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Abstract: The existing training strategies for clustering ensemble algorithm are generally conducted based on the same
data and different base clustering algorithms and commonly have the limitations of low performance for large-scale data
and weak adaptability of consensus function. To address these problems, this paper proposed a label iteration-based clus-
tering ensemble (LICE) algorithm which was developed based on the training strategy for clustering ensemble algorithm
of different data and same base clustering algorithm. Firstly, multiple base clusterings were trained based on the random
sample partition (RSP) data blocks. Secondly, the base clustering results with same cluster numbers were fused with maxi-
mum mean discrepancy criterion and then a heuristic classifier was trained based on the RSP data blocks with labels.
Thirdly, the sample points without labels were labeled with heuristic classifier which was iteratively enhanced with the la-
beled sample points having the consistent labeling for clustering and classification. Finally, a series of persuasive experi-

ments were conducted to validate the feasibility and effectiveness of LICE algorithm. The experimental results showed
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that the normalized mutual information, adjusted Rand index, Fowlkes-Mallows index and purity of LICE algorithm in-
creased by 17.23%, 16.75%, 31.29%, and 12.37% on average at the 5th iteration compared to the initial iteration and

these four indexes increased by 11.76%, 16.50%, 9.36%, and 14.20% on average for the representative datasets in com-

parison with seven state-of-the-art clustering ensemble algorithms and thus demonstrate that LICE algorithm is an effi-

cient and reasonable clustering ensemble algorithm with the potential to handle large-scale data clustering problems.
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(p.q) = argmin, ,_ oMMDIC., C/. H};
% C{I HEiRLHN C;,:
Q=92 -{(p.wlp.w)e 2Lo{(w.glw.q)e 2};
end for
n'=n'- {'};

Until TT' =@

33 D-base = {C|,C,.--,C, },D-pre = D —D-base — Noise, n-pre =
len(D-pre).

(3%H%F D-pre, Fl il MMD 15 D-base 45408 354851 117, Hoied 22
AF(2). Ji D-base YIIZRKNN 43225 Classifier, £l FH it 43 2548 7l D-pre
o RE AR S AR 45 R 5 T o b 2 — B0 UK IERE A 2588 HE D-pre
FEIIA D-base.

IT% < MMD(D-base, D-pre):

BN ={C,.Cpe Oy

Classifier <~ KNN(D-base); /% T D-base Il 25 J3 & 353 2545 KNN

fori=1,2,---, n-pre do

v < Classifier(D-pre[i]); /{8 F /& J 2053 F5 2% KNN % D-pre #£47
FREZEFRIL 5
3 D-pre[i] £ [T H IR s
ify=y'
D-pre = D-pre — D-preli];
D-base = D-base | D-preli];
end if

end for

(W FEBIRG), HBIEARHE RS K

(5)F|H D-base I ZiI1 5 K 353 2525 Tl D-pre F1 Noise I FR% »

BN, Herh L ) A8 R RIS AL R B W E A
BMFEA S B TR AT RUR L, BEE AR 2R IEARIK
s, ISP AR CRIREA SBok %, AT
13 5 K o KA T REA Wl oL, BETTRERS 5

EreiE s m P ¢
SZu 5 0.02 5
SmileFace 5 0.04 5
Moons 5 0.04 16
LS 5 0.42 22

IS 5 0.28 12
Letters 22 0.26 3
ODR 10 1.4 4
SPF 10 1.4 4

UAmic B 2 AT ERE A
3.3 BfEEZRESR

LICE B AT B A 1 S &6 40 4L . 36—
RSP EE A B 25—, 7E8 RSPEEI iz
47 DBSCAN 532 5=, F| ] MMD 347 b5 2 %t
Frs U, 2RI IIUIGR L AR AR ARSI 2 IR I%
s HTL, FIHIERZ R0 I8N G — 5
K SHATIT AR o Fe R RAENIX 5 AN 43 % LICE 5
VRTINS 18] 5% BEHEAT 3 T o

RSP H04H HLAE Jl 1 AR 5 A 3% 4852 2 YR TG T B B L
HRE, RACHE SR IR A R n, MR — IR BE
HUHRERS 18] 52 24 B N O(n), AL, RSP 3 Bl il
()RR I 18] 24 B2 R O ) o

