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Abstract

Collaborative clustering is an ensemble technique that enhances clustering performance by
simultaneously and synergistically processing multiple data dimensions or tasks. This is an
active research area in artificial intelligence, machine learning, and data mining. A common
approach to co-clustering is based on non-negative matrix factorization (NMF). While
widely used, NMF-based co-clustering is limited by its bilinear nature and fails to capture
the multilinear structure of data. With the objective of enhancing the effectiveness of non-
negative Tucker decomposition (NTD) in image clustering tasks, in this paper, we propose a
dual-graph constrained sparse non-negative Tucker decomposition NTD (GDSNTD) model
for co-clustering. It integrates graph regularization, the Frobenius norm, and an /; norm
constraint to simultaneously optimize the objective function. The GDSNTD mode, featuring
graph regularization on both factor matrices, more effectively discovers meaningful latent
structures in high-order data. The addition of the /; regularization constraint on the factor
matrices may help identify the most critical original features, and the use of the Frobenius
norm may produce a more highly stable and accurate solution to the optimization problem.
Then, the convergence of the proposed method is proven, and the detailed derivation is
provided. Finally, experimental results on public datasets demonstrate that the proposed
model outperforms state-of-the-art methods in image clustering, achieving superior scores
in accuracy and Normalized Mutual Information.

Keywords: co-clustering; graph regularized; non-negative tucker decomposition; sparse
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1. Introduction

Non-negative decomposition is a general term for a type of matrix or tensor decompo-
sition method that requires all components in the decomposition result to be non-negative.
The core idea is to decompose a non-negative data matrix or tensor into the product of
several non-negative factor matrices or core tensors in order to extract interpretable latent
features or components from non-negative data. The most representative non-negative
decompositions are non-negative matrix factorization (NMF) and its extension in the
high-dimensional domain non-negative Tucker decomposition (NTD). NMF is a common
dimensionality reduction method that can extract the main features from the original
data and has high interpretability [1]. When data requires more than two indices to be
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uniquely identified, it should be expressed in the form of a tensor. Thus, a tensor is natu-
rally viewed as a generalization of vectors (first-order tensors) and matrices (second-order
tensors) to higher orders. Non-negative tensor decomposition is a multi-dimensional data
analysis method based on matrix decomposition, which can transform high-dimensional
data into low-dimensional representations and retain the main features of the original
data [2]. Shcherbakova et al. investigated the advantages of non-negative Tucker de-
composition [3]. Like matrix decomposition, the purpose of tensor decomposition is to
extract the information or main components hidden in the original data [4,5]. The Tucker
decomposition is a tensor factorization method designed for handling tensor data [6]. NTD
is a concrete application of Tucker decomposition in non-negative matrix decomposition.
Its core idea is to decompose a high-order non-negative tensor into the product of a core
tensor and a series of factor matrices [7]. NTD not only retains the interpretability benefits
of NMF but also effectively preserves the inherent multi-way structure of the original tensor
data. Consequently, non-negative Tucker decomposition (NTD) is extensively utilized in a
wide range of disciplines, including image analysis and text mining, to uncover the latent
structures inherent in multi-way datasets.

To improve model performance, numerous regularized extensions of NMF and NTD
have been developed in the recent literature. These models have demonstrated excellent
performance in image clustering or data mining. Cai et al. introduced the graph-regularized
non-negative matrix factorization (GNMF) algorithm, which incorporates a geometrically-
based affinity graph into the NMF framework to preserve the local manifold structure of the
data [8]. Sun et al. proposed graph-regularized and sparse non-negative matrix factoriza-
tion with hard constraints (GSNMFC), jointly incorporating a graph regularizer and hard
prior label information as well as a sparseness constraint as additional conditions to uncover
the intrinsic geometrical and discriminative structures of the data space [9]. They also pro-
posed sparse dual graph-regularized non-negative matrix factorization (SDGNMTF), jointly
incorporating the dual graph-regularized and sparseness constraints as additional condi-
tions to uncover the intrinsic geometrical, discriminative structures of the data space [10].
Shang et al. proposed a novel algorithm, called graph dual regularization non-negative ma-
trix factorization (DNMF), which simultaneously considers the geometric structures of both
the data manifold and the feature manifold [11]. Long et al. proposed a novel constrained
non-negative matrix factorization algorithm, called the graph-regularized discriminative
non-negative matrix factorization (GDNMF), to incorporate into the NMF model both the
intrinsic geometrical structure and discriminative information [12]. Saberi-Movahed et al.
present a systematic analysis of NMF in dimensionality reduction, with a focus on both
feature extraction and feature selection approaches [13]. Jing et al. proposed a novel
semi-supervised NMF method that incorporates label regularization, basis regularization,
and graph regularization [14]. Li et al. developed a manifold regularization non-negative
Tucker decomposition (MR-NTD) model. To preserve the geometric information within
tensor data, their method employs a manifold regularization term on the core tensor de-
rived from the Tucker decomposition [15]. Yin and Ma incorporated this geometrically
based Locally Linear Embedding (LLE) into the original NTD, thus proposing NTD-LLE
for the clustering of image databases [16]. To enhance the representation learning of tensor
data, Qiu et al. proposed a novel graph-regularized non-negative Tucker decomposition
(GNTD) framework [17]. This method is designed to jointly extract low-dimensional
parts-based representations and preserve the underlying manifold structure within the
high-dimensional tensor data.

The above research demonstrates that the non-negative decomposition model sig-
nificantly improves image clustering performance. However, advancements in scientific
technologies have led to increasingly complex phenomena, rendering previous models
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inadequate for handling the resulting complexities. Building on this foundation, a common
strategy to enhance image clustering accuracy has been the development of collabora-
tive clustering (co-clustering) frameworks. This is typically achieved by incorporating
specific regularization terms that capture the relationships between different data views
or clusters. Co-clustering is an ensemble learning method that performs simultaneous
clustering along multiple dimensions or data views [18]. When using the non-negative
matrix model, the goal of co-clustering is to simultaneously identify the clusters of both the
rows and columns of the two-dimensional data matrix [19]. Del Buono and Pio present a
process which aims at enhancing the performance of three-factor NMF as a co-clustering
method, by identifying a clearer correlation structure represented by the block matrix [20].
Deng et al. proposed graph-regularized sparse NMF (GSNMF) and graph-regularized
sparse non-negative matrix tri-factorization (GSNMTF) models. By incorporating an L;
norm constraint on the low-dimensional matrix, they aimed to scale the data eigenvalues
and enforce sparsity. This co-clustering approach has been shown to enhance the perfor-
mance of standard non-negative matrix factorization models [21]. Chachlakis, Dhanaraj,
Prater-Bennette, and Markopoulos presented Dynamic Li-Tucker: an algorithm for dy-
namic and outlier-resistant Tucker analysis of tensor data [22]. The L1 norm is extensively
used in convex optimization problems [23]. Ahmed et al. study a tensor-structured linear
regression model over the space of sparse, low Tucker-rank tensors [24]. As deep learning
models become larger and more complex, sparsity is emerging as a critical consideration
for enhancing efficiency and scalability, making it a central theme in the development of
new image processing and data analysis methods.

