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Abstract  Multiview clustering capable of adopting the available multisource information is
extensively studied to achieve better clustering performance. However, most previous literatures
still suffer from two limitations. (1) They often concentrate on the scenario of multiview
attributes, paying little attention to the multiview attributed graph data. (2) They mainly
attempt to discover a consensus structure or the relationships between multiple views, mostly
neglecting the underlying higher-order correlations between multiview observations. To tackle
these problems, we propose a novel method called Multiview Clustering by Hybrid-order Affinity
(MCHA) from a generalized perspective, where the structural graph and the multiview attributes
are seamlessly fused, and the low-rank probability affinity graphs with hybrid-order correlations
are simultaneously considered. Specifically, a set of view-specific smooth representations
preserving the geometrical structure is constructed by means of the graph filtering strategy.

Meanwhile, we stack multiview probability affinity graphs learned from smooth representations
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into a tensor constrained by low-rank property, so that the higher-order correlations can be well

recovered. Experiments on eight benchmark datasets indicate the state-of-the-art effectiveness of

the proposed MCHA method.
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(14)

Hpr EXTHH F. &F =[F";F? ;- F" 1 5
i, HFY = M(”)T —M(”)TZ('“) 4 Lym o€ [1,
y

m].

Q-Fn . g 22 fEY, FeA10] DL i i
LR i) BF S 7 Q

min | @ ot 6 1 Q=2+ W) 1505)

R, FATHZE I LU BR Ok A peax A 1y

FIE 1, BE—REGE Ry, K

BAFEDM A Ugx Se x Vi .l = min(ny ,ny)

R L 375
aggmguxfgua+fuxnm. (16)

AL TR (1) S5 PG i T DA LA M 3R Ry
X" =T..,(G)="Ug*ifft(P..,(G)) * Vg,
a7
ARG = (G ,[],3).P...(G) Fx—
Ak, HE  NERY AR P, (GY) = diag(& .
& venaf) s Jih g S sign(o; (G7))max (o, (G7) —
% w;,0) KIMH.
AUYETIH, RIMESHRA AL A M, B

@:J%JZ+%W1 (18)

Y R W -l . frA% B H ST Y™ FiLWoAT
Phid b SR
YO =YY MY M@ 29 —E),
(19)
W =WHpx(Z—Q. (20)
e, AR PR MER AE TR 1 TR 4R .

Bkl ETRASMUENZHEERSE. —
AT RIS
A Z O R PR (X b, S 22 0 I P A

WXV, A e, B ER A L >0, B IESE y >0, L
HREM o >0, HESEA >0, BEANE
il GBI TE Z0 EHATIERBA B RIRELR C
1. ¥thtk 2 = 0,EY =0.Y” =0, =W=0,
10

p=
107°,0= 10", = 24 ftnux = Prax = 10" € = T

2. IF HA (X )2,  then

3. AR A TR B A T LD R A 1 (A s

4. END IF

1

5.LY = I— (DY) 7(AY +D((DY) 7
6. A T (4) By Rl ok

7. WHILE AL DO

8. Wik FADREH (Z3 s
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9, RN TAORERE,. ., Hh Ay EUS oy MCHA.

10. sk T QO REH (Y s 5.1 HIEE

L Bt A8 A Qs TR T L35 22 001 I A 0 A 00 U

12, LR COREHW, 0 5 e PR 4 2 P4 /A 32 B 5.

13. ﬁ}ﬁ']ilﬁii M1 — min(vy/z, ,/J,,m) ﬂ] (0171 = min(r/p, 1) (1)MSRC’53J . iz%&ﬁ%@*ﬁ 210 /I\ E] 'f% s ,—E»
o) KM 2B (1B T 7 A2 3, Bk 58 0 1 Oy 3 o 2%

14, KBRS | MY —MY 29 —ES | . <

ellzy—on . <e

15. END WHILE

16. 3 AT (&) Kt B PR ML B Z.
4.3 HEEFERKE

B B A DA A, SR
STl T G T ML Y T X AR
I—yL“k WK K fF I 8, it/ 8 HEN
OGuidkm) » o o, g F i 4B 42 50 FF 1 JE & T R4
BLTid= > d. BEWARXETES Z9 M.
MTEENAE, HitBEREE T 0.
HSEFR by W2k @ <<, W] DUGE &3 SR AR 28R B
J P E 45 0K 2 19T BRAR S OGP dD . 3 =
WA EIREE M EY . IR RA N OGPm).
i — ARG T A Q 1, H 2 EH A I T 4
JEN n X m X n B BERE K & ) FFT (% % FFT it
B DL AGEL AR S A 0 > om JE PR AT SE 5
fig. P, QR8RSR OGP mlog(n)). I,
JUT $ AT I B AR TS A B OGnidkm + (n* d +
n*m+n*mlog(n))t,) , B 1, FRZFAMALE 11
EARUEL, FE IR ATE T 5 Q.

