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High-fidelity text-to-speech (TTS) systems

WaveNet outperformed conventional TTS systems in 2016 -> End-to-end neural TTS 

Tacotron 2 (+ WaveNet vocoder) J. Shen et al., ICASSP 2018 
Text (English) -> [Tacotron 2] -> mel-spectrogram -> [WaveNet vocoder] -> speech waveform 
Jointly optimizing text analysis, duration and acoustic models with a single neural network 

No text analysis, no phoneme alignment, and no fundamental frequency analysis 

Problem 
NOT directly applied to pitch accent languages 

Tacotron 2 with full-context label input 
Capable for pitch accent languages (e. g. Japanese)  

Realizing real-time neural TTS with Tacotron 2 and WaveGlow 
Crucial problem for actual implementations 

Sometimes unstable in inference (skip or stop)

Introduction

Realizing high-fidelity speech synthesis comparable to human speech!!
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layers
<latexit sha1_base64="HeBv9rIjwxRCYRkTAXrAc64ryyw="></latexit>

2 LSTM
<latexit sha1_base64="sVjzR5EWls3lmDoZoWdiK7CjsqY="></latexit>

Linear
<latexit sha1_base64="gIgt1nZwVyRgX+A4lUZjsmhuJVU="></latexit>

projection
<latexit sha1_base64="fFuR5u38yiAdFylEfO5Y90nIHtA="></latexit>

Stop token
<latexit sha1_base64="qMy8a2FNTazfPK8rxvHJx+zvvYo="></latexit>

2 layer
<latexit sha1_base64="PLYRM8Z2U6hOySW9kJ4n1SqjVL0="></latexit>

pre-net
<latexit sha1_base64="FIu29YQ4gil9iSoIolsp3/+w4AM="></latexit>

5 conv layer
<latexit sha1_base64="gipF4bi83u6H1p7SggM6HxHmpEQ="></latexit>

post-net
<latexit sha1_base64="ARAZ4a2n3X69fn8hx4i8WHm/YeU="></latexit>

+
<latexit sha1_base64="bFruXNw+CZWMI76KU1DR/rxWYFE="></latexit>

Neural
<latexit sha1_base64="LMnI2nzroaVg5Ukmd+NcwyjXrmY="></latexit>

vocoder
<latexit sha1_base64="CymcjfVPsIihJUDcutJo0ld/X+U="></latexit>

Speech
<latexit sha1_base64="8Tftm5OZmsQ3PJZjhy2OLM1MaMU="></latexit>

waveform
<latexit sha1_base64="FVZWuAoOpHrXA8vCVqTtFQHJfec="></latexit>

layer
<latexit sha1_base64="nEmRmTswHfgA/TJvIi81f38wTbg="></latexit>

layers
<latexit sha1_base64="HeBv9rIjwxRCYRkTAXrAc64ryyw="></latexit>

Bidirectional
<latexit sha1_base64="u+xy2xL5GycozRUkzpF9U5nST+8="></latexit>

LSTM
<latexit sha1_base64="uPT0qZ+rJTj0paXpjbYYS/1PW0s="></latexit>

3 conv
<latexit sha1_base64="YWf4qQjO+fPZswmsuGV02EF2Sd0="></latexit>

1⇥ 1 conv
<latexit sha1_base64="vBySHhh20XE33UadE4x9EZ783Hk="></latexit>

Full-context label
<latexit sha1_base64="a6FiIVsaXEe3ExMpgW3DD2pIhao="></latexit>

Text analyzer
<latexit sha1_base64="OwEKCfBoTPEuRAw05+Zh6L+EH/o="></latexit>

(Phoneme-level)
<latexit sha1_base64="vszgKtx+a8/9uUdCNJHykVLAixU="></latexit>

Location sensitive attention
<latexit sha1_base64="Zw94MguC/GCFF6DVxhDur2M4MK0="></latexit>

Acoustic features
<latexit sha1_base64="A+bPNhHFuxqZkRBhv8wN7fgu68A="></latexit>

(Frame-level)
<latexit sha1_base64="L/O1aau4ipBwTtQCErLh/h/la8E="></latexit>

Linear
<latexit sha1_base64="gIgt1nZwVyRgX+A4lUZjsmhuJVU="></latexit>

projection
<latexit sha1_base64="fFuR5u38yiAdFylEfO5Y90nIHtA="></latexit>

Tacotron decoder
<latexit sha1_base64="9yS0QwURmHx4zL0RSd6UgIaoGOo="></latexit>

Tacotron encoder
<latexit sha1_base64="t/xDN80bTLe3E/VOuvyNrZ1plOo="></latexit>

Input text
<latexit sha1_base64="l5d5nCtj30RVP927QqPTjxG5PSQ="></latexit>

T. Okamoto et al., Interspeech 2019



High-fidelity and stable acoustic model (AM)

Conventional bidirectional LSTM-based duration model <- more stable compared with sequence-to-sequence models 

Trained with HMM-based forced alignment 
Tacotron-based acoustic model with full-context label input 

HMM-based forced alignment in training 
Predicted phoneme durations are used in inference

Tacotron-based stable neural TTS model

4

Full-context label
<latexit sha1_base64="a6FiIVsaXEe3ExMpgW3DD2pIhao="></latexit>

