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An Improved Adaptive Cluster Ensemble Selection Approach

XU Sen' GAO Jun"? HUA Xiao-Peng' LI Xian-Feng' XU Jing'

Abstract Adaptive cluster ensemble selection (ACES) is not only non-objective in judging the stability of cluster
ensemble but also unreasonable in selecting cluster members. To overcome such drawbacks, an improved adaptive cluster
ensemble selection (IACES) approach is proposed. First, IACES judges the stablity of cluster ensemble according to its
total average normalized mutual information. Second, if cluster ensemble is stable, then cluster members with high quality
and moderate diversity are selected, else, cluster members with high quality are selected. We evaluate the proposed method
on several benchmark datasets and the results show that TACES can judge the stability of cluster ensemble correctedly
while ACES misjudges some unstable cluster ensemble as stable. Besides, ensembling the cluster members selected by
TACES produces better final solutions than other cluster member selection methods in almost all cases, and is superior

average results in all cases.
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H 3l 521 /7, (A5 PN RS 05 A () B RS o v, T
FENRIN S 4 AL R AR 2 Bk EA LT b
RARBEW, BEA —F A ROR A A F KA, A
ek, AR E R R Gl o %
K EEES Ny 1) BT RI5m 753, ReR 2R 8
EEAp AR B, ISR AR oAb sk, B, K
Y5 (K-means, KM)B | ARG FE 4 f# (Non-
negative matrix factorization, NMF) | jr481& 4
%y (Affinity propagation, AP)P! | 23 A Ek e
O AR ETIREST RIEERE; 2) B
AP ARz (Single linkage, SL). 4344
(Complete linkage, CL). ZH7-# (Average linkage,
AL); 3) ETFHARIA I vEL, K5 B2 ) B A h R
WFesrgeit Al TR 4) BT R Rk, Wil S
RAPAGEE FE DI o0 125 1) v 2% B DXk AT 3R 2, il
W% IE(E (Density peaks, DP) B350 {555
00 5) T R S R SR A B A A B R 43
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2002 4F, SCHR [11] 12 R (Cluster
ensemble), T4 & 2 AN R 1) 5B 245 R RENS RIS
SO s & 4551, BG5S BE IO il
AR 3 12T L0 ) SR A B 5 T B SR SR 2
Az RN SRR AR T R T, HAlC AR Rk
JI B A I 3 B R R B i 0 2 kg
PRI 2]" WH9T IR &, SCHR [27] T 2008 4EHH)E T
TEREE B SAR E5T, % B 1) A1 Ay 2R 28 ok b e
), B an o] BT A BB AR (B 4R 1K)
e tH R A R A T IR ZE 4R, 3RA5 LUX ik
R AT FERCE ML 25 5. SOk [27] $E
T RTEMZFEELEAHEN (Joint criterion, JC).
HH- %4 (Cluster and select, CAS) Fil ™4 (Con-
vex hull, CH) =#7i. SCik [28] Sl T 38R 2
FRAERHEPE (Adaptive cluster ensemble selection,
ACES), KIERIER 7 5P16—3 o o iyIa—1k
H{5HE (Normalized mutual information, NMI)
RELERIT NFREMATRE WL, HFEFEAF R
KA T4 ACES JiEfAFEmA R 1) HlE R
REERREWERN T EAEM, FEtESun—2
gy A K, TR T RS TE MR
RHCHRRE. MER BN R 2 B 2 SRR, NMI
K, H NMIEKT 0.5 A HeBilR s, IR
5o 1) NMI EAHREOKR, EHEREERRE, UF
FR 01 2 6] 22 SR m E, NMI A%, P2 NMI
fHA%T 0.5, H. NMI KT 0.5 By HAFILT 50 %,
EARA 4R ZEM R R RS 7 /) NMI H K
T 0.5, Mt B AR RBEMATE, (H ACES J kAl
FIEREBEMRRIEN. 2) BEW A FHEWEEETT
A AER. MR ERRCER, ACES f& it
8 Full 855 o, mh dE— P2 g m
(R SR I R i AR BRI FRE T,
ACES fij sl 6 #% High 48, W gkl D& R
MR .

