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Abstract

Multi-view clustering, which improves clustering performance by using the complemen-
tary and consistent information from multiple diverse feature sets, has been attracting
increasing research attention owing to its broad applicability in real world scenarios. Con-
ventional approaches typically leverage this complementarity by projecting different views
into a common embedding space using view-specific or shared non-linear neural networks.
This unified embedding is then fed into standard single-view clustering algorithms to
obtain the final clustering results. However, a single common embedding may be insuffi-
cient to capture the distinct or even contradictory characteristics of multi-view data, due
to the divergent representational capacities of different views. To address this issue, we
propose a mixture of experts (MoE) based embedding learning method that adaptively
models inter-view relationships. This architecture employs a typical MoE module as a
projection layer across all views, which uses shared expert and several groups of experts
for consistency and complementarity mining. Furthermore, a Kullback-Leibler divergence
based objective with over clustering is designed for clustering-oriented embedding learn-
ing. Extensive experiments on six benchmark datasets confirm that our method achieves
superior performance compared to a number of state-of-the-art approaches.

Keywords: multi-view clustering; MoE; over clustering; Kullback-Leibler divergence

1. Introduction

Current information is often characterized by multiple distinct feature representations.
For example, hydrological data on rivers and lakes may integrate measurements from
monitoring stations as well as remote sensing imagery. These diverse feature sets capture
semantically related content while exhibiting complementary information and consistency
across different views. Such a property forms the foundation of multi-view learning, which
holds the potential to achieve better performance than single-view methods [1]. When multi-
view learning is applied to clustering tasks, it gives rise to multi-view clustering an effective
approach for organizing large-scale unlabeled multi-view data. This methodology has been
widely adopted in various domains, including pattern recognition and data mining.

In recent years, a variety of multi-view clustering methods have been developed [2].
Among these, subspace-based approaches have attracted considerable attention by seek-
ing a low-dimensional unified embedding space across different views [3]. To achieve
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effective low-dimensional representation, canonical correlation analysis (CCA) methods
learn view-specific projections that maximize cross-view correlations, thereby capturing
inter-view relationships [4,5]. Spectral analysis methods utilize the spectral decomposition
of Laplacian matrices constructed from all views to derive a unified embedding, preserving
structural consistency across views [6,7]. Matrix factorization techniques decompose multi-
ple high-dimensional feature matrices into base matrices and a common low-dimensional
embedding, aiming to reveal latent structures indicative of cluster assignments [8,9]. Fur-
thermore, all the aforementioned methods can be integrated with advanced deep neural
networks to further enhance clustering performance [10-12].

Subspace-based multi-view clustering methods typically adopt two primary learning
strategies to compute a unified embedding. The first strategy employs view-specific neural
networks, which utilize distinct networks tailored to individual views to learn view-specific
representations. To ensure consistency across views, a similarity-based loss is incorporated
during training, encouraging alignment of the learned representations from different views.
The second strategy utilizes shared neural networks, where a single network processes all
views to learn a common representation. In this case, a reconstruction loss is commonly
applied to preserve fidelity between the input and its reconstructed output, ensuring that
the shared representation retains essential features of the original data. However, due to
varying representation capacities and potential noise in individual views, existing methods
that rely exclusively on either shared or view-specific networks often fail to fully capture
the diverse characteristics of each view [13,14]. This limitation highlights the need for more
advanced approaches that can effectively integrate the advantages of both strategies while
addressing their respective shortcomings.

In response to the aforementioned limitations, inspired from the concept of mixture of
experts (MoE) used in large models for efficient pretraining, we propose MoE based multi-
view embedding learning (MEL-MoE), a novel framework designed to flexibly model
multi-view relationships with enhanced versatility. Specifically, the method features a
typical MoE module as a projection layer for all the views, as shown in Figure 1. To ensure
the equilibrium in the expert selection, and facilitate the complementarity mining among
multiple views, several groups of experts are designed and selected based on routers
driven by each view. Furthermore, a shared expert is designed in each layer as a base
to prompt consistency between different views. The learning process is regularized by
three objectives: a reconstruction loss to ensure input fidelity, a similarity loss to align
the view-specific representations, and a Kullback-Leibler (KL) divergence term with over
clustering that serves as a clustering constraint. Extensive experiments on benchmark
datasets demonstrate the superior performance of MEL-MOoE over state-of-the-art baselines.
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Figure 1. Framework of the proposed MEL-MoE. Each layer of MEL-MoE comprises two synergistic
modules: a shared expert network and routing network augmented expert groups. A tailored
objective function paired with the above layer design enables the efficient extraction of complementary

and consistent information from multi-view data.
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The main contributions of this work are summarized as follows:

*  We propose a MoE based multi-view embedding learning method that effectively
leverages inter-view consistency and complementarity, enabling adaptive modeling of
the complex relationships in multi-view data.

e Through a rigorous evaluation on multiple benchmark datasets, our approach shows
substantial performance improvements over existing state-of-the-art methods.

