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Fig. 1 Spectrograms of (upper) speech synthesized
by pre-training model and (lower) speech synthe-

sized by fine-tuned model.
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(a) Traning procedure and (b) inference procedure for VITS.
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Fig. 3 Proposed training procedure for the stochas-
tic duration predictor of VITS.
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Fig. 4 Spectrograms of speech synthesized us-
ing the conventional method (top), the proposed
method based on the text label modification (mid-
dle) , and the proposed method based on the nomal

speaker’s duration (bottom).
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