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Multi-view Subspace Clustering Based on
Adaptive Weighted Consensus Self-representation

LI Yong, ZHANG Weiqgiang
(School of Mathematical Sciences, Shenzhen University, Shenzhen 518060, Guangdong Province, China)

Abstract: Aiming at the problem of how to fully integrate the complementary and diverse information
of multi-view data to improve the clustering performance, we proposed a multi-view subspace
clustering based on adaptive weighted consensus self-representation. Firstly, we introduced sparse
mutual exclusion to learn view-specific sparse self-representation matrix, and then used adaptive
weighted learning of multi-view consensus self-representation matrix to fuse the self-representation
learned from various views. Secondly, we integrated the learning of multi-view consensus matrix and
clustering indicator matrix into a unified optimization model, so that self-representation learning and
clustering could promote each other. Finally, we conducted experiments on six commonly used multi-
view datasets, and compared them with nine related methods. The experimental results show that the
proposed method has obvious information fusion effect and improves clustering effect.
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R A0 A5 2 s o X B R AT 0 A, AL 43 B R — 2, R AH U o3 BN R 26 L Bl R SR 4R
ARG SR A B P e J Bl vl g 220 A U Y 224 ok IR R MBS0 o 2 SRR AT R os . AT A
N 2P ZRSEE, FERE DGR Z B EBE. Fl, 7EiHEPLSEL, — A ER B FRIE AT AN
[Fi) (4 R A 4 BB 2 4R A5, Qs % —{E A =X (local binary patterns, LBP)™ | RUEEASAE RRAE 5% # (scale-
invariant feature transform, SIFT)"™ FJ5 a4 & B J [ (histogram of oriented gradient, HOG)'™ 4§
TEM 5o B b, — SR 0R] A ) 50 SCA L [ R S ) R BE R R s TE SO A, — 0 R ]
DI 2 i 5 oE. AR LG T Ol B 8 s . 2 00 IR 8O e N 2 41 B2 . DT A IR — DX 4, SRR Ay
Ml (8] ¢ RAARRHE B, 200 A BRI T I SR AR B . D — B, AT L IR0 i 34 1 [a) — 4>
XFRAILE RS m s 2) SR, A IEBRIEFEE B Ah, AR i m k. e FE 4 R ] 2 40
B ECPE i) —BCrE A 2 ke, X 2 MIE 228 (multi-view clustering, MVC) £ E L,

PR, CWBREMN MVC Fik, FES MWL, —REETHAEMEKH MVCES, HE2T
TEREIHLE . B AL 4 R R A R 2 R 2% i T, A 2T T R 28 G 2 R I T R R
O] RIS PR BRI TREREN MVC, mT45 N T RGN Z R KRR | £
M 2RI Z AR R B o) il R 2D 2 IR 2 N 2 W R T s ) R 2
(multi-view subspace clustering, MSC). HF MSC E.A R M EERIERE 1, I &2k,

MSC R i 4Bl w2 T 2 AR 4E T2 [ R JF . e 725 18] A 3R0n 55 A A LR S B, AR
X AR BLRE J6 B4 1 Laplace % BN Neut 3 SR8 3 R A G50, SR 25 [0 RS 0 0 58 3 41
SN B s B IE I, fif 8 2R AR M R A% ) R 0 1S T A5 AL A5 e VR LA R T S ]
% J (sparse subspace clustering, SSO" | ik %/~ (low rank representation, LRR)™ FlIHL X} ff %
78 (block diagonal representation. BDR)™™ . BrhieZ5E 5 X [ 26 7% H0 B4 it R Bk FIRR B 20 01, X 4% 40 1K
I 278 Z 1t in— S0P 20 o DL B & 1B 28R 5 2R JRE B 1) — BOPE Y . Chen 585 X A RRHE BE
R A 7 A P B HL e 0 e R[] st it in B X f 29 R Zhang 885K AL I 1 2 8 R ) A A At
F18) T 5 5 o R VS A 370 R I 0 33X 6 P A1 3R 7R R W i SRR Bk 2 o Sy A LB s 50 90 ) MR S T R R R
LMELSH . Zhang VR T 4 ] — A S EL SRR, EERR DT AR
A SCHRE33 JFIETE R R W22 ST R P i SR B AR L vk, 1 JH 22 3% He b 22 N 4% 2 o) T8 52 4 i T A 3R s
Lu 88545 B A A0 ] 2 2 222 0 — SO e 320 DL SRS I B R T R, ARSI A LI R 1
T TE R R RN I A AL IR 2 i — SO A R EAT PR R L, R R ) B NER R ARG BUE A i X
XL TE KRR HEAT A ik, Wang S0 B2 ) 5 A B 23 B R 2K, R H 2808 5 B2 2 AR
IR R o SRS IAS Rl & Bl A P P 30 45— 1) TR b R AT i SR 2. — S8y ik 4t 0 2% I L 11 1) ) R 1Y
—FH AR REEA TR, Cao %P7 H] H Hilbert-Schmidt 2 7 #4: 4 M ( Hilbert-Schmidt independence
criterion, HSICM/E N ZREME IE 30, {H K % 18 2 00 K A0 —80tk. Wang 2505 7 [ R Z 18] 5] AW i 5
FF AR Z2 B TE 5T, 5 249 3R A 0 1 B A ] i SR KR /R A B, ZE LR A 1, Chen %8 7E ] —
KRR AL [ HSIC VR Z R 290, TR i A L B 3L S SRR A5 2R ek 40-41] WK 3 3%
N3 B 2 P e 2 1) — B R K AR AL IR E B A 3RS s AR — B s AR E R B e B A [5) i
Y. Wang S5HH 2 5] — AL VR AR 58 £ 25 ], 51 A S8 A A B 24 R0 7 22 7R FRE BRI 22 1]
AR

