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Abstract  Multi-view data means that the same object can be described by multiple different data
sources or features, and each data source or feature can be viewed as a specific view. Multi-view
clustering aims to exploit the consistency and complementary information among different views
to efficiently process multi-view data, which is one of the most important research topics in big
data analysis. Recently, a surge of multi-view clustering methods have been developed and achieved
promising success, which has attracted considerable attentions in machine learning and data
mining community. However, most of the existing methods neither effectively learn the latent
relationship among multiple views nor consider the different importance of each view. By such,

the solution to multi-view clustering is often sub-optimal. In order to address these problems,
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this paper proposes a deep multi-view clustering based on distribution aligned variational autoencoder
so as to improve performance of multi-view clustering. First, we use view-specific variational
autoencoder to extract latent features from different views, and align the learned view data
distribution to further mine latent features containing basic information. Then, we introduce view
weight parameters to fuse the view-specific features into a shared latent one. Finally, the loss
function for clustering is established on the latent features, so that the learned latent features are
more suitable for clustering tasks, thereby improving the clustering accuracy. The experimental
results on five common multi-view datasets show that our model has achieved excellent performance

in terms of multiple clustering evaluation metrics, such as accuracy (ACC), normalized mutual
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information (NMI) and purity (Purity), which validates the effectiveness of our model.
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T8, T JE A 53 A5 6] 55450 2 FUIAL il 6 J2 450 2% o AL
A FLL—ABF ) 0. 54 B HERAES 6 D FIEE 22 A4
epoch JT4R 8 3 )5 1 35 A 4% , £ Caltech101 i1 ALOI
B g E Ry 20, Hmw oy 10 AR FEAAE .y
BE Ny 10 % F 204 o KL HRE i AU A 511 &
Ko A1 %8 ko 7 LA—~BF ] 0. 0026 )
I HF 5 90 4> epoch fRIEFAE. KL HUE R k
HEMEMZEE VAE 7 Z 2“4 1~
Fem o 5 I HORE 2 — > o 5 Y T 1

4 XWHERSHH

AR SR SEHG & HE T Python3. 6 4 215 & . JF il
G EE 27 ST HESE Pytorchl. 1. 0 5 & 09 2R 55, B Bl
GTX 1080Ti F1 CUDA10. 0. 4= 3¢ 5256 4L % & | %
2| https://github. com/chenvvgood/DMVCDA LJ
k2 5 223
4.1 HEEENKXEHER

B IEAS SCHR Y DMVCDA 5395 B A7 &t

AL LA A TT R B SR EEAT ) IZ A . % 1
Hh i) 22 o 2B SR Y SR

®1 BEELEER

Datasets Views Classes Instances
MSRC-v1 5 7 210
Yale 3 15 165
NUS-WIDE 5 31 2000
Caltech101 6 102 9144
ALOI 4 100 10800

(1) MSRC-v1™¥ | 3 J — A~ R B0 46 . B @
FEAEM 210 DXF K. X LA 2 AL 4 LA
SR B E S R B AT AT S
B, MSRC-vI 48 0 &% AL AL B2 CM
FRAE (24) \HOG $H1E (576) \GIST #%#4E (512) . LBP
R (256) F1 GENT $:1E (254).

(2) Yale. —Ffr) 3z 4 I (0 A6 145 55040 4 i
165 A JK B2 G A X SE EHR BA 15 AR Y 26
ol JeE Pk B AR 0 AR Ak ER Ol VIR L PR AR L A2
I ANEIR BT IR H AOE ARG RS A R IR 4
B AEFRATH SE g b 4 =S L B Intensity 4§
fiE \LBP $$4EF1 Gabor $FAE . H RS 43 51 Jy 4096,
3304 F1 6750.

