511 B30 OB R & ¢ Vol.11 No.3
2016 4F 6 H CAAI Transactions on Intelligent Systems Jun. 2016

DOI:10.11992/1is.2016030
P £ HH AR 3E - http - // www. enki.net/kems/ detail /23.1538.TP.20160513.0921.020. html

ETRRMNHBRERT R

FAR, E G HeE R L KRR
(1A RIEKRF BFE5E8FE, & 77N 510640; 2.7 L k5 AR F S5+ EMNFR, & 7 M 510006; 3.5
AEREZAHARESLERE, 7&K J7 N 510006)

OB RIENN B RS 2RISR NGB LR A E A RS R B TR 5 AT S A
TS IR 4R D T — AT AR RO 5 e S InA L A RS T vk . TR R B R T A E —
MU EE TERICORNES . BOBREBA MR ESZAH — MR EE, Z I EEHES NS gkt
[, FETF A B o S 0 SRR B — 25 X AN TS 51 PN DRSS A T IR, -4 L DR SR A DL 38 & 2 — 45—
B AR IR SR S5 R PR A o BB R R B R 3 A T4 R B A RS I . St g Rk oy
TRAHEL AT L ik e RISRUR J2 AU LR B R

SRR RS IR B DR SR IR ; AR EIRBETRY ;[ 431 s B SRS S MR B 455 s ARSIk

FESES . TPIS XHEiIREL:A XEHS:1673-4785(2016) 03-0418-08

5| AR B, B, BaE, S ETRRMNNBREREX[T]. TRALKFER, 2016, 11(3) : 418-424.
FE X 5| FH#& X : HUANG Dong, WANG Changdong, LAI Jianhuang, et al. Clustering ensemble by decision weighting[ J]. CAAI
Transactions on Intelligent Systems, 2016,11(3) ; 418-424.

Clustering ensemble by decision weighting

HUANG Dong', WANG Changdong®”, LAI Jianhuang®®, LIANG Yun', BIAN Shan', CHEN Yu'
(1. College of Mathematics and Informatics, South China Agricultural University, Guangzhou 510640, China; 2. School of Data and
Computer Science, Sun Yat-sen University, Guangzhou 510006, China; 3. Guangdong Key Laboratory of Information Security Technol-
ogy, Guangzhou 510006, China)

Abstract; The clustering ensemble technique aims to combine multiple base clusterings to achieve better and more
robust clustering results.To evaluate the reliability of the base clusterings and weight them accordingly, in this pa-
per, we propose a new clustering ensemble approach based on a bipartite graph formulation and decision weighting
strategy. Each base clustering is treated as a bag of decisions, and is assigned one unit of credit. This credit is
shared (divided) by all the decisions in one clustering. Using the credit sharing concept, we propose weighting the
decisions in the base clusterings with regard to the credit they have. Then, the clustering ensemble problem is for-
mulated into a bipartite graph model that incorporates the decision weights, and the final clustering is obtained by
rapidly partitioning the bipartite graph. Experimental results have demonstrated the superiority of the proposed algo-
rithm in terms of both effectiveness and efficiency.

Keywords : clustering; clustering ensemble; decision weighting; bipartite graph formulation; graph partitioning;
base clustering; credit sharing; weighted clustering ensemble

R A ( clustering ensemble) B HFr &l & 2% ber) o & 3 35 (base clustering) ; B AL 51 7] DA
A RREE R AT B — A A A e AR A R0 ANFRIE DA, 88— D REITEEARF S
M AREIRN — R E M5 (ensemble mem- BE A, AR B i (BT RE ) 2R
Mo SRASEE MR I G R R 22— SR, 7 TG
e B #:2016-03-18. 4% Hi KR B 83 :2016-05-13. WE T, A AR LZ T B ahiTAl RIS o nl 5
ESWE : EHE QAR EATH (61573387, 61502543)

450,2014A030310180) (2015A0202 (HERIRARE ) B TmsEm, A, 5Bt
UL 2018801010000 o IS G IRRMCHE PR T SIS
: $4-18,11] ' S 41 -2 s
BIE1EE . T E . E-mail ; changdongwang@ hotmail.com. E{Jﬁ% ,’fﬂ%ﬁ%ﬁ%ﬁﬁ?{%}&xﬁ%*ﬂﬁ%

