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STATISTICAL PARAMETRIC SPEECH SYNTHESIS USING DEEP NEURAL NETWORKS

Heiga Zen, Andrew Senior, Mike Schuster

Google

{heigazen, andrewsenior, schuster}@google.com

ABSTRACT

Conventional approaches to statistical parametric speech synthe-
sis typically use decision tree-clustered context-dependent hidden
Markov models (HMMs) to represent probability densities of speech
parameters given texts. Speech parameters are generated from the
probability densities to maximize their output probabilities, then a
speech waveform is reconstructed from the generated parameters.
This approach is reasonably effective but has a couple of limita-
tions, e.g. decision trees are inefficient to model complex context
dependencies. This paper examines an alternative scheme that is
based on a deep neural network (DNN). The relationship between
input texts and their acoustic realizations is modeled by a DNN. The
use of the DNN can address some limitations of the conventional
approach. Experimental results show that the DNN-based systems
outperformed the HMM-based systems with similar numbers of
parameters.
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TACOTRON: TOWARDS END-TO-END SPEECH SYN-
THESIS

Yuxuan Wang*, RJ Skerry-Ryan*, Daisy Stanton, Yonghui Wu, Ron J. Weiss', Navdeep Jaitly,
Zongheng Yang, Ying Xiao®, Zhifeng Chen, Samy Bengio', Quoc Le, Yannis Agiomyrgiannakis,

Rob Clark, Rif A. Saurous®

Google, Inc.
{yxwang, rjryan, rif}@google.com

ABSTRACT

A text-to-speech synthesis system typically consists of multiple stages, such as a
text analysis frontend, an acoustic model and an audio synthesis module. Build-
ing these components often requires extensive domain expertise and may contain
brittle design choices. In this paper, we present Tacotron, an end-to-end genera-
tive text-to-speech model that synthesizes speech directly from characters. Given
<text, audio> pairs, the model can be trained completely from scratch with ran-
dom initialization. We present several key techniques to make the sequence-to-
sequence framework perform well for this challenging task. Tacotron achieves a
3.82 subjective 5-scale mean opinion score on US English, outperforming a pro-
duction parametric system in terms of naturalness. In addition, since Tacotron
generates speech at the frame level, it’s substantially faster than sample-level au-
toregressive methods.
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Table 2: 5-scale mean opinion score evaluation.

mean opinion score
Tacotron 3.82 £ 0.085

Parametric 3.69 +0.109
Concatenative 409 +0.119
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NATURAL TTS SYNTHESIS BY CONDITIONING WAVENET ON MEL SPECTROGRAM
PREDICTIONS

Jonathan Shen', Ruoming Pang', Ron J. Weiss', Mike Schuster', Navdeep Jaitly', Zongheng Yang*?,
Zhifeng Chen', Yu Zhang', Yuxuan Wang', RJ Skerry-Ryan', Rif A. Saurous', Yannis Agiomyrgiannakis',
and Yonghui Wu!

'Google, Inc., ?University of California, Berkeley,
{jonathanasdf, rpang, yonghui}@google.com

ABSTRACT

This paper describes Tacotron 2, a neural network architecture for
speech synthesis directly from text. The system is composed of a
recurrent sequence-to-sequence feature prediction network that maps
character embeddings to mel-scale spectrograms, followed by a mod-
ified WaveNet model acting as a vocoder to synthesize time-domain
waveforms from those spectrograms. Our model achieves a mean
opinion score (MOS) of 4.53 comparable to a MOS of 4.58 for profes-
sionally recorded speech. To validate our design choices, we present
ablation studies of key components of our system and evaluate the im-
pact of using mel spectrograms as the conditioning input to WaveNet
instead of linguistic, duration, and Fp features. We further show that
using this compact acoustic intermediate representation allows for a
significant reduction in the size of the WaveNet architecture.
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System MOS

Parametric 3.492 £+ 0.096
Tacotron (Griffin-Lim)  4.001 + 0.087
Concatenative 4.166 = 0.091
WaveNet (Linguistic) 4.341 £+ 0.051
Ground truth 4.582 + 0.053

Tacotron 2 (this paper) 4.526 & 0.066

End-to-end acoustic model + WaveNet vocoder
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FastSpeech: Fast, Robust and Controllable Abstract

TEXt tﬂ Sl}eech Neural network based end-to-end text to speech (TTS) has significantly improved
the quality of synthesized speech. Prominent methods (e.g.., Tacotron 2) usually
first generate mel-spectrogram from text, and then synthesize speech from the
mel-spectrogram using vocoder such as WaveNet. Compared with traditional
concatenative and statistical parametric approaches. neural network based end-

. " * to-end models suffer from slow inference speed, and the synthesized speech is
¥i Ren Yangjun Ruan Xu Tha usually not robust (i.e.. some words are skipped or repeated) and lack of con-

