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Abstract

Graph-based multi-view clustering, with its abil-
ity to mine potential associations between sam-
ples, has attracted extensive attention. To capture
high-order correlations, tensor-based frameworks
have been introduced to model multiple graphs
jointly. Although these methods have achieved
promising performance, existing methods mainly
focus on stacking consistency graphs with low-rank
constraints, while overlooking high-order speci-
ficity within diversity graphs, and the exploration
of fine-grained diversity information among dif-
ferent samples across views remains insufficient.
To address these issues, we propose High-Rank
Tensor Specificity Induced Cooperative Multi-
View Graph Learning (HTS-CMGL). Specifically,
we first obtain the consistency graphs and diversity
graphs from multi-view data, which are further re-
constructed into the consistency tensor and the di-
versity tensor, respectively. Subsequently, a novel
Enhanced Tensor Rank (ETR) is imposed on the
consistency tensor, which is a tighter approxima-
tion of the tensor rank and is more noisy-robust to
explore the high-order consistency. Meanwhile, we
design a new Tensor High-Rank Logarithmic Norm
(THLN) on the diversity tensor. By leveraging a
unique high-rank constraint mechanism, THLN not
only actively preserves high-rank and informative
features, but also simultaneously captures view-
level and sample-level diversity information. Ex-
tensive experiments on multiple datasets demon-
strate the effectiveness of our proposed method on
clustering multi-view data.

1 Introduction

Multi-View Clustering (MVC) has emerged as a dominant
paradigm for integrating heterogeneous information from di-
verse sources to uncover data partitions [Yang er al., 2025;
Yang et al., 2026]. Graph learning [Li et al., 2026; Lin et
al., 2025; Lin et al., 2026] has become a promising technique
for multi-view clustering due to its efficiency in learning a
unified graph from multiple views. Early approaches primar-
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Figure 1: Motivation illustration. (a) HSIC imposes global matrix-
level pairwise constraints, considering only overall inter-view diver-
sity and potentially misjudging local co-occurrences. (b) THLN ten-
sorizes diversity and models it sample-wise, capturing high-order
specificity and its heterogeneous distribution across samples.

ily focused on exploiting multi-view consistency [Zhan et al.,
2019]. Subsequently, representative studies such as [Liang
et al., 2019] and [Huang et al., 2022] have explicitly mod-
eled the non-consensus components (termed diversity) within
multi-view data. These studies emphasize the need to explic-
itly model diversity from noise, corruptions, or view-specific
attributes. Such separation effectively removes noise interfer-
ence, yielding a more robust consensus graph. This philoso-
phy also proves effective in federated learning [Sun et al.,
2025a; Sun et al., 2025b].

However, such methods are limited to pairwise interac-
tions and fail to capture high-order structures. Consequently,
tensor-based algorithms [Xia er al., 2023; Tang et al., 2025;
Feng et al., 2025], stack consistency matrices into a represen-
tation tensor and impose low-rank constraints to capture high-
order correlations. For instance, RTGD-MVC [Zou et al.,
2025] utilizes Tensor Exponential Norm (TEN) minimization
to capture high-order correlations, while suppressing view-
specific inconsistencies via ¢ ;-norm constraints. DETDSI
[Sun et al., 2025c¢] introduces Enhanced Tensor Rank (ETR)
minimization to capture high-order correlations, and employs
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the Hilbert-Schmidt Independence Criterion (HSIC [Lyu et
al., 2024]) to enforce statistical independence on the ex-
tracted inconsistencies. Despite achieving competitive per-
formance, these methods face two challenges: (1) On one
hand, existing methods rely on matrix-level regularization to
handle view-specific diversity (e.g., HSIC-based dependence
penalties or {5 ;-norm robustness terms). (2) On the other
hand, existing methods treat inter-view diversity as a global
quantity shared by all samples, whereas in practice the de-
gree of inter-view diversity varies across samples and follows
a heterogeneous distribution. As illustrated in Figure 1(a),
HSIC treats inter-view diversity as a global property, which
may suppress locally co-occurring, sample-specific diversity
and blur the boundary between diversity and consistency.

