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ABSTRACT: Existing multi-view deep subspace clustering methods aim to learn a unified representation from multi-
view data, while the learned representation is difficult to maintain the underlying structure hidden in the origin samples,
especially the high-order neighbor relationship between samples. To overcome the above challenges, this paper proposes
anovel multi-order neighborhood fusion based multi-view deep subspace clustering model. We creatively integrate the
multi-order proximity graph structures of different views into the self-expressive layer by a multi-order neighborhood
fusion module. By this design, the multi-order Laplacian matrix supervises the learning of the view-consistent self-
representation affinity matrix; then, we can obtain an optimal global affinity matrix where each connected node belongs
to one cluster. In addition, the discriminative constraint between views is designed to further improve the clustering
performance. A range of experiments on six public datasets demonstrates that the method performs better than
other advanced multi-view clustering methods. The code is available at https://github.com/songzuolong/MNE-MDSC
(accessed on 25 December 2024).
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1 Introduction

Clustering is the cornerstone in the domains of data mining and machine learning, which focuses on
unsupervised classifying unlabeled data into the appropriate clusters based on the similarity between sam-
ples. Over the years, many advanced clustering methods (e.g., K-means clustering [1], spectral clustering [2],
and subspace clustering [3]) have been proposed and widely used in many practical applications.

Nowadays, with the quick development of cameras, digital sensors, and social networks, massive data
can be easily obtained from various perspectives and numerous sources, so-called multi-view data. In
short, an object can be collected from different views, and each angle is regarded as a specific view that
is independently used for analysis. Such as, an image can be described by various features like HOG [4],
SIFT [5], and GIST [6]; videos usually contain visual frames, audio signals, and text messages; different
languages can report the news; and cameras can capture an object from many angles.

Different from the single-view data, multi-view data exists the consistent redundant and supplemen-
tary information between distinct views. Therefore, how to efficiently handle the consistency and the
supplementary information of each view to learn a unified expression is a critical problem.
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Lately, many multi-view clustering algorithms have been researched intensively, including Multi-view
graph clustering [7-10], Multi-kernel learning [11-15], and Multi-view subspace clustering [16-19]. Among
them, multi-view graph clustering aims to learn a shared graph structure from different views for clustering,
e.g., Wang et al. [20] proposed multi-view and multi-order structured graph learning, which introduced
multiple different-order graphs into graph learning. Wang et al. [21] presented a local high-order graph
learning for multi-view clustering, which uses the rotation tensor nuclear norm to exploit high-order
relationships between views; Multi-kernel learning utilizes different predefined kernels to process the data
of each view, then fuses these kernels in a linear or nonlinear way to form a unified kernel for clustering.
Multi-view subspace clustering aims to obtain a unified latent representation reflecting the consistency
across different views, which has attracted widespread research. Multi-view subspace clustering methods
usually presume that a sample can be linearly represented by other samples in the same cluster, while they
cannot handle the samples with non-linear structures. So, some researchers introduce kernel methods to
map samples into one high-dimensional space to handle the nonlinear structure [19,22,23].

Recently, benefiting from the powerful non-linear representation and data-driven capabilities of neural
networks, several multi-view deep subspace clustering algorithms have been explored [23-25] to extract
the global proximity structure among latent non-linear features of samples, which receives much success
for clustering tasks. Yu et al. [26] introduced contrastive learning and Cauchy-Schwarz (CS) divergence
into multi-view subspace clustering. Cui et al. [27] introduced anchor graphs into deep subspace clustering
networks. Wang et al. [28] proposed an attributed graph subspace clustering mode. However, there still exist
two obvious drawbacks:

« The only feature reconstruction constrain in the multi-view auto-encoder framework is not sufficient to
accurately reveal the intrinsic structure hidden in the original multi-view data.

o The above methods mostly exploit the first-order Laplacian matrix to guide the self-representation
learning of samples while they ignore the hidden multi-order structural information of samples. High-
order structures reflect the long-range neighbor relationship, which is important for mining the potential
connected structure between intra-cluster samples.

Therefore, how to use the multi-order structural of the original sample for the multi-view subspace
clustering task has important research significance.

In this article, we creatively present a multi-order neighborhood fusion based multi-view deep subspace
clustering model to solve the above issues, which integrates the first-order and high-order Laplacian matrix
of the original multi-view data into the self-expressive layer between multi-view auto-encoder framework
to improve the self-expressive property. By this way, the model introduces the multi-order neighborhood
relations of different views into the global consistent affinity structure learning, effectively adding some
potential connections between samples in the same cluster and also reducing the connections between
samples in the different clusters. Besides, the discriminative constraint is simultaneously imposed to restrict
the samples belonging to different clusters.