As illustrated by the above studies, building upon NME, scholars have developed nu-
merous models to address the evolving needs of various scientific fields. The performance
of the NMF model can be significantly improved through the combined constraints of
graph regularization and sparsity, which directly exploit the internal structure and inherent
characteristics of the data. NTD is the extension of NMF to the high-dimensional domain.
However, there are relatively few co-clustering methods for constructing high-performance
NTD models that leverage the internal structure and inherent characteristics of the tensor
data itself. While GNTD captures graph structure and sparse NMTF promotes sparsity,
neither is designed to simultaneously learn from multiple graphs while enforcing direc-
tional sparsity patterns across different data modes. To address this gap, and inspired
by advancements in co-clustering NMF, this paper proposes a GDSNTD model based
on GNTD for enhanced co-clustering. The new model combines graph regularization,
the Frobenius norm, and the [; norm to simultaneously optimize the objective function.
In NTD, graph regularization serves to preserve the multi-linear structure of the original
data. The review of the prior literature revealed that imposing multiple graph constraints
on NMF models enhances their clustering performance. Motivated by this finding, we
consequently introduce dual graph constraints into the NTD framework, applying them
directly to the factor matrices of a tensor. This approach allows the model to capture the
intrinsic data geometry more clearly, thereby improving clustering accuracy. Furthermore,
we provide updated iterative optimization rules and prove the convergence of the model.
Experiments on public datasets demonstrate that the proposed method outperforms several
leading state-of-the-art methods.

The main contributions of this study are as follows:

1.  Weintroduce dual graph constraints into the NTD framework, applying them directly
to the factor matrices of a tensor. To the best of our knowledge, no existing NTD
framework integrates dual graph constraints with sparse regularization simultane-
ously. While graph-regularized and sparse factorization techniques exist, our model
GDSNTD is the first to integrate them in a unified, constrained co-clustering opti-
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mization framework for NTD. We propose a new co-clustering version of the NTD
model, equipped with three regularization terms: graph regularization, the Frobenius
norm, and the /; norm. The graph regularization term captures the internal geometric
structure of high-dimensional data more accurately. The /1 norm term helps to scale
original features in the factor matrices. The Frobenius norm improves the generaliza-
tion ability of the model. Therefore, the co-clustering GDSNTD integrates strengths
from graph-regularized and sparse factorization techniques so that the model yields a
more accurate solution to the optimization problem.

In the novel, unified optimization objective, we leverage the L-Lipschitz condition
to derive the update rules for the proposed co-clustering GDSNTD method. Subse-
quently, we establish the convergence of the proposed algorithm.

Experiments on public datasets demonstrate the effectiveness and superiority of the
proposed method.

The remainder of the paper is organized as follows. In Section 2, we review the

related models. In Section 3, the GDSNTD method is proposed, and its detailed inference

process and the proof of convergence of the algorithm are illustrated. Section 4 presents

the performance of the proposed model via experiments on various datasets. Finally, we

present our conclusions in Section 5 and outline future work in Section 6.

2. Preliminaries

(A)

(B)

In this section, we review the related models.
NTD

Given a non-negative data tensor X' € Rﬂi xhxly, non-negative tucker decompo-
sition (NTD) aims at decomposing the non-negative tensor & into a non-negative
core tensor G € Rixb x5 multiplied by N non-negative factor matrices U € REXI 1
Ve lexh, and W € Rﬂ?xk along each mode [7]. NTD minimizes the sum of squared
residues between the data tensor & and the multi-linear product of core tensor G and
factor matrices U, V, and W, which is expressed as

2
Fyrp =  min HX— %1 U x5 V x WH .
NTD = 6=0,0,v,w>0 Gx1Ux2 Vs W,

NTD provides an effective embedding and representation for image tensor data
X. However, NTD does not consider the geometrical structure of image tensor data X'.
GNTD

Qiu et al. [17] proposed the GNTD model, which incorporates the graph regu-
larization term into the original NTD method. The GNTD is mathematically formu-
lated as

Fontp =, min HX —Gx;UxyV X3 wHi L ATHWTLW),
where A > 0 is the regularization parameter for balancing the importance of the graph
regularization term and the reconstruction error term, tr(-) denotes the trace of the
matrix, and L is a Laplacian matrix which characterizes the data manifold. L is defined
asL=H-A, and (H); = ¥;(A);;. A is the adjacency matrix of a p-nearest neighbor
graph regarding the data points (Y1,...,Y,...) constructed using the 0 — 1 scheme.

1, ifY; e Np<Y]) and Y] € NP(YZ')/

(A); =
K 0, otherwise,

where N, (Y;) represents the set of p-nearest neighbor points of (Y;).
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The GNTD algorithm ingeniously combines graph constraints with non-negative
constraints. This approach effectively preserves the local geometric structure of the
data, enabling the learned features to better capture its intrinsic structure. As a result,
GNTD significantly enhances the performance of traditional tensor decomposition
models and has become a powerful tool for handling complex high-dimensional data,
receiving considerable attention in machine learning and data mining.

(C) GSNMTF

The graph-regularized sparse non-negative matrix tri-factorization (GSNMTEF)
model incorporates graph regularization and the /; norm into the standard NMF
objective function [21]. This integration not only preserves the geometric structure of
the data and feature spaces but also promotes sparsity in the resulting factor matrices.
The objective function of GSNMTF is defined as

2
FosnmTr = Hx —usvT HF FAUTH(UTLGU) + Ay Tr(VT Ly V) +

min
U>0,5>0,vV=0

1
7
1

1
wl Ul +wlv

where tr(-) is the trace of the matrix, and 7y; and 7y are the parameters for controlling
the sparseness of the matrices U and V, respectively. H . HF and H . Hl are the Frobenius

norm and /1 norm, respectively.

3. Dual Graph Constraints into Sparse Non-Negative Tucker
Decomposition (GDSNTD) Model

This section introduces the proposed GDSNTD model. We begin with the problem
setup. Given a third-order tensor X € REXIZXI3, where [1, I, and I3 are the numbers of
rows, columns, and tubes of tensor, respectively. The Tucker decomposition of the tensor is

given by
ngxlszVx3W. (1)

It decomposes a tensor into a core tensor multiplied by a matrix along each mode. Here the
tensor G € ]R]ﬁx] 2%J3 i5 called the core tensor and its entries show the level of interaction
between the different components. U € Rlﬁxh, Ve Rith, and W € lexk are the factor
matrices (which are usually orthogonal) and can be thought of as the principal components
in each mode, and {1, 2, J3} < min{I}, L, I3}.

3.1. Data and Feature Graphs

Many research studies have demonstrated that geometric structure not only affects the
data space but also the feature space and that high-dimensional data are usually located in
a low-dimensional sub-manifold of the ambient space, and this underlying geometrical
information of data could be obtained by modeling a neighbor graph. We impose a graph
regularization constraint on the factor matrix V. We construct a p-nearest neighbors data
space, whose vertices are {X..1,- - - , X.. v }. Then, we encode their geometrical information
by connecting each tensor subject with its p-nearest neighbors, thereby constructing a p-
nearest neighbor graph [8] with a binary (0 — 1) weighting scheme. The weight matrix is
defined as

[CV] = 1 if ‘)(j,:,k € NP(Xi,:,k) and Xi,:,k € NP(‘)C}',:,k)/
1]k —

0 otherwise,



Mathematics 2025, 13, 3494

6 of 25

where NV, (&X;. x) represents the set of p samples closest to X, in the graph. The graph
Laplacian of the data graph is defined as Ly = Dy — Cy, where Dy is the diagonal degree
matrix whose elements are given by [Dy];; = 1;[Cv];;.

Similarly, we impose a graph regularization constraint on the factor matrix W. We
can also construct a p-nearest neighbors graph of the feature space and define the weight
matrix as follows:

1 ikaj: GNP(Xij:) and Xij:GNp(ij:),
[Cwlijk = 7 v v v
0 otherwise,
where NV, (X} j.) represents the set of p samples closest to &j ;. in the graph. The graph
Laplacian of the data graph is defined as Lw = Dw — Cw.

