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Pre-training Method for DNN-based Speech Recognition and Synthesis

Based on Bidirectional Conversion between Text and Speech

KENTARO SONEY®  TORU NAKASHIKA''P)  YASUHIRO MINAMI*

Abstract: Conventional approaches to statistical parametric speech synthesis use context-dependent hidden
Markov models (HMMs) clustered using decision trees to generate speech parameters from linguistic features.
However, decision trees are not always appropriate to model complex context dependencies efficiently. Al-
though an alternative scheme based on a deep neural network (DNN) was presented as a possible way to
overcome the difficulty, this approach has a restriction that it is applied for only speech synthesis; for exam-
ple, this approach cannot be applied for speech recognition. Thus, systems for speech recognition requires
training cost separately. This paper proposes a pre-training method for DNN based speech recognition and
synthesis by capturing deep relationships between text and speech using deep relational model (DRM) to
reduce training costs. Experimental results show that pre-trained DNN-based systems using the proposed
method outperformed randomly initialized DNN-based systems.

Keywords: Speech Recognition, Speech Synthesis, Generative Model, Boltzmann Distribution, Pre-training
Method
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Fig. 1 Pre-training methods of using (a) only RBMs, and (b)
RBMs and BAM.
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Fig. 3 Comparison of MCD [db] between the generated speech
and the target speech obtained by each method.
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