ASCE XS ACES fA7E Y B8, $2 th T —Fh el
PR B Y R RS R ¥ (Improved adaptive
cluster ensemble selection, IACES). A SCHEFT A
K b1 ) EE RS- NMI {E (Total average NMI,
TANMI) fF R # E 2 H 4R 1K 2 5 F2 0w iR B,
TANMI KT 0.5, W RAEEEEE; BN, AfE.
AR T RSN YRR E R,
Fpl BRI A SR R 450, 22 55 T BE B SR 2R AA
AR LB G iR, m RRBAE— @R LI/
K Z A 22 7 5 R 7 22, AT g H 2R IS A B 3
B T EI KRR, 5 ACES 34 Full £,
ARCE RS m 2R RAL (NMI {EiRK) 1Y
1/4 MRER G, BICTFYRE, RikEs o 0
Ze b mcs (NMI (E i) # 1/4 i RER 0, 3

P22 5k 3 4b, R T kg e th B A, Gl 4
IR AT NMI {f (Average NMI, ANMI)
HEZ v T — M. BeR), SRR AR A&
iR, HASE PR ERE, EERESRA L o
TPLBR I ZE R, M RFBEMRATLE R, A 4
HETORE B R LEH, =R e R EEA T
P B BB R S ARG T, I B S S
REERITTREMER K, F W% 5 FRAGR ZE h
PR, RS 2R KRR RS (High
£) LSS ER L5 R, (2 High £ B S
— LU R A 22 W RIS D1, M O A R AR
ANMI {EHEA & T3 —BIfH, BEEAER RS bk
Yot BT R ZE W RIS L. A RURDL T Likss

AR
1 REEMMBXMR

ASCHESCHR [11] $2 10 A SRR AUHEZE |, B4
RE LRI, TR R R GRS,
WE 1 FrR, Hoo R R R R A SO
MR N N =2 S — DB EAE
A, BATRELR, Wb ELEEE P = (PO,
PO} X — RN R PUE B B R R
WAE A, WA TRERNAWENES E =
{ED, .-, EM} C P, kB FR AR I A
E=0 E ERRA, MENTTAS, e
PIREGR, XL AHEREHEG (Combination)/
i (Ensemble) /i & (Fusion), W#R A I 1H pg %k
(Consensus function) &3t X 2B 24 BAH BT
GET DA .

EESIATS
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Fig.1 Framework of selective cluster ensemble system
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Z WA R MR A, ST R RN
O(lknd), Ferp 1 NEREMAR DL, & WL n
NEAEERN, d FFERL, DIBERCN 7 A RIS B
B WL 7YY 2) SRR e AR T R,
BIANREPLE R . B B FAY 72510 SR E Y
REERAR . PR R RFE 450022 3) RITAR
Al SR EL, BIANREZ DA k(SR E
X T AL R0

1.2 BEmAikE

SCHR [32] Fi 24 R B A Z R R T RE IS AR
BTSRRI, 5 ICORTE, SRR [33] 48t
1) 2 A R B IR A B FE R SR BRICR . STk [28] A
AN R B 4 7 AR B RIS A AR A R A, Y 1%
XS RE, #2117 ACES: 1) RA AL X RAEHEMA
(Full 48) #ATHEM, PRG35 7 2) HHH A
RERAE o 19 NMI {H, 2% NMI {4 (Mean
NMI, MNMI) kF 0.5, N R4 FE (Stable,
S), A, REHEME AT E (Non-stable, NS); #%
FKEMREE, Wil m A AWREERG R, &
ARE, MRS m 225 K—14 High (B
Mo, RFErA RS 1) NMI (E# IR FHES
P NMI fH/ N —F74E), RAH AL X} High 42
TR AT B I A B SRR AE R