X PR AW S o A, N F (DO AR T IF
A AS R A (], 0 e A5 30 X R Y 4 ) R AR
S —DREWF I B I R, AEAR SO, A Rk 1
g B i /MBI g, TR ATAR 45 A e 1 50
(DB PSR A 0] B |y 4> 72 & 0 f Ak - [n)
SRR E HA R, MR 1 R AR IS
WS, i — L, FEJR SN 5.7, RATTE
B LB ARIESE T MCHA A WS 5.
5 X I

AR U B RS R AT Tz S, DA
7R B B MCHA J7 % 5 S Se ik 19 R 28 07 2 4
A, T T e m sy, RATEHIT T
TH il S 55 S BB I S 92 8. MCHA J5 i
(o AR A AN L S B 4R T LA hteps: // pan.
baidu. com/s/1puSDAIRyaU6d1 TCITEAcCA H T

Ba 1| P A= N VN 1 SN NS R A S | I E I o
FESCE . FRATEEFE T 0N FRIE LA, 4R CM
FRAE  GIST 454 . LBP 454iE Al GENT 4#1E.

(DOUCT . B 2000 4 F5 7 &
%, EfET 10 2. fEsLs b, AVEM T =
FiRRAE A0, o ) 2 OF- 359 8 B RRAIE L 08 B o R kR
TEFNIE 25 FRAE.

(3)COIL-20. Z 4 1 1440 A>T 8 R 4
B, AR T 20 ANZONEY . RS b, IRATTE R
T X T . LBP Ml Gabor 1 =R ERAEZE A,

(4)Scene-15" . Z U 4R 1 ok A & N Fl % Sb
IBEHY 4485 SREMGA K, BATE T 15 25,
RS R 299 DREAS. FESIE T, FRATTEEE
T R ARAESS AL, 43 5] PHOW $5:4E . PRICoLBP
FEAEFN CENTRIST F#AFE ] T 36 1X 26 & 4.

(5)ACM. ZHHRER AT ACM IS4,
P R A AL T e M R SR
ARG, A B RO 3025, BN 4 S b
THERIEH AL E R OCR , SRR T P IS
SR T R — AR AT T R — 40

(6)IMDB™™ . Z ¥ 5k B T IMDB [ H 5%
P2 R M R A A . S S
s A G, T By SRS 4780, AN 1B 43 il
FiA T I ) ORISR R e R, RN T
5 FEL 5 1 ) — Y53 i A — S R

(7) Amazon photos and Amazon computers-*.
PR HHE S ok F T S sk 4 S X 45 B R A
(1 SRR 55 77 B PFIR AE OG . e (9 S B 4 il
k7487 TN 13381, EIRAE T PR i A& A5 2 —i
SEIRFZR. BT AT Z I . FRATE SR
IR PR T Al ) REAIE R
5.2 xfLtbAE

PUTF i 2 F 00 3R 2 O vk wk ROk 5 BT 4R Y
MCHA J5 #3847 LK.

