¥ 43% %o i (=1 Bl 2 Eird Vol.43 No.9
2020 4% 9 CHINESE JOURNAL OF COMPUTERS Sep. 2020

— M EMNR SR ARETE

WY £%% IEW EAE TEX

ORI B TR A 450001)

W OE AEREARRHCT, WA 2 U A B R EAME BRI R R, R 2 A R S P
PRI SR, R 2RO I Z A BTk AR T N A AR ZR b CAN3E T k-means I IIAN Z LA R IETTIE)
R T BRSO R b (IS T SRR A A Z A SR 2ET7 18 ) 7 ) FIRINALEE , R BEIR] I 2% X P57
PAFE I ek LA R IEA AR S 5351, REBONMRZ M IR TT AT Z 5 | NBSNO S B h AL B Y 70
fii, A2, TERAETEE AR ARTR T, AR B A AR 28 ST X LR, 2 T — U
TA ) Z LA B RTE DWMVC. Bdld AR A b~ T IUMAAUE , JFRE X e B 5L T N A AL T BT S0y
ZIAEEEFR b, DUE T 580 A R BOE 2 T B0 BAME B M5 T — D EE TR BS DA%, 1efk
253X PR 2 71 19 TR o fi K FIR B8 ML B 2 A ORI AARUBE AR B, )i, B 17— MU LA D535, DL
RIS S el fife. 1E 2 2B AR LR SER A SRR, 20700 T F AT ST 4 Sl f A 2 LA R DT T5.

KR AR WNEEY; FRMS; BEL; 4R
REESES  TP301 DOl €& 10.11897/SP.J.1016.2020.01708

Dual-Weighted Multi-View Clustering
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(School of Information Engineering, Zhengzhou University, Zhengzhou 450001)

Abstract In the Big Data era, how to utilize the complementary information among multi-source
heterogeneous data, such as multi-lingual text, multi-feature image and multi-view human action video, to
discover the underlying cluster patterns is one of the hot topics in multi-view clustering, the aim of which is
to learn and leverage the complementary information among different views to discover a consistent
clustering partition. However, there are two challenging issues when we resort to current multi-view
clustering methods. (1) Inadequate utilization of intrinsic information resided in each view. Most of the
existing multi-view clustering methods learn and apply weights on only either the content-based
bag-of-words feature representations (such as k-means based weighted multi-view clustering methods) or
the context- based similarity representations (such as spectral based weighted multi-view clustering
methods), which fail to consider both of them to fully represent the intra-view intrinsic information. Thus, it
may indirectly do harm to the final multi-view clustering performance. (2) Needing to introduce more
parameters for controlling weight distribution. Most of these weighted multi-view clustering methods need
to introduce extra parameters to control the weight distribution. But to select an optimal weight parameter
by hand is quite difficult without giving any prior knowledge. Hence, directly applying these weighted
multi-view clustering methods to complex practica scenarios on pattern recognition may not obtain

Wk H . 2019-08-31; FEZR LA Hl: 2020-02-07. APREG R EK HARR 54 (61772475) | EZKE AWML TR ek scim”
T4 535 ( 2018Y FB1201403 ) Fll H 5% [ SR Bl 24 B AR 5642 (61906172 ) e Bl 8t R, A5 A, W BT 5L 2 ( CCF ) £ 51 ( 94305G ),
FIRFFA AR . {5 B IS, E-mail: ieshizhehu@gmail.com. 2E8%%, 11, M, HEHEHLFES (CCF) b, FER
GUR AL BRG] EEW, BUER A, R AL R . BAEIE . BNE, [k, R EFENL2E S (CCF) &
R, BRSO L L. MBAER GEGER) |, W, #82, PRI S (CCF) M s, FEMRAE N
Blas2=2d . AR TR . B AE R 4. Email: yeyd@zzu.edu.cn.