We summarize the main contributions of this article:

o We creatively propose a multi-view deep subspace clustering network that makes full use of the multi-
order proximity structures of different views, which is obviously different from the commonly used
first-order Laplacian matrix based multi-view deep clustering methods [29,30];

o We design the multi-order neighborhood fusion module to construct an optimal multi-order
Laplacian matrix, which constrains and maintains the inherent structure-property in the learned
self-representation matrix;
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o We build the discriminative regularization to constrain the samples belonging to different clusters in
different views far away from each other;

«  We analyze the parameter sensitivity and the convergence of the model through a series of experiments
in detail, and conduct extensive experiments on six public datasets to demonstrate the superiority of
the model.

The paper mainly consists of the following parts: Section 2 reviews related works. Section 3 con-
structs the multi-order proximity matrix. Section 4 presents the proposed multi-order neighborhood fusion
based multi-view clustering model in detail. Section 5 conducts the experiments and reviews relevant
analysis. Section 6 summarizes the work and looks forward to future work.

2 Related Work

This section briefly reviews the research related to multi-view subspace clustering.

2.1 Multi-View Subspace Clustering (MVSC)

The MVSC targets to study a self-representation matrix crossing latent spaces of different views, then
conduct the clustering algorithm on it. Gao et al. [16] initially extended the single-view subspace clustering to
MVSC, which conducts the subspace clustering on each view and unifies them into an indicator matrix. Cao
et al. [17] further considered diversity to get the supplementary information of multi-view data, where the
Hilbert Schmidt Independence Criterion (HSIC) was used as a diversity term. Zhang et al. [31] considered
the latent representation from all views.

To solve the nonlinear features of multi-view data, a few researchers conduct the kernel model to multi-
view subspace clustering [19,22,32]. Recently, Zhang et al. [33] designed a one-step clustering model to learn
the unified representation. Kang et al. [34] presented the novel multi-view subspace clustering method, which
uses the bipartite graph to handle large-scale data.

2.2 Multi-View Deep Subspace Clustering (MVDSC)

The MVDSC targets to study a self-representation matrix of multi-view data through neural networks.
Andrew et al. [35] initially presented the deep canonical correlation analysis method (DCCA) that utilizes
the neural network to learn the nonlinear mapping between two views. On this basis, Wang et al. [36]
introduced the auto-encoder into above DCCA, which jointly optimizes the representation learning and the
reconstruction loss.

However, such methods are limited to the two-view case and cannot handle data with three or
more views. In response to this, Xu et al. [37] presented the deep multi-view concept learning method,
which distinguishes the consistent and supplementary information in the multi-view data by performing
the non-negative matrix factorization for each view. Inspired by deep subspace clustering and multi-
modal data analysis, Abavisani et al. [38] proposed a deep multi-modal subspace clustering network to
investigate various fusion methods and the corresponding network architectures. Zhu et al. [24] integrated
the universality and diversity networks into a unified framework that learns the self-representation matrices
in an end-to-end manner. Gao et al. [39] proposed a cross-modal subspace network architecture for DCCA,
which introduces a self-expression layer in above the DCCA network to make full use of the correlation
information between different modalities. Wang et al. [30] combined the global and local structure of all
views with the self-representation layers to learn a unified representation matrix. Zheng et al. [40] embedded
first-order neighbor matrices of different views into the multi-view representation learning. Guo et al. [41]
collected the multi-view images of each action and designed the proper multi-view subspace clustering
analysis method.
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In the above, existing MVDSC methods seldom consider the structure information of each view or only
exploit the first-order neighbor relationship, which results in poor representation capability.

3 Multi-Order Proximity Matrix

The first-order graph structure of origin data reflects the physical connection relationship between
samples. As shown in Fig. 1a, sample A has three neighbors B, C, and D. The second-order proximity matrix
describes the potential and deeper connection relationship, that is, samples with more shared neighbors are
more likely to be the same cluster. Fig. 1b indicates that samples B, C and D have the same neighbor A, so
they are more likely to belong to the same cluster. Based on the same assumptions, we explore the high-
order proximity matrix to get more comprehensive and potential connection information between samples

H—O0© @ _©
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(a) First-order structure (b) Second-order-structure

in complex scenes.

Figure 1: We briefly describe the multi-order structure information. First-order structure reflects the feature similarity
between samples, and second-order structure displays the neighbor similarity between samples

Given the multi-view data X = [x;,x;, - - -, XN]T e RN*P where the N and D represent the amount of

samples and the feature dimensionality, respectively. The adjacency matrix A € R¥N*N constructed by the

mKNN fashion describes the relationship between samples, and mKNN selects the K-nearest neighbors of
each sample by,

Ay = { K (x,-,xj) if x; and xj are mKNN, )

0 otherwise,

where « (-, -) can be any kernel function or any distance measure method.

In general, the first-order proximity matrix reflects the feature similarity between nodes in the graph,
while nodes with more shared neighbors should tend to be similar. So, the second-order proximity reflects
the neighbor similarity between nodes, which is defined in the following.

Definition 1. [42] The similarity between the neighborhood structures of two vertices (u, v) is defined as
their second-order proximity.

