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Abstract Compared to single-view learning, multi-view learning can often obtain more
comprehensive information about the learning object. Therefore, in the field of unsupervised
learning, multi-view clustering has received great attention from researchers. Among them,

graph based multi-view clustering has made great research progress in recent years. Graph based
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multi-view clustering generally involves learning similar graphs from the raw data of each view,
and then fusing similar graphs between views to obtain the final clustering result. Therefore, the
effectiveness of multi-view clustering is determined by the quality of similar graphs and the fusion
method of similar graphs. However, existing graph based multi-view clustering methods almost
all focus on the fusion of similar graphs between views, and lack attention to the quality of similar
graphs themselves. Most of these methods learn similar graphs in isolation from the raw data of
each view, and keep the similar graphs unchanged in the subsequent graph fusion process. The
similarity graph obtained in this way inevitably contains noise and redundant information, which in
turn affects subsequent graph fusion and clustering. The existing a small amount of studies that
consider the quality of similarity graphs either directly iterate the construction of similarity graphs
and graph fusion processes, or use rank constraints to further initializes in advance during the
predefined similarity graph process, or utilizes some underlying structures of similarity graphs to
obtain the fused graph. These methods have very little improvement in the quality of similarity
graph, so the final clustering performance improvement is also very limited. At the same time,
the existing graph based multi-view clustering process lacks comprehensive consideration of
consistency and inconsistency between views, which will also seriously affect the final multi-view
clustering performance. In order to avoid the adverse effects of low-quality predefined similarity
graphs on clustering results, and to comprehensively consider the consistency and inconsistency
between views to improve the final clustering effect, this paper proposes a multi-view clustering
method based on adaptive similarity graph joint optimization (AJO-MVC). Firstly, the
Hadamard product is used to obtain high-quality consistency information between views, and then
the predefined similarity graphs of each view are compared with this information to reconstruct the
preset similarity graphs for each view. This process strengthens the consistency between different
views and weakens the inconsistency. Secondly, a joint iterative optimization framework for
similar graph reconstruction and graph fusion is designed to achieve adaptive improvement of
similar graphs, ultimately achieving a joint improvement of similar graphs and clustering results.
This AJO-MVC method combines the process of improving similar graphs with the process of
graph fusion for adaptive iterative optimization, and continuously strengthens the consistency
between views and weakens the inconsistency between views during the iterative optimization. In
addition, this AJO-MVC method proposed in this paper also integrates some advantages of
existing multi-view clustering methods, such as self-weighting and no need for additional
clustering steps. The effectiveness and superiority of our AJO-MVC method have been fully
validated through experiments on nine benchmark datasets with eight comparison methods.

Keywords multi-view clustering; similar graph; adaptive optimization; graph fusion; self-
weighting
= 0 E ) L T R R T
=

Wt R Bl 5 T BEAY 2 0 EL I IR ) i L [
— X R ] LN A BE AT R R ARk . 20
PR R 1 B A L T B — LA 2R 2 T 1
AT AR A 0 G 3 A 45 B . R T B o ) 4
B ZEERIEZ B TR E RS . A2
PP B 2 B B A BT D)4 Oy O S B [ A

i 2P SR b 3 T R Y 2 I SR 2K 05 1 A
FRS R R e Z I R R Z 732
R E R . AR SCE TR TR 2 R
e .

LA TR R Z IR R Z 2 1) 2 RIE,
IEEFE T RZSUFCR - BRI R T R 20
BRI T 1 L1 SR F A T il A b T 14



312 B b R 2024 4F
G AR B FEAR TR —— T AR ke = e AL B 3E B Bt , e 25K S AR R SR 2 2
XA SR B Ty ek A ) B 2 M EE B R FE[E TR

WK AR B0 A 22— T TR S ST b ) 3 A B
AITIUE SCRILIET, OF HLBUE SOR LR — 287 A2 L e )
WAHRUE X EAGHA . B RESCR |
FHACL Pt MR UL P& il D i 3[R e 19 . 24 0k
TR IR 7 PR o el P s I A A 3 ) AL
AN E 5 2 b 220 1 A AS )RR AR, G 2 B 52 )
AR LAY i, DT R0 f 2 SRR 25 R Rk
Ao A PP ] AR AL BT B9 7 12 SR MR 2
32 3 PR E R L IX 2 S B S AN [ A 400 4 #H A
P B AT SRR RE 2 B R

WA AT Z A B 2807 1 L T-AR RG22
18] A4 — P e = 08 T 40 P ) — S RS — ok
Y L5& 2% . Nie 55 A B S22, Jr06 %o B2 £
T MR VB A T LU i 7 0 R — B R ek
32 AT T 50 ) AN T 5 AN A R L e 1
Liang % A\t —BWFFE 4 . R FE LA ] —SorE
JEVRERT IH s 20 B Wk S8R AT B [] A =% A ] ] —
FPEFIA— A T LA — A5 9 v £ M 7 s AR
SRR AL P J5 e A R e A R A SR AR )

25575 AL IR ) — oA — B p AR AL T
P 1 22 R 1 SR 2 5 1) AR A9 e 4 M, (EZ R AEAR
JRH S B — 28 Z2 A0 SR T7 1] A 3005 (A4 e A
1 Meng 25 N\ ARLAR 21 24 1] 22 BB X S 4 K dl
(4 SRR SRVE BT 75 SR SO R 75 (Y 2R RIS Xu
SENUHE AR A AR B B AR A B RRIE S (1)
T AT Z A0 — SO AL 2 SR A Sl SR e
RESZ SR o 17 A] A HEE 2 8t S mes 1) P i A 4L )
AR TR AL B 59 2R P A5 Rt A T 2R 2R
Hu 55 KB 007 8675 18 T 200 iy — Btk il
FME .

