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Abstract

Multi-View Clustering (MVC) aims to enhance clustering
performance by integrating multi-source complementary in-
formation. However, existing deep MVC methods face inher-
ent challenges in balancing the learning of shared consen-
sus representations with the preservation of view-specific in-
formation: independent encoders hinder effective cross-view
collaboration, while a single shared encoder tends to sac-
rifice representation diversity. Although the recently intro-
duced Mixture-of-Experts (MoE) model offers a novel ap-
proach to facilitating view collaboration, its flattened ex-
pert pool design often leads to entanglement between shared
and specific information, and its routing mechanism limits
collaboration potential by neglecting cross-view context. To
address these challenges, this paper proposes a novel deep
multi-view clustering framework—Decoupled Mixture-of-
Experts with Context-Aware Routing for Multi-View Clus-
tering (DMCAR-MVQC). At its core is an innovative Decou-
pled MoE (D-MoE) architecture. We establish a public expert
pool to learn cross-view shared representations while equip-
ping each view with an independent private expert pool to
capture its unique information, thereby structurally enforcing
the decoupling of shared and specific representations. Build-
ing on this, we further design a Context-Aware Hierarchi-
cal Routing (CAHR) mechanism. When routing for the pub-
lic expert pool, this mechanism introduces a global context
vector to guide expert selection, enabling more efficient and
globally informed cross-view collaboration. Finally, to opti-
mize the model, we adopt a multi-level contrastive learning
paradigm: on one hand, a cross-view alignment loss ensures
semantic consistency in shared representations; on the other,
an orthogonality constraint is imposed to further enhance
separability between shared and specific representations. Ex-
tensive experiments on multiple benchmark datasets demon-
strate that DMCAR-MVC significantly outperforms state-of-
the-art methods across key clustering metrics. Additionally,
comprehensive ablation studies thoroughly validate the effec-
tiveness and necessity of each proposed component.

Introduction

Multi-view clustering (MVC)(Gu et al. 2024b,a; Hu et al.
2024, 2025; Wang et al. 2025b; Yan, Yin, and Wen 2025;
Zhou et al. 2025; Guan et al. 2025), a fundamental task in
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unsupervised learning(Liu et al. 2019, 2021a; Zhou et al.
2021), aims to achieve more accurate and reliable data par-
titions by effectively integrating complementary informa-
tion from heterogeneous views, a scenario prevalent across
diverse domains such as bioinformatics (Mitra, Saha, and
Hasanuzzaman 2020), medical image analysis (Chen, Wang,
and Liang 2023), and document analysis (Zhang et al. 2019;
Neeraj and Maurya 2020). While early methods based on
graphs, matrix factorization, or subspace learning (Zhang
et al. 2020; Zhu et al. 2021; Liu et al. 2021b) achieved some
success, their typical reliance on linear model assumptions
often proves insufficient for capturing the complex nonlinear
structures inherent in real-world data. Consequently, Deep
Multi-View Clustering (DMVC)(Yan et al. 2021; Dong et al.
2023) has emerged as the dominant paradigm, leveraging the
powerful representation learning capabilities of neural net-
works. Nevertheless, a core dilemma persists within DMVC:
effectively balancing the twin goals of inter-view collab-
oration and view-specificity preservation. Existing DMVC
methods primarily follow two mainstream paradigms that
struggle with this trade-off. The first, an Independent En-
coder approach(Ke et al. 2021; Chen et al. 2021; Yan et al.
2023), equips each view with a separate encoder. While this
excels at preserving the unique statistical properties of each
view, it defers cross-view collaboration until a late fusion
stage, resulting in insufficient information interaction and
limiting the quality of the learned shared representation. In
contrast, the Shared Encoder paradigm (Xu et al. 2022b; Ke
et al. 2024) enforces the use of a single encoder across all
views. This approach promotes consistency through param-
eter sharing, yet its shortcoming is a tendency to overlook
the inherent heterogeneity among views, potentially ampli-
fying the negative impact of noisy views and thereby com-
promising representation diversity and robustness.