Therefore, the second-order proximity matrix A® can be written as,

A® Z AA ()
Then, the second-order Laplacian matrix can be easily constructed by,

L? —p® _A® 3)

where the diagonal element p® = 2?7:1 AEJZ.).

ii
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Similarly, we extend the above second-order proximity matrix to the high-order proximity matrix to
the high-order proximity matrix A(®) via,

A@) = pA(0=1) p(0-1) (4)
which is exploited in the following.

4 Methodology

Our method can be introduced from the following three parts, including multi-view encoder and
decoder networks, multi-order neighborhood fusion, and discriminative learning between views. Fig. 2
shows the framework of our model.
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Figure 2: A brief illustration of the model. Our model mainly includes three parts: multi-view encoder and decoder
module, multi-order neighborhood fusion module, and discriminative learning between each view. Moreover, X"
denotes the V-th view samples, Z" denotes the V-th view latent representation extracted by the V-th encoder network,
and C represents the shared self-representation affinity matrix. The multi-view encoder and decoder networks aim
to learn the Z" and C, the multi-order neighborhood fusion module aims to integrate the structure information of
different orders of each view to learn a Laplacian matrix L*, which supervises the learning of the self-representation
affinity matrix C. Finally, discriminative learning aims to learn the important discriminative and complementary
information between different views, which is imposed on Z". Finally, spectral clustering is performed on C to obtain
the clustering results

4.1 Motivation

Existing multi-view deep subspace clustering methods are sensitive to the quality of the latent space
representation learned by the multi-view auto-encoder due to the deficiency of supervised information. To
deal with this problem, some researches introduce the Laplacian regularization into the self-representation
affinity matrix learning, while the performance may be limited by the predefined first-order Laplacian matrix.
We owe to the first-order Laplacian matrix only reflects the local pair-wise relationship between samples, and
is easily influenced by noise. To solve such issues, we propose to embed the multi-order Laplacian matrices
of different views into the self-expressive layer to supervise the model learning. We briefly introduce its two
main motivations:
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o We design a multi-order neighborhood fusion module to obtain an ideal multi-order Laplacian matrix
that guides the global unified affinity matrix learning, which mines more potential connections between
samples and effectively eliminates the negative impacts caused by wrong connections in the first-order
Laplacian matrix.

o Weadditionally introduce the discriminative constraints to capture the supplementary information from
multi-view data.

4.2 Network Architecture
Given the multi-view data of V views X = {Xl, X2, - ,XV}, the v-th view data is denoted as,
X = {xl,x), - xy ! e RV<Dy,
where N and D, represent the amount of samples and the feature dimension, respectively. The network archi-
tecture mainly contains three components: the Encoder layer, Decoder layer and Self-representation layer.

4.2.1 Encoder Layer

Each view has its own encoder network. With the v-th view input X" € RN*Dv the y-th encoder network
f7 (X";6Y%) - Z" linearly maps the original data X" to the v-th latent space Z" ¢ RNV*Mv, M, < D, where the
parameter 0 refers to the v-th encoder network f".

4.2.2 Self-Representation Layer

The self-representation layer is shared by all encoder and decoder networks, which learns the unified
self-representation matrix C by constraining the linear self-representation Z" = Z"C and other conditions.

4.2.3 Decoder Layer
Each view has its decoder network that is the opposite architecture to the previous encoder network.
The v-th decoder network can be denoted as X" = g” (Zv GC; 9;) inputs Z"C to reconstruct the v-th view data

X', where 0%, is the network parameter of the v-th decoder network g”.

The objective function is shown as follows:
L=Lg+ AILSE + AzLG + /\3LFL +Lp (5)

where the reconstruction loss Lg, the self-representaion loss Lgg, the graph embedding regularization Lg,
the multi-order fusion Lr; and the discrimination constraint L are introduced in detail in the following
subsections. A, A, and A3 balance the importance of the corresponding loss.

4.3 Multi-View Encoder and Decoder Networks

For the reconstruction loss Lg and the self-representation loss Lsg, we respectively utilize one encoder
to learn the latent feature representation Z" from each view data X”, and reconstruct them X" by the v-th
decoder. Meanwhile we learn the shared coefficient matrix C crossing all views in the self-representation
layer, which reflects the connection relationship between samples. So, we have,

V —_—
Le= Y [X* - X713 ©)

v=1
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and

\4
Lsg = > |Z' -Z'C|} st diag(C) =0. 7)
v=1

Generally speaking, Lr ensures the latent representation Z' preserve as more as possible original
information through the reconstruction loss between the original data and the reconstructed data. Lgg fuses
the latent representations {Z', - -, Z" } to learn the shared coefficient matrix C for the clustering task.