N T AR T i TIUE SCRE LR SRR A5 R A A
FIFENE L LK 255 7% JE A P 1] — Bk 5 A — Btk
P THR A REHOR A SCBT T — & AL
A Ak 1 22 0 BT 5 28 J7 ¥ (Multi-View Clustering
based on Adaptive similarity graph Joint Optimization).
AR T — T LATR] 2 A P ) — o AR —
B Ofe e R AH R IR BT Y 7 i BAORTF
Hadamard B 34T L1 18] g o — BOvE R 05 8
PR A TIUE SCREARLPE AL AR 705 B b, S A 45
PRI A T AR LA . xS R sk 125 AL 1R E] A
— BT A 35 4 T AR —EE S A . R T A
AL Pl B g e A P 5 R R AU ARE SR, Sl T

BN AR BTRR AT DABERS R

(1) 5T 5 Al A0 P& ) — 0 55 A A — Bk i J
AL PR T AT g o — B A R A AR DL A
(4 75 95 o A5 2% A B0 IET B0 AR AL IS 14502 S A
AR

(2B 1 AR ARk P& g s A Pl il 5 3B 5 G AL AE
20, SCHUARL P f) i 7 A

(3R T — i T iy 3 T Pl ) Z2 A IR SR 2T
% AT LU A S AR 22 ) Ge— 181 O 4%
TEGE— 8] AR R A R

(DOTE IR B RS R Y] TiZRE
TIERA R, BF TRk

2 MXIE

TR A 2 00 R A R R A
B B — A AR R AR AR A, T ] R A fer 41 ]
a4 €/ vk Ty L PN S I S pe w oy e N DAESTE
B SR B DEAR AR P A5 P A AR L P R B A B
AAE R 1A AR AR R AT R R R TR A
BT ER Z I ERIIEA TR NP 1R

BT TR A 2 LR R A e 1]

Chaudhuri F1 Niu 48 A4 H 7 35 T BLRUAH OC 4
GIEZINCSE £y R AV WIS & L Ny
TR BT R N ] S B 2 IR SR 2 A T R
MIERER - AN 7 Rl 2o 8 v 18 2% AN [R) PR 51 1)
HEEMEZET  Nie G AHB T XS AN Z K %2
Tk BT A EE 2 5 S T RIS
I R AT AR AH RO B S T BN R 2D
BA R B AR R L RORA R T, B
Nie 25 Nt —25 80T T —Fiz F Bk 20 o) B 421 K



2 AR S B VRN S SE N T ITE Z VI S5 313

At BRI I R AR RN A 2 W B R Ty
L S R e B 2 R A A Y
WF5E 7= 1 A2 7 ¥k, Liang 25 A AR B2 6] ft 2B
R T —Fh 2B RN G — BB 2= T HER,
W] DUAE— B R 1 551k M s D R ARG o e 4K
P BEAR e S A RIS MERE R 2 . SCHRC 17 T4
T — RS AU Z2 0 R 251k . Wang 58 A
FEk T ILFR A AR 3 F B 2 0 E R 2K 07
B K Ty R A Rl A R P SR T AN R
I EE M5 AT EIMNORIS R ffke T2
I Pl A o A R A A 1 — BB {HL 5k 2 Ty v AR T
A 75 i T AR RL P A B T N de A R AR
AN

Wang 55 A\ 25 5 T 97 4 AHARL I T 8 X 3R 5 25
FRSE IR BT T — ik A A AR AL AT DA o 3R 25 1
AE A R il & 05 157, Zhan 258 BT T 2t S
S TR A AL T 5 3 A [ T 7 i S AL ]
B S 0 — IR Bk Ok i — 2D W R A 8] R ) Pk
AT AN, Zhan 58 AR H — 2656 T 240
PELESCHE Y TR JIC T2 S5 40 i (B, O ELAR Bl SR i
TET AR A SRS i . H i 22 0 1 SR 2K Y el 45 4y
B AR LR R R LR AE 22 R AT )
F 38 I 25 R g B AR R By ik B A AL
5 RN P A ad AR BRI T AR AR B ATE T E
FERL PR Ao 2 4 i 1) FH B 9 Rt — 2w i Ak, 224
R AR B AR AE 1 — 28I 2 S5 R R AR Bl 5[]
(8, X ARBLIED 1B A el i, B 2 R SRR I 3 T
WA AR .

BEXF 3R T s AR AE 1 )8, AR SCHE T AJO-
MVC 5k . #EJa 820 s . ik oy okl pk it
ERXF T . LIS R HWER T AJO-MVC
=R R NS B 1 I T e S R s 9 K

M DL K AT Y 22 LI SR I T3 T A A 1 T
I R RE R R .

