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Abstract: With the rapid emergence of large multimodal models (LMMs) , 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. At present, 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 study proposes a pioneering, prior-driven theoretical perspective to reconstruct sys-
tematically the developmental trajectory of MVC over the past two decades. This goal is achieved through a trans-paradigm
analytical framework of geometry-semantics-cognition. During 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 nonnegative matrix factorization, identify global prototypes by minimizing
squared error or Frobenius norm reconstruction loss. By contrast, affine space methods leverage self-representation proper-
ties to model data as a union of low-dimensional subspaces, while manifold space techniques utilize spectral graph theory to
transform clustering into optimal graph cut problems by preserving local topological correlations. As the field transitioned
into deep spatial modeling based on semantic collaborative priors, researchers utilized the powerful nonlinear mapping
capabilities of deep neural networks to project heterogeneous data into high-order semantic spaces. This evolution encom-
passes 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 methods utilize
probabilistic generative models, such as variational autoencoders and generative adversarial networks, to align latent distri-
butions and infer missing view information through adversarial games. 3) Augmented space paradigms introduce contras-
tive learning to maximize mutual information between views via InfoNCE-like losses, enhancing representation robustness.
4) Topological space studies leverage graph neural networks to mine intra-view geometric structures and inter-view comple-
mentary semantics synergistically. Moving into the current era of LMMs, this study progressively explores deep alignment
based on cognitive priors, where LMMs are viewed not merely as data sources but as knowledge bases that contain human-
level common sense and logical reasoning capability. We systematically elucidate the infrastructural role of MVC in empow-
ering 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 critical for precise document retrieval within retrieval-augmented generation
(RAG) frameworks. Beyond these applications, we analyze the potential for LMM 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 effect 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 secu-
rity and unsupervised anomaly detection in industrial internet of things networks. Despite these advancements, achieving a
transition from laboratory benchmarks to robust industrial infrastructure requires addressing several core challenges. First,
the scaling bottleneck where in the O(N?) or O(N*) computational complexity of traditional methods must be reduced to lin-
ear 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
frequently 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 road map
for theoretical innovation and engineering practice, advocating for a transition toward intelligent decision systems character-
ized by high-level semantic decoupling and cognitive logic alignment in the era of LMMs.

Key words: multi-view clustering (MVC) ; prior-driven learning; large multimodal models (LMMs) ; geometric structure

semantic collaboration; cognitive alignment; review
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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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W v A i 1 PHAE R R A R e . B X AR
AR 25 B A W 7 S A A — B MERR , Abavisani il
Patel (2018a) 75 2 14 A5 AR AR A i 5~ 8] 2R 26 (muli-
modal low-rank sparse subspace clustering, MLRSSC)
I L, JEECSBIEEL, X AR R 22 HEAT o d A
B, R S5 R A e 50 22 S AL M g BRR 75 . 25 i3
— B — Z P X LAV X A2 23755, Cai 55 N (2023)
B A1 2 0 E 5 25 (jointly smoothing multi-view
clustering, JSMC) , 40 [&1 [] () — Bk 58— 2k [R]
I AGE— 1 [ R 2 T HESE R S5 B IR oK
W PR B R PR IR 2 4, 0 — 2B B T} TR S A
BBIFRRAEST o

BEA KBRS I ZHLE 25 ] SR 2 A
— [ B T SR A ) T s Bk A R Zhang HN
(2015) 4 i fR Bk 5K ft 22 #0181~ 25 0] 2R 2K (low-rank
tensor multi-view subspace clustering, LT-MSC) , ¥ %%
PR T 1 2R R P M S Ry — 4k i, DT RISk A%
B2y oA 6] 45 2 () ) AR 1, DA T 9 2 R 16 ] )
r B, R A A B SO A
25t , Gao % N (2020b) 51 A JE 5 f A5 53 H 73 i
(tensor singular value decomposition, t-SVD) [9 [&] 2%
27k XS ik SVD S iE AT AR T 25 5
ACAUEE 1G5 1 BRI 56 IR U 8l 5 AR 45 1 AL M 5 1)
BTk BEXT SRR D AR st SR xR L R A
e AR A 3T 1) () 1, Chen 45 N (2022) 4 H IR BK 5K
17 [ % >J (low-rank tensor graph learning, LRTG) , 7E
A s AT (R B AR e, BRI B UER T
TET 25 R SRS AR T e e ik . B,
Chen %5 A (2021) #E— A0 1) SCAR ™ 5K B 3 3
HE 28 (generalized non-convex tensor approximation,
GNLTA) , Z54 fiNAL Schatten-p 10 85280 T 47 S5
LR FOE N R ST T B R AR R
ML Guo A (2023) M5 | A 5K 2 X 5L Schatten-p
Ju K /ME (tensor logarithmic Schatten-p norm mini-
mization, TLSpNM ) , FI] FH X 50 5 118 1 5 4 B v
Tl b 38 T K R B L AT ARG A T AR A e (R R Rk
Z5FIALE . Gu Rl Feng (2024 ) 4 5t A5 5 - it

MGG PR T AT A =0 fE B R
(tri-information enhancement, TIE)HESL 5 i =05
SIS U e AR A R TR, 2 T 1
R BIA ) o

AR AR AR 3 27 R AT SR Y TS, A
FEA IS I AL K IR B n X n B4 TR AL
HFnxm (m < n) B HPE AT AR R 4k
Gl . Kang 45 A (2020) 42 Hi KB 22 WL IET 725 [1]
¥ 2k (large-scale multi-view subspace clustering,
LMVSC)HEZ , 3 5o 5| A S LK AR A SR A
] 1k — BB P A 2 ) 5 2 Y I ) AR A B DA
O(N) B Z LR ME B G, Sun 55 A (2021) 5] A 55—
U DAL S TR 22 A (A 3R 2K (scal-
able multi-view subspace clustering, SMVSC) J572 , i
SURCSER N A R VA RS RN (R VAN S
ZE A R FEAGES . Ji Al Feng(2023) U 7E L FE i
A KBRS, S R T R o Rk e/ M R
45,45 #4 1F W) 4k (anchor structure regularization with
enhanced tensor rank minimization, ASR-ETR) J5 1%,
I T 1 50 1 5 o Bk e/ N 2 Tl A A TE DR R T
ARCRRY [RINHZHE AL R S B AR e E . S T
e A s (IR A 5 1 SR 00 88 m] e Y U G A
[A] B, Zhang 2 A (2022) 48 H — Bk — 22 ik Z 0L A
F 25 [1] B 25 (consistent one-step multi-view subspace
clustering, COMVSC)HEAL , 38 12 B2 X+ 25 8] e om
TR it SRR F R AR, S T R A 5 B R
BRI R AL . R BRI R = LAY
5, Liu 558 A (2022) 455 4 s R 32 T Lk (one-
pass )HEZR , | AR Bk — 50 I A ok 249 SR T 42K M SR 26
PR TEYERR B T R R T B2 T 4R TE T PATAL
o XS B LI B AR SCARTBE Y 1) B, Zhang 55 A\
(2024) 48 H 7% S8R0 4 A8 2 A TR 2R 26 (cluster-wise
anchor multi-view clustering, CAMVC) % B , F| Ff 3£
TR 75 MR Tl 2R 1, B DR T A [ R T 7
TTETH U g — 2tk . Ah, Ou S5 A (2024) B4
Z2 WL VR AR 0 S P | 2 10 6 1 i o 1 2 SRR A a
I Z2 M E 1 25 8] 28 28 (anchor-based multi-view sub-
space clustering with hierarchical feature descent,
MVSC-HFD) , 38 i:d 74l i 25 (0] A 2EAT 22 ROBE R il
B Rl TRRADN S 2 SRSREAS 1 1) 31
1.3 REZE:HIEHS5EZES]