To mitigate these problems, we propose a novel tensorized
MVC method termed High-Rank Tensor Specificity Induced
Cooperative Multi-View Graph Learning (HTS-CMGL). As
shown in Figure 1(b), HTS-CMGL stacks multi-view diver-
sity graphs into a tensor and performs sample-wise slice mod-
eling to characterize heterogeneous diversity across samples
and capture high-order specificity. To our knowledge, this
is the first attempt to explicitly model diversity as a high-
rank tensor, thereby capturing fine-grained structural details
that are suppressed by traditional pairwise matrix constraints.
Specifically, we first decompose multi-view similarity graphs
into consistency graphs and diversity graphs, reconstructing
them into tensors to exploit high-order consistency and high-
order diversity. Subsequently, an Enhanced Tensor Rank
(ETR) constraint is imposed on the consistency tensor, which
preserves larger singular values and discards smaller ones to
obtain an accurate low-rank tensor representation. Mean-
while, we propose the Tensor High-Rank Logarithmic Norm
(THLN), which enables the exploration of high-order cross-
view specificity while modeling diversity across samples and
views. Moreover, owing to its intrinsic high-rank property,
THLN allows the model to actively learn rich and structured
view-specific diversity. This adversarial separation purifies
both the consistency tensor and the final consensus graph. Ex-
tensive experimental results on multiple benchmark datasets
demonstrate that our HTS-CMGL exhibits superior perfor-
mance compared to other state-of-the-art methods. The main
contributions of our paper are summarized as:

* We propose HTS-CMGL, a tensorized graph learning
method that establishes an adversarial separation mech-
anism between consistency and diversity. By simulta-
neously imposing the ETR for high-order consistency
and the THLN as a high-rank constraint on diversity,
our model achieves a more thorough separation between
consistency and diversity.

* To better capture high-order specificity, we propose a
novel Tensor High-Rank Logarithmic Norm (THLN),
which actively preserves the intrinsic high-rank structure
of diversity and characterizes the heterogeneous distri-
bution of diversity across samples.

» Extensive comparative experiments and detailed analy-
sis have shown that our proposed HTS-CMGL method
can achieve significantly superior performance against
other state-of-the-art methods.

2 Related Work

2.1 Tensor-based Multi-View Clustering

Tensor-based methods are designed to exploit the high-order
correlations among views [Bao er al., 2025; Zhen et al., 2025;
Guo et al., 2024; Wang et al., 2025]. Tensor nuclear norm
minimization (TNN), particularly when combined with ten-
sor singular value decomposition (t-SVD), has emerged as
a powerful tool to model high-order correlations and pre-
serve the spatial structure of multi-view data [Xie er al.,
2018]. For instance, [Tang et al., 2025] proposed high-order
bipartite graph learning and tensor low-rank representation
(HBGTLRR), which concatenates high-order bipartite graphs
into a tensor and imposes the TNN constraint, effectively re-
ducing noise while preserving high-order consistency. How-
ever, TNN is a loose and biased approximation of the true ten-
sor rank, as it treats different singular values equally, leading
to residual noise and loss of important information. To ad-
dress this problem, several non-convex approximations have
been proposed, such as the Tensor Logarithmic Schatten-p
Norm (T'LS,N) [Guo et al., 20231, the Enhanced Tensor
Rank (ETR) [Ji and Feng, 2025] and the Laplace Tensor
Rank (LTR) [Zhong et al., 2025]. Despite these advance-
ments, methods predominantly focus on imposing low-rank
constraints on consistent tensors, overlooking the potential of
tensors to explicitly capture complex high-order specificity.

2.2 Graph-based Multi-view Clustering

Graph-based multi-view clustering methods have demon-
strated satisfying performance by effectively capturing rela-
tionships among samples. These methods primarily focus on
enhancing the quality of the consensus graph and improving
the purity of the view-specific similarity graphs to optimize
clustering performance [Peng ef al., 2025; Sun et al., 2025b;
?]. [Zhao er al., 2025] introduced adaptive weighting mech-
anisms to assign optimal contributions, ensuring that high-
quality views dominate the fusion process. Similarly, [Huang
et al., 2024] separately explores the consistent information
and complementary information by dividing the affinity ma-
trix in each view into two parts. To explicitly capture high-
order correlations across multi views, tensor-based frame-
works have been introduced. For example, [Xia er al., 2023]
proposed TBGL, which utilizes Tensor Schatten p-norm min-
imization to capture high-order consistency, while suppress-
ing view-specific inconsistencies via f;-norm constraints.
However, the aforementioned methods typically rely on HSIC
or simple norm constraints to decouple diversity. These ap-
proaches are limited to modeling pairwise view relationships
and implicitly assume that view discrepancies are stationary
across all samples. Consequently, they lack a mechanism to
explicitly capture cross-view, sample-level specificity.

