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Diversity Guided Deep Multi-view Clustering Algorithm

HU Hong, LI Xue-Jun, LIAO Jing
(School of Computer Science and Technology, Southwest University of Science and Technology, Mianyang 621010, China)

Abstract: Multi-view clustering aims to learn more comprehensive and accurate consensus repr?eséhtations from the
diversity information of different views to improve the clustering performance oﬁf the model. Currenﬂy, most multi-view
clustering algorithms use the Hilbert-Schmidt independence criterion (HSIC) or ‘adaptive weighting method to consider
the diversity of each view from a global perspective, ignoring the leeirping of local diversity information between samples
in each view. This study proposes a diversity-guided deepimulti-view clustering algorithm to address the above issues.
Firstly, the study proposes a soft clustering module integrating multi-head self-attention mechanism. Specifically, the
multi-head self-attention mechanism is applied to learn global diversity, and the soft clustering fuzzy C-means algorithm
is utilized to learn loeal diversi‘ty. Secondly, a soft clustering module is introduced into the structure of the depth map
auto-encoder network “to generate potential representations guided by diversity information. Then, the obtained latent
representations of each view are weighted and fused to obtain consensus representations, and the spectral clustering
algorithm is leveraged to cluster the consensus representations. Finally, comparative experiments and ablation
experiments are conducted on three commonly used datasets. The experimental results show that the proposed clustering
algorithm has good clustering performance, and the diversity information learning module can effectively improve the
clustering performance of the algorithm.
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HAE L FEVESS B D2MVC SRR T Hofth A % 184

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

2024 4F 5533 % 57

http://www.c-s-a.org.cn

i H AR SN A

J&) 2 FE P BURS BB 22 FEAE (0 B SRBRE, BRT LUAS Y 1]
I 25 J8 42 JR) 2 PR R JR) 3 22 A 145 U2 AT AR i AR A
RIMERE.

# 3 ARFJIVELE Yale B fE B seie s R

JRBLRELA PSS (fom-sa-add,,). M 6 HH AT LLE 2, 0
NG 22 3k B VE R IHLE] B8RO RBRAE 3 MR &
AR T At A ) SR S5 AT A AR A R i?fﬁ‘ﬁ%iﬁ
BIRLE T 2 Sk BT R IHL I ORI e i Sk

Frik ACC NMI Fl AR RIME
SC 0.603 1 0.6429 0.4556 0.4334
GAE 0.6606 0.6888 03838 03367 K6 SR
AdaGAE 0.6606 0.6724 0.4985 0.4649 EAETE S Fik ACC NMI Fl1 AR
DiMSC 0.7090 0.7270 0.5640 0.5350 add 0.7578 07169 0.5094 0.4736
AMGL 0.6691 0.7071 0.5031 0.460 6 fem-add 0.7455 07269 0.5264 0.4924
LMSC 07023 0.6712 0.5060 0.4728 Yale fem-sa-add 07333 072131 05412 0.5093
ECMSC 0.7351 0.7262 0.5487 0.5362 fem-sa-add,  0.7697. 0.7328 © 0.5237  0.4887
CSMSC 0.7345 0.7019 0.5561 0.5244 add 0.8800 08150 0.7994 0.7771
GMC 0.6545 0.6892 0.4801 0.4435 o fem-add 0.8890 0.8148 0.7559  0.7286
MCLES 0.7091 0.7292 0.5526 0.5204 UCI\'d‘g‘t " fem-sa-add " 0.8905 0.8262  0.8083  0.7869
RICTTi: 0.7697 0.7328 0.5237 0.4887 fem-sa-add,,  0.9260 0.8558 0.8586  0.8429
add 07101  0.5951 0.6841 0.5837
# 4 AFETJTIEAE UCI-digit 4 B seie s ) 3Sources fem-add 0.7141 0.6168 0.6641  0.5600

ik ACC NMI El AR
scC 0.6771 0.6378  0.5739 0.5528
GAE 0.7130 0.7031 0.6399 0.5970
AdaGAE 0.8490 © 0.7908 0.7651 0.7389
DiMSC 0.2995 0.1848 0.2025 0.1139
AMGL 0.7822 0.8038 0.7359 0.7014
LMSC 0.8578 0.7826 0.7618 0.7278
ECMSC 0.8878 0.8432 0.7947 0.8150
CSMSC 0.8349 0.7762 0.7301 0.7098
GMC 0.7355 0.8153 0.7134 0.8030
MCLES 0.7930 0.8263 0.7468 0.7154

