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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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�ÑÜ¤, q¡©�=�(Text To Speech, TTS), ´�«�±ò?¿Ñ\©�=�¤�

A�Ñ�Eâ"DÚ�ÑÜ¤XÚÏ~�)càÚ�àü�Ü©"càÌ�éÑ\©�?

1©Û, J�,
�óÆ&E; ¥©Ü¤XÚ�càÜ©���¹©��Kz!©c!c5

ýÿ!õÑi�Ü!(Æýÿ��¬[1]. �àKÏL�½�{, ~XëêÜ¤½©�Ü¤!

)¤�ÑÅ/.

ëêÜ¤�ÄuÚOëêï���ÑÜ¤[2]. T�{3Ôö�ãé�ó(ÆA�!�

�&E?1þe©�'ï�, 3Ü¤�ãÏL���.Ú(Æ�.ýÿ(ÆA�ëê, é(

ÆA�ëê��?n, �ª|^(èì¡E�ÑÅ/"3�Ñ¥�é����¹e, ùa�

{�U���­½�Ü¤�J. Ù":´  �3(ÆA�ëê“L²w”¯K, ,	(èì

��UéÑ�E¤�ú"

©�Ü¤�Äuü�]ÀÚÅ/©���ÑÜ¤[3]. ÙÔö�ã�ëêÜ¤�ª�Ä

��Ó, �3Ü¤�ãÏL�.O��d5��ü�]À, ¿æ^Ä�5y�{ÀÑ�`ü

�S�, ��éÀÑ�ü�?1Uþ5�ÚÅ/©�"©�Ü¤��¦^ý¢��Ñ¡ã,

U���Ý�3�ÑÑ�. ":´��I���Ñ¥, �Ã{�y+�	©��Ü¤�J.

DÚ��ÑÜ¤XÚÑ´�éE,�, ~X: càI��r��óÆ�µ, ØÓ�ó�

�óÆ�£�É²w, Ï~I�A½+��;[|±; �à�ëêXÚI�é�Ñ�u(Å

nk�½
), 
DÚëêXÚï��J±;�&E��, ��
Ü¤�ÑLyå�J,;

Ó3�à�©�XÚé�Ñ¥�¦�p, �~I<ó0\�½]À5KÚëê[4].

�Uõù
¯K, #��ÑÜ¤�ªA$
). Ù¥à�àÜ¤B´�«�~­��u

Ðª³. 3ù«�ªe, ò©�½ö5ÑiÎÑ\XÚ, 
XÚK��ÑÑÑªÅ/. ùü$


é�óÆ�£��¦, k|uLy�´L�uÑº�Ú(Æa, ��±�é�B/|±Ø

Ó�«.

C c 5 � Ñ Ü ¤ u Ð × �, X � y � Tacotron!Tacotron 2!WaveNet!Parallel

WaveNet[5-8], z Ý � DeepVoice!DeepVoice 2!ClariNet[9-11], =�� � WaveGlow[12]�.

Tacotron´1��ý�¿Âþ�à�à�ÑÜ¤XÚ, §#NÑ\©�½5ÑiÎ, Ñ

Ñ�5Ì, 2²L(èì Griffin-Lim =��Å/. Tacotron 2 3 Tacotron �Ä:þ?1


�.{z, �K
E,� CBHG (1-D Convolution Bank+Highway Network+Bidirectional

GRU (Gated Recurrent Unit))(�, ¦^
#L�5¿åÅ� Location-Sensitive Attention,

Jp
éà­½5. WaveNet 9Ù��� Parallel WaveNet ¿�à�àXÚ, §��6Ù

¦�¬éÑ\?1ý?n, JøA�. �ì PixelRNN ã�)¤�ª, WaveNet �â�c

æ�:5)¤e�æ�:, (���ÉòÈ[13]. zÝ� ClariNet¦^üpd{z Parallel

WaveNet � KL(Kullback-Leibler) 8I¼ê, U?
�2{�{,¦�(��{ü­½, ¿�

ÏL Bridge-net ë�
A�ýÿ�äÚ WaveNet, ¢y
à�àÜ¤.

g 2017 c±5, à�à�ÑÜ¤�ïÄ?\
�p�uÐ�Ï, �y!zÝÚ=��

�ïÄÅ�Øäí�Ñ#, 3Ü¤�Ý!º�[£!Ü¤g,Ý�¡°Ã¦°",
, �â
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+�S©z]�, à�à�ÑÜ¤8c=UÜ¤=©, ��¤.�¥©XÚ. ��=©, ¥©

�ÑÜ¤�3�
J:, ~X: ÇiØLÑ; ¥©�3�þõÑiÚCNy�; ¥©uÑ(Æ

�=©uÑ��E,, X�zÑ�.