To alleviate the aforementioned collaboration-specificity
tension, DMVC-CE(Zhang et al. 2025) innovatively intro-
duces a Mixture-of-Experts (MoE) framework(Jacobs et al.
1991), attempting to dynamically process inputs from differ-
ent views through a shared set of expert networks. A gating
network dynamically selects multiple experts for each data
sample, thereby capturing diverse complementary informa-
tion across views. This approach undoubtedly opens new di-
rections in the MVC field, but its design still suffers from
two fundamental flaws that require urgent resolution. First,



DMVC-CE has the issue of Representation Entanglement.
DMVC-CE employs a flattened shared expert pool design,
where experts dedicated to learning cross-view commonali-
ties are intermixed with those capturing view-specific char-
acteristics. The optimization process lacks an explicit mech-
anism to disentangle these two types of information, often
resulting in learned representations that entangle shared and
view-specific features. The second is the context-agnostic
routing mechanism. When selecting experts for a given view,
the routing network’s decision relies solely on that view’s in-
put, entirely ignoring valuable contextual information from
other views. This “isolated decision-making” routing strat-
egy is suboptimal, as it misses opportunities for deeper col-
laboration by leveraging cross-view cues to guide expert se-
lection.

To systematically address the aforementioned chal-
lenges, this paper proposes a novel deep multi-view
clustering framework—Disentangled Mixture-of-Experts
with Context-Aware Routing for Multi-View Clustering
(DMCAR-MVC). Unlike existing methods that attempt to
process all information within a single flattened expert pool,
we advocate for explicit architectural disentanglement at
the model level. The core of DMCAR is an innovative
Decoupled Mixture-of-Experts (D-MoE) architecture. This
framework structurally enforces the separation of shared
and view-specific information by establishing a common ex-
pert pool shared across all views to learn cross-view rep-
resentations, while equipping each view with an indepen-
dent private expert pool to capture its unique characteris-
tics. Building upon this disentangled architecture, we fur-
ther design a Context-Aware Hierarchical Routing (CAHR)
mechanism to deepen inter-view collaboration. When select-
ing experts for the shared pool, this mechanism dynami-
cally aggregates a global context vector from all views and
uses it to guide routing decisions. This approach ensures that
the selection of shared experts transcends the limitations of
any single view, incorporating a global perspective to enable
more efficient and intelligent cross-view collaboration. Fi-
nally, to jointly optimize the entire framework, we introduce
a multi-level contrastive learning paradigm. This paradigm
not only ensures semantic consistency of shared represen-
tations through cross-view alignment but also actively im-
poses orthogonality constraints to maximize the separability
between shared and view-specific representations.

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

* We propose a novel Disentangled Mixture-of-Experts
(D-MoE) architecture, which effectively resolves the en-
tanglement of shared and specific information in existing
methods at the model structural level by introducing sep-
arate shared and private expert pools.

e We design a Context-Aware Hierarchical Routing
(CAHR) mechanism that leverages global contextual in-
formation aggregated from all views to guide the selec-
tion of shared experts, significantly enhancing the effi-
ciency and depth of cross-view collaboration.

e We introduce a carefully crafted multi-level contrastive
learning objective, which not only ensures consistency
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of shared representations through alignment loss but also
actively promotes the disentanglement of shared and spe-
cific representations via orthogonality constraints.

Through extensive experiments on multiple benchmark
datasets, we comprehensively demonstrate the superior
performance of the proposed DMCAR framework over
existing state-of-the-art methods.

Related Work

Deep learning has become the dominant paradigm for
Multi-View Clustering (MVC), yet existing methods grap-
ple with balancing inter-view collaboration and view-
specificity (Feng et al. 2025; Dong et al. 2025b,a; Wan
et al. 2024). Early approaches fall into two main cate-
gories: the independent encoder paradigm, which preserves
view-specific features but suffers from insufficient cross-
view interaction, and the shared encoder paradigm, such
as DMIM (Mao et al. 2021), which promotes consistency
via parameter sharing but risks suppressing view hetero-
geneity and is vulnerable to noisy data. To transcend these
limitations, recent work has leveraged contrastive learn-
ing to enhance representation consistency. For instance,
DealMVC (Yang et al. 2023) aligns feature similarity with a
pseudo-label graph, while CONAN (Ke et al. 2021) uses in-
formation bottleneck theory to align view-specific represen-
tations. Concurrently, efforts to better preserve view-specific
information have emerged. MFLVC (Xu et al. 2022b) uses
multi-level feature learning, CAMVC (Du, Zheng, and Xu
2024) employs attention to weigh features, SCMVC (Wu
et al. 2024) uses self-weighting to manage view reliabil-
ity, and DUA-nets (Geng et al. 2021) learns sample-wise
weights. However, these methods typically rely on implicit
guidance via loss functions, lacking an explicit architectural
mechanism to decouple shared and view-specific informa-
tion—the core problem we address.

