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AR R A TR A AR LR B R R oA, A KA GMM A 46y £ 23 K, B % & X AL (Expectation
maximization, EM ) 5 i i@ i 3+ £ GMM % 2 A% 2K 5 0069 Stk i a2 AR A B & K3 B R 6 R A
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GMM A B A A8 X A S RAEE A LA S LT &, $I&£T-‘ﬁ‘i’%ﬂ;*ﬁii‘@%ﬂ(Statistical-
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Solution Method of Gaussian Mixture Model with Statistical-Aware Strategy
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Abstract: Gaussian mixture model (GMM) is a classic probability model, which is usually used in the
field of unsupervised learning to determine the class distribution of unlabeled samples. As an important
method for solving GMM parameters, the expectation-maximization (EM) algorithm determines the
parameters and component coefficients by calculating the optimal solution of the GMM likelihood function.
The use of EM algorithm to solve GMM has the following two defects: EM algorithm is prone to getting
stuck in a local optimal solution, and the relevant parameters of the GMM basic model determined by the
EM algorithm are unstable, especially for high-dimensional data. For this reason, this paper proposes a
GMM solution method based on statistical-aware (SA) strategy, i.e. SA-GMM method. Starting from the
estimation of the unknown probability density function of a given data set, the method establishes the

correlation between kernel density estimation (KDE) technology and GMM. To avoid the selection of
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KDE’s over-smoothing bandwidth, the goal is to simultaneously minimize the empirical risk between KDE
and GMM and the structural risk of KDE’ s bandwidth. The experiments on 11 standard probability
distributions confirm the feasibility, rationality, and effectiveness of SA-GMM. And it is also shown that
the proposed SA-GMM method can obtain the better performance on probability density function
estimation than EM-based GMM and its variant.

Key words: Gaussian mixture model; probability density function estimation; statistical aware; empirical

risk; structural risk; particle swarm optimization
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Table 1 MSE of PDF estimated with EM-GMM, GA-EM-GMM and SA-GMM on one-dimensional

simulation data

il EM-GMM GA-EM-GMM SA-GMM
ik i 0.002 700 7 0.002 267 7 0.001 872 4
F 4534 0.004 461 0 0.004 334 0 0.001 701 6
¥15) 53 A 0.009 253 0 0.008 928 5 0.007 5127
Fii ) 43 A 0.001 927 9 0.001 779 5 0.000 689 7
= A 0.000 544 2 0.000 486 3 0.000 329 2
K7 oA 0.000 386 1 0.000 376 4 0.000 273 2
Beta 5 fi 0.038 548 5 0.038 548 5 0.018 908 9

il 0.000 249 9 0.000 163 4 0.000 117 0
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Fig.18 Graphical illustration of experimental results in Table 1

KARR I AT DL S 2] AE— 48 F % TR E 2, EM-GMM LA K GA-EM-GMM 75 % ) MSE Kk F SA-
GMM 153 2| () MSE, W] EM 53 DA & Bk T8t 4% 553 19 EM SR 175 5] (0 A8 30 2% B 5 0 S0 A 5 28 3 i 02
BUAE TR, A R AR T 3 WA B0 B A i R 3, DA T A BC(EE I 3iF A AR 500 1 o sk

FE A BEBLI 50 40 A Bl T HEAT S8, SE B 45 AN 19 i o T LA B SA-GMM 7E W& {E I 45
AW AT EM-GMM F GA-EM-GMM, SA-GMM 14 21| fit) #f 5% 5% JiF th 28 00 432 30 F 5 92 80808 (0 49
i, N EHEAT 4N BE LS . X T 10 EE L, 10K MSE W3 2 LK 20 B . AT LLAE HA7E

A A

0.25 0.25 0.25( A 0.25 0.25
w 0.20 = 0.20 w 0.20 00 = 0.20 00 & 0.20 0.0
20.15 EO.]S EO.IS 5% EOIS 5% 2015 5%

0.10 0.10 0.10 50 0.10 50 0.10 o

0.05 0.0255.0 0.05 0.02.55.0 0.05 0.0 2.5 5.0 0.05 0.0 2.5 5.0 0.05 0.02.55.0

4 ¥ ¥ y Y

(a) Real probability density (b) KDE (c) SA-GMM (d) EM-GMM (e) GA-EM-GMM

BI19 i ff BEE L EM-GMM . .GA-EM-GMM HIl SA-GMM (1 # 3% B ok B0 11 30
Fig.19 PDF estimation performances of EM-GMM , GA-EM-GMM and SA-GMM on two-dimensional simulation data

R2 ZHHIEE LEM-GMM.GA-EM-GMM F1 SA-GMM f i1 B9 # = 2 & i $1 %3 52 5 MSE
Table 2 MSE of PDF estimated with EM-GMM, GA-EM-GMM and SA-GMM on two-dimensional

simulation data

WL EM-GMM GA-EM-GMM SA-GMM
1 0.000 290 3 0.000 289 3 0.000 212 4
2 0.000 268 2 0.000 268 2 0.000 216 8
3 0.000 280 7 0.000 280 6 0.000 223 1
4 0.000 2819 0.000 281 2 0.000 214 1
5 0.000 2910 0.000 242 3 0.000 212 8
6 0.000 270 9 0.000 270 9 0.000 216 9
7 0.000 300 3 0.000 300 3 0.000 212 7
8 0.000 295 1 0.000 236 7 0.000 210 1
9 0.000 269 5 0.000 269 5 0.000 223 9
10 0.000 292 5 0.000 292 5 0.000 209 5

LI 0.000 284 0 0.000 273 1 0.000 215 2
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