RE FRITEE— e BiE T 2K R, BT oma ZMEMER ., PR
RV H AT 2 L R BT 10 48 L A SO 2 00 B o ST 1A R E I B B 3R R
W, K5 S8 A 3E W IAL A 2] — A Z2 AL 2R A SRR R . O el IR R 3R R SR 2 A S A A
SIPARR R LR, ROV AT A& N mA IR A R i 2 9 & 7 =5 (8] % 2K (adaptive weighted
consensus self-representation for multi-view subspace clustering, AWCR-MSC). 7 SCA R L2 H K]
HERY . HE R MBS G UGS RS B A5 — AL, =M, ARRiEd A
T WA 2] 3 BEAS [ A HEAT AR R R A 15 B RS 15 30 A% SRR P g R S R R R I S R R RO
[R5 2], DT B b 4 T SR 2R M RE.
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1.1 FEEX
XAERAE A, 1A, A LA 5P 5IRR A W5 JCR . B ifrma, 5 dlma, AT R A
BOJA| SRR A WA TCEBE A, #5 A . W tr(A) R A 1, diag(A) RR XML E
Hi N IUEN AR AR, SERE AL, U
lAll,=>]1A,],

lall. = [>a5,

[ﬂ% x=(x1 2, v""xn)Te R E,‘J l’féﬁﬂ‘j

Fxlly =211,
J

Il = [STa.

1IER"F/RITTRALRE 1 WA, 1€ RX?‘%%Q@{E%EM‘ NTH5AREROEREB, A 5B
Hadamard f1 A©OB = EA,-,-B,,. AZ=0 KR A WA TR

GE—HAE VAU Z R (X X s HP S o DB BRE X, € R, n HHEAR
NG d, R X BRFEER, X R 3 o DREIYER ¢ DREAREE. (Z) . Zy ) RS Y A SRR A
e, K Z, € R, 0=1,2,+,V. Q=(qys+q,)" € {0, 1} R PrA tLIEE [ ARG R, ¢
REANE, q, €001 A% ) DREARRENSE. RUEEBMEARR T HUS T—402, W g (84
HEA A0 1, fH508 1 80 A4 e RO IZRE AR B9 250, R4 Q 75 2 A9 B 32 34 15 @ 19 45- 8

. 1 2 A . \ o= s
j‘j@ij:? H q.—4q; H év ﬁ?ﬁ ls] /|\1E$Z[§j»jla‘]#§'§, Jrl'J @ij:o7 IZI<JI_\IIJ @Uzl

1.2 ZHREF=ERE
Bl 9 A 2R SR A8 25 18] p A RO S0 AT DL i s ) Al Bl R e A s s, X TR
X, HAFREAA

Frobenius Jo %8 4

2-{EHCH

X, =XZ,+E,, @)
Hpz, e R NAFRER, E,€ ROy AFRRIRZSRME A, FET A FRm 2018 725 W R0 A b
PR B AT A

min > (®(E,) +2(Z,)), )
v=1

s. t. diag(Z,) =0,
Hp oY EERERIRESMERS, QC ) RIENIN, A>0 FFM28. FFH A 2R 8 KA 2 AL S
FE S 1 — M A=k

.
s:%Z(\z,{,H\z;{'\). (3)
v=1

I 7 XoF 2 R RE R IV AT % R 2R A B SR 2R 4G
1.3 ERM%/—HEENKLEREFTEEE
R A7 B L2 PRV BCEE 0 BAME B BRI/ — 2ok 4k 2 R 45 8] 2R 28 (exclusivity-consistency
regularized multi-view subspace clustering, ECMSC)" X} Z M ¥ A £ /RFEFE S A T — A F b 15 1
TENIE, Ik A AR 2 2] — A L [R] 0 SRS HR R FERE . AT T AN R A IR AR R
v
min (>JCIE | +alz 1D +2220z. 0+ 20610},

Q.2 a2y, LT

wWFEY (4)
s.t. X, =XZ,+E,, diag(Z,)=0, Q'0=I,
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HET 20 s oA A 2 UL 1 T B B U R I 500 5 S 7 R — 5 O
2 REREMK

2.1 FxEH

ECMSCH™ 2 ] 2% 90 R 8 19 W 1 227 R P I R T B e OF D00 35045 %80 20 i 22 W0 L) B R
H A5 bR £ (O 1Y Je S5 — A IE IR ] Z2 0018 A R 2 ) — BUR REEFR R 4 FE. BB R G £
MR A KR, RAE A Ros 4 e b il -G 2 ORI F B . AR SCHE Hh X T A FE AR T 2 901 1 B 3R i i
3 W I8 2 ] — AN SR IR A ROR M 2. A E AN ERN A RREE Z, € R (v=1,
2500 VO DA S A 3 AN 22 1R P SR B 27 R O AR A Sy

min>) 12 —ZA, |2,

2 (5)

s.t. diag(Z) =0, A; >0, A'l1=1,
Hrp: Z e R HZHERMHARREHFZ WS 9 Z, € R HH o DE ARREREZ, 5 5,
v=1,2,.Vs Z;=[Zy;+ 2y JERV R i MRERFANE A RROPE: | Z—2A, |} FRH
550 DR ITAMLIE A SRR A€ R R R IEAT I & R P T7 iR % s A(AT, Az, LA
€ Ry Fir A3 ACEE AL ) A6 B 38 ik b 7 SO0 Z L A R 3R AT Rl T A R0 B 2 00 IR R B
F .

% ECMSC 7 & 5 A 302 2] 4 WL 2 B B 1 3575 R R 01 R FH 6L T D) 937 221 i 22 0 1
M AEASCR I (5) 2% 2 3G AL Y 22 00 B 330 3 RoR 5 FE . A 3R B RoR 7 2] BEHE R
FERE, 13 35S AL .

Zr;;@gg{Z( I X, —xz i talz lD+p2 12020 +y25 12 ~2ZA ;9200 .} .

: o Y o (6)
s. t. diag(Z,) =0, diag(Z)=0, AZ>=0, Afl1=1, Q'Q0-=I,

FROMFEET A E N IR A R 1 2 WK 7 25 8] B 28 (adaptive weighted consensus self-representation
for multi-view subspace clustering, AWCR-MSO).