�©�O
�«¥©�ÑÜ¤�Y, Äu Tacotron 2 3±eA��¡?1
U?.

(1) �éÇiØLÑ!CNÚõÑi�¯K, V\ý?n�¬, ò¥©=z�5ÑiÎ.

(2) ¦^¥©Ñª��ýÔö Tacotron 2 �)èì, ��?1�N, wÍ~�©Ñ–¥

©Ñªé¤I�Ôöêâþ.

(3) ¦^õ�a�Å�OÊ�Î(Stop Token)?��5C�, wÍ~�Ü¤:rÊîy

�.

(4) |^ Transformer ¥�õÞ5¿å(MultiHead Attention)U? Tacotron 2 � �¯

a5¿å(Locative Sensitive Attention)[14], ¦ÙU
Ó¼��õ�Ñ&E, J,Ü¤Ñ�.

1 �'ó�

1.1 S��S�)¤�.

S��S��)¤�.[15]òÑ\S�(x1, x2, · · · , xt)=z�ÑÑS�(y1, y2, · · · , yT ).

Åì�ÈÏ~kò
�ó?è�Û�m, ,�2)è�8I�ó, k

ht = encoder(ht−1, xt), (1)

St = f(St−1, yt−1, ct), (2)

yt = decoder(St, yt−1, ct), (3)

Ù¥, h!S ©O´?èìÚ)èì�ÛG�, c´d5¿åÅ�O��5�þe©�þ, d

?èìÛG� h \�?1O�, =

ci =
∑t

j=1
aij × hj, (4)

Ù¥, �� aij �p, L«1 i �ÑÑ31 j �Ñ\þ©��5¿å�õ,É1 j �Ñ\�K

��Ò��. aij Ï~��O�ÛG� h Ú S �¼ê.

3�ÑÜ¤+�¥, ��kò©�?è�ÛG�, ,�)è�r�ªÌ.

1.2 Tacotron 2

Tacotron 2 ò=©��Ñ\, ��l=�©�)¤(ÑÅ/, Xã1¤«: Ñ\©�²c

i\�Äkx\ 3 � CNN (Convolutional Neural Network) ±¼�S�¥�þe©&E, �

X?\V� LSTM(Long Short-Term Memory) |¤�?èì. r�ªÌ(3Ôö�ã, zgx

\�½�Ý�ý¢ªÌ; 3íä�ã, zgx\þ���mÚ�ÑÑ)Äk?\ý?n�ä,

ý?n�ä�ÑÑ�þ���mÚ�þe©�þ©�x\ 2 � LSTM, LSTM �ÑÑ�^�

O���mÚ�þe©�þ, ¿�²�5N��^5ýÿÊ�ÎÚr�ªÌ.�
J���

p��A�, ^uýÿr�ªÌ� LSTMÑÑ��í�� 5 � CNN |¤��?n�äJX
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`z, ��ÑÑr�ªÌ[6].
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Fig. 1 Architecture of Tacotron 2

1.3 Transformer

Xã 2 ¤«, Transformer´�«���65¿åÅ��à�àS�)¤�.[14], 3Å

ì�È+�w«Ñ
Ù`É�5U. Transformer �.�?èìd N �Ä��æU
¤: z

�Ä���¹ 2 �f�, 1�f�´ 1 � Attention, 1�f�´ 1 ��ë�c� ²�ä.

Transformer �.�)èì�d N �Ä��æU: z�Ä��Ø
�?èì�Ó� 2 �f

�	, �O\
 1 �ùèõÞ5¿åf�, ¤kf�ÑÚ\
í�>Ú Layer Normalization.

