BN LS SRS 2008—SLP—172 (13)
IPSJ SIG Technical Report 20087719

EWNGEIOAANI T =2 a3V ICEDCEEAVADHD
stk e T DALk

g RRRT  HH AERT AR Eh?

T RRIEKRY XAFRFHREIFARN STEIFEK
P RERE PMBERAT A7 2 —

HoEL BREROZET — 25 DREN T ANHOHEICB T, BEEROEBIT
ZTNODOEBEREBEILTZC LT, 2ET—XICEENTVH L WVT — RIS L BV IERE
8% ETIHICERTH S, TNETIKIEEHN Y ANMrREtd 2FEL L TIrOANY
T — 3 (CV) ZERFRNICGEA T 5 FEOREZEZITVWEOEMMEEZRL oA, RIFFETE
ETIVEREDOE X M 2 HINE U T, CV FEZHLEEL 72 Aggregated CV (AgCV) #EHB K
U AgCV HEZBEN U ANFHORBEKICIGHT 2 FEOREE TR 5, BET7 IV VU X LIX
PERD CV Z HWIZEEHN U ADHOREE L KT, ToEIEZ AV T & THEW
ICEIEY %5, HARERGEL BEI—/SAZ Ve KEBEREN & e R BT, BREH Y
A5 HMM ORE(LICAFEZ WS T & T, ETF VYA XZ HEREL DOREkEE [T
BL CRHEERE M LT 52 L ERT,

Gaussian Mixture Optimization Based on

Efficient Cross-validation and Its Extension

Takahiro SHINOZAKI'  Sadaoki FURUI"  Tatsuya KAWAHARA?

¥ Tokyo Institute of Technology
! Kyoto University

Abstract We have previously proposed a cross-validation (CV) based Gaussian mix-
ture optimization method that efficiently optimizes the model structure based on CV like-
lihood. In this study, we first propose aggregated cross-validation (AgCV) that extends
CV, and then apply it to Gaussian mixture optimization to further improve the model per-
formance. The AgCV based Gaussian mixture optimization algorithm works efficiently by
utilizing sufficient statistics similarly to the CV based optimization method. The proposed
algorithm is applied to Gaussian mixture HMM and evaluated by speech recognition ex-
periments on oral presentations. It is shown that lower word error rates than conventional
methods are obtained by the AgCV optimization method incorporating automatic model
size determination.
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1: K-fold cross-validation (K-fold CV).
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X 2: Aggregated cross-validation (AgCV).
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X 3: An example of the objective scores estimated
for training data by the Gaussian mizture optimiza-
tion methods.
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K 4: Computational cost.
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