4.4 Multi-Order Neighborhood Fusion and Decoder Networks

The MVDSC methods rarely learn the latent structure information in the multi-view data, especially the
hidden high-order neighbor relationship between samples, which results in poor structure capture capability.
We believe the high-order proximity matrices can better mine the deeper connected relationship between
samples. Motivated by the multi-order proximity strategy, we design a multi-order neighborhood fusion
module as shown in Fig. 3, which fuses the structure of different orders of each view data.

First-order proximity

View 1

View V

View 1

View V

Figure 3: The briefillustration of the multi-order neighborhood fusion. For the multi-view data X = {Xl, X2, XV} .
We construct the first-order proximity matrix {Afo), Ago)’ cee AE,O)} and the high-order proximity matrix
{Al(o),Ago), S ,Ai,o)} for each view, then we separately get the Afo), e ,A%,O) by fusing the first-order adjacency

matrix and high-order adjacency matrix of different views. So, the corresponding Laplacian matrix is LV, ..., L(°),
Finally, we learn an optimal and unified Laplacian matrix L* from above first-order to high-order Laplacian matrix

For the original multi-view data X = {Xl, ), GRS ,XV}, Firstly, we construct the first-order proximity
matrices, {Afl),Agl), ---,AE,I)} and the high-order proximity matrices, {Afo),Ago), --~,A§/O)} for each
view according to Formulas (1), (2) and (4). Then, the o-order structural of different views is fused to obtain
the unified o-order proximity matrix by,

\4
A(O) = ZASD) © A§0)> 0= 1’ T O) (8)
ij
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where ® represents the Hadamard product and A§o) denotes the o-order proximity matrix of the j-th view.

In cross-view fusion, the strong connections in one graph can be transferred to other corresponding
graphs. With the help of complementary information, the similarity between samples in the same cluster
should be enhanced, while the wrong connections in one graph may be disconnected or weakened. Besides,
the corresponding high-order Laplacian matrix is defined as,

L(O) = D(O) — A(O)) 0= 1; ) O’ (9)

where the diagonal element Dl(lo ) = Zj-\il AS;).
To fuse the advantages of different order data structures, we learn an optimal and unified Laplacian

matrix from the above first-order to high-order Laplacian matrix, so-called multi-order neighborhood
relationship. So, the multi-order fusion loss Lg;, is defined below:

O
Lez = Y L@ L7, (10)
o=1

where L* is the optimal Laplacian matrix, and L(°) is the Laplacian matrix corresponding to the o-order
proximity matrix A(®). The ¢;-norm | - | constrains the sparsity of one matrix.

Through the multi-order neighborhood fusion loss L, the optimized Laplacian matrix L* integrates
a variety of neighborhood relationships of different orders, and collaboratively interacts with the edge
information in the multi-order neighborhood.

To obtain an optimal self-representation affinity matrix, we integrate the multi-order graph structure
information into the self-expressive layer. The learned optimal multi-order Laplacian matrix guides the
learning procedure of the self-representation matrix C. So, the learned unified affinity matrix can better
reflect the deeper and more comprehensive neighborhood relationships hidden in multi-view data. We
formulate the multi-order Laplacian regularization as,

Lg = Tr(C'L*C), (11)
where the L* is the optimal Laplacian matrix learned from the Formula (10).

4.5 Discriminative Learning between Views

To study the supplementary and discriminative information between different views, the discriminative
constraint Lp is imposed on different views,

\4
Lp=)Y |Z' 0Z/|. (12)
ij

Overall, after substituting above losses into Formula (5), it can be defined as follows:
1% —
L=3 (X' -X7|3 + L|2" -2CJh) + AaTr (CTL°C) +
v=1

0 v o , (13)
As Zl L -1z + 22" 0 2],
0= ij

which jointly optimizes the variables, X", Z",Cand L*. Algorithm 1 briefly shows the pseudo-code of the
proposed model.
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4.6 Training Procedure

The training procedure mainly consists of the following two steps.

4.6.1 First Step

Pre-training the multi-view auto-encoder network. Given the multi-view data X = {Xl, X%, -, XV},
we send it to the encoder layer to obtain the unified self-representation matrix C, then reconstruct the multi-
view data X = {Xl, X2, - ,XV} through the decoder layer. The parameters of encoder and decoder 6}, and

0" are optimized through the feature reconstruction loss Lg. In addition, the learning rate is 0.001; the
number of epochs is 2000; and the batch size is set to the number of samples.

4.6.2 Second Step

Updating the whole network parameters using the Formula (13). Specifically, the parameters of encoder
and decoder learned in the first step are used to initialize the network. Then, the parameters 67, 6%, L* and

C are updated by minimizing the overall objective function L.
Then, we obtain the unified self-representation matrix C and calculate the corresponding affinity matrix
by,
(e +[c™)
VG
Finally, the spectral clustering is performed on the matrix Q.

