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Split and merge algorithm for Gaussian mixture model based on KS test
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(Tianjin University of Science & Technology s College of Com puter Science and Information Engineering » Tianjin 300457)
Abstract: Gaussian mixture model is a linear combination of finite numbers of independent Gaussian
models. Estimating the number of components is an important research area. One class of algorithms based
on the minimum description length determine the number of components by splitting and merging
components during the iterations. Traditional algorithms use entropy ratio, KL divergence, model
similarity as split and merge criteria. However, entropy ratio and KL divergence might result in excessive
split because of their excessive sensitivity to sparse or concave models, and model similarity might result in
excessive merge because of its inability to assess the merged models’ goodness of fitting Gaussian. In the
iterations of algorithm, these excessive splitting and merging operations may cause oscillations. For these
problems, a split and merge algorithm for Gaussian mixture model based on KS test is proposed, with

entropy ratio and KS test used as split criteria and model similarity and KS test as merge criteria. This
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algorithm is capable of preventing excessive split and merge, as validated by experiments conducted on

seven datasets.

Key words: Gaussian mixture model; minimum description length; entropy ratio; KS test
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UB S I AR T 455 A A B0 30 5 B L. 56 2k )
T2 AR DPGMM, VDPGMM % 2 78 A 34 45 Al
RIS A5 AR f 5 A Hp X 3 43 A A S HIOAE /N L AR
il AL BI0, 78 2 A R R A B RE AR rpod] SR A A
1RO AT A A e .
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SLEY A A bR & B RHE 4R Aggregation,
k2far.bigdata_40c 1 MNIST i 43} YIl 25 & F il 32
£ I, Aggregation 1Y Il 25 4 5 I 3 48 A A 85 it
S350 600 F 188, k2far (I 45 5 5 I 5 kE A Bk
391K 300 F1 100, bigdata_40c¢ B I 2k 4 5 )k
FEAEAHR 2 2 36 000 FT 4 000, MNIST F)Il 45
A 50 420 48 B A A 43 03] 92 60 000 il 10 000. 7
Aggregation,k2far, bigdata 40c Fl MNIST #4 Il 2k
£ I i2 17 KSGMM # ¥ fil ESM-EM., SMEM,
EM, DPGMM, VDPGMM %, 34 bigdata_40c
B HE X 7 1 ) b TR R AN B0 O 45, H A B
WP IR F AR AS B E O 15, I 2 45 2R L)
Aggregation, k2far, bigdata 40c FlI MNIST f¥ il
A HEAT IO AR I R 2OKS B2 3R 4 R,

x4 HEBERER

Tab.4 Accuracy comparison of algorithms

Aggregation k2far

bigdata_40c MNIST

Components Train Test Components Train

Test Components Train

Test Components Train Test

KSGMM 6 95% 97.87% 4 100% 34 97.49% 85.00% 12 66.05% 47.82%
ESM-EM 9 70.17% 77.66% 5 98.3% 98.4% 6 15.0% 15.06% 16 48.08% 13.21%
SMEM 9 77.33% 77.13% 5 97.57% 98.1% 6 15.0% 15.0% 15 32.14% 9.63%

EM 4 66.45% 64.89% 6 90.67 % 2 7.50% 7.50% 9 59.61% 15.7%
DPGMM 4 41.17  40.43% 5 86.67% 90.0% 14 35.01% 12.5% 15 48.08% 59.5%
VDPGMM 2 34.5% 49.47% 1 100% 6 15.0  10.0% 8 52.43% 68.05%
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EER 1 FIE 4 43 Fr. F Aggregation FU¥E 4
1 KSGMM 533k 1) F 458 BUAS B 1A L I 250K
FUI 3K B A0 A5 3 A% A 45 R AE k2far B0E4E I
KSGMM F1 VDPGMM 5k (4 85 BUAS £ ik 118,
YINZAAE BE AN 0K B 5 0528 58 4 A [A). 7 bigdata
_40c Bl 4 b KSGMM $ 3k il B A $Al HH(E
55 SR AE fc 42 30T, TR 1 TR BE R Z50KS B 4 )
9 97.49 % 1 85.0 % . 4E MNIST ¥c#84E [, EM 553
) TR AN B T (B e 22 3 B SE{H , KSGMM. 512
BN 25K BE R 4, Sl 66.05% ; VDPGMM & 3 i1 il
TRORG BE 3K B 55 5 . o 68.05%%.

2 L AT RN, AR R A BRI 5 A R A T T A
S AR R, B3 A B 1) S AR A B0 Bz 30 S B AL 1)
S5 RV K 0 A R s A 5 TR DA B T A AL R AR
AN AR AR A L DR EE Sk 0 0 o B R DL KL HORE
AT AH AL BE by 0 50 A o 1 GMML 5539k DA & 3 1 2k
Fl v B B GMM Al 15k R LA 4 2%, LI AE
RRRABE B AS v, 33k 6 2 B0 3k 11 - A B A B0 Ah
HHE 5 52 br (i 22 1E 8 k. KSGMM 8 i 1 i 35 T4
Eb A KS K 56 19 43 24 DA R 3 F KS A 56 AR 7Y AH AL
JEE B A Al T 0 AR R A B e R 2 3 S PR A B
T GMM Z 8 A L.

4 i

ASCHR Y KSGMM & ¥, DL MDL & H 4 & 4L
VA B HU G R R A AT R B R TR L R KS A
55 19 43 24 0 ) o DU AE 4 R BRAE T RE B2 IR B GMIM
HR A s 8 TV A R, 35 RS R A L BE RN KS K
5 1A I 2000 ME W AE A R AR RE S B UL A S
JF LB IERT  KSGMM 53355 RE A5 K5 iff il 11 45 1 A~
B T X GMM 28R A5 TR B TR s Bk
B RGE T EM Z AT i KS K 56 BH 1k i 5
115> 34 5 4 IF . KSGMM $ ¥k fiE 9% b 5 Ik 3% T 42
P A S
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