3 The Proposed Method

3.1 Motivations and Problem Statement

Graph-based multi-view clustering has attracted significant
attention due to its capability to uncover latent correlations
among data samples. However, current methods generally
confront the following challenges: (1) oversimplification
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Figure 2: The framework of our HTS-CMGL. We first construct the similarity graphs for each view. Then, we introduce the ETR and THLN
to capture the high-order correlations and high-order specificity, respectively. Finally, a weighted fusion strategy is employed to obtain the

consensus graph for spectral clustering.

of diversity distribution, where diversity is assumed to be
stationary across samples despite being heterogeneous and
sample-specific; (2) matrix-level modeling of view-specific
diversity, which neglects the exploration of high-order speci-
ficity, and where matrix-level constraints may suppress lo-
cally co-occurring diversity; and (3) biased approxima-
tion of low-rank structure, TNN treats all singular val-
ues equally, which often leads to insufficient suppression of
noise-related components.

To effectively address these limitations, we propose a novel
framework termed HTS-CMGL. Specifically, we introduce
the ETR to rectify the biased approximation of the low-rank
structure, and design a novel THLN to actively explore fine-
grained diversity information among different samples across
views in a unified and cooperative manner.

Problem Formulation

In this paper, scalars, vectors, matrices, and tensors are de-
noted by lowercase letters x, bold lowercase letters x, bold
uppercase letters X, and calligraphic letters X, respectively.
For a 3-way tensor X € RnmMi*n2xns X ) denotes the k-
th frontal slice, and X represents its Fast Fourier Transform
(FFT) along the third dimension.

We consider a multi-view dataset {X(®)1V_ =~ where
X(®) ¢ R"*dv contains n samples with d,, features in the v-
th view. For each view, we construct an affinity matrix AW
to model pairwise similarities among samples. Since raw
graphs often mix shared structures with view-specific vari-
ations and noise, each A () is explicitly decomposed into a
consistent component C(*) and a diversity component E (),
ie, AW =CW 4 EW),

Adaptive Consensus Graph Learning

To learn a unified graph S with a clear clustering structure, we
minimize its discrepancy from the view-specific consistent
representations {C(")}V_, and assign weights based on the
reliability and information volume of different views. Since
uniform weight allocation treats all views equally and leaves
the consensus graph susceptible to noise, we adopt an adap-
tive weight scheme to balance the contributions of different
views. Furthermore, we introduce a Laplacian rank constraint
to explicitly impose a c-cluster structure on S. The resulting
optimization problem is formulated as:

v
min Z(,u(“))2 HS -cw
v=1

2
+ 2\Tr(F " LgF)
S,F,u F

(1)
st. 8;1=1,8>0,F'F=1I, p'1=1,

where 1.(*) denotes the adaptive weight of the v-th view; un-
like a linear weighting scheme, the squared weighting yields
a non-degenerate closed-form update under the simplex con-
straint and thus avoids the trivial winner-take-all solution.

Here, Ls = Dg — % denotes the graph Laplacian.
By Ky Fan’s theorem [Fan, 1949], minimizing Tr(F ' LgF)
leads to rank(Lg) = N — ¢, which implies that the similarity
graph S consists of ¢ connected components.

The optimal weights admit a closed-form solution:
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Tensorized Consistency and Specificity Learning

While graph-level fusion handles pairwise relations, it fails to
capture the high-order correlations and high-order specificity
embedded across multiple views. To bridge this gap, we pro-
pose a unified Dual-Rank Constraint Strategy. We tensorize
the consistency graphs {C(")} and diversity graphs {E(")}
into C and £ via a rotation operator ®(-). This structure
aligns sample-wise similarities across views into tensor tubes,
thereby enabling the simultaneous exploration of high-order
consensus and high-order diversity via tensor decomposition.

