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Abstract

Tensor-based multi-view subspace clustering (MVSC) has
achieved significant success by capturing high-order inter-
view correlations. However, existing approaches face two
principal limitations. First, most methods either exclusively
emphasize the inter-view low-rankness (R) prior while
neglecting the intra-view local smoothness (S) prior, or
treat R and S as two separate regularizers—complicating
joint optimization. Second, conventional tensor-based meth-
ods impose only low-rank constraints on the representa-
tion tensor, which limits their ability to simultaneously
model consistency and complementary information. To ad-
dress these issues, we propose a Unified View Extraction with
Low-Rankness and Smoothness Fusion (UVELRS) method.
Our framework first extracts a consistent cross-view represen-
tation and then constructs a tensor by stacking these represen-
tations. We introduce a novel tensor total variation Schatten-
p norm that simultaneously encodes both R and S priors while
offering flexible singular-value control. This unified formu-
lation effectively captures both high-order inter-view correla-
tions and intra-view local smoothness. Extensive experiments
on real-world datasets demonstrate UVELRS’s superior per-
formance and robustness.

Code — https://github.com/xd-wyp/Appendix

Introduction

Multi-view data, ubiquitous in real-world applications, con-
sists of datasets collected from diverse sources or described
by heterogeneous feature dimensions pertaining to the same
objects. For instance, image quality assessment requires in-
tegrating complementary features such as sharpness, noise
characteristics, and structural integrity. Multi-view subspace
clustering (MVSC) leverages complementary information
across views and underlying inter-view consensus to clas-
sify unlabeled samples into categories with high intra-cluster
similarity and low inter-cluster correlation, thereby reveal-
ing latent data patterns. Owing to its information-fusion ca-
pability, MVSC has achieved significant success in domains
including image clustering (Jiang et al. 2025), recommender
systems (Xu et al. 2025), and industrial fault diagnosis (Liu
et al. 2023).
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Early MVSC methodologies typically employ nonnega-
tive matrix factorization (NMF) (Wang, Zhang, and Gao
2018) or the low-rank representation (LRR) (Chen et al.
2021) to learn view-specific self-representation matrices that
capture intrinsic subspace structures. These matrices are
subsequently fused through consensus-matrix enforcement
or joint reconstruction-error minimization to reveal the clus-
ter membership. Recent approaches incorporate tensor rep-
resentations to model high-order correlations. Convention-
ally, view-specific representation matrices are stacked into
a third-order tensor, and the tensor nuclear norm (TNN)
(Kilmer et al. 2013) is optimized to enforce low-rank struc-
ture and achieve cross-view fusion (Chen, Xiao, and Zhou
2020; Li et al. 2023b). Recognizing the TNN’s subopti-
mality as a rank surrogate, emerging studies (Zhang, Guo,
and Pan 2024; Xie et al. 2024) apply nonconvex mappings
to singular values, achieving tighter rank approximation.
These approaches aggressively suppresses negligible singu-
lar values while preserving dominant components, thereby
enhancing discriminative power.

Despite promising results, TNN-based methods exhibit
significant limitations. First, they frequently overlook the
inherent local smoothness prior: samples within the same
cluster should exhibit similar representation coefficients.
Current implementations (Xie, Gao, and Yang 2023; Sun
and Zhang 2024) impose this via auxiliary regularizers,
which complicates joint optimization with low-rank con-
straints and increases model complexity. Second, sole re-
liance on tensor low-rank constraints inadequately captures
both view consistency and complementary information, re-
sulting in suboptimal representations. Consequently, devel-
oping a unified regularizer that integrates low-rankness and
local smoothness remains crucial.

Motivated by these observations, we propose a unified
tensor-based multi-view subspace clustering framework in-
tegrating low-rankness and local smoothness (UVELRS).
Specifically, we first learn view-specific self-representation
matrices. Departing from prior work, we derive a unified
consensus representation that preserves consistency infor-
mation and combine it with the view-specific matrices into a
third-order tensor. Inspired by variational image processing
(He et al. 2015; Wang et al. 2023), we introduce a novel ten-
sor total variation Schatten-p norm. Optimizing this norm
simultaneously enforces: (1) low-rankness across views to



capture high-order correlations, and (2) local smoothness
within each view. This synergistic integration of R and S
priors significantly enhances clustering performance.

