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Abstract: With the rapid emergence of multimodal large models (MLLMs) , massive heterogeneous data are proliferating
across various industrial and scientific domains. In this context, multi-view clustering (MVC) serves as a cornerstone tech-
nology for unsupervised knowledge discovery and latent correlation mining. Currently, MVC is undergoing a profound and
historical paradigm shift. Traditional surveys predominantly focus on the horizontal categorization of algorithmic network

structures. However, this approach often fails to reveal the intrinsic evolutionary logic across different technological eras.
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Departing from these conventions, this paper proposes a pioneering, prior-driven theoretical perspective to systematically
reconstruct the developmental trajectory of MVC over the past two decades. This is achieved through a trans-paradigm ana-
lytical framework of Geometry-Semantics-Cognition. In the initial stage of shallow structural mining, the research paradigm
focused on explicit mathematical constraints within original or kernel-induced feature spaces. Euclidean space methods,
such as multi-view k-means and non-negative matrix factorization (NMF) , identified global prototypes by minimizing
squared error or Frobenius norm reconstruction loss. In contrast, affine space methods leveraged self-representation proper-
ties to model data as a union of low-dimensional subspaces, while manifold space techniques utilized spectral graph theory
to transform clustering into optimal graph-cut problems by preserving local topological correlations. As the field transi-
tioned into deep spatial modeling based on semantic collaborative priors, researchers utilized the powerful non-linear map-
ping capabilities of deep neural networks to project heterogeneous data into high-order semantic spaces. This evolution
encompasses several distinct research paradigms. (1) Embedding space research focuses on deep subspace clustering,
employing autoencoders to learn discriminative features while maintaining cross-view consistency. (2) Latent space meth-
ods utilize probabilistic generative models, such as Variational Autoencoders (VAE) and Generative Adversarial Networks
(GAN), to align latent distributions and infer missing view information through adversarial games. (3) Augmented space
paradigms introduce contrastive learning to maximize mutual information between views via InfoNCE-like losses, thereby
enhancing representation robustness. (4) Topological space studies leverage Graph Neural Networks (GNN) to synergisti-
cally mine intra-view geometric structures and inter-view complementary semantics. Moving into the current era of multi-
modal large models, this paper forward-lookingly explores deep alignment based on cognitive priors, where MLLMs are
viewed not merely as data sources but as knowledge bases containing human-level common sense and logical reasoning abili-
ties. We systematically elucidate the infrastructural role of MVC in empowering massive data governance. Specifically,
MVC facilitates semantic deduplication to enhance data quality and employs token-level clustering to optimize mixture-of-
experts (MoE) routing for expert specialization. Furthermore, MVC enables hierarchical semantic chunking, which is criti-
cal for precise document retrieval within retrieval-augmented generation (RAG) frameworks. Beyond these applications, we
analyze the potential for MLLLM logical reasoning to back-propagate into clustering tasks. This synergy elevates MVC from
pure statistical feature alignment to a new dimension of knowledge-driven cognitive logic consistency. Beyond theoretical
frameworks, the review highlights the transformative impact of MVC in diverse real-world scenarios, ranging from multi-
omics fusion in smart healthcare for cancer subtyping and spatial-spectral fusion in remote sensing for urban functional zone
identification to cross-perspective pedestrian recognition in public security and unsupervised anomaly detection in indus-
trial ToT networks. Despite these advancements, achieving a transition from laboratory benchmarks to robust industrial
infrastructure requires addressing several core challenges. First, the scaling bottleneck where O (N?) or O (N*) computa-
tional complexity of traditional methods must be reduced to linear levels to handle million-scale web data. Second, the
extreme robustness required in open environments to handle not only severely incomplete views but also the pervasive long-
tailed category imbalance where minority abnormal samples are often overwhelmed by dominant patterns. Third, the urgent
need for evaluation system reconstruction to move away from legacy small-scale datasets with shallow features toward native
heterogeneous multimodal benchmarks that reflect real-world weak alignment and complex noise distributions. Ultimately,
this survey aims to provide a novel research roadmap for theoretical innovation and engineering practice, advocating for a
transition toward intelligent decision systems characterized by high-level semantic decoupling and cognitive logic alignment
in the era of multimodal large models.

Key words: Multi-view clustering (MVC) ; Prior-driven learning; Multimodal large models (MLLMs) ; Geometric struc-

ture; Semantic collaboration; Cognitive alignment
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Fig. 1 Research framework of multi-view clustering
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Fig. 2 Evolution of development paradigms in multi-view clustering
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— B R XS FE e 1) T R sk i AW . Zhang SF A
(2015) 41 H IR Bk 7k 3t 22 A0 181+ 25 [1] 2R 28 (low-rank
tensor multi-view subspace clustering, LT-MSC) , # 4
PR BT 1 7 S R e Sy = 4 sk i, JT A sk A%
B2y s 6] 45 2 B 0] A AR R L DA T 4l 2 4 1 1) Y
r 2. RN S EAA Y S L R
25, Gao % N (2020) 51 A JE T 5K it A 53 0 i

(tensor singular value decomposition, t-SVD) f¥ [&] 2%
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EIERE, XA, NHE, KET
SRS WEBER: LA 555X 2 B8 S S EELAMATE

205k il X ik SVD SIS A (T 225
PR, 385 1 BRI R 20 5 A 25 A0 AL e 5 1Y
BRIk BEXT KRR AR st SRR E L 2R A
e PEARRRIE UL A [R]8T, Chen 48 A (2021) $2 IR Bk 5K
17 [ % >J (low-rank tensor graph learning, LRTG) , 7E
AR S0 B AR 5 pR A, S BIERT TR
TE ¥ 23 MWK BT g ek . BE)s .
Chen 55 A (2021) HE— A 1) SCIE ™ 5K B a3
HE 42 (generalized non-convex tensor approximation,
GNLTA) , 254 AL Schatten-p 16 5023 T X247 S5
REVERY AE N, ST T AR R T R
FEME. Guo 58 A (2022) W5 A 5K X5 %X Schatten-p
Ju KB /IME (tensor logarithmic Schatten-p norm mini-
mization, TLSpNM) R 5 B8 B ST R o
T b T K B, A ARG AR T R A S (RO R R
ZERIIPE S . Gu S5 N (2024) K 5 ekt 5 5 57
MGG B T — R PR 0 = o fE B R (i
information enhancement, TIE) HE 42 il i = 045 &
BRI AEFRARITH B A A R IR, $2 71 1 ok 3
ZN:OEEIP IS

NP AR AS | 2R A SR A THE T, wF
FEE IS G AR SRR R x ndB IR R
Ehn x m (m < n) 1 ZFRIE 50 52 2% I
FLMEY . Kang 55 A (2020) $2 ) KA 2 1L IA]
F 75 [8] 2 25 (large-scale multi-view subspace cluster-
ing, LMVSC)RERL , it i 51 A s ALt KE A e AR
IR T A S — AR BT, A1~ ) 2R 28 10 I 1) 52 4% B DA
O(n®) M E LA RS, Sun %5 A (2021) 51 A% —Hi
SR 2L B2 AT 2 LI s ) R 2K (scal-
able multi-view subspace clustering, SMVSC) 7, i
SURCSEN N A R A RS E Y T L VAN NS
AR HAEAL, i 4 A (2023) WIFE I Al |
A 5K BRIE , PRTEL T4 58 5K Bk /M B R
g% #4 1E W fk (anchor structure regularization with
enhanced tensor rank minimization, ASR-ETR) J7 ¥,
) FH 08 i 1) 5 Bk e/ ML 2 TR A s 25, AR DR
SRR R HZHE 7RI 0 e B AE OGP . o 1 i
TR (R 5 1 R e I8 ) n] e S B IR L it
[} , Zhang 55 N (2020) 4 i — ik — L Z AL
F 45 [8] 28 2% (consistent one-step multi-view subspace
clustering, COMVSC)HESE , 38 b 1 2 %F 25 [H]
R et BRI, S T R 2] 5 B bR