BT T 2 [ 0 7 A 4e s A 5t 4 A
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TARAE A AR LN G 45 F v, H A R AR A IR 4R
T A e T JEE 3t P B DA R A 14 ) S 4 S B
PRSIV T T A A S A B PR O 4 5 T TR B
e RIAL S A IR VI o3 R 7 2 LK 5
TR T SR TIUE SC A 1R R P R Y R, 24 i
1 3 30 A 1) 2R A 3 O ] =~ SRt e
AU E IR IE ) R R b 5 2 R 3L RIAL e i
H b5 R BT 34 (Wang 45 ,2020)

1 n m n
min D > lx =&l 3s;+ 8> Isill 3+
v p=1lij=1 v=1i=1
Swl U- s
=1

s.t.s; = 0,572 0, I's! =1, u; =20, 1"u, =1 (4)
K, 52 3 0FoRE o M IE RS iS55
FEARFHE . S e RV FRRE o MEIBI A
N SR FARUE B, U e R R RARMA A
MM B0y 4 R R B
B, Kumar Al Daumé M (2011a) £2H T WrFE
Il 45 2 1 K] 3% 2 25 (co-training spectral clustering,
CTSC) . fEMELAN |, Kumar % A (2011b) #2115 T
P[] 1F T b 22 40 151 335 2R 26 (co-regularized spectral
clustering, CRSC) , i 8 75 W 7E 25 [B] v il A [R] 00 ]
AT R A T — 20, 0028 SE B T X 2 B AME B
(2720 o B T S A TR X M P AURR Y 5] 78, Nie
N (2016a) #1129 527 3 A7 37 B (constrained
Laplacian rank, CLR)5 32, 18 o i 3 29 o fir 35 4 3
LA A A A E K, A R P st AT
B 2 3 O B AR R A A A o BE XL I Tk 2E SR
Nie 55 A\ (2016b) #2 i1 7 28K A ) £ K ]
(auto—weighted multi-graph learning, AMGL)fEZ2 18
i A ER2E [ SR AL A T T sl 2
R FRYE . RS, PR S R AT 55 MR R & Ll
EW M Zhan 55 N (2018) $2 1 T Z ALK &7~
(multi-view graph learning, GML)HE42 | 3 i3 /¢ 45 —
F AR N 58 SR AR AL 181 5 3 7 S Bk 2 o, S
TR NS R R RL O . 7R R 2 T AR
H1, Zhan 25N (2019) $2 T 22 W0 — 2k 52 )
(multi-view consensus graph clustering, MCGC), @
s/ MR ] 22 50T 5 I ARRZY o i — 0425t T
BRI XS — BV FME B A RIBKEE . Wang 55 A
(2020) $2 i 114 J&] Z2 L 1€ 5 2 (graph-based multi-view
clustering, GMC)HEZRIBE & P4k T 45 W0 [ 1) &1 2% >

Ha R RE R, 23 T 7 K-Means B Al H
Fiekay th REAE R M B3y ) o BEE WL 0] e ok
EASY R, Li % A (2022b) $2 H — B0tk 2% 2
(consensus graph learning, CGL) /7, Al ALK &
BAEECHE B L A B — 2t o BEX R R
B9 PRI, Xia 558 A (2023) # #E T 9K &AL —FB K]
2% 2] (tensorized bipartite graph learning, TBGL) #E
B SE o 25 A Kk Schatten-p WS TS EIRIE
AERFTH AR A RN SEBL T X & B 4 G 2R 50501
PEdZ 48 . BEOh, RIS A S K-Means 7320 AT
SR e 1], 3 2 i ) — 2D 1% (one-step) BN
KHEREAT . Zhu SF (2019 $ 10 T — 2 ZHLIAT1E 5
2% (one-step multi-view spectral clustering, OMSC) 7
VB T RAESK A 15 B B 8 R A AR i 2 R —
AL AR . Tang % A (2023) i1 T4 —— 24 2401
135 5 2 (unified one-step multi-view spectral cluster-
ing, UOMvSC)HEZE . Chen %5 A (2023) M4 H T 3
T — H IJE%: Ji€ % Filt 55 (consensus spectral rotation
fusion, CSRF) 9 Z 4L I R Ty ik , M IE A28 4 L
PRI BB EPR 4 . Wang 55 A (2026) #2113
T Z Bl H & W SR AL ] (multi-graph adaptive doubly
stochastic graph, MADSG) 1) Z WL R 2 07 1 | 3d i
TE 27 2] s R Rt IO BE L2 o, O 1 11 45 4 1Y
B REVE . Jiang 55 A (2026) $2 1 T AT 2 R AL A
K] il 4 (diverse anchor graph fusion, DAFG) 19 4E %+
FF RS BRI TR A ™ 4 %o 5 B B A, 552 30
THERHEAERS T T iR ReR k.

2 EXNMEERHRESHERE

ANTR) A% B8 05 kAR I 0y 25 8] (4342 L AT Sfe
5y, TR 22 A0 PR SR 2 10 o Al M RS e g Bl 42
St g i s E], ST O LA 245 ) s
B SORHR IS %277 150 SR TR 25 18] B
ETE A (G [ A A AR 8 50 2 [ A 8 31 LA
Lo as Ta] i) 11 S IR 27 2T, TR 32 Hl ORI ] g — 2
P, W 4 PR o A A% 23 [ AR T Be A BT
i, (EHAZ O 248 1) 0 — BT SR MERR I 2 A
2 [ 28 EE R AR I — BOPR A L s [l i B 2 A1 ke
SR , ¥R 1AL 5 1 4 A 3B 25 1 ST, g 5t
23 [1] DU o 6 L2~ i A T SRR FE o
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Fig. 4 Schematic: semantic collaborative priors ((a) embedding space: self-expression and deep subspace clustering;;

(b) latent space: distribution alignment and deep generative clustering; (¢) augmented space: MI maximization and deep

contrastive clustering; (d) topological space: graph structure and deep graph clustering)