RO H X 2 LR R B . R R v
B (SPOHYPY o Xt A A ol W R HE AT R 28
CoTrH'™ Jg— Fl 3 T 3 Il 45 1 22 W0 138 38 2 )7 k.
RMSC** 3 15 bs 1) B 7R AT R ok sE 8. LTMSC™
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S — PP I Bk Tk 2 A 2 BT A ) R T k.
LMSC 3 b v 7 25 [|) & 8L T W 78 1 18 AE 2.
CSMSCV" ik 2 T — B L B e 2 1 2% R,
tSVDMC™* 3R H 5k it 47 5 {8 43 % Jsc /ME F2 R 47
L EF2s B, GMCPY & —Fh L TR 2 M
BRI D7k, WTNNM i jOR A & {5 B i 2 A
AF SRR o AT S E A AT E AR, R T
ik A S 2 R s R 2E. AIMC
b e IRV TE 1Y) 56 R A () R fige e IR LA LR 2 R (]
B, SMCHS S —Fh 56 &1 5 08 1) 2 00 B SR 207
Al T 3R 25 2 A0 IR RN 22 0 1 v T e T £
PR JE P R B 4, LINESY Fil GAES) 2 & &b 311
AR R BB D vA. PMINESY R = R
J7 i 2 2 W 24 4% 5 21 3 k) s as [ Hp. MINEN™
= 2 B W g A 2E S k. O2MA R
O2MAC™ SR H & 2t 25 K 52 30 E 1 22 90 1] BT 3R
25, MvAGCH 58 335 38 Jin A 18] B 500 &5 B 48 3845 B
eI 2 R R M R R, MVGC™ R H
WICHr A o #4114 A0 R A 5 T R RO L A
BIECHE 9 3 25, DIAGCY! 7 IR BE 2% ) B A vp 2 8
AN TR) 22 A0 1L Ji vk Pl 22 i) ko A1 17 B ok B i R s 4%
(335, MAGCN™ I — BB Xt 22 9L 1] 1 1 25 14
TRBCHE 1 22 00 g v 1B 5 B 4. CPLTER™ i@
X LY 2 2 & B[R] AL IR AR 22 ) A 3 5 R OR.
LMGEC ™ 7 45 — [ HE S v [m] ef 52 3 22 40 181 ) 4 [

FAE 2 2] AR A 43
5.3 XIGIEE

FEAE SO, 4 5 1 1Y S 56 O 7E 95 4 R
2.4 GHz 1 128 GB WA M AL L ffi F Matlab
R2019b K52 M. XF T MCHA, &% y 7£{0.2,0. 4,
0.6,0. 8,1}y [l N 47 M %, A 7£ {0. 001, 0. 01,
0.1,1,5,10) 71 [l N FE 47 R 8, 25 18 2R W) 40 & 1)
ZAAREREAARMERFE, NENT o £,
SOJNHEATHESE. B UBR AL £ B E 1 5 2. XF
TR BTk, MR RAAERIEE R, BB
%) F TSCFN S 30 TE R R e TR S 4 FRATIXT R AR O ik
HEAT 20 WSEHS . - e P-4 PR RE.

FESZ , FRATT R I A 48 A5 ok T Al 2R 2 M
g, B 3 (ACO) \JH —fL BA5 B (NMD . F1 4
B(FD) IR B8 B0 (ARD. XT3 28 9 Af 45 4
T W s AP RS MERE. A, h T AW
HhJE R BT 0 B B A ok, TR — DR
A ] (Time) 210 SR ARV (19328 47 B ] B4R , I B4 Oy
Fr(s).

5.4 XL

FEIX R, AT AE R 2~3R 5 thidsy 1
ZARET7EAE A TR 5 AR5 1Y iU 1AL
Febm i B2 25 UL Koas 7wl ) 25 . KR ) Ha
“SPC173|“SPCA” & 75 FATTHE XTI 19 48 AE B 18] 4
iRk,

£R2 AEFEAE MSRC #1 UCI #iE & I EHERE

Bt g MSRC UCI
VRS ACC NMI F1 ARI Time ACC NMI F1 ARI Time
SPC; (2002) 0.4298  0.3345  0.3296  0.2205 0.07s 0.6176  0.5858  0.5063  0.4510 1.85s
SPC,(2002) 0.5874 0. 4808 0.4689 0.3819 0.09s 0.6847 0.5874 0.5542 0.5044 1. 86s
SPC;3(2002) 0.5669  0.4844  0.4518  0.3621 0.08s 0.5468  0.4897  0.4271 0.3628 1.87s
SPC, (2002) 0.6852 0.5242 0.5218 0.4433 0.08s
CoTr (2011) 0.6918  0.6156  0.5900  0.5221 5.29s 0. 8401 0.7961 0.7799  0.7549 59.07s
RMSC (2014) 0.6408  0.5704  0.5431 0. 4681 1.81s 0.8599  0.8225  0.8006  0.7779 97.19s
LTMSC (2015) 0.8140  0.7321 0.7013  0.6518 3.31s 0.8004  0.7689  0.7489  0.7206  206.37s
LMSC (2017) 0.6743  0.5776  0.5454  0.4703 1.93s 0.8566  0.7837  0.7628  0.7364  135.47s
CSMSC (2018) 0.8310  0.7472  0.7320  0.6880 1.62s 0.8826  0.7877  0.7841 0. 7600 61.91s
tSVDMC (2018) 1. 0000 1. 0000 1. 0000 1. 0000 1.94s 0.9960  0.9891 0.9920  0.9911  124.04s
GMC (2020) 0. 7476 0.7144 0.6749 0.6161 1.41s 0. 7355 0.8153 0.7134 0.6779 36. 06s
WTNNM (2020) 1. 0000 1. 0000 1. 0000 1. 0000 6.02s 0.9965  0.9904  0.9930  0.9922  248.35s
AIMC (2022) 0.7476  0.6534  0.6140  0.5475 0.18s 0.9350  0.8797  0.8776  0.8640 0.51s
SMC (2022) 0.7333 0.6684 0.6996 0.5775 0.62s 0. 8540 0. 7859 0.8493 0.7203 4.97s
MCHA 1.0000  1.0000  1.0000  1.0000 1.15s 0.9980  0.9945  0.9960  0.9956  172.47s
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Bl 2% i 2024 4F