This paper is structured as follows: Section 2 is devoted to a review of related work
on multi-view clustering. Our proposed methodology is then introduced in Section 3.
Section 4 provides a comprehensive presentation of the experimental results and discussion.
Finally, conclusions and future work are outlined in Section 5.

2. Related Work
2.1. Multi-View Clustering

To date, a number of multi-view clustering approaches have been developed, which
can be broadly categorized into four types, with promising results demonstrated across
various applications [7,15-17].

Graph-based methods focus on learning a unified similarity matrix, which then
serves as the input for spectral clustering to obtain the final results [18-23]. A promi-
nent line of these methods employ subspace segmentation based on sparse or low-rank
self-representation, which have gained considerable popularity in multi-view clustering
due to its encouraging outcomes. Co-training-based approaches [24], on the other hand,
operate within a framework where the clustering of one view is consistently refined using
information from other views, leading to enhanced overall performance. For example,
Kumar et al. [25] applied this idea to guide the construction of the Laplacian matrix across
views, an approach later extended by Liu [26] to handle large-scale datasets. In contrast,
late fusion methods concentrate on aggregating or aligning clustering results obtained from
individual views to achieve a robust consensus [27,28]. Commonly used techniques in this
category include probabilistic models [29] and matrix optimization strategies [30]. It is also
worth noting that replacing traditional linear mappings with non-linear neural networks
has recently led to significant performance improvements in multi-view clustering [31-33].

The last category of methods are subspace based, which learn a unified embedding for
single view clustering. Kumar et al. [6] enforce consistency across views by constraining
the spectral embeddings to be similar to each other or to a common unified representa-
tion. Andrew et al. [5] utilize deep neural networks to learn embeddings that maximize
cross-view correlation. Zhao et al. [12] propose a deep matrix factorization framework
to obtain a unified embedding. Yin et al. [13] assume the presence of a latent unified
embedding, from which view-specific embeddings are generated to infer data similarities.
Li et al. [34] develop a deep adversarial clustering network to learn multiple embeddings
in a coordinated manner. Overall, subspace-based multi-view clustering methods typically
adopt one of two neural network architectures to leverage both the complementarity and
consistency among views. The first strategy utilizes view-specific networks to extract dis-
tinctive representations from each view, while employing a similarity-based loss function
to maintain cross-view consistency. The second strategy employs a shared network to learn
a consensus representation common to all views, usually through a reconstruction loss that
preserves essential information from the original inputs.

However, we contend that existing methods often fail to sufficiently capture the intri-
cate interdependencies among multiple views, a capability crucial for handling the diverse
yet interrelated nature of multi-view data. To bridge this gap, this paper introduces an
enhanced approach to alleviate this problem. It should be noted that Wang et al. [14]
proposed a view-driven modular network, which is designed to capture the unique or
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conflicting attributes of multi-view data. In contrast to this approach, our method adopts a
substantially different architectural design, such as using shared and groups of experts to
replace the soft connected fully connected neural network (FCNN), enabling it to better
model the characteristics of multi-view data. Furthermore, our method achieves supe-
rior performance over the aforementioned approach, with detailed comparative results
presented in the Experiments section.

2.2. Mixture of Experts

The concept of MoE can be traced back to ensemble learning, as both integrate multiple
models, yet they differ significantly in implementation [35]. The MoE architecture consists
of multiple specialized sub-models (the experts), each contributing within its domain
of expertise. A mechanism known as the gating network determines which expert(s)
are activated for a given input. As a powerful model architecture, MoE saw significant
advancements in 2017, when a team led by Quoc Le, Geoffrey Hinton, and Jeff Dean
introduced a novel MoE layer that dramatically enhanced the scale and efficiency of large
models by incorporating sparsity [36]. Currently, MoE is emerging as a prominent topic in
the era of large-scale models [37].