2.1 BAZTE:BREFIEREFTEEL

R F 75 8] 3 28 (deep subspace clustering,
DSC) ) FH T i 28 0 268 % v 4 I 2k M B 40 e S5 2
R AEZS ], I 2 18] P R B R 2t A 30k 0k
o JiAFN(2017) 8 HY 1 DSC I 46 S22 9 i 1 IF
W2 AE il e A e as R a2 51 A B R IKZ I
M Z = ZCPH B W T v B i (1 L 125 (8]
orEl. WEZUEGET  RE 2 T3 8 R
— G AZ AL ETEREIBLE] | & 752 2] BEAE [a] i 47 £
P ] — B 5 BEAME R IR R . S TSR Ak
4 25 L 1T B3 [, Zhang 45 A (2020) $2 1 T —Ff ™ X
7 Z & 1 25 8] B 28 (generalized latent multi-
view subspace clustering, gL.MSC)HEZE , 38 ¥ fr A
PP WS 28 28— R W AR 25 [ TE TS E RAE A 3t
EHRIRAR A RBEZ I TR ] — Bod Ok
Abavisani Fil Patel (2018b ) iX — ALY & 2= 248
UL, TR B 2 RS T 48 ] B 2K (deep multi-
modal subspace clustering, DMSC) [ 2% , 38 13 43)2 fil
B TR 5 ) A [ A A I = ] — RO e, S B T iR
N RBIREYMA] . 7E b3l T, Wang 55 A (2021) 5%
P TRAAE A L SR T R T g S T
R 2 0 E 75 8] 5 25 (deep multi-view subspace

clustering with unified and discriminative learning,
DMSC-UDL) , 8 s BR300 A SR 28 5 F PR 2k,
FIG IR T 2 EHR A SRR R AT 20 o T Zha 58 A
(2024) WU 1 Z2 A0 1T O B2 1 2 1) SR 2K 0 2% (muli-
view deep subspace clustering networks, MvDSCNs) ,
i 5 ZAEVEIE AL, 7238 K e iy ] o O B8 4%
PP e, ARG 5 =R EAME R IR

FEX R RS B R BOER T R 2 R 2
Jr P IR, Cui 55 A (2023) 4 1 78 T4 5
BT B 22 A0 [ 25 8] 2R 25 (deep multi-view subspace
clustering based on anchor graph, DMCAG) , 1% J7 7%
TEARA 25 (AR i b 0 e ], o SR R IR R &2
LMt g, BRI Z AR 2 M IR 5 4 R R
Guan 45 A\ (2024) 42 7 2% T4 oz > 5 18148 BUY
Z &l - 75 [8] 28 2 (contrastive multi-view subspace
clustering with graph convolution, CMSCGC) , ¥ & %
FRIM 2% 55 08 oo ST RS 4, TR TR S B B e KAk
A [E] A9 5 A% B (mutual information, MI) , it Z# T}
T DL 2B R R AOCR . Lin %A (2025)
H—H KR T Transformer BRI ARG 1, 2 H T T
H & 7 AR BR 2 ML B+ 235 8] 2 2 (transformer-

based attentive low-rank multi-view subspace cluster-
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ing, TALMSC) , #| F A VE = HLHH 3R 4/ 1R 3C
FE L RTE T IR Z AL 123 () R RE
2.2 BEE:DHRNFEREERRE

VE R BE AR R 2R i AR T AR, Jiang 55 A
(2017)4& i 19722 73 B FE % A (variational deep embed-
ding, VaDE)¥ GMM 1E k7873 H 45 7% (variational
autoencoder, VAE) 5540 434 , i o #E Uk 48 T
(evidence lower bound, ELBO) ZZH0 T 45-4iF B #4 55 B
Bl TN SRV C A A DO 2 NES b € B S
Wu Fl Goodman (2018) i i 9 Z2 ML I 22 73 A 4 it 2
(multi-view variational autoencoder, MVAE) 5| A %
F I (product of experts, PoE)HILHi , i 1 115 45 W
P 301 25 5 30 70 A1 8 BRI 5 1 A L Sy 268
SHE R B s ) — Bt A AL TR HESE . AT
ARAS T o T (2 L Xu 55N (2021) 42 H ) 2L
A2 4y A Y 15 % (multi-view variational autoencoder,
Multi-VAE ) >R FH A 27 21 SEm B RRAE SR 3 by #L &
A 7 55 Pl 2 SO A R n 2R 26
LR SETE T AR AL R M P ) B

7 X e A2 B X 1T, Mukherjee %5 A (2019)
P 0y R 2 BT BT 4% (clustering generative
adversarial network, ClusterGAN)#£2 T A= Wl 6T 1)
28 ( generative adversarial network, GAN) 2 [|] 1) 245
PP SRS, 1) FH 5 1oy e Sk 1) 4 4 B8 45 52 [l g il —
BEER A B AETE o, O 52 28080 A 73 A1 %o 55 $i
BETH . O TR A AP S R A S R Bk
{8, Li 55 N (2019b) 4 H A9 3 B2 x40 2 00 161 R 2k
(deep adversarial multi-view clustering, DAMC) #E 22
I 3 TR R A ) 5 L), i ) 23 400 1 3 A 1] 990
BESEIR RS, DL R0 5 AT R 7 o B X il S A6
S5, XufE A (2019) 32 H AT 52 B 2 ALK 2R
2% (adversarial incomplete multi-view clustering,
AIMC) 1 BTG FR X0 25, 78 223 18] 9 3h 25 7
A A I BT AE RN B IR T AN SRS
— BRSNS AT — Bt . TR T RS BT DT
Zhou Fl Shen (2020) B3+ T ¥ 3] di % 18 2 WL 1E] 5 &
(end-to-end adversarial multi-view clustering, EAMC)
E R TP, I B 5 % il J5T 0 8 A B DA
SR A . Wang 58 A (2023) N #E— 25
FE T A A 3 R R 6T 2 B SR (adver-
sarial multi-view clustering, AMvC) %% |3 15 22 H1] 5]
o T2 30 A 20 % 48 7 5 4 vh A i LB e A 3R

o

BEAN RO T R SR I AR B2 2 IR A T 1Y
AfE B RO St 2 JE A . Yang 55 A (2024a)
F& AT A5 Z2 B R S HE 42 (alternating generative

AP

adversarial representation learning, AGARL) , i 1 32
BARAL R AR O TR R 7 ST 5 TN GRASE 1 5 45
SRATRENVE . BEXTBLS S B L IRTRE AR A% ) 5F
P, Yang 55 N (2025) 454 PSR 22 2T 4 i 1 AR
2 A1 & 3 25 (causal multi-view clustering, CauMVC(C)
AR IE 2 2 5 1% RIS TR RE SR HE W DR A
AR BRAE R, eIk T ER R SRR S BN S AT RS
[, Jiang 45 A (2025) G54 R AL, 42 Hh
T XA F 2 1K 2 25 (adversarial fair multi-view
clustering, AFMVC) , FI| XU BB AR THBR RS
[ v 5 SRR AR OG0 i A5 R DR T R 2R
TEPE ) PGS AE R ) o X S T AR A
UG A 2P T IR AR MR A W R
BRSNS KR
2.3 ERETE:EEERANESREXLREE

