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Abstract: Cluster ensemble becomes a research focus due to its success in privacy protection, distributing

computing and reusing knowledge. Furthermore, the noise and isolation have little effect on the final result. There
are two contributions in this paper. First, by regarding every base clustering as one attribute of the original data, it
has found that the algorithm based on that is more extendable and flexible. Second, it designs a latent variable

cluster ensemble (LVCE) model in this way and infers the algorithm of the model with Markov chain Monte Carlo
(MCMC) approximation. At the end of the paper, the experimental results show that the MCMC algorithm of LVCE

has a better result and can show the compactedness of data points clustering.

Key words: cluster ensemble; latent variable; LVCE (latent variable cluster ensemble); MCMC (Markov chain

Monte Carlo)
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Fig.1 Procedure of cluster ensemble
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SRS FLI A PG T (R Ik, 5 Pt 3 K s s TR A 1 R AN T 2RI A 0 7R 2 1 B AL B A AL
(K173 R TTIEFEA LR A HR L IX — T 05 X FE R T SRR AP AN S 28— 2 [ B 2 1) A 56 38, DA O e 7
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Fig.2 Different ways of processing base clusterings’ results
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Fig.3 Graphic model of latent
variable cluster ensemble
K3 LVCE HRERR

Algorithm 1.

Input: « and ¢;

Output: x.

1. Fori=L:N

2. Sample @; Calculate the f;

3. For j=1:M

4 Sample c;; according to &;

5. Sample x;; according to c;; and £,
6 End for Step 3
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7. Endfor Step 1
XA FIEAT 50 5 B RT DUSEADLAE 1t 1 2(b) 1 250t 0 2RSS AR i B 0 ¢ SRR, T H AR A
ek (BT DU o AL A v A 31 1K e AU VR AR 4375, Laplace dEALli% . MCMC %%,
3.3 LVCERIMCMCHE R &%
AR T 0 5 g SRR 5 2 (] AR A6 OC R LVCE B/ 1 R R hy
6 ~ Dirchlet(a)
c;.j | 6 ~ Discrete(6))

S ~ Dirchlet(g) ®
%l ,—,,BC., ~ Discrete(,b’c_ _)
F T2 10(3) 2k F) v 75 (Dirichlet) () 43 45 @ ~Dirichlet( ), H 4 11 B 5k
rQla) .o
p(@| )—71 Lo 4)
H I'(a)

Hrp oy k 4 B2 500F B o, >0,7(x)2& Gamma H%1,1X B iE$¢ Dirichlet 43 ) 3 R R 2 H 5 2 =04
AL, I HE 8 T HRB0% 20 A5 X FE AT AR AR v 5 87 5 R0 75 5. 2 20(3) HH 1) Discrete 4347 A& 2 Wi 43 4.
HofF AR Y AR S K p(c) B Y MR AR 4 I R T K B 5 4 R /K U7 ¥ (Markov chain Monte Carlo, i #&
MCMC)™S!, M A % M 5 43 A FRL 3R, O FLAE— A 1 R AT R FOIR AR O e 28 FURR AT — AR B4 ¢y 41
Je B b OTAT DA OR
p(C;; =kIT ;. x) o p(x; j1¢; ; =K. T ;. % ;) p(C ; =K ;) ()
For, o R ARER T oy LMK Hefth ¢, X AR ARER 2T x5 Z AN BT A oAl x5,k D S04 5 2 3(5) R L
G A x A3 oy BOAAEBER, X B MCMC 574, 22 3X(8) 47 T P IS B L2 % O Bal 3 73 A T 45 21 ) 3
#,%ﬂﬁkTuTﬁfﬁE Y (B)H.
POx; le; =k G %) =[P Loy =k A, PGB, 185.% )ds, (6)
Horh, B, RAREEE xij XERISRIRS ¢ 19 2 B B xig 8T oy M. *Eﬁ% Bayes #LI, A= (6) 414
#2100k
P(B.,, 1S 5% ) e P(G 51 B G ) P(A ) (M
P75 p(B,,) A2 Dirichlet(f) W‘ﬁ;{cﬂ'ﬁ (X ;| A, ) S A p(B, | 1T 5% ;) MR By
Dirichlet(f +n; %) |

e, SRR T i AR ILA ;g PR 5T 2 BT xR T g PO BT A, A i R TR iy
HORIN REVS RN 4, 1953 A I I,

n, x")+¢
n; “+MN¢
Forr, ny O SRR Y HT x5 SN HABITAT xig B T 2850 ¢y 10 R BCE WA 58 B T X A U(B) AL 1 I A L, DA IR £
b’iﬁXﬂLE% 2 THHEAT HEFE,

