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Abstract: The existing algorithms are mostly unsupervised algorithms of a cluster ensemble, which cannot take
advantages of known'information ‘of datasets. As a result, the precision, robustness, and stability of a cluster
ensemble are degiaded. To cbnquer these disadvantages, a semi-supervised cluster ensemble (SCE) model, based on
both semi-supervised learning and ensemble learning technologies, is designed in this paper. There are three main
works in this paper. The first is that SCE is proposed, and the variational inference oriented SCE is illustrated in
detail. The second is based on the above work: an EM (expectation maximization) algorithm of SCE is illustrated
step by step. The third is that some datasets are drawn from the UCI (University of California, Irvine) machine
learning database for experiments which show that both SCE and its EM algorithm are good for semi-supervised
cluster ensemble and outperforms NMFS (algorithm of nonnegative-matrix-factorization based sem‘i-supervised),
semi-supervised SVM (support vector machine), and LVCE (latent variable model for cluster ensemble). The
Semi-Supervised Cluster Ensemble model is first stated in this paper, and this paper includes the advantages of both
the semi-supervise learning and the cluster ensemble. Therefore, its result.is better than_the results of semi-learning
clustering and cluster ensemble. \ | ¥
Key words: semi-supervised cluster ensemble; variatior{al inference; must link; can not link
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EM F kAR 47 ¥ WA R L LR, & 09 k5L, 2Kk NMFS(algorithm of nonnegative-matrix-factorization based
semi-supervised). ¥ % SVM(support vector machine). LVCE(latent variable model for cluster ensemble) % J- ik -&-4F.
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TSR
Algorithm 1.
Input: {x, e, S constrain{set}}.
Output: {7,7}. * \ \
1. Initialize «, S randomly; 1 ’ g o
2. Begin loop until 7, y is stable; \\ '
3. E-Step: \ 1L ¥
4. If x; is must-link _
5. (a) Calculate 7, y according to the fBrmuIa:e (13) and formulae (14);
6. Else if x; is can=not-link \
7. (b) Calculaté My according to the formulae (13) and formulae (15);
8. Else‘ ®
9. + (c) Calculate 7, y according to the formulae (12) and formulae (13);

10. ' (d) Submit the #, y to M-step;

11. M-Step:

12. (a) Update «, paccording to the formula (17) and Newton-Raphson methods;
13. (b) Submit the ¢, Sto E-step;
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14. End Loop.
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50 MR N 25 o, B %, SRR R 1S DL R S5 4, 5 3# constrain{set} i K, — &k 814
Jey e AT B 3K ol 0, A SRR AR B A e B 27 20 rp IR B0 5 SR T — 0 00 B30 A S I 2 B8 S ff o A 4
P B W LR A 2 H R TR I HUI 46, 2 85 o, BT 45 SRS I AN KR

AT DU B % i T 2 e 2 B0 1 IR A% A S o((t+1)n), 2 v n 2 Bt G i Hca O WS ik
AR E ATt FE— AT 10~100 2 [1].

HR T SCHR[24,25], W R Z A EUK M A 2084 EM SEIS A RIL B BT EM SIAHESE LK,
ST B0 T P A A TR o gt A 1 A R B o) A, o BRI S b2 22 IR0 A1 2 P B0y A 00— FoE 5 i
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4.1 HFBETMERAE \ \
A0 4§ H UCI(University of California, Irvine) %2 3] J# H’J*‘Bﬁj‘%ﬁ‘&%%h%h%% * 113
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Table 1 Number of instances, features ana classes of datasets

*1 %ﬁ%&ﬁ%ﬂ’ﬁ#ﬂi\‘ﬁ ERIEATIIEa

Dataset ' Instances Features Classes
Pima 1 768 8 2
Glass® 214 9 6
Iris 150 4 3
3 ¥ lonosphere 351 34 2
Wdbc 569 30 2
"B Bupa 345 6 2
Wine 178 13 3
Magic04 19 020 10 2
Balance 625 4 3
Segmentation 2100 19 7

AR PAIR 2 PN bR e, A SCE T Micro-precision™ 2 vz X AN bk 52 B b2 B IR 1 — Fh R 7R 5
VEIXAARMER T A R
11K .