3 AMEEBERLSNERE

LG T ARSCUR AT L IF XA S0 el ]
(1 Z A RIAT 5 AT HIE .

x1 HSRGIHER

Symbol Definition

X FHERE

X o) it

X it

X; FERE 5 | 51

X; FERE 1Y £ 35T

Tr(X) X 1936

[1X1 X f) Frobenius yi. 4%
X; )i x A5 N5 H
[1X7]p l,— norm

1 AR

1 FAAE R 1 R5 1 4

B 2 45 1 T A SCHE 1 ATO-MVC 5503k 1 HE
20 EEATE AR AR AR A 3 A A A
KIEM M Z KRG . Z KRG BAT P h B2 )
A ARG IR B 2 BT FE A8 1 SE AR B
KIG - 26 2 AR AR ABL L, [R] B 2R 47 AR L 1] il
G I a TERA TG AL I I B A iR 2%
3.1 HUEEE

XEFEA m A E B 2 0B S 4 Rk
XL, X" BRmEm AMAE Xo={a}, -,
2 VERY T F R v W Y Bl Horp o, J2 R
R NSNS R TD % €N (R -y G e e 1 o e
RLET SR FH SR 12 T i 5tk 1 4k B 53« 3080 o

K2 AJO-MVCREMERL PR 32253 A RT3 B=F 30 BB AR fRA] i >F3 2y S R el AL P R P il VR 45 DA



314 B b R 2024 4F
Z A FHAE 2 5, AR 32 2 o X A ABE S5 ] AR Sy B3 o5 ) TTICE TGS BN R R S© I F AL R . B A

AR + s 55 e o TE] A B 0 2 GO O . X ML R T
BEIMARHEAL 1T s7 = 1R AT M B 29 0 LI Ohy sl 47
- FUAR SRR P 5 — 300 BT AR 5, mT LA 2 5K
fip LU ARG

n n
min > |bei — xjls; - a > i3
S Lj=1 i=1

sit. Yo, s =0,57=0,1"s;=1 @D)
{SY}FRIR S, «++, §™ IR R BP0 B 0 ST ) 1
AYARARLIE . T TR AE T Rl G o 5 v o6 251400 1] 1 AH
A AT OCHK , [RIA eledE AT .
3.2 BEHUEEHHENSERSE
T 5l F Hadamard B2k 32 BOCAS [R]AH 0L (1] 7%
e B i A — B AR B
G=1]".s (2
11 Fn F 5180 Hadamard 2 . B G AH AR & 0
NN SR EAE G X ERAE BAR AR AN R AR
[B] By — 2 MR B IF H G 58 N EE LR [R] 1)
AN AR B AR B G A s B o LA
fi) v o — BUHEE R
FEF R A AP B s A U A 5L G
TR B 1 400 ] ) 3 0 o — BOME A 8 EA T X b E A T
A7 AR AL I P AR SMEA R . AFARL I v 5156 1 A Ji
U e AR A5 A B T ARV TR — SRRy T
REMEAE B . X 5Ll S AHRLE S G X R A4S L
G R B AT — DR AL ¢, TS G HE
B2 R I R AT — D BN AR ¢, X
t, € R TAE LA R Ay S HE A T B B S AN 1)
1K A L AR S A B A A R () i 2 AN
FE T e R . SR A X AN A E A R 52 B 9315 AH A
P A B A i A A R T ] — 50 » 55 Ak APl TR AR — 2K
PEAT L DTS2 30X AH BL BT A i . ax B 7, ] LAGE
i TR

11111

min > s — Gl +2 |2,
v—=1

sid. 1,20 3
A5 0, ¥E AT 0 — M e, =1. [ B 31 A B
SV ST L. (R T L FIE

77777

min 3 Sl — G, + 8 3 D

s w,;=0,1"t,=1 4
SRAG A AL B AL AR B T e R™ " m S AH
LA K n AR L AE B . AR RS LR W AR e v

(ELREL R W% JT o) g ()RR ARL 1] 53 e AR i Pt P s
ASHRBL R AT AT 249 SR o ) 3 Ay RO A L 3k
SEIE L T —UARARL IR Y S A DL R i . SRAS I T2
Ja AT L T IE R EROR
SY}:<VU, s5=0,5;=0,1"s] = 1.)(Vv,j)sz-s}’ (&))

A LAE B R T AR it i 72 (4) L (5) 72
AT RAPHAT 2200 0 5 1 HLA [] 0% J5 R4 Y80y ok 1 55
RAEF W SA AR . BT EHA RS ER A
T2 RO L AR SORF A AR AL IR RS i AR TR
B RRARGE G TR ST RS 0 R [R] i 52 95 2
YRR PR A 1A E

DR A LE B E R, R R B A
Gi—MEHEUeR . FIHMEPIES, -, S"115&
4 — KM U e R Al LI o ff e LA [ RS .

m
min > U — S°x
v v=1

m
=min >, J/||lU— S}
u v=1

s u; =0, I"u, =1 (6)
XHEA W, KR 5 o MR RO . A
] LIt UL 2 B E shif e
1

EE1P. HEW,= AN6)
2JIIU—S°|I
N TR A
min ;W.UIIU — S
st uy;=0,I"u,= 1 D)

FR A 1, R FRA TR B SR A (D).