P(xj1C ;=K ;% )=

(8)

nd+a
Ny +Ka
Forr, g0 SRR G5k I 2 A X JE T2 KCAVEAER SETI xig); 0 +1 SRR SO0 | L 2
AT RRICE Xij A0 R FEA BRI R A T R T 2 X AR i A AH S R o8 4 A T R TR 4
_(') FI{IE B s g Bum o LA, A A 3 (B) . A (8) Fl 2> 2K (9) 1] LAFS 21
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nYi) 4y nl

—(i)
i K +a

nijg) +MNg nijg_‘g +Ka
FRAE HE S F MCMC W 4R 40725 R A AT ECURES, IF H MCMC 5 9J 40056, W v Sk an R

(10)

Algorithm 2.

Input: {x,, ¢};

Output: {p(C|X)}.

1. Step one: Initialize:

2. (a) Instantiate p;; to one of its possible labels c;; of xij, 1<¢;; <K;if'; ;" ;
3. (b) Let p°={p11,p12,....Pum}:

4. Step two: For t=1:IteratorTimes; IteratorTimes is the iterative number of the Gibbs sampling
5. Pick index x;j at random one by one;

6 For k=1:K; K is the number of classes

7 Calculate p(c;; =k|C;;,x) one by one;

8. End for Step 6

9 Choose MAX p(c; ; =K|[C ;. X);

10. Update p;

11. End for Step 4

AL T LAAT 2 xi 5 J8 25 S0 AR, BER x X G i 203, ) LA DUt S R v 545 1L SR 2 I SR R
3 o((tk+1)n), JErhn 2 Bt S IR BOR K O Bl it B SELE WSROI B A A L I T

200~400 2 [].

4 SRIGFNEER

PATVE P B AR S 52058 1 202 F RO TS A i (W Bl Al mT DAY ARON B i £ 28 2 dlik A
UCH M8 #s. W3 1(a), X SR H0REA L B A28 025 B #4 Hh oke X T~ SR IS B S, — e i 3 T 28R (1 5l
B S R b A SR A A IR R AT BB R 2R I 4 R BT 58 R T R B I HU T, 5 HoAth 2R 4R B3
AHECA 5 = R AR AR B 2R A IR P B 2% Sl U T L B39 1) A s
Table 1 Datasets and accuracy of base clusterings and LVCE
F 1 BRI N LVCE 1 IER %

(a) Number of instances, features and classes of datasets

() SERBAREIIREA . JBYERMINEH

Dataset

Instances

Features  Classes

Avrtificial data 1 240
Artificial data 2 500

UCl iris 150
UCI ionosphere 351
UCI wdbc 569
UCI bupa 345

6 4
15
4
34
30
6

DN WN

(b) Accuracy of base clusterings and LVCE

(b) FEERKEAA LVCE [ IE %

Igorithm | Base clustering K-means
mﬁk Max Average LVCE

Atrtificial data 1 .872 .850+0.027 .904+0.003
Artificial data 2 .862 .822+0.328 .898+0.018
UCl iris .887 .864+0.113 .900+0.187

UCI ionosphere .68.2 .624+0.510 .702+0.059
UCI wdbc .88.0 .805+0.601 .884+0.037
UCI bupa .529 .502+0.082 .571+0.029

KT RIS AL VAT AR 2 b MR AT o, AR SC AT 6 B 110 0 532 2 A 255 by A o LA SR 2K (- 349 1E A
SR VR, N T A R 56 3K A V- B4 TE A 5 0 S 4 24t AR KT ¢ K56 (paired t-test). R R AR Rl 45
RO EE W BT LR T340 1  35 ef
B IR BCREN 10~50, t 5t A m A A [10,50], 24 28 S 119 51 35 R0 B i &
IR 1(b). Hr,.850+0.027 KR BLFVE K735 1E i % /& 0.850, HARHEZE A 0.027.117 LVCE [ 45 R L HE TS rh
AT — AN SR 1 45 SR B4 JIT LA, IX — U] LVCE FRAE by 38 28 1 A3 k1.

AT IR
G, R L R R AT
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LR X RIS 45 RUEAT SRS 1,5 P RVE I 4 R 3k 2,30 h L-HGPA 3R R4t LVCE il HGPA (143 28 25
SUEREDN t R, 2 p SR WE 2.0 LUR L AR R AN TR T & UCI RS LVCE 45 & AL
K-means,HGPA,CSPA Fll MCLA 723 & i B AH [, 1 e oA 36 vh AR b v 22 A0 PR AIE I T 30X — md, A E P41 P
{HEBIL T 0.05 MG FHE. ¢ T # 43 UCT Hdli (1) 3R IS4 i i) 1E A 28 ] LA 2 2% SCik[9,10].