Recently, a few researchers have tried to introduce MoE in multi-view clustering.
Zhang et al. [38] proposed MoE as representation learner for multi-view clustering, which
uses a equilibrium loss and distinctiveness loss for expert selection. Compared with the
above approach, our method introduces groups of experts and shared experts in each layer,
which is more flexible and effective. Overall, the potential of MoE to address challenges in
multi-view clustering has yet to be fully investigated.

3. MEL-MoE Method

In this paper, matrices and vectors are denoted by bold uppercase and lowercase letters,
respectively. Let X = {x;};_; represent a dataset of n data samples, each described by V
distinct views. The v-th view is denoted as XY = {x:’ }?:1 € R"*do where d,, is the feature
dimensionality of that view. Our goal is to partition the # samples into c clusters. Note that
determining c is beyond the scope of this work. Unless stated otherwise, superscripts and
subscripts are used to index views and individual data elements, respectively.

The overall framework is shown in Figure 1. Unlike conventional multi-view clustering
methods, which employ FCNN in each layer, we adopt a specially designed MoE network
for every layer of our model. Specifically, each layer consists of an shared expert network,
several groups of specific expert network, and corresponding router network. The shared
expert network is designed as a foundational component to ensure cross-view consistency,
while groups of view-specific expert networks are selected for different views to capture
distinctive view-specific characteristics.

As shown in Figure 1, Data from each view is processed by the shared expert net-
work and the selected groups of view-specific expert networks, followed by a summation
operation. Mathematically, each layer can be formalized as:

Z{ = f(Z}_1; ¢x) +Zﬁ:1 25:1 7 (ZE_1; Pkm) © f(Z_1; Prme) 1)

Shared expert Groups of view — specific expert

where Z] represents the calculated embedding for view v in the k-th layer. f() is the
mapping function consisting of a fully connected neural network layer, with ¢ being
the shared expert parameters in the k-th layer for all views, ¢,,; being the ¢-th expert
parameters of the m-th group in the k-th layer for all the views. 7t is the routing function,
with 0f,, being the routing parameters of the m-th group in the k-th layer for all the views,
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and 71; is the t-th value of /1. Generally, 7 is a fully connected neural network layer with
Softmax operation. By using the routing function, the most relevant experts are selected.
Since groups of experts are used to maintain equilibrium for the expert selection, no
other constrains are used. Following previous study, we use top-1 expert selection in the
framework. Accordingly, 71; is calculated as 0 or 1 based on the routing function.
To this end, we design the following objective to learn the above embedding, hoping
the diverse and complementary features can be well mined:

L= Zz‘,/zl ‘C;)econ + “‘Cpair + ,B‘Cklo 2)

where L7,,, is reconstruction loss of the v-th view for learning representation Z, £, is
a consistency loss function to constrain different Zj to be similar, hoping the consistency
is preserved, Ly, is a Kullback-Leibler divergence loss function to boost the clustering
embedding obtained from all Z7, hoping clustering-oriented embedding is learned with
the concept of over clustering.

3.1. Reconstruction Loss Ly,

With Equation (1), we can learn the k-th layer representation of view v. Suppose there
are [ layers of the encoder (Parametrize as ¢), the learned embedding for view v is obtained
as Z;. We use the same network setting (Parametrize as 0)) as the decoder of each view, then
the reconstruction of view v can be defined as X. Finally, the reconstruction loss can be
represented as:

Llecon = [1X" = )~(v| |%-' ©)

Note that when constructing the decoder network for view v, the routing weights
are not independently learned; instead, they are directly mirrored from the weights of
the routing network in the encoder to reduce training complexity. Besides, to balance the
expert selection, in a batch, data are evenly sampled from different views.

3.2. Consistency Loss L pgiy

After learning the embeddings {Z?,v = 1, ..., V} of different views, a pairwise-based
objective is used to force different embeddings to be similar. The loss is defined as:

v 14 2
Epair = szl Zu:v+1 ||Z? - ?HF (4)

With this loss, consistency between different views can be guaranteed, which is a key
point for mining multi-view characteristics.

3.3. Kullback-Leibler Divergence Loss Ly,

With the learned embeddings for all views, a unified embedding can be obtained by
using an aggregation function, as formalized by:

Z=1[2},27,..,Z)] (5)

By using the concatenation strategy, information for different views are preserved,
which enhances the complementarity mining of multi-view data.