3.2. Objective Function of GDSNTD

In this part, we present our objective function of GDSNTD, which is designed to
approximate the original high-dimensional tensor by yielding cleaner and sparser low-
dimensional matrices. This model is able to present the geometric structure of tensors
more clearly than GNTD and makes up for the deficiency of GSNMTF in handling high-
dimensional data. The proposed model has advanced the development of the NTD frame-
work by improving its convergence properties and has facilitated its application in complex
tasks such as image clustering analysis. It integrates graph regularization, the Frobenius
norm, and a sparsity constraint, and its objective function is defined as

2 2 2
Fopsnto = min [ =G0 0o Vs W av|| V[ -+ o [w]
GDSNTD g>0,%}g}w>0 Gx1Ux,Vx3 : +ay ; +aw P+ -

1 1
AvTr (VI Ly V) + AwTr(W LwW) + WHVH1 + 'ywHW -

where tr(-) is the trace of the matrix. ay is the parameter of V, ay is the parameter of W.
Ay and Ay are the graph regularization parameters of V and W, respectively. They govern
the trade-off between preserving the intrinsic graph structure of the data and optimizing
other objective terms. yy and vy are coefficients of the /1 norm. They serve as a trade-off
between the sparsity of the factor matrices and other objective terms. It is worth noting
that the norms in the objective function are entrywise norms [25]. H : HF and H : H . represent
the Frobenius norm and /; norm, respectively.
Equivalently, Equation (2) is to be rewritten in matrix form as

2 2 2
Fepsntp = Hx(l) ~UGH(W® V)THP n thHVHF 1 "‘WHWHF+

min
G=0,U,V,W>0

AyTr(VILy V) + AwTr(W LwW) + ')vaV"j + ’YWHW 1/

where the tensor X is expanded according to mode-1. When the tensor & is expanded
according to mode-2 or mode-3, it is to be rewritten in the following forms as Equations (4)
and Equation (5), respectively:

2 2 2
Fopsnto = min X = Ve W U)T|, +av V][ + aw W]
GpsNTD = o i | X @) @(Wel) vV taw W+ W

1 1
AyTr (VI Ly V) + AwTr(W ' LwW) + 7VHVH1 + ywHw p
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2 2 2
Fepsnr = min (X = WG o) (Ve U)T [+ av|[V][ +aw|w]
GDSNTD g>0,%}{71,1w>0 (3) (3)( ®U) P+¢Xv F+0¢w F+

1 1
AyTr (VI Ly V) + AwTr(W T LwW) + WHVH1 + 7WHWH1.

3.3. Inference of GDSNTD

In this section, the detailed inference is illustrated, and then, a corresponding algorithm
is designed.

33.1. FixU e RPN v e R22, w e RE*B, Solve G

Letting AgG be the Lagrange multiplier [26] for constraint G > 0, and our objective
function is written in matrix form as

(9) = [[oecx) - (We Ve U)Uec(Q)Hi +vec(G) Tvec(Ag). ©)

o)

To obtain the optimal solution, the gradient descent algorithm [27] is used to solve
Equation (6). The gradient is as follows:

oL

dvec(G) 2WeVeU) (We Ve Uve(G) —2(We Ve U) vec(X) + vec(Ag). 7)

Let G(t) represent the corresponding value during the tth round of updates. Therefore,
using the Karush-Kuhn-Tucker (KKT) condition [27], % = 0 and vec(G);vec(>¢g); =0,
we obtain the following updating rule:

(W@ VeU) vec(X));
(WaVeU)T(WeVeU)ve(g));

(vec(G))i < (vec(G))i )

332. FixG,V € R22 and W € RE*, Solve U € R,
At this stage, similar to the update of G, letting AyU be the Lagrange multiplier for

constraint U > 0, our optimization goal is to be written in matrix form as follows:

~

2
O(U) =[xy~ UG Wa V)T + Tr(UTA). )
The function (10) is to be rewritten as

O(U) =Tr(X) X)) = 2Tr(X1) (W@ V)G [, UT)+
N (10)
Tr(UG)(We V(W V)G HuT) + ) Tr(UTAy).
r=1

Now, the partial derivative of O(U) to U is

= —2X1)(W@ V)G +2UG)(Wa V)T (W V)Gl +Au. (1)

According to the (Karush-Kuhn-Tucker) (KKT) condition [27], a;o(g) =0,s0

My = 2X(1) (W@ V)G ) —2UG () (We V) (W V))G/,,.
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And also because Ay © U = 0, ©® denotes the Hadamard product, and we can obtain
the following:

(2X1) (W@ V)G(j) —2UG1)(Wa V) (W V))Gj)) ©U = 0. (12)
Therefore, the update rule of U is

(X(l) (W & V)GT1 )1]
U,‘j — U,‘j ) . (13)
(UGH(WeV)T(We V))G(Tl))l-j

333. FixG, U e R/ and W € R"")3, Solve vV € R%27)2
At this stage, our goal is to minimize the function P (V). The optimization goal in (4)
is to be defined as

P(V)=P(V)+ WHV 1 (14)

where
~ 2 2
P(V) = HX<2> ~ VG (We U)THF + «xVHVHF FAVTH(VILyV) + Tr(Ay).  (15)

Since 73(V’ ) is a convex function with respect to V' and it satisfies the L-Lipschitz condi-
tion [28] as shown in Equation (14), there exists a constant L; > 0 such that

Hvﬁ(v') - v73<v>H < L1Hv' — v, vv', v, (16)

where P (V') is to be by the approximated second-order Taylor expansion near V as

B(V) ~P(V) + 2L (V- V)2 + af(g;) V-V
L , 1 9P(V) )
Tl(v_( _?l Vv’ ))2—|—CD(V )r (17)
a(V) = P(V) ~ 5 (22

Let V! = V), the minimum value of Equation (17) is then obtained as V{!*1) and

v 1 P (V)

V(H—l) b S AR
L1 a(V(t))

(18)

Since ®(V(")) is independent of the optimization variable V, it can be treated as a constant.
Consequently, the objective function for updating V simplifies to

N MY S Y R

Let S() = v({) — L% aap\gix), then, for solving Equation (19), we first solve S(*) and then

e A et i
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Now, the partial derivative of P(V(*) to V(! is

aP(v()

—oix® v W o u®Tve® (Wwh o u®y Ty T
SV 2(x() = VOGH W e U T) (G (W & U)T)T+

(2) 2)
20y VO 424, LUV A

OPSTONSON
W eut)G()

_ (21)

_ox(®)
= 2X(2)

) (1)
2V G(2)

20V 424 (DY) — vt A

_|_

B o uMT(Wwh o ue® '
WHeu)Twheu)g, +

where Dg) and Cg) should be solved at the same time. According to the (Karush-Kuhn-

Tucker) (KKT) condition [27], AyV®) =0, and 37;9?:;)) = 0, we can obtain the following;:

.
(~2x( (W @ U)G 22,y v+

2vOG () (W & U T (W U(t))(;gg)T 4 2ay VO 4 (22)

2y DYV VO =,

Therefore, the update rule of $*) is

.
Xy (WO UG+ Ay VO,

(WO @ U®)T (W @ U(t))c;g)T +ayVO 4 A, DYVO],

(23)

[V(t)G(t)

@) ]

To solve the objective function in Equation (19), we minimize the Sl(jt) term using
1
the gradient descent and apply a soft threshold [28] to minimize the HVH1 regularizer.
Consequently, the update rule for V is derived as follows:

(t) (£)

V,,(t+1) _ {Sij - %‘1/' Sij
ij gt
ij

>
) (24)
<

o SR
R

334. FixG, U e R and vV € R2*2 Solve W € RB*)
Similarly, to update the factor matrix W, we write the objective function Q(W)
as follows:

QW) = QW) + e [w]| @5)

where
~ 2 2
O(W) = HX(3> ~ WG (Vau)T HP + ”‘WHWHF F AT (W LwW) + Tr(Aw).  (26)

Since Q(W’) in Equation (25) is a convex function regarding W/, and satisfies the L-
Lipschitz condition [28], there exists a constant L, > 0 such that

(VoW - vowW)| < Lo|w’ —w], v(w',w), 27)
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where VO(W') is the derivative of W'. O(W') is to be by the approximated second-order
Taylor expansion near W as

QW) ~O(W') + (W - w2+ S2 ) W - w)
= %(wf (W — leaQaiy)))er@(w’), (28)
oW) = OW) - ;- (P22

Let W = W), then, the minimum value of Equation (28) is obtained as W(*1) and

1 0Q(WH)
Ly 9(Wf)

wtt) — w) _ (29)

Similarly, since ¥ (W(")) is independent of W', the objective function updated with W can
be written as

R e Y N

(H+1) _ : ‘
W argmin| - i

Let R() = w(b) — L% aaémf) , then, for solving Equation (30), we first solve R() and then

w1 *argmm HW—R(t)Hi—G-’yWHWHh. (31)
Now, the partial derivative of (W) to W) is

_ W(t)(;g;)) (VO Ut T (G(t) (VO U4+

QW) _ (1
Swmy o 2X o)

w) )
ZaWW(t) + ZAwL () W(t) + )\w(g)

— _oxW (v s uthg® 32)
= —2X (VW e U)G 5 +

(*) O
2WGE (v e U T (v e UGy +

203WH 4+ 21 (DY — clhyw® 42 )

where D‘(z,) and Cw should be solved at the same time. According to the (Karush-Kuhn-
Tucker) (KKT) condition [27], AwW® =0, and BQB(WO)) = 0, we can obtain the following:

w()
.
(-2x) (VO e U)GY —2awC Wi+
T
2w Gl (v @ U(‘>)T(V(t) 2 UG + 20y A 4 (33)

22w ( ) wywt) =

Therefore, the update rule of R® is

T
X, O (v ou® G(t) A C(t)w(t) y
W X (VIO UGG+ AwCw W en

ij [w(t)GE;)) (VO @ U T (V) g U(f))GE;)) T ay WO 4 AWDwW(t)]ij
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(£)
ij
respectively. This leads to the following update rule for W:

1
Similarly, we minimize R’ and HWH1 using gradient descent and soft thresholding,

(0 (1
w.n R~ Ry > 35
i = ®) < (35)
0, R < o

3.4. Algorithm Design

According to the above reasoning, a clustering algorithm based on GDSNTD is sum-
marized, with its detailed steps outlined in Algorithm 1.

Algorithm 1: GDSNTD for Clustering
Input:

Data tensor X € Rlﬁxhxk. The algorithm parameters [, o, J3, p,
and regularization
parameters ay, aw, Ay, Aw, Yy, Yw-. The stopping criterion and the
maximum number
of iterations maxiter.
Output: Core tensor G and factors U, V, W;
Ensure:
Clustering results;
repeat
fork=1,2,..., maxiter do
1: Update G, U, V, W, and using (8), (13), (24), (35), respectively.
ifre <e
Return G,U,V,W
end if
end for
until converges
2: Run k-means on W to get clustering result.
3: return Clustering results

We employ a stopping criterion based on the relative change in the objective function
value. The criterion is defined as

where fk=1) and f() are the objective function values at the (k — 1)-th and k-th itera-
tions, respectively. The iterations are terminated when re < €, with € being a predefined
convergence tolerance [29].

3.5. Convergence Analysis

Since the update rule for G is identical to that in [17], this subsection employs the
auxiliary function approach exclusively to prove the convergence of the updating rules
given in Equations (8), (13), (24) and (35). We now present the following theorem:

Theorem 1. For G > 0,U >0,V > 0, and W > 0, the objective function in (2) is non-increasing
under the updating rules in (8), (13), (24), and (35) if and only if U > 0, V. > 0, W > 0, and G are
at a stationary point.
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~ /\, 1 "
Ji(Uy) = Fij(Uy') + T5(Us") (Us = Uyf') + 57, (U5 (U3 - Uy')?

To prove Theorem 1, we first give a definition and several lemmas.

Definition 1 ([1]). H(a,a’) is an auxiliary function for J (a) if the conditions H(a,a’) > J (a)
and H(a,a) = J (a) are satisfied.

Lemma 1 ([1]). If H(a,a’) is an auxiliary function for J (a), then J (a) is non-increasing under
the updating rule

t+1

aTt = argmgn’;’-[(a, ah). (36)

Proof. [J(a'*1) < H(a'*t!,a') < H(a',a') < J(a). O

The equality J (a**1) = J(a') holds only if a is a local minimum of #(a, a'). By iter-
ating the update rule (36), a’ converges to the local minimum of H (a, a*).

Next, we provide a detailed proof of the convergence for the above updating rule for
U using an auxiliary function. Recall the function from Equation (3):

~ 2
We can obtain
~ Bj(Ul(t)) ) T
J/(Ui-(t)) == [ wev)tg R
] ] a(Ul](t)) (1) ) (38)

T T
200G, (We V) (We V)G, O ;.

.
Jjj-

=

.
T (U) =Gy (Wa V) (We V)G )" (39)

Essentially, it is sufficient to prove that each fi]-(Ul-]-) is non-increasing under the up-
date rule.

Lemma 2. The function

H(Uy;, Uyf') =T5(U) + J(U) (U — Uy )+

t T T7.. 40
U G(l)((W®ViJ“(tW®V))G(1) ]]](Uij_Uijt)z (40)
ij

is an auxiliary function for jij(Uij), where the matrix Ut = (Ul-jt),
Proof. Obviously, 7—~l(Ul~jt, U, = jij(Uijt). According to Definition 1, we only need to

show that ﬁ(Ui]«, u;') > ji]«(Uij). We first obtain the Taylor series expansion of jij(Ui]«) at
Ul']'i‘L to be

(41)

= Ji(U") + T (U") (Ui = U") + [G 1) (W V) (W@ V)G ) T];(U;; — U~

By Equation (40), 1 (Uyj, U;i*) > J;;(Uj;) is equivalent to

UG (We V)T (Wa V)Gl

(1)1
Uy

> [G(,)((W@V)T(W@)V))Ga)]]] (42)
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We can obtain
[U'G(Wa V)T (W V)G(]; = Ui [Gu(Wa V) (W Gylij )
> Ui [Gy(We V) (W G(Tl)]jj/

Therefore, the inequality ’ﬁ(Uij, u;') > ﬁj(Uij) holds. O

Analogously, the convergence under the update rule in Equation (24) can be proven.
Next, we provide a detailed proof of convergence for the V update rule using an auxiliary
function. Consider the following function:

~ 1
JWV) = J+WHV y (44)
where
~ T 2 2 T
TV = [Xe) = VG WaU)T | +av|u| + 0T (viLY), @)
We derive
~ 3J:(Vii) T
1)y _9Vij\Vij 1y t t (t)
jl-;-(Vl]())fo[ ZX(Z)(W()®U())G(2) +
Oa® (Wb o U T Wb e udna® (46)
2vGE) (W o u))T(W e UGl +
20y V) 420, DYPVE —20,CP VO],
7 vy —ha® (Wb o U T(Ww® o ua® "
T (Vi) =G (W o U)TW e u)Gl) "+ W)

ZIXV + 2)\ng) - ZAch)]U

Essentially, the updating rule is element wise, so it is sufficient to prove each jij(Vz-]') is
non-increasing under the update rule.