(14)

4.7 Computational Complexity

Before we analyze the network complexity, we first present the necessary symbols below. For the multi-
view data X = {Xl, ). GREER ,Xv}, we denote the amount of samples and views as N and V, respectively. To
streamline the calculation, the input feature dimensions of all views are consistent d. And {d;,d,, ---,d.}
represents the dimension of each view in the encoder and decoder networks, and denotes the dimension of
the latent feature representation.

According to Algorithm 1, the computational complexity primarily consists of Steps 1, 3 and 5.
In Step 1, the complexity is O(N3 + VNZ), which is related to the matrix multiplication and matrix
element-wise product. In Step 3, the main operation is the matrix multiplication of each encoder-
decoder layer, thus its complexity is O (VN (ddy + didy + - -+ + dp1dy)) . In Step 5, the time complexity is
o (VN 2d,+N*+ VN dz) due to the matrix multiplication and matrix element-wise product. Overall, the
computational complexity of the model is O (VN ’d, + N? ) .

Algorithm 1: The optimization algorithm of the model

Input: The multi-view dataset X = {Xl, X2, - XV}, the number of clusters K, the hyper-parameters Ay,
A2, A3, the learning rate « and the number of epochs T.
Constructing the multi-order Laplacian matrix L) by (8) and (9);
Setting & = 0.001 and T = 350;
Pre-training the networks by minimizing the reconstruction loss (6);
fori=1to T do
Updating the Z¥, C and L* by the objective function (13);
Obtaining the self-representation matrix C;
end for
Constructing the affinity matrix Q = (|C| + ‘CT|) /2;
. Performing the spectral clustering on Q to obtain the clustering results;
Output: The clustering results.

00 N W R w N
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5 Experiments

We implement a range of experiments to validate the efficiency of our method.

5.1 Experimental Settings

5.1.1 Dataset Descriptions

We choose six public and commonly used datasets from various applications, including face recognition,

sensor network, gene lineage and natural language processing. The brief statistics information of the six
datasets is outlined in Table 1, where V, C and N represent the amount of views, clusters, and samples,
respectively. D, denotes the number of feature dimension of the v-th view.

Table 1: Six datasets information

Dataset SamplesN  ViewsV  ClustersC viewD; viewD, viewD; viewD; viewDs view Dg
BUAA 1350 2 150 100 100 - - - -
MSRCV 210 6 7 1302 48 512 100 256 210
CMU-PIE 1428 3 68 900 512 2560 - - -
Yale face 165 3 15 4094 3304 6750 - - -
SensIT vehicle 300 2 3 50 50 - - - -
Prokaryotic phyla 551 3 4 392 3 438 - - -

BUAA dataset [43] is composed of N = 1350 images from C = 150 subjects, which are collected from the
near-infrared and visible light, respectively.

MSRCYV dataset [44] is composed of N = 210 images from C = 7 objects, including airplanes, buildings,
cows, cars, trees, bicycles, and clothes. Six type of features are extracted, i.e., CENT, CMT, GIST, HOG,
LBP and SIFT.

CMU-PIE dataset [45] has a total of 41,386 facial images of C = 68 persons captured under various
illuminations, postures and expressions. We choose 21 images of each person and extract their LBP, GIST,
and Gabor features form the multi-view dataset.

Yale Face dataset [46] is composed of N =165 grayscale images captured from C =5 persons, where
each person has 11 images collected under different illuminations, postures and facial expressions. Three
type of features are collected, i.e., GIST, LBP and Garbor.

SensIT Vehicle dataset [47] collects from the Wireless Distributed Sensor Network. It utilizes seismic
sensors and acoustic to record different signals, which contains N = 300 samples of C = 3 clusters.
Prokaryotic Phyla dataset [48] is from the prokaryotic species, describing by protein composition,
textual data, genetic information. It contains N = 551 samples of C = 4 categories.

5.1.2 Comparison Methods

To fairly consider the clustering efficiency of the model, we choose one single-view clustering baseline

and nine advanced multi-view clustering baselines as comparison methods.

K-means [1] is applied to each view of multi-view data separately, and we report the best clustering
results here.

Auto-Weighted Multiple Graph Learning (AMGL) [7] is a multi-graph learning framework with
parameter-free, that assigns appropriate weights to each graph during learning.

Multi-View Learning with Adaptive Neighbors (MLAN) [49] constructs one initial graph for different
view, and then fuses it to develop a unified graph for clustering.
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« Latent Multi-View Subspace Clustering (LMSC) [50] utilizes the latent representation of each view to
cluster data points.

o Deep Multi-Modal Subspace Clustering Networks (DMSCN) [38] contain three parts, i.e., multi-
modal encoder, multi-modal decoder and self-expression layer. It is an important baseline.

«  Graph-based Multi-View Clustering (GMC) [51] is a multi-view fusion strategy, in which the learned
unified graph optimizes the initial graph of each view.