Xf L Z IR RZATHE T AR50 07 0 i S HA H
B B IS, 5 T A 5 2 T e i 00 PR ] A A
HAZ AL TR ] —FEAS (AN [F] 4L PR R EFE AR
Fl A 5 B M A X Al 31 (information noise-
contrastive estimation, InfoNCE ) 25 % b i1 2% fc K 1k
HAEFHEZS [ A9 — 2t . Tian 8 A (2020) £2 H A XF
ke 2 A0 I 4 i (contrastive multi-view coding, CMC)
WS 1 S5 9% B 0 IR L 2, {H Trosten 55 A
(2021)45 i H H B K4 4] 55 7T BE AR A
AL R R AR 4R I, LS S ST TR 2 AL R 2R
(deep multi-view clustering, DeepMVC) (Trosten 4 ,
2023 )ik —20 N BRIS E 475 1 2k B2 i i S 451 % 5% 2%
P H TR INTE S AT o R S S B0T L 20 42
Jry il SR R BR L Li 458 N (2021) 2 X E 2R 25 (con-
trastive clustering, CC) , il 524741 XL X} FAIL i [7] s
SPGB A xS 5, R S T AR — 2
P T OBE X E W 4% (twin contrastive learning,
TCL) (Li &%, 2022a) , $ %0 Y R BAAEL R IEY)
o FEMCEERD I, Xu %A (2022) 8631 T 2 /2 HAHAE
Z M 225 (multi-level feature multi-view clustering,
MFLVC) , i 3 4 $2 #5 22 90 09 1 SCOCHR 1 5 SR AiE 1Y
Bt BEAR, Xu S8 A (2023a) $2H T —A> A AL
Zo X e 2 2 HE 22 (self-weighted multi-view con-
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trastive learning, SEM) , DAfHk A [A] 90 1] 8] 15 SUAF
BR—BU, 2 ) B RAETETE 233 2 F1 51 0y, i i
FHEER R IBALM R, Yan 5 A (2023) 42 Y
GCFAgegMVC 38 i 42 5y 5 5 40 T RRE 2R 5 (global
and cross-view feature aggregation, GCFAgg) , FJ % T
T H AR S5 B FEAXT X o 745 B8 218 , Yan
Z5 N (2024) $2 113 09 TR BE A% B3 (deep information
bottleneck , DIB)HEZL Y 5 1 1% 48 19748 733 {0, 1) )
LT R M B RAG T B A 2 I AR B (MD) L,
Xof HXss SR AL 1 B R A AR

1E & 45 ¥4 K 4 J7 1, Hassani Fil Khas Ahmadi
(2020) 2 1 19 Z2 W & 2 7R 2% 2] (multi-view graph
representation learning, MVGRL) A FH & 4™ B AL il 4
PR B ME B o Pan A1 Kang(2021) V38 st P& 3 i3k
FORIEBRME S, SC I T B L5 52 H AR Y IR B2 #
o B AR w2 B, Lin A5 AN (2021a) $2
COMPLETER HE42 , 3t 4 X i) 310 — Btk 2 > Fik
S0l R A2 A E AN S U A S R R A P R e B T
BRICFFIE A AN 2 5L 55 o BES , HAE U0 13
I (dual contrastive prediction, DCP) (Lin %§,2023)
PE— 2B BT RO e B AL, A — R R E
SRR JE B 0T L A 2 5 ) T 55— S PR 0 e 2k 2
fIE DT 7E 5 7 5 18] A A S A 5 A 114 d L BT K
BEA BT FE AR, X L 22 WU 18] SR S E— 2 ) 45 44 &
5 & R T R . Fei 4 N (2025) 42 11 T P45
FA IR 1 % B 22 40 I8 %6 e 2R 2 (deep multi-view con-
trastive clustering with graph structure awareness,
DMvCGSA) , 7& {7 S5 — P it [a] i A1) FH 40 b 5
BRI R I o Yuan 25 A (2025) 52 H 12T i
AU JTHE 1Y AN 58 B 22 0 K] 3R 28 (prototype matching-
based incomplete multi-view clustering, PMIMC) J7
28 5 | AR BIDC BE R, AE T8 a5 ) R 55 AN R
P 200 vt A RO g ke 1 AL 2R S BUN AR
BEAXFRIF L, HEAh, Xue 55 A (2025) 51 AR5 5
It 4% % (partial optimal transport, POT) 7 A, £ T
PROTOCOL LA fiff g AP 1y 22 WL 1E] 3 55t 1 19 % L A
Pl . Wang %8 A (2025h) $ 1 1 % T3 AL Xt Ho 2%
) WA 30 2 B 3 26 (effective multi-view clustering
with reinforcement contrastive learning, EMVC-RCL) ,
ISR 2] By AR e v o H R LU, S TR A
TR (1 3 ML o Hu %5 A (2025) 51 AT A
E PEAS THAL T A B S 25 8 A X LA

Xue % N (2026) 48 i 1 5T L5 3 5 XT Heore > 1 A
1 W 22 0 —EUHE 5 25 (adaptive multi-view contras-
tive learning, AdaM ) , il 15 £5 KA 384 558 (0T Eb 2 2] 54k
TR B — B . Cui 8 N (2026) $2 1 145
¥ 51 0 T B 2 B R 2K (structure-guided deep
multi-view clustering, SGMVC) J7 % , i i 5] A 2544
A FORTG I FIRER R o Zhu e N (2026) 52 T
FEF Azl HON EE W 4% (generative diffusion contras-
tive network, GDCN) %) Z2 #lL [&] SR 25 4 9 B 780 1y
A RE ) SR A ARG G BRI TR R R
REEHIE,
2.4 fEIvEE:EEMFEISREERE

TR I 22 LI P SR 280 T IRT 4 22 1 2% (graph neu-
ral network , GNN ) Z2 0 [ 45 415 Bt S5 21 45 0 25 ]
5 7E IR F] 2 9 A0 PN G T LA 45 4 5 40 PR 1) ) AR i
SCo AERHARE T, Bo 55 N (2020) 4 i T 45 A AL IR
B R 25 W 4% (structural deep clustering network ,
SDCN)HEAR , a4 A% 388 55K H 4 25 7 T2 AR
fl A B & LM 4% (graph convolutional network,
GCN) ,JFJA T &ML IR R LR HE . Fan 56 A
(2020) 4 1 #Y One2Multi BRI HI P F Jifith 4% , 38 5
AR BT 1B A 2 L TR A, S B T B AL ]
—BMERAERY A2 2] o S SRS Al A B M S A Y
Fil £, Cheng % A (2020) #2 1 T Z2 40 K J 4k 141 45 A1
% 2% (multi-view attribute graph convolution networks,
MAGCN) , BETF 1 XU 2 it e LA i 203 55 LA
fiE. Tuf5 A (2021) £ Hh B TR B2 fill 5 B 2K 2K (deep
fusion clustering network , DFCN) W 5 A 4544 5 J& 4
Al R EAS B R R sh 86 Z W IERHIE
ARG T IRIE GNN - )8, Ol 1 98
1248 GCN [ REA # Jmy 4B A5 B iY ) R, Lin 55 A
(2021b) $ i 1 Z2 WAL 1 P 2R 2 (multi-view attri-
bute graph clustering, MAGC) 777 , il 1 | F 55 B (&1
A PR T e L P21 ) A o B AR h— B0, B 5 2T
TR S A E A5 R R RE ) .