1) Consistency via Low-Rank:

Definition 1. Given a tensor C € R"1X™2%"3 the En-
hanced Tensor Rank (ETR)[Ji and Feng, 2025] is defined as:

1 &

IClleri = > 115 lere

k=1
LSS Z}Z )
"3 i T S}C(i’ i)

where 0 < § < 1, h = min(nq,n2), and Sy is obtained by
t-SVD of Cy = UfoVfT in the Fourier domain.

To explore the high-order consistency shared across mul-
tiple views, we impose a low-rank constraint on the consis-
tency tensor C. Instead of adopting the conventional TNN,
which is known to be a loose and biased approximation of
tensor rank, we employ a more noise-robust ETR to more ac-
curately characterize the intrinsic low-rank structure of C.

2) Specificity via High-Rank Preservation:

Definition 2. Given a tensor £ € R™1*"2X"3 the Tensor
High-Rank Logarithmic Norm (THLN) is defined as:

3

ns

1
€lrmnn = 2= > NEF e
k=1
| “)
= SN (=S, i) log(1 +85(i,))) |
k=11i=1

where h = min(ny, n2) and Sy is obtained by t-SVD of £ =
UsSsV{ in the Fourier domain.

Remark [The Superiority of THLN]: From a statisti-
cal perspective, pairwise matrix-level dependence modeling
is insufficient to characterize high-order co-occurrence pat-
terns among multiple variables [Pfister et al., 2018]. Dif-
ferent from matrix-level approaches that only explore pair-
wise complementarity, our THLN is a tensor-level high-rank
constraint that captures high-order specificity by modeling
all views holistically. Furthermore, while existing methods
implicitly assume that the diversity between views is sta-
tionary (uniformly distributed) across all samples, we recog-
nize that diversity is inherently heterogeneous and sample-
specificc. THLN actively encourages complex and incom-
pressible structures, effectively maintaining informative di-
versity patterns that capture these fine-grained variations.

By integrating adaptive consensus graph learning with ten-
sorized consistency and specificity modeling, we formulate

the final optimization problem as

1%
2
H (1)) 2 H _ (1))
g}lg;(ﬂ )7|s-¢C v + BlIClleTr +VII€]|THLN
+ 2ATr(FTLgF)
C=9o ((3(1)7 7(j(’l))) 75‘:@ (E(l), ’E(v)),

$tV0,s'1=1,8>0,A=C+&, AW >CcW >,

(&)

where (8 and y are the trade-off parameters.

3.2 Optimization

Inspired by the alternating direction method of multipliers
(ADMM) [Lin et al., 2011], we introduce the auxiliary tensor
variables 7, G, so the model Eq.(5) can be rewritten as the
following unconstrained problem,

LH{CWY_,S,6,T,6, M,N) =
\%
Z”(v)
v=1

+ 20T (FLgF) + (M.C — J) + g [

2
h + BT lerr + V1G] THLN

]s —cW

(6)

+ (NSA=C— )+ L A-C -0},

where the tensors M and A are Lagrange multipliers, and ¢
and p are penalty parameters to control convergence. The so-
lution approach involves decomposing the overall optimiza-
tion problem into five distinct subproblems.

S-subproblem: With all other variables fixed, the opti-
mization problem for S is formulated as:

1%
i (v)

st. s/ 1=1,8>0.

2
+ 2\Tr(F ' LgF)
F

‘s e

(7

By defining a distance vector a; € R", where the j-th en-
try is a;; = ||f; — £;||3, the problem can be decoupled into
N independent subproblems. For the i-th row s;, the opti-
mization is equivalent to finding the Euclidean projection of
a vector onto the probability simplex. According to the KKT
conditions [Boyd and Vandenberghe, 20041, the closed-form
solution is derived as:

v A v
s; = ((Z pef” — 23i> /Zu(”) +¢> . ®)
v=1 v=1 +

where ¢ is the Lagrangian multiplier associated with the con-
straint s 1 = 1.
F-subproblem: With all other variables fixed, the sub-

problem for F is formulated as follows:
min Tr (FTLgF),
st. FER™ FTF=1

This constitutes a classic spectral problem, where the cor-
responding solution can be derived by computing the % eigen-
vectors of Lg that correspond to its k& smallest eigenvalues.
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C(“)-subproblem: With all other variables fixed, the sub-
problem for C'(*) is formulated as follows:
2

2 M®)
min ¥ HS ol P ch BRI
Cc) F 2 p P
(10)
@ N |
+ Xz ‘ AW _cW) _gl 4 )
2 o .

Since the objective is smooth and convex, the solution fol-
lows from the first-order optimality condition.

