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Abstract: The disruptively design for an end-to-end speech synthesis system Tacotron
2, is currently only available in English. This paper is devoted to implementing several
improvements to Tacotron 2 and presents a Chinese speech synthesis scheme, including: a
pre-processing module to convert Chinese characters into phonetic characters to address
the challenge of Chinese character not corresponding to pronunciation, having multiple
tones, and having polyphonic words; a pre-training decoder to achieve better sound
quality with less corpus given the lack of existing Chinese training corpus; a strategy
of weighting the cross-entropy loss and using the multi-layer perceptron, instead of the
linear transformation, to predict stop tokens and to solve the Chinese speech synthesis
sudden pause problem; and a multi-head attention mechanism to further improve Chinese

speech quality. The experimental comparison of the Mel spectrum and the Mel cepstrum
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distance (MCD) shows that our work is effective and can make Tacotron 2 adapted to the
requirements of Chinese speech synthesis.

Keywords: text to speech; multi-head attention; Tacotron 2
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1.2 Tacotron 2
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Fig.4 100,000-step pre-trained and un-pretrained Mel spectrum

3.5.2  ZyFEEIIHLE

% Sy B I REHE X4 8 7 A1l 2 A AR B I PR EUE B, R A TR R B
(rydan b &5 AT PR, B BORE S AEH E BEFEE, 87 TASGE S & . TR ErT e
A FH Mg 2R 451335 25 (Meel Cepstral Distance, MCD)SKPEA 35 5, AU NEEF 20 £ 1440 T
{10 min 247 (213 A1) SAEEELE 10 J7 D IR i 543 21 MCD. ASCb X b T AN )k
o B I HUHINTA E  sgm, aT DL 2, SBT3 n mT RS AR B I e (R
WA AT VN AR A7 7 FE O, WSSl B ek 2z, TR e A SR AFAE DAL I 0 2

F* 1 J&E¥E Tacotron 2. FMMk (2-head) 1 4 3k (4-head) HIFEAHFI ZEE MCD b
Tab. 1 Comparison of MCD among original Tacotron 2 and improved ones (2-head, 4-head)

with different attention mechanisms

MCD

Tacotron 2-Base 20.03
2-head 18.1

4-head 17.26

36 LHHMIEFAKRLN LK
Wk 2 PR, & 15 Ji0. 4 kiF A3 211 3 Tacotron2, I MCD MIfih 17.11, 5
SCiR [19] 45 HI 18.06 HA T L.

F 2 th3 Tacotron 2. FIL Tacotron 2 K MCD Lt
Tab. 2 Comparison of MCD between Chinese Tacotron 2 and English Tacotron 2
MCD

713 Tacotron 2 17.11
Y Tacotron 2 18.06[21]

SCHR [19] Hh e 3C Tacotron 2 FIVEHT B4 4 (Mean Opinion Score, MOS), RIAZE M 0F 4
5 4.526+0.066, HLT 3k [2] HHHEES SRS 4.1664-0.091 ATk [3] HSEEUES &
ARG 3.49240.096.
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T UL, AN SCHE SIS A A [F] 1) 64 A 0%, A s A K 331.5 s, FERT 366.11 s,
BB TGV AL SR R
4 B %%

ARSI I S HAE T — AN Tacotron 2 [ 30 CNN 55 & U7 %, (EIERHAT IR
DL, R DL I S 280 i 14 458 vt O TP SOV R MRG0 e 0 A5 ) S TR ) L
SRR T AL, AT I P SO S R e H I A — A e i 5 T A
LI SR, e MT R R

HARSCT 58 H T A7 AR L8, s oS0 & PR B A5 B ok & i etk
SEAB AT, AEAE D BA GBS WIS, X S PR SR R 08 55, 4 R Wl RpEk AT i
I BRI LA FI.
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