M AR AL o R I BRI IR R = R
5%, Liu 45 A (2022) 45 Gl R i 42 1T #L il (one-
pass )HEZR , | AR Bk — 50 [ A4 Bk 249 SR 42K A SR 2%
PR TEYERR B T R Y T B2 T 4R TE T AT AL
o BER AL IR AT SCAR LAY R) L, Zhang 55 A
(2024) £ H # AR 1 22 P 18 3R 2K (cluster-aware
anchor multi-view clustering, CAMVC) % B , F| Ff 3t
PURAR 7R FE 48 S5l 2R 1, DR 1 A [l R T 7
ETR A [ R —2PE . Ak, Ou 55 A (2024) B4
Z WL VR AIE 10 S Jo 4, 4 ) 66 T 0 ) J2 R AR 2o
I 22 W 1E 25 [8] 82 25 (anchor-based multi-view sub-
space clustering with hierarchical feature decreasing,
AMVSC-HFD) , i it 75 5 i 25 (8] N A7 22 O R AIE
FillE , SRl T AR R A R K RUBREAS 1 5 BE ) o
1.3 wmEZE:RIMEHSEFES

BT 2 6] 1 07 s Al i s A ot A
TARLE A E LR MR B b, HREAS JEUAE 2 AR 4
T A i RO % B 06 A 1) J) A DTG
STy 1 K o A AR DL B R T i R
W RIS AN BRI 30, TE 2R 5
TR T FOIRTE SRS PR S U B L ST
F8) DT A 1] TR T 3 O 1 2 > SR, e o 1k
B A E LR Y R A b S A R R L i
H b5 BB TT A8 (Wang 45,2019) -

m n m n
min 33 [ - 23 + 830 83
{Shj}ljvzliJ:l v=1i=1

m
+ 3w U - sV
v=1

(3)

st sy =080 >017s =1, wy 2017w =1

s 2" e S R B U R R A
FREARRHIEN . SO e R RIR AU Bl
B B SR ERAR DU R AE M, U ¢ R i 28l
B AL E M B A 4 R AR R R

L] Kumar %8 A (2011) 55 42 1 BRI 25
Z K 525 (co-training spectral clustering, CTSC)
51 [R) 1F WAk 22 40 T3 5 2 (co-regularized spectral
clustering, CRSC) , 3 iz 75V E 25 [1] s il A ] 1R 1]
S A R T — 20, Wb T 20 BAME B
2 o BT XTFUE SRS R R I P U 1] Nie
N (2016) £ 1 T 24 o 437 3% 47 3 Bk (constrained
Laplacian rank, CLR)%532% , 3 i3 {2 024 o 7 3 F7 30
T 1) R (B R, AR T s St B AT
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B 1 38 3t ) AR SR A A o BEXS AL IR BT 2E
Nie 55 A (2016) $th T ZHTE KM A s Z K “# )
(auto-weighted multi-graph learning, AMGL)HEZL | i8
AR 2E [ ST LR, B T TSR
JabRYE . BES , RS R AE 55 MR R 5 Lk
EWBEF . Zhan A (2017) $2 i1 T Z ALK K2~
(multi-view graph learning, GML)HE4Y |3 3o 7F 45 —
FI b A 52 BRI AR DL RE [ 5 73 L S R 2 R, S 30
T RN SRR G R 2D A0k . AR S 22 TAE
1, Zhan 25 N (2018) 42 1 T 22 LI — 1k (&1 27 )
(multi-view consensus graph learning, MVGL) , i 1
fre/MEAL I ] 22 53 01 5T A LR, E— 2B T+ T
BB — B HR AME B RIS B . Wang 55 A
(2019) 42t 1 [81 Z2 WL 81 5 25 (graph-based multi-view
clustering, GMC)HEZRIE &4k T 45 W0 [ 1) &1 2% >
HaRIHE R, ST L K-means R 0] 1
Hekin RGN e > o BEE DTS = B ok
S Y, Li % A(2021) 42— Bk [#%: > (con-
sensus graph learning, CGL) J5 & , Fl F I ALk & %
BlER €1 iR N TN = s G S DO 84 €70 )
PRI, Xia 55 N (2022) 2 T 5k 1k — &R &
2% 2] (tensorized bipartite graph learning, TBGL)
20 3l it 45 A ik i Schatten-p JEEUS AN, 7F
AR SRR 14 [ I 52 30000 v B 4 D 5 2R 103 S
PEAZHE . AL, A RS A 5 K-means 43 22 04T
E‘rﬁﬂg{kﬁﬂﬁ@rl[ﬂ%ﬁ 5 ﬁﬁﬂ%ﬂ/‘]—ﬁ?f(one—step)ﬁzﬁ
KHERRAR . Zhu SN (2018) 4 ) T — b Z AT 5
2 (one-step multi-view spectral clustering, OMSC) J7
V5 P FRAESK A 5 R NG 78 RE R A AR i 2 o —
A FE . Tang 55 A (2022) %11 T4 —— 4 L2
3 22 25 (unified one-step multi-view spectral cluster-
ing, UOMvSC)HEZE . Chen 2% A (2023 ) M| 42 Hi T3
T — ﬁaﬁ ﬁ/ﬁé % Tl % (consensus spectral rotation
fusion, CSRF) A Z 4L 11 Ry ik , M| IE S 28 4 L
P8 T B R IEPR 2 . Wang 55 A (2026) #2115
T2 E A 1i W FEHLE (multi-graph adaptive doubly
stochastic graph, MADSG) [ 2 0 €] 5 25 J5 2 , 3l i
TE &7 S Rl R i i AU BEHL LYo, W O 1 I S5 1
BFEYE. Jiang %A (2026) $2 ) T 56T 2R LG A
il & (diverse anchor graph fusion, DAFG) f94E X}
T AR BRI TR ™46 X0 5 B B, 52 3K
TAER I X 55 HE T i s R 2L

2 EXMEERERESHERE

A [R5 58 75 W AR R i i 3 (8] B8 3 J2=2 L AT 5
90, TR 22 WL PR R A ok A e P RS S R AR 45
UNEE e S eI s NN T = WIR D EST AT S5
T SOOI B 2070k 3 30 R T A 25 1] B
R ALY | s TR] A 20 A1 EASE 498 500 2 ) F 0F G 531 A
Lo bas ] i [ S I 27 >, R BE 25 4 AL 1l i) ) — 2
P, P 4 s o A A S (R g T B A BTl
1, (H A O B a6 — Bk i SO HERRA B A
73 ) 5 EE AR AR I — B AR B Ko as ) Bl 20 A1 e
SO , Frid A [ T aod 2 4 1 13 5 A OB, T 4
5e 2% ] DU 38 3 ) L 2 > ik A SO R i
2.1 BMAZE:BREZISGREF=ERE

IR B F 75 [0 2B 25 (deep subspace clustering,
DSC) 1 FH R HE Ao 22 190 28 05 v A A 28 1 e e 3 1)
AR 23 8], I 75 2 (] A R O8I A e P kG
o Ji AEA(2017)F2 19 DSC R 45 2 % A 1 T
W2 Akl 7E A g a2 51 A A 2182t
MNZ = zCZy o, B IR SEIE T I 2 g (9 A Lk 1 =5 1]
orEle TEZES T R 2 K T A (] 2R e it
— I AZAE B RIBLE , & 7557~ RENE [A] i il 32
PLIET ) —BevE 5 B AMER IR . b TS mAL
R 5 1L 1

