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Abstract In the traditional HMM-based speech synthesis, generated speech parameters tend to be excessively
smoothed. To alleviate this problem, we have proposed a parameter generation method with rich context models
in our previous work. This method improves speech quality while keeping the flexibility of HMM-based speech
synthesis. However, synthetic speech still sounds muffled because the generated parameters strongly depend on
over-smoothed initial parameters in iterative parameter generation procedure. In this paper, we propose an initial-
ization method for generating less-smoothed initial parameters using context-clustered HMMs based on a large-sized
decision tree. Experimental evaluations of the proposed method demonstrate that the proposed method yields sig-
nificant improvements in the quality of synthetic speech.

Key words HMM-based speech synthesis, rich context model, parameter generation, tree-based context clustering
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Fig.1 Overview of the corpus-based speech synthesis methods
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Fig.2 Training and synthesis processes with rich context models
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Table 1 Decision tree size (total number of leaf nodes and com-

pression rate for the size of full context models)

a C | Tree size (%)
0.1 | 24212 89.3
0.2 | 8602 31.7
0.3 | 2297 8.47
0.4 | 868 3.20
0.5 | 366 1.35
0.6 | 264 0.97
0.7 | 207 0.76
0.8 | 178 0.65
09| 160 0.59
1.0] 151 0.55

,,,,,,,, Y/ For static feature vector N
- For delta feature vector
For delta-delta feature vector
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Fig.5 Likelihood differences through iteration
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