3 bidirectional
<latexit sha1_base64="TAJqTceIi/lGnRzBOBubLE7wbHk="></latexit>

LSTM layers
<latexit sha1_base64="bIrDdNikKce8XG8v3QQjE3NynvM="></latexit>

(Frame-level)
<latexit sha1_base64="L/O1aau4ipBwTtQCErLh/h/la8E="></latexit>

Phoneme duration
<latexit sha1_base64="Wz1CkCOuQiMxNVYAd3zs+aHGSK8="></latexit>

Full-context label
<latexit sha1_base64="a6FiIVsaXEe3ExMpgW3DD2pIhao="></latexit>

(Phoneme-level)
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Acoustic features
<latexit sha1_base64="A+bPNhHFuxqZkRBhv8wN7fgu68A="></latexit>
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Linear
<latexit sha1_base64="gIgt1nZwVyRgX+A4lUZjsmhuJVU="></latexit>

projection
<latexit sha1_base64="fFuR5u38yiAdFylEfO5Y90nIHtA="></latexit>

2 layer
<latexit sha1_base64="PLYRM8Z2U6hOySW9kJ4n1SqjVL0="></latexit>

pre-net
<latexit sha1_base64="FIu29YQ4gil9iSoIolsp3/+w4AM="></latexit>

5 conv layer
<latexit sha1_base64="gipF4bi83u6H1p7SggM6HxHmpEQ="></latexit>

post-net
<latexit sha1_base64="ARAZ4a2n3X69fn8hx4i8WHm/YeU="></latexit>

+
<latexit sha1_base64="bFruXNw+CZWMI76KU1DR/rxWYFE="></latexit>

Tacotron decoder
<latexit sha1_base64="9yS0QwURmHx4zL0RSd6UgIaoGOo="></latexit>

Full-context label
<latexit sha1_base64="a6FiIVsaXEe3ExMpgW3DD2pIhao="></latexit>

(Phoneme-level)
<latexit sha1_base64="vszgKtx+a8/9uUdCNJHykVLAixU="></latexit>

3 bidirectional
<latexit sha1_base64="TAJqTceIi/lGnRzBOBubLE7wbHk="></latexit>

LSTM layers
<latexit sha1_base64="bIrDdNikKce8XG8v3QQjE3NynvM="></latexit>

Linear layer
<latexit sha1_base64="1YdcKFLmgWikSTiGFaDhFTL8Oqw="></latexit>

Phoneme duration
<latexit sha1_base64="Wz1CkCOuQiMxNVYAd3zs+aHGSK8="></latexit>

Full-context label
<latexit sha1_base64="a6FiIVsaXEe3ExMpgW3DD2pIhao="></latexit>

3 bidirectional
<latexit sha1_base64="TAJqTceIi/lGnRzBOBubLE7wbHk="></latexit>

LSTM layers
<latexit sha1_base64="bIrDdNikKce8XG8v3QQjE3NynvM="></latexit>

Linear layer
<latexit sha1_base64="1YdcKFLmgWikSTiGFaDhFTL8Oqw="></latexit>

(Frame-level)
<latexit sha1_base64="L/O1aau4ipBwTtQCErLh/h/la8E="></latexit>

(Frame-level)
<latexit sha1_base64="L/O1aau4ipBwTtQCErLh/h/la8E="></latexit>

Acoustic features
<latexit sha1_base64="A+bPNhHFuxqZkRBhv8wN7fgu68A="></latexit>

Phoneme duration
<latexit sha1_base64="Wz1CkCOuQiMxNVYAd3zs+aHGSK8="></latexit>

Full-context label
<latexit sha1_base64="a6FiIVsaXEe3ExMpgW3DD2pIhao="></latexit>

(Phoneme-level)
<latexit sha1_base64="vszgKtx+a8/9uUdCNJHykVLAixU="></latexit>

Phoneme duration
<latexit sha1_base64="Wz1CkCOuQiMxNVYAd3zs+aHGSK8="></latexit>

Full-context label
<latexit sha1_base64="a6FiIVsaXEe3ExMpgW3DD2pIhao="></latexit>

(Phoneme-level)
<latexit sha1_base64="vszgKtx+a8/9uUdCNJHykVLAixU="></latexit>

Tacotron encoder
<latexit sha1_base64="t/xDN80bTLe3E/VOuvyNrZ1plOo="></latexit>

Frame-level features
<latexit sha1_base64="Uvt7mJJ9M2QrW5av+6CXsmCBy/g="></latexit>

Tacotron decoder
<latexit sha1_base64="9yS0QwURmHx4zL0RSd6UgIaoGOo="></latexit>

(Frame-level)
<latexit sha1_base64="L/O1aau4ipBwTtQCErLh/h/la8E="></latexit>

Acoustic features
<latexit sha1_base64="A+bPNhHFuxqZkRBhv8wN7fgu68A="></latexit>

Full-context label
<latexit sha1_base64="a6FiIVsaXEe3ExMpgW3DD2pIhao="></latexit>

3 bidirectional
<latexit sha1_base64="TAJqTceIi/lGnRzBOBubLE7wbHk="></latexit>

LSTM layers
<latexit sha1_base64="bIrDdNikKce8XG8v3QQjE3NynvM="></latexit>

(Frame-level)
<latexit sha1_base64="L/O1aau4ipBwTtQCErLh/h/la8E="></latexit>

(Frame-level)
<latexit sha1_base64="L/O1aau4ipBwTtQCErLh/h/la8E="></latexit>

Acoustic features
<latexit sha1_base64="A+bPNhHFuxqZkRBhv8wN7fgu68A="></latexit>

Tacotron decoder
<latexit sha1_base64="9yS0QwURmHx4zL0RSd6UgIaoGOo="></latexit>

Phoneme duration
<latexit sha1_base64="Wz1CkCOuQiMxNVYAd3zs+aHGSK8="></latexit>

Full-context label
<latexit sha1_base64="a6FiIVsaXEe3ExMpgW3DD2pIhao="></latexit>