Lemma 3. The function
(Vi Vi) = Fi(Vii') + THV) (Vi = Vi) +

is an auxiliary function for j,-]-(Vi]-), where the matrix V! = (V;i'), and

_ (t) T "
My = VOGH (W o ut) (W e ut)G
My = ay VO 4 Ay DYVO.

Proof. Obviously, 7—~l(V,-]-t, Vi) = f,-]-(Vi]'t). According to Definition 1, we only need to
show that ﬁ(Vij, \T = j,»j(V,-j). We first obtain the Taylor series expansion of jij(V,vj) at
Vijt to be
~ ~ 1 "
jl.].(Vij) = Jij(Vi]-t) + Z;(Vi]-t)(Vij - Vl-]-f) + Ejij (Vi].t)(vl-]- - Vl.jt)z
-
= (Vi) + TH(Vi) (Vi = Vi) + [6 ) (WD e U T W g u))Gl) - (49)

+ay + /\ng) - /\vcg)]jj(vij — Vi)
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By Equation (48) and Equation (49), H(V;, Vl-jt ) > Jij(Vi;) is equivalent to

[M; + Mz]i]'

.
v > [G (WO @ U)T WO e UD)GH +ay +AvDY —AvCy]j. (50)

(

We can obtain

= Vi [GlH (W o U)W e UY)G(y 1)
( (
( (

and
[AVDg)V(t)]ij = Vz’lt[/\VDg)]lj > Vijt[/\vDs)}jj > Vii'[Av(Dy — Viﬁ))]ﬁ, (52)
Therefore, the inequality G(V;;, Vl-jt) > F;j(Vjj) holds. O

Thus, Equation (50) holds, and H(V;j, Vijt) > Jij(Vij). According to Equation (23),

X)W (WO @ U(f>)G§?)T +AyCYVO,

VOGY (WH 0 UM)T(WH @ u®)G!)

=
) +ay v+ Ay DYPVO),

ji;'(vij(t))

ij T :
[VOGH) (WO @ UO)T (WO @ UM)G) +ay Vil +AyDY VO],

(53)

The soft thresholding operation ensures convergence as follows: if S l(jt) > IV, the up-
Ejt) < %’, the value is set to zero. Both cases
are consistent with the convergence proof. Because Equation (51) is an auxiliary function
for Jjj, and according to the soft threshold, J;; is non-increasing under the updating rule

stated in Equation (24). Analogously, we can prove the convergence under the updating

date subtracts a constant value; otherwise, if S

rule in Equation (35).

4. Experiments

In this section, the experimental setup and analysis of the results are discussed in
detail. The descriptions of these datasets are given as follows. First, we introduce the
image datasets Coil20 (http://www.cad.zju.edu.cn/home/dengcai/Data/MLData.html,
(accessed on 15 May 2024)), Georgia (https:/ /www.cnblogs.com/kuangqiu/p /777682
9.html, (accessed on 10 March 2025)), Iris (http://archive.ics.uci.edu/dataset/53/iris,
(accessed 20 November 2024)) [30]. The datasets are summarized in Table 1.

Table 1. Summary of the datasets.

Idx Datasets Samples Features Classes
D01 Georgia 750 1024 50
D02 Coil20 1440 1024 20
D03 Iris 150 4 3

The details of the public datasets used in the experiments are presented in Figures 1 and 2.


http://www.cad.zju.edu.cn/home/dengcai/Data/MLData.html
https://www.cnblogs.com/kuangqiu/p/7776829.html
https://www.cnblogs.com/kuangqiu/p/7776829.html
http://archive.ics.uci.edu/dataset/53/iris
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In order to evaluate the effectiveness of our proposed GDSNTD scheme, we compared
it with six classical or state-of-the-art clustering and co-clustering methods. All the sim-
ulations were performed on a computer with a 2.30-GHz Intel Core i7-11800H CPU and
32 GB memory of 64-bit MATLAB 2016a in Windows 10. Without special specifications,
the maximum number of iterations is set to 1000.
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Figure 2. Different kinds of Iris datasets.

o Non-negative matrix factorization (NMF) [1]: NMF aims to decompose a matrix into
two low-dimensional matrices and is now often used as a data processing method in
machine learning.

Fwr = min_[X—UVT|.
NMF = 8}

e  Non-negative Tucker decomposition (NTD) [7]: The NTD algorithm is considered as

a generalization of NMFE.

2
FNTD = min HX—Q X1 U XV X WH .
G>0,U,V,W>0 ! 2 3 F

e  Graph-regularized NTD (GNTD) [17]:

2
F - i HX . Ux,V WH ATrH(WTLW).
GNTD g>o,%}g,1w>o G x1Ux,V X3 ; + ATr( )

e  Graph dual regularized NMF (GDNMF) [12]: GDNMEF simultaneously considers the
geometric structures of both the data manifold and the feature manifold.

2
F, = mi H— TH MTr(V Ly V) 4+ A Tr(UT LyU).
GDNMF = min X-UVi| +XM r( vV) 4+ A Tr( uU)

e  Graph dual regularized non-negative matrix tri-factorization (GDNMTEF) [12]: DN-
MTF is an extension of our DNMF algorithm and simultaneously incorporates
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two graph regularizers of both data manifold and feature manifold into its objec-
tive function.

2

F = _min|X=USVT| 4+ MTr(VILyV) + 4, Tr(UT Ly ).

GDNMTF = min p TMTH(V Ly V) + A:Tr(U LyU)

e  Graph-regularized sparse non-negative matrix trifactorization (GSNMTF) [21]: The
GSNMTF model introduces graph regularization and an /; norm constraint into the
objective function.

2
— . _ T T T
FosnmTE = U}()gl?lg’v)o HX Usv HF + AyTr(U LyU) + Ay Tr(V Ly V)+

1 1
o]+ vV

4.1. Evaluation Measures

In this section, two widely used metrics, accuracy (AC) and Normalized Mutual
Information (NMI), are used to evaluate the clustering performance. Accuracy aims to find
a one-to-one relationship between classes and clusters. It is usually used to calculate the
proportion of correct samples to the total number of samples. It is a relatively intuitive
evaluation index. Accuracy is a clustering evaluation metric that measures the proportion
of correctly assigned samples against the total, after a one-to-one mapping between clusters
and true classes is established. It is an intuitive and widely used measure [31]. NMI is
commonly used in clustering to measure the similarity between two clusterings.

AC is defined as

1 N
AC = ) o(gti,map(c;)),
N i=1

where N is the total number of samples, gt; is the ground-truth label of sample i, c; is the
cluster label assigned by the algorithm, J(, -) is the Dirac delta function, and map(-) is the
optimal mapping function [32].

NMI is defined as
2. (I(B;T))

H(B)+ H(T)’
where I(B; T) is the mutual information between B and T, and H(B) and H(T) are their

entropies. A higher NMI indicates a better alignment between the clustering result and the
true labels [33].

NMI(B,T) =

4.2. Experimental Setup and Clustering Results Analysis

In this part, the experimental setup is described, and the experimental results are
discussed in detail. To ensure the fairness between models, our proposed algorithm and
all comparison algorithms use the same random initialization matrix. Subsequently, each
experiment is conducted ten times independently on original data, then K-means clustering
is performed five times independently on this low-dimensional reduced data. The average
and variance of the results are recorded. The standard deviation is set to 0 if it is less than
1x107°.