(3) NUS-WIDE. NUS J&—#h F F % 4 31 51 1Y
Bt 48 2% BOHE S A  SCR P iR 1 NUS-
WIDEOBJECT %48 £ 19 &1 15 v 4 B 2 40 16 4
fiE. FRATE R AP 2 R A AR PR AE AL HE CH(65)
CM(226) ,CORR(145) EDH(74) f1 WT(129), 4t
A 2000 5K &4 31 K.

(4) Caltech101. Caltech101 & —4~ E 4 W {8
VB L 101 R AR R S A R I N R
B, & A2 0125 40 2 800 K B4, 2 9144 7K K
B AERATH L H T 8 Gabor WM, CENT,
HOG .GIST #1 LBP % EAE S A& R F 4
B 48.40.254.1984 512 FI 928.

(5) ALOL ALOI(Amsterdam Library of Object
Images)"* B4 B 2 76 25 T 't BE 4% 14 70 i€ 5% ff 5
T AR 110250 A4~ HA 1000 A/ 42 26 1] B R
(8 . HE TR — S Bk o U B Al B KR AT
% Houle 5 A5 08 508 FH — A4~ T4 L /P 10800 3K
B 100 A28 AE R AT 52 56 ob i T pd A4~ 90 18
33 CS(77) \HAR(13) \HSB(64) fil RGB(125)
FRAE.

AT AE AT v (i ] = 2 4 b 2 2 G
#% (Encoder) F1f# 15 %% (Decoder) 1 ¥ 2% 2% #4 % #R »



952 it "

¥ e 2023 4F

3 2 SRR 48t 950 o AR R U 4 4 5
B Fusion layer #6775 g 12 o 2 9P 3675
fEFR = MY IE. §EXF = 4 FE 0 S T 1347 10
SR W 3 TR

x2 MB/ENSH

Datasets Encoder Fusion layer Decoder
MSRC-v1 500-500-1024 7 1024-500-500
Yale 2000-1024-500 15 500-1024-2000
NUS-WIDE 500-500-1024 31 1024-500-500
Caltech101 500-500-1024 10 1024-500-500
ALOI 500-500-1024 10 1024-500-500

90 .’H—O—o\._.—_.__.
ol f‘_‘\‘_‘\‘_‘ﬂ
70 ',/,\/"“‘ ¥ ¥ ¥—x
. —— MSRC-v1
BN 604 —¥— Yale
&) —— NUS-WIDE
;é 504 —&— Caltech101
ALOI
m -
304 r—.~.—-—.\.\.—_H
20 " ) 4
kA& & S Pt
0 10 20 30 40 50 60 70 80 90 100

LY
B3 = 4 90 Il i

ML 3 H A3 a] g, X B R ROR 2 4
JER IR X AL R A, AT EE A
PR BB S R AL 5 R E . 45 5
153 Hr ml A, 2 BR T FE A B 9 £ s S MSRC-
v1,Yale il NUS-WIDE, = 4 B i) &% 1 1% % 16 L 5%
R B e R /N I A L 2% Tk 2 T B
JEAE A O AE S 5 Tk R 5k KA R R 0 23 1 I TT R
5 RN T B A IR R A R X TR R LR 1Y)
Caltech101 1 ALOT ¥4 . R9&FH F R AR K NI
HARK A H TIIGHEA R LB L MR aT L2
> B TRVE B SR 0 RRAE AR B PRI = 48 A d A
BERELE 10~30 Z [H]. SEPR b, = 2 B 1) 356 45 o A
AT S0 DO 2 A5 R0 X 540 R AR A S i 2% 2T B )L LATE
D WREAE 4 B {5 2 AT LA GE 31 B 47 1) SR 45 SR 1 2
AT AR Y. PR AR 48 2 56, % TR AR B AS K HL
RIS EE B Bk B Fe AT DR S S i B
FER = 4 BE X T R85 KA B 4 = 4 i i %
S 10.
4.2 WL®AZE
FATHE A SCHR 1 5L AR DMVCDA 5 i 48
A Y 2 0 IR S O TR AT LR AR FRATT B S g

BT b, (DR Ak TRAE L LR K71
(3) 28 (6) R FH A 3 T M BLIEE S R 1) e 2 22 0L Il 3R
KL (DR ZITE2 I ZMEREITE,
(1O I CTT) S e % SEVAR AR B2 A B 110 T 2 22 4L
R,

(1) FeatConcate. ¥4 2 0 & £ 41 th A [\ 40 1] 11
[Fi] — 28 Hh 40 30 o R A1E PF 42 1) O 3k 2 R 1Y B0 2
i K-means J7 & #E4T R 2.