£ 3 AREFHETE COIL20 F1 Scene-15 #iEE Y T 1446k

YGRS COIL-20 Scene-15
ik ACC NMI F1 ARI Time ACC NMI F1 ARI Time
SPC, (2002) 0. 6551 0. 7564 0.5983 0. 9590 0.87s 0. 4256 0. 4050 0.3179 0.2673 16.92s
SPC,(2002) 0. 7457 0. 8281 0.7121 0.9711 1.04s 0. 3435 0.3515 0.2511 0. 5000 22.99s
SPC;3(2002) 0. 6915 0.7928 0. 6543 0. 9652 0. 865 0. 3227 0.2910 0.2145 0.1557 22.98s
CoTr (2011) 0.7378 0. 8267 0. 7069 0.6912 19.58s 0.5848 0.5513 0. 4594 0.4193  260.07s
RMSC (2014) 0. 7544 0. 8316 0.7168 0. 7020 59. 85s 0.4473 0.4212 0.3417 0.2931  1142.61s
LTMSC (2015) 0. 7060 0. 8099 0. 6683 0.6500  415.52s  0.5657 0.5710 0. 4643 0.4234  1856.81s
LMSC (2017) 0. 7307 0. 8358 0. 6975 0.6806  256.59s  0.5234 0.5356 0.4236 0.3768  1383.54s
CSMSC (2018) 0.7324 0. 8320 0. 6947 0.6776 77.35s 0.5927 0.5684 0.4742 0.4339  763.66s
tSVDMC (2018) 0. 8253 0. 9022 0. 8177 0.8081  218.69s  0.9013 0. 9264 0.8974 0.8897  1197. 46s
GMC (2020) 0.7910 0. 9407 0.7943 0.7819 13.13s 0. 3810 0.5186 0. 2809 0.1905  217.00s
WTNNM (2020) 0. 8166 0. 9034 0.8123 0.8024  364.07s  0.9021 0.9266 0. 8981 0.8905  2943.89s
AIMC (2022) 0. 5944 0. 7995 0. 6061 0.5826 3.93s 0. 4769 0.5633 0.3946 0.3374 4.81s
SMC (2022) 0. 7660 0. 8354 0.7501 0. 6851 3. 665 0. 4649 0. 4479 0.4473 0.2506 22.50s
MCHA 0.8528 0. 9008 0. 8195 0.8101  121.49s  0.9012 0. 9275 0.8978 0.8901  2039. 33s
R4 AEFEAE ACM 1 IMDB £ iEE I E et
YIRS ACM IMDB
VRS ACC NMI F1 ARI Time ACC NMI F1 ARI Time
LINE (2015) 0. 6479 0.3941 0. 6594 0.3433  180.31s  0.4268 0.0031 0.2870  —0.009  486.75s
GAE (2016) 0.8216 0.4914 0. 8225 0.5444  286.57s  0.4298 0. 0402 0. 4062 0.0473  1886.22s
PMNEn (2017) 0. 6936 0. 4648 0. 6955 0.4302  130.42s  0.4958 0. 0359 0.3906 0.0366  365.24s
PMNEr (2017) 0. 6492 0. 4063 0.6618 0.3453  130.42s  0.4697 0.0014 0.3183 0.0115  365.24s
PMNEc (2017) 0. 6998 0.4775 0.7003 0.4431  130.42s  0.4719 0. 0285 0. 3882 0.0284  365.24s
MNE (2018) 0. 6370 0.2999 0. 6479 0.2486 94. 255 0.3958 0.0017 0.3316 0.0008  221.53s
02MA (2020) 0. 8880 0.6515 0. 8894 0. 6987 423.5s 0. 4697 0. 0524 0.4229 0.0753  4126.37s
02MAC (2020) 0. 9042 0.6923 0. 9053 0. 7394 423.5s 0. 4502 0.0421 0.4159 0.0564  4126.37s
MvAGC (2021) 0. 8975 0.6735 0. 8986 0.7212 5. 80s 0.5633 0.0371 0.3783 0. 0940 10. 38s
MVGC (2022) 0.9617 0. 8438 0. 9608 0.8917 83.09s 0. 5331 0. 0623 0.3953 0.0848  139.87s
SMC (2022) 0. 8863 0. 6397 0. 8869 0. 6929 15. 94s 0.5686 0. 0356 0. 4048 0.0998 16.57s
DIAGC (2022) 0.9170 0.7161 0.9177 0. 7697 63. 28s 0. 5839 0. 0658 0. 4301 0.1316 78.77s
LMGEC (2023) 0. 9302 0.7513 0.9311 0. 8031 3.49s 0. 5893 0. 0632 0. 4267 0.1294 4.96s
MCHA 0. 9855 0.9289  0.9711 0.9567  644.05s  0.5203 0.0690  0.4624 0.1241  2373.64s
£ 5 A EFEFE Amazon photos F1 Amazon computers 345 & F &) T 1914 e
YGRS ACM IMDB
VRES ACC NMI F1 ARI Time ACC NMI Fl1 ARI Time
MAGCN (2020) 0.5167 0. 3897 0.4736 0.2401  3783.6s N/A N/A N/A N/A N/A
CPLTER (2021) 0.3678 0. 2606 0. 3067 0.0759  1029.50s  0.2417 0.1562 0.1601 0.0536  1725. 84s
MvAGC (2021) 0. 6775 0.5237 0. 6397 0.3968 72.22s 0.5796 0. 3957 0.4117 0.3224  215.33s
SMC (2022) 0.5473 0. 5305 0.5266 0. 2806 43.06s 0. 4899 0.4613 0.3718 0.3384  186.03s
LMGEC (2023) 0. 7117 0.6114 0. 6500 0.5123 19. 425 0.3814 0. 3487 0.3627 0. 2040 26. 50s
MCHA 0.7935 0.7254  0.7565 0.6421  4402.65s 0.5514  0.5245 0.4774  0.3846  9688. 34s