9 AT S . —FhOBUEE A Y 240 SRS T 1k 1709

satisfactory clustering result. To deal with the above two problems, a novel dual-weighted multi-view
clustering (DWMVC) method is proposed in this paper. Specificaly, the view weights are learned
automatically by the concept of mutual information and then are simultaneously imposed on the
content-based and context-based multi-view data representations in order to enjoy the best of both worlds,
especialy the complementary information resided in the two kinds of multi-view data representations. The
motivation behind this idea is that, the content-based feature representations and context-based similarity
representations depict the characteristics of multi-view data from different point of view. Specificaly,
feature representations describe the properties of individual data samples, which reflect the intrinsic
information of each sample from each view. While similarity representations describe the affinity or
closeness among pairwise data samples in each view, which reflect the underlying correlations among
samples. Therefore, we apply the automatically learned weights on both of the representations to fully
utilize the complementary information among views so that the overall data clustering performance can be
enhanced. The proposed method is formulated into an information bottleneck based objective function,
which can simultaneously compress the two kinds of data representations (including content-based feature
and context-based similarity representations) while preserving the relevant information maximally. Finally,
a new sequential “draw and merge” method is designed to solve the optimization problem, which ensures
that it can converge to a local maximal objective value since discovering the global optimal value of the
objective function is a NP-hard problem. Experimental results on various kinds of multi-view datasets,
including multi-lingual text dataset, multi-feature image and human action video dataset, and multi-modal
action video datasets, demonstrate the superiority and effectiveness of the proposed DWMVC method in
comparison to the state-of-the-art single-view and multi-view clustering methods.

Keywords multi-view clustering; weight learning; information bottleneck; mutual information; bag of
words model
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£ DWMVC Bk, witafbad #n] LIZE O(n)Ast
W) S ER. E S I IR R, 55 B A
Ao G AR AT B ORI Rl A A | i A 2 B
O(X |(IY | +]|Y? |+--+|Y™]). Kk, DWMVC
i) 2% B2l O(e | X | (1Y [+ Y2 [+-+Y™]) . JE
R B ST R B, ¢ SR AR
S FRRE R, FRMEEE—R, BK, B
PRI ZEE R O | X [(YH [+ Y2 [+--+]Y™]).

4 SHMTIEMXFR

AT R, HEEBES —SHETIENLR.
SCHR[ 18] 8 H —F AL ZHEAE 1B ik, BHERES
FIH G [ RAAE B B AME B SR, &SRR
WERENRBE, 0 HIZEER T 20 %
P B RRAE SRR . SCHR[L9) 48 8 T — A TR I mh &
2 1B 7k, B 7E & BUL A ) 2400 4 i) — 3K
PE. {HJE, A DWMVC E kBT IAGER, 5
TEFZ AL A 2 6] 1 FAME B, SCHER[20] 42 10 1 —F
TICARIZ A 1B ik, T8 N T 76 B 5 — A4 5k
ZANRBEERNFMNT, FRE—A 50 HRIEL
SRR BRI ZEHE. SR, A SC AR e — B L
TIZMMERS, WS Z I MAEEE & E R
DASRAS SN w (0 R 2R 4. SCiR[21]) B E X TEZ
MAAIE, SR, AR SCE AL BTC W i 200 A 4
5 (RPZAMm B ) .

T34, SCHR[9-12) 43 B3 TS [F) 5 ms 4 o 40 25 4
2 2] A 2 AR IA D, B R
FARCERS, X 25 A RRIE SEA T INA LA Bk 3 1
A A A AR R I R SR 4 i R kR LR
G I 287 B IS SC DWMV C 12 #1557 JH RURL 2 )
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s, R EIEA BRI, EZARIAEL
TR (1) BRZEEE A AR AR
S BA— ZA RRE R LA NIRRT
X PARICA R ) Z 00 M o CRAIE RS FIAHBLEE 36
) EREMA. (2) DL AT E S AL
1) S BORFE TIALE 73 A, AR SR S 38 E AN s 22 1
KSHRE.

B, SCHR[22-24] 78 B8 B HLA: BU 24~ 25
] F R MANFE R R 73, RIGLEE % IR LR] 5
M 22 5, IR B — Bk RS R R X 2y
P 5ARSCHTIR A DWMVCERFI A T 8 i £ M {5
B, HEVRAEEN T WAL (1) 2R
T2 () R A iy vk R AE SR A B TR
FKohr, MARSCAE IR 2 Z AR KR E. (2) D
IR EERA T RBERERNE, LA FHIEEZA
AN TR0 43 1) 26 S M DA SR AT B 4 1) — B M R 24 43
A SCAE T IAL B SR, & 742 224 00 58
P B AME Bk B = R RE.
5 LWEER
51 FMNiRE

R TN A A R A B, A S R 2
R B RS BRSP4 Bk O SRR, TR

A FE AR, FoRIEEE, eI RO BT
(1) B2EUEHE (Clustering Accuracy, Acc) :