Our principal contributions are:

* A novel tensor total variation Schatten-p norm unify-
ing R and S priors in a single regularizer. The tun-
able Schatten-p constraint provides fine-grained singular
value control, effectively reducing redundancy while pre-
serving essential structures.

We propose a unified representation framework extract-
ing a consensus view from self-representation matrices
and tensorizing it with view-specific representations, en-
suring inter-view consistency while capturing high-order
correlations and intra-view smoothness.

An efficient optimization algorithm based on the aug-
mented Lagrangian multiplier method, accompanied by
rigorous convergence analysis to a KKT point. Extensive
experiments on six benchmarks demonstrating superior
clustering accuracy and robustness versus state-of-the-art
baselines.

Notations and Preliminaries

Notations

We adopt the following conventions: calligraphic letters de-
note tensor (e.g., A € R™*"2X"3 for a third-order ten-
sor), with A" e R™*72 representing its v-th frontal
slice matrix. The identity tensor Z satisfies Z(!) = T and
Z®) = 0 for k > 1. The Fast Fourier Transform (FFT)
along the third dimension is A = fIt(A4,[],3), with in-

verse A = ifft(A,[],3). The mode-k unfolding A sat-

isfies Ay € R * (T2 1) and foldy () reconstructs the
tensor foldy, (Ax)) = A.

Preliminaries
Definition 1. Mode-k product (Kilmer and Martin 2011)
For A € R™*"X" gnd matrix U € R">X"™ (k ¢
{1,2,3}), the mode-k product Y := A xy, U satisfies

Yy = UApy- ()
Definition 2. t-product (Kilmer and Martin 2011) For A €
R™Mxm2xn3 gpd B € R"2*X"M4X"s the t-product is defined as

AxB:=ifft (AAB,[],3), )

where /\ denotes the face-wise product: (ZAE)(i)
](Z)E(l) for each frontal slice i.
Definition 3. f-diagonal tensor (Kilmer and Martin 2011)

A tensor is called f-diagonal when every frontal slice is a
diagonal matrix.

Definition 4. Gradient tensor (Wang et al. 2023) For A €
R™MXm2X13 the gradient tensor along the k-th mode is de-
fined as

Gr == Vi(A) = A xy D, € Rmxnxns

k=123,

3)
where D,,, is the circulant matrix generated by the vector
[~1,1,0,...,0]T € R,
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Definition 5. #-SVD (Kilmer and Martin 2011; Kilmer et al.
2013) The tensor SVD (t-SVD) of A € R™M*"2X"3 g gjyen
by

A=UxS*VT, 4
where U € R™M > X" gpd Y € R"2*X"2X"3 qre orthogonal
tensors satisfying U xU =L and V x VT =T, and S is an
f-diagonal tensor.
Definition 6. Tensor Schatten-p norm (Gao et al. 2020b)
The Schatten-p norm of A € R™M*™2X"s s defined as

Al = @HA@ . ) (3550 ()
&)

i=1j=1
where p € (0,1], h = min(nq,n2) and o;(-) denotes the j-
th singular value. This norm generalizes the tensor nuclear
norm (TNN) when p = 1 (Kilmer and Martin 2011).

1
P

)

Related Work

Tensor-based multi-view subspace clustering optimizes rep-
resentation matrices by capturing high-order correlations
across views, achieving notable success in machine learn-
ing and pattern recognition (Cheng, Jing, and Ng 2018; Li
et al. 2023a; Wu, Feng, and Yuan 2024). Given multi-view
data {X“};/:1 where XV € R%*¥ denotes the v-th view
(d, features, N samples), a representative model is:

min R(Z) + A\|E
ZE

2,1

st. XU =X'Z"+E?, (6)

Z=0(Z',...,2"),

Yo e{l,...,V},
E=[E';.  ;EY].