INRCDIBARRE B RIS A 3 ok IkAN
B8 3 A 5 — 8 U BY Laplacian 55 B4 L 35 in— >k
ZY, R IA B — HARROR . a0 R B U AR 1
(), R 2 A B 207

EI2.  F UM Laplacian 4[4 L =L, B4 LU
TR

(DL X FRE 0 46 B . PR, L% T A R AE
(AR SR AR Y L I B LA — & n NS
TEAZ HYRHE ]

(DLI=0, i1 =[1,--, 1], K 0 J& L Y
RFAEAEL » 1 2 AH R ()RR AIE )

OWRUA r AW LF r 5T 0
(AR .

FE 2 A UE B DL SCHRL 28 . J8 i e R 2, ] L
HIE A0 5 rank (L) =n—c [A] 0 c=r B MR 4 U 7]



2 AR S B VRN S SE N T ITE Z VI S5 315

PAEAZRN 3R o 4
ZE M2 K, X BN A R rank(L,)=
n— cEAK(DH . FARYE Ky Fan's @ #™, f
Z;'Zlv,-(LU): min Tr(H'L,H) (8

HeR"H'H=I

DT FARERROE R s
min WU~ S+ 27 Te(H Lo H)

sit. 55 =0,5;=0,1"s;=1,u,; =0,

I'w=1,H H=1I €D

Moy B KB, AR R
S o (Lo)=0. £ ek, 3 40 MR
TE KT e I, FoATT RT3 s s v by e A
ISR Rg— I UK S T e A% s . A
TR B 2530 53R e A

F T SRR AL P T A S0 AR 0L P i 5 iR AT
A X BB — 87 1 BCA DL AEZE  AH A
V] A A i ) A 2 A TR Tl AL IR o AT e T
HEAT IR A i R — R e R SRR 45 R
T FE T30 5 SIS 4 2RO ) W 75 AN i PR AT A
IR EA . AT SRITH DO ERR . 4548
K DOFCY) , ZH0 ] B AL FFl -5 30 o A e LA A
ORI -

11111

min > s — Gt +8 D) Dl

v=1j—1 v=1j=1
b min ZWUHU* S+ 2yTr(H"L,H)
U H

st ty;=0,1"t, =1, u;,=0, I'u,=1, HHH=1
10
T FELAEE AR P S o R AR L ] 5 o
WA BT ANl P AR B2 I AR B AT 45 2

4 BEML

4.1 2X)BmK

X T AR AR 4 753 RIA 30D AT 1A
A 2D X TR R A RS Y R ]
PLRE (DA R T

n
min szf —x|l3s5 + allsil3
57 =1
s, sy=0,5,=0,1"si=1 (1D

AP ey — 2 |FH dRos  IFdE— 224 d,
PR A B N ILR RN dy IRIRTR

ITT LA AR (LD AT R e
min 5+ 5

si.s5=0,1"si=1 12

X BTGB ) B RN AEEAE N 57 o 224

SR ECE XA ] DL B A B DR SR
Pl A RS I H R BT LS

d,' .
L(si,n,0)= Hs,”r;”i —(I"s)—1)—p"s(13)
a

P Karush-Kuhn-Tucker 4% 148 3% 1115 2] 24
2 C13) P e A fitt

S 7
s,,—( 20(—0—77)+ 14
L dyyy ey diy NN RHES B . R R 2901 &%
Hrtsi=1. FlTH
Za—ﬁ—zj}“:ldij

G (O M A A % & sy A A AEE JT
EXE AL =N E Y|

k 1
a:EdMH —52]?:161{, (16)
I EIRIE ML R =W
Clll.v/rkl_i[fj ) jgk
Sp= kd, 1_2,‘1:16{1’/, s GVD)

0 . HA

SRIG AT LA 1 A 2 (1) WAL a A Ed
ST RSB
4.2 AR10)HHEKL

T E A e 8 89 B A AR R R A A — il
(1 BRI ) P 3 B i AR 1 Bk ALK A X (10D 43
SAFE. BRI

(DA URHFEE 3 TS

UM H [ g B, 3 B G ERTEB4y  J5
HERCREAEAR W . AR WX T E
S A AR H R ST Y L PR (O AT DA AR

min > 5 — Gllt, + Ale
st t;=0,1"t,= 1 (18)

FH b, =Isy — Gl i — 245 b, %R R —A4>
M, BRI R R RN b, RIE AKX A8 AT
DAL T

) b,
min HLﬁﬁllz



316 it "

E 2024 4

s w,;=0,1"t, =1 (19

T L ) R Y AN ) S v b GRELRE B A

LR &Ry, F7 227 2 A n-1 N HEF A WAL E 1) &

t o n RS S AU 4ERE X B S G AR

) n-1 N BEAT TS T 220 2 51 v 5 S S AN AH

L F . 3 B [R) R, T DA Pl st P A ol ™, e

P23 219D I AT LSRG A e 24 X (12) 1 3 L B
n—1 1

B 5 17,-,,,*EE_;’:@-},%WE%Z’F}HQ&E&(19)
PR I ) f
bl <,
ty=1(n=1)b, = >0 b (20)
0, HAty

FESRFUEIE I T )5 » FR A2 25D F A )
PSR L AERE [ T VR BL I SRS 21 1 SR

(2OPREF TR H 52 508 U AW

T HH [ E R LA~ A0 54 LR
B

min >0 ) W, (u,— ;) + 2y Tr(H' L H )

v=114j=1

sito uy;=0,I"u,= 1 2D

. 1 2 .