(Phoneme-level)
<latexit sha1_base64="vszgKtx+a8/9uUdCNJHykVLAixU="></latexit>

(b) conventional acoustic model
<latexit sha1_base64="AeWO5UJDTyI+6lCZ+1yeamEcBYU="></latexit>

(a) conventional duration model
<latexit sha1_base64="qTy7zJcIlaoi6KBT2ijZRABy7hM="></latexit>

(c) seq2seq model using phoneme duration
<latexit sha1_base64="Ks7jnOkjM+UvqVmy9RE1CRYfxeo="></latexit>

Forced attention
<latexit sha1_base64="KJD9u+B7WUzD5Lfma/4uZghw/uY="></latexit>

(Tacotron with forced attention)
<latexit sha1_base64="n4YvzfAziOnfqxO+8lbXhSkDZ68="></latexit>

CAM
<latexit sha1_base64="Qrs9LRsV6jQObFW4Xg9yern0nSU="></latexit>

PAM
<latexit sha1_base64="u8QmDmnRBmUr1A0cJxkyJuATfnw="></latexit>

FAT
<latexit sha1_base64="HumAGZ/MSy0BK7uyYH4SdmcdoK8="></latexit>

with Tacotron decoder and phoneme duration
<latexit sha1_base64="WFkJIbF5IrqAvEIdtJYZO8BbJeU="></latexit>

(d) proposed acoustic model
<latexit sha1_base64="UcQ027eNVvFie0oXeazGanJXwfI="></latexit>

(a) Duration model (b) acoustic model: BLSTM+Taco2dec

High-fidelity, real-time and stable TTS can be realized with WaveGlow vocoder!!

T. Okamoto et al., ASRU 2019



Problem in RNN-based models (Tacotron 2 and BLSTM+Taco2dec)

Slower training period than CNN- and self-attention-based models (Transformer and FastSpeech) 

Problem in sequence-to-sequence models (Tacotron 2 and Transformer)

Sometimes unstable in inference (skip or stop) 

Stable inference with phoneme durations (BLSTM+Taco2dec and FastSpeech) 

Problems in self-attention-based acoustic models (Transformer and FastSpeech)

Only phoneme input is investigated for English TTS 
Teacher-student training (teacher Transformer) is required for FastSpeech 

Purpose of this study 

Investigating Transformer- and FastSpeech-based AMs with full-context label input for pitch accent languages  
Introducing HMM-based phoneme alignment to Transformer- and FastSpeech-based AMs 

Stable inference for Transformer-based TTS 
Removing teacher-student training and duration predictor in FastSpeech

 Problems and purpose
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Transformer-based TTS N. Li et al., AAAI 2019 

Feedforward network and self-attention instead of RNN 

Faster training than RNN-based models (e. g. Tacotron 2) 
Only phoneme input is investigated for English TTS 

Proposed Transformer-based TTS 

Full-context label input for pitch accent languages 
Introducing wighted forced attention 

HMM-based forced alignment in training 
Duration predicted by conventional model in inference 
Both multihued attention and predicted duration are 
 simultaneously used with a weighting factor 
For case of           , hidden features from encoder 
is too redundant (ASRU 2019) -> importance of weighting 
Proposed AM can be trained without “stop token” loss

Transformer-based TTS with weighted forced attention
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⇠<latexit sha1_base64="S/9iNR1lcclcg/Bt6IARZO/a8BE="></latexit>

Pre-net
<latexit sha1_base64="mMv8k15jQGDFhHHEgJHa2sChBLY="></latexit>

Decoder
<latexit sha1_base64="C+QWfLNo1jfJAIuPN55j55RLETI="></latexit>

Multihead
<latexit sha1_base64="2NFoLjoxW9ye19yQsfeYfsIT4Vg="></latexit>

Attention
<latexit sha1_base64="Sg6F3rmnoiMFdmOhZHVpkfqxaH4="></latexit>

Add & Norm
<latexit sha1_base64="0m7MUTJpuACfvCly/SA+Pf8Kwms="></latexit>

Multihead
<latexit sha1_base64="2NFoLjoxW9ye19yQsfeYfsIT4Vg="></latexit>

Attention
<latexit sha1_base64="Sg6F3rmnoiMFdmOhZHVpkfqxaH4="></latexit>

Add & Norm
<latexit sha1_base64="0m7MUTJpuACfvCly/SA+Pf8Kwms="></latexit>

Full-context label
<latexit sha1_base64="a6FiIVsaXEe3ExMpgW3DD2pIhao="></latexit>