X m A~ RSP #0405 P 73 73] 14 47 DBSCAN % 2%,
XA FE T DU 2 AR AT RS, Bk, A
BT A RSP 204 Bk AT TR ) 18] &2 4%
JERIAT . 7E RSP %4 R 40 B B, AR SOK a2 %)
OYR T REA S BE AR B m AN B, Rk, fEA
BHE P IREA S8 A n/m. DBSCAN 532 [ I} [A]
TR 2R ZRA R, B, RTRaAEE S,
B BN e - AN T A AL BIREOLR, 4
2 B (8] &2 9% FE R O(n/m log, (n/m)); FL X,
TR S, HEAN R N0, &
WIEBLR , XA D RIB 82 2 FE N O(n/m);
Ja, XTTRAEIEY, B AL S R
AR R, DIMEESE, HTEMEO # R
BE A FTA %0 s AT LU, X AN FR IR (]
HIBE N O(nimy’ ). %5 L, {E4EAS RSP $d e I
HEAT DBSCAN SR (1} 6] 5 2% & 9 O((n/m) ).

FIFH MMD HEATARZEXS 55, I ] 52 2% B = 2ok
VEFWAIm, B, WNTFE-AME, wEIER
BRI, FEARSLSENR m NEEH RS
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=N km, WTHEER IO B 8] 4 BN O(kmn);
HWR, 52 AN A 2 TR MMID A8 R e JR) 42 2% B
SRRSO RIEL, Bl Om). Bk, FH
MMD BEATFR255% 55 R 18] 52 2% B R O )

TR RN AU B, KNN 452K 2% 75 2
B NGBARAAEATR, (FF 7R AR S
WIGFEA Z I BE RS, AR BE Bk B i i+
AR . R, KINN & B Il 2R 18] A) DL 2 BE AN
i, BLIXAN I GRS 2 il 5 11 5 i 10 28 Jon i 184
e TEFIF o 288 A R A SRR R v, B
I 18] 52 44 FE O(din” + din log,, () B T FEA 51 ) 40 i
FURFELERE, Horb d R ELERE, n R FEAR SEGE,
M EARRECN LICE Bk 8 I 3, Brbh, o2k
P8 (VN 25 RRR 28535 AR 1) 3 A I 1] 52 2% P R O(din” +
dnlog,(n)).

FIFH PR IEARZ S5 1) 73 F a0t e Jg — W RE AR
RATRR, XS B AN REIAL, R 2
J£ .9 O(dn® + dn log ,(n)).

2% b, LICE & 1t S 18] & 2% 5 0 )+
O((n/m)’ )+ O(dn’ + dn log ,(n)) = O(dn” )

4 WIS

4.1 BREFYRITNIERR

VAN F6 b F A0 B 28 SR R B 5 R A3
RN BRI EH b E. ACETRA T 440
fetr: NMI. ARI. FMIFI Purity. iX 4 4MEFRI{E
R R TR T R AT T LS 45

NMIE H -0 & 2 S BE AL 4 A 2 8] 0 35 245
B, HEBUETEEZ[0, 1], NMIEBEA, RREHE
MRk, HatHESN:

n/ nT n n!
i

S S to ™

i=1j=1 nn;

(12

NMWUU: =
n;

n' n o
i;n;logz’j;n;log7
o, IR 5y RN R R B SRR
n'Fn' 3 RN IR PR, nl R
B AN, g R 1T RS AN TR R R
B RIS AR 1T 5 A R R AR A
A4
ARIMA 2385 2 A A — B — B R
MBI, BRI 2N RERZERE,

HoE SN
ARI(1.1") =
2(NooNn_Nleo)
(N00+N01)(N01+N11) + (N00+N10)(N10+N11)
(13
Horr, N, RN 1R EE R AN R REA T
AR, N, RN HEIER— N, Hi
fE 1T BLAEAS R R R AR (B R, N, RonfE
HH IAE [ — AR, (EJRTE 1 IR A [R5 R
AIRTHIBCR, Ny Rom s 1 h# I BLEAS [ 5 e
AR
FMITHE P2 AR Z M AR, B
RS A R R LT 5ME, FE SOR -
FMI(1'.1") = Ny
\/(N11+N01)(N11+N10)
Purity & — PR T B PN %, B EET
HOEMRBMIFEA AU A A s ), Hit &
XA
Purity(l', IT) = %zmaxj‘ wkﬂcj ’ 15
7
Horf, n BRPEARBUREL = {wywy, o wp | BN
R/, Ml = {q,@,---,g}?@%iﬂﬁ%%
FLSEHR
42 ZHRPIWESLWINE
ARSI T 8 MRS, Hod s ANk E
UCHIE SRS, 3N EEIRSE, BIREER
MR I Fm. ALK KEIUNMI. ARI. FMI I Purity
X AN ERME B PR bR, HLBT A Seia g R
STP = I (VR  vARS  1 5 W R 3 - R S
(1) 59235 48 Python 1 & S8, BT A 11 S 56 32 7
Intel(R) Core(TM) 3.41 GHz i7-6700 CPU LA /% 8 GB
WNAEEC B T BN BT .
4.3 RSPHUIEHRELE X BRALXRAIZNT
AR B8 IE RSP £ 40 Hefil A 0 56 R R (1 52
Wiy o ASSORE T 2 P TR AL BRI AT XS LG, —
T 2 50 75 UM [F] 1) RSP 3048 e b i 38 3R 2R AT 5
ZEXT T, Ty — o ELREXNT BT A RSP s B By 2k
RRGRMITH T, DLILSRIE B i BUZ E0HH 7] 11
RSP i P () 2L JR AT b & Re 8l 21 3 TR 4R
HCSCREITER -
2 JEIN TAER 3 Rk 1) 6 MR PEH &