SCHR [27] #4 T JC, CAS Fil CH =FhRIE A 51
TRV, H A TR R 5L 1 5T 5 12 B AT
fZRE A IH— L BAF B Z A (Sum of normal-
ized mutual information, SNMI) miiE b, 15284
KI5 B R 51 5 A A 51 1) SNMI 22
M. JC HeikBmE R m R R A, A
B PEAS H bR R B R RIS 51, EL Bk
PR K ARER G L. CAS ] NJW %5
B BRI N K A4, HENEA S
Hde th— ANl s RS . CH e iddh 2R
FREMRL T R - Z R, A e 8%
W fig A, o g B i . 2RI R
e AR OPVA TPV T =prita K R KA k=W O PAL ]
BRI G Z#H CSPA (Cluster-based similar-
ity partitioning algorithm)™ ffk—Zik R %, *f
JC, CAS #1 CH #H47 T 3250 B, Sk kA, CAS
PG T AR LESE R, HRENTREREN
AL

SCHR [29] 2 B 320kl 4> (Best validated
consensus partition, BVCP), K AR HER I 57
RN T4, XA TERFTH R, 3R
52 A ik — 8k 4> (Candidate consensus parti-
tion, CCP), i /5l H 2 M AHXT A B HEFE AR 1A 55
A~ CCP, 153 HAE WM Fatrny CCP HIh 24 n)—

R AL, Sk [30] BT IEEAS Y R A ok
85 Davies-Bouldin (DB), F| S 2 51 n9 2 514H
KR B 2= R, IR EA R R ER N
H bRie R 1.

1.3 HRRHKIT

AT FE D, X G ARZ R AR AR, AR
R G BN FEFR 2 WA WA BT . R &R T3 A,
BRI O] BB B AR A FE AR, (E A5 FEFR 25X
R EA R Y AR AR A AR S X 1 ]
B, BB TTEN 3 AT B2 1) 4% (Pair-
wise approach), 5| A E [ARP M E H Rt
GBI 2R, A RGEE S T FEARZERT . ). A
AL PR R[], WA R a) X H (B H AL
FERE) #EAT AL, (35 HGPA (Hypergraph parti-
tioning algorithm)™! F1 MCLA (Meta-clustering
algorithm)M | KT NMF {50, T KM (1)
TPy gy KM SHrshilr ey iy ik 2o | BT
SRR LAY 73557 48, b) XPRIBLEE AR S (5]
S W INABE ) SR AL PR, ARG ET R R B
CSPAMY R ARy 02| — e i gy 080 | 2
WEREEM | ST AL AR (Weighted
co-association matrices) J 20, fi ] £ m A VA
(73R BT AP By iR B DP s
BT B2 7y 150 S 2ty R EL AR B
BRI R BT ) YA 2) FETR
7% (Re-labeling approach), 4 2 (Cu-
mulative voting)¢/, PRI (Probabilistic rand in-
dex)!8 | el o

2 KRXFGE
2.1 BERRAZEMWEFMEITE

TEBA SER AR 0L T, A7 R 22
PER /N — o JEL S A R SR S A 53 AR B Z TR RS A
U7 REE: WA SR 7 AL, 225, 2 22
SRR A SOR A AR IR I NMI M e i i
R AZ AR, NMI (B, w4~ IeE,
SRVCHCAR BB Ry, AR ROR, R ).
AT SRR AP Z 8] R NMI {H, Bl ] 52 5838
I B 22 B PR AR LA B R

2.2 BAEMREMHIESRE

B 1 AR M L ek P = (PO,
-, PO}, ACES ¥ 95RH AL X B 1R 4E
1, PAS—ERI4r 7 R EITE BRI
) NMI i, # MNMI KT 0.5, M3 EKREE,
HM), R, MNMI R0 i R
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l
1 )
—— (2) *
MNMI = ;_1 NMI(P®, %) (1)

5 ACES AW, 48 SCHRE I A R 2R 0 Z ] 1Y
FEACIRR B2 1) 8 SRR AR B R 1, Y Fir A SR 28 8
) TANMI KT 0.5 (8 NMI fiK T 0.5 1 Lfi
Proportion %%, B4 Proportion > 50 %) W}, i
B R KRR B AR ML B R, 22 R, R4
WA, W, AfE. TANMI gt B AT

-1 1
TANMI = — 2 Z Z Sy (2)
(-1 j=i+1
Hop, Sy FRELR G PO F1 PY) Al NMI {H,
Sij R, HAHRIEE KR, 22 7% 8N, Proportion
TSR IEIR:
-1 1
Proportion = 2 Z Z F(Si;) (3)
(1-1) ~ 5
Hp, F(x) AfERmE: 2 >05 B, F(z) R 1,
0 H 0.