PrIA], Zhang %5 A (2018) #& HH T —Fi ) SO HE
Z AL F 25 [8] 3R 25 (generalized latent multi-view sub-
space clustering, gL.MSC)HESL 3 144 Fir A7 HR Fe ke
BG— WSS ), TR TERAE B g Rk
YR A RAZHE TR A B —ZECHK . Abavisani
SN (2018) 453X — AR Y i 2= 2 BOSSU, $ it
W Z AL T 25 [ 2 2K (deep multi-modal subspace
clustering, DMSG) P4 , 38 i 532 il G 5 Wi it 1l AN
[l A5 I ] — RO , SE B 13 SO TR T
], EMCIEA F, Wang 55 A (2020) 58 4 7 RHERYF]
BV, R TR T G — 5 R ) R 2 R T
75 8] 2B 28 (deep multi-view subspace clustering with
unified and discriminative learning, DMSC-UDL) , i
HERA AL R SRR, B R T Z A
HAFFIE R AT 200 . 10 Zha %6 A (2024) W4 T
Z LR TR B F 25 18] 38 25 X 2% (multi-view deep sub-
space clustering networks, MvDSCNs) , il i 5| A Z 4
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BEIBYE, XAk, XIFHEE, KEF

WA SAERERE . NILA51E X = B F) B RS REE A MBS

Za, Zo.0.8

o

I ik ) HIRE 723 )

x'[ fo, \#"
X[ fo, \

XS fe

AT 55 TR A R

ke (b Rel:
(a) HAZS[H]:

r)— — ] <3 :

fs [To, \® s e+ &
i g & L | e
 I— A — f

fo g A [ for \} = |X e
! — — X! ‘ e |5
7 l! . , Jou “:.1‘-;1 X =

b'e

\~"’

-EE

:o [ex
HAF B KA SREXT L CEY S RSO ESE E S
LSS (d)  HifhzsE):
(e) HguRZs[H]:

( (a) embedding: self-expression & subspace clustering; (b)
Latent: distribution alignment & generative clustering; (c) aug-
mented: MI maximization & contrastive clustering; (d) topologi-
cal: graph structure & graph clustering)

K4 i LR SRR 2 A

Fig.4 Schematic: semantic collaborative priors
PEIENAL , 7ETE SR IE 1 A4 [ O B 25 L Pl B kb

DARS A0 3% 42 5 BAME B OCHK A
BERS RS S BOR RO I A A

T5 G B AT, Cui 55 A (2023) 2 T 56 T4l 44
1Y IR B Z2 L 1 25 18] 3 25 (deep multi-view sub-

space clustering based on anchor graph, DMCAG) , i%
DTYEAE R 23 (AL 2 i Gl o R B SRR A R
M MEm g, BHXt A 2R ARLIE GRS 2 R K
i, Guan 55 A\ (2024) $2 1 T R0 o2z ) 5 EIG R
2 1A 7 2
space clustering with graph convolution, CMSCGC)-,
He BRI 2% 5 X7 ST RIS TERRIE SR IR BT B
F AL ] 9 B A5 S (mutual information, M) , i
FRTT T ROCGESFE AR RISHCR . Lin A
(2025) i —HHEE T Transformer ZEH (17 7, 48
TETAHEENNRKRZ UK T 2 [ KK
(transformer-based attentive low-rank multi-view sub-
space clustering, TALMSC) , FIJ ] F 1 & 7 ALl # 35
A Jr) BRSCE B ST TR 2 1A s A R 2
PERE

[i] 2 25 (contrastive multi-view sub-

2.2 BREE:SHXNFEREERRE

VE R IR A R e AR RE A | Jiang 45 A
(2017) 42 1 A8 53 BR EE %A (variational deep embed-
ding, VaDE)¥ GMM {E 87253 B 4 #% (variational
autoencoder, VAE) [ 5555 434 , i 1 #E F uE4E T 5
(evidence lower bound, ELBO)SCH T 4 AE B 5 8
KPR AL o B X 200 B i il B
Wu &5 A (2018) £2 H 19 Z AL A2 53 F 2 i 4% (multi-
view variational autoencoder, MVAE) 5| A % 5 3 1
(product of experts, PoE ) MLl , 8 1 1154 4% 190 1] i1 2%

J 58 53 A 1) SRR HERIT IR 58 43 A1, Sy 2 RS s

(R BE s [A]— B R A T RERAELE . Sy T ARG
R AR, Xu S5 A (202 D 4 i Z I AR 4 A
Y 19 #% (multi-view variational autoencoder, Multi-
VAE )R A7 21 S R R4 0 S AL A
TR Tl SO AT R SRS o, 2
Th T AR Xof HRL P I e ) R

FEXT BT AE B =TT 1T, Mukherjee 55 A (2019)
A R 28 A B BT M 2% (clustering generative
adversarial networks, ClusterGAN) XK T 4 il % #¢
X 2% (generative adversarial networks, GAN) [{& =% []
L FE A SR 28, ) FH 1) I 1) £ 50 50 [
- SR G TS TERUIE h, h 5 3888 1 43 A %k 5%
PR TR . O TR AT S M S R A SR
PR, Li 55 N (2019) 32 Hi /9 3R FE X bt 2 9L 2R 26
(deep adversarial multi-view clustering, DAMC ) HE 48
A8 3 B s () 5 L S 85 o o) 55 400 PRT s A 1] T
BESBIRR S, LI il 08 P A W o B X gl S A
AR, Xu 8N (2019) 2 H B XHLA 72 B Z AR
25 (adversarial incomplete multi-view clustering,
AIMC) A B A PR X U 25 , 78 B2 1] P 3l 25 T
AR E TR R B IR TR e BAEARTESE
— A [N B oA — 2k . FESRTHRLG BT R DT T,
Zhou 45 N (2020) B 1 3 31 3 Xif 1 2 #0141 3R 26
(end-to-end adversarial multi-view clustering, EAMC)
TE 7 &6 1) T 501 25 08 Rl 45 o i 1) A R PP A
S VE ST S ALE . Wang 48 A (2022) ) i — 2
Pt T B 3 RS X BT 2 R 2K (adver-
sarial multi-view clustering, AMvC) I’ 2% | 18 15 £ 1) 51
i AT A0 10 G s 7 58 4 v A i S B R A
EN

EHT, AT T i OGS o 38 11
© HhEKZREIE

FARBIT



10

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

AR RE PR OCHE KAt 23 Jm . Yang 55 A (2024) $2
AT {5 Z2 0 R R ZEHE 2L (alternating generative adver-
sarial representation learning, AGARL) , i i &2 4L
AR A BT s 2 S R T I Rk e ok 5 4 R T
SEME. BEXT IS S e B AL R AR AR AR X S R
B, Yang % A (2025) 454 PR T4 1 T R Z 0
[l 2 25 (causal multi-view clustering, CauMVC)iZ fk
TRIE 27 21 7k R RTE TT 8 B BORHE W AR AN S 1Y
B o, s e 1R 20X S BE S BN A AL . [\
B, Jiang % A (2025) B2 R BREY O, 42 4 1
XL Z ALK R JE (adversarial fair multi-view clus-
tering, AFMVC) , I XS Bt 1 25 i 452 A T R e 25 1)
Hh 5 ORGP AR DG A e LA B R R T SRR AE RAE
PRSI R SFAERE B2 P o 328 T A DA 23 A7 40
R IR T IR A R A T R
TR B S S5 A A BE Y K e . 2.3 BESRAS ] : B
R BRI SHERT K