Transformer �?!)èìÑ¹k�õÞ5¿åÅ�/�
 CNN ¥õ�òÈØ�U\,¢�

þ´ò5¿åÅ�Õá�1AH�©�, ±�¿©/Ä�S�¥�&E.

2 ¥©�ÑÜ¤�Y

�=©�ÑÜ¤�', ¥©�ÑÜ¤Ì��3±eA�J:.

(1) Ã{��¦^¥©��©�Ñ\, I�V\©�–©Ñ/ISÑI=�ì, ¿��¦

3Tý?n�ã)û¥©CNÚõÑi¯K.

(2) é���¦�p, I��y`{<ü�, ÌÝCz�, �µDÑ��. �� Tacotron

2 ÔöpÑ��=©�Ñ��� 25 h[16], 8cp�þ¥©�ÑÜ¤����.

(3) ¥©uÑ(ÆCz�=©E,.

(4) ¥©�ÑÜ¤¥,  u)�Ñ)¤:rÊî�y�, cÙ~�����iÃ{�

~uÑ�¯K.

�éþã¯K, �©JÑ
��Äu Tacotron 2 �¥©à�à�ÑÜ¤�Y, Xã 3 ¤

«, ¿Ò©�–©Ñ=�ì(Text to Phoneme)!ýÔö�¬!5¿åÅ�!Ê�Îýÿ9�
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Fig. 3 Proposed Chinese end-to-end speech synthesis scheme

2.1 ©�-©Ñ=�ì

ØÓu=©, ÇiØ¹uÑ&E, ��Äkò¥©=z�Ñ�.¢�y², ò¥©=z�
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©Ñ½ISÑI, Ü¤�Ñ���Ø�. Ñu�\ÙG!BuÅ���Ï, �©�ªæ^©

Ñ.

¥©¥�3CNy�, X“1�”“��”¥�“�”ÖÒ², “��”“��”¥Ö�², “�j

Ø�”“���|”¥Ö�(, 
“Ö�Ö”“w�w”KÖ�(. �Ä�CNy�3¥©¥�,

�3, �'~¿Øp, �©æ^5K����{)û. éuõÑi¯K, �©ÄkéÑ\©�

?1¥©©c, ,�|^c¥éõÑi?1�(5Ñ. ÏLþã�{, Ä��±�(/ò¥

©©�=z�LÑiÎ, ,�x\�.?1�Ñ)¤.

2.2 ýÔö

8c+�S�p�þ©Ñ–ÑªÜ¤��D�, 
 Tacotron 2 é���I�þ%��.

3�©¥, )èì¦^¥©Ñª?1Ð©zÔö. 3ýÔö�ã, )èì±�����ªý

ÿe���Ñv, =±þ�výÿe�vÑª, ØI�éA�©�Ñ\, ù�¦)èì3v

?OÆS(Æg£8�.. I�`²�´, ýÔö�ã)èì=��þ�v?1ýÿ, 
�

N�ãKI�Äu)èì��	ÑÑ?1íä, ù�U�5ÔöÚíä�Ø��.

¢�(JL², �.Uk�ÆS�Ñ¥�(Æ&E, ¿ÏL�þ�����ÐÑ�.

2.3 õÞ5¿åÅ�

�
·^¥©E,�(ÆCz, �©ò Tacotron 2 ¥ Location-Sensitive Attention *Ð

�MultiHead Location-Sensitive Attention, =

headi = Attention(SW s
i + HWH

i + FWF
i ), (5)

Ù ¥, S �� c�m Ú � ) è ìÑÑ, H �? è ìÑÑ, F �\ \ 5 ¿ å � ­,

W s
i !WH

i !WF
i þ��Ôöëê, z�f5¿å�¬�­Ø��. õÞ5¿åÑÑ�

MultiHead(S, H, F ) = concat(head1, head2, · · · , headh)W o, (6)

Ù¥W oL«�Ôöëê.

õÞ5¿åò S!H!F ÏLëêÝ
N�2?1 Attention $�, ,�rõ�f5¿

å(J©�å5. aqu CNN ¥�õòÈØé�Üã¡J�A��L§, U
k�¼�S

�¥�&E, l
¦)èìýÿÑª�, i�im�q�±9��éf�(ÆCz��Cý

¢<(.