(2) AWPF, Multiview clustering via adap-
tively Weighted Procrustes J5 ¥ , 38 1 X} procrustes
Y1 (Procrustes Average, PA) ¥ 47 A 2t 17 fifi H
% L8 B[R] L 3R 2R B8 7 10 22 S, DN ] T 2 A
B .

(3) AASC™I. Affinity Aggregation for Spectral
Clustering ¥ % R 2K i 2 2 A 24> W] J A9 AHRLE
R B0 » DA SR ARV R M 1) S AR L JF ol LR
BN AT ISR .

(4) RMSCH. Robust Multiview Spectral Clus-
tering via Low-Rank and Sparse Decomposition B /¢
IS B T R 3 — > B B MO 48 A B L AR T o
S R [V Of R S M = IR Bk P R AR SRS L I L e S K X
FE AR DR B o B 7% ) SR 3R 28 T vk 1Y O Bt A A

(5) WMSCP!, Weighted Multiview Spectral Clus-
tering based on spectral perturbation 1] F 4 i 41t 3 Xt
CASEREYE Bz pRe 2 PR LIRS W S Mol B S
4 I T AL BRI 2 RN HAT AR AL SR 2R 4 2R A
O 5 T3 AL Y A E ) JE U A T e R RS A Ok A
R R Z A 2 5

(6) MCLES"*!, Multi-view Clustering in Latent
Embedding Space 5 g ¥ 7E ik A 25 0] #2210 151 3
KOZIERBIE S IR B AT H P REL
AL PR [ 2 > 4 JRy AR R A R 48 10 o4 5 1) 2R 26
6 b B

(7) MVGL',
clustering J& F| 1] & T [&] 27 > 19 J5 25 R 42 & 18 19 T
. DA [0 T 7 5000 A SRR 1 T B Sl 0 4 L A
LA 30 AR b LA R Y 29 RORT g — 2R AR B AL
FRRE X LA P A 3 4 R I . b T A R R
LR AT A ) AR A

(8) MCGC!), Multiview Consensus Graph Clus-
tering J8 18 e/ MU AR &L 2Z 8] 18 43 B B 9238 e
S0y R R B R 2 ) L AR T R 28 T I Y O
T2 P 186 18 23 0 R e R B0 4 it
FRE R, U2 2] B B4 kA 3% 38 4 5 1 3 A L &

Graph Learning for Multi-View



5 T2 - T 0 A7 X 5L o T 2 ) TR 2 R I SR 2 953

JE R MBORE TR IEHR 2 vT 1 4 MR I SR

(9) SGF.DFG"!. Similarity Graph Fusion #
Distance(Dissimilarity) Graph Fusion J& 3 T [& 2%
I Z LB R TT 1 AR S8 — B H bR ok 50 (] I
2 W P — B A 22 R PR AN — B0 AT e AL A
OLEE (&I fil & (SGF) ¥ Z2 A AR LS I Rl & o — A~ Al
S (DGF) B 4 I\ 22 A 00 B A4 8 SR AH 53 B, A
oW SR A Rl E R RE LUAR BL I A il B DR B T R
FA VP

(10) DMFMVCHY | Multi-View Clustering via
Deep Matrix Factorization J&—Fp F T 2 M K B 25 1Y
TRBE R o3 it 053 o 2R B AR DURE B 20 i DL 23 )2 07
2 2] Z 00 BB 1 2 W S, 3T LA BRI AR
i LUR G TR )2 45 40 1 it R0