Table 2  Cluster ensemble results of the algorithms
F 2 RBLEREAX IR LT R

Igorithm L-HGPA | L-CSPA | L-MCLA
Dataset g K-means HGPA CSPA MCLA LVCE ovalue | pvalue | pvalue
Artificial data 1 | .850£0.032 | .767+0.591 | .896+0.161 | .892+0.098 | .904+0.003 | .009 012 023
Attificial data2 | .822+0.041 | .764+0.467 | .880+0.152 | .858+0.086 | .898+0.018 | .007 025 .041

UCl iris .8642£0.058 | .633+0.817 | .887+0.190 | .887+0.100 | .900+0.187 | .003 016 .008
UCI ionosphere | .624+0.023 | .606+0.300 | .675+0.157 | .695+0.106 | .702+0.059 | .01l .019 502
ucl wdbc .805+0.011 | .552+0.670 | .834+0.432 | .884+0.075 | .884+0.037 | .017 .041 612
UCI bupa 502+0.029 | .526+0.423 | .568+0.260 | .565+0.082 | .571+0.029 | .006 022 .041

ASCAFH 5 PSSR LV 5 1 IR AT A I SR IR 0%, W K-means,SVM,NB &5 A& SCIE B bR K-means, /&
AT U B AT AT — o 208 A A vk e AN SC 1 2500 Ak 10 0 ] AR A TR ULV ) A AR SC I BE IR S el A i i
FrdfE K-means; 55 2 252 OV I 5B 25 82 B 1%, 1 MCLA,CSPA,HGPA L5 LA Alexander Strehl 3= 71 _F RN #;
5 3FR AR B MBI LVCE AL ARSI o 25 B i 45 RIS B0t & 3R 1(a) ™ 28 8, 7 B8 S5 56
[i5] 5E AR FE LVCE B8 rpr 3 AN A1 2 45 3 v 28 14N B 1 Dirichlet(a) 73 41 2 4L ot 4 50 L 40 9% LI 2 A48,

5 AR SE IR S A P B ML R B AR LR ST AR A A S0 o FE R SR BRI A H O 30,3 R Bl
h B2 5% AR DA 2R IR 3K B8 450 s 1) 5 — AT 2 D — AN B AE 7, 25 LuAg) A 8% Ty 5 K 38 il 8%, 1. £1) 80%
kLB 4 53 2R UCH HUHE 1 S50 25 51 18] 4 (PR A A 2 R ZR 2R 45 I 25 Sk L) de 2 25 R B3R O 809%; AL A
R IX U TR B (K7 Y IE A 2R

1.00 g y y " " - - 1.00
0.95 0.95
> 090k-s_ . o 090§ o .=
S 0.85 »,_;;:-_-_-_.__;-__1,:._?_;.___._;&__ g ggg — _‘_';-Z_‘_:::_.'_; Tsezen
g 080 csPA 5 07 re—
< 0.75 ST NI g 075 ——CSPA~ -
: ,7 ——-HGPA < 0.70 " — —-HGPA
0.70 4
/ ——— MCLA 0.65 A
0.65 e 060 B MCLA
. TLVCE 0BslL- . . % LVCE
0 0.2 0.4 0.6 0.8 0 0.2 0.4 0.6 0.8
Increase of the missed value Increase of the missed value
(a) Iris (b) Wdbc
1,00
0.95 —— CSPA — CSPA
0.90 ——- HGPA o ——-HGPA
3 085 ———MCLA 3 ———MCLA
5 080 —& - LVCE 3
g 075 B
070f=e .
0.65[ — T EETESm G e,
< . P S 0.50 - - -
0 0.2 0.4 0.6 0.8 0 0.2 0.4 0.6 0.8
Increase of the missed value Increase of the missed value
(c) lonosphere (d) Bupa

Fig.4 Changing results of algorithms with increase the missed value
B4 Z2 R 1 iy, SR A B ST 1 4 R A L
M 4 el DUE 7R AR B T R4 B CSPAMCLA Fil LVCE # LIRS, B i 45 2 32 B2 R B 2R
KAt 2 W RILER RGO 5 ULR B ALE T KRB AR S S 00 1 Sk R e v 25 — st N ik ol LR
tH,LVCE -1~ 1 IE A e i vy T A S 3 20 PO 7R B0 T KRB i 0L R LVCE. (R IE % i T A S
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X BT UE 1 LVCE 78 Z 5Bl B 1% B0 T HA 8 e A RSUE PR A SE 36 P AL HGPA Y BIL— S 25 2K Kt 189
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Fig.5 Visualization of data points clustering of LVCE outputs
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