Tables 2 and 3 summarize the accuracy and NMI results for each algorithm across
all datasets. Table 4 lists the accuracy and standard deviation for each algorithm on the
Georgia dataset, while Table 5 presents the corresponding NMI results. Similarly, results
for the COIL20 dataset are detailed in Tables 6 (accuracy) and 7 (NMI). From the results,
we derive the following main conclusions:
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From Table 2, we can observe that the value of AC of GDSNTD is better than that of
other methods on most datasets. The value of NMI reflects the proportion of correct
decisions, which also proves that the proposed model performs better. The perfor-
mance improvement is evident in the Georgia dataset, where GDSNTD improves the
accuracy by 48.92% over the NMF co-clustering algorithm. The accuracy of GDSNTD
is also improved by 26.1%, 5.15%, 7.02%, 3.71%, and 2.82% compared with other co-
clustering algorithms NTD, GNTD, GDNMEF, GDNMTE, and GSNMTF, respectively.
In the Coil20 dataset, the accuracy of GDSNTD is also improved by 30.50%, 38.58%,
2.29%, 0.81%, 1.14%, and 0.57%, compared with other co-clustering algorithms NTD,
GNTD, GDNME, GDNMTE, and GSNMTFE, respectively. In the Iris dataset, the ac-
curacy of GDSNTD is improved by 17.22%, 32.77%, 2.84%, 2.10%, 0.17%, and 0.12%
compared with other co-clustering algorithms NMF, NTD, GNTD, GDNMFE, GDNMTEF,
and GSNMTE, respectively.

From Table 3, we can observe that our proposed method of GDSNTD can also achieve
higher accuracy. The NMI of GDSNTD is as high as 50.16% on the Iris dataset, which is
34.95%, 7.46%, 4.27%, 3.49%, and 3.42% better compared with NMF, GNTD, GDNMEF,
GDNMTE, and GSNMTE respectively. In the Georgia dataset, the accuracy of GDSNTD
is also improved by 26.67%, 15.01%, 3.12%, 4.79%, 4.54%, and 4.26% compared with
other co-clustering algorithms NMF, NTD, GNTD, GDNMF, GDNMTE, and GSNMTF,
respectively. In the Coil20 dataset, the accuracy of GDSNTD is improved by 21.02%,
23.85%, 2.75%, 0.3%, 0.2%, and 0.32%, compared with other co-clustering algorithms
NME, NTD, GNTD, GDNMEFE, GDNMTE, and GSNMTE, respectively.

Table 4 shows that the average AC of GDSNTD is higher than that of the other methods
on most datasets. In the Georgia dataset, the accuracy of the co-clustering algorithm
GDSNTD is improved by an average of 27.4%, 22.6%, 2.2%, 8.7%, 5.11%, and 3.79%
compared with NMF, NTD, GNTD, GDNMEF, GDNMTE, and GSNMTF, respectively.
From Table 6, it can be observed that on the Coil20 dataset, the accuracy of GDSNTD
is, on average, 23.9%, 30.9%, 1.49%, 4.0%, 5.79%, and 3.18% higher than that of NMF,
NTD, GNTD, GDNME GDNMTE, and GSNMTF, respectively.

From Table 5, it can be observed that on the Georgia dataset, the accuracy of GDSNTD
is, on average, 23.7%, 19.4%, 1.82%, 7.3%, 5.67%, and 4.63% higher than that of NMF,
NTD, GNTD, GDNME GDNMTE, and GSNMTF, respectively. From Table 7, it can be
observed that on the Coil20 dataset, the accuracy of GDSNTD is, on average, 20.8%,
31.5%, 1.42%, 3.2%, 6.14%, and 2.76% higher than that of NMF, NTD, GNTD, GDNMF,
GDNMTE, and GSNMTE, respectively.

Figure 3 shows the clustering performance on the Georgia, COIL20, and Iris datasets. It

can be observed that the proposed GDSNTD method surpasses all other compared methods.

GNTD.

GDNMT GONMF

GONMTF GONMTF
GSNMTF GSNMTF

> <
Methods cosNtD | oL~ o Methods GDSNTD
Georgia Georgia

atasets
(a)The value of accuracy performance on each data set (b)The value of NMI performance on each data set

Figure 3. The clustering performance on each dataset.
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Table 2. AC (%) of each algorithm on each dataset.
Data Classes NMF NTD GNTD GDNMF GDNMTF GSNMTF GDSNTD
D01 50 3718 £2.17 4391+210 52.66+298 51.74+239 5339+1.86 53.85+1.79 55.37+2.39
D02 20 61.19+4.03 57.62+4.15 78.06£3.63 79214362 7895+£259 79.40+3.05 79.85+2.79
D03 3 82.13£9.75 7251 +8.81 93.614+890 94.29+1.10 96.11+6.38 96.15+3.05 96.27 £9.01
Table 3. NMI (%) of each algorithm on each dataset.
Data Classes NMF NTD GNTD GDNMF GDNMTF GSNMTF GDSNTD
D01 50 57.63+1.35 63.47+137 7079+195 69.66+1.17 69.83+1.09 70.02+093 73.00+£1.15
D01 20 7299 £1.80 71.32+222 85974170 88.07+1.46 88.15+1.06 88.05+1.14 88.33 +1.07
D03 3 67.53 £5.78 60.69+3.10 84.80+t6.12 87404779 88.56+4.59 8837+561 91.13+7.14
Table 4. AC (%) of each algorithm on Georgia dataset.
Classes NMF NTD GNTD GDNMF GDNMTF GSNMTF GDSNTD
3 80.44 £11.30 67.56+11.84 872441438 79.20+12.61 81.29+£11.86 79.51+£12.52 91.82+9.18
7 67.05 £8.76 58.514+10.03 6636 +11.23 64.63 797 67.75+9.12 69.22 +8.00 67.03+12.54
11 555+£701 61.73+£787 7029+697 60.57+670 61.26+6.01 6641 +6.58 70.64+8.10
15 5435+7.02 535+£352 6331£565 59.37+636 5950+ 6.61 5845+5.04 64.99 £ 5.49
19 4936 £3.82 5232+686 60.45+513 59.69+530 5881+526 60.64+440 61.95+4.77
23 4694 £451 4901 +£424 60.99+470 55914588 54114379 5543+4.15 59.16£5.65
27 4478 +3.76  49.64 £2.52 5821 +£438 53294+4.02 57124334 59.71+3.01 60.25+4.51
31 4269 +3.85 46.65+3.15 57.18+411 55314393 56.64+3.10 56.68+3.00 58.16 + 3.82
35 4164 +270 4714+3.60 55.05£372 51584471 56.45+3.71 5694+370 57.31+£3.07
39 416 +£268 44744260 53.66+322 5090+299 54.81+298 54574329 55.59 £ 3.07
43 39.88 £2.25 43.62£3.17 5335+£3.02 51504270 5413+240 54194242 54.20+ 2.66
47 3897 +242 4381 +£248 5356+322 50514238 52.89+1.89 53.17+218 54.11+2.30
49 3753 +1.80 4346 +222 5260+226 50.1042.85 53.39+2.34 5328+243 52.88+285
50 3718 £2.17 4391 +£210 52.66+£298 51.744+239 5339+186 53.85+1.79 55.37+2.39
Avg. 48.42 50.32 60.35 56.74 58.68 59.43 61.68
Table 5. NMI (%) of each algorithm on Georgia dataset.
Classes NMF NTD GNTD GDNMF GDNMTF GSNMTF GDSNTD
3 57.07 £20.27 4933 +16.31 78.08+21.42 65.85+18.07 65.13+15.61 65.00+12.49 82.78+15.77
7 60.4 £854 5468+10.73 6548+£11.17 63.46+7.16 66.87+10.51 67.55+10.18 67.1 +12.48
11 60.44 +8.04 65.62+6.68 7579 +£591 6582+488 66.83+485 70.14+524 7593+ 6.89
15 60.79 £ 647 5930+2.84 7145+439 6813505 67.71+£523 67.87+426 73.05+ 4.64
19 59.70 £2.31 6260 £5.68 6998 +413 7093 +449 68.83+381 71.29+297 71.64+3.66
23 5857 £336 609 £3.87 7216 £2.86 6854+436 66934325 6761+£285 71.65+447
27 5857 £2.85 6299 £201 71.60+£347 6623+293 70.04+195 71884194 73.61 £ 3.56
31 58.04 =356 6192+225 71.02+£242 69944+243 70.504+2.06 7055+1.93 72.31+290
35 5831 +231 6289 +295 70.63+£235 6754+301 70.86+212 7093+245 72.14+2.05
39 5890+193 61.8+£164 70.65+£205 6750+£218 70.81+1.89 70.73+1.94 71.69 + 2.06
43 58.67 =153 61.74£226 70.67+£157 68.62+136 7015+1.75 70314147 71.27£1.53
47 5840 +1.79 6281 £157 7143+£219 6845+111 6945+1.17 6952+132 71.40+1.52
49 5760+ 133 6278 +1.23 7049+£1.03 68214155 69.80+1.28 69.85+131 70.78+1.53
50 5763 +135 6347 +137 7079+£195 69.66+1.17 69.83+1.09 70.02+093 73.00+1.15
Avg. 58.79 60.92 71.44 67.78 68.84 69.52 72.74
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Table 6. AC (%) of each algorithm on Coil20 dataset.
Classes NMF NTD GNTD GDNMF GDNMTF GSNMTF GDSNTD