ROR LA R BRE . Biltn, SCER[ 11 ] 3218 7 —Fh



3

B, A T RIS RIS Ik - 419 -

T AR TRk ) INAS SR 2R 4R 5 1, (HZ T Y
ARG i Pz B SR AR R, AR JC I
TRBHEAE ; SCHR [ 8] 42 1 1 — Pk T )0 — fL AR IR
AT FEESEAR AN SR R AL BT vk (BB R I
2 BE AL BRI B 32 O P A — A R, 7R Y
AT SRISHE MBI ST, i v 28 3t X 3R 288 pl 57 144 ml
FEVEATPPAS I IR I, T — AR H B Bk
o T] AL

BERTIE IR ST, AR SCHE T — M T AR i
PRI R SR I, AT BRI
N — S TR RS R
J B BRI & A — A B B AT B T {5
MR AR IL R 7 5 b — 20 FRATTAR B
A RIS A M BB AR B 1 I A5 BE AT I
KL, Hg Z B A A ISR i 1 s —
HR P TR B 3 T R LA B R 2 SR
SR, BATRA ST I8 2 AR LT A 8 A~SEBR
Wdide b7 SC R0 i, SEIR A SRR AR STk
BT AR L IT 5 A R IEIE BICR Sas FiaeR ¥
RO B ELH

1 HEFR

AR E NI, EET LR 32E:1)
BT O AR L Y D7 iR 2) BT R A Y Oy
U3 PO R IE

BET ORI (1 05 3 ARG 8 A A
FLZNETEZ A TSRO v i T [ 2 Y A 5ok A5 31
— AN IEIRFE R I DI LI M Dy AR DL R |
MR ZE ORI R B e & TR RG2Sk 4]
e LI RE B O & JF 4R ) TR R AR R
(evidence accumulation clustering, EAC) 77, SCHk
[5]%F EAC J7 b AT 97 J 5 i R/ NI A5
P T RERAE R

ST B Okt i e RS R AR U
Pt — > I SR P 1 O 3 B IR o0 o
T, AT B R AR RSB A R, Gk 1 R
RALE R PRI — SO, i1 2] —
AP 254, 151 A METIS 8035 58 Neat 8
HUEHA B T DA R AR R,

HEF P BRI 5 RO N SRR Al ) A
H— A, AL B SR — D5 A
e B ARE L N ES SN AINE 3 E ML RIS S 1]
R —~ NP IR BRI 7E 4 S 3 22 ) 4%
AR TER MBI E 2L AATH . Xt
R, SCHR 2 1 SRR AR Y R JF 3 10 A1) st
PRSP RAF — AR, SCHR[ 6] 42 th —Fh & T

2-D b g — S B, JF AT 0-1 2 1E 5 AL
K RAC M — B i IR R0 IR

JUEENAMIETEE C 2R I T2 REE
ESNV(EVEEEX N PN LR =S A CE DO
Bk = X RN G AT n] A A T BB RE T, 2%
oy 2 R R (L 2SR ) By i
S, EEXRSIE A, AR ST AR T — L
Yoyt SR 11 R T A T AR U
ORISR IOk  FE iz Ik e fe
AP0F A% SRS BB A TS BE A TAG T OIS, R 3%
T3 ¥ B AR SO R o3 Ak 3t AR AR I R TR 2
I TR B4 . SCHRL 8 ] ATV —ffi fAah T
JESRARAT 2N TR 0L 1 vl & B2 AT AL T, IR BRI
S TP ISR R B Mk ; (HR 0 — L A
AT BEAR AR BT AR 2 R A v O A TR
PR B RIS HE IR AL, 7 >4 i SRR AR L 5 v
QAT A 25 e R A T SR R 5 AT R O 40 ke
RUER I, 1 T v RSB I B , AT — 1 R R i e
F8 B A P ) AL

2 FEETRF A Rk R R

2.1 B

HE— R X = {x) 2y, xy) oo, 3R
N X RIS ANBE S, N R X s AN
A I FoR— M5 M AR WES 10k

II={x" 7, - 7"}
Krf 7" FORBRES TS m AR,
—DERERTORAEARE X B — D RELR, &1
AT AT A A ) SRR R 3, 5 th— 1> 3R
KA FAEAFYIRACSECE T isirias, 81
BRI E AT, ek