Our approach is inspired by the Mixture-of-Experts
(MoE) architecture, a conditional computation paradigm
with origins in early machine learning (Jacobs et al. 1991)
that has seen a major resurgence. By using sparsely activated
gating, MoE enables massive model scaling without a pro-
portional increase in computational cost, making it a corner-
stone of modern large language models(Chen et al. 2025;
Yang et al. 2025) like GShard (Lepikhin et al. 2020), Switch
Transformer (Fedus, Zoph, and Shazeer 2022), GLam (Du
et al. 2022), Llama-MoE (Zhu et al. 2024), and DeepSeek-
MOoE (Dai et al. 2024). In the context of MVC, DMVC-
CE (Zhang et al. 2025) made the pioneering effort to apply
MoE to facilitate cross-view collaboration. While innova-
tive, its design suffers from fundamental limitations: a "flat”
expert pool inherently entangles shared and view-specific
representations, and its gating network’s reliance on single-
view inputs results in a context-deficient routing mecha-
nism that limits collaborative potential. These unresolved
challenges directly motivate our DMCAR-MVC framework,
which introduces a Decoupled MoE (D-MoE) architecture
and Context-Aware Hierarchical Routing (CAHR) to explic-
itly address these issues and advance the application of MoE
in multi-view clustering.



Methodology

This chapter provides a detailed exposition of our proposed
Decoupled Mixture-of-Experts with Context-Aware Routing
for Multi-View Clustering (DMCAR-MVC) framework. We
first outline the model’s overall architecture and optimiza-
tion objectives. Subsequently, we delve into the core Decou-
pled Mixture-of-Experts (D-MoE) structure, explaining how
its design separates the learning of view-shared and view-
specific information. Next, we focus on the Context-Aware
Hierarchical Routing (CAHR) mechanism, engineered to
enhance cross-view collaboration. We then introduce the
multi-level contrastive learning objectives employed for the
joint optimization of the entire framework. Finally, we de-
scribe how the learned decoupled representations are uti-
lized for data reconstruction and ultimate clustering.

Overall Framework

The overall design of our proposed DMCAR-MVC frame-
work is illustrated in the figure 1. Given a multi-view dataset

X = X0 ¢ RNdeL/:l containing V' views, where N is
the number of samples and d,, is the feature dimension of
the v-th view, the core objective of our method is to learn
a set of high-quality disentangled latent representations H.
This representation consists of two components: a shared
representation H, € RV*% aligned across all views, and a

set of view-specific representations H(" € RN >4 ::1 that
capture the unique information of each view. To achieve this
goal, we design a unified optimization function L, which
is composed of three key weighted loss terms:

ey

where, L econ 18 @ reconstruction loss designed to ensure that
the learned representations retain the primary information
of the original data. Ly, is a cross-view alignment loss
aimed at guaranteeing that the shared representations ex-
tracted from different views maintain semantic consistency.
Ldisentangle 18 a disentanglement loss used to enhance the sep-
arability between shared and specific representations, ensur-
ing they learn complementary rather than redundant infor-
mation. A\; and Ay are hyperparameters that balance the im-
portance of each loss term.

Etotal = Erecon + >\1£align + )\2 Edisenlangle»

Disentangled MoE Architecture

To fundamentally address the prevalent issue of represen-
tation entanglement in existing methods, we designed a
novel Disentangled Mixture-of-Experts (D-MoE) architec-
ture. This architecture enforces a structural separation be-
tween shared and specific information learning pathways
through two parallel processing streams: the shared rep-
resentation learning stream and the specific representation
learning stream. The shared representation learning stream
is responsible for extracting consistent information common
across all views. To achieve this, we establish a shared expert
pool & = {gs,m}%il containing M expert networks. This
expert pool is common to all views, and data from any view
X () is routed here to learn its corresponding shared repre-

sentation HS’). Unlike traditional MoE, the routing process
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here is guided by our innovative Context-Aware Hierarchi-
cal Routing (CAHR) mechanism, which will be detailed in
next section. For an input X(*) from view v, the generation
of its shared representation can be formalized as:

Hgv) = MoE, (X(U) |Cglobat)
Mg

- Z Gomn(X™), Cyiopat) - Eom (X)),

m=1

2

where, G ,, represents the weights generated by the
context-aware gating network, and Cyjopg is the global con-
text that aggregates information from all views.

