31 25.87±1.56 22.84±1.96 82.78±0.00 16.05±14.56
ARI 34.54±5.55 -0.39±0.12 13.76±3.50 74.38±0.00 12.18±11.27

MMGC (Tan et al. 2023)
ACC 81.62±0.05 — 16.37±0.54 22.73±2.07 44.72±0.13
NMI 77.53±0.05 — 3.79±0.72 17.15±2.04 23.28±0.00
ARI 70.56±0.09 — 21.06±0.13 2.81±0.94 17.72±0.00

MCGC (Zhan et al. 2019)
ACC 55.51±0.00 26.63±0.00 21.56±0.00 66.05±0.00 49.80±0.00
NMI 55.41±0.00 30.45±0.00 11.79±0.00 69.38±0.00 27.41±0.00
ARI 35.42±0.00 5.57±0.00 3.49±0.00 60.69±0.00 24.43±0.00

CGL (Li et al. 2021)
ACC 41.24±7.26 14.91±1.22 39.88±2.50 37.42±3.05 29.55±5.22
NMI 45.55±6.01 34.06±0.22 22.72±2.62 47.66±1.35 20.44±3.84
ARI 9.45±3.52 -0.81±0.11 17.22±2.15 10.83±1.15 2.95±0.66

CVCL (Chen et al. 2023a)
ACC 83.43±2.41 18.33±0.37 37.53±1.79 83.45±2.31 75.92±0.00
NMI 80.49±1.33 37.82±0.35 22.47±0.54 80.36±2.05 68.26±0.00
ARI 72.57±2.47 14.63±0.13 16.29±1.24 73.77±3.98 64.62±0.00

RCAGL (Liu et al. 2024)
ACC 55.24±0.00 36.65±0.00 39.81±0.00 62.25±0.00 51.80±0.00
NMI 69.67±0.00 48.44±0.00 23.18±0.00 65.34±0.00 34.52 ±0.00
ARI 50.15±0.00 25.05±0.00 27.58±0.00 59.07±0.00 43.25±0.00

SCM (Luo et al. 2024)
ACC 49.21±2.16 20.95±0.79 35.56±1.25 76.50±0.98 75.00±3.29
NMI 50.43±3.01 38.56±1.38 20.54±0.58 69.23±0.75 57.32±1.45
ARI 31.97±4.17 17.52±0.91 15.90±1.17 62.39±1.30 53.93±2.92

OMVCDR (Wan et al. 2024)
ACC 46.80±0.00 14.22±0.00 24.62±0.00 60.15±0.00 48.32±0.00
NMI 52.07±0.00 32.90±0.00 35.81±0.00 58.47±0.00 33.19±0.00
ARI 34.61±0.00 9.92±0.00 15.32±0.00 46.38±0.00 19.89±0.00

DMVC-CE
ACC 91.54±0.59 42.54±1.99 54.08±1.03 98.75±1.01 80.82±0.30
NMI 88.41±0.50 39.77±2.09 50.37±1.14 98.00±1.32 62.72±0.64
ARI 83.81±0.55 25.00±0.92 36.72±1.43 97.40±2.02 58.23±0.88

Table 1: Average ACCs, NMIs, and ARIs (in %) with standard deviation (10 trials). The best results are marked in bold.

Training Strategy
Based on the proposed modules outlined in the previous
subsections, we formalize the overall objective function of
DMVC-CE by extending Eq. (1) as follows:

L =
V∑

v=1

L(v)
recon + Lexpert

=
V∑

v=1

L(v)
recon + λℓe + γR2

H({Em}Mm=1),

(13)

where λ and γ are two trade-off parameters to control the
contributions of the equilibrium loss and distinctiveness
loss. Here we summarize the effect of each loss function:
• L(v)

recon represents the reconstruction loss for the v-th
view, ensuring the preservation of view-specific informa-
tion.

• ℓe is the equilibrium loss that balances the utilization of
experts, preventing over-reliance on a subset of experts.

• R2
H({Em}Mm=1) is the distinctiveness loss to encourage

distinctiveness among experts, thereby learning diverse
information from multi-view data.

All components of DMVC-CE are trained jointly within a
unified framework. After training, k-means clustering is uti-
lized to evaluate the clustering results of the learned repre-
sentations. To provide a clear understanding of the training
process, the detailed training steps of DMVC-CE are pre-
sented in Algorithm 1.

Experiment
Experiment Setup
Datasets. We select five popular datasets in our experi-
ment, including: (1) ALOI, (2) Caltech101-all, (3) NUS-
WIDE, (4) HW, and (5) BDGP. Table 2 briefly summarizes
the pivotal information of these datasets.

Baseline Methods. We compare the proposed DMVC-CE
with (1) traditional k-means, as well as several state-of-the-
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Figure 2: The t-SNE visualization results of DMVC-CE and several baseline methods on the HW dataset.