« Large-scale Multi-View Subspace Clustering in Linear Time (LMVSC) [34] aims to obtain a shared
binary graph for spectral clustering tasks.

o Deep Multi-View Subspace Clustering with Unified and Discriminative Learning (DMSC-UDL) [30]
combines the global structure with the local structure of multi-view data to learn a better-unified
connection matrix.

o Multi-View Subspace Clustering Networks with Local and Global Graph Information (MSC-
NLG) [29] ingrates the local and global graph structure of multi-view data to learn a unified
representation. It is an important baseline.

5.1.3 Evalution Metric

Three common metrics are chosen [52], including NMI, ACC, and ARI, to evaluate the performance
of our model. NMI is an information theoretic metric based on ground-truth class labels and cluster labels,
and normalizes the entropy of each class. ACC represents the proportion of correctly clustered samples to
the total number of samples. ARI reflects the degree of overlap between the cluster labels and the true labels
of samples. In all metrics, higher scores represent better performance.

5.1.4 Implementation Details

We use the deep learning toolbox Tensorflow 1.15 to implement the model, and conduct all experiments
on the Ubuntun 18.04 platform, with NVIDIA RTX 2080s and 128 GB memory size.

The encoder and decoder networks of the model respectively contain 3 layers, and the nonlinear
activation function is RELU. The Adam optimizer is selected to train the network, and the learning rate is set
to 0.001. Three important parameters, i.e., A;, A and A3 in our proposed model need to be tuned according
to the specific applications, and the ideal parameters are chosen in the range {0.001, 0.01, 0.1, 1, 10, 100}.

For the BUAA dataset, the dimensions of encoder and decoder networks are set to 100 — 128 — 128 —
128 — 100 and 100-128-128 — 128 — 100, respectively, where A; = 0.001, A, = 0.01 and A5 = 1. For the MSRCV
dataset, the dimensions of encoder and decoder networks are set to 1302 — 512 — 128 —512 — 1302, 48 — 64 —
128 — 64 — 48,512 — 256 — 128 — 256 — 512,100 — 128 — 128 — 128 — 100, 256 — 128 — 128 — 128 — 256 and 210
— 128 — 128 - 128 — 210, respectively, where A; = 0.01, A, = 10 and A3 = 0.001. For the CMU-PIE dataset, the
dimensions of encoder and decoder networks are set to 900 — 1024 — 128 — 1024 — 900, 512 — 1024 — 128 —
1024 — 512 and 2560 — 1024 — 128 — 1024 — 2560, respectively, where A; = 0.001, A, = 1 and A5 = 1. For the Yale
Face database, the dimensions of encoder and decoder networks are set to 4096 — 1024 — 128 — 1024 — 4096,
3304 — 1024 — 128 — 1024-3304 and 6750 — 1024 — 128 — 1024 — 6750, respectively, where A; = 0.001, A, =1
and A3 = 0.01. For the SenIT Vehicle dataset, the dimensions of encoder and decoder networks are set to 50
- 128 — 128 — 128 — 50 and 50 — 128 — 128 — 128 — 50, respectively, where A; = 0.01, A, = 0.1 and A; = 1. For
the Prokaryotic Phyla dataset, the dimensions of encoder and decoder networks are set to 393 — 512 — 128 —
512 —393,3 — 512 — 128 — 512 — 3 and 438 — 512 — 128 — 512 — 438, respectively, where \; = 0.001, A, =1 and
)\3 =1

We still adhere to the parameter settings in the original manuscripts for all comparison methods while
using the original codes provided on the authors’ homepages. For LMSC, we set the latent representation
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dimension to 100, and search the optimal A in the range {0.001, 0.01, 0.1, 1, 10, 100 }. For DMSCN, we tune
the optimal parameters A; and A, in the range {0.0001, 0.001, 0.01, 0.1, 1, 10, 100}. For LMVSC, we choose
the ideal « in the range {0.001, 0.01, 0.1, 1, 10} and the number of anchors in the range {K, 50, 100, 200},
where K is the number of clusters. For DMSC-UDL, we set the parameter to A; = 0.01, and choose the optimal
parameters A, and A3 in the range {0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1}, respectively. As for MSCNG, we
select the optimal parameters « and f in the range {0.001, 0.01, 0.1, 1, 10, 100, 10,000}.

All experiments are conducted 20 times to confirm the generality and equity, and the average values
and square differences are calculated as the final results.

5.2 Experiment Results

Tables 2-4 summarize the performance of NMI, ACC and ARI on six public datasets, respectively.

Comput Mater Contin. 2025;82(3)

Besides, we use bold and underline to show the best and second-best results.

