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DNN-based Text-To-Speech Synthesis
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Abstract: This paper proposes a novel training algorithm for high-quality deep neural network-based speech
synthesis. The parameters of synthetic speech tend to be over-smoothed, and this causes significant quality
degradation in synthetic speech. The proposed algorithm takes into account an Anti-Spoofing Verification
(ASV) as an additional constraint in the acoustic model training. The ASV is a discriminator trained to
distinguish natural and synthetic speech. Since acoustic models for speech synthesis are trained so that
the ASV recognizes the synthetic speech parameters as natural speech, the synthetic speech parameters are
distributed in the same manner as natural speech parameters. The experimental results demonstrate that 1)
the algorithm outperforms the conventional training algorithm in terms of speech quality, and 2) it is robust
against the hyper-parameter settings.
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Fig. 1 Calculation of loss function in proposed algorithm.
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Fig. 2 Scatter plots of mel-cepstral coefficients with several
pairs of dimensions. From the left, the figures corre-
spond to natural speech, the conventional MGE algo-
rithm, and the proposed algorithm, respectively. These
mel-cepstral coefficients were extracted from one utter-

ance of the evaluation data.
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Fig. 4 MICs of natural and generated mel-cepstral coefficients.

The MIC ranges from 0.0 to 1.0, and the two valuables
with a strong correlation have a value closer to 1.0.
From the left, the figures correspond to natural speech,
the conventional MGE algorithm, and the proposed al-
gorithm, respectively. These MICs were calculated from

one utterance of the evaluation data.
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