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A Penalized Likelihood Method for Model Complexity
Reduction in Gaussian Mixture Density!)

Sung M. Ahn2

Abstract

We present an algorithm for the complexity reduction of a general Gaussian
mixture model by using a penalized likelilhood method. One of our important
assumptions is that we begin with an overfitted model in terms of the number of
components. So our main goal is to eliminate redundant components in the overfitted
model. As shown in the section of simulation results, the algorithm works well with
the selected densities.
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s 7] 9] ALR§ e Adaptive mixtures (Priebe, 1994) 1d], th&¢ &
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2. FEEY 2R HAAQ =54

FHEF EYPAME (DA Fo] £XE /MATH. (DA, g& €32 Utz 7HA8E 3, &
g3l 1ol HE Fdol EFEY. o Afod HEFHA HNSEFA(maximum likelihood
estimation) & AH&&H ol EX S E4(m,pu, 2RI, 5=1,,08 FHol ¥ F& W1,
whEx Al (jterative procedure)E o} &&oF 7lgdttl. ol HiE-F @i} %9 3}47} EM <

128 ZQdl, Dempster, Laird and Rubin (1977)9] w&3 z} ol «x,,i=1,2,- i =
A Ge = BE dojH z,i=1,2,-, 7 & WA SHASTY A7)A 2zE J‘:UﬂO]Ei =
(indicator vector, z;=(21,2g, "2 JEA zz;=10 Jujsts vie x7t A 2 3
BEo] Ade RE dudt. AFEF EXAAN 9 29 AFEIE e 2o
(Titterington et al., 1985)
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3t
ATFEY ZoA EMEeZ2 th& 2o} (Dempster et al., 1977, Xu and Jordan, 1996)
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3. Adaptive Mixtures

FHEFRFAAE & & ng doha sMHIE oY, ol B Aot A
Adaptive mixture (Priebe, 1994)ol A& Fo4X dolE o] ZAS AHEL $£8 FAsU o
Aol U RPo 2 FWatd, dolEHE il sy A3 woix B wuitt ARG 3
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©] Adaptive mixture o & TEEH RS B =FJdA AAdE ey 9o "ol

4. QY A 7155 A (Maximum penalized likelihood estimation)

Adaptive mixture & Al83to Ao EYPY L AQHFRY(F AR F71 Fuy :HdE 2y)
olg}i g vt vk 2EE E =§9 HIL "W e AERL AASNE AAU, o8 s
o Hd¥EH7ls E(Maximum penalized likelihood) H & o] &3l ot 18 93q WA
E(penalty term)o] 7|&°] 28555 FriE e, 1 F7iE 2L AES Fo)A e &
HE AdEZ FHof g B =FdME 6)F 2o HHNSEE AgsnA o
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A, ABHe dvle ded 2o BAYERE o9 @ol FAHW UFE AWG (g9 ZE 0
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4.1 Maximum a posteriori (MAP) &34

HQE A7 E $AL MAP 43 553 9v|E 713 th Ormoneit and Tresp (1998)0) A &=
(N e ZarEFd(log-posterior) & o} €3 MAP $A 8 A st}
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+ 3 log Naly;, 7775, + log Wi(Z7 18, 7))

(Ml IDXrla)T Dirichlet ®#X& 7FE%  zeol g APREZ(prions ez,
Nuilvi, 07 18)k Wi(STH 1B, 7)) e 44 p;9b 5o tig AFAEE2Z A Gaussian® Wishart
BEEXE 748 B =2dAe =g 3198 &7 A%t g9 Zo g e AlYEn
ol tE AT TPz nHFPY. A EAA AFI vle} o), Adaptive mixtureE ¥ ¥
B @A RP LS RO ool Wo| EAFTIE ALHNFEE ol g3t Ao,
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a=(ay,,a)" (a;>0;j=1,",8)8 E4Z 7t %= Dirichlet £ ¥ & 72},
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rla)= Na)yIa,) ™ 7 , >0, ,gnj—l (8
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Dirichlet® ¥ 9] He|& o2 FASE <28 1>} Zoh <I¥ 1>oA BRe] #ze r&
0o] & 80| & Aot <aY 1>oME BX9 ZFQ ;7 BF BLE Ffoln, B =8
AME 2 A$E 7HR&AY <a2¥ >F & BE234 FH 9 Dirichlet®®E o7} 0BT 2
A 18k Zr}
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42 AWEHts = 4
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o Are Mestx gEd, 7 do FAHPY x—y HEE P AR HEH A4S vE
Wk 99 Z7E 79 AUAE AZv]E Ut o R REEFSFE v EXES WA
ApH oz ZAEA A HY) o#E olf2 Ade] FHAUth Asymmetric claw € M2 WE &
FH LS 7R E AEEZ FAEHY UX, 2 F gl HF E AR BARE A7 WEe)
a2 Qo] AA BRI mAE YA FAHIHV ode 5AL /AT Atk &4,
Strongly Skewed: E&u&o] 75§ AEol A&Hoz wd=o Ye FHH dEE 53
37] 49 BolAuk <@ 5>0A HEo] 9% R X3 Ye HAEEY HEo] ME ds