TE:N/A RIR WA R,

Mix ekl LA . JATHR g MCHA J7
TR TR SRR RS T R R AR,
XUE] T MCHA 7eAb 3 22 1 P s 1k 080 4 A 22 1L
el Jes P P i 4 O T ) O k. BT R A UCT

AL, MCHA 1 ACC H1 NMI 43 51 b 55 — 1
F5 ) %k WTINNM #2587 0.15% fil 0. 41%. 7¢
ACM 4 I, X T8 ML 55 5 i MVGC,
MCHA ) ACC fil NMI e 542 5 T 2. 38 % Ml
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8.51%. 1F Amazon photos a4 F, X T4 —
T s LMGEC, MCHA ) ACC #1 NMI 43 %]
LT 8. 18%0 1 11.40%. {HAFERE S, IMDB %t
R R TN SN CEAT LR ER L A AR €T
R HULEE T e g7 vk . NMI P e 5 1k A
AN

X T2 E g v s, AT BA M
KR I (SPO K ERENM AR KRR T . ¥
W B 7R T B A [) 400 81 A JE B 1.l R T DLW g
F 38 2 RIS B 5K 2 FOR R &K ik = O R AL A
ZF S E B AF M MCHA Al WTNNM 5 2 7 5 7
AL A PEREL T (SVDMC J5 ik, ENHERZER
sk 5 22 T 1) 1 A A G 1 B 2 T ke [ A [ AL R 1 A
SAEMAREEE. BAAFRNZ, WINNM kT
AR LT b b 38 22 0 I 1 TR B