In parallel, the view-specific representation learning
stream aims to capture the unique statistical properties and
structural information of each individual view. For each
view v, we equip it with an independent private expert pool

g =gl My consisting of M, The data X(¥)
P = “pmpm=1> go p experts. The data

of view v is exclusively fed into its dedicated private expert

pool 5;(,”) to extract the view-specific representation HS’).

Here, the routing mechanism is conventional, with decisions
relying solely on the input of the current view, thereby en-
suring the view-specific nature of the learned information.
The computation process is as follows:

MT)
Hz()v) - MoEZ()“)(X(”)) = Z ngr)n(x(v)) -5;%(X(”))7
m=1

3)
where, Gl(ff,)n represents the output of the private gating net-
work for view v. Through this structural design, DMCAR-
MVC achieves physical isolation of shared and specific rep-
resentations during the encoding phase, laying the founda-
tion for subsequent precise alignment and decoupled opti-
mization.

Context-Aware Hierarchical Routing

To address the limitations of traditional MoE routing mech-
anisms in multi-view scenarios—specifically their “isolated
decision-making” and “narrow perspective” issues—we de-
signed a Context-Aware Hierarchical Routing (CAHR)
mechanism. This mechanism represents one of the core in-
novations of our approach, specifically aimed at enhancing
the routing capability of the shared expert pool to enable
more globally informed decisions, thereby fostering deeper
collaboration across views. The implementation of CAHR
involves two key steps. First is the construction of a global
context vector. For each sample ¢ in the input batch, instead
of feeding it directly into the gating network, we first pass it
through a lightweight shared encoder ¢j;gn to extract a pre-

liminary, low-dimensional embedding for each view x§”>.

These embeddings from all views are then aggregated (in
this work, we use average pooling) to construct a compact
yet comprehensive global context vector Cgjopat,; for the sam-
ple:

v
1 v
Calobal.i = 77 E ¢Iight(xz(‘ ))- €]
v=1
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Figure 1: An overview of our proposed DMCAR framework.

This context vector Cgiobal,; can be regarded as a holistic
”snapshot” of sample 7 across all views, providing valuable
cross-view information for routing decisions.

Next is the context-aware gating network. When select-
ing experts from the shared expert pool, its gating network
G no longer takes as input only the sample representation

ng) from a single view, but rather the concatenation of that
representation with its corresponding global context vector
Cglobal,i- This approach enables the gating network to simul-
taneously “see” both the local information of the current
view and the global context from other views when mak-
ing decisions, thereby improving its judgment. Specifically,
the routing logits are computed as follows:

logitsgv) =W, RCLU([XEU), Cylobal,i) ) 5)

where, [-, | denotes the concatenation operation, and W, is
the learnable weight matrix of the gating network. The com-
puted logits are then processed through a standard Softmax
function and a Top-K selection mechanism to obtain the final

weights G svm(xgv), Cglobal,i) assigned to each shared expert.
This design enables the expert selection process to transcend
the limitations of a single view, achieving more efficient and
intelligent cross-view collaboration.

Multi-level Contrastive Learning

To effectively optimize the D-MoE architecture and learn
high-quality disentangled representations, we introduce a
carefully designed multi-level contrastive learning paradigm
comprising two complementary objective functions. The
first objective is cross-view contrastive alignment for shared
representations (Lgjign). The core idea is that for the same

data sample, its shared representations hiui) and hgvi) ex-

tracted under different views should be semantically sim-
ilar. We employ the widely used InfoNCE loss to achieve
this goal. Specifically, for any sample 3, its shared repre-
sentations under views u and v form a positive pair, while
its representations paired with those of any other sample j
(j # 1) constitute negative pairs. By maximizing the similar-
ity between positive pairs and minimizing the similarity with
all negative pairs, the model is encouraged to learn a view-
invariant shared semantic space. The alignment loss for the
view pair (u, v) is defined as:

N
u,v 1 Pl
‘Ce(lhgn) = _N Z IOg @

P, = exp(sim(h"),h{")) /) (6)
N
Q; = Z exp(sim(h SZ),h(v )/7) +
J=1,5#i

where, sim(-, -) denotes cosine similarity, and 7 is the tem-
perature hyperparameter. The total alignment loss Lyjign is
the average of the losses across all view pairs.