2.4 Ê�ÎýÿÚ�?n�ä

ØÓu Tacotron 2 Ú�^�5C�ýÿr�ªÌÚÊ�Î, �©©O¦^�5C�ý

ÿr�ªÌ, ^õ�a�Å(Multi-Layer Perceptron, MLP)ýÿÊ�Î, ¿�¦^�?n�ä

`z­ïr�ªÌ.

3¥©Ü¤L§¥, �Ñ~~��V,
��y�, K��Ñ6�5. aq¯K3=©

Ü¤¢�¥��3, �¿Ø²w. ù«ÊîaÌ�´duÊ�Îýÿ��K��Ø²ïE

¤�. �©ÏLò�5C�U� 3 � MLP ¿3�����þ\�(¢�¥òT�­���

6.0), �Ð/)û
)¤L§â,Êî�¯K.

,	, du Tacotron 2 � WaveNet)¤�ú, �©¦^ Griffin-Lim ��(èì[17], Ó�

3�k��?n�äV\ CBHG, wÍJp
Ñ�.
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3 ¢�(J�©Û

�©ÏL¢��y
�©¤Jµe�k�5.

3.1 ÔöÚ½

¦^ 4 ¬=�� P100 Ôö�., |^ 8 h hk�©Ñ–Ñª��Ú 50 h ¥©Ñª��

Ôöêâ8. hkêâ8�c�þ�± 100 ms ·Ñm�, Ù¥1?n5�(Batch Size)��

� 32, L��5�òE¤ÔöØ­½¿K�Ü¤Ñ�, L�KN´ÚuS�ÄÑ¯K.

3.2 ©�–©Ñ=�ì

Tacotron 2 ��ò=©©�Ñ\�.?1Ôö, Ï�=©i13üc¥�uÑCz�

�, Xi1“a”�uÑ�k [ei]![a:] Ú [æ]. �=B�m¥©Çi�õÑi¯K, F"�.�

�ÆSz�Çi�uÑÑ´Øy¢�; òÇi=z�5ÑiÎ, XISÑI½©Ñ,´��

1�g´. ,
XJ3êâý?nL§¥, 5ÑI5eÑ�, Ü¤(J7ò�}. �©ÏL5

K��{Ä�)û
ùa¯K, �T�{��3Û�5, Ek�þ($u4%)Çi5ÑÑy�

Ø.

3.3 Griffin-Lim��

du WaveNet)¤�ÝLú�¯Kÿ�)û, �©À^ Griffin-Lim ���.�(èì,

S�gê��� 30. Tacotron 2 ��¦^�í�� 5 � CNN ���?n�ä, �Ùér�

ªÌ�`zØ¿©, ÏdV\ CBHG ?�ÚJ�A�±k�J,Ñ�. 3¢�¥, ÏLò�

©�¹ÑÑª=z�r�ªÌ, 2¦^ Griffin-Lim =�£5, uyk²w�Ñ��ú, �±

íä Griffin-Lim´K�Ñ��´¶. ,	�
?�Ú~�&E��, �©òr�ªÌ�ÑÑ

�Ýd 80 U� 160.

3.4 Ü¤Ñª�~

�©Jø
�
¥©Ü¤�~, ë�https://github.com/cnlinxi/tacotron2/tree/master/

samples. ù
�~d?¿�½�¥©©�ÏL©�–©Ñ=�ì=z�©Ñ�,Ñ\®²Ô

öÐ��.Ü¤. �.Ôö|^ 8 h ©Ñ–Ñª��Ú 50 h �Ñª��, ÔöÚê� 15�Ú,

zÚÑ�� 3.3 s.

3.5 �l©Û

3.5.1 ýÔö

�cúm��þ�p�¥©�ÑÜ¤��� THCHS-30[18], Têâ8Ñª����

30 h, ÙéA�©ÑI5�O(. �´ THCHS-30 ¥kõ�`{<, Iå(·,, �µDÑé

�. |^��Ôö�Ü¤��Ñk�Ñª�I(, k��å(, $�Ó�é{���I(�

��å(, ¿�Ü¤�Ñ���. �uþã, �©�Ä¦^ 8 h p�þhk��?1ýÔö.

