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Random generation of speech parameters in speech synthesis
based on moment-matching networks
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Fig. 1 Comparison of natural and synthetic speech. When

input context is fixed, humans’ speech has variation
between utterances, but conventional synthetic speech

does not.
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Fig. 2 Training of moment-matching networks. Distributions

of training and generated data are drawn with their 1st
and 2nd moments. Networks are trained to transform

prior simple noise into data distribution.
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Fig. 3 Sampling-based speech parameter generation using

moment-matching networks. Note that linguistic fea-
tures are directly used in this figure for clear illustra-
tion, but bottleneck features [15] are used in place of

linguistic features in actual implementation.
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Fig. 4 Preference scores on speech quality with 95% confidence

interval.
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Fig. 5 Example of generated speech parameter trajectories.

We sampled five trajectories using proposed method.
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