ARSI VR R BEA SIS+ o 2 L PR M 2 57 4 L IR 5 0 B 1 % O S 401 4 L6 A
PE . et 40 B 4 E R L A 2R s B B ) AN R E 30 SR 05 A =X (5) 2% ) 1 38 AL Y 2 40 ] 3
WA KR, JFA IR A 3Rom 52 ) Fir A AL L [R) 1 SRR FR 7R S M. JEAHEZR AN 18] 1 s,
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Fig. 1 Basic framework of proposed model
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2.2.1 E¥H Z,
EE Z,A,.Q, T Z, FnEH

n

\4 \4
min{ 231X, =Xz, |t +alz, Il D+p2 12,021 +r25 1z —ZA, | 3},
v v=1

e = (7)
s. t. diag(Z,) =0.
A ADMM Bk (D 3EAT R A . 51 A ST AS /' C, T, R R LA
A% A% n
Z;%iﬁ,{,Z;( Ix,—x.C. It +alzlloD+p Z} lz.0z. |, +y2, |z —JaA It}
e e - (8)
s.t. C,=Z,—diag(Z,), C,=J,,
Hh g, = dv) € RS i MREA T A WLIE [ FR BPHE. RS Y Lagrange pRECH

\% \%4 n
L(Z,.C,.J,.Y.,.Y.) = >, (X, —XC, | i +elZ | D+ 120z |, +7>) 1z —JA |} +
v=1 w=1 i=1

vFEwW
j (9)
.

Hrp Y, MY, A Lagrange &, >0 HRETISE. T IR R (9 43 R LA F ) B 17 38 8 T 3.
D Z, +[n) .
il g HAh AR &, LPam (O h s Z, JEOCrmi, R h R8T C9) 78 A 1 ) 2 4 7 e A 0, BT AXT T 5
LA

2
+

F

v
fg—z (Hc — 7, + diag(Z,) +
v=1 M

Y.,
C,—J.+—
)7

2
minfa | 2.1, +p) 12,021, +15—C,(,Z,‘,+diag(zv)+l;“ }. (10)
z, w7 v F
[A] B (10) i i g
ZI‘ :S(ﬁrﬁz ‘Zu' | ) /e (CU _’_Y/;h/] ’ Z,U :ZU - dlag(z‘,) ’ (11)
wFv
Horp S [ Il A 7.
2) C, ByFIn] .
& E b AR i, ZPM SO P C, TR, S FRMIUE, §
2 2
min{ Il X, —X.C, || % +Ji(HCU —Z, + diag(Z) +& + HC —J. +Y2” )} (12)
c, 2 wolle #ole
[) &8 (12) A P =X
C,=(X!X,+puD! [XT,XU + fzi(zv +J, — diag(Z,)) — %(Ylv +Yzl,)] . (13)
3) J, T [a) @,
[ HAL AR &, KBRS OF S J, BRI,
n Vv P
min(y 2 12 —Ja; i+ 4 2 e —g.+7%) 1, (1)
v i=1 v=1 F

W ) 1) fai Ak

Ye } (15)
F

M
HAr CoJ, Yo 52, BRI, S9N DRERMBTA Cu s d. Yoo FIBFHE. A B15) [ B A% K%L
FTF I, SR T 0, FIAR M (15) Y AT R
J.=QyZA! +uC. +Y,) QYA AL + D) (16)
BHE T, (=12, ) i, BT s, BEE o SIBHEEAR 51 T .
) Y, Y o Fl e 15 [R] .
Lagrange 5. Y, F1 Y., AT 3 a5k A A0 B 1 T30 B

n}in{y |z —JA; |} +J§—E, —J. +
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Y., =Y.+ ulC,—Z,+ diag(Z,)),
Y., =Y., +pu(C, —J.,) (17)

s =min{ s troax | »

Hor o ALK e h e ATHCEN Y S KA

i1 RB(H ADMM KR8k,

%ﬁ/\: %*%@ﬁﬁ{xl a"'vXV}v %%ﬁ Cos %%ﬁ 017397;

. _ o 1N v oA

Wl 2. =2, Co=J =2, Z=1; 212, Y1, =Ys, =0, A=
v=1

[0:1.1, 5:10 39 1 :Oa tlmg;ngo;

i Zs
while WS S 41 R W 2 B do
D FHXADEF Z, 5
2) FIH=RA3)EH C,;
3) FIH A6 EH J,;
O FHAKXADFEH Y s Yoo ps
5) KA IS || C, — Z, + diag(Z) | - < e,
6) t,=t +1;
) if 1 =t
break
end if
end while.
.2 EFHZ
W Z,,A.Q, XT Z T n8A

mzin{yz 1z —ZA: i+l zo0 | i
i=1

s. t. diag(Z) =0.

B AOFAL, X Z W% 5. A
min{y | Z —ZA; | i+l zO6 |},
[a] J5(19) B fif Ry
Z: =S, cpe (ZA),
FIMZ:(i=1,2,-- 0785 Z.
Z=7—diag(Z).
2.2.3 EIHIA
EE Z,.2.Q, BEIXLT AWMFHE, ST ANFE ., A
min || Z —ZA: |1,

s. t. A;}Oa

G =2Z1"—Z,, ¥ a8 22) 540K

min | GA; || §,
A

s.t. A; =0,

[R] BB (23) B fi K

A; =

Hrz A,;<<0, 4 A; =0,

lc,—J. Il . <e;

_ (GG
T1GIFGH '

lv><,,9 y2 :O. 25’ Mmax — 106 ’

(18

a9

20

2D

(22)

(23

2P
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2.2.4 E#HQ
EE Z,.Z.A, =T Q WFInE K
inn lzoO | .