Here Z¥ € RV*V is the v-th self-representation matrix,
®(-) stacks {Z“}Z:1 along the third dimension to form ten-
sor Z € RVXNXV R(Z) is a regularization term for clus-
tering enhancement, and E aggregates view-specific noise
matrices E.

Recent advances in tensor theory have established ten-
sor singular value decomposition (t-SVD) as a powerful
framework, which has achieved success in tensor comple-
tion (Wang et al. 2024) and tensor robust principal com-
ponent analysis (TRPCA) (Lin et al. 2024). Many MVSC
methods adopt the tensor nuclear norm (TNN) || Z]|. for
R(Z) to capture high-order cross-view correlations, outper-
forming matrix-based approaches. To mitigate noise sensi-
tivity, (Gao et al. 2020a) proposed adaptive singular-value
weighting, while (Pan, Li, and Che 2024) and (Ding et al.
2025) employed nonconvex regularizers to map singular val-
ues to [0, 1] for improved rank approximation. These meth-
ods typically neglect the intra-view smoothness prior, which
compromises within-view consistency and clustering perfor-
mance.

Complementary approaches encode smoothness priors
through view-specific regularizations such as sliced sparse
gradient (SSG) (Sun et al. 2022) or total variation (TV)
(Du and Lu 2025). Such regularizations constrain represen-
tation coefficients within individual views to reduce noise
and enhance intra-view coherence. However, they operate



independently per view without cross-view interaction, pre-
venting simultaneous enforcement of smoothness across
the multi-view representation. Consequently, they fail to
fully leverage cross-view correlations or maintain consistent
smoothing patterns, limiting the effectiveness of multi-view
information fusion.

Thus, existing approaches either ignore the S-prior or iso-
late the S- and R-priors in separate regularization terms,
leading to suboptimal joint optimization. This results in in-
complete utilization of hidden structures in multi-view data.

The Proposed Method

This section introduces a unified view representation Z re-

constructed from view-specific matrices {Z“} _, through
tensorization, enhancing consistency modeling. We propose
anovel tensor total variation Schatten-p norm regularization
that integrates R (inter-view correlations) and S (intra-view
smoothness) priors, replacing conventional TNN. This de-
sign simultaneously captures local smoothness within views
and high-order correlations across views.

Model Formulation

Given multi-view data {X"}"_,, we extract a unified repre-
sentation Z from Z" via:
=Z+E}.

YA N

This decomposition preserves cross-view consistency. We
then construct 3 third-order tensor 2 € RV*N *(V+1) py
stacking {Z”} —; and Z, and i impose the tensor total varia-
tion Schatten-p norm, yielding:

\%4
g}iEI% M2l rrv + A2 Z; IE“[[2,1
st. X'=X"Z"+Ej},
2 1 ®)
7’ =7 +EY,
Z=0(2',...,2V.7),
E’ = [E}; Ej].

The norm || 2||g, 1y extends variational image process-
ing techniques (Wang et al. 2023), preserving both low-rank
structure and local smoothness of Z. Its Schatten-p con-
straint provides fine-grained singular value penalization, en-
abling tighter rank approximation and enhanced noise sup-
pression. We formalize this norm and justify its necessity
below.

Definition 7. Tensor Total Variation Schatten-p Norm For
a tensor A € R™*"2X73 ot T" be a prior mode set. The

norm is:
r

> Gkl

k

Hz‘lgb,TTV = ©

where G, = Vi(A) = A Xy D, represents the gradient
tensor of A along with the k-mode.
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We provide a clarification of Definition 7. Real-world
clustering tasks often involve numerous samples but few
classes, where intra-class representations exhibit inherent
similarity. Here, I' denotes modes enforcing local smooth-
ness. For Z, we set I' = {1, 2} because coefficients corre-
sponding to identical samples should vary smoothly along
modes 1 and 2. Consequently, V1(Z) and V2(Z) become
sparse. To incorporate low-rank priors, we replace conven-
tional ¢; /¢5 matrix norms with tensor-SVD and Schatten-
p norms, capturing high-order inter-view correlations. This
approach fuses R and S priors into a single regularizer,
avoiding multi-term regularization trade-offs, simplifying
optimization, and reducing hyperparameter complexity. The
Schatten-p constraint further enables precise singular value
control for enhanced complementary information extraction.