X e 2B SR TlE 1AL 5 5 i S dA H
P AU , A T 49 58 2 i) v 425 4 40 P T AN A8
HAZOAE TR ] —FEAS B AN [ R A R AERE AT
A AE B B X EE £l 31 (information noise-
contrastive estimation, InfoNCE ) 4§ X% H $i 2k fix K1k
HAERFEAS [ A — 20k o Tian %58 A (2020) 42 H X
He Z M & 9 15 (contrastive multi-view coding, CMC)
Wl 57 7 S 5 9 5 A LR LR Y =X, {H Trosten 55 A
(2021) 45t H H B SR ™ X 55 ] Be 4 TR0k & 5T
AL P B R B IR, LS S ST TR 2 LI R 2R
(deep multi-view clustering, DeepMVC) (Trosten %%,
2023 ) k20 N BHIE AR 7s 1 3o BE o 3 S0 % 5% 2%
W FHFREEAI B NTE A o D S SO0 e 20 4
Jar i SR R PR, Li A58 N (2021) 48 5% B 3R 25 (con-
trastive clustering, CC.) , i &34 7 1B E X FEATL il [F] Hsf
SRS ) 5 R A X 5, R 2 TAR#E— 2
T RCHE X W 2% (twin contrastive learning,
TCL) (Li 7%,2022) , K izu XY & EAE LR K= .
FEDLIERE I, Xu 2N (2022) BT T 229 E L2 0
K 2 2% (multi-level feature multi-view clustering,
MFLVC) , 8 it 4 $2 85 J2 90 A4 SOOI 1 53 SR Ak 1Y)
BFEPE. Yan %A (2023) 2 11 Y GCFAggMVC Wi
it 4 5 5 LK RRE 5 4 (global and cross-view fea-
ture aggregation, GCFAgg) , ¥ £t T 3 HL 2 J 2454 (1)
FEARXT HXT o FE(5 SRR, Yan 55 N (2024) 2 H

B TR {5 B30T (deep information bottleneck, DIB)
HEZRAR 5 1AL GERY 28 F3am bl , 1) FH 4 R A 40 ik
T B Z K AF B, (mutual information, MI),
DR HEXS SR TR R A R

TE K 25 ¥ 55 77 1, Hassani 256 A (2020) 42 Hi
Z M B 7~ % 2 (multi-view graph representation
learning, MVGRL) F H E P B § 52 & s
Ko Pan A (2021) 38 o 1] 8 4 B AR T BR 7
ST BN LS R BRI TR ARG o B0 ik
KRB, Lin 458 A (2021) 42 i COMPLETER HEZE, i
T O [ T — B~ ] A P FAZ A U
P I AGE0HE RO R B T SEBL T SR ICRAE A A4 5 A
X35 Bt G, A RO L 15 I (dual contrastive pre-
diction, DCP) (Lin 4§,2023) fff — L5 A T8 L
M ALE] A — LR Y © RV B 0 e 2k
iR ) TN 53 — AL P ) it 2R SRAE , DT 7 7 A 25 (1]
ST R S L ORI . R DT SE ROTR A R
Lo 2 0L 1B RSk — A [ 25 K I8N 5 3 T )
J&o Fei 45N (2025) 2 1 EIZ5Ha S TR 2 22 40
[ X H 2 28 (deep multi-view contrastive clustering
with graph structure awareness, DMvCGSA) , 7F {f £:F
S A9 — B ) [RGB S | R K o
Yuan 55 A (2025) it 17 )5 HY DG FC A 56 B 22 00 1 5%
2 (prototype matching-based incomplete multi-view
clustering, PMIMC) J5 ¥ , il 2 5| A J5L 5 DE AL
TE T S5 ) O SRS () A0 RT3 v L A R0 A
e T AR R T B S R XARIAE . Xue 55N
(2025) 4t T H i 0 22 AL 1B HE 5 2T (adaptive
multi-view contrastive learning, AdaM) , i i 4% #4) 3%
SRR 2 2T s Al 1T AL IR ) ) — B 29 e, st
Xue 55 A (2025) 51 A ¥ 53 A% fii (partial optimal
transport, POT) £ AR, $#2 11 T PROTOCOL L f# e A~
V- 22 R 37 55T B E AR S TR) R, Wang 55 A
(2025) H2H T 3T omAbxs Hooy > A S 2 LRI R 2R
(effective multi-view clustering with reinforcement con-
trastive learning, EMVC-RCL) , 5] A& {27 > sh 450
T e BTN X, ST ORAE SR 1 1 3 AL
Hu 85 N (2025) W5 AT A0 PEAG LS, A &
TR BRSSO . Cui 45 A (2026) $EH5 T7
SEA 5 5 1Y R BE 22 O 3R 2K (structure-guided deep
multi-view clustering, SGMVC) J5 & , il i 5] A 4544
APORGI ' FWRER R o Zhu 55 A (2026)$2i T

© h[E KR KL AR



EIERE, XA, NHE, KET
SRS WEBER: LA 555X 2 B8 S S EELAMATE

FeF A= Y 5O EE R 2% (generative diffusion contras-
tive network, GDCN) ) Z2 L &1 SR 28, 4 9 BB AL 11
A RE T S X R TG A R T T B AR T Y
REEEME.
2.4 HIb=iE:BEEMFEISREERE

TR 22 0 ] P 3R 2R FH TRT i 28 X 2% (graph neu-
ral networks, GNN ¥ 22 4L [€1 B34l it 5 3] 4 b 2= 1]
5 TE PR 2 4 A0 P P A T L AT 45 44 5 100 PR ) ) B A
o FERIRE T, Bo 4 N (2020) $2 Hi T 45 16K
R 2K M 4 (structural deep clustering network,
SDCN)HESE , 8 4o 1 36 B K 19 2 B 45 £ T8 2 R AIE
A KB & B 4% (graph convolutional network,
GCN), JFIR T ZM AL IR R FTE . Fan S5 A
(2020) 4 it B One2Muluvi B8] F AT F fith 2 , it o
PNEPSYEMEIC R B2 NESE A RS |
—HUERFERY S o O ERG A AL B R M S 4 MY
fil & . Cheng S A (2020) 42 i 1 22 W0 P I 1 1 45
% 2% (multi-view attribute graph convolution networks,
MAGCN) , BT 1 003 6 2 it i LA G 5] 55 LA
fifo Tu 28 A (2021) 48 H TR Rl 45 K R 2 (deep
fusion clustering network , DFCN) W 5| A 2544 5 J& P
AL R B B R R sh 5 ZERHIE,
ARG T TR GNN I [, O 1 58
158 GON AL BEA 2 Jmy & AR B 2 i ) B , Lin 28 A
(2021) 42 5 7 Z 9 B & P 14 2R 25 (multi-view attri-
bute graph clustering, MAGC) J7 3% , 3 3 F FH & B[]
A BB T S AL T ) ) g B 4 h— B, 2 2 T
TRRLX S I A 1 R R

H1 T 3R T7 A R MO e SCRY S K 254
ARG ek € R UL Yl N O A RIS S TR 3
I B AR R 5 AR U R AL o Xia 28 A (2021) 2
T BB B 2 K R S (self-supervised
graph convolutional multi-view clustering, SGCMC) ,
FIA A WL T SRR L, A BE A By
ZEMfE oAl TR IE R R A E . Du SE A
(2023 ) U)X RpAE 23 ] 5 P81 2 ) ) SC IR 201, 22
AR BRI 3 22 4L 5T 1] 4 B R 26 (neighborhood-
aware deep multi-view graph convolutional clustering,
NMvC-GCN) , 38 i 3 ) I A 4 ik 28 4205 P 4 4 M Y —
ot W TR R iR as A sh i B e . RS
Huang %5 A (2023 )48t 1 [ B IR B2 22 R 1R 2R 2

