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A Semi-supervised Clustering Algorithm Based on

Anti-annealing and Gaussian Mixture Model

Wang Yao, Chai Bianfang,Li Wenbin,Li Feng
('School of Information Engineering, Hebei GEO University , Shijiazhuang 050031, China)

Abstract : Semi-supervised Gaussian mixture model( SGMM ) based on labeling nodes can improve the accuracy of model
parameter estimation. However, the accuracy and convergence of the Expectation Maximization ( EM ) algorithm are
affected by the amount of overlap and mixing coefficients among the Gaussian distributions. In order to improve the accu-
racy and speed of the SGMM parameter estimation, the Anti-annealing is combined with the EM algorithm of SGMM.
A clustering algorithm of the semi-supervised Gaussian mixture model based on anti-annealing ( ASGMM-EM ) is
proposed. The inverse temperature parameter of the algorithm increases from a smaller value to an upper bound that more
than 1 and then back to 1. The semi-supervised clustering EM algorithm is implemented at each inverse temperature
parameter. Experiments on synthetic and real data show that the ASGMM-EM is better compared to the algorithms only
using semi-supervised or anti-annealing technique.

Key words: Gaussian mixture model, expectation maximization algorithm, anti-annealing, semi-supervised clustering
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3 SUREIR BT

ASCSLEAT RIS N Intel (R) Core (TM)i7-3770 CPU @ 3.40 GHz,8.00 GB P4, Windows 8 64 {37
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FIE SR A EM Bk fE L TIC Y ASGMM-EM.
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RS SZ B PP R v SR R KL ) ( Symmetric Kullback-Leibler Divergence , SKLD ) FlllH—{LH A5
B U7 (Normalized Mutual Information, NMI).
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4 FRRIAE A A E B E 21T 10 YORHASE 408, 45 3] 4 Fh 580k bl 12 QU B0 in i 72
SKLD {8 . -2 NMI i F1°F- 23z i) 28 Ak 34 an & 2 .3 4 fiik. ASGMM-EM 5 SGMM-EM 75 ffi 3 5
SUPRIC AT S5 L3 hn i)~F- 15 SKLD {E A8k a3 F-F-24 NMI 22 L35 an i 5.6 .
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Fig.2 The variation of the average SKLD value
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PRI SR R [RIRE AT H 18] 6 433, ASGMM-EM #H Lt T SGMM-EM fE fi% FH X £ 5 Hiu i 6531

2, n RN BN, d TR FEAYE Hikdk

B,k FR AR RN T AR R UCT il 4R
FRELSE AT S A, BT LA 4 S5 AN SR T SKLD AR 45
PR BERL, 23 B 4 A TE 5 RN R UCT Bodln 4
Bt AR 1 07 2 NMIT (B AR {3, H

F2 UCIHESE
Table 2 UCI Dataset

n d k
Iris 150 4 3
ecoli 336 7 8
glass 214 9 6
seeds 210 7 3
wine 178 13 3

1, ASGMM-E Fl SGMM-EM 535 A ARICHEAS L35 o 10%. S25n 25 R anEl 7-11 Fos.
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