With Z;, Clustering is typically performed by applying typical single-view algorithms.
However, this approach decouples the clustering objective from the embedding learning
process, which can yield suboptimal embeddings that lack the specific characteristics
required for effective clustering and thus lead to diminished performance. To solve this
problem, we use a Kullback-Leibler divergence based objective to boost the learned unified
embedding. Specifically, the process begins with the unified embeddings, from which
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initial cluster centroids and soft assignments (i.e., the posterior probability of a sample
belonging to each cluster) are first estimated. These initial estimates enable the construction
of auxiliary objectives to refine the assignments based on principles like boosting high-
confidence predictions.

Computationally, this involves two steps: First, the cluster centroids v;,j = 1, ..., yc are
calculated from the initial embeddings, usually with K-means. Then, the cluster assignment
for each sample is computed by applying a normalization operator (e.g., softmax) to the
standardized distances between the sample and all centroids. The assignment probability
is formally defined as:

1

_ (A z vl

- —,
X (1 [|zi — il ?)

qij Vi=1,.nj=1,.,7c (6)
where g;; is the probability sample i belongs to cluster j.

Note that the number of cluster centroids is set to be 7 times of the real number.
The over-clustering strategy is employed to enforce a more fine-grained data partition,
thereby enhancing both cluster purity and feature quality. This approach aids the neu-
ral network in determining how to partition the data effectively, ultimately improving
clustering performance, which is widely used in data mining field [39,40].

Then we can define Ly, as:

Lio=), Z]- pijlog % (7)
ij

where p;; is an auxiliary variable calculated as:

Pij = (’1:‘]‘)2 (8)
which is then normalized as:
pij = i ©9)
T vy

3.4. Optimization
We optimize Equation (1) with two steps. Firstly, we optimize LY., (Equation (3)) to

recon
obtain initial embeddings of {Z?,v = 1, ..., V}, where the encoder network and the decoder
network parameters are updated.
Secondly, we optimize £ (Equation (2)) without L,.,,, using backpropagation, where

the encoder network and the clustering centroids are updated. The gradients calculated are:

oL2 -1

v Y. (1 + [lzi — Vj||2) x (pij — qij) (zi — v)) (10)

862 2 -1

o - (1+Hzi—VjH ) x (pij — qij) (2i — v)) (11)
Finally, we obtain the clustering results by using K-means on Z, as shown in

Algorithm 1.

Convergence analysis: In the first step, we employ a standard backpropagation algo-
rithm, which ensures the convergence of the model. In the second step, a similar procedure
is adopted, leveraging the gradient backpropagation derived from Equations (10) and (11),
a strategy that also guarantees convergence at this stage.
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Algorithm 1: Our proposed MEL-MoE
Input: X with c predefined clusters.

Output: Cluster assignments for each x;.

1. Initialize the parameters ¢ and 6, respectively;

2. Optimize the parameters ¢ and 6 based on the objective function L},.,, defined
in Equation (3);

3. Calculate the clustering centroids vj,j = 1, ..., yc, using the K-means algorithm;

4. Optimize the parameters ¢ and v; based on the objective function defined in
Equation (2) excluding L%,

5. Return clustering label for all the samples using K-means on Z.

4. Experiments
4.1. Experimental Datasets

Six widely used multi-view clustering datasets are used for performance verification.

Notting Hill (NH) is a video face dataset constructed from the movie Notting Hill. It
contains 4660 images spanning 5 categories. Following the protocol in [12], we extract three
feature types: intensity, LBP (Local Binary Patterns), and Gabor.

USPS (http://archive.ics.uci.edu/ml/datasets/Multiple+Features, accessed on 2
February 2026) is a dataset of handwritten digits sourced from Dutch utility maps. It
includes 2000 samples distributed across 10 categories. In accordance with [6], we use
two feature representations: 76 Fourier coefficients of the character contours and 216 pro-
file correlations.

3Sources (http://mlg.ucd.ie/datasets/3sources.html, accessed on 2 February 2026)
contains news articles collected from three online outlets: BBC, Reuters, and The Guardian.
The subset used here consists of 169 stories covering 5 topics, with each story reported
by all three sources. Each source is treated as a separate view, represented by word
frequency features.

Cora (http:/ /lig-membres.imag.fr/grimal /data.html, accessed on 2 February 2026) is
an academic paper dataset covering domains such as neural networks, theory, and genetic
algorithms. It contains 2708 papers categorized into 7 classes. We adopt two views: the
citation links between documents and the word vectors derived from their content.