2 9792 £ 421 7693 +14.22 1£0 1£0 86.49 £17.62 99.86 + 0.28 1+0

4 7926 £16.73 79.07 £15.15 93.65+11.09 85.87 £1142 7472+15.61 77.62+1693 95.40 + 8.99

6 6724 £12.00 65.144+12.03 86.75+9.76 78.11+1343 81.63+11.37 82.63+11.34 83.731+15.22

8 7217 £771 6594 +6.14 8594+776 86.87+£9.70 88.00+8.82 88.90+9.13 86.32+6.78

10 67.52£5.09 69.11+478 87.62+832 86.64+776 8575+830 85.93+790 88.74+ 9.01

12 6643 £792 64.14+5.07 83.05+7.79 78.69 822 7840+471 79.42+6.73 8639 +7.22

14 64.58 £5.15 6358 =598 79.30+5.52 81.04+816 8228347 82.44+4.95 81.37+5.39

16 63.86 = 6.14 60.67 =448 8245 +437 78.67£489 80.86+645 80.96+7.28 84.10+ 3.12

18 61.71 £393 61.09+4.28 79.12+519 7858 +431 7959 +4.15 81.90+4.87 81.02+4.78

19 62.06 £3.79 59.67 £3.78 7658 +£4.00 7632+467 77814344 78.09+3.65 79.37+2.90

20 61.19 £4.03 57.62+4.15 78.06+3.63 7921362 7895+259 79.40+3.05 79.85+2.79
Avg. 69.45 65.72 84.77 82.73 84.17 83.38 86.03

Table 7. NMI (%) of each algorithm on Coil20 dataset.
Classes NMF NTD GNTD GDNMF GDNMTF GSNMTF GDSNTD

2 91.99 +16.19 40.04 +30.52 93.35 £ 8.58 1+0 66.48 £42.53 9894 +2.14 1+0

4 7551 £18.55 759441484 93.35+9.47 81.75+£11.19 76.83+16.39 74.814+20.31 94.47 + 8.55

6 6527 £1.34 64324+11.79 86.17 +£9.08 78.73+1242 83.13 £8.87 83.88+9.88 85.39+11.34

8 76.67 £690 70.71 £558 8891 +£4.81 89.55+7.08 91.67+6.04 9218 +5.70 89.58 +4.03

10 7423 £3.05 7483 +4.02 9171522 9148+460 9051=£536 8991+£575 9222+ 5.61

12 7335 £6.11 7196298 8855599 86.72+£457 8557370 8617454 91.18 +5.31

14 74.63 £3.11 7213+524 86.35+3.18 8858494 90.34+241 89.84+3.06 87.51+3.13

16 7387 £3.70 71.73+272 89.20+231 87.10£259 88.78+4.06 88.38+4.48 90.99 + 1.88

18 7277 £2.61 7249+284 86.78+3.11 8697 +£213 89.78+251 89.99+2.87 89.10+2.45

19 7343 £232 7217 +£258 8555+194 8644 +203 87.62+139 87.6+1.89 88.02+1.90

20 7299 £180 7132+222 8597170 88.07+t146 88.15+106 88.05+1.14 88.33+1.07
Avg. 74.97 68.88 89.32 87.76 89.60 88.16 90.59

4.3. Interpretation of GDSNTD's Superior Performance

Across all datasets, our proposed method consistently outperforms all competing
baselines of NMF, NTD, GNTD, GDNMF, GDNMTF, and GSNMTF in both standard
clustering and co-clustering tasks. This empirical evidence strongly suggests that the
GDSNTD model with dual graph constraints successfully leads to a more structured and
discriminative latent space, thereby improving clustering accuracy.

First, applying manifold constraints to the factor matrices is equivalent to preserving
the structure in the “essential features” of the data, resulting in greater accuracy. Second, I
regularization counterbalances the Frobenius norm, leading to a more stable optimization
process and yielding factors within a more reasonable numerical range. Furthermore, /;
regularization promotes the learning of “parts” that correspond to local structures within
the data, thereby promoting a decomposition with enhanced coherence.

4.4. Parameter Selection

Every parameter is searched over a range of values from 0 to 10°. The choice of
parameters has a pronounced effect on experimental performance; therefore, they were
selected systematically through a grid search. Figure 4 shows the process of determining
the optimal parameters using a grid search on the Iris dataset. From Figure 4, we can see
that the accuracy is only 0.7772 when ay = ay = 10° and 7y = yw = 10°. When the
coefficient of the sparse regularization term is vy = yw = 102, the accuracy improves to
0.7980. From Figure 5, it is to be observed that the NMI is 0.8615 when ay = ayy = 103
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and 7y = yw = 10!, and when the coefficient of the sparse regularization term is yy =
Yw = 1072, the accuracy is only 0.8776.
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Figure 4. Parameter tuning on dataset Coil20 regarding accuracy.
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Figure 5. Parameter tuning on dataset Coil20 regarding NMI.

4.5. Convergence Study

As described in Section 3, the convergence of the proposed algorithms has been the-
oretically proved. In this subsection, we experimentally analyze the convergence of the
proposed algorithms by examining the relationship between the number of iterations and
the value of the objective function. This relationship is visualized in Figures 6-8. The conver-
gence behavior of GSNTD on the Georgia dataset is illustrated in Figure 6. The convergence
behavior of GSNTD on the Coil20 dataset is illustrated in Figure 7. The convergence behav-
ior of GSNTD on the Iris dataset is illustrated in Figure 8. The observed monotonic decrease
in the objective function value demonstrates that the algorithm converges effectively under
the multiplicative update rules. This result provides empirical support for the convergence
proof given in Theorem 1. We can find that GDSNTD is usually able to reach convergence
within 1000 iterations.

o o
o £
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f
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Figure 6. Convergence curves of GDSNTD on Georgia dataset.
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Figure 8. Convergence curves of GDSNTD on Iris dataset.

4.6. Complexity Analysis

In this subsection, we analyze the computational complexity of GDSNTD. Note that
X is a third-order I} x I, x I3-dimensional tensor, and G is a third-order J; X [, X J3-
dimensional core tensor. Factor matrices are U € Rﬂix] Ve Rﬁth, and W € Riﬁxk’.