C(U) B QM(U)S 4 pJ(v) _ M(v) + (p(A(v) _ G(v)) + N(v)
B 2u) +p+

(11)
G-subproblem: With all other variables fixed, the subprob-
lem for G is formulated as follows:

1
2 F

Theorem 1. Suppose a third-order tensor H € R™ *"2xn3
with t-SVD H = U * S « VT, and o > 0. The Tensor

High-Rank Logarithmic Norm Minimization problem can be
described as follows,

. 1
min Gy + 5 19 = Hl - (13)

The optimal solution G* can then be derived as follows:
G =Uxifft(Prox;o(Ss),[,3)* VT,  (14)
where if ft(Proxs g(Sy),[],3) € R™M*™2X"s s an f-
diagonal tensor, and Proxy 4 (S’Jf (i,1)) satisfies,

1
min 5 (z — S§(i0))* + af (@), (15)

2

N

G—(A-C+—) (12)
¥

.
Hbm o HgHTHLN +

where f(z) = —xlog(1 + x).

Given that Eq. (15) in Theorem 1 is a combination of con-
cave and convex functions, we can utilize DC Programming
[Tao and An, 1997] to derive a closed-form solution:

. iter
' 4 +

where 7 = Proxy o(S J’X (i,1)), and iter is the iteration index.
J-subproblem: With all other variables fixed, the sub-

problem for 7 is formulated as follows:
2

M

min 87| prg + 5 HJ —e+ D) an

F

Similar to the G-subproblem, the optimization of 7 can be
solved in the Fourier domain following the same derivation
strategy as Theorem 1. The solution is given by:

) .0 iter
fMH=<$@n—5fm'>>. (18)
p +
2
where g(z) = i:_;” , and iter is the iteration index.

Finally, the Lagrange multipliers and penalty parameters
are updated according to the following rules:

M=M+plC—-JT),
N=N+¢E&-0), 19)
P =TpPs P = NP,

where 1), 1, > 1 are used to accelerate convergence.

Algorithm 1 Optimization Algorithm of HTS-CMGL

Input:

Multi-view data {X(*)}V_, | cluster number c, trade-off
parameters (3, v and J, self-tuned parameter A, the maxi-
mum number of iterations ¢ = 30; Initialize the weight fac-
tor ) = L for each view,iter = 1,5 = 25:1 pu AW,
Output:

Consensus matrix S and clustering labels y.

1: Initialize A (), C(”)7 E(”), S, F, weights p, and param-
eters p, ©;

2: while not converged do

Optimize S by Eq. (8);

Optimize F and rank parameter A\ by Eq. (9);
Optimize C(*) by Eq. (11);

Optimize G by Eq. (16);

Optimize J by Eq. (18);

Optimize M, N and p, ¢ by Eq. (19);

9: end while

10: Perform spectral clustering on S to obtain final cluster-
ing results y.

AR

3.3 Computation Complexity Analysis

The computational complexity of HTS-CMGL is mainly de-
termined by the optimization of the subproblems described in
Section 3.2. Specifically, the time complexities for updating
the variables C(*), S, F, 7, G are O(VN?), O(N?), O(N?),
O(VN3 + VN?logV), and O(V N?), respectively, where
N denotes the number of samples and V' denotes the number
of views. Since N > V in most practical cases, the overall
computational complexity of HTS-CMGL is therefore domi-
nated by O(tV N3), where t denotes the number of iterations.
In practice, the algorithm usually converges within about 30
iterations on all datasets.