The second objective is the contrastive decoupling be-
tween shared and specific representations (Lgisentangle). 1O
ensure that the private expert pool learns information com-
plementary to, rather than overlapping with, the public ex-
pert pool, we explicitly impose an orthogonality constraint
to maximize the divergence between the two representa-
tions. This is achieved by minimizing the squared cosine

similarity between the shared representation h(v) and the
specific representation h;) ") under the same view. This loss

function directly penallzes any linear correlation between
the two representations, thereby driving them to occupy or-
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thogonal subspaces in the representation space. The formal
definition is as follows:

A - 9
»Cdisentangle = V7N Z Z (Slm(hgn 7hp17)i))> . (7)
v=1i=1
This simple orthogonality loss complements our D-MoE ar-
chitecture, working together to ensure effective decoupling
of the final representations.

Reconstruction and Clustering

After extracting and optimizing disentangled representations
through the D-MoE architecture using contrastive learn-
ing objectives, we complete the entire process through two
steps: reconstruction and clustering. To ensure that the

learned latent representations H§”> and H;,U) retain suffi-
cient original information and avoid model collapse, we in-
troduce a reconstruction task as a regularization mechanism.
Specifically, for each view v, we concatenate the learned
shared and specific representations along the feature dimen-

sion to form a complete view representation [Hgv)7 Hév)}.
This concatenated representation is then fed into a view-
specific decoder D) to reconstruct the original input data
X®) = p) ([Hgv), H,(,“)]). We employ mean squared error
(MSE) to quantify reconstruction quality, with the total re-
construction loss L e.on being the average of reconstruction
errors across all views:

4
1 N
Lrecon = % ; X — X@)|2,. (8)
After the model training converges, we proceed to the fi-
nal clustering stage. First, to obtain a unified shared rep-

resentation robust across all views, we average the aligned

)

shared representations H&” from all views, yielding Hy, =

% 21‘;/:1 Hg”). Next, we concatenate this unified shared rep-

1%
resentation with the view-specific representations H,(;U) w1
to construct the final clustering representation Hjyger, Which

incorporates both consistent and diverse information:

Huser = [He, HIY, .. HV)). ©)
Finally, we apply the standard k-means algorithm to this
comprehensive representation Hgjyser to obtain the final
sample clustering results. This approach fully leverages the
advantages of the disentangled representations learned by
our model, thereby achieving superior clustering perfor-
mance.The pseudocode of our DMCAR-MVC algorithm
framework is presented in Algorithm 1.

Experiment

Experiment Setup

Datasets. To comprehensively evaluate the performance
of our proposed method, we carefully selected six bench-
mark datasets widely used in related fields for experimental
validation: ALOI-100, HW-6V, UCI-digit, BDGP, CiteSeer,
and Cora. Table 1 provides a concise summary of the key sta-
tistical information for these datasets,including the number
of samples (N), clusters (C), views (V), and feature dimen-
sionality (D).

Algorithm 1: The Proposed DMCAR-MVC Algorithm

1: while not reaching the maximum training epochs do

2:  For each sample ¢, construct its global context vector
Cglobal,i using Eq. (4)

3: forv=1toV do

4: Generate the shared representation Hg”) via Eq.
2.

5: Generate the view-specific representation H,(,”) Eq.
3).

6: Form [HS”, Hév)] and reconstruct X(¥) |

7:  end for

8:  Calculate Lyjig, via Eq. (6).

©

Calculate Lgisenangle Via Eq. (7).

10:  Calculate Lyecon via Eq. (8).

11:  Compute L, in Eq. (1).

12:  Update all network parameters by backpropagating

the total 1oss Liotal-

13: end while

14: Generate the final clustering representation Hjyger us-
ing Eq. (9).