(25)
s.t. Q'0=1,
HH A X
12001, =33 12,1} e —a 1] =" L. 26)
Hop L=diag(ZD —Z, DALY
min(QQ",L),
0 27

s.t. Q"Q=1.
[ R (27) 1) g vl 3 3ok 3 SR 2845 3, LR Q M L M TT ¢ A SR/ INRRAE (B X R 14 R AT ) i 2H AR,
Hobe WA, BIGH Q 1 K-Means B YL A HIA . fiih B 45 R,
g5 b ARSCHER RS A R
Bk 2 KB AWCR-MSC H%8 2.
A ZREBE (X X ) BEB . B8 a. By

.
WAL Z.—Z,. 0—(1, 0 - 0>,,X4.,c?,:Ji,:zwz:%Ezv,Y],‘,:Ym,:o,Az%lvx,,,
v=1

2=0.25, pro=10%, p=1.1, e=10"", £,=0, t1n =30, T=0, Ty =203
. BARER 0
D FHEE 1 EH Z,;
2) FAKX Q). COEH Z;
3) MAKXCOHEH A;
4) IR CTEH Q;
5) KA s & 107 —Q" || . <le;
6) T=T+41;
D if T=T,,.
break
end if

end while.

3 ZWKRERSH

3.1 EWigE
.11 #H#EE
HVE A AWCR MSC 5395 547 80bE , 5290 % 1 6 9 111 % BLIEECHE &+ BBC, BBCSport.
ORL,MSRC-v1,3Sources il 20newsgroups. 4584558 M5 itHE 25 TFE 1.
1 SUBRHBERER

Table 1 Multi-view dataset information

B 4k FEA KL eIl Ak L] o i
BBC 685 5 4 (4 659,4 633,4 665,4 684)
BBCSport 544 5 2 (3 183,3 203)
ORL 400 40 3 (4 096,3 304,6 750)
MSRC-v1 210 7 5 (24.576,512,256,254)
3Sources 169 6 3 (3 560,3 631,3 068)

20newsgroups 500 5 3 (2 000,2 000,2 000)
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BBC: %84 5 & M\ BBC Wl - R75 0 — 4187 i, L 2 225 A3y, #W & 5 > F-L, A
il HZ B T4, th 685 A SCRYAN 4 MR EI 4. BBCSport: & — /MAE B W4, BF
5 A F G, AL45 M 2004 4F-—2005 4EFE BBC 1K & M uh I 4 19 544 5 SCfF. ORL. i 8HE &
40 B 400 5K AR EUR . BAS NERA 10 5k AN [) 9 T AR, 3 2 RGO 78 A [m] B TRl 40 45 1Y . Bl DG
2 T 5 I R AN T R AR AL T A8 Ak, MSRC-v1 . % EREt 7 SRR 210 SRIFRH K, X 7 4
YRSy HER . B, KL Ui ABS L IRE R AT 4. 3Sources: JE— T EAIEE, W6 N E
B, R, BOA L R, AR RE B . A 169 RS CEE . ¥ BBC. (TR ) RN E A = AR )
B, 20newsgroups: J&— B4 SCRIEIRAE . B 5 A EBA AL, 2L 500 NS0k, A 3 Bl ik 3 Uy vk
A2 L3 AN [A] R AIE 4R
3.1.2 b7 kA 4R AT

F gl AWCR-MSC 8Bk A 3, ASCH 5T AR 9 FAH ¢ I ik #1718
DIMSCH", ECMSCH* , MVGLP®, MLRSSC™, MSC _ TAS*, CDD"", FGL-MSC™!, FLMSC"!",
JSMC™', FfEH 6 ANUNTT & FH A R ETE 48 45 FL A R 33 8 i PEfE . F-score. Precision, Recall, IH
— AL EAF B (NMD | IE# (ACC) A 28 A2 E(ARD. X P 45 b5 1 BUETE R 0~1, HEALE
A VEN R AR AR T 1, R SRR by
3.1.3 ZH%E

AT 4 DS a. By Moy, AP EKI FREL S « W REFEN
{0.001,0.01,0. 1.1}, B.y Fl g WY EYEHE K {0.001,0.01,0.1.1,10.100,1 000} » HENZH (a.8.7. 7
15 P 4 BBC, BBCSport, ORL, MSRC-v1, 3Sources, 20newsgroups HYJ &% i % & 4 % 5 (1,100, 100,
0.001),(1,100,1 000,0. 01),(0.1,10,10,0.1),¢0.1,0.1,10,0.1),(0.1,10,10,0.1),(1,10,10,
0.01). XFTXF b7 ik, X SC iR A 45 A slAR 9 28 35 R B S 8 DL R AT e AR A5 . R Ir i L S 4L
JG s WA SO BN L R E R B AT 10 K, R iIE S E YA bR 2. LIRS — 1 MATLAB 2018a
Hiffi Fif Inter(R) Core(TM) i5-8250U CPU @ 1. 60 GHz 1 8 GB RAM [ 4b 3 2% 52 BY.
3.2 LHHER
3.2.1 REZ R

ARICT7 L GX T RTE 6 B LI REL RN TR 2~K 7. MR 2~R 7AW, EHA
BAREE L, A SO VA I R ER A FR AR AR T X by vk, AR SO iR ECMISC #B6 JR B RS 52 1Y B & 7R 2R
T B A DU IR 5 R IR 30, (A AR S Bk 5 ECMSC B AR ] 2. ECMSC KA % & 2 MKk A
FoR s A SCGE S H S A 2] 2RI R B ROR . BRGNS T 20 B FRos . A S %
P fE S ECMSC M LA B & 1 5.

®2 AEFEEHEEBBC LHBERER
Table 2 Clustering results of different methods on BBC dataset

WIRES NMI ACC ARI F-score Precision Recall
DiMSC 0. 82040. 000 0.93740. 000 0. 85340. 000 0. 88740. 000 0.89140. 000 0.88440. 000
ECMSC 0.04740.009  0.30840.028  0.008%0.018  0.32240.017  0.23920.009  0.497=0. 064
MVGL 0.12620.000  0.3644-0.000  0.00620.000  0.37574-0.000  0.237220.000  0.8997-0.000