We perform a numerical experiment to validate the above
analysis. Using the MSRCYV dataset (Winn and Jojic 2005),
we apply the classical t-SVD-MVC method (Xie et al. 2018)
to each view to obtain its self-representation matrix, and
stack these matrices into a third-order tensor Z. We then
compute the singular value (SV) decay curves and element-
wise frequency histograms for the gradient tensors V1 (Z)
and V3(Z), shown in Fig. 1. From these results, we con-
clude: (1) The rapid singular value decay indicates a pro-
nounced low-rank structure, enabling effective extraction
of high-order correlations across views; (2) The predom-
inance of zero-valued elements demonstrates strong intra-
view smoothness, reflecting highly similar representation
coefficients for data points within the same class.

Thus, the proposed regularizer effectively fuses low-
rankness and local smoothness structures, enabling uni-
fied multi-view modeling while enhancing clustering perfor-
mance and representation robustness.

Optimization

To solve Eq. (8) with multiple variables, we employ the Al-
ternating Direction Method of Multipliers (ADMM), updat-
ing one variable per iteration while fixing others. Introduc-
ing two auxiliary variables A = Z and G, = V(A) yields
the augmented Lagrangian function:

L(Z,A,Gk,E") =X\ Z Gkl + A2 Z [E°]|2,1

v=1
- E31?)

+ LIx" - Xxz° ~ Ei )

v XU XUzU_EiJ>+g||ZU_

3
(0Y,Z" — Z — E3)

0
< (N*,Gr — Vi(A)) + 219k — Vk(A)||12=>
o 2
+(C2- A+ 5IZ - AR,
(10
where JV, OV, N* C are Lagrange multipliers, and 1,0 >
0 denote penalty parameters. We solve these subproblems

iteratively:
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Figure 1: Illustration of low-rankness and local smoothness in gradient tensors V1 (Z) and V3 (Z).

(1) Update Z": With other variables fixed: (4) Update Gj: With other variables fixed:
2 2
.M -~ v 0 Cv 0 Nk 2
— 2" -Z - E5 + — —|Z" — A" + — : P
HZHUHZH 5+ . F+2‘ t5 ] néin/\1|gk@+2‘vk(¢4)—0—gk . (17)
0112
+ g Hxv —XVZ' —EY + ‘L ) Using Lemma 1 from (Gao et al. 2020b):
Hlle (1 Lemmal ForS € RS with-SVD: S = UV,
Setting the derivative of Eq. (11) to zero gives: the optimal solution of
v v\ v . 1
Z’ = (K})~' K3, (12) min §||X—S||12;+T||X||§D (18)
where K¢ = (g + O)I + p(X¥)TX? and Ky = X% 2 TL(S) = Uit (Co(5)) # VT, where C. d
NT (v Tow 1w 5 v —1Aw isX* =T, = U xifft (C, * V', where C, denotes
M((X ) (X ])31 tud ) TH (Z +E;—p0 ) T the generalized shrinkage thresholding (Gao et al. 2020b).
0 (A —6~-1Cv). . .
Thus, the sol Eq. (1 :
(2) Update E": With other variables fixed: us, the solution to Eq. (17) is
A 1 NE
min fHE”Hu + §HE“ - GY||3, (13) Or=Tx (Vk(A) - 9> : 19)
where G¥ = [GY; GY] with GY = XV — XVZY + p~1Jv (5) Update A: With other variables fixed:
and Gy = Z" — Z + 1~ 1O". Following (Liu et al. 2012), r 2 9
the closed-form solution of Eq. (13) is: min Z Gr — Vi(A) + & + ”Z — A+ ¢ (20)
A 6 0l
B - 4 (U ) 660, 167Gl > 32 C v ¥
v 0, otherwise. Setting the derivative to zero gives:
~ (14) r o I N
(3) Update Z: With other variables fixed: T+ Z Vivi| A=2Z+ v + Z vy (gk + 9) 7
\4 k k
: ﬁ v__ 7 w2 (21)
e Z 2 12" =2 — Ea|r where V] is the transpose operator of V.. Following (Wang
v=t W) 2 (15) et al. 2023), we solve Eq. (21) in the Fourier domain:
RIPS cv+t
o ||Z- AV =] . H+F(2+5)
2 F A = ]:_ T T ) (22)
Setting the derivative of Eq. (15) to zero yields: 1+ 2 F(Dw)' © F(Dr)
= K3 r
Z= 0+ pV’ (16) where H = Z]:(Dk)TQ}' (gk + j\gk> 1 denotes an all-
k
v v v Tw (V+1) (V4+1) ones tensor, ® represents component-wise multiplication,
where K3 = vzz:l (O +nu(Z _EQ)) -C +0A ’ and division is component-wise.
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(6) Update Multipliers and Penalty Parameters:
J'=J"+pu (X" -X"Z" - EY);
ovzouu(zv—i—Eg);
NF=N*+0(Gr = Vi(A);