7" = {C7,CY e O
K CF FORBEM A 7" P i M 0" TR
TR, R A T RS S AR
B o MRIERISHPE BT AT AT, — > JRE L5 N BT A R
P IR LR AR . U, Cr =X AR
KNIEEAEZ RIS = BT Vi # g,
C' N C =, HRERFEWANRERES TR N

C={C,,C,,,Cy}

Kb €, RRES CHPIS i N, R tES Ch
FEREE i HE CATHIN, = 21 n" .

R AR R RS T P RN
R B R HE— DL EE R REEER, R
i N5 BN R] , RIS AR vl = 2 2 B AN [ Y 2
By 250 1 Ry 2RI USRS T s 42



. 420 - oo A

@é\r
5

S 1B

XAEREAMG B 58 2 Ay U] H AR 4R
SR ISL N EISIZN ke E 0 G SR €
FEAE S BRSO e T R SR S A 5
5 B Z AN A T U5 ) JE AR B R IE 76 RIS AL
WEFEH, 55 2 Fh ARy X0t I 1 B0 1) A 3 BRI,
DGR T2 R FH 0T 5 AR SO SR WU 5 4 HR RS 2
Pty A T, B DA SRR AE A T WA RN 2K Ui
[ F BRI R AR B e A R e ™
2.2 R

TER ISR U ) B — > R 2 W 5 ] AR
R M EE TN ERIORNES . WEREHE S «,
I x AERIE G 7" e ) o3 e [/ — A58 I8 436
IFK awm X i Fl o, VR T — AR T 47
— MR C) e " TR H )RR B R
(1-Tlerhley

2

Lo | Cp [FoRfECy hBdE S AN S, T, TSR
F G " P R e, B e th TR
A BUE T S T

#Decisions(C}') =

#Decisions( 7" ) = 2 #Decisions(C}') (1)
T RIS AL — e Bl B RO R R
7 AT FE A T 55 A [B) R, AT AR 0T R 2
USRI AT SE AR T 5 AL ) R, FRATTHE S 4]
WEoErh A B, RIS 51 1Y AT 5 B 5 H i e e o K
FAAE R I SAOCOC R
B, AL MNIST $d 46 h il 28k
Pl 5 000 M AL, FRATEA & BERER
B i AR AR A A 100 SRS OT | B AR iU R
FHREHLER A B BENL I IR A . AR A «,
o, TERIERL O 7 PRI 3 AR [R] — A, JF HixX
P BRI S 7E MINIST i 4R 19 5L 92 38 00 b s 1
6] — AN B AR 7" X A, T, A
BT AN ERR ISR IR 7 AR DAY TE A D SR Y AL
Hio/E#CorrectDecisions (") o BATE R LW T 7"
Vi 0 B T 3 e R SR P A A TR SR o ) LA PR
PSR C/FE RatioCD (7™) |, 3TN

#CorrectDecisions(7™")

RatioCD(7") = 2
(") #Decisions(7™) (2)

Bl 1 7R T MNIST #5442 1Y 100 > 3R 28 Bl 5
MFERE RS IER IR R Z M R, X —A>
RA O, MR (1) T e SR AR s X
(2) AL IE A e 3 5, NI ZE &L 1 i o % oz iy
Aspr A, BT 1 AT LA B A5 Y i PR A
LHIEMPIOR R A B M AR, L0 Z

eI EDUERARAE T, 27— RIS AL H B 4 ok
BN RV A7) | DU HG Tl SR A A vy (D
S5 ) 5 A OB PR O, IR HH A Y
PR B R Y — SR R Al R
AR, FE R BOR B R fH, BERHZ R
PR B IR R K