HI T B3R5 2 R M TUE LR RS R 45,
SE LA i o a0 v g M RS B, 0F 5 O B
1] 1) 25 P R A 5 AR SR AL . Xia 55 N (2022) $2
T A R RS 2 R 2K (self-supervised
graph convolutional multi-view clustering, SGCMC) ,
FIA A WE LS T G RR L, A EEE A 5
ZEMAE T mAL TR RS A . DudE N



$31%5/ET7H /2026 £7 B

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

(2023) Wt S R ik 25 18] 5 ] 2 i) 9 SR 301, 488 1Y
AR R IR 13 22 4L 5T 1] 4 B R 26 (neighborhood-
aware deep multi-view graph convolutional clustering,
NMvC-GCN) , it i Bip ) DAL AR 2835 5 P 3 b iy —
vk em TR SR AR Sh R B Bl
Huang %5 A (2023) #2117 F B 11 TR 22 LI 3R 26
(self-supervised graph deep multi-view clustering,
SGDMC), 45 & FITE R I M2 5 A i 7 il i
B RBONAFALE Ao PO o A O 1
[l Wang %5 A (2024a) $2 Hi B SURER HEZR BT T
LKL B IS AR, 7RI Zhid B P S B IE A A M2
Ren 45 A\ (2024) #1114 A &Rl & TR B2 22 WL
& 25 (dynamic weighted graph fusion deep multi-view
clustering, DFMVC) , 38 i Bl A MAL A L A B
[T 1) — B B S5 . T Pei 45 N (2025) #E— 204
T 2 R A A B R 4% (multi-view consensus
fusion convolutional network, MCFCN) , #fi {5 T B2
SYBCRRRAE M o BEAN B XS KRS B 1 5
JRE, Wang 55 N (2025a) 4 1 1 TR B 22 4L (&1 5t 1 26
B (deep multi-view anchor clustering, DMAC) , il i1
T K a3 [B] Sl 257 S AURVEREA &, SE B T AR P
52 2 T 2 SR A . LiSE A (2026)$2 i
T AR R AR ABLEE B 3K Bl 1 %) L 2R 28 (pseudo-label
similarity graph-driven multi-view contrastive cluster-
ing, PSGVC) il id FEXT Huz ) s g | A DR A4 i A
UL 1&] A B0 G2 A 1 0T L SR 26 v Al B e AR DR 1Y
i 22 1) L

3 SEAKERNRNSIEREL

B 25 2R S KB RY e AT A S50 Mg B Bl
fR(Wang 55 ,2024b) , ZE RIS N LA T IRZ
Ak AN TFAE G ITEBU T AR B iz 88 L
R[4 RG] AT BRI FT K LMM AL 25098\ 2838
S PR FRRE ) AR . Gl 5 ] AR UA
e, BB KA AV G B A0 F- B, o
TREE A B TR A & KA K 1G58 L
PR R A A b o M RS ST B v 2 AR LA
K-Means AR BRI AE L, ARG
KRB ST T R IHA M R IR, IR 2 E
RABAEIX — 2T AT AE R R 7 ) .

3.1 EaiREd - BEEXRBE 4 a NS
TEIUAT B9 LMM TP BE 46 v, 828 2
— PR SRR B S A B A S T B 7T
Y2 By B, Abbas 55 A (2023) 2 Hi 9 1 X % &
(semantic deduplication, SemDeDup) #] H K-Means
TEAR A 23 [ A6 FE TR SCAR , 18 3 72 P 2 o SR s 22 ik .
I D HLAS (web-scale ) R 9T SLITUAY o FE4E 210
1, Zhang 55 A (2025a) #2119 D3 5 Ge 55 A (2024)
$& 1) 2R 22 S5 BEHL R K (clustering and random sam-
pling, CaR)MEALKE ARy 2l 4 , i i 7 A R Y
1 SRR 3EAT ZAEARATE , B (R AR BY RE A 1 5) B 5
FRARSF A . BR 7RI B, RIS A IR ik
ARSI A1 DeepSeekMoE (Dai 25,2024 ) %5 1R
B L ZAEAL (MoK ) i 18 B X 194 8 (token ) SRS SL
LR R A B A0 K B E R T RERLER
TEAGZIG 3R B (RAG) U, 3 VA ZEM AR 2R (recur-
sive abstractive processing for tree-organized retrieval,
RAPTOR) (Sarthi 4 ,2024) 5 3 252 G ZH 58 A= 1,
(dynamic hierarchical retrieval-augmented generation,
DH-RAG) (Zhang %5 ,2025b ) JJ3# 32 J2 2 0 3¢
R SRR AT 3 I 2 A B 2 U T
SOMSEE R R b o X 880 T AR AL B I gk S 1
Bt oA B — Bk B AR E T2 T e T K-
Means, JXFPEELETT 5 BUZHAE T, LMM /™ A Y = 4k
HR A2 (] 54 A i 10 2 M T 20 T S A R TG B
BIRFEHITT A HEAZ O 0R , HH O(N) Y5 R B2 2 ik
P EIR AR O ME— Tk e dE
3.2 hEmMEE:SNERXEXREEMERE
JL4E HAT K-Means (1 95 323t , (HAE T X 2838
BIMR] L SR AR S AT, AT e B 1 25 oo A 55 1, 2L
PSR S T e 3L B SR ) SR A AR 7, [ AR LMM £19
INHTRE W AL 5 MVC A TR A 1. —Jr
T, 2240 11 3R 26 T il 2 1 i OB IR ) S ot £ L P K
BN . BN, e 2 BEEEURE RS MoE & K i th
BT, SIAMVC B — B 5 B AMEZ T, Al L
— W11 %) K-Means TR I b i il 255 155 A5 R 7, SI2 3
B L R ERE . The geometry of concepts(Li 45,
2025) ALK AT R PERITFE Uk, LLM RSk 52
P B A 22 RO SRR 45H X IE G T MVC 124
B AR R B RAL , 5T A MVC B B AMEZTHR]
SE VARG M e AT B 2 GBS RS B R AE ST AT
MoE 25 Hh i L 52 s ph 22 58, 9l 20 W [T 18] A 4 2
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J3—J5 T, LMM 1E7E 5 & X MVC 1 Se 55|
S X i T — B AZ I 2R (contrastive
language-image pre-training, CLIP) IR 3} (1) 2 T 1E
JE7R T Al A LM f) 32 58 4 B RE 5 b D AR
H . ClusterLLM (Zhang %5 ,2023) 5 Kif 5 55 5k 5
(1) Xt Bt Z2 M &l 2R 2% (LLM-driven adversarial multi-
view clustering, LLM-DAMVC) (Xu Fl Wang, 2025 ) %5
TAEREIR T Anfarfe A i o PUH B A A0 A R 2 i) 2
R IE X555 5 o Ouyang 28 A (2026) #2HL T
CLIP 3K gl i1y 2 & Z W & 3 2% (lifelong multi-view
clustering, CLIP-LMC) , A FI K B AR Fiil 1] 25 A5 72
CLIP &1 SC2s [RVE R S, il e THERFELm A
1) 22 400 T 5080 v R AT R B 5 Bl A R A e