Table 2: Performance of NMI on all datasets

NMI(%) BUAA MSRCV CMU-PIE Yale face SensITVehicle Prokaryotic phyla
K-means 70.46 + 0.33  62.68 £4.51 66.56 +1.97 54.51+2.71 1772 + 4.60 26.50 + 715
AMGL 66.26 £ 090 7357 +2.81 9563+170 64.37 +1.92 12.87 + 0.00 2.23 £ 0.60
MLAN 6531 +1.62 62.85+0.00 83.97+0.06 7171+213 8.41 + 0.00 18.08 + 0.00
LMSC 7912 +£147 6149 +6.02 96.67+0.61 70.11+ 0.10 10.38 + 0.00 42.62 +1.29
DMSCN 7590 +£0.10 69.99+0.03 9272+0.12 68.89+0.12 713 + 0.07 34.31 + 0.13
GMC 61.07 +£ 0.00 82.00 +£0.00 94.53+0.00 68.92+ 0.00 3.70 £ 0.00 18.33 £ 0.00
LMVSC 66.39 £ 0.00 53.07+0.00 70.01+0.00 54.46+0.00 14.58 + 0.00 25.55 + 0.00
DMSC-UDL 7723 +0.12 7631+£0.05 95.88+0.03 5223+ 0.07 8.13 £0.02 33.36 £ 0.05
MSCNLG 92.16 £ 0.02 86.04 +0.00 9755+0.02 90.12 + 0.00 20.26 + 0.00 36.12 £ 0.05
OUR 93.63 £0.04 88.48+0.08 99.50+0.01 9113+0.02 20.26 + 0.00 38.35+ 0.01

Table 3: Performance of ACC on all datasets

ACC(%) BUAA MSRCV CMU-PIE Yale face  SensITVehicle Prokaryotic phyla
K-means 40.21+0.64 70.63+6.05 64.73+1.67 4707 +3.10 56.93 + 6.37 53.92 £10.2
AMGL 50.04 +110 71.71+0.84 90.80 +1.90 60.46 +3.99 55.67 £ 0.00 53.96 + 3.46
MLAN 48.03+£3.12 60.00+£0.00 7700+0.03 70.30 + 2.65 47.00 + 0.00 64.24 + 0.00
LMSC 55.41+2.46 6948 +734 88.73+295 66.91+0.95 49.67 + 0.00 42.62 +1.65
DMSCN 51.33 £0.00 84.29 £0.02 78.22+0.04 70.91+0.10 43.33 £ 0.00 62.79 £ 0.12
GMC 40.30 £ 0.00 89.52+0.00 84.10+0.00 65.45+0.00 39.67 £ 0.00 49.55 + 0.00
LMVSC 3585+ 0.00 66.19+0.00 54.69+0.00 50.91=+0.00 49.67 + 0.00 64.25 + 0.00
DMSC-UDL 5326 £0.05 84.76 £0.02 84.59 £0.00 52.23 +0.07 45.33 £ 0.02 62.79 £ 0.05
MSCNLG 86.12 £ 0.00 92.86+0.00 9527 +0.00 91.52+0.00 62.30 + 0.00 66.79 £ 0.01
OUR 88.37+£0.04 93.81+0.02 9776 +0.09 92.12 + 0.61 63.33 £ 0.00 69.51 + 0.00
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Table 4: Performance of ARI on all datasets

ARI(%) BUAA MSRCV CMU-PIE Yale face  SensITVehicle Prokaryotic phyla
K-means 16.69 + 0.47  53.90 + 5.66 53.11 + 1.36 47.07 + 3.10 16.5 + 2.37 20.06 + 5.06
AMGL 6.63 +1.20 88.07 £3.65 75.41+0.68 90.87 +1.30 13.79 + 0.00 23.96 + 3.46
MLAN 10.71 £ 1.21 46.61 + 0.00 10.98 + 0.00 51.53 £ 3.71 7.06 £ 0.00 30.03 £ 0.00
LMSC 9913+ 0.05 88.26+2.05 99.61+0.08 93.37+0.26 59.06 + 0.00 56.65 £ 1.76
DMSCN 98.85+0.02 90.28+0.14 78.22+0.04 93.92+0.02 43.33 £ 0.23 66.16 + 0.02
GMC 4.67 £0.00 9434+0.00 79.19+0.00 9257 +0.00 6.80 +£ 0.00 9.13 £ 0.00
LMVSC 14.29 £ 0.00 38.87 £0.00 20.13+£0.00 29.68 + 0.00 33.94 + 0.00 37.47 + 0.00
DMSC-UDL 98.69 + 0.00 92.09 + 0.02 99.41+0.00 88.93 + 0.00 55.65 + 0.00 65.53 +£ 0.03
MSCNLG 99.72 £0.01 99.72+0.01 96.70+£0.06 97.95+ 0.00 64.36 + 0.00 69.27 £ 0.01
OUR 99.76 £ 0.01 96.71+0.00 9994 + 0.06 98.10 + 0.00 64.66 + 0.02 71.85 + 0.00

Obviously, in most cases, the proposed model provides the best results on all datasets. In particular, the

clustering results on CMU-PIE and Yale Face datasets are close to 100%. The following conclusions are drawn
from such tables:

1.

From a holistic perspective, deep multi-view methods consistently outperform traditional multi-view
methods. The neural network adaptively learns the nonlinear and deeper feature information from the
original data, so that the neural network improves the clustering results.