Zhejiang University Zhejiang University Microsoft Research e = . ) - )
i ; ) X trollability (voice speed or prosody control). In this work, we propose a novel
Tayerenizju.adn.cn ruany)s1074zju.adn. cu Tutalinl crosaft. com feed-forward network based on Transformer to generate mel-spectrogram in paral-
lel for TTS. Specifically, we extract attention alignments from an encoder-decoder
Tao Qin Sheng Zhao Fhou Zhao! based teacher model for phoneme duration prediction, which is used by a length
Microsoft Research Microsoft STC Asia Zhejiang University regulator to expand the source phoneme sequence to match the 1e_ngr.h of th?z target
taogin@microsoft.com Sheng . ZhaoBmicrosoft.com zhaozhoulzju.edu.cn mel-spectrogram sequence for parallel mel-spectrogram generation. Experiments
on the LISpeech dataset show that our parallel model matches autoregressive mod-
els in terms of speech quality. nearly eliminates the problem of word skipping and
Tie-Yan Lin repeating in particularly hard cases, and can adjust voice speed smoothly. Most
Microsoft Research importantly, compared with autoregressive Transformer TTS, our model speeds up
tyliuBmicrosoft.com mel-spectrogram generation by 270x and the end-to-end speech synthesis by 38x.

Therefore, we call our model FastSpeech. *
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FastSpeech: Fast, Robust and Controllable Abstract

Text tﬂ Sl}eech Neural network based end-to-end text to speech (TTS) has significantly improved
the quality of synthesized speech. Prominent methods (e.g.., Tacotron 2) usually
first generate mel-spectrogram from text, and then synthesize speech from the
mel-spectrogram using vocoder such as WaveNet. Compared with traditional
concatenative and statistical parametric approaches. neural network based end-

. " * to-end models suffer from slow inference speed, and the synthesized speech is
¥i Ren Yangjun Ruan Xu Tha usually not robust (i.e.. some words are skipped or repeated) and lack of con-

Zhejiang University Zhejiang University Microsoft Research e = . ) - )
i ; ) X trollability (voice speed or prosody control). In this work, we propose a novel
Tayerenizju.adn.cn ruany)s1074zju.adn. cu Tutalinl crosaft. com feed-forward network based on Transformer to generate mel-spectrogram in paral-
lel for TTS. Specifically, we extract attention alignments from an encoder-decoder
Tao Qin Sheng Zhao Fhou Zhao! based teacher model for phoneme duration prediction, which is used by a length
Microsoft Research Microsoft STC Asia Zhejiang University regulator to expand the source phoneme sequence to match the 1e_ngr.h of th?z target
taogin@microsoft.com Sheng . ZhaoBmicrosoft.com zhaozhoulzju.edu.cn mel-spectrogram sequence for parallel mel-spectrogram generation. Experiments
on the LISpeech dataset show that our parallel model matches autoregressive mod-
els in terms of speech quality. nearly eliminates the problem of word skipping and
Tie-Yan Lin repeating in particularly hard cases, and can adjust voice speed smoothly. Most
Microsoft Research importantly, compared with autoregressive Transformer TTS, our model speeds up
tyliuBmicrosoft.com mel-spectrogram generation by 270x and the end-to-end speech synthesis by 38x.

Therefore, we call our model FastSpeech. *
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FastSpeech
Method | MOS
GT 4.41 4+ 0.08
GT (Mel + WaveGlow) 4.00 4+ 0.09
Tacotron 2 [22] (Mel + WaveGlow) 3.86 + 0.09
Merlin [28] (WORLD) 2.40 +0.13

Transformer TTS [14] (Mel + WaveGlow) | 3.88 + 0.09

FastSpeech (Mel + WaveGlow) | 3.84 + 0.08

Method | Latency (s) | Speedup
Transformer TTS [14] (Mel) 6.735 + 3.969 /
FastSpeech (Mel) 0.025 £ 0.005 | 269.40x
Transformer TTS [14] (Mel + WaveGlow) | 6.895 + 3.969 /
FastSpeech (Mel + WaveGlow) 0.180 £ 0.078 | 38.30x

AR model (Tacotron, Transformer) H|<st &2

sHM &&= ok 270 HY (0.025 RT)

https://speechresearch.github.io/fastspeech/
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FastSpeech
Method | MOS
GT 4.41 + 0.08
GT (Mel + WaveGlow) 4.00 4+ 0.09
Tacotron 2 [22] (Mel + WaveGlow) 3.86 + 0.09
Merlin [28] (WORLD) 240 +0.13

Transformer TTS [14] (Mel + WaveGlow) | 3.88 + 0.09

FastSpeech (Mel + WaveGlow) | 3.84 + 0.08

Method | Repeats | Skips | Error Sentences | Error Rate
Tacotron 2 4 11 12 24%
Transformer TTS 7 15 17 34%
FastSpeech | 0 | 0 | 0 | 0%

AR model (Tacotron, Transformer) H|<st &2

sHM &&= ok 270 HY (0.025 RT)

Alignment QH4/M sty

https://speechresearch.github.io/fastspeech/
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FastSpeech
Method | MOS
GT 4.41 + 0.08
GT (Mel + WaveGlow) 4.00 + 0.09
Tacotron 2 [22] (Mel + WaveGlow) 3.86 + 0.09
Merlin [28] (WORLD) 240 +0.13