(11) MVCVAE"™.
Representation Learning for Multi-View Clustering
i 3 27 2 i A s ST 5 2 A Y 2 = A RO E R R R
SCHLZ M R 3% T VR R TR AR U R A ) B
i i i o FLAT 4l 3K T A AL 18] 22 TR A SC 1 1Y e
4.3 EMIERR

R B IR AR SCAR H A B Y S v R L FRATAE T
POl UL A 2R 2T Al 45 b R AT Al ik 26 22 L IR SR 36 U5
M RE 4 ) RS A T CACO) AR HE L B AF
BONMD) BEJE (Purity) FIVE# 2 (8 R ECARD.

BB PE (ACO) T I = 3 5 582 4R 15 1Y
SR bR 25 AN AR 25 2 1) B TR . R R N

Zl{l;:m(c,-)}
ACC=max-—* (15)

n
Horpon JEFEAEL £ FLIAR A o 2 T AR 4.
m(e;) Fes B AT S T2 B ST S R b UG C 3 T s 25
AT bR 1L =m (e, b2 5 2R EL, 5 A0 S5 HAE
9 1A N 0.
PRUEAC EAT B CNMD 2 5 R ECHE 04 75 > A
25 2 [A] Y ARVRLBE 1 s AR 32, W DU ORI A oy

150
max{H () ,H(c)}

Hp G oO)FRR LR e ZIEEASF B H )RR,
ali i (Purity) &M i — R & — D H b 5o
AR B AT DA 2 5 (17) 3158 A
°
Purity:;%P(S,-), P(S,»):n%m]axP(nf) a7

AP SRR/ & 4 5 AR R Kl a5 D
i AR BE ST B SR BT
PHEE 2P R B CARD B 288 BU(RD W& IE

Shared Generative Latent

NMI=

(16)

A RRAS » I SCHY A R DF > ART A 19 52 P A
Bl o A W) £ B L B U 1Y 22 A8 R BT UK
)

RI—E(RD

ARI=1 RD —ERD (18)

AN [ B TV A0 4 7 00 i DA SR 2 1 S ) o i kA7 3
it DL YA bR 0 (8 8RR, T SR 2R L i P e
g o)
4.4 ITRHEREHEENE

TE A SCSE 5 v, R L 5 ¥R A T BT S b d it
RSB E AT S5, B T MCLES J7 i Had A
FANECE AR L W5 LR S Y Yale S8 4 5250 5K
AR MSRC-v1 %5418 5 #8417 52 30 0 1. e DA J7 ¥
IBAT 10 YR SE I I M R A8 A 00 7 B0 bR oE 2%
MR 3 Fion. MRS58 ) R S 4S

TR 3 rfr IR 45 AL AL FRATT A ASE R AE AN (] B AR
IS 1) B3040 4 0 A A 5 19 & B X F MSRC-v1
il Yale /NEAETHRAR . FRATER T AEACC . NMI
Purity FIARI I # W45 e L AH ;s 76 NUS- WIDE £ 4%
£ FLRATH A DFG 78 ACC, NMI #l Purity
o RlE 1. 27% .2, 75 % FI 1. 57 %6 5 E 48 K B A
f) Caltech101 1 ALOI %4 4 I [F#E A A 45 19 £
PR 2 AE Caltechl01 |, ACC,NMI FI Purity
FEAR L AR B 43 50 5 Y 3. 56 %6 .2. 93 % Fll 3. 64 %.