(self-supervised graph deep multi-view clustering,

SGDMC) , 2545 IR 1 M2 5 B B > il i
F=WAEY S &R N LK NE B V8 LT 'O SO DK aPL £
[R]85, Wang 55 A (2024) 42 i ) SURER HEZL %11 T
S5 A LR TRl B rh S B B SR EE R
Ren %5 A (2024) 2 1 8 25 A a5 IR 2 2 ALK
% 2& (dynamic weighted graph fusion deep multi-view
clustering, DFMVC) , i 13 2 2 ARl -G AL AE 1 s
[t i) — B S5 . T Pei 55 A (2025) 3 — 2044
T 2 IR S B 2% (multi-view consensus
fusion convolutional network, MCFCN) , Bfiff T &
ST ECRIRRE R o A BT R IR B B 4
JHA, Wang 55 A (2025)$2 1R BE 2240 1&T Bl SR 26
(deep multi-view anchor clustering, DMAC) , @ i 7F
B ) Bl 28 2 2T AR MEREAS i, S T TR PRI ]
SR TR 2R/ g . Li 4 A (2026) 48 i
T PR b 2 R ARLBE 1] 3K B 1 X L 2R 2 (pseudo-label
similarity graph-driven multi-view contrastive cluster-
ing, PSGVC) , i1 7EXT b2 ) vh 5| AR 244 A
U ARG 7% R IS b R B AR AR R (1Y
i 22 ) L

3 SEEAERRRENSMEEXL

W5 2 B KRNI AT ACS A0S 1 1 i i
R(Wang 55 ,2024) , Z WL IR R0 N IR & 2 T IR Z)
AL, AFTAEGE )T 380 TS B iz 88 L
Al 25Ky , AR 55 BT SR AT 50K MLLM R A 26380\ 263
WG B ARHERLRE ) AR a5 ABERLIA
TSEE , RIS N KA TR 16 A O T B,
BREE R AR TR AR5 L A KR 0
PUB T Rt o 2 o SRR R S ke ey 2 4K
#6i LA K-means HAARAY MR ARG
it R R 85 SRS HOR B I BUR , IR T 2
PRI R AL IX — B 6 AU b VT R SR T 1]

3.1 ERHRMEN - BEEXRR &4 6 F I L

TEPLA B MLLM Dol 55 56, SR8 E 2P
— PR MR R B Sh A B i = A TBe . 1R
U2k B BE, Abbas 2% N (2023) 4 i 19 3 X X%
(semantic deduplication, SemDeDup) #] | K-means
TE AR A 25 )AL T SCA , i 3ok 72 P 25 o0 SR 2 ik 1
WK P HLASE (web-scale ) B8 11 SCTUAR o TEHE 210
Wi, Zhang 55 A (2025) 42 H 1) D3 5 Ge % A (2024)

11
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P& ) R 25 5 ML R FF (clustering and random sam-
pling, CaR)HEALHS JEIA: O ¥l 45 , 0 ik AE AN [ 1Y
T8 SRR T AT Z AR W PR AT RE A 1 50 B
FRAR S . BR T EHEIR L, R I R R
AR U DeepSeekMoE (Dai 25,2024 ) 2511
G FAEA (mixture-of-experts , MoE ) 1 15 [t A 4>
J# (token) RISTLIL L AL, Kl At sl &0 & 2
FEOE M e BB . TE K R 0 2E A (retrieval-
augmented generation, RAG) ST , 32 I 4% BB K R
(recursive abstractive processing for tree-organized
retrieval, RAPTOR) (Sarthi %5 ,2024) 5 8 & 2 9Lk
R W o9 4= A (dynamic hierarchical retrieval-
augmented generation, DH-RAG) (Zhang 4 ,2024) |
i 1 JZ G R SO iy SR AT 3 U
ey H g 22 RUBETE SCRS S IR R Hhi 41 . X 88
BIRTENLHL i K 780 o0 A B — Bk BRI
PUATZ AR T K-means, X4 5 1912
TET, MLLM 7 £ 1 e i A 23 0] 2 H 4 05 Y 26
PERT - B DR I g SR 2 R AT A% O 3L
HI O(n) A5 2% J3 2 Ak B kB IGC P09 00485 1 o —
Tl gkt .
3.2 hEME: SNERXEXEINMERE

JEAE H T K-means (5 45 0, (HAE T ZHE5
IR e SR A R S LB AT b A5 o B A 55 1, 240
P SR S AE Jre B s B iR ) SR A A AL BE T, [W] I MLLM
PN RE I A 5 MVC A T B A 1, —
REZASE SR 5 DN BRI R EY SN Y
BAHES . BN, 18 2B B 0 £ 5 MoE & ¢
MBI, BIAMVC 8 — 20 5 BAMEZY R, 7T L
PR B 1) K-means B A I A4 25 1BE A IR 5, 51
P S B L KR . The Geometry of Concepts (Li
A5, 2025) SEHUIR AT AR REPERT R IE ], LLM PN 305
RSB S 2R i 22 RUBE SRR 54, X IERL S T MVC
FZIRBR A AP G R AR AL, 5T MVC B B AMEZ)
SRR B VA b AT B 2 R RS AS AR IE DGR , AT
Al MoE 2244 H 1L 5K e

PR DR 1B) ) 2 BETUAR o

73—Jr i, LLM 1EAEBUHE X MVC BY5E8

gl X ik - BRI 25 (contrastive
language-image pre-training, CLIP) 3Rzl 1) 328 T AE
JE7R T IR LLM 032 55 4 B RE ) D DR SRAR
P, ClusterLLM (Zhang % ,2023) 5 Kif 53K 5))

19 X5 Pt 2 M E 2 25 (LLM-driven adversarial multi-
view clustering, LLM-DAMVC) (Xu 55 ,2025) 5 T /E
JErR T URE A2 B0 ORI B Ak R R Y
BG5S, OuYang 55 A (2026)#H T CLIP 3K
Bl 1 2 B Z2 LI 2 25 (lifelong multi-view clustering,
CLIP-LMC) , F IR AU B 28 CLIP $43E A4
SCES TR S, i o 1 AE R 2 TR B Z2 0L I S0
AT IR R S S AR, X R R
M T A58 MV C T AL 35 53 400 11 Fsf AL B2 B £
FA B PR , SR B Al I GE TR AR S T
INFIZ BT 4R . Ah, TR R 2 G T
A2 T Y27 > T 200 1 AT 70 A, T B
A BT BE R RIS Z 2 8. AR TR %% X
BB R G T B RIMBR | 1 AR R SRS BE T 1Y
R, 455 2 MR R R TAME AR 5 AR SC 1Y
] i B AFE R R o DL B S T REAS [SOF 3R 28
ATUART He LA T 28 T SO B o B, 0 S
DRI F 3 1 22 0 3R R B 4R A3 T A iR
FlE= v

Zoad B =W R TRIR T, A SCR G IR T 20
IR WIS JZ TUAT e TR 2 1 S P[] 1) RS AL A
MBI PR KGR o TET AP SXT 1, 2% 14k
HOCEL T = R IE TR iy 23 () 23 AR RS
FHAZ DAL o IR M2 1 2 SRR RS
BLAy A5 A 2 R AUPR I B, [R) I s R ) SR
HAE 2 22 FLSL 5t P i 7 v I B2 B 7 J7 vk e Bl
. 4 ZREREERLGFTRINH