H = (1) 770, MNMI ) R/ A
B, g % = (2) Fi=t (3) A, TANMI
Giit R LRI B2 NMI {H, Proportion %t
THERE M A Z B NMI KT 0.5 1 HEl, %45
(B2 4E (A, TANMI F1 Proportion J2 [ & A5 Y.
RBEMBEE WAL 1) RBERTE,
BB, 28R IR Z [ AR e, 22 VAR
& (NMI {E KT 0.50), Proportion > 0.5, TANMI
> 0.5, ZHEEE ARG 7 % NMI {4 KT 0.5,
W MNMI > 0.5, FHitt, ACES 5 IACES JyiE#p
ABIE M I E SRR AN TE. 2) REHLMEATE,
MBS, 22 80 IS B0 2 ] AR AL R AR, 22 S MR
= (NMI /T 0.5), Proportion < 0.5, TANMI
< 0.5, IACES J7 AR IR0 H 0 BB LA AT
E, T ACES HlEREEMRERTES 7 AR 4
ZHRRFWGS 1) NMIEKT 0.5 if, MNMI
> 0.5, ACES Iy SR RELERHANTE; U£
BEBER RS 1 NMI {E/NF 0.5 B, MNMI <
0.5, ACES J5¥AHIE REEMEATE.

2.3 BREMREESE

MRS ap S He BT, iz iRz B % T
ST A S S B P A2 B 15 P92 S
A 2%, B E = E - A. [, SHREes it
RE, FIAPASTTE T 1) R AR 2 S 2 i
783 2) REHG NS S 2 2 A 22 1k

SCHR (28] A SEIRRT T 4 FREREE R A,
G T A R RS Full, 5§ 22574

AR 2R A BN E S Low, § o &7
PR R — 2 R A B S A High, 5 o 22
SEMEE R 2 RN S R B S Medium, 52
Wb R IR, MERERBCH, T8 Full £43F
TTSERRAS T IR YRR E T, 8
High A HT 8RS T B4 2.

e ACES Jeab FibAr T okt $EH AR R
PN R MR RERBROEN, A& ik
5 59 NMI (R 1/4 R R, REk
R B BN IIR 2 RIEERS o 2R
w5 (NMI {H /N 1) 1/4 BRI R, R -
B 2E 0k, MR i 46 & LaH (Low and high);
AN, R T G I R FE R SR B (AR,
1E LaH SE6 51 B o7 NMI {EEAKK R I
T B, AR SO AR AL 5L 5 AR
ANMI HEATHES, BRI H 0 S8 8 R HE44 FE i 6
PAP, 0% < 6 <100 %. AR R PO 1
ANMI; HE4%k Rank®), 4525 46 12 (4 3R 2 nil 57 42
£h C = {PY| Rank®/l > 6, 1 <i <1}, HI,
TERRER LA Lal N C, K N FRRES
WIAEE. B, LaH N C BEEA B i, AR
TE P 2E S, X T AR RE SRS L
IR 255, RN RE R, B R
TR R 54, 255 7] et SRR AR B 1Y) i
BB E e R, R o R AT R T
ISR B o S N VAT INS {2 R AR IR )
W, S ™ ZRHRMEIA G (High 4£) 1]
RESS B EAFAYZ5 . (1 High £ RES 7Lk
b= &0 £ W AR B PUEAR & -2 R §:0)
ANMI HEZFER—JEE N AT EAARER RS
HoA IR A ANMI BEATHESS, BR$1IE H 7 2R 2
A HEBTERT 0 AN, 0% < 0 < 100 %, I, %
FIRFEM G A High N C.

AT HE SRR 6, ASCHE SR ANFER 0 1t
R B R B F4E, ARG RS T AR AT S0,
PAF 2 A~ CCP, i Ja i H A s a4 DB Xt
A~ CCP #HAT7, 15815k DB a1 CCP B b i
L —3R 5. B ER T i SR 0 FREE
7 LR, 1 DB Wi AR 228 m, 2R N
UBRE, FREREei Hm B it . Bk, A
THREBERCR, AR CNEE 0 = 10%,20%, - - -,
100 %, He#GX 10 Fpi oL N IR I B AR 45 1, IRAS—
AN . FEASCEEIG T, R BRI, 24 0 4
T 70 %, 80 % % 90 % W35 T Sk DB 4.