Wit 53 4, 755 FeatConcate J7 ¥ W Al &
B AH L TR 22 W0 B B 422 b R AT AR AR D 4 7 PR
TR T FRATH 7 1538 i A B — A~ 2 00 & 3k
EVEAE IR PRSI AL AN E AT LK B 2 0
BARAFAE M TUA AR B 1 ELAT L2423 2 90 B ) 1
TEAETE R DUAR T ROCR. A R T 25 T A 004 i B
(82 7 1 AASC.RMSC, WMSC #l MCLES, &
TE S5 RAL T 0 L SR 28— SopE i A ik, RIS 08 &5 A
PR SR S 45 L 1 — Bt i 22w A IR R Y 2 Sk
XF 4 JR WS . AR W) F AWP L SGF Al DFG 7 3
it AR 2 i A ) 7 =Xk i e R ] 1 B 2 SR ()
B, AR DMVCDA J5 3558 i3 51 A B & B AL )
J5 3 R B 8 I 2% 1 2 ) LRI AR, el X 4%
Wt [ B 2 ok g R Y B 22 5 T AR
B AASC.RMSC fil MVCVAE %5 75 1 76 70 [ 2% >
8 2ok A5 T8 T 3 B B S A0 1 0 I At 4R 15115 200 Sy R
P  DMVCDA £ 78 53 B Gt 5 v 4 1 43 A1 % 5% 3 m
HEAT LB — Bk~ o] L R L e > B S5 B
[F] B AT DA 2% 1) A A 1 ) — BOPE AR B B A48
) DMVCDA J5 i vl DL £ 3 b 42 48 22 90 B 5 0
Fl— B A AN B
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£33 SUNEAREFENREMEIENLER(PHEMGAEFES C—"RRIEHRE P RERNITENER