(Phoneme-level)
<latexit sha1_base64="vszgKtx+a8/9uUdCNJHykVLAixU="></latexit>

Encoder
<latexit sha1_base64="Gkpt/dZe/ZMiBgVrQ3IAOYXGqWE="></latexit>

Pre-net
<latexit sha1_base64="mMv8k15jQGDFhHHEgJHa2sChBLY="></latexit>

Multihead
<latexit sha1_base64="2NFoLjoxW9ye19yQsfeYfsIT4Vg="></latexit>

Attention
<latexit sha1_base64="Sg6F3rmnoiMFdmOhZHVpkfqxaH4="></latexit>

Add & Norm
<latexit sha1_base64="0m7MUTJpuACfvCly/SA+Pf8Kwms="></latexit>

Add & Norm
<latexit sha1_base64="0m7MUTJpuACfvCly/SA+Pf8Kwms="></latexit>

FNN
<latexit sha1_base64="V8IOhqv4X5W9DW3sqpVrwhemO4U="></latexit>

Add & Norm
<latexit sha1_base64="0m7MUTJpuACfvCly/SA+Pf8Kwms="></latexit>

FNN
<latexit sha1_base64="V8IOhqv4X5W9DW3sqpVrwhemO4U="></latexit>

Mel Linear
<latexit sha1_base64="OYxcnD7VcmVgFR7RcReANyEy1Hs="></latexit>

Post-net
<latexit sha1_base64="lyFugJaRl0DmfyO//V4Hp2TCkwI="></latexit>

Scaled Positional Encoding
<latexit sha1_base64="Gx28gsh2mC8kK03AHzHHinQ1B4g="></latexit>

w
<latexit sha1_base64="ZmIsBDE4MVWxi9QbV9JqViTc9ng="></latexit>

1� w
<latexit sha1_base64="Rab/hSiLEMy15si8xlb/0G3xmaM="></latexit>

Weighting
<latexit sha1_base64="RHmIyR6+Zi/LZX3uYTnYKwrotIs="></latexit>

Forced attention
<latexit sha1_base64="KJD9u+B7WUzD5Lfma/4uZghw/uY="></latexit>

Forced alignment in training
<latexit sha1_base64="vWmUGeclWf/AzeQOACwN9jPG/2s="></latexit>

Predicted durations in inference
<latexit sha1_base64="kirinoSO7po3mslcvZUubq74tpE="></latexit>

Stop Linear
<latexit sha1_base64="dvlcrFgpkU7by61o4qHfAcfB/2s="></latexit>Token

<latexit sha1_base64="2cFfXCX0w1do5Spva/OwaT1b3fM="></latexit>

Stop
<latexit sha1_base64="48PCLZjJQ+NMgpFarPF+J7tvjJo="></latexit>

+
<latexit sha1_base64="tUfep8hgwp7NMBGakLT5YJov8yI="></latexit>

0  w  1
<latexit sha1_base64="Thl94zmm2C1/dgv7vFpcJv+y3H4="></latexit>

Acoustic features
<latexit sha1_base64="A+bPNhHFuxqZkRBhv8wN7fgu68A="></latexit>

(Frame-level)
<latexit sha1_base64="L/O1aau4ipBwTtQCErLh/h/la8E="></latexit>

Acoustic features
<latexit sha1_base64="A+bPNhHFuxqZkRBhv8wN7fgu68A="></latexit>

(Frame-level)
<latexit sha1_base64="L/O1aau4ipBwTtQCErLh/h/la8E="></latexit>

If w = 0
<latexit sha1_base64="+nPkxJ0+1un8eebZTuemf5SHEyk="></latexit>

6 ⇥
<latexit sha1_base64="xRFp1n9Hx8BXqJTyoKy4fb1qJdY="></latexit>

6 ⇥
<latexit sha1_base64="xRFp1n9Hx8BXqJTyoKy4fb1qJdY="></latexit>

High-fidelity and stable TTS with faster training than RNN-based models is expected!!

w = 1

<latexit sha1_base64="tHMB4nh87V1mtdrTovXaOAspQ08="></latexit>



FastSpeech Y. Ren et al., NeurIPS 2019

Feedforward Transformer without any recurrent connections 

Not only fast training but also fast inference 
Duration predictor trained from teacher Transformer’s attention 

Duration and acoustic models are jointly trained 
Teacher-student training for improving synthesis accuracy 

FastSpeech without duration predictor

Duration and acoustic models are separately trained 

HMM-based forced alignment in training 
Durations predicted by conventional model in inference 

FastSpeech with simple structure

Without encoder-decoder structure and positional encodings

FastSpeech without duration predictor
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(Frame-level)
<latexit sha1_base64="L/O1aau4ipBwTtQCErLh/h/la8E="></latexit>

Acoustic features
<latexit sha1_base64="A+bPNhHFuxqZkRBhv8wN7fgu68A="></latexit>

Full-context label
<latexit sha1_base64="a6FiIVsaXEe3ExMpgW3DD2pIhao="></latexit>

(Phoneme-level)
<latexit sha1_base64="vszgKtx+a8/9uUdCNJHykVLAixU="></latexit>

1⇥ 1 conv layer
<latexit sha1_base64="I0zF96O1ZGu9WOx1TcGAcuDabAs="></latexit>

FFT Block
<latexit sha1_base64="/u8zfazvCXSVJiluMWiSeUnGNC0="></latexit>

Linear Layer
<latexit sha1_base64="e0KAdLBxmyH1QVZ1wTO8D99l4Ck="></latexit>

FFT Block
<latexit sha1_base64="/u8zfazvCXSVJiluMWiSeUnGNC0="></latexit>

+
<latexit sha1_base64="bFruXNw+CZWMI76KU1DR/rxWYFE="></latexit> ⇠<latexit sha1_base64="S/9iNR1lcclcg/Bt6IARZO/a8BE="></latexit>