Transformer TTS [14] (Mel + WaveGlow) | 3.88 & 0.09

FastSpeech (Mel + WaveGlow) | 3.84 + 0.08

AR model (Tacotron, Transformer) H|<st &2

(a) 1.5x Voice Speed (b) 1.0x Voice Speed

(c) 0.5x Voice Speed

sHM &&= ok 270 HY (0.025 RT)

Alignment St st

https://speechresearch.github.io/fastspeech/
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FASTSPEECH 2: FAST AND HIGH-QUALITY END-TO- ABSTRACT
END TEXT TO SPEECH

Non-autoregressive text to speech (TTS) models such as FastSpeech (Ren et al.,
2019) can synthesize speech significantly faster than previous autoregressive mod-

YiRen!; Chenxu Hu!; XuTan2, Tao Qin2, Sheng Zhao®, Zhou Zhao!] Tie-Yan Liu2 els with comparable quality. The training of FastSpeech model relies on an au-

toregressive teacher model for duration prediction (to provide more information
1Zhejiang University as input) and knowledge distillation (to simplify the data distribution in out-
{rayeren, chenxuhu, zhaozhou}@zju.edu.cn put), which can ease the one-to-many mapping problem (i.e., multiple speech

variations correspond to the same text) in TTS. However, FastSpeech has sev-
eral disadvantages: 1) the teacher-student distillation pipeline is complicated and
time-consuming, 2) the duration extracted from the teacher model is not accu-
rate enough, and the target mel-spectrograms distilled from teacher model suf-
fer from information loss due to data simplification, both of which limit the
voice quality. In this paper, we propose FastSpeech 2, which addresses the is-
sues in FastSpeech and better solves the one-to-many mapping problem in TTS
by 1) directly training the model with ground-truth target instead of the simpli-
fied output from teacher, and 2) introducing more variation information of speech
(e.g., pitch, energy and more accurate duration) as conditional inputs. Specifi-
cally, we extract duration, pitch and energy from speech waveform and directly
take them as conditional inputs in training and use predicted values in inference.
We further design FastSpeech 2s, which is the first attempt to directly generate
speech waveform from text in parallel, enjoying the benefit of fully end-to-end
inference. Experimental results show that 1) FastSpeech 2 achieves a 3x train-
ing speed-up over FastSpeech, and FastSpeech 2s enjoys even faster inference
speed; 2) FastSpeech 2 and 2s outperform FastSpeech in voice quality, and Fast-
Speech 2 can even surpass autoregressive models. Audio samples are available at
https://speechresearch.github.io/fastspeech2/.

2Microsoft Research Asia
{xuta, taogin, tyliu}@microsoft.com

3Microsoft Azure Speech
Sheng.Zhaolmicrosoft.com
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FASTSPEECH 2: FAST AND
END TEXT TO SPEECH

HIGH-QUALITY JEND-TO- ABSTRACT

Non-autoregressive text to speech (TTS) models such as FastSpeech (Ren et al.,
2019) can synthesize speech significantly faster than previous autoregressive mod-

Yi Ren'; Chenxu Hu'!; Xu Tan?, Tao Qin?, Sheng Zhao®, Zhou Zhao'] Tie-Yan Liu® els with comparable quality. The training of FastSpeech model relies on an au-

toregressive teacher model for duration prediction (to provide more information
1Zhejiang University as input) and knowledge distillation (to simplify the data distribution in out-
{rayeren, chenxuhu, zhaozhou}@zju.edu.cn put), which can ease the one-to-many mapping problem (i.e., multiple speech

2Microsoft Research Asia

( Liule . eral disadvantages: 1) the teacher-student distillation pipeline is complicated and
xuta, taogin, tyliuj@microsoft.com

time-consuming, 2) the duration extracted from the teacher model is not accu-

In rate enough, and the target mel-spectrograms distilled from teacher model suf-

Microsoft Azure Speech T . . . . . ..

sh : fer from information loss due to data simplification, both of which limit the
eng.Zhaolmicrosoft.com N . . ) N

voice quality. In this paper, we propose FastSpeech 2, which addresses the is-

Knowledge distillation §10| et&5tAH
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Method | MOS
GT 430 + 0.07
GT (Mel + PWG) 392+ 0.08
Tacotron 2 (Shen et al., 2018) (Mel + PWG) 3.70 + 0.08
Transformer TTS (Li et al., 2019) (Mel + PWG) | 3.72 £ 0.07 Method | Training Time (h) | Inference Speed (RTF) Inference Speedup
FastSpeech (Ren et al., 2019) (Mel + PWG) | 3.68 £ 0.09 Transformer TTS (Li et al., 2019) 38.64 9.32x 10~ /
FastSpeech (Ren et al., 2019) 53.12 1.92 x 1072 48.5 %
FastSpeech 2 (Mel + PWG) 3.83 = 0.08 FastSpeech 2 17.02 1.95 x 1072 47.8x
FastSpeech 2s 3.71 £0.09 FastSpeech 2s 92.18 1.80 x 1072 51.8x
AR model (Tacotron, Transformer) ECt S4 X 11

FastSpeech 5}

11 SFAM

o

SE L H|ROHHA

https://speechresearch.github.io/fastspeech?2/
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