Datasets Methods ACC NMI Purity ARI
FeatConcate 81.2744. 45 72.49+3.378 2.90+3.78 66.18+3.03
AWP 76.19=£0.00 67.71£0.00 79.52=+0. 00 62.25+0.00
AASC 77.33£0.25 69.78+0. 14 77.33£0.25 59.90£0. 18
RMSC 71.05£1.70 68.87=+1.90 76.14=+1. 80 55.03=£2. 40
WMSC 76.52+0. 45 72.11£0. 40 81.14=+0. 25 65.02=+0.55
SGF 80.4340. 15 78.88=+0.07 83.8140.00 72.2840.10
MSRC-v1 DFG 87.1440. 00 80. 98=+0. 00 87.14=£0. 00 75.3540.00
MVGL 68. 10£0. 00 65. 5840. 00 72.86+0.00 49.6740. 00
MCGC 84.7640. 00 71.80=+0. 00 84.76+0. 00 68.09+0. 00
MCLES 87.4840.74 77.91+1.16 87.4840.74 —
DMFMVC 65.33+0. 20 51.8440.13 65.2440.18 —
MVCVAE 75.24+1. 46 68. 50+ 1. 34 79.05+1. 06 60. 96+2. 00
DMVCDA 90. 431+0. 29 82.0610. 44 90. 431+0. 29 78.92%0.56
FeatConcate 61.96+3.99 67.1843. 06 62.4043.76 46.0944.53
AWP 67.27-+0.00 69.42-+0.00 67.88+0.00 49.3140. 00
AASC 65. 88+£1. 50 66.39+£2. 10 66.00t1. 50 42.36£4.00
RMSC 68. 7941. 40 70. 2541. 40 69.2741.30 51.4342.10
WMSC 69. 7040. 57 71.8940.76 69. 7040. 57 51.9541. 20
SGF 70. 7940. 26 73.8840. 34 70. 7940. 26 54.8240.53
Yale DFG 70. 9140. 00 73.9040. 00 70.9140. 00 54. 8340. 00
MVGL 64. 8540. 00 65.9540. 00 64. 8540. 00 43.8140.00
MCGC 61. 8240. 00 67.1740. 00 63.0340. 00 47.3540. 00
MCLES 70.48=+0. 01 72.5440.01 70.5540. 00 —
DMFMVC 74.73+2.91 73.4241.64 74.8540.43 —
MVCVAE 41.8240. 86 47.06+1. 31 44.24+1. 24 21.9140. 96
DMVCDA 75.13£0.98 73.96+0. 83 75.13%£0.97 54.89%1.65
FeatConcate 14.91%0. 64 19.21+0.51 25.24=F0.65 4.30%0. 37
AWP 14. 60+0. 00 15.96+0. 00 22.85+0. 00 3.75%0.00
AASC 15.70+0. 19 17.83+0. 43 23.9240. 40 4.13+0.18
RMSC 15.49+0. 62 18.95+0. 29 24.484+0. 30 4.53%+0. 30
WMSC 15.02+0. 10 19.03+0. 22 25.6840.53 4.71+0.12
. SGF 16.22+0. 45 19.69+0. 12 25.8640.43 4.97+0. 21
NUS-WIDE DFG 16.80+0. 12 19.86+0. 26 26.7740.31 5.96%0. 20
MVGL 13.85+0. 00 5.5040. 00 15.70£0. 00 0.16+0. 00
MCGC 12.75+0. 00 14.55+0. 00 22.40=+0. 00 2.4340.00
DMFMVC 8.4140.18 7.734+0.10 13.96+0. 14 —
MVCVAE 16.35+0. 26 12.43+0. 11 19.25+0. 07 2.93+0.99
DMVCDA 18.07£0. 18 22.61%0.17 28.3410.18 5.82+0. 10
FeatConcate 23.4240.73 48.9640. 26 46.3640. 40 17.36+1. 01
AWP 26.2240.00 44.5240.00 42.7940.00 15.28+0. 00
AASC 23.8040.77 37.8840.69 40.1140. 39 7.18%+1.50
RMSC 22.772£0.93 41.5240. 33 38.9840. 34 21.57£1.70
WMSC 23.29%£0.67 45.8140. 25 45.9440. 37 15.394£0. 92
Caltech 101 SGF 24.04=£0. 45 46.3940.15 46.2640. 21 14.714£0. 65
DFG 23.53£0. 39 46.7640.08 46.2840. 34 14.2840. 47
MVGL 13.4440. 00 14.13+0. 00 21.4640.00 —0.55£0.00
MCGC 23.00=£0.00 41.9740. 00 43.1240. 00 13.84=+£0. 00
DMFMVC 21.28%£0.55 41.6740. 15 40. 9040. 25 —
MVCVAE 25.45%+0. 23 44.6342.32 40.3142. 14 22.46%+1.23
DMVCDA 29.78%0. 06 51.89%0. 04 50.00%0. 02 22.08=£0.03
FeatConcate 71.3041.47 83.8740.39 74.1641.16 58.5141.94
AWP 59.04+0.00 69.90+0. 00 60.25+0. 00 47.424+0.00
AASC 15.9040. 41 35.68-£0. 50 18.4040. 36 6.39-£0. 34
RMSC 77.0441.50 82.4540. 68 78.4442.30 65.6141.50
WMSC 78.2240.59 84.2241.70 79.7840. 47 68.0340.52
ALOL SGF 84.0741.50 90. 9040. 35 86.08+1.10 78.3241. 20
DFG 84.5141.00 91.08+0.33 86.4140.79 78.8441. 20
MVGL 42.4740.00 46.9440. 00 44.9840. 00 2.48+0.00
MCGC 56. 6240. 00 69. 7540.01 60. 3940. 00 41.6140.01
DMFMVC 60.14+1.13 76.4740. 24 63.4340.78 —
MVCVAE 45.5842.88 56.00+2. 34 47.324+1.94 26.4543.01
DMVCDA 85.81%0. 07 90. 8440. 07 86.6110. 06 80.341+0. 12

Nt — RV RA VLA A R B L2k A L AR 4 Fros. BART & AT LLA B
FORMRIERE AT -SNECY mT AL R LSRR IR 47 . N2 A L IR A5 B4 20 31 i 3t
MSRC-v1 b RYAE RS (6] HAEROR A B 4 s SR R0n BB 13 8O By B O B 5% Z [