C=C+0(Z - A);
pr = min(pp, fimax);

(23)

0 = min(pf, Omax)-

The complete optimization procedure is outlined in Algo-
rithm 1.

Convergence Analysis

Theorem 1. (The Convergence Analysis of Algorithm 1) Let
P, ={Z,EY,,ES,, 37,00, N, Grt,Ci, A} denotes the
iteration sequence generated during the optimization pro-
cess in Algorithm 1. Then we have

(1) {P;} is bounded;

(2) Any accumulation point of Algorithm 1 is a KKT point.

Corollary 1 (Geometric Convergence). Assume multipliers
are bounded: || J°||r < My, |O%||r < Mo, |N*||r < My,
IC|lF < Mc. With adaptive penalties p, = pop', 0r = 0op*
(p > 1), the primal residual decays linearly:

Rt S Oﬁt7
where C' = max (2PM", 2pMo 2%\/[”, 2‘16?10
Ko Mo 0 0

This implies O(In e~1) iteration complexity.

), B=p"

We provide a rigorous mathematical proof of Theo-
rem 1 in the Appendix. Under general conditions, the al-
gorithm converges to a point and attains an exponential
convergence rate. Moreover, the KKT conditions derived
in the proof can also serve as practical stopping criteria
for Algorithm 1, ensuring that the algorithm terminates
when a stationary point is reached. In practice, the algo-
rithm is considered to have converged once the total rel-
ative error RE < 105, where RE = max( Y0_, || X" —

v
v v v V v 7 v
XvZ _E1||007%Zv:1|‘z _Z_E2||007||Z_~A||00)'

Complexity Analysis

The overall computational cost is dominated by subprob-
lems (11)—(20).

* Z" involves matrix inversion, costing O(V N3).
* EY requires computing EY and E}, costing O(2V N?).
« Z costs O(N?).

e Tensor subproblems (19) and (20) involve FFT
and t-SVD operations, costing O(VN?log N) and
O(VN?%log N + V2N?) respectively.

The total complexity is O(VN3 + (V + 1)2N? +
2V N2 1ogN).
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Algorithm 1: Solving Problem 8

Input: Multi-view data {X"}V_, € R%*N clusters K, pa-
rameters Aj, Ag, prior set I' = {1, 2}.
Initialize: Set all matrix variables as zero matrices, and
all tensor variables as zero tensors, u 0 le — 3,
Lhmax = HmaxA: lel0, p = 1.5.
Output: Z", Z
while not converge do

Update Z" by Eq. (12);

Update E by Eq. (14);

Update Z by Eq. (16);

Update Gy, by Eq. (19);

Update A by Eq. (22);
. Update J?, 0¥, N*,C by Eq. (23);
8: end while

1:
2
3:
4.
5.
6
7

AN V v T
9: Using matrix S = m ++ > % for
v=1

spectral clustering.