3 X

S5 F- & 4 Intel Xeon E5-1650 75 % Ak
i 3.50 GHz, W1F 16.00 GB, )% 7 MAT-
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LAB2016b Fizf7T.
3.1 SEIGEIBREMITEMNIER

SEIG SR 13 H A AR RS, HAAR AInE
1 s, o b i SCAR S (ng) M 204~ 8580 K
&, FHIEEL (ny) M 5832~ 41681 A%, KHIHL (k)
M3~ 10 AN, P RA B E B SUAEL (ne)
M 34~ 1774 REE, Vi IH T (Balance) M 0.037 ~
0.998 A% (Balance 45 fe/NE AL 5 1) SCAE R
PASR R 0 A B 1 SCARHL, B B0)S, B0 5 BOR 1
i, R BCPA). TR R AE, S IR R
FERE, B ARSI DT A AT, £
YR4E trll, tr23, trdl F1 trd5 Bt g TREC-5TREC-6
A TREC-7 ##E4E lal, 1a2 fi1lal2 BtH TREC-5,
HIIEAZ WL 4 (Los Angles Times) %) 3CE A4 .
¥4 hitech, reviews fil sports B 4% San Jose
Mercury, Ef1@& TREC XA —H 5. Bk
classic Hy F T 3P4l {5 B A 2 28 G 1 DU A i 244 B,
BB A AR MR —2E. e k1b kBT
WebACE project®8], 4444 W T Yahoo! -5
FER T — M. ng3  NG20 74, BETH
KELAR 3 AARFE 5T, 85 T35 6520 1000 4%

Fa.
F 1 SRS
Table 1  Description of datasets

Dataset ng T k* e Balance
trll 414 6429 9 46 0.046
tr23 204 5832 6 34 0.066
tr41 878 7454 10 88 0.037
tr45 690 8261 10 69 0.088
lal 3204 31472 6 534 0.290
la2 3075 31472 6 543 0.274
lal2 6279 31472 6 1047 0.282
hitech 2301 10080 6 384 0.192
reviews 4069 18483 5 914 0.098
sports 8580 14870 7 1226 0.036
classic 7094 41681 4 1774 0.323
k1b 2340 21839 6 390 0.043
ng3 2998 15810 3 999 0.998

R SUA B AR 2 1, AR AT NMI R
PSR S5 RN B R0 200 B DT O BE. 24 P21
PR&E——XFBII, NMI fEik SR E 1. 74k, &
SCHERAEAT DA R G H 23 4w, FE (F-
measure). F (K, SIS, 2B,

32 SWRITSERSH

AT L SRR SR [28] $2 Y ACES. A3
ey TACES .. 3Cik [27] 42 9 CAS J8AT Hufe,
Ht ACES F1 TACES R #Js 2R A 1A 10 A2 1 B 3 Y.
Ve A B R 2 b1, CAS Tl N\ T3 B ik
FER RSB B A 5L (70 Bl BB AL
[#5 % ~ 25 %, PA 5 % b, ASCHY ). 9508
Gy RPERSR: 1) RIS E MEHE I ERT L, 43
HRHE ACES I TACES 7€ th SRR FRE 1
G, AT T OB, Baib AR SCHRE S Y SRR AR
SETEHNE TARIAT R 2) RIS PRI IEXT L,
S RAE ACES, TACES #1 CAS AR AR
TSR H R FIAS [A) A 3R s BT I IR EAT AR
FOBA A AR5 79 NMI EA B (E, KiEAs SCHY
BRI UG IR BT T T S R AT RY
RO AE ORI AL H s B 7 YA AT 4.