08 r
0.7
A 06
'%‘ *
)5
“ os| # s,
*
¥ *
04 f gk *
¥ x
03 : : ' ' X100
0 0.5 1.0 1.5 2.0
#Decisions
B 1 3F MNIST 8iE&E, SR LB RNERRRHS
EMRREZ BHX R
Fig.1 The relation between #Decisions and RatioCD

for the MNIST dataset

— RGN IERR PRI R T a5 M
P 22 AL ] — AN T ) T L], TR 3R
RO ATREE ol T SRR TR SRS WA LAY TR
PSS UNIETE S HIVENSSAIIEEE S8
LB BRI, — A AT AT SRS S SRR 5 TSRS
TARRAI IR RT 58 . TEASCR AT R 3R 2K
JEG S E— > B A AT BE TR B ph SRR
s R I m oy =, B4, BRI G 7" i1 i
PR R A (5 & 1/#Decisions (™) AV
RSN TR A B H 3 FE DR SR A~ 22 R 5 B e H A
BRI T 7 (RUE TR A

1
w(a") = #Decisions(lw'")
2 k=1 #Decisions(7")
A4 .
w(m™) = ! 1
#Decisions(7™) Z k=1 #Decisions(7)
(3)
HIE AT AL, AR R R AUEZ AR 1, B

N w(m™) =1

23 THEAE S ERER
EIH B T AW 5 R4 B S L



3

B, A T RIS RIS Ik - 421 -

FRATTRE I — 2044 TR 1 0] A 1 Ry — A~ R R4
R, FERTR R I AR A A T RS Th AR
FLA R S B A R VR i R SRR
S AIAAEAE R Bt s 1 R SR ST R 2
[ IRAAEAEE L . AN S Z A 30, Y
HACHH i — A0 SR B 1 A 5 — T R
TR G S TR N, BB
IR FTAE B R M AUE Y E (WX (3)) .
W AR R > R R S5 A TR O B AT A
G AT N MRS . FRATRZ K 451
TN
G=(U,V,E)
P U=X FoRZeif S (B AES) ,V=C &
INATEBYT AR (FREES) JE R ES, W
AN mu, Mo, P 2 (8] AR A B 2 Ry
_(w((v))

o, el
X (v,) TR T, IITER RSN, BN R0, e
7" W (v) =7"

Rk, MM E ¢ By ek, FATR M
Teut BIE VK G P 4> # 5, bk A
— B AR G R B AR — A, B ]
DIS B I AR 2
2.4 BHEIEZE

55 2.3 WTIE ) A E G S A N+N, A
S HH N R A, Ne SRR, IR
2L Neut B3E X G 474080, H ) & 2%
JESEO(k (N+N,)*?) , Ho | R EEI S, 5
ZHEE AR SCR A Tewt B3 ATRIHE 6 B9 —
SR I A I o[ S i N a1 =R s
O(kN+k N, ;2% 18X (3) PAUETHA M 2 2% 5 2
O (N), A 3C B0 553k 1wl (8] &2 2% )% B 2
O(kN+k N.*?) o 17 52 B B 28 [n) 0 b 5040 S5 A
BN 3 H R T REANE, , I Teut B0 4H 24
Frrfimtial & 24t 0 (k N FEIRZE O (kN) . 4
A6 RE R AR B, AR SCHVA AR B SO B ROt
G2 FEAR SR B2 L SE G v AR SCR A T
DAL T A R AR BB 2] T 5,

3 EBERG AN

TEATTH AT AE 24 S bR EdE 4 h i 4752
5, 5T I RISEREIL AT XS LA AT, DASRHIE
AR SCTTHE A B BB AR
3.1 HESE

ARSI — LR T 8 AL bR ELE , 7 )

u, € X,v; € C,u; €

#& Glass, Ecoli, Image Segmentation (IS) ., MNIST,
ISOLET . Pen Digits(PD) . USPS Pl A Letter Recog-
nition (LR ), v, B MNIST ¥4l 4 5k { F 3¢k
[18] =250, Hofth 7 A Hda Rk A F UCT Hldsr )
B8 4 % (UCT machine learning repository ) "' o ff
FH A EE 4R 9 BAARE BLanER 1 s
*1 ZWHIESE
Table 1 Description of datasets