15: Apply the k-means algorithm on Hpyger-

16: return The final cluster assignments.

Dataset N C \% D

HW-6V 2000 10 6 216/76/64/6/240/47
UCI-digit 2000 10 3 64/76/216
ALOI-100 10800 100 4 77/13/64/125

BDGP 2500 5 3 1000/500/250

Cora 2708 7 4 2078/1433/2708/2708
CiteSeer 3312 6 4 3703/3312/3312/3312

Table 1: Multi-view datasets used in experiments.

Implementation Details. Our proposed DMCAR-MVC
model was implemented using the PyTorch 1.12 frame-
work(Tejani et al. 2019).All experiments were conducted on
a computing platform equipped with the Windows 11 op-
erating system, 64GB of RAM, an Intel Core i9-14900KF
CPU, and an NVIDIA GeForce RTX 3090 GPU. For model
training, we employed the Adam optimizer(Kingma and Ba
2015) with its default parameter settings and an initial learn-
ing rate set to 1 x 1074, A batch size of 128 was utilized
throughout the training process. The model were trained for
a total of 150 epochs.

Baseline Methods. To demonstrate the performance of
our proposed DMCAR-MVC method, we compare it with
10 classical and state-of-the-art multi-view clustering meth-
ods.Traditional methods: LMVSC(Kang et al. 2020),and
BMVC(Zhang et al. 2019).Deep multi-view clustering
methods:AE2-Nets(Zhang, Liu, and Fu 2019), SDMVC(Xu
et al. 2022a), MFLVC(Xu et al. 2022b),DSMVC(Tang and
Liu 2022),DEMVC(Ren et al. 2021),SDSNE(Liu et al.
2022),ACCMVC(Yan et al. 2024),DMAC(Wang et al.
2025a).



Dataset | LMVSC [ BMVC [ AE2-Nets [ SOMVC [ MFLVC [ DSMVC [ DEMVC [ SDSNE [ ACCMVC [ DMAC [ DMCAR-MVC(Ours)
ACC(%)
HW-6V | 8510 [ 7550 [ 87.82 [ 4945 [ 8620 | 9525 | 2745 [ 87.60 | 5025 [ 81.90 96.80
uct 89.35 | 8545 | 80.57 | 63.00 | 92.00 | 8545 | 6230 | 8455 | 3995 | 68.65 92.95
ALOL | 4240 | 63.54 | 26.90 - 2312 | 14.89 - oM | 8629 | 7301 8036
BDGP | 4844 | 4008 | 4145 | 3404 | 3312 | 5308 | 2580 | 2196 | 96.64 | 84.16 98.32
Cora 3699 | 3043 | 2215 | 3106 | 3102 | 28.88 | 3054 | 4424 | 2622 | 27.07 45.86
CiteSeer | 43.62 | 28.08 | 3829 | 41.33 | 2509 | 3505 | 2331 | 3699 | 2563 | 21.53 66.66
NMI(%)
HW-6V | 8056 | 7752 [ 80.18 [ 51.90 [ 8553 [ 9L19 [ 2939 [ 8775 | 6260 [ 75.57 92.15
uct 61.07 | 6584 | 6951 | 6429 | 8540 | 80.67 | 60.54 | 89.05 | 3665 | 59.82 8651
ALOT | 5582 | 7699 | 49.47 - 67.88 | 40.57 - OM | 9393 | 85.69 92.03
BDGP | 2354 | 1557 | 19.80 867 | 856 | 3199 | 560 | 237 | 8992 | 76.14 94.94
Cora 1687 | 926 | 079 512 | 1297 | 814 634 | 3435 | 1370 | 8.69 25.55
CiteSeer | 2050 | 1096 | 1677 | 19.00 | 408 | 9.75 305 | 2432 | 422 0.81 49.58
Fscore(%)
HW-6V | 7723 [ 7113 [ 7935 [ 4210 [ 8582 [ 9527 | 17.66 | 87.83 | 80.12 [ 82.14 96.68
uct 81.28 | 7872 | 67.65 | 6277 | 9205 | 8609 | 6136 | 8235 | 8154 | 67.40 92.95
ALOT | 3168 | 5098 | 2459 - 1202 | 036 - oM | 2366 | 7L51 79.88
BDGP | 3642 | 3285 | 33.11 | 3147 | 2638 | 5329 | 1873 | 1067 | 8176 | 83.13 98.32
Cora 2669 | 2464 | 2255 | 1796 | 3241 | 3014 | 2766 | 3513 | 2636 | 2694 49.86
CiteSeer | 3224 | 23.36 | 3112 | 3873 | 2550 | 36.62 | 2054 | 2305 | 2302 | 19.52 50.97

