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Gaussian Mixture Optimization Based on

Efficient Cross-validation and Its Extension

Takahiro SHINOZAKI!  Sadaoki FURUI'  Tatsuya KAWAHARA?

t Tokyo Institute of Technology
t 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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4: Computational cost.
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