� Tacotron 2 Ü¤p�þ�ÑÏ~�¦���Ôö��þ, ÏdI��«~�Ôö��I

¦��{. ©z [19] JÑ¦^ýÔö�c�þ(=©)±~� Tacotron 2 Ôö��, g´äk

éu5. �Ä�ÇiØLÑ, �©Q�Ä¦^ýÔö�©Ñc�þ±Or&E, �©ÑýÔ

öc�þ�~¾�, ]
J±¼�. ¢�¥uy, ÏLé)èì¦^üÕ�¥©Ñª?1ý

Ôö, �U¼��Ð�Ð©z�J. AO/, 3ýÔöÈ(?èì�, )èì�Ñ\àA��

���6Ä�, ±~�ýÔöÚ�NØ����5�Ø�. ã 4 ©O�Ñ
 10�Ú�¦^

)èìýÔöÚvk¦^)èìýÔö¼��r�ªÌ. lã 4 �±w�, ��cö, �ö

b|
�ß.
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Fig. 4 100,000-step pre-trained and un-pretrained Mel spectrum

3.5.2 õÞ5¿åÅ�

õÞ5¿åÅ�U
éA½S�ÏLõ��Ý�EJ�&E, ¿ò��f5¿å�¬

�ÑÑ(J?1©�, -)¤�Ñ�¦^�&E�´L, J,
Ü¤�ÑÑ�. ó§þ�±

¦^r��Ìål(Mel Cepstral Distance, MCD)5µdÑ�, Ù����Ð[20]. L 1 �Ñ


¦^ 10 min �m(213 é)�y83 10�Ú��.þO���� MCD. �©�é'
ØÓÞ

ê5¿åÅ�éÜ¤�Ñ�K�, �±w�, Þê�O\�UJp)¤�Ñ��þ. �Ó�

�ò¦�Ôö�ÝCú, S�Ó^O�,Âñ�Ý~�, Ïd�5�3`z�7�.

LLL 1 ���©©© Tacotron 2!!!VVV\\\VVVÞÞÞ (2-head) ÚÚÚ 4 ÞÞÞ (4-head) ���555¿¿¿åååÅÅÅ������mmm��� MCD '''���

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

3.6 �Ù¦�ÑÜ¤XÚ�'�

XL 2 ¤«, ² 15�Ú!4 Þ5¿åÔö���¥© Tacotron2, Ù MCD ��� 17.11, �

©z [19] �Ñ� 18.06 äk�'5.

LLL 2 ¥¥¥©©© Tacotron 2!!!===©©© Tacotron 2 ��� MCD '''���

Tab. 2 Comparison of MCD between Chinese Tacotron 2 and English Tacotron 2

MCD

¥© Tacotron 2 17.11

=© Tacotron 2 18.06[21]

©z [19] ¥=© Tacotron 2 �µd<�©(Mean Opinion Score, MOS), =<aÌ*µ©

� 4.526±0.066, `u©z [2] ¥©�ª�ÑÜ¤XÚ� 4.166±0.091 Ú©z [3] ¥ëêª�ÑÜ

¤XÚ� 3.492±0.096.
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I�`²�´, �©3¢�¥Ü¤�Ó� 64 é{, Ü¤Ñª��� 331.5 s, Ñ� 366.11 s,

6�Ã{÷v¢��¦.

4 o (

�©�O¿ÏL¢��y
��Äu Tacotron 2 �¥© CNN �ÑÜ¤�Y, 3��k�

��¹e, �±¢yà�à��p�þ¥©�ÑÜ¤. r�ªÌ!r��Ìål��¢�é'

(JL²
Ùk�5, ��Ð/·A¥©�ÑÜ¤��¦; Ò8c�S��=Uà�à�ÑÜ¤

=©�Û¡, ´��kÃ&¢.

��©�Y8cÿ�3�
¯K, X: ¥©õÑiE£vk���.)û; Ü¤�Ñ¥Ã{

��;�,Ñ, E�3�þØÜnÊîy�; é¢�5�|±k�Uõ�. 8��±Y?1`z

¿mÐ��5�<aÌ*µÿ.
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