BBC (http://mlg.ucd.ie/datasets/segment.html, accessed on 2 February 2026) is a text
dataset derived from the BBC and BBC Sport news corpora. It comprises 2012 documents
divided into 5 thematic categories. We utilize two segment-based feature representations
with dimensionalities of 6838 and 6790, respectively.

CCV (http:/ /www.ee.columbia.edu/In/dvmm/CCV/, accessed on 2 February 2026)
is a video dataset containing 9317 YouTube videos labeled with 20 semantic categories. We
employ two visual feature types: Scale-Invariant Feature Transform (SIFT) and Space-Time
Interest Points (STIP).

4.2. Experimental Settings

Our experimental evaluation includes a comparison of our approach with several
established multi-view clustering methods to thoroughly evaluate its performance.

SingleB: Spectral clustering is applied to each view individually, and the view yielding
the best result is selected.

CCA [4]: A low-dimensional embedding is derived via Canonical Correlation Analysis
on the multiple views, followed by K-means clustering.

Co-Pair, Co-Cent [6]: These methods regularize the spectral embeddings across views
using pairwise constraints to enforce similarity between them, and centroid constraints to
align them with a common latent embedding.

https:/ /doi.org/10.3390/a19020132
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MultiDMF [12]: This method employs matrix factorization with deep neural networks
to learn hierarchical base matrices and a unified representation for clustering.

MultiTE [13]: It jointly learns a unified embedding and view-specific embeddings,
connected via a mapping matrix. K-means is then applied to the unified embedding
for clustering.

MVCE [41]: The cluster indicator is directly optimized via a regression-based matrix
factorization framework.

SGE, DGF [19]: These methods optimize similarity and dissimilarity graphs by formu-
lating a unified objective that captures multi-view consistency and inconsistency.

SUMVC [42]: It employs the Bayes error rate to analyze clustering performance,
guided by a proposed sufficient representation lower bound.

APADC [43]: An imputation-free deep learning method for incomplete multi-view
clustering that aligns distributions during representation learning.

VDMN [14]: A view-driven modular network, which adaptively model the relation-
ship between different views for complementarity and consistency mining.

MEL-MoE: The proposed MoE based multi-view embedding learning for multi-view
clustering. Our model uses an encoder-decoder architecture analogous to APADC and
VDMN, with differences limited to the objective function and layer definitions. Given
the same parameter count, their computational complexity is comparable. For example,
with an identical number of layers, the total parameters of multi-expert FCNNs per layer
in our method can match the single FCNN per layer in APADC, and the multi-modular per
layer in VDMN.

For Co-Reg-Pairwise, Co-Reg-Centroid, MultiDMF, MVCEF, SGF, and DGF, we used
the authors’ publicly available implementations, carefully tuning the hyperparameters to
optimize performance. The CCA baseline was implemented using the LSCCA package,
where we adjusted the embedding dimensionality and regularization weight for optimal re-
sults. For MultiTE, SUMVC, APADC and VDMN, we developed our own implementations
in accordance with the specifications in their respective publications.

For our method, a two-layer architecture was adopted across all experiments, where
each layer comprises two groups of experts, with each group containing two experts. Every
expert is implemented as a two-layer FCNN with 64 output nodes. The routing network
is also configured as a two-layer FCNN, with 2 output nodes followed by softmax nor-
malization. Since no reconstruction loss is employed in the second optimization stage,
the hyperparameter « was set to 1. For the over-clustering hyperparameter <, a fixed value
of 2 was adopted. Meanwhile, the hyperparameter p was tuned over the set {0.001, 0.01,
0.1, 1, 10} to achieve optimal performance on each individual dataset. Before optimization,
all the input features are normalized with L2-norm. For optimization, we employed the
Adam optimizer, with the mini-batch size and learning rate set to 32 and 1073, respec-
tively. In the first optimization stage, the training was conducted for 3000 epochs. Before
the second optimization stage, K-means from Sklearn is used with default configuration,
i.e., init = ‘k-means++’, n_init = ‘auto’, max_iter = 300, tol = 0.0001, verbose = 0, ran-
dom_state = None, copy_x = True, algorithm = ‘lloyd’. When performing the second
optimization stage, the training process terminated when the proportion of samples with
changed cluster assignments between two consecutive iterations fell below 1%. To obtain
the final clustering labels, K-means is used with the same setting as the previous stage.
Finally, steps 3-5 in Algorithm 1 were conducted with 20 independent runs, and we report
the corresponding mean and standard deviation for the experimental results.
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The clustering performance was assessed using two standard metrics: Accuracy (ACC)
and Normalized Mutual Information (NMI). Their definitions are provided as follows:

ACC = Z?:l 5(]/z;lmap(]7:)) (12)
NMI = I(yig’)N (13)
H(y)H(y:)

where y and y indicate the true and the predicted labels, respectively. The map() function
applies the Hungarian algorithm to find the optimal permutation for matching predicted
labels to the true labels. The indicator function d(, ) returns 1 for identical inputs and 0
otherwise. Mutual information I(; ) is computed using the entropy H(), with higher ACC
and NMI values indicating superior clustering results.

4.3. Performance of MEL-MoE

The clustering performance, as evaluated by ACC and NMI on the six benchmark
datasets, is comprehensively summarized in Tables 1 and 2, respectively. The results
indicate that our method achieves superior ACC and NMI over baseline algorithms on the
vast majority of datasets.

Table 1. Experimental results in terms of ACC on the six datasets are presented below, with both the
mean and standard deviation reported.

Dataset NH CcCcv Cora BBC USPS Source
SingleB 81.49 (7.80) 21.27 (0.67) 32.75 (1.47) 81.96 (5.57) 61.81 (4.81) 52.93 (3.59)
CCA 80.41 (8.06) 26.86 (2.23) 26.95 (1.58) 35.55 (8.49) 74.53 (4.96) 62.37 (6.76)
Co-Pair 78.17 (0.35) 23.49 (0.50) 44.57 (3.57) 85.85 (9.00) 75.85 (5.89) 58.37 (3.28)
Co-Cent 81.05 (0.56) 25.39 (0.93) 43.26 (2.98) 87.29 (7.99) 77.73 (5.89) 58.93 (3.07)
MultiDMF 87.10 (0.90) 23.87 (0.07) 50.19 (0.02) 88.25 (0.05) 83.30 (0.15) 71.42 (0.48)
MultiTE 82.25 (5.70) 26.88 (0.61) 59.95 (0.86) 93.74 (0.99) 85.96 (1.45) 82.91 (2.64)
MVCF 88.90 (0.35) 24.40 (0.35) 38.60 (0.23) 90.25 (0.15) 63.00 (1.37) 75.70 (4.31)
SGF 85.21 (0.30) 21.99 (0.61) 55.17 (0.00) 94.14 (0.00) 94.25 (0.00) 83.99 (0.13)
DGF 87.38 (0.23) 22.00 (0.00) 55.17 (0.03) 94.53 (0.00) 67.55 (5.64) 88.11 (0.26)
SUMVC 90.35 (0.05) 27.10 (0.35) 58.17 (0.05) 95.13 (0.08) 93.55 (0.64) 89.11 (0.16)
APADC 89.32 (0.15) 26.95 (0.12) 57.85 (0.13) 95.12 (0.18) 93.25 (0.56) 88.85 (0.14)
VDMN 92.78 (0.36) 28.17 (0.69) 61.85 (0.80) 96.34 (0.26) 95.10 (0.12) 90.12 (2.56)
MEL-MoE 93.15(0.24) 29.68 (0.43) 63.46 (0.65) 95.85 (0.12) 96.18 (0.24) 91.48 (1.24)

While Co-Pair and Co-Cent integrate multi-view data by applying regularization
to spectral embeddings, methods like MultiDMF and MVCF primarily rely on matrix
factorization. The latter employ view-specific mappings and similarity-based losses in
the embedding space. In comparison, our approach introduces MoE mechanism across
all views. This architecture is explicitly designed to model both the consistency and
complementarity among distinct feature sets. Furthermore, the use of non-linear mappings
enhances representation learning. These factors collectively contribute to the superior
performance of our model.

While MultiTE posits that view-specific embeddings are generated from a latent
unified embedding, our method learns them directly from the input features via a combina-
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tion of MoE modular. This approach can yield more accurate and detailed view-specific
representations. Similarly, while SGF and DGF explicitly model view consistency and
inconsistency using similarity and dissimilarity graphs, our framework integrates the learn-
ing of complementarity and consistency directly into the representation learning process.
This integrated approach enables a more effective derivation of the final representation,
thereby improving clustering performance.

Table 2. Experimental results in terms of NMI on the six datasets are presented below, with both the

mean and standard deviation reported.

