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Abstract In this paper, we proposed a tying covariance technique in hidden Markov model (HMM) basedspeech
synthesis system. In recent years, context-dependent model are used for training high quality model in hidden
Markov model (HMM) based speech synthesis system. However, the use of context-dependent models results in too
many free-parameters in a system, hence it is difficult to estimate the model which is statistically reliable. This is
a fatal problem for development of embedded devices (mobile phone, PDA, etc...) especially. Therefore, variaous
parameter clustering techniques have been proposed. The use of desicion tree based context-clustering approach is a
good solution to this problem. The splitting procedure of the decision tree provides a way of keeping the balance of
model complexity and robustness. Furthermore, by incorporating phonetic knowledge into questions, it can assign
unseen context-dependent models to the leaf node of decision trees. In this paper, a new approach is proposed by
tying all covariances. In subjective experimental results, proposed technique archived higher MOS score and smaller
number of parameters than conditional technique.
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Fig.1 HMM based speech synthesis system.
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