4 Experiments
4.1 Experimental Setting

Dataset Classes  Samples Feature Dim.
100leaves 100 1600 64/64/64
NGs 5 500 2000/2000/2000
Caltech101-7 7 1474 435/798/52/34/35/64/56
Mfeat 10 2000 76/216/64/6/47/240
COIL20 20 1440 1024/3304/6750
MSRC-v6 7 210 1320/48/512/100/256/210
COIL100 100 7200 30/99/30

Table 1: The characteristics of our employed datasets

Data sets: To evaluate the effectiveness of HTS-CMGL,
we conducted experiments on seven widely used multi-
view clustering benchmark datasets: 100leaves [Mallah et
al., 2013], NGs [Lang, 1995], Caltech101-7 [Fei-Fei et al.,
2004], Mfeat [van Breukelen et al., 1998], COIL20 [Nene
et al., 1996b], COIL100 [Nene et al., 1996a], and MSRC-
v6 [Winn and Jojic, 2005]. Detailed descriptions of these
datasets are provided in Table 1.
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Dataset Metric(%) | GMC CDMGC FMICE OMVFC-LICAG IWTSN-FMGC TAD-MVC MCHBG OURS
ACC 8238 £0.00 89.94 +0.88 83.39+1.33 49.88+ 0.00 8792+ 1.15 75.06+0.00 87.9440.00 96.00+ 0.00
100leaves NMI 90.25 £0.00 9530+ 0.51 93.25 4+ 0.60 71.17 £ 0.00 95.64 £0.41 87.24 £0.00 93.15£0.00 98.50 + 0.00
PUR 85.06 £0.00 91.06+0.64 92.03+1.71 51.56 £ 0.00 90.20 £0.95 7650+ 0.00 89.13+0.00 96.88 £ 0.00
ARI 49.74 £ 0.00 84.13 £5.18 79.85+1.48 31.51 £0.00 8523 £1.37 6520+0.00 74.17+£0.00 94.92 £ 0.00
ACC 98.20 £0.00 77.08 £0.25 40.68 &+ 5.40 59.00 £ 0.00 59.69 £0.15 98404+ 0.00 88.00+0.00 98.80 & 0.00
NG NMI 93.92+£0.00 74.83+0.58 25.6944.93 40.77 £ 0.00 3437+£034 94.61+0.00 72.89+0.00 95.82+0.00
s PUR 98.20 £0.00 77.48+0.25 66.36+4.10 59.00 £ 0.00 59.69 £0.15 98404+ 0.00 88.00+0.00 98.80 & 0.00
ARI 9554 £0.00 69.74+£0.75 14.72+4.57 31.37 £ 0.00 29.50 £0.27  96.03 +0.00 71.81+£0.00 97.01 £ 0.00
ACC 69.20 £0.00 51.68+£11.69 54.49 4+ 1.09 44.64 £ 0.00 54.61 £0.00 54.82+0.00 6574+0.00 81.07%0.00
Caltech101-7 NMI 60.56 = 0.00 23.67+16.02 52.84 4+ 1.70 35.43 £0.00 2.04 £0.03 1.91+£0.00 56.23 £0.00 54.01 +0.00
PUR 88.47 £0.00 61.80£12.30 62.93 &+ 1.66 82.29 £ 0.00 5476 £0.02  55.16 £ 0.00 89.82+£0.00 85.75 % 0.00
ARI 5943 +£0.00 59442326 44.64 £1.75 31.08 £ 0.00 2.19 £0.00 0.63+0.00 4590+£0.00 59.40+0.00
ACC 88.20 £0.00 84.43+0.04 8497 +4.11 67.10 £ 0.00 67.60 £0.00 91.154+0.00 83.25+0.00 96.55 =+ 0.00
Mfeat NMI 89.32£0.00 89.62+0.13 86.30 +2.04 64.78 £ 0.00 64.03 £0.00 83.93+0.00 83.08+0.00 92.65+0.00
PUR 88.20 £0.00 88.20+0.03 90.23 +2.78 67.10 £ 0.00 69.25£0.00 91.154+0.00 84.05:0.00 96.55 £ 0.00
ARI 84.96 £0.00 83.16+0.09 81.30+3.15 54.01 £ 0.00 52.44£0.00 81.58+0.00 77.15£0.00 92.47 £ 0.00
ACC 79.10 £0.00 86.52+0.75 78.49 +3.41 51.35 £0.00 76.03 £1.75 7549+ 0.00 87.64+0.00 100.00 + 0.00
COIL20 NMI 91.89 £0.00 94.41+0.11 89.40 4+ 1.64 69.57 £ 0.00 83.91£0.99 8246 £0.00 94383 £0.00 100.00 & 0.00
PUR 84.79 £0.00 89.94 +0.07 88.93+2.13 56.60 £ 0.00 7698 £1.30 75,76 £0.00 89.93+0.00 100.00 + 0.00
ARI 78.19£0.00 83.81 £0.57 76.38 £4.07 47.08 £ 0.00 70.86 £1.86  68.99 £ 0.00 84.51 +£0.00 100.00 + 0.00
ACC 89.52 £0.00 87.57+0.15 92.57 4+ 0.54 70.00 £ 0.00 84.02+£0.63 91.43£0.00 91.434+0.00 94.76+ 0.00
MSRC-v6 NMI 81.64 £0.00 79.17£0.00 85.46+1.24 57.13 £0.00 7325+£092  84.05+0.00 83.16+0.00 89.91+ 0.00
PUR 89.52 £0.00 87.57+0.15 92.57 4+ 0.54 70.48 £ 0.00 84.02+£0.63 9143 +0.00 91.43+0.00 94.76 £ 0.00
ARI 76.68 £0.00 72.65+0.22 83.23+1.14 48.28 £+ 0.00 67.93 £1.08  80.69+0.00 80.86+0.00 87.95+0.00
ACC 71.424+0.00 73.26+0.39 76.66 £ 2.07 78.43 £ 0.00 28.12£035 ~ 31.17+0.00 67.90+0.00 81.43%0.00
COIL100 NMI 86.53 £0.00 87.96+0.63 92.05 4 0.48 90.28 £ 0.00 4897 +£0.11  49.84 £0.00 79.74+0.00  93.29+ 0.00
PUR 78.22 +£0.00 79.31 £0.45 91.13+1.52 80.90 £ 0.00 31.01 £0.26  33.00+0.00 72.51+£0.00 84.39 & 0.00
ARI 32.15+£0.00 39.32+2.64 75.25+1.26 73.05 £ 0.00 7.85 +£0.07 25.67 £0.00 2293 £0.00 71.78 +0.00