Positional
<latexit sha1_base64="SGH2GCX8R1Zw9/aEzyhtihBpR/8="></latexit>

Encoding
<latexit sha1_base64="nE8YxFdVLX1IJhVVBJBPiT1ej8g="></latexit>

+
<latexit sha1_base64="bFruXNw+CZWMI76KU1DR/rxWYFE="></latexit> ⇠<latexit sha1_base64="S/9iNR1lcclcg/Bt6IARZO/a8BE="></latexit>

Positional
<latexit sha1_base64="SGH2GCX8R1Zw9/aEzyhtihBpR/8="></latexit>

Encoding
<latexit sha1_base64="nE8YxFdVLX1IJhVVBJBPiT1ej8g="></latexit>

4 ⇥
<latexit sha1_base64="6n0f6mJlbUiRO1HD+UBPpr2MgKA="></latexit>

4 ⇥
<latexit sha1_base64="6n0f6mJlbUiRO1HD+UBPpr2MgKA="></latexit>

Length Regulator with
<latexit sha1_base64="/lazy9AgMVX+RkZWWRlBVvPbrjo="></latexit>

Duration Predictor
<latexit sha1_base64="6WYcK9B4WPYLJO9/xLDbH8e1VXA="></latexit>

(a) Default
<latexit sha1_base64="AiVBWhek6Ue9GYGZBRzDmj9m6mU="></latexit>

(Frame-level)
<latexit sha1_base64="L/O1aau4ipBwTtQCErLh/h/la8E="></latexit>

Acoustic features
<latexit sha1_base64="A+bPNhHFuxqZkRBhv8wN7fgu68A="></latexit>

Full-context label
<latexit sha1_base64="a6FiIVsaXEe3ExMpgW3DD2pIhao="></latexit>

(Phoneme-level)
<latexit sha1_base64="vszgKtx+a8/9uUdCNJHykVLAixU="></latexit>

1⇥ 1 conv layer
<latexit sha1_base64="I0zF96O1ZGu9WOx1TcGAcuDabAs="></latexit>

FFT Block
<latexit sha1_base64="/u8zfazvCXSVJiluMWiSeUnGNC0="></latexit>

Linear Layer
<latexit sha1_base64="e0KAdLBxmyH1QVZ1wTO8D99l4Ck="></latexit>

FFT Block
<latexit sha1_base64="/u8zfazvCXSVJiluMWiSeUnGNC0="></latexit>

+
<latexit sha1_base64="bFruXNw+CZWMI76KU1DR/rxWYFE="></latexit> ⇠<latexit sha1_base64="S/9iNR1lcclcg/Bt6IARZO/a8BE="></latexit>

Positional
<latexit sha1_base64="SGH2GCX8R1Zw9/aEzyhtihBpR/8="></latexit>

Encoding
<latexit sha1_base64="nE8YxFdVLX1IJhVVBJBPiT1ej8g="></latexit>

+
<latexit sha1_base64="bFruXNw+CZWMI76KU1DR/rxWYFE="></latexit> ⇠<latexit sha1_base64="S/9iNR1lcclcg/Bt6IARZO/a8BE="></latexit>

Positional
<latexit sha1_base64="SGH2GCX8R1Zw9/aEzyhtihBpR/8="></latexit>

Encoding
<latexit sha1_base64="nE8YxFdVLX1IJhVVBJBPiT1ej8g="></latexit>

4 ⇥
<latexit sha1_base64="6n0f6mJlbUiRO1HD+UBPpr2MgKA="></latexit>

4 ⇥
<latexit sha1_base64="6n0f6mJlbUiRO1HD+UBPpr2MgKA="></latexit>

Duration Predictor
<latexit sha1_base64="6WYcK9B4WPYLJO9/xLDbH8e1VXA="></latexit>

Phoneme duration
<latexit sha1_base64="Wz1CkCOuQiMxNVYAd3zs+aHGSK8="></latexit>

Length Regulator w/o
<latexit sha1_base64="0q74iVuUGjYnJgEGsfgLLMAWtoo="></latexit>

Full-context label
<latexit sha1_base64="a6FiIVsaXEe3ExMpgW3DD2pIhao="></latexit>

(Phoneme-level)
<latexit sha1_base64="vszgKtx+a8/9uUdCNJHykVLAixU="></latexit>

1⇥ 1 conv layer
<latexit sha1_base64="I0zF96O1ZGu9WOx1TcGAcuDabAs="></latexit>

FFT Block
<latexit sha1_base64="/u8zfazvCXSVJiluMWiSeUnGNC0="></latexit>

(Frame-level)
<latexit sha1_base64="L/O1aau4ipBwTtQCErLh/h/la8E="></latexit>

Acoustic features
<latexit sha1_base64="A+bPNhHFuxqZkRBhv8wN7fgu68A="></latexit>

Linear Layer
<latexit sha1_base64="e0KAdLBxmyH1QVZ1wTO8D99l4Ck="></latexit>

Duration Predictor
<latexit sha1_base64="6WYcK9B4WPYLJO9/xLDbH8e1VXA="></latexit>

Phoneme duration
<latexit sha1_base64="Wz1CkCOuQiMxNVYAd3zs+aHGSK8="></latexit>

8 ⇥
<latexit sha1_base64="Gg70VS38G6GVLl9/2q6pbgAc7L4="></latexit>

Length Regulator w/o
<latexit sha1_base64="0q74iVuUGjYnJgEGsfgLLMAWtoo="></latexit>

(b) w/o-DP

<latexit sha1_base64="IgmD+T+6AqT9UOppf6VNfYZP6TY="></latexit>

(c) Simple

<latexit sha1_base64="orxdzzjRJyxvmWXIwBBzrvHNCVk="></latexit>

They are expected to concentrate to optimize only acoustic features for higher accuracy!!