K TH LeH)==>) | hi—h | w 25 R

2 isj 2
CDBAIERRHA
min > >3 W (uy — sy X Ihi— hjllu,
v=1ij=1 Lj=1
st u; =0, I"u,=1 22)

Mz e o, 5 6, — M, FATE R
o=k, — k|5, FIBPKE p, 7R Ryl . B 5 ST
RN p,. RIG AKX 2T LR IE R

min 3,57+ ﬁ il
st u;=0,I"u,=1 (23)

AN DRI 2 A

TR U Z 5 » F5405 A€ 2 1 Ao AE 4L A
W E AT HHT

OPREF TR U, o H

TETH U B ERTET A H s R T ok
TR

m}}n Tr(H"LyH)
st H'H=TI (24)

38 12 SCHK[ 29 TH X6 F B 89 Laplacian &5 B (1) AF
FEn] LAVAIIE . S R 2O B H Jeifi v Lo ) N/
FEAEARNS D Y ¢ I RRAE [ 2 A i

B L4 0 T [RIRE (10D LA Kk i Y = A~ F [l #
g R A . SR TR = A )y ) 15 B Y 4
—ELBA oA X R R A A

Bkl MOKERSESEE

BN ARG A RLELS, -, ST SEREIECEE ¢, AT
IRIESH .

B e RS U

1 BEGIN

2 FEA R EHALE W, = 1/m;

3 LS, e, ST W IR AL Uy H S (24)
AR

4 WHILE Sk 2 o ik B i KRB do
[E % HA U, @ A 020) #(5)

B THS.

6 [ 7 TF0 H o 38 8 220 (23) e
B H U AW

7 [ TAIU, B35 H. Bl 8T L1
MR/ NVFFIE ] B AL

8 END

9 END

B A AH AL P B S T8] 52 2% B2l O Gmnkd)  Hovp
fe = BB J WA H0 s m 2 IR AN o 2 m A LR D i
ROFFIEEL . TB THLS BB R 52 2% BE R O Gnnk) .
BEORACE U A W RN 8] 52 2% B2 2 O Gnn®) . B8 H
(OIS ] 52 2% HE R OCen®) o ¢ RSB . 76 T 8T 21k
JE A A DU A I 1) 52 2 Sy

()(mn/ed + (mnk 4 mn* + an)l>

PR bt e dERIE TN T 0 RIS AN
S IAE T A SRR B I [E] S 44 L B O ().

17 25 [1) A2 2% J3 D = 2 Oy Ay 3 1) T AH 1L P A
GBI OCGn+1Dn).

5 XWERSHH

FEAT g Sl — A A T 4ok LR R
AL AJO-MVC B I PATRHOR IR Pk — 20 H
JUA BB SR Sk i PR BE . SE B PR S
J& AMD R7-5800H 4k B #% . 16 GB N 17« Windows
11 #:4E 2 % f MATLAB R2016a FF & & . X T
AJO-MVC, AN TH i 2 5k K% 8 R 15, X 2R
ZINENEONE . S8y VIR AT E N 1 X (EAE
RAEAEE P RSB A SR fE R R EAR
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B B 2N T PRIE S I8 I 2 T DL L S 5
B SR ZHBORRF RS T ik —2 . Xk
I SBORE B PR T JRAE 13 B s A A
BRINIR B, 45 % HU B30 B9 AR A, 2 o A o T
Fefit .
5.1 ANIHIBELE
TwoMoon A T 54k 4 v A4~ 1L B 2 A il —
A ZEEZE ARG BT A 5SS,
WAV T 0. 12%6 Wy BEHL = 3T 7S . 525645 5 an
ERE

P&l 3Ca) FHIET 3Ce) 2 ML i S i » 14 3(b)
5518 3CH SR P P S5 50tk o oz A s A ABLIT
ATRLE B BT A 52 # A AN 2 50 0 £ UM
P ARME . B 3o 5 3(g) AR B 1 gt
JEAS BN A AR LR % I 3Ch) 55 3CH £ S5 A AH B
L AT DLk B — AN [R) 2 [ AH % 42 1 340 © el 5 (55
) T i LA [ A S B AR ER  OF HOH 864
SPNGE . X R TR 1 AR e R
e i 38 3 A PR B b o3 B8 T AN A 5 I 3(dD
HE 3(h .
5.2 BEXHIEXE

R T NGETE SRR A SRR H A AJO-MVC
22 0 R 07 1 1 P BB Rt AR S A LA LS
FHREAE RS EHE T, 5\ F O iR T A

JNASKE HE T 43 ) SEMC™(2022) JMSGL™
(2021) .GMC™(2020) .GBS-ko'(2019) . ASMV""
(2018) « MVGL™ (2018) . MCGC™ (2019) #I
CONANPY(2021). Ry T $% i 52 56 P 68 L 10 2
FEE L XF HE O s CONAN ST JLAF AR B 25 i)
k.