MLRSSC ~ 0.761740.036  0.888=40.074  0.788=40.073  0.837240.056  0.845740.053  0.830=0. 061
MSC_IAS  0.63240.001  0.82040.001  0.64740.002  0.72840.001  0.74140.001  0.71520.002
CDD 0.563740.037  0.6894-0.024  0.3810.049  0.5734-0.030  0.43470.030  0.8444-0.014
FGL-MSC 0.56540. 000 0.796=40. 000 0.56240. 000 0.67040. 000 0.63640. 000 0.708=40. 000
FLMSC 0.75840.000  0.91240.000  0.79240.000  0.84140.000  0.83620.000  0.847=0. 000
JSMC 0.75020.000  0.6734-0.000  0.56020.000  0.58974-0.000  0.5462=0.000  0.640==0.000
AWCR-MSC 0.83740.002 0.94740. 000 0.87240.002 0.90240. 001 0.90440. 001 0.90040. 002
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®3 ANEFEEHIESE BBCSport LHRELER
Table 3 Clustering results of different methods on BBCSport dataset
Ik NMI ACC ARI F-score Precision Recall
DIMSC 0.762740.000  0.87940.000  0.794740.000  0.844+0.000 0.83240.000 0.856+0.000
ECMSC 0.57740.008  0.70740.014  0.47940.000 0.617+0.004  0.55640.014  0.696+0.032
MVGL 0.196+0. 000 0.401+0. 000 0.042+0. 000 0.402=+0. 000 0.255+0. 000 0.942=+0. 000
MILRSSC 0.72740.008  0.8334+0.027  0.72740.016  0.792+0.011  0.79140.023  0.794+0.007
MSC_IAS 0.60140.034 0.7674+0.029  0.57540.057 0.682+0.042  0.64640.053  0.725+0.052
CDD 0.58740.118  0.557£0.089  0.321+0.131 0.55340.072  0.393£0.069  0.95240.006
FGL-MSC  0.564+0.005 0.73840.004  0.514+0.009  0.64940.006  0.559+0.009  0.77340.000
FLMSC 0.541£0.011  0.690%+0.006  0.407%0.010  0.564+0.006  0.50740.008 0.636+0.003
JSMC 0.67940.000  0.779£0.000  0.661+0.000 0.74740.000  0.70040.000  0.801=£0.000
AWCR-MSC 0.80140.000 0.928=+0. 000 0.826=+0.000 0.867+0. 000 0. 885+0. 000 0.850+0. 000
R4 FTRFAEEHIEE ORL LHRELER
Table 4 Clustering results of different methods on ORL dataset
ViRrS NMI ACC ARI F-score Precision Recall
DIMSC 0.94040.003  0.838+0.001 0.80240.000  0.807£0.003  0.764+0.012 0.856740.004
ECMSC 0.94740.009  0.854#+0.011  0.810£0.012 0.821+0.015 0.78340.008  0.859+0.012
MVGL 0.888+0.000  0.7404+0.000  0.45140.000  0.468+0.000  0.32940.000  0.814+0.000
MLRSSC 0.901£0.017  0.7754+0.037  0.713£0.046  0.720+0.037  0.67440.052  0.772+0.038
MSC_IAS 0.93940.007  0.8454+0.005  0.806+0.009 0.802+0.010 0.7724+0.011  0.851+0.013
CDD 0.846=+0.003  0.62740.014  0.31140.037 0.335+0.035 0.21540.032 0.781+0.016
FGL-MSC  0.89740.000  0.82740.000  0.744+0.000 0.75040.000  0.73940.000  0.761+0.000
FLMSC 0.87940.013  0.746+0.025 0.656+0.030 0.66440.029 0.61740.032  0.719+0.029
JSMC 0.91240.000  0.8254+0.000  0.75540.000 0.761+0.000 0.70840.000  0.822+0.000
AWCR-MSC 0.93440.010  0.873£0.019  0.820+0.026  0.82440.025 0.802+0.030  0.84840.021
R5 FAEFEEHEE MSRC-vl EHRELER
Table 5 Clustering results of different methods on MSRC-v1 dataset
7 NMI ACC ARI F-score Precision Recall
DiMSC 0.609=+0. 000 0.67140. 000 0.510%£0. 000 0.578+0. 000 0.575+0. 000 0.582=+0. 000
ECMSC 0.749+0. 000 0.819=+0. 000 0.69140. 000 0.73540. 000 0.724=40.000 0.747+0. 000
MVGL 0.76140.000  0.85240.000  0.68640.000 0.731+0.000 0.70840.000  0.75540.000
MLRSSC 0.68540.029  0.796+0.049  0.615+0.044  0.66940.037 0.66340.042 0.676+0.033
MSC_IAS 0.75740.007  0.79140.021  0.668+0.014 0.717+0.011  0.67240.019  0.769+0.019
CDD 0.770£0.010  0.8284+0.061  0.70040.042 0.744+0.034  0.70440.061  0.765+0.018
FGL-MSC  0.751+0.020 0.74140.024  0.633+0.030 0.68940.024  0.624+0.030 0.76940.015
FLMSC 0.602+0. 000 0.724=+0.000 0.519+0. 000 0.588+0. 000 0.572+0. 000 0. 604=+0. 000
JSMC 0.600+0.000  0.6814+0.000  0.49840.000 0.569+0.000  0.55740.000  0.582+0.000
AWCR-MSC 0. 775%40. 000 0.857+0. 000 0.72740.000 0.765240. 000 0.760+0. 000 0.770%+0. 000
K6 ANEFEELHMEE 3Sources FHIBRER
Table 6 Clustering results of different methods on 3Sources dataset
RS NMI ACC ARI F-score Precision Recall
DIMSC 0.70240.021  0.7894+0.011  0.66040.009  0.741+0.009  0.71140.007  0.778+0.007
ECMSC 0.533+0.012  0.6444+0.018  0.368+0.019  0.558+0.015  0.43040.008 0.796+0.036
MVGL 0.231£0.025 0.4214+0.018 0.01840.012  0.344+0.015  0.24240.007 0.617+0.106
MILRSSC 0.58940.025  0.67240.051 0.53740.060  0.63540.050  0.693+£0.050  0.58940.061
MSC_IAS 0.62640.036  0.576+0.039  0.451+0.047  0.55840.038  0.664740.048 0.481+0.031
CDD 0.55140.003  0.6584+0.002  0.33940.004  0.535+0.002  0.42040.003  0.737+0.000
FGL-MSC  0.608+0.000 0.72240.000  0.508+0.000  0.64640.000  0.533£0.000  0.82240.000
FLMSC 0.694=+0. 000 0.745+0.002 0.592+0.002 0.680+0.002 0.736+0.002 0.632+0.002
JSMC 0.700=£0.000  0.7754+0.000  0.64040.000 0.7174+0.000 0.77640.000  0.667+0.000
AWCR-MSC 0.70340.000 0.828=+0. 000 0.670%£0. 000 0.742=+0. 000 0. 788=+0. 000 0.70140. 000
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Table 7 Clustering results of different methods on 20 newsgroups dataset