KIEIE S Wb 2K iy FHEK
Glass 214 9 7
Ecoli 336 7 8

IS 2310 19 7
MNIST 5 000 784 10
ISOLET 7797 617 26

PD 10 992 16 10

USPS 11 000 256 10
LR 20 000 16 26

3.2 EIWIRESITFMIER

TEASCIIG T AT E S B AR N — S
TR RIS, LI Lo A SCT7 ¥ DA
HABRRE WO R BB . Bk, AT 5
— YA kSRR A W M AR
By A R i AR USSR BB ML IR Ak, 7
X [2, /N] T REVLEIRAIAG RN Lk, X T
B—IT AR — DB R RS, AT is 1T
10 Y (AU fdt HIBEHLAE RO SRS 5 , NHT ik ) |
RGBS IT L B VEREAS o), LASE I WA
RIS 5 3T

FRATHS RIS 5B M Bk Ay B RS 5 ot
BAE AR B RN RO B IR, e ) 22 S
 FRATE S E RS AL M =10, 35T K530
HEATA SOy 2 5 R 01 L) e 5 HAB SR B iy v
R L2y, I — AR R A [R) SR AR A M
TENREERITENREERN,, &5, KX
AN REE N BB EHCR, AT R,
KRR vEE F B & (normalized mutual information ,
NMI) AR P FE FR . NMI R] R 5 4~ B2 2 [
(A7 ok B B AR B, R RS b )
B — PP HE bR, — D RREER (B HEERE
FEA) 19 NMI BB, DU 7 SR 2 o
3.3 ERENMGMIIEEE

R Hhr 2l a2 R E L
AR DO FEAT b ATR A SOy %
MRS R, 5 R DL HEAT XS LS, TET



© 422 - oo A

N S ¢

LR

AEEAE LXK 10 ¥k BRI BEVLA: Bl— 1
5 MARER AN REES  RIEERIBES
B TARSCRIE UAS B — AR R A R I,
FRENAR SO IEAE 10 Wiz 173 b 59 24 R B UL &
R HPF R (LA NMI JE5) . K 2 iR,

09
-y
0.8 =3 Kk b

0.7

0.6

NMI

0.5

0.4

0.3

0.2

Glass Ecoli

2 ANFEEREMRHEREST L

Fig.2 Comparison between our method and the base

IS MNISTISOLETPD USPS LR

clusterings
ARSC Ty ] U L SR SISl 51 B Y SRR 2
T HJZAE Glass \Ecoli, IS MNIST .PD .

USPS 2880405 48, AR SC 5 5 AR A0 5 28 L 5%t 3 o
B,
3.4 BREEMFEMITLEEI

AR IR TR S 6 N R ISE N
HATXT L SE 5, 3% 6 X H 7 43 il J2& evidence

)'*!' hybrid bipartite

accumulation clustering ( EAC
graph formulation ( HBGF ) 31 SimRank similarity
based method ( SRS )" | weighted connected triple
based method (WCT) % .weighted evidence accumula-
tion clustering( WEAC) '®' A & graph partitioning with
multi-granularity link analysis( GP-MGLA)"*

TEAF— AR b A R U ks 1y
10 K, UGB TR S 3.2 15 R BEPLAE BUER 28k
B, A B A A B BUIE AR (- 1 NMI 75
oy ROHARUMEZE . 1R 2 ' Tl — DR e
NMI 1353 AR 7. Gk 2 FrR , A SO A AE 8
AR EUS 1T AR AR T A R R 2R
BRI TE Glass \MNIST 1 USPS $4E 4 |, A
SO RS F- 24 NMI 4543 He H A 7 2508 3 10%
Fitio 222 XS HESERR 4 R UE T A SO ETER R
TR R,

K2 ANFEESHMBEEMTERN LT

Table 2 The average performances of different methods

WA Tk Glass Ecoli IS MNIST ISOLET PD USPS LR
AT 0.463 0.682 0.641 0.653 0.756 0.787 0.632 0.454
EAC'* 0.418 0.640 0.618 0.592 0.746 0.747 0.580 0.435
HBGF 0.397 0.635 0.624 0.609 0.747 0.757 0.588 0.441
SRs 2! 0.423 0.632 0.623 0.594 0.747 0.755 0.593 0.436
wCr B 0.434 0.678 0.623 0.627 0.752 0.764 0.598 0.439
WEAC ¥ 0.409 0.637 0.616 0.607 0.746 0.752 0.581 0.439
GP-MGLA™ 0.399 0.640 0.634 0.624 0.747 0.758 0.602 0.441
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