KT 0.9260 0.8558 0.8586 0.8429

fcm-sa-add  0.7337  0.6535  0.6985  0.6012
fcm-sa-add,,  0.7870 0.6774 0.7123  0.6222

2% 5 ANETJTIEAE 3Sources FEAE b SLIG 45 R

Jrik ACC NMI F1 AR
SC 06914 06077 06232 05233
GAE 0.6686 04738 06185 04862
AdaGAE 07337 06131 07123 06216
DIMSC 07377 06448 06632  10.5689
AMGL 06726 0.5865 05895 . 0.5086
LMSC 07059 0.6748 . 0.6451. 70.5620
ECMSC 06759 0.6610  10.6271 04897
CSMSC 07223, 06728 06546 05981
GMC 06923 © 06216 06047 04431
MCLES 07160 06025 06828  0.5824

ARSLTT 0.7870 0.6774 0.7123 0.6222

N T IR R £ 3k B R LI A )R
Z VG B2 SRR C SAME FEX R 2 A A B
S IR R 2 A0 B IR L R B A Rk, AT T
Rl SIS . Y S8 AN [F] 5 ) SRS T B s,
46 TC 2 RS B % ) I A 5258 (add). AR
M2 BEVEAS B ST RO TR BB SE 3G (fem-add) JR AN
2 JR) 2R B ST G 5258 (fem-sa-add). KM

34 BSOS

D2MVC BT, ky, k,,, head FE RG24 &
[, 520 Fy . BEIL AR T T FH 30 5 240 2k A8 511 I
BN 3 I X R 2 R . N Yale BUdiE4E M
3Sources FHEEI N/ IFEAR, # [k, k,,]=[5, n/c], UCI-
digit $¥E 8 H [k, k,,]=[20,30]. SZIGIEH, 24T = 2015},
f Yale fil UCI-digit ﬁ?E%L*%i%% ﬁﬁﬂ%fjﬁ

= 101, 7E 3Sources ?ﬁﬁ%iﬁi%%’éﬁ
ﬁc YN O0. 001, HT B SR AE 3 Aiﬁz?&%i%%&
feff. -
’ 1"* RIS SHUREE A0 3 Frow, Hia e 271,28,

B €[0.001,100.01. tHE AT %1, 7E Yale 4 4E |, 24
FE[27'0, 2%, SR E MR, HAE =24, B=1.0,
head=2 I WA B AAE; 78 UCI-digit i3z 4E I, S5
ZH BIEFT AT P, FR AR R RS2, HIEA= 1.0,
B=0.001, head=2 B B1S & ALAE. 1 3Sources H 4L
e, B ARE VRS T R, X RN S TR AR AR
FiRE 2 2] B — 2 M RUE M, 580 ACC Al NMI 7E X [H]
WIS, £ =272, B=1.0, head=4 N BUS B ATAA.

M2 Yale £ 3Sources HIRELEAS T K
I, SR TSR R K BRI SE 36 R ILAE Yale
R b, Bk BRI AS s IR LA T 1E
B T LR AN SR AR 2 O /NEEAR, TR T DAAS H A
INEEARKRAE b, ASEOREE K.
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(a2) NMI
(a) Yale #dli 45

(b2) NMI

(b) UCI-digit ¥4 4

(c2) NMI
(c) 3Sources F#itE

K3 SHBURSERS R

G
AT 2 PP R Hert S B £ R 5 8531,
41 7 A % Sk VR BL 0 RS, M4
R A i A T 3 4 WL PR3 . 22 AP L
S5 58 o A HCRBER, SReH T 2R 51 B
WRIEZZ M EE (D2MVC) 5k, Fdofs S AL A
I 3 RIS 12 B\ BUSCOR S, R
£ A A B S 5 K A 47 2, DS R
8] SRR B P, SRS SE T B
ﬂA%%EEEﬁm%m%%%ﬁﬁTuT CEers
Kbk, EAAFIVEE Yale MR UCI-digit K048 55 |
FKIFRE, SRMAE 3Sources FHE 4R AR EBE A T .

RLit, B BT CAR R B0 T s 5 DLE B AR B
FRIERE R SRR

SE 30k
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