Tk NMI ACC ARI F-score Precision Recall
DiMSC 0. 800+0. 000 0.797+0.002 0.73240.000 0.786=+0. 000 0. 765240. 000 0.809+0.001
ECMSC 0.770+0. 000 0.914=+0. 000 0.799+0. 000 0.839+0. 000 0.838+0.000 0.840+0. 000
MVGL 0.184=+0. 000 0.262=+0.000 0.014=0. 000 0.329+0. 000 0.204=+0. 000 0. 848+0. 000

MILRSSC 0.923+0. 065 0.890+0. 129 0.875+0.133 0.903+0.103 0.865+0.149 0.951+0. 042
MSC_IAS 0.898+0.012 0.966+0. 004 0.917+0.010 0.933+0.008 0.933+0.008 0.934+0.008
CDD 0.91740.007 0.974+0.003 0.935240. 007 0.948=0. 006 0.94740. 006 0.94940. 005
FGL-MSC 0.7014£0. 000 0.880+0. 000 0.728+0. 000 0.782+0. 000 0.7794£0. 000 0. 785+0. 000
FLMSC 0. 780=0. 000 0.91240. 000 0.79740. 000 0.83740. 000 0. 836=+0. 000 0. 838=+0. 000
JSMC 0.601=0. 000 0.592+0. 000 0. 37820. 000 0.54120. 000 0.41020. 000 0.79220. 000
AWCR-MSC 0.98640. 000 0.996+0. 000 0.990+0. 000 0.992=+0. 000 0.992+0. 000 0.992=+0. 000
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Table 8 Clustering effect of different views on ORL dataset

PG| NMI ACC ARI F-score Precision Recall
Viewl 0.283+0.000 0.035+0.000 0.005+0.000 0.049=+0.000 0.025=+0.000 0.900=+0.000
View?2 0.283+0.000 0.03540.000 0.00540.000 0.049=+0.000 0.0252%0.000 0.900=F0.000
View3 0.283+0.000 0.035+0.000 0.005+0.000 0.049+0.000 0.025+0.000 0.900=F0.000
Viewl+ View2 0.922+0.007 0.830+0.020 0.769+0.020 0.775+0.020 0.736=+0.026 0.818=+0.015
View2+ View3 0.930£0.006 0.852+0.015 0.799+£0.017 0.804=+0.017 0.764=+0.021 0.840F0.014
Viewl+ View3 0.834£0.009 0.709+£0.024 0.593+£0.024 0.603+£0.023 0.571£0.027 0.6382£0.019
Viewl +View2+View3 0.93440.010 0.87340.019 0.82040.026 0.824=40.025 0.802+0.030 0.848+0.021
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Table 9 Ablation experiment results on BBC dataset
7 NMI ACC ARI F-score Precision Recall
a=0 0.031+0. 000 0.331+0. 000 0.000=+0. 000 0.3794+0. 000 0.234=40.000 0.988=+0. 000
p=0 0.820+0.002  0.9384+0.000  0.85740.002  0.890+0.001 0.893+0.002  0.88840.001
Y=0 0.031+0. 000 0.33140. 000 0.0004£0. 000 0.379+0. 000 0.234=+0.000 0. 988+0. 000
7=0 0.82940.001 0.94340.000  0.867+0.002  0.898+0.001 0.90240.000  0.894+0.002
AWC-MSC  0.837+0.002  0.94740.000  0.872+0.002  0.90240.001 0.904=+0. 001 0.900=+0. 002
R 10 HiEL ORL LHERMLBER
Table 10 Ablation experiment results on ORL dataset
i NMI ACC ARI F-score Precision Recall
a=0 0.860+0.010 0.760+0.023 0.653+0.024 0.661+0.024 0.635+0.025 0.690+0. 022
p=0 0.92840.006  0.810+0.021 0.77340.019  0.778+0.019 0.73240.006  0.831+0.011
=0 0.283+0.000  0.03540.000  0.00540.000  0.049+0.000  0.02540.000  0.900+0.000
7=0 0.92240.011 0.8244+0.021 0.76740.027  0.773£0.027  0.729+0.031 0.8237+0. 024
AWC-MSC  0.93440.010  0.87340.019 0.82040.026  0.824+0.025 0.80240.030  0.848+0.021
3.2.5 B ST

K5 A SCRETE 6 A Bdi 5 BB B SIS B0, B 5 AT DL, AR SCRY R ARRE AR T i i i Sk

R, A EARB R I, R 2EBWHGE T 0 HARFRRRE

AR BAESE B AR SO IEAE 20 kAR



%2 W K, S BT AE NI AR89 2 0 A A R 2R 525

B 1 3 55 (ET L. 800 -

GEPEA. 6 IS SREEIRNT T daon

FMPERIZRERE (5 B DU B R RO P, Al B = H 05t

2 —— Hdi4i20newsgroups

FAR T A HI SR T R, Fropsk 2

TEER M RR S UE TEMEE % £

FEARY Ay 22 W0 1R B8t 2 ) & P IR 28 I i B 7R R .

e x5 R R 1 B ) 5 R AT GE > 4 6 8 10 12 14 16 18 2

TUASE A, RITRERIReED 2 s

BLEICIR A FOR R, JERIIEIA o5 T R Fig. 5 Nulmejr:ical[convergence of pr'oposed'El I

PR, R XA SCRERLSE T — 4> 20 8 e/ algorithm on six datasets

FE. E . 1R 6 AE R 2B BRI T SE8e . JF S 9 R SCOTIEBEAT X L, S5IRERIT, AT

Ji vk B R RE AL,

& X X W

[1] YANG Y, WANG H. Multi-view Clustering: A Survey [J]. Big Data Mining and Analytics, 2018, 1(2):
83-107.