FEFTSCHR T B B Bl b, AT R AR 2 AL
BB LG TP I o BTN IS8 = e s
588 e P 5 2 s R A PR, AN BT 5 i s, 2 A SR
TEAE W) B 27 A5 Hb RS (UL k258 5 4 |
TNl P 288 DA A @50 fre TR 1 4 2 1) 7 FH R
4.1 BEEFS5EWEREF . ZHEFME

i A F B — 24 1 580 ¥ L 4 T 48 78 B2 A 952
TR HLER TS A BRI A s FRLIst 4 R AE

YA 2 SN ) A 2 NESE S € e o
K WFFEE BT AZ A7 5 Io B RIS,
DI RAZ AN R 20 27 (B ) HAME B . AE BRI RHE
i e

TEME b, B0 45 E 2 2 I SR A5 1 ) ol 2 W 1Y
I 25t

Miao 55 N (2025 ) ¥4 1 Kk 4" i1 o AR AL 4
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BEROEE g*:
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%_@ HIAERIRR
EEESRN ﬁ@
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Fig. 5 Applications of multi-view clustering

1) AL SR PartTES, 7E57 X G4 BT 22 4 2 FEAF 20 AT
I P20 T 550 PR 00 i 3 A O ) 9 i 1
TR TR 2 2 B v A ) M S TS ]
5 HITUAY, Che 5 A (2025) 42 HH T —Fh & e il 200
IS 2 ST AR 5 el 5 0 5 5 B AE AR ML
Hag TS 2R IO BLERE ) . AN, S T A
NI 2 A ST AT R 1 25 5 5 Tk | Briere
5N (2021) FF & T 3L FAEPE AL R IR ) — Bt R
2 T H ClustOmics , FI| AR A i) 2 3045 % 52 30
T 2R RRE R S5iafd s .
4.2 ERETEBM:SBERANEMRE
T3 T T 1Y) A SN A BT R T R R N e

A URUIITENE: S R it 3 iV Y ey =S L SR B /)
IS IG T, B RRS . SR RKE L=
(] -5 Fl S AL 52 B0 Y 22 U TR B 1) T MR
P TESEPR AR, RECWIRA BSOS EIR HOLE
KA AL R IR A . BN, Wang 25 A (2025) )
FH 22 RUBE 5 i IR AR S T KRR 22 B 18 B )
MIREHER 53 o Guan 55 A (2024) 25 & K6 BRI 28 47
AR T R s B M TU R4 . Ak, Lin 55 A
(2025) 38 4o 38 WA il T o 300 5 MR R
P, I TR B RE DX AORS 4 ik U]
4.3 AHZEEHSHE . REZESERRAIRG
Py Fe 22 A 45U, Z2 A IO 2 Tk
Fe 5T RREIZ I S B AR IRBIMERT . — 7T, 78
e W45 5 1 MM AR v, 22 R PRI HE 24 ol e
A N DL TE 5 B . Canh 55 A
(2023 ) $2 HURT [ SCA 541238 2 5 BRI  f @ 240
PRI 2R 2R AR 705 R E Al o Cruickshank 5
Carley (2020) W53 B I P BR 48 5 B B0 45, 5
BT X H R TS e A XN T S S
RN, 53— 07 T TR BE L A b B X ] — A
TEAR R BAR AR T 7 A i R AR % 5 e B

Ry

®1 SUBEREZOEXSKRUEEEZER

Table 1 Ovyerview of Core Paradigms and Representative Algorithms in Multi—View Clustering

i RIS g e i P LU S
MVKM (Bickel 4 ,2004) i iﬁfgﬁgggiﬁéﬁ%@ﬁf’ﬁﬁ

RMKM (Cai % ,2013) g?ig;f;ggfgﬁﬁﬂ%%$ﬁ

SimpleMKKM(Lit %% ,2022) g%g}iﬁj ;ﬁgigﬂgﬁngmgﬂ%ﬂ %

by B JointNAIF (Lin 57, 2013) ehimliwerii
TMMVC(Zhan %,2025) %i&éﬂ?@?ﬁ%%ﬁﬁﬁﬁ%

MFCG (Yang % ,2024) iﬁgiﬁ}%ﬁﬁﬁ?%M@ﬁE%

MVTCA(Jiang % ,2024) E;&%ﬁ§$§§§§£%M$E

- WVSC (Gao 5 2015) B AAIEEA L 2 e RN 5 S

TS (A LR
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RS ST AR AR FR oML S BTk
LT-MSC (Zhang 5 .2015) ﬁl‘si%/%%ﬁl%ﬁ%%%@%}m%%
LMVSC/SMVSC (Kang %, 2020; Sun 5, 51 A Gt — 8 S HLH] , 58 2R AT 30
2021) B, WA 5T 2 B R A
A B A S A B E R
CLR (NieZ,2016) .
GML (Zhan 2.2017) %Iﬂ%%%%’é%’é%m%lﬁlﬁwﬁ]
k.
BB T &R 1 F 24 ) 5 4 e 3R
4 P& AR L, J T in b R Rk 2 o, S
ozl GMC (Wang %,2019) T T Komeans B AT 1560 284 45
(0 B 2 ) o
LR 2 2] A SRR T T 5 —
UOMvSC(Tang %7 ,2022) PRI IR , 3 S i S 1T ) 25 WA 7 A A G 2
FRE(—28).
V5 T A A0 PR B 55 45— 1 s A o [ e
gL MSC. (Zhang % ,2018) e [FRIR AT, A s R IR AL T
Pl i) (AR 2 — S5 Ik
TEHRA 25 0] P Al 50 B Al T, 25
DMCAG (Cui % ,2023) W 5 L2 ) R D IR 1 25 R R AE
i RBERE T 9 T A
i Az 8]
FIH Transformer H & I HLHI 24 )5
TALMSC (Lin %5 ,2025) RS0, KRR AR 22 W B A A 2R
FKMERAES] .
DAL I AR (Pok)FL ] HE W7 156 4 v 43
MVAE (Wu % ,2018) A, o 20 K525 PR i 2 T 11— B
PR AL HE RS
I I 1 e 5 o) 265 504 45 R 1o 7 -
o o HERAMEBERIE S . K GAN R
W LSS ClusterGAN (Mukheriee 5 20190 o iy gy sty ok ot 5y 42 063
(Al 28 1 e /s B 18 X g

fifk %)

s [i)

ATMC (Xu % ,2019)

CauMVC (Yang %%, 2025)

CMC (Tian %§,2020)

15 BhAE X BT N, 2h 25 0 b 42 Fa s
[ 35 2 7, W e AR g FF R 3 R RS 5¢
RO (IMVC) MERS

A P2 ) R 1R A iy A AR
AR B AR b o R i A0 PR A A A ot
FE R AT IR FS

Bt [5) — FE A S [ R R Ay IEAEAR XS, )
JH InfoNCE f K Ab—Z0#k

5 2 1]

CC (Li%%,2021)

COMPLETER (Lin %,2021)

it S 9] 45 3 0 TR F) AT 90 U X B AL
i, FEM e GE SR 55 AN A SR T L
oA JRBR
XS] T — Bk 2 > 5 250 N T2
e A 2 A B s R I T 5 R K
EZHE AN
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WA SAERERE . NILA51E X = B F) B RS REE A MBS

F1LR

(EZ PRy

LSRN (NS RPN

AL 5 Tk

MELVEC (Xu % ,2022)

GCFAggMVC (Yan % ,2023)

SEM (Xu % ,2023)

PROTOCOL (Xue % ,2025)

TS T2 ST SORHR LR T 2 R 9k
X b o) 3 R T 2 B R R
fiE B R

i 5 4 Jry 5 R PR RHATE 3R 5 A IR A X
FEXS, & TH T AR AT X Y 42 R B
HRERE .