Experiments

This section presents a series of comparative experiments
between our method and several state-of-the-art MVC meth-
ods on six real-world benchmark datasets. We employ three
widely recognized clustering performance metrics to evalu-
ate each MVC method, namely Accuracy (ACC), Normal-
ized Mutual Information (NMI), and Purity (PUR). Each
method is executed five times, and results are reported as
the mean + standard deviation. In general, higher values of
these metrics indicate better clustering performance.

Datasets and Baselines

Dataset N V K Size

NGs 500 3 5 (2000,2000,2000)
BBCSport 544 2 5 (3183,3203)

HW 2000 6 10 (240,76,216,47,64,6)
Scenel5 4485 3 15 (1800,1180,1240)
MlITindoor-67 5360 4 67 (3600,1770,1240,4096)
CCV 6773 3 20 (20,20,20)

Table 1: The multi-view datasets in our experiments.

These six widely used datasets are NGs, BBCSport (Winn
and Jojic 2005), HW (Dua, Graff et al. 2017), Scenel5
(Oliva and Torralba 2001), MITIndoor (Quattoni and Tor-
ralba 2009), and CCV (Jiang et al. 2011). The detailed in-
formation of these datasets is presented in Table 1.

We compare the proposed method with the following
MVC approaches: (1) Classical Tensor-based MVC (t-SVD-
MVC) (Xie et al. 2018); (2) Weighted Tensor-Nuclear Norm
Minimization (WTNNM) (Gao et al. 2020a); (3) Sliced
Sparse Gradient Norm Minimization with Enhanced Ten-
sor Rank (SSG-TAR) (Sun et al. 2022); (4) Clean Non-
Convex Tensorized MVSC (NMSC-MCP) (Zhang, Guo, and
Pan 2024); (5) Feature Projection with Automatic Dimen-
sionality Selection (TLRADS) (Cai et al. 2025); (6) Low-



Rank Representation with Sliced Variation Regularization
(LS-LRTR) (Du and Lu 2025).

Experimental Results

Table 2 details the clustering performance of all methods
across six datasets using ACC, NMI, and PUR metrics,
with best results highlighted in bold. These results demon-
strate that our proposed UVELRS consistently outperforms
all baseline approaches. Specifically, we draw the following
conclusions:

(1) Unlike t-SVD-MVC, WTNNM, and NMSC-MVC
which impose only low-rank constraints on the represen-
tation tensor, UVELRS additionally incorporates an intra-
view S-prior. By enforcing smooth variation of represen-
tation coefficients among same-class samples within each
view, our method ensures highly consistent representa-
tions for similar samples. This approach effectively reduces
noise and eliminates spurious connections. The combined
global low-rank constraint and local-smooth structures pre-
serve both inter-view correlations and intra-view consis-
tency, yielding more accurate and robust clustering across
diverse datasets.

(2) Compared to SSG-TAR and LS-LRTR that apply sep-
arate smoothing regularization to each view-specific matrix,
UVELRS directly enforces local smoothness on the uni-
fied representation tensor. This tensor-level formulation inte-
grates low-rankness and local smoothness into a single regu-
larization term, enabling coordinated modeling of inter-view
correlations and intra-view coherence. Unlike methods han-
dling these priors separately, UVELRS eliminates manual
tuning of multiple regularization weights, simplifies the pa-
rameter space, and enhances optimization stability.

Impact of Parameters

We analyze the influence of parameters A, Ao, and p on
clustering performance using the NGs and Scenel5 datasets.