Consider the updating rule in (8), the operation (W ® V ® U) "vec(X') corresponds
to the tensor mode product X x; UT x, VI x3 WT. Tts computational complexity
is O(LhLhJ; + LizJ1), + I3J1)2)3). W@ Ve U)T(W® V® U)vec(G) corresponds to
vec(G x1 UTU x, VI'V x3 WTW). The computational complexity is J1J2J3(J1 + J2 + J3)-
The total computational complexity of computing the update of G is bounded by
O(LbLi + LIsJij2+ IJi)2Js + 1)2J3(1 + ]2+ ]3))-

Consider the updating rule in (13), X(1)(W ® V)G(Tl) corresponds to (X x, VI x3
wT)(l)G(Tl), which needs O(I1 3], + 1 13]2]3 + I1]1]2]3) operations. UG ;) (W@ V)"
(W® V))G(Tl) corresponds to (G x1 U x, VIV x3 WTW)(l)Ga), which needs O(J2]2]5 +
J1J3]5 + ]2 ]% + L ]f) operations. The total computational complexity of computing the
update of Uisbounded by O(L LIz ) + [ 5J2Js + 11 )2)3 + J3)2)3 + [1J3 )3 + 125 + L 7).

Consider the updating rule in (23), X(z)(t) W ® U(‘f))GE;))T + /\VCs)V(t) cor-
responds to (X x; UT x3 WT)(Z)GT) + AyCyV, and it takes O(L1L13]; + LI3]1]3 +

(2
T
LJ1]2J3 + I3]2) operations. V(t)Gg?)(W(t) UM T(WH @ U(t))GE;)) +ay VI 4+ AVD@

V() corresponds to (G x1 UTU x, V x3 WTW)(Z)G(E) +ayV + AyDyV, and it takes
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(9(]%]2]3 + ]1]22]3 + ]1]2]3% + 12]§ + I%]z + L) operations. The total computational com-
plexity of computing the update of V is bounded by O(I1 LIz]1 + L I3]1]3 + IJ1]2]3 +
2B )2+ i 2)s + 13 )5+ Ji2J3 + )5 + B 2).-

Similarly, consider the updating rule in (34), the total computational complexity of
computing the update of W is bounded by O(L L 3] + LI3J1 ]2+ IsJ1]2)3 + 213 3+ J3 ]2 )3 +
J5Js + I2J5 + B3 + Is)-

Therefore, the total computational complexity of the proposed method is O(I1 I I3(3]1 +
R)+ L322+ 3) + hlsha s+ 1 2JsRL+h+L+4(Ji+ ]2+ J3)) + 232 + 2133+ L7 +
12]% + I3 ]g + L], + I3]3). Compared with GNTD, the total computational complexity of
the GDSNTD is increased by 213 ], + 213]3 + I J» + I3 3.

Figure 9 shows the relative performance in terms of clustering ACC and time con-
sumption among NTD, GNTD, GDNMTE GSNMTE, and GDSNTD on the Georgia dataset.
Figure 10 shows the relative performance in terms of clustering NMI and time consumption
among NTD, GNTD, GDNMTF, GSNMTEF, and GDSNTD on the Coil20 dataset. In the
figure, CPU(s) is the running time in seconds.
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Figure 9. Comparison of clustering performance and running time among NTD, GNTD, GDNMTEF,
GSNMTF, and GDSNTD on the Coil20 dataset.
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Figure 10. Comparison of clustering performance and running time among NTD, GNTD, GDNMTE,
GSNMTE, and GDSNTD on the Georgia dataset.

5. Conclusions

In this paper, we propose a co-clustering method via a dual graph-regularized sparse
non-negative Tucker decomposition (GDSNTD) framework. It incorporates the Frobenius
norm, graph regularization, and an /; norm constraint. The graph regularization term
is used to maintain the intrinsic geometric structure of the data. This approach allows
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the model to represent the internal structure of high-dimensional data more accurately.
The model not only adds the /; norm to achieve the adjustment of data eigenvalues but
also embeds the Frobenius norm to improve the generalization ability of the model. We
then present a detailed derivation of the solution, design the accompanying algorithm for
GDSNTD, and provide a convergence proof. The experimental results show that selecting
appropriate parameters can improve the model’s classification accuracy. This indicates that
the selected rules have practical significance. Experiments on public datasets demonstrate
that our proposed model achieves superior image clustering performance. The proposed
method outperforms the state-of-the-art method GSNMTF by an average of 3.79% in
clustering accuracy and 4.63% in Normalized Mutual Information on the Georgia dataset.

6. Future Work

Although the proposed GSNTTD method has shown good clustering performance, it
operates on the assumption that the data resides in a well-formed latent vector space [34].
In recent years, deep learning-based clustering has experienced rapid advancement.
The current popular deep learning-based methods are dominated by several key ap-
proaches, such as Graph Autoencoders (GAEs), graph convolutional network-based clus-
tering (GCN-based clustering), and Deep Tensor Factorization.

GAEs aim to learn low-dimensional latent representations (embeddings) of graph-
structured data in an unsupervised manner. It learns to compress input data into a lower-
dimensional latent representation (encoding) and then reconstruct the original input from
this representation (decoding). The critical distinction is that the input data is a graph,
characterized by its topology (structure) and node attributes (features). Kipf et al. in [35]
formally introduced the GAE and its variational counterpart, the variational graph au-
toencoder (VGAE). The field of GAE has evolved rapidly from foundational models to
highly sophisticated and specialized architectures. Recent advancements have focused on
developing more sophisticated architectures to address specific challenges. Zhou K et al.
proposed a new causal representation method based on a graph autoencoder embedded
autoencoder (GeAE). The GeAE employs a causal structure learning module to account for
non-linear causal relationships present in the data [36].

Kipf and Welling in [35] introduced the variational graph autoencoder (VGAE),
a framework for unsupervised learning on graph-structured data based on the varia-
tional autoencoder (VAE). In this work, they demonstrated this VGAE model using a GCN
encoder and a simple inner product decoder. In [37], Kipf and Welling first introduced
the efficient, first-order approximation-based graph convolutional layer. This formulation
has laid the groundwork for numerous subsequent GCN studies. The core idea of a GCN
encoder is to learn low-dimensional vector representations (i.e., node embeddings) for
nodes by propagating and transforming information across the graph structure. The node’s
embedding is determined not only by its own features but also jointly by the features of its
neighbor nodes and the local graph structure. The core principle of GCN-based clustering
is to unify node representation learning and cluster assignment into an end-to-end, jointly
optimized framework and perform these tasks simultaneously.

The principle of Deep Tensor Factorization can be understood as using a deep neural
network to perform the factorization and reconstruction process. Wu et al. proposed a
Neural Tensor Factorization model, which incorporates a multi-layer perceptron structure to
learn the non-linearities between different latent factors [38]. In [39], Jiang et al. proposed a
generic architecture of deep transfer tensor factorization (DTTF), where the side information
is embedded to provide effective compensation for the tensor sparsity.

In [40], Ballard et al. categorized feedforward neural networks, graph convolutional
neural networks, and autoencoders into non-generative deep learning-based multi-omics
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integration methods. They found that deep learning-based approaches build off of previous
statistical methods to integrate multi-omics data by enabling the modeling of complex
and non-linear interactions between data types. Therefore, deep learning-based clustering
has emerged as a rapidly advancing field. It integrates conventional cluster analysis with
deep learning, leveraging its powerful feature representation and non-linear mapping
capabilities to demonstrate superior performance in unsupervised clustering tasks. In the
future, we intend to incorporate recent deep learning-based methods into our subsequent
research to explore more up-to-date clustering methodologies.
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