GIPNEDIEE AU EE & T 2 Do)
Loy 2] i AEAE R R iR AL IR AL

GG 53 e At s LA AL ST UG
RS- 37 5 T B0 LD %

SDCN (Bo %:,2020)

02MAC (Fan %% ,2020)

Hfhas ]

MAGC (Cheng %5 ,2020)

DFCN (Tu % ,2021)

MAGC (Lin % ,2021)

3 BT 1 G A TR 2 AL TC S
FA G % IF R T R PR IR 530
FIASHTL G I TR PR ISR

FHIE 1 2 % , DA B IR0 P Al 22
PR A5, 5200 T s 0 Pl — Bt
A BRI S TR

B XU 6 s P P o AR 2 2 L 2O
FEILMRAE , S b R] Ak BT AR
5B HIMRLS o

IG5 vk Rl A R R R B S
e R AR SRR, A R0 T TR GNN
T A T )

) F s B P A AR 4l B AL T 1] 4 e B
Ah—2lk. WAERT TR
TSR B Z I BE )] o

PN RSN SIP L

iR 5 /5 PUZ HE X 5F)

3 ‘ SemDeDup (Abbas 45 2023)
VNS
(U ZFemb 3%
Jis) DeepSeekMoE (Dai % ,2024)

A JHK-Means 14 £ i AR 2E AT 7 A %%
o, SC P RO 1 TUAR T UG

it 1o B XA Token SRR 52 B & 54
PR, X SRS Y By 25 LR, D& X
P 28 3 e Xk o7 i S

ClusterLLM (Zhang ZE 2023)
PNk
(R
Liip)
LLM-DAMVC (Xu%,2025)

K LLM 954 21 RE 7/ o SR, 5
ANZEH NI, K I LB T A1)
BEXT LU R 2 SR 5] 5

HALLM 3 25 A QAL ) 4 By 22 190 18] 5
AESEATINAINT 5 o FERE 2 22 A 1Y
PSRRI 5 S B B i SRR

B4 MR (X 55, 2023) , 22 400 1 36 55 H AR it
P28 25 B 8] 3 X — 20, 78 AR S5 1F T 5l
B 5¢ B AT N RFE A 5 B0
4.4 TUERMERNE: THEERERN

TP Wy ER R 5 5 A 0 4% v i) S SR A e
Beuk Lk =2 Ar i, B — 10 PRI LA 4 T S B RGeS o
PRI 388 o 472 0 55 400 PR 8 A AN — B o e I A
5T I Z A S BT BRSO . R
e J2 R 22 A o A R 25 H) A R R, Zhao 5 Fu

(2015) ] FH 2240 P16 2 - ik [0 20 RURIVARRAIE 5 254 5
Wi o Li%E A (2015) B FARBR /AT , 8 3 40 o i i
R AR AR S TS . MG R E iR
Fb W58 S ) o A S TR AR . BT Tl )
B Y BR AAPR B RG 2K , Wang %5 A (2018 ) 42 H T4
W1 C-EE R P R 3RS AE A L A BOE i A 32
SEE A3 A 2 R R TN P T 45 A R
b, Peng 55 A (2020) #4 & 1 IR BEHESE | 3 2 1K 5 4
T 47 05 S PR 5 X 45 5 A R I, B T T ) s el 1 S

© h[E KR KL AR



16

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

TR BC I EZ R RE T o BEXT BRI S A
TE B RR T e 2 [] 5T, Wang 25 A (2024) 5| A TE AL X
ez I B AR B BRI B0 T, e aed 37 10T 25 4
P — S PR AR LA TE X8 5 56 155 A A

5 KREHERERE

S I R T LA 5 R i 55 R = 1 S
W N N P g S W S E 2 L SO Bt
A ST TRV T, ST R DA ST 5 s R v ) L S
SR 1) 5, 1 AT 5 B LR RO PR
1) S%EESERENITERMSELRZL

PRI 57 T W Z AR B 1A A g i A
A 55 v YRR A DU JE . AR, Y T E A
MVC 8k UHIE T A R ) sl R 5
V)8 O TR S 4 SRy S MR R R R A, T
BEAMEREZRIEOWN)HEONY), XFhE A
JEAE T X 7 A (AR R T 254l £ T 0k
fEFE RGP P AT O R ) I 2 S B0 B
IERPY R S QR a7 AN ST VS JE-F/ 5 3
R A A5 HLRE 08 Ak B AR Y 3% 5 /7

2 2 IR R 1k, T R MR Y
5.

2) FHMETHRKERESREATELER

UTAEA , 220 P RS AE T TP 4 45 e A
WO TR AR, A 01 2 L i R PR R K R R =

FEME T FERMRITS . R, BUA R R
SAILA 22 Ja BR T PR R it Ok Ay AR B e, 25 i
LTl 37 55 P vy (51 o) A JRE A0 ] e A el
04 R AR A A S DL IS, AR 0 1] 4 Ay sl J 2 o
T IR RIS B e e R R 15, X T T A A9F 5 i
BTk . BR 1L IEIRAE = T A A S B
BT B rb A RS 72K 3 = i ik kB R R
i AN, 75 22 2 5 5 IS W e il 22 DR S
VRS SR B O (R S 2K D B AR
i, B 2 W 22 A0 P 0 24 v o e M A6 ) 22 B R AR
JIr s B e BEP T o TR — A B S BB RALL [+)
B 2 S0 AN P18 A TR T, BRAT T 5 A 0
I, R SR B BIF AN ASL 5 R TR S o 28 2 14 5 4K
SRR, S AR AT AR AN P10 (4 i A
R JH R P TR ) A D PRSR SCIR 52 B0 /B ML S o A
ASH) B AL, TS DG AL B B0 A B AE SR 42 )

RIGMERHAR, 10 = KR H AR RS A Z AL 75
3) ERRENY

DI R B I 2 24 i 2 PR PR SR S ATl ) 52
P P AR A DR SR RN AR 2 — . RV R B
MR JZAETY e i 22 52 2% (R TR B M 2 o 245, BE R 0T 0
Filt A\ ASE R S AL, (E 32 QU0 118 2 o ) 34T
R BE AR T — L RSO AR (IN5R 2 v ) o X 2edy
P £ 8 w3 L T 3h #2 B GIST (global image descrip-
tor) . HOG (histogram of oriented gradients) . LBP
(local binary pattern) | SIFT (scale-invariant feature
transform ) . PHOG (pyramid histogram of oriented gra-
dients ) S5V SRR FA AT B, B A RRAE 4R BE ARG REAS
PUBL/ N ELIC M 75 25 PRAR AR RHIE . oh T PPAl ot 5 L
Tt IR BE R BT, SRR o ST AE X L8 28 LAY
Ptk b B PERE B T C 2 W 1 B PR A i 3k 0 ) A
e, XA —E R LRI TR 2Rk H L Tk
PR A

it — AR MVC BT 1Y 4 &, AR K B IR
A 1 T BAT F) 5 DA X o H S 0 0 S
TR AT R o Ho—  BRE S X 5 151 585 % 55 4
SRRz AL, FLCHHR RS B AL s (n
FLRTAT O P9 | 2R S8 U0 ) A A X L2 A% £
FEARGA TR BE . R, AT 7 (A A SRy R0 55 5
T S X 5 I A BE EAROE T e s —
P, BACRR B e R R . T S E Ak
AT Y D A S A 2 RS T S A D DR (TR L3R
3)o JUAFER 3 O B A A R R H R R Y
P SCIE SCORHK o DAL 25 ] 25 26 i A