2 2 R B A 0 AR AR L X S B AR SR R T
ANE Z NS 0§ E i A I IR e N
Sz b R RS B B (ACC)  H— AL B 45 B (NMD .

K3 AJO-MVC 7 TowMoon £ 5 |- 1 325625

PRI 5 1 2% fE 48 K (ARD) LA K F-score PS5 Fn i
HRIOMERE . N T R BE B X SE B0 45 R
el o B R AE AT 10 IR, S 24 45 A0 G H8 Fn 1
BIEFARAEZE .

F3~F 6 BN T 4% by 1A 1E B e 4R
SR S T B BT AR R 25 L Gk RAK 1Y
WS, ATV H LU 255

(DA A AJO-MVC 5 ¥ B4 TR E

F2 HEHEEMEERER

A/ S HA MK % d, d, d, d, d; d; A
HW 2000 6 10 216 76 64 6 240 47  UCIAEfiE)%E
HW2sources 2000 2 10 784 256 MNIST . USPS -5 4
100leaves 1600 3 100 64 64 64 100 R AT G 15 BAEA
NGs 500 3 5 2000 2000 2000 500/~ P 28 SCRY £ B
BBC 685 4 5 4659 4633 4665 4684 BBC 7 ] I 335 5 4 19 685 453 SCAA- 4L Ak,
BBCSport 544 2 5 3183 3203 BBC K E W3l A 11 544 4y SCAF 4 Ak,
3sources 169 3 6 3560 3631 3068 BBC B2 4 AT i 1 169 25557 i 2H AL
Hdigit 10000 2 10 784 256 MNIST.USPS F5#F
ALOI_100 10800 3 100 77 13 64 AFIOG R f B R IR
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RAMERE . DAY 45 ARG Wi b R B T A SC AJO-
chﬁﬁmgﬁﬁﬁwgmg%%ﬁ%.m%T
AR SC ) B A S AT AR e A R 2 g

(2) 5 A Mo AL B ek i ) GBS-ko Fll MSGL
FH L o A SCHE AR 4Bl itk 1 ATO-MVC Bk R 2%
PERETE 4 . SL 0 45 RO AT A UM AY L 3 EPIE 148 3C
| 55 R0 X T AR RL [ A A IR 23 AT . AR SCE T
sef Ak A P ) — 0 55 AR — Bk i AR 2 TR

NN

AP A BB PR RS AR Y . S256 45
B, 33 DA F A R TR 1 A i S AT 88

(3) 5 A FE S22 v AR AL I T £ 19 75 75 MIVGLL .
GMC.ASMV H Lt , L5045 R R WA L AJO-MVC
J5 B T AR el it A R E R e L X A2 T
FATB T T SB35 R G AR AL T A 3R DA AE
DL KRl [ O AL BLJG T A AL IR Je it
180 .

AP S

R3 BIEFTEEANELHIEE EACCHMERELLE

ACC(Y) GBS-ko GMC MVGL ASMV MSGL SFMC MCGC CONAN AJO-MVC
3sources 69.23(0.00) 69.23(0.00) 30.77(0.00) 33.73(0.00) 34.50(1.81) 36.09(0.00) 30.12(0.19) 29.41(3.13) 69.82 (0.00)
BBC 69. 34 (0.00) 69.34(0.00) 35.04(0.00) 33.72(0.00) 32.34(1.35) 33.28(0.00) 32.85(0.00) -. - (-. ) 72.26 (0. 00)
BBCSport  80.70(0.00) 80.70(0.00) 39.15(0.00) 39.28(0.27) 35.20(1.30) 36.03(0.00) 38.05(0.00) -. - (-.-) 81.25(0.00)
HW 88.10(0.00) 88.20(0.00) 85.30(0.00) 70.13(2.45) 67.53(4.50) 74.15(0.00) 97.10 (0. 00) 65.42(6.68) 88.25(0.00)
HW2sources 99.40 (0. 00) 99.40 (0.00) 97.95(0.00) 74.20(0.00) 69.53(7.82) 97.90(0.00) 39.55(0.00) 37.26(7.31) 99.50 (0. 00)
NGs 98.20(0.00) 98.20(0.00) 22.80(0.00) 22.80(0.41) 21.86(3.10) 20.60 (0.00) 23.80(0.00) 33.42(1.64) 98.60 (0.00)
100leaves 82.44(0.00) 82.37(0.00) 81.06(0.00) 79.06(0.10) —-. - (=. =) 70.88(0.00) 74.26(0.93) 19.39(1.33) 82.56 (0. 00)
Hdigit 99.81(0.00) 99.81(0.00) 99.58(0.00) 75.19(0.00) -. - (=. =) 99.24(0.00) 42.64(0.00) 66.87(9.86) 99.87 (0. 00)
ALOI_100  65.71(0.00) 65.16(0.00) 45.47(0.00) 39.44(0.15) 14.63(1.68) 62.96 (0.00) 25.30(0.00) 13.66 (1.56) 67. 03 (0. 00)
Average 83.66 (0.00) 83.60(0.00) 59.68(0.00) 51.95(0.37) 39.37(3.08) 59.01(0.00) 44.86(0.12) 38.82(4.61) 84.34 (0. 00)

