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A Study on HMM-Based Speech Synthesis Using Rich Context Models

SHINNOSUKE TAKAMICHI:'® TobA ToMoKI''P?)  SHIGA YOSHINORIZ KAwAI HISASHI

SAKRIANI SAKTI! GRAHAM NEUBIG! NAKAMURA SATOSHI!

Abstract: In this paper, we propose parameter generation methods using rich context models in HMM-based
speech synthesis as yet another hybrid method combining HMM-based speech synthesis and unit selection
synthesis. In the traditional HMM-based speech synthesis, generated speech parameters tend to be exces-
sively smoothed and they cause muffled sounds in synthetic speech. To alleviate this problem, several hybrid
methods have been proposed. Although they significantly improve quality of synthetic speech by directly
using natural waveform segments, they usually lose flexibility in converting synthetic voice characteristics.
In the proposed methods, rich context models representing individual acoustic parameter segments are re-
formed as GMMs and a speech parameter sequence is generated from them using the parameter generation
algorithm based on the maximum likelihood criterion. Since a basic framework of the proposed methods is
still the same as the traditional framework, the capability of flexibly modeling acoustic features remains. We
conduct several experimental evaluations of the proposed methods from various perspectives. The experi-
mental results demonstrate that the proposed methods yield significant improvements in quality of synthetic
speech.
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Fig. 1 Training and synthesis processes in proposed methods
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Fig. 2 Effect of the initial parameter sequence
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