(14
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SmileFace i & 2 35000 5
Moons i 3 35000 4
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Letters ucCl 16 20 000 26
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SPF UcCI 27 1941 7
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e LR R HATAR X T 2 JE M RREE R
W 0 R AR BB T AT RSP # s B b i 358 S ik
P2 G RBE R, @2 a5, Rk
6 MRS b, Pk RSP 2 5 Rl & B I 2 55
B S6F B2 () NMI{E A FMI{E 33 = 1 H 446 fir 5 RSP
e P b B R AT P B R I g sk, o
NMIE 28 11.27%, FMIUE 355 H 12.36%
XRW, PR B 1R () RSP 4 Bl 17 il
RS A R HE BRI AN [F] (19 508 B AR 2 Ay 1
(IR, (ETS] 4R 7 S 8% REfS 5 i e 5o s FAS )
RSP FIIRBEE, B REAEA IR T2
A EYE, REASE AL T N & bR B bRTE o
4.4 FI{TMIGIE

AR AT LGB AE LICE Sk F B350 4y, BPAR 4
IEAGH 7 AT AT 1 . AT IEEL T ODR. LS. Let-
ters A1 TS 3X 4 A s B2 K 561 bs 255 125 AR VR B0x 48 %
BRI m, R —ANEIEE LT 6 4N IR S
B, ol AR B IE R B E N0 1. 2, 3,
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(a) NMUEXT

BIOORFE— 3. LR WME3ME 4R, A
) SI2 6 235 B34 2 BT 10 YROSL I 2 )T 3 5

K3 FOREA FIEAIRECR 4N HE ST B
f(JNMI. ARI. FMI 1 Purity )25 {5 . 7E ODR
F Letters B4 I, BEAEEARRBIIIGIN, 44748
R IS, Hrh, ODR #4541 Purity
EAEIEARIRECH 2 B IS, Letters 24 4211
ARVATEIEA 3 I B 8, X 2 AN 4R 1)
FABTEAR B AR AR B R B I AR 5E . *t
FLSHda4E, BT Purity A IEMRIKECN 3 LA
THRUNRIEBI AL, HARRFEAR R0
s, FMIE AT AR B 75 3% AR R HOR 4 B H2 U
S 1S Hd £R 1) Purity (H £ AR AR P LA
AL, FAIR 3 A48 b Bl A 5 AR H ) B b
Tt SFHME, 55 KIERMLLEE 0 &/, NMIL
ARI. FMI M Purity {8 7> 42 T+ 1 17.23%. 16.75%-
31.29% H112.37%.

409 LLES], £ ODR. LS. Letters Al IS
KaNBEsE b, - RIERt, e i
I3 IREA f8T NN D-base v, 111 Fifi % 3% AQ B
BN, B UCHT NN D-base [IFEAS 55 5 B 2ok
b, T H AR T LR B . AHRHE,  D-base
SR B TR B ok RS, MBI E S
RN, BTN D-base IIFEAS fi i R A 10N BAF,
BT 0.