Dataset NH CcCcv Cora BBC USPS Source
SingleB 70.48 (2.27) 19.03 (0.40) 18.20 (1.00) 62.32 (3.16) 59.12 (1.95) 53.38 (2.12)
CCA 77.05 (6.62) 22.71 (1.38) 1.30 (0.46) 17.14 (8.54) 75.54 (3.07) 60.39 (6.94)
Co-Pair 66.27 (0.27) 19.71 (0.38) 27.94 (2.00) 73.37 (4.30) 71.16 (1.45) 62.25 (2.76)
Co-Cent 76.71 (0.48) 22.09 (0.62) 24.47 (1.48) 73.39 (3.78) 73.40 (2.42) 62.25 (2.51)
MultiDMF 79.70 (0.50) 22.77 (0.08) 30.67 (0.02) 78.44 (0.07) 77.19 (0.08) 54.15 (0.21)
MultiTE 74.00 (2.87) 22.24 (0.26) 39.75 (0.25) 81.58 (0.60) 82.32 (0.53) 79.36 (1.95)
MVCF 76.40 (0.21) 22.50 (0.46) 18.10 (0.24) 80.12 (0.05) 63.30 (0.78) 65.10 (3.38)
SGF 86.28 (0.10) 23.34 (0.28) 42.48 (0.13) 82.48 (0.00) 88.94 (0.00) 77.23 (0.00)
DGF 86.24 (0.20) 24.00 (0.10) 45.34 (0.00) 82.71 (0.00) 78.53 (3.00) 76.32 (0.18)
SUMVC 88.28 (0.24) 25.10 (0.20) 44.86 (0.05) 82.15 (0.15) 86.54 (1.15) 78.52 (0.08)
APADC 88.15 (0.15) 25.06 (0.14) 44.95 (0.16) 82.05 (0.25) 86.25 (8.86) 78.84 (0.13)
VDMN 90.23 (1.47) 26.15 (0.46) 46.08 (0.38) 84.85 (0.63) 86.68 (0.23) 81.23 (1.64)
MEL-MoE 91.69 (0.34) 26.24 (0.37) 47.95 (0.46) 86.16 (0.42) 87.13 (0.18) 82.36 (0.96)

While SUMVC introduces a sufficient representation lower bound to minimize re-
dundancy and learn consistent information across views, and APADC aligns feature dis-
tributions by minimizing inter-view mean discrepancy, our method explicitly models
complementarity during representation learning. This is achieved through a dedicated
architecture of shared and groups of expert layers, which effectively captures both shared
and unique information from all views, thereby enhancing clustering performance.

Compared with VDMN, where a base network is used for all views and view-specific
routing network is constructed for different views, our method employs MoE as embedding
learning architecture, and over clustering is used for further enhancing the clustering
representation. These two factors largely promote the representation ability of the unified
embedding, thereby enhancing clustering performance.

To assess the clustering suitability of the learned unified embedding, we visualize it us-
ing t-SNE (with configuration being: perplexity = 30, iterations = 1000, initialisation = ‘pca’),
as shown in Figure 2. The result demonstrates that our method produces more compact
and well-separated clusters. This well-defined structure offers strong qualitative evidence
that our embedding effectively captures the underlying data distribution, thereby leading
to improved clustering performance.

4.4. Ablation Experiment

The MoE layer is a cornerstone of our proposed method. To evaluate its contribution,
we conducted ablation studies on the layer number and the groups number selection.
The baseline model MEL-MoE, employs a two-layer network, where each layer contains

https://doi.org/10.3390/a19020132


https://doi.org/10.3390/a19020132

Algorithms 2026, 19, 132

11 of 14

two groups of experts with each group contain two experts. We systematically adjusted the
network’s depth and width to isolate and quantify their impact on overall performance.

*  MEL-MoE-Layer-1: We reduce the MoE network depth to a single layer.

*  MEL-MoE-Layer-4: We extend the MoE network depth to four layers.

*  MEL-MoE-Groups-1: We reduce the groups number in each MoE layer to a sin-
gle group.

*  MEL-MoE-Groups-4: We extend the groups number in each MoE layer to four groups.

*  MEL-MoE-Expert-1: We reduce the number of experts in each group to a single expert,
which degenerate into a traditional fully connected neural network.

¢ MEL-MoE-Expert-4: We extend the number of experts in each group to four experts.
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Figure 2. T-SNE for different methods on the NH dataset.