XTI s Bl s, KPE R 4, O2MAC,
MvAGC,MVGC,DIAGC fil LMGEC )% g 1 T
2% & Z A {5 1% MNE #1 PMNE J7 i, #F—4
WESE T m e G E RS W, R
O2MAC . MVGC 1 DIAGC 2 8 4 A BN 4 9% %
fvERE . (HEATHE T2 A BEFE W E L, Tk
b 3B Z2 A1 1 1 T 5 R AR BOE (L T 2 A
PR PO ) P B . NER 5 T LU, R
fiE27 > AR 2L & 43 (8] 915 B 5%~ . LMGEC 1] LA
RIAGARLE. SR, 38 o ok A 2 A B Z
EY AR G, MCHA 38 3 K75 05 4 (1 P B

FEIZ AT [R]85 5 ey . BT R, AT
PRI MCHA J5 16 6 58 28 P B R ) s A4S b B AR
T AHXT 07 M. AE Z 0 1B JE 1 EoHE 46 P, SPC ORI
AIMC 7E i 5 i ) A B B B i 3. 5t F 2 M

& 1k SR 4E . LMGEC 16 2% iy I |) %5 /0. 78 R
KB TAES AT & 1 T IF 4L ] HF R
15 22 0 I T M B / 22 L 1 i e i 1) v R Tk
5.5 HELXI®

FEXFR AT, FATHAT T MCHA 934 b S2 5
DIATF G2 AR Bk ok i | Il 8 o o e A AL ol (s ). L
P FRATDRE B AR B KR 2 (ki A%
BOS AN -7 30 B DU S B, FAh IR A R AFAS
A8, FEF RN MCHA-c1. BeAh, TR 1 K i ik
AR, HE (M AE S 2 EI A . T
FIRN MCHA-c2. Jy 1 i — 20 55 UE 5K 1 Jie 7% AL il
s, 3R AT DR A o o 00 D A 2 B CR RS ) . At
TRAME AN AE , 3R MCHA-c3. T ATLE A 1
MIERAE LisATiX = AN, JFER 6 Tk TH
X ACC f1 NMI Ay s2 50 25 5. M b T MCHA-c1,
MCHA-c2 il MCHA-c3, MCHA 18 % 3515 3 4 1Y
RAEPERE, SXUEWD T 38 O AR Ak 5K i & B R DGk
A R 3 sk P sk il O B RS2 LA 25 4 i EE P L IR
W AIE ST 6] 5K 3E AT € e 1) b B L B A S B AN
)R P 2 D) A R . b s FRATT R T A 35 52 1 2K
P4 (BRI MSRC F1 ACM %¥a %) #6471 ol Ak 43
M, HEER B ERLER 4 FE 5 d. TR 4, (2
F (D & PIAFEAE; (o) (D) Fl () f& 1 MCHAtL,
MCHA-t2 Fil MCHA 3R 45 (1) — S0P AH U0 1B 251
Hi, XTS5, ()2 ACM BRI (b, (o) Fl(d) &
i MCHA-t1, MCHA-t2 f1 MCHA 315 i — 8tk
FHALPEE. R AT DUE H, MCHA 3815 /) — Btk
AR AR R I 7 3 T A B b R AR s T — B0 I Y
AL, MILZ T, MCHA-c2 R4 75 MSRC %t
PEAE R B, (HE ACM S8 R,

6 HEhSIS. tb% MCHA BRETEE ACC/NMI 4 8

LN MSRC UCI COIL-20 Scene-15
MCHA 1. 0000/1. 0000 0.9980/0. 9945 0.8528/0.9008 0.9012/0. 9275
MCHA-cl 0.8175/0.7166 0.8215/0.7921 0.7076/0. 7947 0.5611/0.5757
MCHA-c2 1.0000/1. 0000 0.9970/0.9918 0.8243/0. 8872 0.9023/0. 9286
MCHA-c3 0.7810/0.6729 0.6925/0. 6949 0.7403/0.7882 0.6091/0.5764
ACM IMDB Amazon photos Amazon computers
MCHA 0.9855/0. 9289 0.5203/0. 0690 0.7935/0. 7254 0.5514/0.5245
MCHA-c1 0.9068/0. 6941 0.4814/0.0652 0.7202/0.6798 0.4828/0. 4970
MCHA-c2 0.9484/0. 8046 0.5360/0. 0343 0.5914/0.5576 0.5156/0.4305
MCHA-c3 0.8476/0.5427 0.4561/0. 0547 0.5623/0.5027 0.5025/0. 4693

o MCHA-c1 #4256 F 45448 L B 3278 19 Tk S O 408 F 7 6 2 L2 ST 40, MCHA-c2 2553 T B vk i #2 . MCHA-c3 I/ 47

Tk Y SRR Ak B CRERD).