F4 BWLFEEANELEIESE L NMIBERELLE

NMI(%%) GBS-ko GMC MVGL ASMV MSGL SFMC MCGC CONAN AJO-MVC
3sources 62.16 (0.00) 62.16(0.00) 10.34(0.00) 8.96(0.00) 6.67(1.97) 12.28(0.00) 7.50(0.02) 7.81(1.20)  64.39 (0. 00)
BBC 56. 28 (0.00) 56.28(0.00) 6.62(0.00) 3.48(0.00) 1.40(0.27) 2.77(0.00) 1.12(0.00) -.- (-.-) 61.14(0.00)
BBCSport  76.00(0.00) 76.00(0.00) 8.85(0.00) 10.85(1.90) 0.91(0.16)  2.39(0.00) 3.81(0.00) -.- (-.-) 76.92(0.00)
HW 90. 11 (0. 00) 90. 50 (0.00) 90.55(0.00) 72.29 (0.66) 71.43(2.70) 84.22(0.00) 93.31(0.00) 63.89 (5.27) 90.73(0.00)
HW2sources 98.53(0.00) 98.53(0.00) 95.00 (0.00) 87.38(0.01) 63.97(3.82) 94.84(0.00) 47.26(0.00) 27.61(6.95) 98.76 (0. 00)
NGs 93.92(0.00) 93.92(0.00) 7.54(0.00) 6.62(0.73) 3.30(3.67) 1.55(0.00) 4.11(0.00) 8.47(1.43) 95.31 (0.00)
100leaves 93.43(0.00) 92.92(0.00) 90.09 (0.00) 90.09(0.02) -. - (-.-) 86.33(0.00) 83.69(0.51) 48.21(1.40) 93.57 (0. 00)
Hdigit 99. 39 (0.00) 99.39(0.00) 98.66 (0.00) 89.32(0.01) = (=.-)97.63(0.00) 47.34(0.00) 68.80(9.46) 99.57 (0. 00)
ALOI 100 75.59 (0.00) 76.08(0.00) 61.46 (0.00) 61.75(0.24) 38.64(1.79) 74.13(0.00) 35.89(0.00) 40.94(0.52) 76.12 (0. 00)
Average 82.83(0.00) 82.86(0.00) 52.13(0.00) 47.86 (0.40) 26.62(2.05) 50.68 (0.00) 36.01(0.06) 38.01(3.87) 84.06 (0. 00)

RS BWMUFAEEANELHIES L ARIBERELLE
ARI(%) GBS-ko GMC MVGL ASMV MSGL SFMC MCGC CONAN  AJO-MVC
3sources 44.31(0.00) 44.31(0.00) -3.38(0.00) -2.11(0.00) 3.07(2.19)  3.75(0.00) -3.76(0.06) 2.36(1.25)  46.28 (0. 00)
BBC 47.89(0.00) 47.89(0.00) 0.24(0.00) 0.18(0.00) 0.07 (0.43)  0.37(0.00) -0.22(0.00) -. - (-. ) 50.94 (0. 00)
BBCSport  72.18(0.00) 72.18(0.00) 1.89(0.00) 2.75(0.69) 2.60(0.28)  0.51(0.00) 1.70(0.00) ~-. - (-. ) 73.99 (0. 00)
HW 84.99 (0.00) 85.02(0.00) 83.13(0.00) 57.46(2.70) 59.25(4.58) 62.55(0.00) 93.64 (0.00) 50.60 (7.33) 85.44 (0.00)
HW2sources 98.67 (0.00) 98.67 (0.00) 95.51(0.00) 74.34(0.02) 51.98(6.81) 95.37(0.00) 32.88(0.00) 18.58(6.57) 98.89 (0.00)
NGs 95.54 (0.00) 95.54(0.00) 0.25(0.00) 0.28(0.07) 0.58(1.37) 0.00(0.00) 0.32(0.00) 6.01(1.09) 96.54 (0. 00)
100leaves 57.11(0.00) 49.74(0.00) 51.55(0.00) 61.04(0.38) —. - (-. -) 34.54(0.00) 40.67(1.91) 5.99(1.04)  57.59 (0. 00)
Hdigit 99. 58 (0.00) 99.58(0.00) 99.07 (0.00) 76.19(0.00) -. - (-. -) 98.32(0.00) 33.32(0.00) 56.36(11.86) 99.71 (0. 00)
ALOI 100 9.67(0.00) 10.27(0.00) 2.78(0.00) 3.58(0.10) 7.41(0.92) 9.44(0.00) 2.58(0.00) 8.08(1.44)  10.40 (0. 00)
Average 67.78(0.00) 67.03(0.00) 36.78(0.00) 30.42(0.44) 17.85(2.37) 33.88(0.00) 22.35(0.22) 21.62 (4.48) 68. 86 (0. 00)
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F6 BXEFEEANTEZHIEE L F-score HITERELLEE