Speech corpus: Sampling frequency: 24 kHz

Japanese female corpus: about 22 h (test set: 80 utterances) 

Acoustic models

Input: full-context label vector (130 dim) 
Output acoustic feature: Mel-spectrograms (80 dim) 
Sequence-to-sequence models 

Tacotron 2 (Interspeech 2019), Transformer (FNN: default), Transformer (Conv1D used in FastSpeech)  
Pipeline models with BLSTM-based duration model 

BLSTM 
BLSTM+Taco2dec(ASRU 2019) 
Proposed Transformer with weighted forced attention (weightings are 0.2, 0.5, 0.7 and 1.0) 
FastSpeech (default) with HMM-based forced alignment without teacher Transformer 
Fastspeech without duration predictor 
Fastspeech with simple structure 

Neural vocoder: WaveGlow with 512 channels

Experimental conditions
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Evaluation condition

Using an NVIDIA Tesla V100 GPU in inference 
Simple PyTorch implementation 

Notations

TF: Transformer 
WFA: Weighted forced attention 
FS: FastSpeech 
DP: duration predictor 

Results

All models can realize real-time neural TTS with a GPU although Transformer-based model is not so fast 
Transformer and FastSpeech can realize faster training than Tacotron 2 and BLSTM+Taco2dec  
FastSpeech can realize fastest inference speed compared with other AMs

Results of training period (TP) and real-time factor (RTF)

9

out a duration predictor, where phoneme durations are predicted by
another model based on a teacher Transformer, as in [20], or forced
alignment, as in conventional pipeline models, is also investigated
(Fig. 3(b)). This model should also improve synthesis accuracy be-
cause this model only minimizes the loss for acoustic features, as
does the Tacotron-based AM [17] and the proposed Transformer
with weighted forced attention. Furthermore, a simple FastSpeech
without a duration predictor and positional encodings, as shown in
Fig. 3(c), is investigated. In this model, the hidden features from
the 1 × 1 convolution layer are directly input to the length regula-
tor. Then, the encoder and decoder are directly connected as simple
feedforward Transformer blocks.

Vanilla FastSpeech is based on teacher–student training, and a
teacher Transformer is required for sequence-level knowledge dis-
tillation [23] and weight initialization [20]. In this paper, teacher–
student training is not introduced in FastSpeech-based AMs in Fig. 3.

4. EXPERIMENTS

4.1. Experimental conditions

To evaluate the proposed Transformer with weighted forced attention
and FastSpeech without a duration predictor and compare these AMs
with Tacotron-based AMs [17], experiments were conducted using
a Japanese female speech corpus (neutral data) with a sampling fre-
quency of 24 kHz. A total of 25,046 (18 h) and 80 utterances were
used as the training set and test set, respectively [11, 17].

The full-context labels were extracted by the text analyzer used
in [11, 17, 24]. Although the number of dimensions of the linguistic
feature vectors for a frame-wise FNN-based AM was 483 [24], the
number used in the experiments was 130 as in [11, 17], because the
two past and future contexts can also be reduced for Transformer-
and FastSpeech-based AMs with self-attention structures.4 The label
vectors were normalized to the range [0, 1].

Mel-spectrograms are used as acoustic features. 80-dimensional
log-mel-spectrograms were analyzed every 12.5 ms over a Hann
window with a length of 85.3 ms, with a frequency band of 125–
7,600 Hz, and normalized to the range [0, 1], as in [8, 11, 17].

For real-time inference, the WaveGlow vocoder [10] trained
with the ground-truth mel-spectrograms was employed to convert
the predicted mel-spectrograms to speech waveforms. In WaveGlow,
all the model parameters were the same as those used in [10,11,17].

In the experiments, 12 AMs with full-context label input were
trained and evaluated, as shown in Table 1, which lists the train-
ing period, real-time factor (RTF) for AMs and total RTF. In addi-
tion, results for a duration model and a WaveGlow vocoder using an
NVIDIA Tesla V100 GPU are listed. Models (A) to (C) are seq2seq
AMs and (D) to (L) are AMs using phoneme alignment. The number
of output channels of the 1× 1 convolution layer for the full-context
label vector input was 512 for (A) to (C) and (E) to (L).

Model (A) is the Tacotron 2, and the network parameters were
the same as those used in [11, 17]. The batch size was 64 and this
model was trained using two NVIDIA Tesla V100 GPUs. Although
the learning rate was 0.001 in [11, 17], the synthesis quality was
improved using a learning rate of 0.0001 in the experiments.

Models (B) and (C) are respectively a Transformer-based AM
using FNN layers, as used in [15], and a Transformer-based AM
using 1× 1 CNN layers instead of FNN layers, as proposed in [20].

4Tacotron 2 for Japanese with full-context label input including the past
and future contexts was also investigated in [25].