5 T2 - T 0 A7 X 5L o T 2 ) TR 2 R I SR 2 955

A B 75 T DX G o 3k 38 B R AT I B0 i A 7 2 3] 3]
T3 T AT 55 19 2 00 B G i e R L I 4L
PGS I TR ROCR U6 W AT Y BB BT mT LU
RCHL 2 A 2% 2T 22 A0 B R T TE £ S

FEBE 5 P RATT AT MSRC-v1 S48 4 19 )1 25 45 2
PR B R VEAT AT ARAL L B R T DMVCDA W 4% i
AR 2K bR 50N 25 4SS B 1) 451 % o B e BBl 2. A
5Ca) A LA ) A% SCHE 19 595 76 MSRC-v1
T 4 1 14 190 28 1 S5 451 K R 50 2R 2 I SR Y & B T
25 (N 2, 5k R BRI £ T T B TR R R T SRR E
RSl & A B H Rl A o — R AT I 25T R 3L
I 2 4776 N e a2 0 B 42 I L il A5 e 14 353 2 o K5
2R AT AT DL R B A5 AR I 00 % o Bl R S B
BT 1 a3 B A AR S BB AR B

Zo DA R X SO IR T BATT A AR R Y A R AR

o}, © 333 3
B :0 122, 2 ?33?
3 4 1;%‘;"; 02 & S a4l
3 plo%%p 355,02 .
i E 6% 000;1 }zzl> 303&%665"35‘ > ok ,
16 43 1 641222922 066%2 611 8 ‘3
33 0§ 3% 6°1 Fog21 166 1 %B
6, 6%4°% 1 cu"l 132 5 1(20 o
Gg S v, 3 ¥ 1
363,63 8106 21 75;;%
3 @ 252
4 22
(a) Epoch 10 (b) Epoch 40
2 3
%7))223 666 35;;;?
12, 3 § . &
A A L iS5, o 40
12 yAy 3 66‘563 & 6 3 }
) . 3 ],ﬁs e 1 ri %
o ﬁ 11333 336 1q, 1”111 1t
8¢ 0 1y 3,57 24 X ]11‘1\“ o oot
~ v # 232811 u°°o°mq,00
: 23 )7/)‘,2i’2§i11 =

(¢) Epoch 70 (d) Epoch 100
K 4 w4k MSRC-v1 %4 £ 75 DMVCDA YI|Z: 100 4~
epochs o T 1) 3 22 V5 A B 45 [

70 0007 - 6000 * -

60 000 | co00l 1

50 000} § 7 50
£40 000 g 4000 530
c = 5]
=30 000 > 3000 > 2

20 000 2000

10 000 1000 107 °

0 0 °
0 10000 20 000 30 000 40 000 50 000 0 10000 20 000 30 000 40 000 50 000 0 10000 20 000 30 000 40 000 50 000
Epoch Epoch Epoch

(a) MSRC-v1 loss

(b) VAE loss

(c) DA loss

6000
5000
4000
< 3000
2000
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Value

; 10.0

0

2057
1751
15.0

g125

75
5.0
25

0 10 000 20 000 30 000 40 000 50 000

Epoch

(d) Fusion loss

0 10000 20 000 30 000 40 000 50 000
Epoch

(e) Clustering loss

Bl 5 FATH DMVCDA FIE7E MRSC-v1 B85 48 (9 (A 151 2% a5 A5 458 2% 1oy Wi sl

FRATAE A 52 50 KR 2 # o B = A A TR LA Y
WO A AT SE WOR X LS 5 as A7 I (] 3k 4
N R TFARGE T BRATIC 3T AR A e A B i
RALEIRLA I ] 5 PR J5 3 WAL 5% 6 4L )R (bateh
size) BEN FT A AEA KL FF PAAT — IR epoch 13 2] — K
BILIR MG E]. 2 4 AR D I 10 R IR 45
PE L s R D).