2. 5(5.map(p,))
i=1

Acc = (18)

m
Horr m 45 e B R S S p R 43 )
FREARR R R P M ELHRE; s(xy) Ik
Frri R B, 4 x=y B S(x,y)=1, FWZEH O;
map(p;) S —HEF WL REL, K TR AR B 1 Rl
gy B B 5 2 S R FTIARAE I, P e R
AJ DL Kuhn-Munkres 35745 30 5 A0 i
(2) br#Efb E A5 H ( Normalized Mutual Infor-
mation, NMI ):
__ 1vi©) (19)
max(H (V), H(C))
Horr, VI C 43 5l s Biali v G 1 SR 253l 43 Fn L5
R4, 1(V; CZF VM C ZIH I EAF &, H(V)FI H(C)
o3RI VA CRIAE B,
5.2 HiEE
RICHAEZIET X . ZHERG M Z S A
AT NS 5 A2 A E 4 1 IEATRATT 4 Y

DWMVC Hik. N3 AT S A/ INRIURE 45 55 O 1
43 RO G BB A LT 2L Bk 1R,
Reuters®, % ZiE 5 CRIBIEE RS T HAA
[R5 S (s s 8 PR R KA
a5 B SCRY, BERPE S A A 1200 A4S 3CRY. AT
PEWCHT = FhiE FAE RIS S, g —MiEs
TER—AHA.
COIL20%™3% il b4y 20 xfs4, Uy
1440 ARG s se R i DT 7 Sl s 2. m4
X GAE L4 FEET LA 5 B IRIRR A 72 kR 3
MR BUR G =R SERAE, E) SURFEY | TPLBP®
N SIFTEMEAE , ARFRRAE AT o — AR A
NUS22P8, i fdi it 269648 gk €] A Al
KebrZs, Feit 81 AxF 25 FRA T AP REHLIH L 22
AR, 10155 M EME, I SIFT F
TPLBP RRE I LA,
MSRDA3DPY. 254 48 f— A H I 3h LA
BAEE, B8 T =FMARPNESEYE, I RGB.,
FE RS B FRATREBCH AN . TREE R
RGB A, A 16 Fhid o2 A LI A
ARG IG s, HRZEOE AR BN
MRS E., HIL, AR A i EL kR
HMDB®., 283 45— 6 F AMRAT R i $
P4, FLEFOk A TR, s 6766 ST HE
53R BL AT MRS, A0 E 4 101 455 4.
A6 HoF Al HoG IR AE B LIk, Hodr,
B —FRERAE AN — LA

*x1 BUREEN

Dataset Type View Class Number* Feature
Reuters Text 3 6 1200* 2000
COIL20 Image 3 20 1440* 1000
NUS22 Image 3 22 10155*1000
MSRDA3D Video 2 16 320*500
HMDB Video 2 51 6766* 1000

53 XLLEASXWRE

ST AT DWMVC 555 1 A R0E A bk
PE, ARCHLIT =RREFE R, H Ry
SN 2 FiR.

A RISHE D, (1) k-means (KM ) Bk,
JB TR THAE RN R EF ¥ (2) Neut H
Bl Normalized Cuts 5.3k, J& TR TERFERIERE
2, DBEREAR T AU JE A, 35 B
PEREAS ) R SCfF BT R0 (3) 1B Fik
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PR A RAEE . (4) All-KM &35 (5) SEE AT 2.

All-Ncut 5k (6) All-IB Bk, X 4eJy ik F2mad
RSP A RN, AR5 5308 A k-means.
Ncut F1 1B k52K,

ZMMAMERFE: (7) MVIB ( Multi-view
Information Bottleneck ) #7519, %54 ki 1 fib & A
[FIREAf T 1 SR e ise, AT e B e 4 1) — BUPE SR
H4E . (18) Coreg ( Co-regularized MVC ) 313
AR PR A R R FE A b, BT AN AR A
) R 2 B, 38 A X AN )R A ) 2R 2Rl 43 it AT B O
W) Ak >k 52 B0 22 WAL AR BB 2 TRl Y SR 28 45 R — Bk
(9) RMKMC ( Robust Multi-view k-means clu-
stering VB 1208 AT G K LR 22 0 A RIS A
PRI T —HP H S Z A k-means 2L T 1.