Table 1. Experimental conditions of AMs (A) to (L), duration model
and WaveGlow vocoder including real-time factors (RTFs) for in-
ference using a GPU and PyTorch. (B) and (C) Transformer-based
AMs with FNN and 1 × 1 CNN layers, respectively. (D) A simple
bidirectional-LSTM AM and (E) the Tacotron-based AM in Fig. 1.
(F) to (I) The proposed Transformer-based AMs using weighted
forced attention with w = 0.2, 0.5, 0.7 and 1.0 in Fig. 2, respec-
tively. (J) to (L) The FastSpeech-based AMs in Figs. 3(a) to (c),
respectively. “TP,” “AM RTF,” and “Total RTF” denote the training
period, real-time factor (only for AMs), and total real-time factor for
duration and AMs, and WaveGlow vocoder, respectively.

Method TP (days) AM RTF Total RTF

(A):Tacotron 2 24 0.063 0.13

(B):TF (FNN) 6 0.55 0.62
(C):TF (Conv1D) 6 0.55 0.62

(D):BLSTM 3 0.015 0.12
(E):BLSTM+Taco2dec 12 0.061 0.13

(F)-(I):TF-WFA 6 0.55 0.62

(J):FS (Default) 6 0.004 0.070
(K):FS (w/o-DP) 6 0.004 0.072
(L):FS (Simple) 6 0.004 0.072

Duration model 2 - 0.002

WaveGlow vocoder 30 - 0.066

Models (D) and (E) are respectively a simple bidirectional
LSTM-based AM [26] and the Tacotron-based AM in Fig. 1. The
network parameters were the same as those used in [17].

Models (F) to (I) are the proposed Transformer-based AMs us-
ing weighted forced attention with weighting factors of w = 0.2,
0.5, 0.7, and 1.0, respectively. In (F) to (I), FNN layers were used,
as in (B). In the Transformer-based AMs (B), (C), and (F) to (I), eight
heads were used in the multi-head attention and six layers were used
in the encoder and decoder blocks. The learning rate was 0.00005.
All other network parameters except for those of the 1× 1 convolu-
tional layers were the same as those used in [15].

Models (J) to (L) are FastSpeech, FastSpeech without a dura-
tion predictor, and a simple Fastspeech without a duration predictor
and positional encodings, as shown in Fig. 3, respectively. In these
models, 1× 1 CNN layers were also used to replace the FNN layers
in the feedforward Transformer blocks, following [20]. The learn-
ing rate was 0.00005. All network parameters except for those of
the 1 × 1 convolutional layers were the same as those used in [20].
Transformer- and FastSpeech-based AMs were trained with eight
NVIDIA Tesla V100 GPUs.

Mono-phone HMM-based forced alignment was employed in
(D) to (L). The phoneme durations were then obtained based on
the forced alignment. A simple bidirectional LSTM-based duration
model [27] was also compared, as in [17].

All the training steps and inferences were implemented using
PyTorch [28]. An Adam optimization algorithm [29] was introduced
in all the neural network models. The training period and RTF for
the duration model and WaveGlow are also provided in Table 1.

To subjectively evaluate the speech waveforms synthesized by
these TTS models, mean opinion score (MOS) tests [30] were con-
ducted. As in [11, 17], the analysis-synthesis conditions of Wave-
Glow and STRAIGHT [31] vocoders were also included. Twenty
utterances successfully synthesized by all the AMs from the test set

6731



Subjective evaluation

Listening subjects: 20 Japanese native speakers 
15 conditions x 20 utterances (successfully synthesized by all models) = 300 sentences / a subject 

Results

Proposed Transformer-based AM with a weighting factor of 0.5 can significantly outperform other models  
FastSpeech without duration predictor can realize higher synthesis quality than that with duration predictor 
Proposed Transformer-based AMs with weighted forced attention included some unsuccessfully synthesized samples 

Encoder and decoder attentions were not diagonal

MOS results
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(D)
<latexit sha1_base64="tvuXVCBZ7bPd52g0jP/8bgykipY="></latexit>