Our model notably outperforms the K-means clustering results on all datasets, which demonstrates that
the model extracts more heterogeneous information from different views and properly fuses it.
Compared with several multi-view deep clustering methods learning the unified self-representation
matrix from multi-view data, i.e., DMSCN and DMSC-UDL, our proposed model achieves the obvious
promotions on BUAA, MSRCV, CMU-PIE and Yale Face datasets, demonstrating the effectiveness of
the fused multi-order graph structure information.

In certain aspects, the K-means clustering is even marginally superior to the multi-view methods,
illustrating that several views contain the obvious discrimination information and how to explore the
complementary information between views effectively is also a critical problem.

In general, the experiment results provide a complete verification of the excellence of the model. Unlike

other multi-view deep subspace clustering methods, our model incorporates both the first-order and the
hidden high-order neighborhood connection information in the unified self-representation affinity matrix
learning, which notably improves the clustering results.

5.3 Convergence Analysis

In this section, we analyze the convergence of the model and visualize the objective function value of

each iteration on six public datasets in Fig. 4, where the x-axis represents the amount of iterations and the

y-axis represents the objective function value. We can see that for the entire dataset, our model converges
quickly in less than 100 epochs.
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Figure 4: The convergence curves of the model for all datasets

5.4 Parameter Analysis

As we mentioned before, three hyper-parameters, i.e., A1, A, and 13 require sensitivity analysis in our
model. We plot the clustering results of our model with different parameters on Yale Face and MSRCV
datasets in Fig. 5 to choose the optimal parameters, where we tune parameters A; = {0.001, 0.1, 10}, A, =
{0.001, 0.01, 0.1, 1,10, 100} and A3 = {0.001, 0.01, 0.1, 1, 10, 100 }. Obviously, our proposed model is robust to
these parameters.

(T
oot X

A

(d) MSRCV A,=0.001 (€) MSRCV A,=0.1 (f) MSRCV A,=1

Figure 5: The parameter analysis of the model on Yale Face and MSRCV datasets
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5.5 The Optimal Order-Number

To explore the effects of different-order neighborhood information, we conduct experiments on 2nd-
order, 3rd-order, 4th-order and 5th-order proximity matrices on Yale Face and MSRCYV datasets, respectively.
From Table 5 we can see, when the order of the proximity matrix increases, the range of the neighborhood
becomes large and the clustering performance of the corresponding model begins to decline. Finally, we set
the order number to 3 in all experiments.

Table 5: The results of different orders on the Yale Face and MSRCYV datasets

Dataset Metric 2nd-order 3td-order 4th-order 5th-order
ACC 91.52 92.12 92.12 91.52
Yale Face NMI 89.74 91.13 90.42 89.84
ARI 97.70 97.98 97.98 97.75
ACC 92.38 93.81 93.81 92.86
MSRCV NMI 86.50 88.48 88.70 86.50
ARI 95.95 96.71 96.98 96.14

5.6 Ablation Experiment

To further test the efficiency of the multi-order neighborhood information and the discriminative
constraint, we implement ablation experiments on Yale Face and MSRCV datasets. The ablation experiment
results as shown in Table 6.

o BL means the baseline, i.e., the multi-view encoder and decoder networks (Lg+LsEg).
«  GL denotes the multi-order neighborhood fusion mechanism (Lg+LpL).
o DL represents the discriminative constraint (Lp).

Table 6: Ablation experiments on the Yale Face and MSRCV dataset

Dataset Metric BL BL+GL BL+DL BL+DL+GL

ACC  89.70 90.91 90.91 9212
Yale Face NMI  88.20  90.03 89.80 91.13
ARI 97.27 97.54 97.69 98.10
ACC 9238 93.33 93.33 93.81
MSRCV NMI  85.83 87.96 87.83 88.48
ARI 95.83 96.41 96.43 96.71

From Table 6, we can see that both multi-order neighborhood fusion mechanism and discriminative
constraint obviously improve the clustering performance of the proposed model. Besides, by combining two
designs, the proposed model improves NMI by about 3% compared to the baselines.

6 Conclusion

In this article, we creatively design a multi-order neighborhoods fusion based multi-view deep subspace
clustering model. By integrating the deep connection relationship of different order neighborhoods to guide
the learning of one “good” unified self-representation for clustering tasks. An additional discrimination
constraint is introduced to consider the supplementary information between views. It is worth noting that we
showed that fusing the multi-order proximity matrix of different views can not only maintain the underlying
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structure but also improve the clustering performance, and creatively proposed a multi-order neighborhoods
fusion method. A set of ablation experiments is designed to demonstrate the stability and efficiency of
the model. A range of experiments verify that our method performs better than the advanced multi-view
clustering methods. The weakness of our method is that the complexity is still a bit high, and future directions
include reducing the computational overhead and adapting to incomplete multi-view clustering.
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