RS IR, H Al i) I RRRAE e B B H
LY SRR . BN, 78 B 302 5 2 UL AR L
Yyt

HRORG 6 B8 vk B PR P, R O AR IR
[SE R ER R (SOENESE AN vd e RES 4 = S
8] AR RE 1o L=, M 2 A B SR P 0 A Y
RMEIMERE A o AN RIS Tk 5, 3L R
TR IFHE I ZELT TmageNet B ) 22 40 5 2K
TR o e SR i HAD S SR 2R B A
(AN R RA v AR ) B Tk GO kv, 5| 2
ML RSO 5T MBS HIL R AR, e i 28 52 2R LS
Dy e v U H] o
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Table 2 Summary of current datasets commonly used in the multi-view clustering field
B4 BERHOE R T PRI (2 WU )
QILEZEER73
100Leaves(Van %, 2003) 1,600 100 3 AEY AR BRI AR
AR Face(Martinez % , 1998) BT 100+ 3+ EZREEPS A, 52 LBP Gabor 25L&
Caltech101-20 (Li4#,2004) 2,386 20 6  HOG, GIST, LBP, SIFT 25 A4
COIL-20(Nene %, 1996) 1,440 20 3+ [Pk 360 AN ERG £ B2 AR £
CUB-200(Wah % ,2011) 11,788 200 2+ SEAPRIE R, CNN RRAE S5 SR (AR
Flowers(Nilsback 5%,2008) 8,189 102 2+ PRI, WSRO JEAR SRE CNN 5k
Hdigit(Cai %7 ,2011) 10,000 10 2 FEHE RPN U5 SRR A
UCI(Breukelen %, 1998) 2,000 10 6  THECFM 6 FFRHE
MSRC-v1(Cai %5,2011) 210 7 5 AR SO HOG 25 5 FERIE/E N 5 SR
ORL/YALE/P IE(gZnghia doutagony TVIET 1068 35 SN IR IDIGI S e
Scenel5(Lazebnik 45,2006) 4,485 15 3 ZSfEfu4% PHOG LBP £HF2H &
YouTubeFace(Wolf4,2011) 3,425 40 4+ PUITER U AR Z A
PG TR 3 1 i 5 s B L e
CIFAR-10/100(Krizhevsky %5 ,2009)  577~6J7 10/ 100 2 XA EUR BENLIR ST B0 0 A AR U AT
Fashion/Fashion—-MNIST(Xiao % ,2017) 70,000 10 2 KRAEmEG
MNIST-USPS(Lecun%%,1998) &% T 10 2 B Z WA MNIST 5 USPS
Noisy MNIST(Wang %:,2015) 70,000 10 2 JRAREUG T A S
A Z H I L FoR
3Sources(Greene %5, 2009) 169 6 3 BBC.Reuters Guardian =/~ 85 A4 38
BBC/BBCSport(Greene 45 ,2006) 2,225 /737 5 2~4 ] SCARK 3 S AN R REAE
NGs(Lang %, 1995) 18,846 20 3 TF-IDF.LDA.Word2Vec i i =Kl
Reuters—1200(Amini %, 2009) 1,200 6 5 RA A ZTEF UMY 5 RS S R
WebKB(Blum %%, 1998) 1,051 2 2 PITTSCA TR ] Y B AR
e 285 ¥y 5 SR M I 2%
ACM /DBLP / IMDB(Wang 55,2019) BT 3~4 2 T RUBPERAERE AR R R BT A DA A 4
Amazon Photos (Shchur %5 ,2018) 7,650 8 2 T A A DR R ) A S A R A A
Cora / Citeseer / PubMed(Sen %¢,2008)  2,708~1.9 11 3~7 2 WERYBPERREARNS SCZ M S | AR E A5
A B R R A
BDGP(Cai %5,2012) DiRE AR 2 RUIRR AP SE PR AR 5 B R AR
Prokaryotic(Brbic 2 ,2016) 551 4 3 JEAZAE B SRS S R K A AR 2 A
T2+ RN AR AR I SR IBUR S 1T RERE N, ~” FORFEAS L
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Table 3 Native heterogeneous multimodal datasets
K
B TR FEAE &2 7;;“ 1 2 FEMVC SR 4 J v 1 5 Bk R
(& SRR 55
AwA (Animals) e o v TRFA VR e 2L/ BOE w4
(Lampert .2009) 30,475 50 RGBEMZFFE 85 4E N TiFE gtk T = ) .5 g o e 2
IAPR TC-12 e e . o e s o ;
" 20,000 255 iRUFAEEEG S GUE R 18 I RS S R U
(Escalante %5 ,2010)
MirFlickr-25K i - RIS P SCIL i, SO S BE R
(Huiskes % , 2008) 25,000 24 HESEHMAREIE P RRERE SR 7 A 2 O
MS-COCO(Lin%F,2014). #3070 80 EAWsEUR A TR SORRE AR AR H E R
NUS-WIDE(Chua%,2009) 269,648 81 Web K% Flickr JH P SCHEFRES © RETEAE KRBV
Pascal Sentences .
IS EAE=NT- THL 2 RiiiA AL
(Farhadi % . 2010) 1,000 20 HHAGEEG S0 AKEFE  SMESCEEES I
Wikipedia (Wiki) TR G R s R s TSN EE R, S EER
(Rasiwasia %,2010) 2500 10 ARMFRHEIR MBIAORILERHCIN s e s i EL b b
5 A S
cecv N 4 N\ . TS 35 A =R 2R 2%, JR 45 44
TH SRS X L PR /4 Bt , ’
(Jiang % 2011) 9,317 20 VHPRGAMGE X IR A (PR A b
, 10 s . i B (Audio-Visual) 2 A HEME , T
: & AT WA RIS S o -
CUAVE(Patterson %5 ,2002) 36 ™t (B WEISs S R TE S S fE i k72 5 W 4 T B B
R 5 3D fRIRAR I B
_ 2 i i 5 Hﬂ‘jg £ 4»‘/\!:. JE‘/Q
NYU-Depth V2 P40 26 RCBEGEER VLRI NG, U [FR S0 ) AR

(Silberman %,2012)

B 3 = Yk 5 R

Z WL R ISIEAZ I 22 TR S A Bt — Bk 5 B
PEfE B CHEEOAR . A SCBk NG 3 T RIL S Y

OYRAEZE SR T — Rl IR KB i o AR, X
IR R SRR AT T R G e . AT
RSO T WS s 8 B 25 18] T B9 J LA 4 4 e
BAZPEHLE] , BRI T IR BE R AR AR X )
L5 R TR 1 2% 2 R A4 1 S R SE B i T vk, 9oy
Pr TAES RS KBRS T, REEHORTE R IR HEL |
TR SR IR B RG ZR 1 i A S i IO HR A A A
Feg Xt A o

Jre BRR Ok, 2240 IR 3R 2 ABUATY T W 15 22 PR A
RJEHLIE , HAZ AT DU = AR e
H BT b, B2 R IE MRS SR R B ST AR

JEETHEL, 1o ) ORASE 2 4 L5 PR ) A 2 B S
IS P, DASE B SORS v A4 5 BT U . e
2y I TR S v AR R I RO, DR A
A 4 o AT 5 R A AR R PR k2 A AR R R 2
YEFFRETY A R, AT AR 1 A DR A TR ME S . A
DA A R B, SR T A R B A A B /R
BRI, [6] 5 FLECERIRE IR A 585 00 SRR BE A8 Tll 4%
RIS . BT, W 7 e AL 5
PAE AR S e, SRR ISR ot — 2R
A T M B R e B b B9 AZ O L, IR 9 BT
B REFERR Bt AR PEAR [ A IR SR S5 SCHE
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