[2] OJALA T, PIETIKAINEN M, MAENPAA T. Multiresolution Gray Scale and Rotation Invariant Texture
Classification with Local Binary Patterns [ J]. IEEE Transactions on Pattern Analysis and Machine Intelligence,
2002, 24(7) . 971-987.

[ 3] LOWE D G. Distinctive Image Features from Scale-Invariant Keypoints [ J]. International Journal of Computer
Vision, 2004, 60; 91-110.

[ 4] DALAL N, TRIGGS B. Histograms of Oriented Gradients for Human Detection [C]//2005 IEEE Computer
Society Conference on Computer Vision and Pattern Recognition (CVPR’05). Piscataway, NJ: IEEE, 2005:
886-893.

[5] ZHUP F, HUI B Y, ZHANG C Q. et al. Multi-view Deep Subspace Clustering Networks [ EB/OL ].
(2019-08-06)[2023-05-011. https://arxiv. org/abs/1901. 08978.

[6] LIUJW, XIE HJ, LU R K, et al. Multi-view Subspace Adaptive Learning via Autoencoder and Attention
[EB/OLJ. (2022-01-01)[2023-06-10]. https://arxiv. org/abs/2201.00171.

[7] FANSH, WANG X. SHI C, et al. One2multi Graph Autoencoder for Multi-view Graph Clustering [C]//
Proceedings of the Web Conference 2020. New York: ACM, 2020. 3070-3076.

[8] XIA W, WANG S, YANG M. et al. Multi-view Graph Embedding Clustering Network: Joint Self-supervision
and Block Diagonal Representation [J]. Neural Networks, 2022, 145: 1-9.

[9] KUMAR A, DAUME H. A Co-training Approach for Multi-view Spectral Clustering [ C]//Proceedings of the
28th International Conference on Machine Learning (ICML-11). New York: ACM, 2011: 393-400.

[10] KUMAR A, RAI P, DAUME H. Co-regularized Multi-view Spectral Clustering [ C]//Proceedings of the 24th
International Conference on Neural Information Processing Systems. [S.1. ]: NIPS, 2011: 1-9.

[11] YE YK, LIUX W, YIN J P, et al. Co-regularized Kernel K-Means for Multi-view Clustering [C]//2016 23rd
International Conference on Pattern Recognition (ICPR). Piscataway., NJ: IEEE. 2016. 1583-1588.

[12] APPICE A, MALERBA D. A Co-training Strategy for Multiple View Clustering in Process Mining [J]. IEEE
Transactions on Services Computing, 2015, 9(6) . 832-845.

[13] LIUJ Y, LIU X W, XIONG J, et al. Optimal Neighborhood Multiple Kernel Clustering with Adaptive Local
Kernels [J]. IEEE Transactions on Knowledge and Data Engineering, 2020, 34(6) . 2872-2885.

[14] ZHANG P R, YANG Y, PENG B, et al. Multi-view Clustering Algorithm Based on Variable Weight and MKL
[C]//International Joint Conference on Rough Sets. Berlin: Springer International Publishing, 2017: 599-610.

[15] LIU X W, DOU Y, YIN J P, et al. Multiple Kernel K-Means Clustering with Matrix-Induced Regularization

[C]//Proceedings of the AAAI Conference on Artificial Intelligence. New York: ACM, 2016. 1888-1894.



526

oMK A R (B 2R RO 563 %

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

(25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

TANJ P, YANG Z J. CHENG Y Q. et al. SRAGL-AWCL: A Two-Step Multi-view Clustering via Sparse
Representation and Adaptive Weighted Cooperative Learning [J]. Pattern Recognition, 2021, 117. 107987-1-
107987-12.

LIUJ L. WANG C. GAO J, et al. Multi-view Clustering via Joint Nonnegative Matrix Factorization [ C]//
Proceedings of the 2013 SIAM International Conference on Data Mining. Society for Industrial and Applied
Mathematics. [S.1. ]: SIAM, 2013: 252-260.

HE M J, YANG Y. WANG H J. Learning Latent Features for Multi-view Clustering based on NMF [C]//
International Joint Conference on Rough Sets. Berlin: Springer International Publishing, 2016 459-469.

OU W H, YUS]J, LI G, et al. Multi-view Non-negative Matrix Factorization by Patch Alignment Framework
with View Consistency [J]. Neurocomputing, 2016, 204: 116-124.

ZHAN K, ZHANG C Q, GUAN J P, et al. Graph Learning for Multiview Clustering [ J]. IEEE Transactions on
Cybernetics, 2017, 48(10): 2887-2895.

LIY Q. NIE F P, HUANG H, et al. Large-Scale Multi-view Spectral Clustering via Bipartite Graph [C]//
Proceedings of the AAAI Conference on Artificial Intelligence. Palo Alto: AAAI, 2015: 2750-2756.

LI Z L, TANG C, LIU X W, et al. Consensus Graph Learning for Multi-view Clustering [ J]. IEEE Transactions
on Multimedia, 2021, 24. 2461-2472.

ZOU X, TANG C, ZHENG X, et al. Inclusivity Induced Adaptive Graph Learning for Multi-view Clustering [J].
Knowledge-Based Systems, 2023, 267 110424-1-110424-11.

SHI J B, MALIK J. Normalized Cuts and Image Segmentation [ J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2000, 22(8) . 888-905.

EIHAMIFAR E, VIDAL R. Sparse Subspace Clustering: Algorithm, Theory, and Applications [J]. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 2013, 35(11) . 2765-2781.

LIUGC, LIN Z C, YAN S C, et al. Robust Recovery of Subspace Structures by Low-Rank Representation [J].
IEEE Transactions on Pattern Analysis and Machine Intelligence, 2012, 35(1): 171-184.

LUC Y, FENG J S, LIN Z C, et al. Subspace Clustering by Block Diagonal Representation [J]. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 2018, 41(2): 487-501.