Datasets # Total Views # Data Samples # Feature Dimensions # Categories

ALOI 4 1,079 64/64/77/13 10
Caltech101-all 6 9,144 48/40/254/1,984/512/928 102
NUS-WIDE 6 1,600 64/144/73/128/225/500 8
HW 6 2,000 153/596/301/481/157/27 10
BDGP 2 2,500 1,750/79 5

Table 2: Brief illustration of the benchmark datasets.

art MVC methods including: (2) MLAN (Nie, Cai, and Li
2017), (3) MMGC (Tan et al. 2023), (4) MCGC (Zhan et al.
2019), (5) CGL (Li et al. 2021), (6) CVCL (Chen et al.
2023a), (7) RCAGL (Liu et al. 2024), (8) SCM (Luo et al.
2024), (9) OMVCDR (Wan et al. 2024). All the baseline
methods are performed under the default settings in the orig-
inal papers. Note that the results of k-means are based on the
average performance across all views.

Implementation Details. We fixed the total number of ex-
perts M = 10 and the selected expert number K = 3 in the
MoE representation learner. Each expert uses a neuron set-
ting of 2000− 500− 500− dh, where the latent dimension
dh is fixed as 10. The network architecture of the decoder
follows the same configuration as the expert. Besides, two
hyper-parameters λ and γ vary in {0.001, 0.1, ..., 100} to
achieve optimal performance, and the batch size and learn-
ing rate are set to 100 and 0.005, respectively. All experi-
ments in this paper are run on the NVIDIA Tesla A100 GPU
and AMD EPYC 7532 CPU.

Evaluation Metrics. We utilize three popular evaluation
metrics, including the Clustering Accuracy (ACC), Normal-
ized Mutual Information (NMI), and Adjusted Rand Index
(ARI), to evaluate the clustering performance. Note that we
run each method 10 times to report the clustering perfor-

mance with their mean values and standard deviations.

Comparison with State-of-the-art Baselines
We conduct an extensive comparison of DMVC-CE against
both traditional k-means clustering and several state-of-the-
art MVC methods. The experimental results, summarized in
Table 1, yield the following key insights. Firstly, DMVC-CE
exhibits a substantial performance improvement over the tra-
ditional k-means. This enhancement is primarily due to the
capability of DMVC-CE to harness the complementary in-
formation available within multi-view data, which cannot be
achieved by k-means due to its constraint of operating only
on a single view. Secondly, DMVC-CE significantly outper-
forms other state-of-the-art MVC methods. For example, on
NUS-WIDE, DMVC-CE surpasses the GCL method by a
significant margin of 14.20% (ACC), 27.65% (NMI), and
19.50% (ARI), respectively. This remarkable improvement
highlights the efficacy of the proposed MoE learner in rep-
resentation learning. Compared to other MVC methods that
employ independent feature extractors for each view, the dy-
namic collaboration among experts in DMVC-CE facilitates
a more comprehensive integration of rich and diverse infor-
mation from different views. Lastly, DMVC-CE consistently
achieves superior clustering performance across all three
evaluation metrics on various datasets, which demonstrates
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(a) ALOI (b) NUS-WIDE

Figure 3: Performance under different values of λ and γ.

its robustness and generalizability. The integration of the
MoE paradigm in the DMVC-CE framework not only en-
hances clustering performance but also adapts well to multi-
view data from different domains.

Latent Embedding Visualization
To facilitate an intuitive comparison between DMVC-CE
and baseline methods, we employ t-SNE to visualize the
learned latent embeddings. The visualization results, pre-
sented in Figure 2, reveal that the cluster structure of
DMVC-CE is more distinct and well-separated compared to
methods such as GCL or CVCL, which tend to display over-
lapping or poorly separated clusters. This observation indi-
cates that DMVC-CE effectively captures the complemen-
tary information inherent in multi-view data, leading to more
discriminative latent embeddings. Furthermore, DMVC-CE
demonstrates tighter intra-cluster cohesion and clearer inter-
cluster boundaries than the less-defined clusters observed by
methods such as MMGC, MCGC, and RCAGL. This high-
lights that DMVC-CE more effectively integrates diverse in-
formation across multiple views.

Parameter Analysis
Impact of Hyper-Parameters λ and γ. We conduct a
sensitivity analysis to evaluate the impact of the hyper-
parameters λ and γ on the clustering performance. Figure 3
shows the trends of all metrics (ACC, NMI, ARI) on ALOI
and NUS-WIDE datasets, with the λ and γ varying within
the range of [1e−3, 1e2]. The experimental results yield sev-

(a) ALOI (b) HW

Figure 4: Performance under different expert numbers.

eral key insights. Firstly, optimal performance is observed
when λ and γ fall within the range of [1e−2, 1e−1]. This
finding reveals the effectiveness of both loss terms in guid-
ing the model to learn discriminative and diverse features for
multi-view data. However, it is also evident that excessively
high values of λ and γ (e.g., greater than 1e1) negatively im-
pact the clustering performance. This is potentially due to an
overemphasis on the corresponding loss terms during train-
ing, which can lead to imbalanced feature learning. Never-
theless, the clustering performance remains stable across a
broad range of λ and γ values, which fully demonstrates the
robustness of DMVC-CE.