RIS AU R TR SE MVC FEAL B A R
VL I AR B RE JBE 2 G R A PRI B SR 2R RSl ) St
RAERS 57 ER T N RE 4 — B e . st , 4
HI RS R 22 ST DA R THT A 25 > T 28 1 4 S Y
Sy BT T A BT B R AR B IR 2 A
R T A S A 2 0 B 2 v 5G9 B Rl 3
SRR IRICHE T Y BIE , 455 2 IR SRR i L AME
ARATG RO S 1 HA ] R RE SRR . LA
XU R BEAOOKF RIS M LA AL SR T 2 1 4R
R B L, A O R A R O 2 P SR AR
LR T 2B AR

SR H 3 W VRAIR YT, AR SCR BRI T Z LA
RRWIRJZ LA SE 5 TR 2 15 SO [R) 3 R BN
MEH AR KR T ETAR S, &1

&1 ZUBEREZOEXASRREEZER

Table 1 Overview of core paradigms and representative algorithms in multi-view clustering

gt o2 etk B L 5
MVEM (Bi‘;;‘;ljﬂs"h‘*ffe“ R L B T AR T L 2
RMKH (Cai 25, 2013) ggj%ﬂ%ﬂﬁr@%ﬁiﬁ%ﬂ%éﬁ%@ﬂkﬁ&ﬂa%wﬁﬁm@%
SimpleMKKM(Liu %2023 E@ti’f@ﬂvmin-max?ift,%H%Eﬁftic%izﬁ%ﬁﬁ/\%%ﬁfzﬁt
BRIEE COKE (Liung % 2005) AL B BOITBURT BORUT AR 0L, 2 HE WA, 3 1 K U
e Bl
JointNMF (Liu%g,2013)  HEEE I3 2 KA I, byl 6 ) HA S5 R0 iy A A0 e A
TMMVC(Zhang %,2026) 3K hEAL A AL, SEME AL I 42 15 R L VL 5 A 56 .
MFCG (Yang %5,2024b)  SCBURIZERE bR B 0L VR TE 254 — BV AZ 40
5 LA S \ I e s R e (e S0 L
(R 3R 373 MT-GMM(Jiang % ,2024) ﬁ ;;MM SIATERS BSSHELL el MR IR B0 R I 2 PR
) :
MVSC (Gao.,2015) 5 AASEE LSRG LT J 155 2 P T2 [ B HE A B
LT-MSC (Zhang % ,2015) # B 2R X 5040 8 2 = Mk i 25 1]
sz il o
LMZS%?&ZZ‘;%;)% A LI, GEE 2R TSR0, I 15 2 P 25 2
CLR (Nie % ,2016a) M D B S EA B o = 0 BEARR b .
GML (Zhan % .,2018)  SCHR P45 BALE M0 IR 5 BRI AL .
2 A T 4% LR P12 30 15 4 o SR R 3 i 2 B
s OMC(Wang™.2020) WK 555 T A K-Means MU £ 4585t 55 R 930 5050

UOMvSC(Tang % ,2023)

2.

HE AR 2 2] A SAR ST TG0 — PR, 3B G pE 3R A 1] 28 e
FRALRIR R TR (—215) .
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Table 1 Overview of core paradigms and representative algorithms in multi-view clustering ( continued)

Bt iat ﬁgi fosHE et B 5 7t
i A L T e 7 IR e [ Fe ik 2ok A1 2k
gLMSC (Zhang 5. 2020) 4o scom g 7 S R 52— SEcHE S
. TR A2 T A 55 1 W ST L2 5T ARV
. DMCAG (Cul,2023) 4 o b i 2 MR T S S
Y ANE
. F H Transformer H 1 & HI ML 42/ EF 3¢, KR TFHEREZL
TALMSC (Lin %5, 2025) 3y i o s 2 6
MVAE (Wufl Goodman, 5| A& ZIHeFUPoE ML HEWTIR G 1 0 A,y 225 A4 izl Baas [
2018) Y —EE AR AT LA R AE LR
ClusterGAN (Mukherjee %, 71 5 16 S 90 6 4 B B B o 80 B i 2 1R 23 TS 2V
2019) VR GAN Jazs IS5 L 3BK 4 M 0 5 BB 7 FE i
» (BRI %, B A TN A2 T Bk s, I B T e
s i AIMC (Xu 5, 20090 g oo aocn 1 (TMVC) A
. A RS2 5T L TR R S A s i 5 e
CanMVC (Yang 5, 2025) 1o o st )43 16 S .
CMC (Tian,2020) 44 [l — BE AR AU 0L TEREASF, R TnfoNCE e fb— 8t
. 152 ) 5 4 A 1391 A EBL 2 W F 555 B 5 220
I COMIAR2020 o Eieiss XU 0 .
;imxwm COMPLETER (Lin %, i Tl —Sch: 2 5 15 24 0 P T4, 6 77 85X T 00 K4 B
(2 b 2021a) AT BB R A
I i) L B 2 G0 038 SO L 17 IR R (X H 5] | 2 R T
g0 i R e
e GCFAggMVC (Yans, i st 42 Joh 15 25 W0 R R HE 58 S M EERE A X X, 32T T REA K e X
2023) B RPN SRS E
o s gmga) A FUIELHNS AR T S 16 (e 4R
; o ]
PROTOCOL (Xue 8. 2025) I ATBS R I LI AR IR AT AT 0755 T 034
Hen H AR
i e e e I LR s
SDON (B0, 20200 b b e 1t bl 2 O VS PR B
o I EL 26088 M 5 WL T 2 WL Hh b 928 T 2
OneZMult (Fan 520200 b i i fr IR 5 4.
- o O T 2 4 2 2k 053 L D M
PRI MAGON (Cheng %7.2020) -y vt 1 g2 g Ol -
. AL S IRPER & B R (3 B0 fA AR I A 2 B
DFCN (T, 20200 e NN o 32 2 3
. PR W B T L B R b — B . 24T T
MAGC (Lin 5, 2021b) 1 g 420 4 220
] SemDeDup (Abbas%F, | FH K-Means #4 # 1 SCHR UEAT % P9 2= 5, S 800 = 5096 19 0 &
VT 2023) k.
e R
R W) DecpSeckMoE (Dai%,  ATHH token SSHUBSEIL L RAF 1L W HS. S BOW S A5 Bt
% 2024) HLEL, o S04 S RO B X
CHURMBE  Clusterl LM (Zhang %, LLM IS A0 PG, 51 AN TR RS
LR 5F) éﬁﬁﬁ;, 2023) HGSEHH AR LT 2537 SR S| %
.
i) LLM-DAMVC (XuFl FIJH LLM S5 ACERAL ]l B 2 WL RFEAEAT IR 55 o fER A