Table 2: Clustering algorithms are compared on benchmark datasets using evaluation metrics including ACC, NMI, and Fscore.
The best performance is highlighted in bold, while the second-best is shown in underline, “OM” denotes out-of-memory failure.

Comparisons with State of the Arts

Table 2 summarizes the comparative performance of
the proposed DMCAR-MVC method against ten base-
line algorithms on 6 benchmark datasets with diverse
scales,evaluated using accuracy (ACC), normalized mutual
information (NMI), and F-score.The results demonstrate
that DMCAR-MVC method consistently achieves superior
performance compared to the other methods. Specific obser-
vations are detailed below:

In nearly all test scenarios, DMCAR-MVC achieved ei-
ther the best performance (highlighted in bold) or the
second-best performance (underlined), significantly outper-
forming all comparative methods. Particularly on the HW-
6V and BDGP datasets, our model set new state-of-the-
art records across all three core metrics, strongly demon-
strating its robust clustering capabilities. For instance, on
the BDGP dataset, DMCAR-MVC reached 98.32% in both
ACC and F-score, marking a significant improvement over
the second-best method. Notably, our model exhibited ex-
ceptional advantages on the Cora and CiteSeer datasets,
which are renowned for their complex graph structures. On
CiteSeer, DMCAR-MVC achieved a remarkable ACC score
of 66.66%, far surpassing the second-best result of 43.62%,
underscoring our method’s effectiveness in handling data
with intricate inter-view dependencies. Although our model
yielded second-best results on a few individual metrics (e.g.,
ACC on ALOI-100 and NMI on Cora), its overall perfor-
mance remained highly competitive, with leading results in
other metrics.

Ablation Studies

1) w/o D-MoE: This variant degrades our designed Dis-
entangled Mixture-of-Experts (D-MoE) architecture into a
flattened expert pool, where all experts are shared across
views without distinguishing between common and private
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Method ACC(%) NMI(%) Fscore(%)
w/o D-MoE 89.52 83.15 89.33
w/o CAHR 92.17 86.88 92.04
w/0 Laiign 88.36 81.90 88.15
w/0 Ldisentangle 94.65 89.04 94.58
DMCAR-MVC (Full) 96.80 92.15 96.68

Table 3: Ablation study results of different components of
DMCAR-MVC on the HW-6V dataset. The best perfor-
mance is indicated in bold.

Method ACC(%) NMI(%) Fscore(%)
w/o D-MoE 91.87 86.44 91.86
w/o CAHR 94.51 89.26 94.51
w/0 Laiign 90.23 84.19 90.22
w/o Edisentang]e 96.14 91.80 96.14
DMCAR-MVC (Full) 98.32 94.94 98.32

Table 4: Ablation study results of different components of
DMCAR-MVC on the BDGP dataset. The best performance
is indicated in bold.

experts. 2) w/o CAHR: This variant removes the Context-
Aware Hierarchical Routing (CAHR) mechanism, reverting
to a traditional routing approach that relies solely on the cur-
rent view’s information for decision-making. 3) w/o Lajign:
This variant eliminates the cross-view contrastive alignment
loss term during optimization. 4) w/0 Lgisentangte: This variant
removes the disentanglement loss term designed to enhance
representation orthogonality.

The experimental results, as shown in Tables 3 and 4,
clearly demonstrate the contribution of each component to
the model’s final performance. First, the complete DMCAR-
MVC model achieved the best performance across all met-
rics, confirming the superiority of our overall design. When
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Figure 2: Hyperparameter Sensitivity Analysis of A; and A,
on the Cora, BDGP, CiteSeer, and HW-6V Datasets

we removed either the D-MoE architecture (w/o D-MoE)
or the alignment loss (w/0 Lyjign), the model exhibited the
most significant performance drop. This aligns with our ex-
pectations, as D-MoE serves as the structural foundation
for representation disentanglement, while L,j;g, is the core
driver ensuring cross-view consistency in shared representa-
tions. The absence of either fundamentally undermines the
model’s primary learning objective.