F-score( %) GBS-ko GMC MVGL ASMV MSGL SFMC MCGC CONAN AJO-MVC

3sources 60. 47 (0.00) 60.47(0.00) 34.17(0.00) 35.28(0.00) 37.48(6.88) 39.46(0.00) 33.71(0.04) 17.69(2.37) 61.81 (0. 00)
BBC 63.33(0.00) 63.33(0.00) 37.49(0.00) 37.81(0.00) 36.87 (1.92) 38.06(0.00) 37.65(0.00) —. - (~. -) 65.30 (0. 00)
BBCSport  79.43(0.00) 79.43(0.00) 39.07 (0.00) 39.41(0.32) 37.91(2.02) 38.70(0.00) 39.15(0.00) —. - (-. —) 80.76 (0. 00)
HW 86.54 (0.00) 86.58(0.00) 84.93(0.00) 62.24(2.24) 63.73(3.99) 67.25(0.00) 94.28 (0.00) 12.30 (11.36) 86.95 (0. 00)
HW2sources 98. 80 (0.00) 98.80(0.00) 95.95(0.00) 77.23(0.02) 57.13(5.91) 95.83(0.00) 43.20(0.00) 10.80 (4.58) 99. 00 (0. 00)
NGs 96.43(0.00) 96.43(0.00) 32.80(0.00) 32.72(0.05) 33.05(0.44) 33.02(0.00) 32.87(0.00) 13.34(3.24) 97.22(0.00)
100leaves 57.65(0.00) 50.42(0.00) 52.17(0.00) 62.55(0.38) -. - (-. -) 33.45(0.00) 41.48(1.87) 0.94(0.43) 58.12(0.00)
Hdigit 99. 62 (0.00) 99.62(0.00) 99.16(0.00) 78.91(0.00) -. - (-. =) 98.49(0.00) 43.40(0.00) 9.75(9.46) 99.74 (0. 00)
ALOI_100  11.30(0.00) 11.89(0.00) 4.64(0.00) 5.41(0.10) 8.55(0.84) 11.07(0.00) 4.45(0.00) 0.71(0.39) 12.00 (0. 00)
Average 72.62(0.00) 71.89(0.00) 53.38(0.00) 47.95(0.35) 39.25(3.14) 50.81(0.00) 41.13(0.21) 9.36(4.55) 73.43 (0. 00)

(D) 57 FEARLE ] — Bt 58 — Bk
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—HE RS G T R E S 5 B R A AR AR
RUE T &, o] DA SR TR AR

5.3 HELSCIR
F T 2 R AJO-MVC 80y Gnfa] £2 & 5
HEfE, A T AT ATO-MVC 28K, 40 F i

IO AR AR, 1 A it o 2 . 2% ) 48— B
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Background

The problem studied in this paper belongs to the clustering
problem in machine learning, and the direction is multi-view
clustering. Compared with single view, multi-view clustering can
obtain more comprehensive information about objects, which is a
very important field in machine learning. In recent years, multi-
view clustering has produced many research results, which can be
roughly divided into collaborative learning, multi-kernel learning,
multi-view subspace clustering and graph-based multi-view
clustering, etc.

Graph-based multi-view clustering has achieved great
research progress in recent years. However, most of the existing
methods learn the similarity graph from the original data of each
view in isolation, and keep the similarity graph unchanged in the
subsequent graph fusion process, resulting in the similarity graph
inevitably containing noise and redundant information., which
seriously affects the final clustering quality. At the same time, the
existing multi-view clustering process also lacks comprehensive
consideration of the consistency and inconsistency between views ,
which will also affect the final clustering performance. Aiming at
the above problems, this paper proposes a new multi-view
clustering method based on joint optimization of adaptive

similarity graphs. This method combines the similarity graph

SHI Ming-Yuan, M.S., his research interests include
multi-view clustering and intelligent information processing.

ZHOU Peng, Ph.D., associate professor. His research
interests include machine learning, data mining, and artificial
intelligence.

YAO Sheng, Ph.D., lecturer. Her research interests

include big data and concept cognition.

improvement process with the graph fusion process for adaptive

iterative  optimization, and continuously  strengthens the
consistency between views and weakens the inconsistency
between views during iterative optimization, effectively solve the
problems in the above-mentioned graph-based multi-view
clustering methods, and a large number of experiments have also
verified the effectiveness and superiority of the method.

The project of this research is the key project of the Natural
Science Foundation of Higher Education in Anhui Province
“Research on Robust Fusion of Multimodal Data Based on
Multimodal

data fusion is a core research field of big data analysis.

Rough Sets and Multi-objective Optimization” .

However, there are serious robustness problems in multimodal
data fusion that have not been resolved. Therefore, this
project” s research on how to improve the robustness of
multimodal data fusion models has important theoretical and
practical application value. This paper studies the noise problem
of the original data and its intermediate similarity graph model in
multi-view data clustering fusion.  Through the joint
optimization of adaptive similarity graph reconstruction and
similarity graph fusion, the effect of multi-modal data fusion and

its robustness are effectively improved.