BRBIC M, KOPRIVA 1. Multi-view Low-Rank Sparse Subspace Clustering [J]. Pattern Recognition, 2018, 73:
247-258.

LIN S X, ZHONG G, SHU T. Simultaneously Learning Feature-Wise Weights and Local Structures for Multi-
view Subspace Clustering [J]. Knowledge-Based Systems, 2020, 205: 106280-1-106280-13.

CHEN H Z, WANG W W, LUO S S. Coupled Block Diagonal Regularization for Multi-view Subspace Clustering
[J]. Data Mining and Knowledge Discovery, 2022, 36(5): 1787-1814.

ZHANG G Y, HUANG D, WANG C D. Facilitated Low-Rank Multi-view Subspace Clustering [J]. Knowledge-
Based Systems, 2023, 260: 110141-1-110141-12.

ZHANG C Q, HU Q H, FU H Z, et al. Latent Multi-view Subspace Clustering [ C]//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition. Piscataway. NJ: IEEE. 2017, 4279-4287.

ZHANG C Q. FU H Z., HU Q H. et al. Generalized Latent Multi-view Subspace Clustering [J]. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 2018, 42(1): 86-99.

LUR K, LIU J W, LIU Z Y, et al. Partially Latent Factors Based Multi-view Subspace Learning []].
Computational Intelligence, 2022, 38(5): 1772-1801.

WANG Y D. PEI X B, ZHAN H X. Fine-Grained Graph Learning for Multi-view Subspace Clustering [J]. IEEE
Transactions on Emerging Topics in Computational Intelligence, 2023, 8(4): 2804-2815.

QIN Y L, FENG G R, REN Y L, et al. Consistency-Induced Multiview Subspace Clustering [J]. IEEE
Transactions on Cybernetics, 2022, 53(2): 832-844.

CAO X C, ZHANG C Q. FU H Z. et al. Diversity-Induced Multi-view Subspace Clustering [ C]//Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition. Piscataway, NJ: IEEE, 2015. 586-594.
WANG X B, GUO X J, LEI Z, et al. Exclusivity-Consistency Regularized Multi-view Subspace Clustering [C]//

Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. Piscataway, NJ: IEEE, 2017



%2 K, S BT AE NI AR89 2 0 A A R 2R 527

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

(48]

[49]

[50]

[51]

923-931.

CHEN H Z, TAI X C, WANG W W. Multi-view Subspace Clustering with Inter-Cluster Consistency and Intra-
Cluster Diversity among Views [J]. Applied Intelligence, 2022, 52: 9239-9255.

LUO SR, ZHANG C Q, ZHANG W, et al. Consistent and Specific Multi-view Subspace Clustering [ C]//
Proceedings of the AAAI Conference on Artificial Intelligence. New York: ACM, 2018. 3730-3737.

HUANG S D, TSANG I W, XU Z L, et al. CDD: Multi-view Subspace Clustering via Cross-view Diversity
Detection [ C]//Proceedings of the 29th ACM International Conference on Multimedia. New York: ACM, 2021
2308-2316.

SI X M, YIN Q Y, ZHAO X J, et al. Consistent and Diverse Multi-view Subspace Clustering with Structure
Constraint [J]. Pattern Recognition, 2022, 121: 108196-1-108196-15.

CAI X S, HUANG D, ZHANG G Y. et al. Seeking Commonness and Inconsistencies: A Jointly Smoothed
Approach to Multi-view Subspace Clustering [J]. Information Fusion, 2023, 91: 364-375.

WANG X B, LEI Z, GUO X J. et al. Multi-view Subspace Clustering with Intactness-Aware Similarity [J].
Pattern Recognition, 2019, 88: 50-63.

WANG S H, WANG Y, LU G F, et al. Mixed Structure Low-Rank Representation for Multi-view Subspace
Clustering [J]. Applied Intelligence, 2023, 53: 18470-18487.

TR, (TR B, AF. BT RO T R RO 1 R ) A IR A ) (0. TSR ALAR L 2025, 51(2) . 387-396.
(ZHANG X P, HE D, YANG M, et al. Nucleus Segmentation Based on Maultiscale Attention and Data
Augmentation [J]. Computer Engineering, 2025, 51(2): 387-396. )

JAS . MR TBARE. AL T =00 AR RBP4 R A (], IFSHL TR, 2025, 51(1) ¢ 20-30.
(ZHOU Y, XIE W, KWONG T W, et al. Reconstruction of Video Snapshot Compressive Imaging Based on
Triple Self-Attention [J]. Computer Engineering, 2025, 51(1): 20-30.)

IR ZE, 2 e, RIARBE, SF. AR T AL TR AT I WU H AR S AR AR AL [T, VLIRS R (A ARBERRD
2025, 46(1): 64-72. (GU ZJ, YEJ W, LIU C B, et al. Anomaly Detection Model of Semi-supervised LLog Based
on Kernel Principal Component Analysis [J]. Journal of Jiangsu University (Natural Science Edition), 2025,
46(1): 64-72.)

Wty . BORS, IhEEEL BT WSRO UGB RS b 2k A I BUE RS AR ROk [T W MRR ¥R
(M2 [0, 2024, 54 (5): 1696-1710. (XU Y Y, SHANG Y D, SUN J G. A Preconditioned Generalized
Successive Over-Relaxation Iterative Method for the Numerical Green’ s Function Method [J]. Journal of Jilin
University (Earth Science Edition), 2024, 54(5): 1696-1710.)

IS E, R, TR Schatten p- 38 B EIE [J]. ZRALI R4 (A RBZ M, 2023, 55(4): 1-8.
(REN F G, HE ] Q. Remarks on the Schatten p-Norm of Matrices [J]. Journal of Northeast Normal University
(Natural Science Edition), 2023, 55(4): 1-8.)

BOYD S. PARIKH N. CHU E, et al. Distributed Optimization and Statistical Learning via the Alternating
Direction Method of Multipliers [J]. Foundations and Trends in Machine Learning, 2011, 3(1): 1-122.

U4 3 o)