(10 )MfIB( Multi-feature Information Bottleneck )
LD vk AN EAE, RIE R A
RS 5 AT A LA A5 2 5 PR A £cdis il 4. (11)
SWMC( Self-weighted Multiview Clustering )P/ 1,
(A RESTRUETRLE TRV AP UESE S i () ey N =
BN IAmE .G, Es S5, i
R T —AhoE A H R NAUR 20 M R R L.
(12) TWCOKM ( Two-level Weighted Collaborative
KM ) 5L 280k DAEME 7 5O B AR s 8L
AR A AR ATEZ DA PRy A e85y, I R
PRE T LA ) Z AR R S A (5 B st Aha i fdt
BUORWS , MMM EEHARR T 0% K.
( 13) MLAN ( Multi-view Learning with Adaptive
Neighbors) Pk, ZH L A sh MG
WEWAGE, FEGHENBART, KE R RILE
FLHEERI I3 e YT

TR A REEENS, RAOTEREAAA
IR RS, XM T2 AR A, AT
FEAE B RSO 4 S B0 e e s AT, ik U
SRR RS XA ) DWMVC
Bk, HILHEWASE, JMA . FEARTNRIAE S
o, R R oo/ TRIEREA SR, Blexn,
XU AR X RS T 2Z B e 4i 2 BRIy, I,
WA i BN TEGF K. L, AL A R
PECAESCARET | RGP g 2 rp i 3] T
k. XS A, HIBETEEH{0.01, 0.02, ...,
0.09} , X I i) ZBHUR M i AT 7255 5.5 /N5 S 8L
h T R UL E BRI LR 2880 43 s, FRATD
FEAS AR FigtT 101k, LKA Acc AT NMI Y

* 2 MWHEZEMHR (SC RRIERYE; F RRFHER
~; SERBEMERT)

Method Basis Represent Weighted Weight Parameter
KM KM F - —
Ncut SC S - _
1B 1B F - -
MVIB 1B F No -
Coreg SC S No -
RMKMC KM F Yes Yes
MfIB 1B F Yes No
SwMC SC S Yes No
TWCOKM KM F Yes Yes
MLAN SC S Yes Yes
DWMVC 1B F+S Yes No

54 SLIGFLERSH

FEAA T, RATE AR 7585k
EFRAT142E ) DWMVC Bk A 30k, & 3f1 4 &
IR ERRET BRI, Sal R

(1) fa] Bp HiKE 45 90 A O B A — R T AR S
FoE M B TH AL M R AR R MERE. B, AEXE T
k- means, Ncut fl IB £ AL R ILAE T 20
FABAELEC AN COIL20 ) I 1 e RS 5, AlL-KM
All-Ncut fil All-1B BiE R 45 R A48 W W TR,
X2 T R B bR 22 AR B A — A A
PRSI, LA IR BAME BB B 3 A2
FIHI.

(2) X T H/PHEM M R EH D, DWMVC
BIRTES AR ERERM IR EL, X FE
J2 AR T 8 B30V R 68 K A ] o M ) R A A R i
e EE G I AR AT, DA Z 30 L T o ) SR 2%
X147

(3) A4 A DWMVC B 1E 4 Ry
Z 0 B 4 Y B AR T X L 2 R T
P AN T HE I, DWMVC k3 gk
AL WA, —FH, B a5 R e
FA PRI B 2, R 28 I RRAE R ML T
R SCRYARLEE AR, AT LATE S FH AR E AL A P
AR A 1) [ 5 2R E FE AR 2 ] ) G5
7T, RS R R RPN 2 s XU AL,
PLFE 43 R WG 7 T 0L F EAME B, DA 4 e Bk
RIS RE.
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*x3 HEENMHIEE LR Acc (meantstd) SLIEEER

Datasets Reuters COIL20 NUS22 MSRDA3D HMDB
KM 24.10+£7.1 52.5+4.6 12.84+0.5 30.71+£2.6 9.5+0.4
Ncut 42.86+0.1 74.53+£1.2 12.90+0.1 33.62+1.5 10.66+0.1
1B 44.22+3.3 69.35+3.6 14.53+0.3 31.75+2.7 9.62+0.3
All-KM 25.64+7.0 45.17+4.9 12.79+0.6 31.65+1.4 9.9+0.2
All-Ncut 40.75+0.1 46.27+0.3 14.86+0.2 34.56+0.9 11.23+0.2
All-1B 40.55+5.7 77.52+6.0 6.50+0.1 30.41+£2.5 9.31+0.1
MVIB 48.47+4.1 65.46+£10.7 11.21+0.6 37.78+£2.0 8.03+£0.2
Coreg 42.19+0.7 63.23+1.6 10.7+0.1 32.66+0.7 10.89+0.1
RMKMC 45.79+2.9 53.22+4.3 13.52+0.5 35.81+1.5 11.09+0.4
MfIB 48.63+4.3 84.99+3.6 18.20+0.4 35.81+3.5 11.67+0.3
SwMC 18.30+0.1 46.63+2.5 6.6+0.1 26.25+2.0 9.2+0.1
TWCOKM 22.93+8.2 30.24+2.7 12.53+0.5 35.22+3.3 9.74+0.9
MLAN 21.33+2.9 87.22+2.3 7.61+0.4 37.81+5.8 12.30+0.1
DWMVC 52.82+3.1 89.29+6.3 19.57+0.4 39.50+£3.4 12.98+0.2