Impact of \; and )\, For all datasets, we evaluate
A1, A2 € {0.01,0.05,0.1,1,5,10,100}. Figure 2 shows
their impact on clustering accuracy (ACC) for NGs and
Scenel5 datasets. The ACC metric remains consistently
high when these parameters are stable. While fixing A; and
varying Ao (or vice versa) induces minor ACC fluctuations,
the results indicate considerable parameter robustness. This
mutual compensation effect suggests appropriate but non-
critical parameter selection in practical applications.

Impactof p We varied the parameter p from 0.1 to 1 in in-
crements of 0.1. This produced the clustering performance
on the NGs and Scenel5 datasets, measured by ACC, NMI,
and PUR, as shown in Figure 3. Therefore, we can conclude
that the value of p has a significant impact on clustering per-
formance. This is mainly because the Schatten-p constraint,
as a non-convex regularization, provides a better approxi-
mation to the rank function, thereby enabling more effective
extraction of complementary information across views.

Experiment of Convergence

We also empirically evaluated the convergence behavior of
our method. Specifically, we plotted the reconstruction er-
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ACC (%)

(a) NGs

(b) Scenel5

Figure 2: Sensitivity analysis of parameters A; and Ay on
Clustering ACC for (a) NGs and (b) ScenelS5.
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Figure 3: Clustering performance under different values of p
on (a) NGs and (b) Scenel5.

rors: Error; = Z:}/:l IX? — XYZ" — EY||oo, Errory
i 25:1 |Z¥ —Z — E} || and the matching error: Errors
\YZ — A|| over iterations on the NGs and Scenel5 datasets,
as shown in Figure 4. From the curves, we observe that all
three errors rapidly decrease within the first 10 iterations and
then stabilize at low values, demonstrating the efficiency and
stability of our optimization scheme.

300
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Ct) 20 —~Error, g 150 +Error1
| [
10 +Error2 75 +Error2
+Error3 +Error3
0
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Number of Iterations

(a) NGs

10 20 30 40 50
Number of Iterations

(b) Scenel5

Figure 4: The convergence curves on (a) NGs and (b)
Scenel5.

t-SNE Visualization of Clustering Results

Figures 5 and 6 illustrate the t-SNE visualizations for the
HW and BBCSport datasets, respectively. In the initial iter-
ations, the sample points are largely intermingled, resulting
in poor cluster separation. As the algorithm converges, the
t-SNE plots reveal clearly defined clusters: samples belong-
ing to the same class become tightly grouped, while differ-



Dataset Metrics | -SVD-MVC _ WINNM _ SSG-TAR NMSC-MCP  TLRADS LS-LRTR  UVELRS
NGs ACC 9233(0.17)  94.93(0)  96.42(0.13)  97.21(0.17) _ 95.24(0.38) _ 97.60(0.41) 100(0)
NMI 94.51(0.66)  96.42(0)  97.33(0.52)  98.99(0.36)  98.77(0.16)  98.21(0.39) 100(0)
PUR 93.78(0.54)  94.38(0)  96.98(0.12)  97.34(0.22)  97.43(0.27)  99.13(0.11) 100(0)
BBCSport ACC 9453(0.17)  96.42(0)  96.58(0.04)  99.43(0.13)  94.63(0.26) 97.63(0.02) 100(0)
NMI 95.82(0.25)  97.92(0)  97.23(0.16)  99.56(0.07)  93.45(0.38)  98.51(0.06) 100(0)
PUR 95.77(0.71)  97.68(0)  97.44(0.13)  99.28(0.19)  92.19(0.22)  98.74(0.13) 100(0)
Y ACC 92.08(0.16)  94.15(0)  93.44(0.23)  91.27(0.46)  93.41(0.17) 97.62(0.38) 99.73(0.02)
NMI 90.37(0.22)  95.48(0)  90.26(0.17)  94.58(0.27)  94.39(0.33)  95.24(0.25)  99.90(0.08)
PUR 93.13(0.01)  93.77(0)  92.75(0.24)  85.17(0.05)  90.21(0.21) 97.44(0.67)  99.68(0.05)
Scenels ACC 67.32(0.58)  90.41(0)  90.91(0.55)  86.82(0.35)  91.05(0.26) 91.43(0.04) 99.78(0.04)
NMI | 71.55(0.39)  93.18(00)  90.76(0.38)  89.41(0.17)  89.37(0.11)  92.53(0.06)  99.32(0.12)
PUR 69.36(0.77)  93.39(0)  92.43(0.71)  92.50(0.36)  90.43(0.16) 94.87(0.11)  99.64(0.09)
MITIndoor-67 | ACC 68.45(0.17)  76.34(0.77) _ 94.51(0) 79.51(0.38)  88.26(0.17) 94.42(0.31) 99.43(0.27)
NMI 75.03(0.26)  81.69(0.46)  98.73(0) 91.43(0.88)  86.17(0.05) 96.66(0.64)  99.57(0.18)
PUR | 71.44(0.57) 80.01(0.58)  96.44(0) 94.55(0.16)  85.18(0.22) 95.77(0.51)  99.44(0.36)
CCV ACC | 4295(0.06) 47.46(0.23) 59.47(0.13)  57.78(0.69)  54.37(0.28) 59.32(0.27) 76.43(0.47)
NMI 39.86(0.05)  50.21(0.12) 52.55(0.51)  61.22(0.16)  60.24(0.15)  61.11(0.54)  72.85(0.34)
PUR 32.57(0.04)  46.83(0.33) 59.57(0.14)  59.41(0.34)  57.85(0.37) 60.77(0.73)  75.91(0.16)