MP = N hz;ah. \ \
oAt ay Romu Ede S — R R IEM A E N R B4 0 2 1 8 K ﬁ%‘ﬁt;@jﬁﬁ%‘ﬂﬂfﬂﬁ’]/’\ IR
HE N TS T b SR I AR RN B AT TR SR, R P i’JT@%ﬂ%@Iﬂ%J&E/@% JirCA AL
[P S S

s, K
P A_zzah.

t=1 h=1

SER T 4T A SR UK A T %%E;S&JJ 20,45 HIE R g 50,
42 FHESBATRER

A ﬁ%ﬁfﬁq & ”‘7@{* EHL T b4 K-means, LVCE™! NMFS(algorithm of nonnegative-matrix-factorization
based semi-supervised)!, 3 % SVM(support vector machine) Z7VAil SCE 4 5734 fi 52 % K-means FLT] T &t
UERHE SR 2 A i B 2 B A0 2 B SVML 508 Jir 4 B0 10 B B8 28 LVCE 2 B S et SR 4
S, NMFS I SCE A by - Ha B 2 S A2 v S 2 1 M SR 2 B S S A e sz 3, Al 1328 B i 5047 1) 10904
H I A BUE B 109% 1 8 1F S RN 29 SR AR SR EAT SE e FRANIE X L s I (I a5 ik X5k 2
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“0.575+0.041" % 7~ T3 I ZR L 0.575, hrifE 75 2 0.041.04 T 5 i M 0 8Ix o 48 5L TR AT 30 sl 45 T o 4 T e vt
TR B 0 A T AR 56 I, FR AV A8 A% 48 P I 8, 2 SR S 5 4B 1 P B/ 0.05, B A IX WAL R AF AR 2 R IR X B,
AT P HWIE R AER 2 1, W“S-LVCE p-values”3R 7~ /& SCE Fll LVCE Wi Pl 5y (1) 45 SR Al ) T AL 4.

Table 2 Results of the algorithms and pair-wised test
F 2 FHEIRIIXSHIRAE EBAT S R DB T A 4 A

Algorithm
Dataset S-LVCE | S-NMFS | S-SVM
K-means LVCE NMFS SVM SCE p-value p-value p-value
Pima 0.575+0.041 | 0.661+0.103 | 0.684+0.041 | 0.665+0.098 | 0.691+0.004 0.008 0.041 0.023
Glass 0.514+0.020 | 0.553+0.018 | 0.600+0.002 | 0.550+0.086 | 0.608+0.013 0.021 0.030 0.041
Iris 0.864+0.058 | 0.900+0.187 | 0.920+0.010 | 0.890+0.100 | 0.940+0.064 0.010 0.000 0.008
lonosphere 0.624+0.023 | 0.702+0.044 | 0.743+0.007 | 0.695+0.106 | 0.765+0.042 0.022 0.031 0.042
Wdbc 0.761+0.011 | 0.884+0.051 | 0.884+0.002 | 0.884+0.075 | 0.889+0.025 0.038 0.032 0.612
Bupa 0.462+0.029 | 0.571+0.030 | 0.578+0.050 | 0.565+0.082 | 0.583+0.018 0.008 0.004 0.041
Wine 0.590+0.034 | 0.721+0.071 | 0.741£0.000 | 0.722+0.058 | 0.724+0.008 0.000 0.040 0.050
Magic04 0.625+0.028 | 0.649+0.018 | 0.649+0.002 | 0.649+0.023 | 0.651+0.000 0.242 0.46 0.142
Balance 0.511+0.031 | 0.529+0.089 | 0.601+0.011 | 0.518+0.011 | 0.596+0.009 0.052 0.0ZA 0.041
Segmentation | 0.557+0.022 | 0.585+0.004 | 0.610+0.014 | 0.579+0.029 | 0.630+0.017 | ,0.006 [% 0.001 = | 0.012