Impact of the Total Number of Experts. To evaluate the
impact of the total expert numbers M on clustering perfor-
mance, we experiment by varying the total number of ex-
perts within the range of [5, 25]. Figure 4 shows the exper-
imental results on ALOI and HW. We can observe that: (1)
A relatively low number of experts tends to result in sub-
optimal performance, because a limited number of experts
may not fully exploit the diverse information inherent in
multi-view data. (2) The marginal gain in performance di-
minishes as the number of experts increases beyond a certain
threshold, which indicates that an optimal balance exists be-
tween model complexity and performance.

Impact of the Number of Selected Experts. Here we an-
alyze the impact of the number of selected experts, i.e., K,
on clustering performance. Figure 5 illustrates the evalua-
tion metrics’ distributions on ALOI and HW, with K vary-
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(b) HW(a) ALOI

Figure 5: Performance fluctuation under the different se-
lected expert numbers.

ing within the range of [1, 10]. Note that the ‘violin’ may ex-
ceed the upper bound as we use kernel density estimation to
approximate the performance distribution. We observe that
a small K value, e.g., 1, leads to large performance fluc-
tuations, as the model may fail to fully leverage the diver-
sity of the available experts. As the value of K increases,
the model initially benefits from a broader integration of ex-
pert insights, enhancing the quality of the learned represen-
tations. Yet, further increasing K beyond a certain point re-
sults in diminishing returns or even negative influence. This
may be due to the incorporation of redundant information
from additional experts.

Ablation Study
To validate the necessity of each component in DMVC-
CE, we conduct an ablation study to evaluate their influ-
ences. We construct several degradation models of DMVC-
CE, i.e., (1) ME (Multi-Extractor) Ensemble: Replacing
the MoE learner with multiple separate extractors. (2) w/o
ℓe: The equilibrium loss is removed from the training pro-
cess. (3) w/o R2

H: The distinctiveness enhancer is excluded
from the model. (4) w/o ℓe & R2

H: Both distinctiveness en-
hancer and equilibrium loss are excluded. Table 3 shows
the performance comparison of these degradation models
with DMVC-CE, where we have the following observations.
Firstly, the lack of direct collaboration in ME Ensemble re-
sults in underutilized cross-view correlations, and the design
of view-specific feature extractors obviously limits their ver-

Metric ALOI HW

ME Ensemble
ACC 54.90±2.42 64.38±2.67
NMI 56.06±3.71 65.61±1.31
ARI 38.92±4.94 53.48±2.14

w/o ℓe

ACC 87.67±1.71 93.97±4.52
NMI 85.29±1.79 94.05±3.88
ARI 77.92±2.38 90.41±6.70

w/o R2
H

ACC 84.02±4.19 93.37±5.10
NMI 82.93±2.79 92.65±5.43
ARI 73.64±4.68 89.03±8.12

w/o ℓe & R2
H

ACC 80.82±5.43 87.00±9.52
NMI 82.50±3.86 89.07±6.32
ARI 70.14±7.38 82.24±10.61

DMVC-CE
ACC 91.54±0.59 98.75±1.01
NMI 88.41±0.50 98.00±1.32
ARI 83.81±0.55 97.40±2.02

Table 3: Ablation study results on ALOI and HW.

satility. In contrast, our MoE architecture enables dynamic
collaboration, with multi-view data processed by multiple
experts shared across views, allowing for the capture of
view-specific information while considering cross-view cor-
relations. Secondly, the absence of the equilibrium loss ℓe
leads to a certain performance decline, which demonstrates
that the unbalanced expert selection limits the representation
learning capability. Thirdly, the performance also degrades
when the distinctiveness enhancer is removed. This reveals
the crucial role of expert diversity in ensuring that each ex-
pert contributes unique and complementary information, and
avoiding redundancy in the learned representations. Finally,
the base model, where only the MoE representation learner
remains, results in the most significant performance decline.
Overall, the ablation study fully demonstrates the effective-
ness of each component in DMVC-CE, which enables bal-
anced dynamic collaboration among experts and fully ex-
ploits the diverse information within multi-view data.

Conclusion
In this paper, we propose DMVC-CE, a simple yet effective
deep multi-view clustering method that leverages the MoE
paradigm to address the limitations of existing MVC frame-
works. DMVC-CE enables collaboration across multiple ex-
perts to effectively capture the complementary information
from multi-view data, where a gating network is introduced
to dynamically select appropriate experts for representation
learning. Additionally, we introduce an equilibrium loss and
a distinctiveness enhancer to ensure the balance in expert
selection and facilitate the diversity of experts. Empirical
results on several benchmark datasets compared with state-
of-the-art MVC baselines fully demonstrate the superiority
of our method. Despite these advancements, one limitation
of DMVC-CE lies in its two-stage framework, where the
framework may benefit from incorporating a clustering ob-
jective to build an end-to-end model.
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