Second, removing the CAHR mechanism (w/o CAHR)
also led to a noticeable performance decline, strongly val-
idating the value of incorporating global contextual infor-
mation into routing decisions. This result indicates that
enabling expert selection to transcend single-view limi-
tations significantly enhances deeper cross-view collabo-
ration.When CAHR is removed, the routing mechanism
reverts to a conventional, context-independent decision-
making mode. In this mode, the gating network of each view
makes judgments solely based on its own inputs, completely
disregarding valuable information from other views.

Finally, eliminating the Lgisentangle 10ss (W/0 Lgisentangle)
similarly resulted in performance degradation, demonstrat-
ing that while D-MoE structurally separates information
flow, an explicit orthogonality constraint further refines
shared and view-specific representations, maximizing their
informational divergence. In summary, these ablation study
results comprehensively and robustly verify that each pro-
posed component is indispensable. They work synergisti-
cally, complementing one another to ultimately achieve the
outstanding performance of the DMCAR-MVC framework.

Parameter Sensitivity Analysis

According to Eq. 1, A; and A2 control the weights of the
cross-view alignment loss L,j;gq and the disentangling loss
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Ldisentangle> respectively. To analyze their sensitivity and ver-
ify the rationality of the D-MoE architecture, we perform
a grid search over 0.001,0.01,0.1,1.0, 10, 100 for both hy-
perparameters on the Cora, BDGP, CiteSeer, and HW-6V
datasets, as shown in Fig. 2.

On Cora, BDGP, and CiteSeer, the clustering accuracy
(ACC) is notably sensitive to Ay: the best or near-best per-
formance is achieved when Ay € {0.001,0.01}, while larger
values lead to a clear degradation. This is consistent with our
ablation results and indicates that, given D-MoE already en-
forces a strong “hard-constraint” disentanglement through
the shared/private expert pools, Lyisentangle 1S more appropri-
ate as a low-weight “soft constraint”. An excessively strong
orthogonality penalty can instead interfere with the core rep-
resentations required for reconstruction and alignment.

By contrast, the model exhibits strong robustness to the
weight A; of the cross-view alignment loss Lyjign. On Cora,
BDGP, and CiteSeer, ACC varies only mildly when \;
changes over a wide range, suggesting that learning con-
sistent shared representations is the main driving force of
the framework. Thanks to the synergy between the context-
aware routing (CAHR) mechanism and the contrastive learn-
ing objective, the model can stably converge to high-quality
shared representations as long as a non-zero alignment sig-
nal exists (i.e., A; > 0), without the need for precise tuning
of its magnitude. The HW-6V dataset exhibits even higher
robustness: performance remains near-optimal across the en-
tire search range of both \; and )5, which we attribute to the
information redundancy brought by multiple views, thereby
reducing the dependence on specific loss-weight settings.
Taken together, we adopt A\; = 1.0 and A = 0.01 as the de-
fault hyperparameter configuration, which empirically con-
firms the rationality and efficiency of our model design.

Conclusions

In this paper, we propose a deep multi-view clustering
framework, DMCAR-MVC, to address the core challenge of
decoupling shared representations from view-specific ones.
The framework is built upon a Disentangled Mixture-of-
Experts (D-MoE) architecture that structurally separates the
learning pathways of shared and view-specific informa-
tion, thereby mitigating representation entanglement com-
mon in existing methods. On top of D-MoE, we intro-
duce a Context-Aware Hierarchical Routing (CAHR) mech-
anism that aggregates a global context vector from all views
to guide shared-expert selection, enabling more globally
informed and deeper cross-view collaboration. The entire
model is trained under a multi-level contrastive learning
paradigm, which enforces semantic consistency of shared
representations via cross-view alignment while enhanc-
ing the separability between shared and specific repre-
sentations through orthogonality constraints. Extensive ex-
periments on six challenging benchmark datasets show
that DMCAR-MVC consistently outperforms state-of-the-
art methods across major clustering metrics, and ablation
studies confirm the necessity of each component and the su-
periority of the learned disentangled representations.
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