Table 2: Results (meanzstd) of our proposed method and other compared methods on seven data sets.

Baselines: We compare HTS-CMGL with several rep-
resentative multi-view clustering methods, including GMC
[Wang et al., 2020], CDMGC [Huang et al., 2022], FMICE
[Huang et al., 2023], OMVFC-LICAG [Zhang et al., 20241,
IWTSN-FMGC [Sun et al., 2024], TAD-MVC [Chen et al.,
2025], and MCHBG [Zhao et al., 2025]. All baseline meth-
ods are implemented using the parameter settings recom-
mended in their original papers.

Evaluation Metrics: Before clustering, all datasets are
normalized to ensure consistent feature scales across differ-
ent views. Clustering performance is evaluated using Accu-
racy (ACC), Normalized Mutual Information (NMI), Purity
(PUR), and Adjusted Rand Index (ARI). These metrics are
widely used in multi-view clustering, and higher values gen-
erally indicate better performance.

Parameter Settings: The proposed HTS-CMGL involves
four hyperparameters: To balance model flexibility and com-
putational efficiency, we empirically fix 3 = 10~! and
§ = 1073, since the model is relatively insensitive to these
two parameters. We therefore focus on tuning the remaining
key parameters: the trade-off parameter + and the Laplacian
rank constraint parameter A. Specifically, -y is selected from
{1073,1072,...,100}, while X is tuned over {1,2,...,10}.
All methods are run 10 times, and we report the mean results
with standard deviations. Experiments are conducted on a
desktop computer with an Intel Core 19-14900K (3.20 GHz)
CPU, 128 GB RAM, and MATLAB R2024a.

4.2 Experimental Results

Table 2 presents a comprehensive quantitative evaluation of
the proposed HTS-CMGL method against seven state-of-

the-art baseline algorithms across seven diverse benchmark
datasets. To provide a rigorous assessment of clustering qual-
ity, we report the mean values and standard deviations for four
standard evaluation metrics. The best results are highlighted
in bold, and the second-best results are underlined.