3

-

A3 2 7P JATHE R B # Tt M o R ALK 10 i B SCENT 8 YOIRAT T IR 10 T3 IEH (H: 7
Ah 2 A HARGE 1 NMFS UG T 5 K-35 IR %76 30 A P ARUAT 5 AME TR 0.05, 3 W] 4 573k 45 SR i 2
SR AT AL AEIX 5 AME R AT 3 AR X [l Hediidl Magic04 1, i I IX A it AR 1) S0 73 T 2k L
W S5, P 45 St e A AR BT £ 45 R T LA 258 A B T LU A

(1) B RIS P L R (134 MBS RSB R B 1) 45 SRR L0 F Ui ] 1 90 5 > R e >

ORI EAE; y
(2) B3k B, SCE kb NMFS [ TF i 2 22 i, BEIE 4% SR MO IO th T SCE ARALAC 5 il vl LLEAT e M 2
SRARN, BT LS L YN 25 0 AL K SR S0, [F) It v DA 5 LB i AL R AT 3B

ATTIEAG A L1 53 S PS5 1 AT SR P A A K AR ) 0 3 Bl A1 DI A (U RS AN BT 18 ), AR A0 18 xt
21 4 constrain{seth (A sUANIE RN IE () O 8 75) 9 210 1 DUOR I 58 573 1 A6 40 2 B ol B AT 1 I B
TRIARRGH 2 FL MU A 1 2 K oM B 1T ks 29 A (constrain{set}) [F) i 160 18 i1, MEAT 4 i B SR A AL
K TR b L SRS 1 ST, A S 8 B 1) K-means. 3RS 4 ST A S ik Y NMIFSIPVRIAR 32 () SCE 2L 51
TRAEART rh AR 1 S 50 B 1A SRR A0 S B D 3 1 vp Bl 10 A 50 2 LR il 52 AN A2 1 SCE B BT
AR S ) Dirichlet(a) 73 A 1 2 5 aft) Y Bk £, » L\

1RSI 1D R K-means SRR IR 0 Mo SR SRS A B IR AR AR IR S0 B, FESRR Y
ML R o 20, 0 S A o 9 R Y BORE o N IS 4 K-means A g0 P e T B8 51— A Nx20
RIS R AP S0 56 2 20 S (1] NMFS I SCE A1 SREIEH S8 IS 1 A 31 ) B RO A5 R AR 04
5 A 0\ S0 0, 1 LBk P 38824 45 SR 0 5 3 AR ) 0 8 ol s 510 0 24 o
NMFS il SCE Eﬁﬂ%%?@i%%%ﬁﬁ%@ﬂﬁlttm\ﬁﬁiw)ﬂ’ﬁﬂbi)llé;?%,%)ﬁt’l@%%ﬁﬂ 3 Fion. e 3 i ik
HH SR 45 S A D I AR 1 11 4 B i PSRRI 258 ) AMIP B X 10 A bl R %, SCE 15
8 M H AR b1 IE A < ] Jik b NMFS 2 48 7 53 51 2 D Hicdia 4R B NMFS SBT3 () 1E 6 4 L SCE 22 iy 8 (K R i,
{0t 0 K S B, SCE AR T NMIFS ST,

%2 %‘éi%ﬂ’g?ﬁ LABFTRE LS 120 se AR T LU 2] Nx20 FHE SR A 45 A BE . S 30 11
4 2 DA 2 NMFS Rl SCE 4 b SRS TR AR IX — 20 vp A SATVPORBIAR A THIR 1 v ) ot £ 4
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Bl /2 constrain{set} A 5 HT L B [ R 29 R 10 KU, IV Z LR RN ZRAE T I AMP B b mg 20, 75 8 M5
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Fig.3 Results of algorithms with increase the training dataset
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