Table 3 summarizes the results on the NH dataset, which are separated into three
groups of comparison, highlighting the impact of expert number, groups number and the
layer number in the proposed method.

Table 3. Ablation study results on the NH dataset.

Methods Accuracy NMI
MEL-MoE-Layer-1 90.85 (0.23) 88.37 (0.32)
MEL-MoE-Layer-4 93.05 (0.19) 90.89 (0.42)

MEL-MoE 93.15 (0.24) 91.69 (0.34)

MEL-MoE-Groups-1 92.86 (0.21) 90.33 (0.35)
MEL-MoE-Groups-4 93.12 (0.25) 91.48 (0.16)
MEL-MoE 93.15 (0.24) 91.69 (0.34)
MEL-MoE-Expert-1 87.35 (0.68) 86.57 (0.92)
MEL-MoE-Expert-4 92.95 (0.34) 91.87 (0.12)
MEL-MoE 93.15 (0.24) 91.69 (0.34)

Fewer layers (MEL-MoE-Layer-1) than the baseline configuration limit the network’s
ability to learn rich representations, resulting in significantly degraded clustering perfor-
mance. Although expanding the network to four layers (MEL-MoE-Layer-4) improves its
feature learning capacity (thereby potentially enhancing clustering outcomes), the greater
depth also increases training complexity. This heightened complexity can introduce draw-
backs such as slower convergence or convergence to sub-optimal solutions.
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Similar with the results of MEL-MoE-Layer-1 and MEL-MoE-Layer-4, a balanced
number of groups are suitable for improving the clustering performance, which is also
fit for the number of experts in each group. Future work will include similar ablation
studies on additional datasets to validate these findings and to further assess the method’s
robustness across diverse data environments.

4.5. Hyperparameter Experiment

In the proposed method, apart from the hyperparameters used to balance different
loss functions, there is a hyperparameter y used to decide the degree of over clustering (as
shown in Equation (6)). In this section, we investigate how the hyperparameter influence
the final performance by gradually changing its value. The results in terms of Acc and NMI
on the NH dataset is shown in Table 4.

From the results, an excessively small hyperparameter will result in indistinguishable
categories, making it difficult to achieve optimal clustering results. Conversely, an overly
large hyperparameter forces the separation of inherently indistinguishable categories,
which likewise undermines the clustering structure. In summary, for hyperparameter
selection, favorable experimental results can be achieved within the reasonable range
of 1-2, thus circumventing suboptimal outcomes caused by excessively small or large
hyperparameter values.

Beyond the quantitative experimental results, we provide a brief explanation to demon-
strate the advantages of using over clustering. Consider a dataset consisting of two primary
classes, each containing two subcategories. When directly partitioning the data into two
classes, the inter-class distance between certain data points may be smaller than their
intra-class distance, rendering them indistinguishable via direct class-level clustering.
In contrast, learning to first partition the data into four subcategories necessitates the
acquisition of more precise data representations to minimize the objective loss. In this
scenario, subsequent aggregation of these four subcategories into the original two classes
may be accomplished with greater ease and accuracy. Moving forward, we plan to conduct
dedicated experiments in the future to empirically validate this hypothesized advantage.

Table 4. Hyperparameter study results on the NH dataset.

v 0.5 1 1.5 2 5
Accuracy ~ 83.16(0.36)  92.15(0.12) 9296 (0.16)  93.15(0.24)  91.68 (0.15)
NMI 81.68 (024) 90.85(0.31) 91.35(0.25)  91.69 (0.34)  90.12 (0.20)

5. Conclusions

We present a novel multi-view clustering method grounded in a MoE architecture.
The proposed framework integrates a shared expert and several groups of experts as a
module of MoE layer, to jointly exploit inter-view complementarity and consistency. Fur-
thermore, a clustering-oriented constraint, implemented via a over clustering based KL
divergence-based objective function, is incorporated to guide the learning of clustering-
friendly representations. The empirical evaluation on six widely-used benchmarks provides
compelling evidence for the superiority of our method over existing state-of-the-art ap-
proaches, underscoring its capability to distill shared and unique informational patterns
across views.

Currently, our method is built upon the a priori known number of clusters, and it
has several additional limitations that include potential routing instability and scalability
trade-offs. Key future directions include automatic calculation of the number of clus-
ters, validating robustness through extended experiments and adapting the method for
incomplete and noisy multi-view clustering to solve practical challenge.
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