MF 4 LR AR R AT LA B AR N
£ NUS-WIDE # Yale b, JATHY 5 12 47 1 ] AL
KT AWP 83k BARTEIB 7808 IR AR (H4S
TR ERKE . RNITERLICR . XA fES
FATT 00 45 4548 1B SR BRI 22 D0 KR A S, TTAE R
MERESE ALOL L B IR B R 1 7 kA i 47 i

(] b3 4 Sk B i, 0 MVCVAE 5 3% 117189 DMVC-
DA HFATT 7 EMVCVAE . 25 F 407 . e BuS

F4 HRIEBTHREI (AL :s)

Methods Yale(165) NUS-WIDE(2000)  ALOI(10800)
AWP 0.07 0.90 36. 10
AASC 0.14 2.47 39. 40
RMSC 0.11 36. 80 388. 00

WMSC 0.09 1. 24 71.70
SGF 0.11 1.17 14. 30
DFG 0.10 1.17 14. 40
MVGL 1. 00 54. 30 5330. 00
MCGC 0. 87 55. 80 713.00

DMFMVC 0.82 42.50 325.50
MVCVAE 0.18 1. 22 7.24
DMVCDA 0.15 1. 05 5.68




956 it =N Bl & Eild 2023 4F
RS ®5 MUXBHEHSHIGE
4.5 %}éﬁﬁ*ﬁ Datasets a B y
AN AT R B 0 AR R BRI (1) RO oo . B
B =AM S8 o p ATy AT M. FE T — S 8L NUS-WIDE 0.54 10 10
Fot AP/ 2 M08 T 8 £ AT L e e Celeh ot - . B

rhOXT = AR 2R ] R BN SR 5 UK.

N 6 43 A7 AT, 280 o 58 i 90 B 43 A1 5 5 AR
JE A AT /N I 288 O 19 52 ) 5 AS BH 8 g ek R )
SRR R FHOR R RE TR (H 2 LA 6 (a) i
AL I X F 45 8Os SR — A5 9 1) S DR LA
JE X F 250 8. B (1) 2 L SV AR R 2 A LR

FETE SR B IR X0 5 2880y 2 3R 28 40 2% I 17 °F- £y
ZH B 6 (o) HoR B LRI XS v 7 B 3 [ 4 AH
XSRSy TR v A B S RO RATTTE
Vb 5 S 36 v oo 20 o T8 A B AR 1 A S i A0 O
X [E][0.5,0. 6 JHUfH , =%k B 7E Caltech101 A1 ALOI

F N RE J1 AN TR) Y KO AR X BR BBUREEAN TR] LEAER BdR AR 20, HAB S 10,001 v G E O 10.
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Background

With the rapid development of the Internet and sensor
technology, the data in many fields are growing massively.
In the practical applications, data are usually collected from
different fields and sensors, resulting in multi-view data.
Multi-view data means that the same object can be described
by multiple different data sources or features, and each data
source or feature can be viewed as a specific view. Multi-view
clustering is an important approach for pattern discovery on
complex data. However, most of these existing methods
neither effectively learn the latent relationship among multiple
views nor consider the different importance of each view.

In this work, a deep multi-view clustering is proposed
based on distribution aligned variational autoencoder, so as to
improve performance of multi-view clustering. First, we use
view-specific variational autoencoder to extract latent features

from different views, and align the learned view data distri-

bution to further mine latent features containing basic infor-
mation. Then, we introduce view weight parameters to fuse
the view-specific features into a shared latent one. Finally,
the loss functionfor clustering is established on the latent
features, so that the learned latent features are more suitable
for clustering tasks, thereby improving the clustering accuracy.
The experimental results on five common multi-view datasets
show that our model has achieved excellent performance in
terms of multiple clustering evaluation metrics, such as
accuracy (ACC), normalized mutual information (NMI) and
purity ( Purity), which validates the effectiveness of our
model.
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