MRS, fEX4NEBIRES, A IERRE
(380, LICE BIEAE 4 NMVEAN FE AR b BRI
KR IF S AR IEARIREUA B — T IR E T,
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Rl seaniri. &b, @ikt 4
ANVPAT FE AR (1) AE A FNFE AR 2 1) AR A IE S T LICE 5
ER AT
45 BIMEEIE

N T B8k LICE Sk A 2, AR SCEEL T 74
20 (¥ SR 4 BRIt L, 4 5008 LWEAD
LWGP", EAC®. HBGF". 7tEEH ¥ (meta-
clustering algorithm, MCLA) ", J& T #% f¥) 41 A
I 5> H 1% (cluster-based similarity partitioning al-
gorithm, CSPA) U"f1 EC-cMS" &%, 176 8 /M4
PaEE B AT T XS LB sLEG . A SLin AR 10 Kk
SLSEER IR ME, SRA 7 NMILL ARIL. FMI
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(¢) Letters¥iiite (d) IS¥iRgE
El4 ASREREARIEOT B IREA s A A 5L
F4 NMIEHRTAREBEEEMNERIILE =6 FMIERR TR RBRLREANLERITEE
, EC- y EC-
Hfi%E  LICE LWEA LWGP EAC HBGF MCLA CSPA HffifE  LICE LWEA LWGP EAC HBGF MCLA CSPA
SZU  0.9999 0.9784 0.9858 0.6524 0.6519 0.8175 0.6957 N/A SZU  1.0000 1.0000 1.0000 0.7438 0.7411 0.8954 0.7875 N/A
SmileFace 0.9999 0.9608 0.9688 0.7586 0.9630 0.7454 0.9687 N/A SmileFace 1.0000 0.9709 0.9876 0.7682 0.9771 0.7254 0.9554 N/A
Moons 09718 0.9302 0.9588 0.9403 0.9647 0.9579 0.6957 N/A Moons  0.9855 0.9841 0.9813 0.9641 0.9826 0.6701 0.9816 N/A
LS 0.6191 0.6160 0.6084 0.5810 0.5263 0.5610 0.4764 0.3535 LS 0.6198 0.5345 0.5455 0.5826 0.5082 0.6002 0.5121 0.4216
IS 0.6613 0.6210 0.6290 0.5990 0.6398 0.6210 0.6100 0.5976 IS 0.5895 0.5713 0.5683 0.5672 0.5879 0.5697 0.5708 0.4949
Letters  0.3777 0.3727 0.3709 0.3719 0.3701 0.3708 0.2800 0.3459 Letters  0.1960 0.1939 0.1895 0.1670 0.1878 0.1864 0.1873 0.1746
ODR  0.8014 0.7964 0.7868 0.7810 0.6133 0.8011 0.7601 0.7741 ODR  0.7769 0.7420 0.7563 0.6887 0.7654 0.7230 0.6987 0.6851
SPE  0.1917 0.1670 0.1569 0.1874 0.1572 0.1392 0.1154 0.1869 SPE  0.4155 0.3896 0.3907 0.3368 0.4015 0.3985 0.3941 0.3684
F5 ARIERTAEREE LWL R F7 Purity IEiR T AR B LB LN R
e EC- e EC-
Hfifk  LICE LWEA LWGP EAC HBGF MCLA CSPA Hfifk  LICE LWEA LWGP EAC HBGF MCLA CSPA
SZU  0.9999 0.9796 0.9826 0.6654 0.6582 0.8214 0.7053 N/A SZU  1.0000 1.0000 1.0000 0.8654 0.8972 0.9358 0.8843 N/A
SmileFace 0.9999 0.9654 0.9702 0.7652 0.9667 0.7506 0.9775 N/A SmileFace 1.0000 0.9854 0.9935 0.8821 0.9639 0.8726 0.9871 N/A
Moons 09715 0.9276 0.9627 0.9642 0.9659 0.9534 0.7003 N/A Moons  0.9927 0.9843 0.9786 0.9653 0.9872 0.8965 0.9687 N/A
LS 0.5981 0.5680 0.5800 0.5538 0.4424 0.4947 0.3839 0.1756 LS 0.9198 0.7747 0.7883 0.6612 0.6899 0.7117 0.6338 0.5079
IS 0.6605 0.5860 0.4730 0.5500 0.1986 0.3615 0.1964 0.3741 IS 0.9276 0.6842 0.7060 0.7665 0.9236 0.9172 0.9132 0.8874
Letters  0.3524 0.2000 0.1624 0.1342 0.1378 0.1611 0.0973 0.1654 Letters  0.3828 0.3309 0.3312 0.2963 0.2956 0.3003 0.3048 0.3215
ODR  0.7999 0.7820 0.7630 0.6981 0.7420 0.7346 0.7016 0.7268 ODR  0.7889 0.7682 0.7625 0.7355 0.7346 0.7348 0.7706 0.7486
SPE  0.1806 0.0854 0.0857 0.1542 0.1649 0.1728 0.1613 0.0907 SPE  0.7594 0.4678 0.4639 0.5180 0.5080 0.5251 0.5136 0.6795
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