* The results show that HTS-CMGL consistently achieves
strong performance across all datasets. Notably, it at-
tains perfect clustering on COIL20 and maintains clear
advantages on the remaining benchmarks. In terms
of accuracy (ACC), HTS-CMGL ranks first among all
compared methods, with the second-best results under-
lined in Table 2. It outperforms the closest baselines
by margins of 6.06%, 0.40%, 11.87%, 5.40%, 12.36%,
2.19%, and 3.00% on the 100leaves, NGs, Caltech101-
7, Mfeat, COIL20, MSRC-v6, and COIL100 datasets,
respectively. These results demonstrate the effective-
ness of HTS-CMGL. Moreover, its stable performance
on diverse modalities, including text, object images,
and video, indicates strong robustness and generaliza-
tion ability across different scenarios.

e Compared with tensor-based graph methods such as
IWTSN-FMGC and MCHBG, HTS-CMGL achieves
consistently better performance across all datasets. This
advantage mainly stems from its explicit modeling of
sample heterogeneity, together with the joint exploita-
tion of high-order consistency and high-order speci-
ficity. In this way, by balancing these two aspects, the
model effectively decouples consistency from diversity
and yields a cleaner consensus graph.
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5 Further Analysis

5.1 Parameter Sensitivity

Accuracy
Accuracy

Accuracy
Accuracy

(c) 100leaves (d) COIL100

Figure 3: Parameters Analysis: The clustering performances (ACC)
with different parameters v and A on four data sets.

We perform a sensitivity analysis of HTS-CMGL with re-
spect to two key hyperparameters: the Laplacian constraint
parameter A and the trade-off parameter v. Owing to page
limits, we only report the clustering performance (ACC) on
four datasets, including MSRC-v6, COIL20, 100leaves, and
COIL100, in Figure 3. The results show that both A and ~
have a clear influence on clustering performance. We can ob-
serve that when ) takes {3,---,8} and ~y in {1072,-+-, 10},
the ACC remains high. This phenomenon shows that the per-
formance of our HTS-CMGL is stable across a wide range of
parameters, and the stability of the parameters also directly
illustrates the efficiency and robustness of HTS-CMGL.

5.2 Convergence Analysis

To examine the convergence behavior of HTS-CMGL, we
conduct convergence experiments and present the results in
this section. We adopt the matching errors of the consistency
and diversity variables as convergence criteria. Specifically,
the algorithm is considered converged when ||J — Cllc <
1077 and ||G — €]lss < 10~7. For convenience, we de-
note ||J — Cl||o as Math Error 1 and |G — £]|o as Math
Error 2. The variation curves of these errors on benchmark
datasets, including COIL20, MSRC-v6, Mfeat and COIL100,
are shown in Figure 4. HTS-CMGL converges rapidly on all
datasets, with the errors decreasing sharply in the first few
iterations and then remaining stable. The observed fast and
stable convergence across different datasets indicates the ex-
cellent convergence of our HTS-CMGL.

5.3 Ablation Study

To investigate the contribution of ETR and THLN, we con-
ducted an ablation study with two variants. In the first variant
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Figure 4: Convergence Analysis: The stop criteria (i.e., ME1 and
ME2) variation curves on four data sets.

casel case2 \ MSRC-v6 COIL20 100leaves COIL100
X v 93.81 98.26 95.13 80.47
v X 94.28 95.14 94.25 66.81
v v 94.76 100.00 96.00 81.43

Table 3: ACC(%) of ablation experiments

(Case 1), we replaced the ETR constraint with the conven-
tional TNN to evaluate the effectiveness of the enhanced rank
approximation. In the second variant (Case 2), we removed
the THLN module to examine the necessity of modeling high-
order specificity. Table 3 reports the clustering accuracy un-
der these settings on four benchmark datasets. The complete
model consistently outperforms both variants. Removing ei-
ther component leads to performance degradation, which is
evident on complex datasets, indicating that these constraints
are crucial for maintaining stability and improving accuracy.

6 Conclusion

In this article, we propose High-Rank Tensor Specificity
Induced Cooperative Multi-View Graph Learning (HTS-
CMGL) to address the limitations of existing multi-view clus-
tering methods in modeling heterogeneous sample diversity
and high-order specificity. Specifically, HTS-CMGL tack-
les these issues through a novel learning framework. The
core innovation lies in the synergistic integration of ETR
and THLN, which allows the model to simultaneously en-
force low-rank consistency and preserve fine-grained, high-
rank diversity patterns. This separation mechanism effec-
tively prevents locally co-occurring, view-specific structures
from leaking into the global consensus graph. Extensive re-
sults demonstrate that our proposed HTS-CMGL is signifi-
cantly superior to other state-of-the-art methods.
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