Jb7tel A Qemz Mz e JRow By FAHMNIN 4A €& 54& /Y
WA Asymmetric claw B¥2 ZA¥E Bz} <3 3>AAM 2 FEE IS

lo

e gre AT At 1hs 2 4Re 2x9 shed R AAE 3

e B, ea) 57e
HEe A Hol stk ABUMAA AEH HFE <E 1>} Zrh

<El > AEBHoH A5

EEAY 4000
a 0.1
A 0.002

<19 3>9 ¢Z=H o] Adaptive mixtureZ 5 E U2 Aspolw 1AL 26749 2 A8 A
Boz o]l2ojd g, oA B =EJA e uFE9] A=A (initial solution)o] ATt
<39 4>7F 98 BoFEa glEd, 9520 50085 Wy Aelw, 2% FEo] 6739
A urEel ¥E Azo|th = 673¥A wEFoE ¢ ol (12)9 ol © o) MAHA X3
o}, g RAASE0] B =8o A o BXe 433 ZAEE §doE & F s
], o] (14) (IAE, integrated absolute error)& A48 S22 FAHLFE At 2y
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Underlying Dansity Adaptive Mixture Estimate
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variance

Underlying Density
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<E 2>9 <E3D>L Azt FEA7] (2000, 3000, 4000)%) wE wHE AFNE BRYgF1 Yt
zbzte] R Zv)o) ulstad 10M4 e Axs 22 EAFHY e, <FE 2>9 A HA
2o ALE 10W ZF 99 AEo] 6712 FAHAT (004108 2 99 F -9 [AES] HHF), o

2o iz 2AHUTE drlolth 7 IAEY FFHA HAE, B =29 In

A7 A4S 287 HolAe & F Uk

<¥E 2> Asymmetric Claw ¥ i3 A3

¥8A7] RHE-4 R B 1AE
2000 10 5(1), 6(9) 0.1514, 0.0673
4000 10 6(9), 7(1) 0.0445, 0.0850
6000 10 6(9), 7(1) 0.0410, 0.0633

<E 3> Strongly Skewed ¥ X & A=

EEA7] gHE HAEY + 3 IAE
2000 10 4(3), 5(6), 6(1)|0.1147 , 0.0979, 0.0995
4000 10 5 0.0719
6000 10 5 0.0713

6. 8% 2 o

AZHA AFEFGREAA BEFAEE Za2dE dudFE AASAT AEHA AN B
QR Eo] o] dnTEFL HAER Fre EXo A IAES #HAA BHE 4T3 A F
Jx& AAsFa k. 28y Strongly Skewedd] alAE daie] JE /& o &A= &
3199 t}. Roeder and Wasserman (1997)E ¥ 29| =7|7F 10004 o, 5749 ARE F28 Aoz
Haspal gk,

A B =RgA HANSE F52 AEE (12)4dA4 A9 v E¥ M E(model selection)<
A AEHE EF42A, =9 ue} hyperparameter (Bishop, 1995) & & regularization
parameter (Poggio and Girosi, 1990)2} 3 Eglo] A, o A4 #%& 71 A9 & 2A
o] Al FE J1Fx F& FLEE YUy, i JYSTHE FIHA FHE £ U2
gutd oz w3y AMAzS 5o wet AAHE 4 Uth £ =89 dHAMsE F4U 129 oA
=29 &2 F AWA 29 dvle FFPHoE F2 HolHE T3 #LY F e EF
@ AL W HAEE 33, F AA FdEF9 oule AtAd st 43 e R (F, EA
g ooz e HEEC gttt AMA) 7 B4 @ 9%E FE IEE ¥ asER
A9 e AA Ve =L 279 AMFAH WL o B FAE Fohe 9ujoln, uEky
(12)8 Husl gozi o B2 AES AASA He FA4E 71A2t B =FdA&s <F 1>
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AM  mel AKol A=00028 ALFALH, ol A TE Fe AL AFUIHNE s
a8 4750 AR,

npAlgto 2 o] dnElFe] gdolEgn & & A AL FEY AV} Ao wEwhst Ay
£ d& 7 Jdue ALY, ol dHFHor ST E sl dHY FAUYH FE8HO
2 7HAE BA0E s, A& B9, B =89 AgdolddA EEAZIZE 10002 H =
T 29 IAEZE 493 wtenw ® H A A A (singularity)o] A5 HAste 26 g FAHR
go] JE9 ZUHE 23z st vAFAEL EM 2aYFS 5 BEXFAHAM AF 4
el A, B =89 AggolAdAs ERA7)7F A wat v AR wAgisEs) 7@

EnS S R =
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