5.6 SHSMH

XFEREA MCHA Fik, BINHERAZ =1

ZH, My A o, XA, RATHATSE
Bro DRI A EO 2B . B4R
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AL

Bl 2% i 2024 4F

MaE. MT vy Ma S8, RATER T MSRC,
UCI,ACM #1 IMDB %44 I, mﬁ%ﬁﬁﬁNMl
s, i 6 ros. Bk, AT LR A4

) Z ZHUE RN, MmAmTUEzfﬁ%
PR E R R ILE . A, X T o S5
FRATAE YA BHE A DR L a5 R an sl 7
R, HPIEsE T y R M IEST . BUE R

WORRE BT ACC I NMI £ . T8RN,
F T 5K BE 5 I B AR . o O 4E B S 00 R B A K
B, 745 m BA A LI B MSRC #0484 1,
w W ABCE N [4,2,14,12], Horp AN 50 5 R R it i
FEAR Y AR E AR, AN, AT AR AU 24
fH, MCHA 7] L7 R 7] BCEE Z 8507 1P e 5
BRI e 1 1

L]
] . . %
g LS ; L .
e L . 1 i .
- * o2, H. ‘. ’¢ E ...O o * ," X wo g
3 4 s, . . ! ~d e
o...: . . * L . i
. -
(a) CMEFHE (b) GISTHEE () LBPHEAE (d) GENTHFAI
T \ e ¢
Y ¢ -
X $ 4 “
-
) % i
L B ” ~
! ’
(e) MCHA=11 (H MCHA—12 () MCHA

% 4 £ MSRC I # T-SNE "I #i 1k

096

ffi it

{ri

R ” 5{,6\ n.\""@\ of 6,}\ Q\u\ b\%\ g ?‘Q-p\ 39?9\
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Background

Multi-view data are ubiquitous in many real-world
applications, providing more discriminative and
complementary information than the single-view data. For
instance, we can represent a webpage by multiview
information about image and text. Nowadays, massive
complex network data from the Internet and social media are
all around us, in which they are naturally represented as
graphs, the typical non-Euclidean data structures. For
instance, in an academic network, one graph view could
describe the co-subject relationship, indicating that two
papers are in the same filed, while another graph view
represents the co-author relationship, meaning that two
papers are proposed by the same author; papers themselves
are described by multiple features, such as representative
words, research fields and citation index, which is named
the attributed graph data. Specifically, how to take full
advantage of the available information from multiple (graph)
views remains a scientific problem.

The emergence of multiview data promotes the
development of multiview clustering. In the past few years,
a great number of multiview clustering methods have been
studied extensively by exploring the relationships between
data samples represented by multiview attributes or
multiview attribute graph. Aiming at multiview attribute
data, we roughly divide the existing multiview clustering
methods into three main categories, namely co-training or co-
regularized style algorithms, graphbased methods and
subspace learning based models. However, most existing
multiview clustering approaches merely take multiview
attributes into consideration, paying little attention to
multiview attributed graph data. Therefore, some attempts

are made to comprehensively integrate the information from

tern Recognition, 2021, 11174-11183
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the attribute and graph. Fan et al. attempted to deploy one
informative graph view and attribute data to extract the node
embeddings. Pan et al. developed a multiview contrastive
graph clustering method. Despite impressive performance,
they mainly focus on the consensus representation or
common relationships across views. mostly neglecting the
underlying higher-order correlations between multiview
observations.

According to the aforementioned challenges, a novel
method called Multiview Clustering by Hybrid-order Affinity
(MCHA) from a generalized perspective is developed in this
paper, where the structural graph and the Multiview
attributes are seamlessly fused, and the low-rank probability
affinity graph representations with hybrid-order correlations
are simultaneously considered. To be specific, a set of view-
specific smooth representations are first constructed to
preserve the geometrical structures by means of a graph
filtering strategy. Based on the smooth representations, the
view-specific probability affinity graph recording the second-
order correlations across samples can be then learned via the

self-expression Meanwhile, we stack the

property.
multiview probability affinity graphs into a tensor singular
value decomposition based weighted tensor, where the cross-
view higher-order correlations as well as the salient semantic
information from different singular values can be well
captured. Consequently, not only the second-order
correlations but also higher-order ones from Multiview
probability affinity graphs are captured for deeper study.
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