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Abstract : This paper proposes a lightweight end-to-end speech synthesis model with pitch prediction. The model in this
paper is based on VITS, an end-to-end speech generation model which adopts VAE-based posterior encoder augmented
with normalizing flow based prior encoder and adversarial decoder, and three improvements are made to make the
synthesized speech more rhythmical and more stable in a more efficient way. To be more specific. Firstly,to improve the
accuracy of pronunciation and naturalness of speech,we introduce a length regulator and a frame prior network to get the
frame-level mean and variance on acoustic features, modeling the rich acoustic variation in speech,and phone predictor
and CTC loss are introduced to improve the stability of pronunciation. Secondly,the ground truth duration of phonemes is
used for alignment of text and frame in the model ,and FO predictor is added to enhance the sense of rhythm of speech.
Thirdly,the decoder in the original VITS model with multi-band generation and inverse short-time Fourier transform,
which effectively improves the inference speed of the model. Experiments show that the proposed model greatly improves
the naturalness and expressiveness by 5% from the MOS( mean opinion score) value and improves the inference speed by
3 times from RTF (real-time factor) compared with the original VITS.
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Fig.1 Model architecture in training
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Fig.2 Model architecture in inference
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Table 1 The results of test
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V200 4.11 4.06 4.06 4.20 47.52M 0.225
V3 4.20 4.25 4.20 4.30 53.80M 0.235
\Z 4.23 4.35 4.39 4.32 55.96M 0.232
V5 4.20 4.32 4.38 4.32 54.37M 0.078
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