T Sk 2 AL B SRR S AT TE-IDF
(Term frequency-inverse document frequency) il
K SR G247 S A A sZ AR ) KM B39 1 I, K
A ko AR, SR TN P AAS 7] R SREM 0 31 A ik
= 1000 MERAEHH: 1) ko = k75 2) ko BEPLZEH X
] 2, 2 x k*], fubar i d R eEL Pl Py, 3R
e 1 R P WO, T RAT
FAIRN SRS, A FE R U A 45, TRt
R0 22 AR R R K LG R, R
FEMREES G Z 2R Song 2 &I 20
N 5L BA A R TR BORSE 2 BRI A 2 e

GBS AVEE g aa W RV B S R B I = RN
CSPA, HGPA, MCLA (H: A CSPA SR FRAHIE
), BT R ES SL, CL, AL, WL ByJri (H
AL BAREROCR ), H T %R (Spectral
clustering, SC) W7k, 2T KM 15k, Hit, A
R CSPA, AL, SC 1 KM #t47 & . CSPA
P TR R METIS, AP R UB BUER
NE 0.05, 133 F0E Y REEER. AL 315 TREm
RPELGIR. EREIER TN 7 KM 8535, 1658
SRR ERIG R REER AR E, AXELEE
1 KM 535 10 IRBUR L4528 BT KM #7835k
I R ELE AT E, WAL LB,
h T R AIR R E T R BT R, AR SCHIA
K-means++ (KM++) #3%, iz17 KM++ 10 KH
R
321 BRAKMAREMFIESENLL

2 4yl 7o ReE ACES A1 TACES J535H)
SE IR ISR M A E VRS R, Hoh MNMI {EARHE 5
(1) #15%, Number x5 m* ) NMI KT 0.5 )
FAM A%, TANMI fR455C (2) 3155, Propor-
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#2 RS ACES HI IACES HIE i R IR MR E PSR
Table 2  Stability results of cluster ensemble according to ACES and IACES

RIAAR Py REGAR P
ACES IACES ACES IACES

Dataset MNMI Number Stability TANMI Proportion Stability = MNMI Number Stability TANMI Proportion Stability

trll 0.655 989 S 0.539 0.7498 S 0.682 940 S 0.574 0.8384 S
tr23 0.663 991 S 0.607 0.9361 S 0.712 904 S 0.649 0.8736 S
tr4l 0.731 999 S 0.642 0.9939 S 0.732 959 S 0.649 0.8922 S
trdb 0.718 1000 S 0.640 0.9917 S 0.705 922 S 0.616 0.8121 S
lal 0.597 863 S 0.514 0.5553 S 0.592 894 S 0.541 0.6879 S
la2 0.593 934 S 0.524 0.6296 S 0.539 735 S 0.489 0.4374 NS
la12 0.634 973 S 0.558 0.7586 S 0.570 838 S 0.493 0.4938 NS
hitech  0.551 727 S 0.475 0.3251 NS 0.537 654 S 0.458 0.2602 NS
reviews 0.683 940 S 0.610 0.8480 S 0.672 958 S 0.608 0.7622 S
sports  0.736 998 S 0.652 0.9637 S 0.651 958 S 0.585 0.7443 S
classic  0.801 966 S 0.692 0.8375 S 0.709 945 S 0.594 0.7500 S
klb 0.673 994 S 0.585 0.8992 S 0.654 969 S 0.555 0.7811 S
ng3 0.541 664 S 0.451 0.3791 NS 0.525 648 S 0.467 0.4441 NS

fion MR (3) 1145, Stability Wy 8" FEKRE 7, BELEAARE. M, TANMI (/0 0.5,

PR, Stability % “NS” R BOR R R, (BMAA LK SRR RS (Number > 500) 5 7
HiE % 2, T DAHEAFIA T E: 9 NMI (i kT 0.5, 5 MNMI {345 KT 0.5, B,
1) BN ZEFFA Bt - MNMI (85T 0.5, KR TANMI Hi7 045 B8 B kAR, Tl

FFOA ACES # R UM AL B = OB 3 ANMI Sl OSSR R SR B A b R

P A MR U ko — k* I, 75 hitech Fl ng3 % b, 1T TACES ficlii TANMI $J5 5K bk

|, BRAEGRE TANML f/0F 05, 7L TACES  Raish, N WL KB Bk e A SRR, I

BRI AR, e 11 VBt b, B AERSER Rl SO E S 1T F ACES el MNMI
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