#4 EEMNBUEE LAY NMI (meantstd) SLIGEE

Datasets Reuters COIL20 NUS22 MSRDA3D HMDB
KM 10.42+9.6 64.18+2.6 8.6+0.4 37.34+1.8 15.24+0.4
Ncut 28.04+0.1 83.83+0.4 7.4+0.1 38.55+1.0 16.22+0.1
1B 26.10+2.2 82.17+1.2 13.22+0.2 39.79+2.1 15.99+0.4
All-KM 7.8+6.0 59.17+4.3 7.3x0.4 35.28+2.1 14.0£0.4
All-Ncut 23.31+0.1 58.03+0.3 9.39+0.2 39.74+0.4 16.83+0.3
All-IB 25.73+5.0 91.42+2.6 2.24+0.0 41.32+2.3 6.34+0.1
MVIB 27.54+1.8 75.55+6.4 5.85+0.4 44.77+1.2 11.97+0.3
Coreg 27.45+0.3 83.49+0.3 6.9+0.1 43.62+0.3 18.38+0.1
RMKMC 29.00+£2.5 73.27£2.0 9.0+0.3 41.80+1.5 17.94+0.3
MfIB 29.69+3.4 91.85+2.3 13.52+0.3 43.40+£2.1 19.19+0.2
SwMC 3.53+0.4 59.52+3.1 1.46+£0.1 32.18+1.8 2.8+0.1
TWCOKM 7.94+8.7 39.71+4.1 8.49+0.3 40.80+£1.6 13.43+7.1
MLAN 8.6+£0.0 94.35+1.1 2.30+£0.3 42.99+1.1 8.97+0.1
DWMVC 31.99+2.2 94.53+3.1 14.54+0.3 48.20+2.3 21.07+0.3

55 S¥ o R ARG (3) MAPUEIL KA, hTid 2% E

DWMVC 532l 2 5K V- i FRAE 7 AT
L1 R X XU A 2 A VR, R AR 3¢
A I S PEAG AR B B PERE R . MR 7 e
DA H: (1) KAPEE/N, DWMVC B3
B T AR AIE 2705 115 2008 T S AR AL BERRIE X Z2 00
BRI, M, DWMVC B A RS 4
FAFEI T EARK Acc (B ; (2) B ME R AW,
DWMV C B3 1 Acc {ETE R &R 7 Ficdi 4 2 9 1
P YA NP — w2 B AR, RIEUE 7£[0.06, 0.07,
0.08]H, FHARLEE Fe/m X FHREAE 27 1 B AME F 3 8
A, DWMVC BRI T4 A5 8 e

AEARLEE 22735 A 52 ) 11 Z2 88 1 1 B RRAE R X 2 40 £
RAEMVER, DWMVC Bk AE KB 5 45 gk
ER I .
5.6 WMo

K 8 45 T DWMVC 878 2 M i 4 1
BREREZE LN ERREUE. NE 8T LA
b B AT AR G I, B A eR R (B TR
T, RS TR, AR IR
TIZEERE . a2 RERE, kR AN
BT R EBEAAE , B UE T2 B A AR A i
S
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clustering (DWMVC) method is proposed. First, we utilize
Bag-of-words model and Gaussian kernel function to
construct the content-based and context-based represen-
tations of the given multi-view data, respectively. Then, the
mutual information theory is adopted to measure the
importance of each view to obtain the view weights. Finally,
an information theory based objective function is
formulated, which aims to compresses the two kinds of data
representations while preserving the relevant information as
much as possible. Experimental results on different kinds of
multi-view data shows the proposed method outperforms
several state-of-the-art methods.
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