Wang,2025) AT R S RS SR SR i SO
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=
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S YA e 2
oo

Che 58 A (2025) #2811 T —Fh &1 Z K R 2% )
RN sk B S O IE AR AL, e T2
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M ST B 2B A Ok By 45 R 5 B M Briere % A
(2021)FF & T3 TR R 1) —BE R AL T R
ClustOmics , F1J FH#E A i T 3001 3 SE 0 T 2 U540 26
BRI N T SRERS.
4.2 ERSZEBM:SBERUBERE
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KA BALERBREA . Fln, Wang % A (2025¢)
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YIRS MER 73 o Guan 55 A (2024) 25 & K146 R 2%
HREAR T s B I TUARYEE . BBk, Liu %A
(2025) 38 3xf [ 38 Ny AL H il G 1 o 00300 5 R R R
P, SEIRT XEITT D BE X RS A A
4.3 AHEZE5HSHE . REZESEMNAIRG

FEN I 8l , Z AR 2 TRk g
At T Az YR 5 B AR R ER . — 5T, 7R
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Fig. 5 Applications of multi-view clustering
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EIERE, XA, NHE, KET
SRS WEBER: LA 555X 2 B8 S S EELAMATE

PEOCHT ] SCAR 54158 5 5 FE R E 10 2 2 AL R DR
RABA LR 5315 B E A . Cruickshank 5 Carley
(2020) WERA 5B F P A28 S5 Hz N 45, S8 T XF
AN ST i R X e g e i A R
M, 53— 7T, TR Re e s s v, B[R] — AR
ARG KA T 7= A 1 R AR S 5 = B A B
M (Xu %5 ,2023b) , Z 0 EX0 S B AR E o 1248 0 2
JP 9 1] ) i SL— 00k, 78TO i 45 0F T 4 B 52 il &
BRAAT NARAE A 5 B R 50
4.4 TAEMEXE: T EERE®RN

TV ER I 5 5 2 D 8% v ) S R A g
Bkt HL ik = A, B — 10 IR L 4 1T S B R GRS
PRI 300 o 42 40 55 400 P 5 A AN — B of e R e i 1
ST Z I E AT R B W .
R )2 A5 A 22 M H R 1R 22 H E R H L Zhao 5 Fu
(2015) 1] FH 2240 U R B it T 2L AR IR 5 54 5
o Li%s A (2015) B TAIRBR 4B , 3 48 5 25 i b
BREM ML AR S R . B s R AR
PARR G R B VRS R £ <Y Y B o O | 27
166 190 1) B FA IR AP 3 3R, Wang 25 A (2018 ) 412 M 3 T
R C-SA{E R P R R 28, 78 A T2 R s B 0 i w4 1~
SR A A 2B A AR I TG I 4 B 2 A
N, Peng % N (2022a) #4487 VR BEEHEZSE 3l 1 BX 5 da
B9 o5 N 5 TR 4 5 A T I, BT T X v e o S
BT AT B R RE T o A SEBR MR S s oA
TE (AP0 P B 26 TR F5T, Wang 28 A (2024¢) 51 A TE M4k
XF L2 2 HILA 6B A R R A 0L | 38 e i
P — BPE L AE DL T X 3355 5 0 5 5 Rl R
KR

5 REBEERE

S W R A T AT 5 R i 5 R 2 1 S
B LS T PR, 00 B S A R AR Y
Az SR TRV O, ST B DA ST 5 s R v 1) L S A
FrIERE B A 25 7, 2 U R BOoE LA R R PR -

D) i R n R s S e gz . BN
HA 5 T I 2 B R A B A T R A Sl
HERFAE AR R Ak o SR, 24 AT WA MVC A
OUHIEFET [ 7R > Bl R M 7505 ) 38 UMt
TR A SRy 2R 0 P B M A, R S A
PR IA O(N? ) EEZE O(N?), X A A Z% BEAE T X0 11

T3 GAEA Can KA AL T 24880305 10 Uk 7 R g
A AT U1 R ) I 25 T B0 5 5 IR Y B A 5
AR AT BT B A AN S IR S A At
T H e % Ak PR AU A B B Z LR R
125, B WO B AT 55 .

2) IS N A R A S AR AN e B IA
UEAER | 22 W0 P BRI T B 555 11 65 A P A B A
TR A R DA T K IR, 2 SR A
TR RIS SR, LA R AL £ )R
BT P AR B ke A BRAR AR R, > T i LS Tk 3
S PR R L 91 ) R PR AR B K BA% R e 58 4 R A6
A i 5 10, R 3 I 4 g 92 2 o 5 A A AL 4T
ey B A=A N5 L 33X T T AOAIE ST ik Ak — TR A
R T A TR 2 T P R S A 5 B, IS A B Y
B AE 20 J2 T ik S PR R A, AN,
22 5 W2 W s R 2 TS A SO TR =t
e I B S 2R D B R AR BE T ke, A 5 B 22
R 10 2% v ot = T A7 118 22 B R T v e o
S TR X — R S 3 ORI R A [ AL B 2 AN
o3 A TRl BUA DF ST B 2 o R, AR Y BIFSE
AN SREBBAR S A 285 K B AR A PR S IR, B 5 4K
R AT AR JBE AP B B0 20 A R AL I 18] Y
BADPRIR OCHR S BN A RN S R AR B R
I, TR DI A 1) B D B3 SR 4 Jay SR S TR 5
] i M E R H R ARG A2 5L 75

VAR REM . AR R A IS 2 AT 2
Vel 5 2 40Ul T3 1) 552 o I P R 155 i 1 1) DG B ) R 22
— o SERILI B IR Z R K i 2 52 20 TR
EEE S I N Gl WAN L SIER O B N I (ERPATB Y
(18 5 Y0 S 0 AT v JEE AR T — S LI Al £, A
FR2PR o XY S0 E 1 T B I GIST
(global image descriptor) \HOG (histogram of oriented
geradients) | LBP (local binary pattern) . SIFT (scale-
invariant feature transform) ,PHOG (pyramid histogram
of oriented gradients ) 55 7% J2 FEAE A4 & M7 A%, , A RRAE
Y BEAR EA L/ HLJCWE A 25 BRARMLRRAE . i T
VAR EOE 5 IS SR SR A R BT, AR ST
FEIX L 22 SR AR A PERESR T C 2 i 1 B B
T B U I R B X TE — AR BRI T AR R
SRS 2775 =3 R UK =R i

Nt — e MVC U K J , R FE
A A BT B T Y 2 R SO B S
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Table 2 Summary of current datasets commonly used in the multi-view clustering field