Table 2: The clustering performance of all methods on six datasets, with each metric reported as the mean (standard deviation).

ent classes progressively separate. This visual progression
closely mirrors the steady increase in clustering accuracy
observed over successive iterations.

& .
-
e 4 % o
e &;;'.. Q
(a) Iter=3 (b) Iter=10

Figure 5: t-SNE visualization results on HW with different
numbers of iterations.

(a) Iter=3 (b) Iter=10

Figure 6: t-SNE visualization results on BBCSport with dif-
ferent numbers of iterations.

Ablation Study
An ablation study was conducted by removing the unified

view extraction Z (denoted as w.o. Z) and replacing the ten-
sor total variation Schatten-p norm || Z||g, 1y with the ten-

sor Schatten-p norm || Z||, (denoted as “only || Z|[@, ). The
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optimal value of parameter p in these models is determined
through experiments. As shown in Table 3, the removal of
Z led to a modest decline in clustering accuracy, indicating
that enforcing inter-view consistency is beneficial. In con-
trast, substituting || 2|[|g, rry With the || Z][i resulted in a
substantial drop in performance, as the model lost its ability
to simultaneously capture low-rankness and local smooth-
ness. These findings emphasize the importance of both com-
ponents for achieving optimal clustering performance.

Dataset only [ Z]|g w.0. Z UVELRS
NGs 94.47(0.11) | 96.11(0.25) | 100(0)
BBCSport 89.63(0.18) | 97.14(0.33) 100(0)
HW 87.32(0.55) | 95.74(0.19) | 99.73(0.02)
SCenel5 73.56(0.18) | 95.33(0.77) | 99.78(0.04)
MITIndoor-67 | 73.66(0.48) | 94.65(0.55) | 99.43(0.27)
CCV 44.42(0.33) | 64.38(0.51) | 76.43(0.47)

Table 3: The result of ablation study.

Conclusion

In this work, we presented a unified MVSC model that
jointly incorporates tensor low-rankness and local smooth-
ness priors. The proposed approach first constructs a unified
representation to preserve consistency across views, which
is then fused into a tensor structure. To fully exploit both
high-order correlations among views and local smoothness
within each view, we introduced a novel regularization term
that effectively integrates these two forms of prior knowl-
edge. An efficient optimization scheme was devised to solve
the proposed model, with guaranteed convergence to a KKT
point. Through extensive experiments on six widely used
benchmark datasets, the proposed method consistently out-
performed several state-of-the-art baselines, validating its
robustness and strong clustering capability.
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