(E)
<latexit sha1_base64="b8T4+Nxmzz3gbU0aOJuw380f3Ls="></latexit>

(F)
<latexit sha1_base64="BrfPS/Q9NHh9jGmjKlKCGFBzN+o="></latexit>

(G)
<latexit sha1_base64="Xp3p01XbOtHUUzezsriS6wr/QSs="></latexit>

(H)
<latexit sha1_base64="KGEii/x/lcs+OmJ1RmJUfRTd7Y0="></latexit>

(I)
<latexit sha1_base64="T9lt099zvRZW24mO2iuQZSbJGJI="></latexit>

(J)
<latexit sha1_base64="b7E33/F8ccoXPxmRC5L7kOne4b4="></latexit>

(K)
<latexit sha1_base64="tp0KoeK6+8g9ujWpngeQjdgzFAk="></latexit>

(L)
<latexit sha1_base64="GtuNknCEKK5d3ucE6iOiMCRfK5E="></latexit>

T
ac
ot
ro
n
2

<latexit sha1_base64="Q1sLqEoWYGit6Cx/V5EwmJl/f5s="></latexit>

F
N
N

<latexit sha1_base64="T3BHq5nUGk78UkcZRi4WjGBC2zg="></latexit>

C
on

v1
D

<latexit sha1_base64="iXFb7q2LseHSvR/64yKBo8m45dI="></latexit>

Transformer
<latexit sha1_base64="i9Na8Tcq80zaNSAzpRRBPLgm0hs="></latexit>

B
L
S
T
M

<latexit sha1_base64="uZBfJh3b4MEQMp8w3cFJwRgwXFw="></latexit>

0.2
<latexit sha1_base64="bjyV18A36diSTX4liTHbx0RvriE="></latexit>

0.5
<latexit sha1_base64="V/AjIgYdz6WZNMSyI+r4m294Aa8="></latexit>

0.7
<latexit sha1_base64="JJaCyZtgR7ORZBITbFG8zpn6++g="></latexit>

1.0
<latexit sha1_base64="IdnzSFR7zNN9VhemNElWQHJZIM4="></latexit>

D
ef
au

lt
<latexit sha1_base64="262neJJESvk0a1dfvW7K4jtOiEU="></latexit> W
av
eG

lo
w

<latexit sha1_base64="4wHKwf8iQwQeqkEkIWJZYF2dIJc="></latexit>

S
T
R
A
I
G
H
T

<latexit sha1_base64="Aso7UNTn7aij3XqrAyivZY5JkUE="></latexit>

O
r
ig
in
a
l

<latexit sha1_base64="rdX0zRbLpK/nTTTMCKALp3lEawk="></latexit>

Using phoneme alignment
<latexit sha1_base64="Lf0kHzexMy3LLnnRnH62UecTnLk="></latexit>

Sequence-to-sequence
<latexit sha1_base64="wRGDukZNTed5+gUzxrYxc++j/TI="></latexit>

Analysis
<latexit sha1_base64="eBnLC103vfkb4YbFFQLiI4mV6s8="></latexit>

synthesis
<latexit sha1_base64="stLaxwnaWWcDN2m4U2BVJjo3cXk="></latexit>

FastSpeech
<latexit sha1_base64="NZS5ED3MBEtxmn3qHf1o2rulUPs="></latexit>

M
ea
n
op

in
io
n
sc
or
e

<latexit sha1_base64="NgcDlB3aOA4VtJ1C7snQuROB3HQ="></latexit>

n.s.
<latexit sha1_base64="Wc0xxwjvT2I+ozDJ4+enC5ExW0k="></latexit>n.s.

<latexit sha1_base64="Wc0xxwjvT2I+ozDJ4+enC5ExW0k="></latexit>

⇤⇤<latexit sha1_base64="QuDP9JH19Q8MabsYmysY277/etU="></latexit>

T
ac
o2
d
ec

<latexit sha1_base64="SiiLYmaaG0EeNPegpAp4GDt22fg="></latexit>

B
L
S
T
M
+

<latexit sha1_base64="NTzhlgI1mrQRiFQ2xNbpf81FdzA="></latexit>

w
/o
-D

P

<latexit sha1_base64="xPaEF93uvgIQg5sQ69q/7D76tsg="></latexit>

S
im

p
le

<latexit sha1_base64="xoNYSHpFB3A0F/hRttZxheY8Lvc="></latexit>

Proposed Transformer with

<latexit sha1_base64="Dq59UwrWHtYdC8xgJgQREjGY4Yg="></latexit>

weighted forced attention

<latexit sha1_base64="UCtaHPWHStLpdX37q3pufjD9ziY="></latexit>



Additional experiments after submission of ICASSP 2020

Only phoneme input condition 
Parallel WaveGAN (PWG): R. Yamamoto et al., ICASSP 2020 

Training period: 2 days, Real-time factor: 0.031 
Small WaveGlow model with 256 channels 

Training period: 12 days, Real-time factor: 0.030 

Subjective evaluation

Listening subjects: 15 Japanese native speakers 
15 conditions x 20 utterances = 300 sentences 

Results

Parallel WaveGAN and small WaveGlow can realize faster training and inference than original WaveGlow 
WaveGlow with 512 channels can realize higher synthesis quality than other models 
Importance of full-context label input for Japanese TTS

Additional results (Not included in proceeding)
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Laptop: DELL ALIENWARE M15

GPU: NVIDIA GeForce RTX 2080 
CPU: Intel Core i7-9750H 6 cores 
Memory: 16 GB DDR4 2,666 MHz 
512 GB PCIe M.2 SSD 
Windows 10 Professional 

Real-time neural TTS demo system

Simple PyTorch implementation 
Acoustic model: BLSTM-Taco2dec 
Neural vocoder: WaveGlow 
Neural TTS models 

4 Japanese speakers (female and male) 
2 English speakers (female and male) 

Total real-time factor: about 0.4

Portable real-time neural TTS demo system

12This mobile loudspeaker is a prize in a social event of ASRU 2019!!





Transformer-based TTS with weighted forced attention

Transformer- and FastSpeech-based AMs with full-context label input can also be successfully trained 
Proposed Transformer-based AM with a weighting factor of 0.5 can significantly improve synthesis accuracy 
FastSpeech without duration predictor can realize higher synthesis quality than that with duration predictor 
Proposed Transformer-based AMs with weighted forced attention cannot improve synthesis stability 

Future work

Improving stability of transformer-based TTS for actual implementations by introducing trainable weighting factors 
Introducing weighted forced attention to Tacotron 2 
Introducing teacher-student training in FastSpeech-based AMs for higher synthesis accuracy 

Demo samples

Synthesized speech samples used in experiments are available 
https://ast-astrec.nict.go.jp/demo_samples/icassp_2020_okamoto/index.html

Conclusions
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Thank you for your
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If you have any questions, please contact us!! 

okamoto@nict.go.jp