G E AR FEARR 28550 MRS RIS LA IR (LRI TR
100Leaves (Van #1 Abbott, 2003) 1 600 100 3 MY R IR (SO ZRRE
V=P N 2 . /5
AR Face (Martinez Fll Benavente , 1998) T 100+ 3+ E ISR, fRF L LBP. Gabor 5
I
Caltech101-20 (Li %, 2004) 2386 20 6  HOG, GIST, LBP, SIFT 2§ A [R]4511E
COIL-20 (Nene %%, 1996) 1440 20 3+ [E—¥1K 360° ASTRIEHs fa B 0 AR £
19,30 2 R A R
CUB-200 (Wah % ,2011) 11788 200 2+ %%jﬂiﬁf;'ﬁ]% » CNN R 5
DLAFE
R B P OB IR R R
Flowers (Nilsback Fll Zisserman , 2008) 8189 102 2+ et Fj,{% I RBE P AR BRI
EEEA CNN $#1E
TE$R IR B NG 5 oy pi g
Hdigit (Cai %%,2011) 10 000 10 ) %ﬁ%@ﬂﬁﬂwrmmm 5 SRR
ik
UCI (van Breukelen 25, 1998) 2000 10 6  FEEFM 6 FiFHE
a B S0 HOG %5 5 MR AEAE
MSRC-v1 (CaiZ,2011) 210 7 5 N
ORL/ YALE / PIE Face (Georghiades " Ze M N B AR L AN R 6 IR AR R
h ~ 10~68 3~5 N
&= 2001) JLE~HT I
Scenel5 (Lazebnik 4%, 2006) 4485 15 3 ZS[EfU4% PHOG . LBP ¥4 &
YouTubeFace (Wolf%5,2011) 3425 40 4+ PBTER BUAY G Z 0 E
; AR i N 3. 7y 4 L
CIFAR-10/100 (Krizhevsky,2009) SH~6J 10/ 2 iﬁﬁﬁ FIRBENLEDT R PHE) S R
R 100 A R ]
o s Fashion/Fashion-MNIST (Xiao 55 ,2017) 70 000 10 2 RWEMERZR
AR MNIST-USPS (Lecun %%, 1998) 5000 10 2 WK MNIST 5 USPS
Noisy MNIST (Wang %% ,2015) 70 000 10 2 JEHA RN TR B
) A
3Sources (Greene A1 Cunningham ,2009) 169 6 3 BB‘C Reuters, Guardian 3 4~ Bl I7 19
RiE
BBC/BBCSport (G;ggz; F1 Cunningham, 2225 /737 5 Dl NG SCAKI A R I E
UARZE
IR & TN NGs (Lang, 1995) 18 846 20 3 TF-IDF.LDA .Word2Vec it 3/
R=! Sy L A S 2y s L
Reuters-1200 (Amini %5 ,2009) 1200 6 5 };f% A ?jmﬁ:éln =) 5 BB A
B R
WebKB (Blum £ Mitchell , 1998) 1051 2 2 IBLSCAS R TS [ A AR SR
. 5 J] ?:.’ M /E\; =4 X
ACM /DBLP / IMDB (Wang % ,2019) BT 3~4 o RUBTERHERIAALIE SRR
gL (AP
& 45 ) 5 2 T 4 P RS gl I ] I S G 4 b
B 2 Amazon Photos (Shchur %5 ,2018) 7 650 8 2 e B2 g
i ljj s | ?:/ SO U 2 F
Cora / Citeseer / PubMed (Sen§,2008)  2708~1.977  3~7 I, EEE HERFAE RSS2 I 931 Fi 4
ENGRER )
‘ e YR SFIE S LR Rk
Y E B BDGP (Cai%%,2012) I R H) ’ %jjl%ﬂ B 0 A0 b AR AR A 5 R X 36 3R
F FEIH FHIE
ke A% A W 1) SCA B 55 e R 2] 24 R AR
i Prokaryotic (Brbi¢ % ,2016) 551 4 3 PCEPIINX 3 AR ISR

ZHA

T 47 R L B MR 2 R T RESE I, ~ 7 SRR
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B3 T B A AT R H R A A 18 SO
SCORHR LI I 23 ] A0 45 I A RS TR Ak, P
200 4 PRSP AIE o 2 TE 4T HLSL S R Aok .
e, e [ 2h 2 3l 2 AL AR L5 s R R I Tk
P 5 P T e DR TR B I e 4 A A A
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RE o 3) At H o B S M P A ) DRI o
Pt o AU RIS Tl A, R R Z R4k 26

LT ImageNet HURE A 2240 SR S FL 27 S Bt 4
e 2o i P I A L ) 35 A AR B S A (A R R A
o R 2R 30 B Tk PN R v 51 5 2 R K SR T
FEMNBRIS ML YR, % i 28 52 AR FUSL 3 i 7 b
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Z IR R ISIEAZ 0 22 IR e Al Bt — Bk 5 B
PEAE BRI SCHEROR . ASSCBE I AR GE ik TIRIEZ Y
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Table 3 Native heterogeneous multimodal datasets

TEMVC AR R 5

25 BAEE TR BEABOE s B RS2 b
I3 ‘]‘]:;—l@ ?:/ E ‘#2?; = N
AwA (Animals) (Lampert 5, 30 475 50 RCGBE% 854k N T15 XL ﬁé%;i 1;@%2% ;i/z;éffl;z
2009) FEHE &k o A
TAPR TC-12 (Escalante %, 50 000 - GRUEAETE ZiEE AE) AR KR SR
2010) LR ETBUN SR
o ) - o ORI SCUG L, SCASHR AR
MirFlickr-25K (Huiskes Fil 25 000 ” FEASHEAR P bR A0 4 SC R B L 90 1 K22 [ 2 L
Lew,2008) S A M
[ SC 15 3 .
BaYs NTEFERKC
0 _ iy A 7 e L ﬁ\: .
X 55 MS-COCO (Lin%,2014) #3007 80 i T, (=N 8NN
NUS-WIDE (Chua%$,2009) 269 648 81  Web K& FM;?; K FREAFAE K e
Pascal Sentences (Farhadi HRZ5: S0 M AHRIES s s i S YR
4 2010) 1 000 20 iz Hk 25 WL SO RS S U
) ) ) . ROCRE & K& liais, &
Wikipedia (Wiki) (Rasiwasia LR XA SERE E R 3 P,
4 2010) 2 866 10 - Ky ﬁgﬁ;ki$ﬁﬁ%mﬁﬁ
L4 THIRAN XTI EREE /A ORISR AT 2 AT = R 3R 2%,
N CCV (Jiang %, 2011) 93T 0 g i TSR AR 3
L iy 7 B ——
PSR e I . = M (audio/visual) 2R 2
CUAVE (Patierson %,2002) 36 gt 10 el FIPBREEI 0 oo o oni iy
i 5% e
] ] 1
T 5 3D . - IR, HUR Y [R) R SR )
e NYUDepth V2 Gilberman g g ROBEQ e g mib e SR A =55
I 4,2012) A i
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