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An end-to-end synthesis method for Korean text-to-speech systems
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Abstract

A typical statistical parametric speech synthesis (text-to-speech, TTS) system consists of separate modules, such as a text
analysis module, an acoustic modeling module, and a speech synthesis module. This causes two problems: 1) expert
knowledge of each module is required, and 2) errors generated in each module accumulate passing through each module.
An end-to-end TTS system could avoid such problems by synthesizing voice signals directly from an input string. In this
study, we implemented an end-to-end Korean TTS system using Google's Tacotron, which is an end-to-end TTS system
based on a sequence-to-sequence model with attention mechanism. We used 4392 utterances spoken by a Korean female
speaker, an amount that corresponds to 37% of the dataset Google used for training Tacotron. Our system obtained mean
opinion score (MOS) 2.98 and degradation mean opinion score (DMOS) 3.25. We will discuss the factors which affected
training of the system. Experiments demonstrate that the post-processing network needs to be designed considering output
language and input characters and that according to the amount of training data, the maximum value of » for n-grams
modeled by the encoder should be small enough.
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Table 2. 5-scale subjective evaluation results

Model MOS DMOS
HTS 3.96+0.52 3.86+0.53
Tacotron 2.98+1.02 3.254+0.92

HTS, HMM-based speech synthesis; DMOS, degradation mean opinion
score; MOS, mean opinion score
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3 1. End-to-end TTS Al 2=¥l 3}o] 3 3}2]w]E] A7
Table 1. Detailed hyper-parameters of the end-to-end text-to-speech system

Pre-emphasis: 0.97, 2| Z ©]: 100 ms,

=S|
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A e 1282k

¢l 7] CBHG

Conv1D bank: K=5, conv-k-64-ReLLU
Max pooling: stride=1, width=2

Conv1D projections: conv-3-128-ReLU — conv-3-128-linear
Highway network: 2 layers of FC-128-ReLU

Bidirectional GRU: 128 cells

Q17 pre-net

FC-128-ReLU — Dropout(0.5) — FC-128-ReLU — Dropout(0.5)

U] 71 pre-net

FC-128-ReLU — Dropout(0.5) — FC-128-ReLU — Dropout(0.5)

t] 7] RNN 2-layer residual GRU(256 cells)
Attention RNN 1-layer GRU(256 cells)
Reduction factor (r) 4
=] 2] highway network 2-layers of FC-256-ReLU
AH X AAG I 5 7= 6 dB °] &t
R e L B P B e W -40 dB ©| 3}

CBHG, 1-D convolution bank + highway network + bidirectional gated recurrent unit; ConvlD, 1-D convolution; FC, fully-connected; conv-k-c-ReLU, 1-D
convolution with width k and ¢ output channels with ReLU activation; (2 ¢] ko] B ¢} ¢/l 9] &8 A'd-& 714 1L, ReLU(rectified linear unit) S 1|43 g~

FAALES

= 12} convolution); GRU, gated recurrent unit; RNN, recurrent neural network; TTS, text-to-speech
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