Lecture 18: Text-to-Speech Synthesis

Zhizheng Wu



Agenda

> Applications

> Overview of text to speech
"> Frontend

" Acoustic model

> Waveform generator

" Tools and readings
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The end-to-end problem we want to solve
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The two-stage pipeline
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The three-stage pipeline

Waveform

Acoustic
— —
model generator

-3 Front end =

text Inguistic acoustic features f
X specification Wavelort
Author of the..  nuhor o the ...  FHGCHCHAACHECEEECH e
/N /\ /\

sil ao th er dh ax &.



Frontend



Front end

lext

[Front end
4 ) N\ [ N\ [ )
) )
tokenize 05 TS hrase iINntonation
tag Oreaks
\_ J J J

J

10

17

individually learned
from labelled data

liInguistic
specification



Classic front end

> A chain of processes

> Each process is performed by a model

> These models are independently trained in a supervised fashion on annotated data
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Neural front end

> Learn by a neural network
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Acoustic model
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Acoustic model - Decision tree

" Decision tree to group HMM states, which model acoustic feature distribution
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Acoustic model: DNN

> Feedforward neural network

Input output
Linguistic features acoustic features
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Watts, Oliver, Gustav Eje Henter, Thomas Merritt, Zhizheng Wu, and Simon King. "From HMMs to DNNs: where do the iﬁ&ovements come from?." In 2016 IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP), pp. 5505-5509. IEEE, 2016.



Acoustic model - RNN based

> Tacotron2: A sequence-to-sequence model based on Recurrent Neural Networks

Waveform samples
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Shen, Jonathan, et al. "Natural tts synthesis by conditioning wavenet on mel spectrogram predictions." 2018 IEEE international conference on acoustics, speech and signal processing (ICASSP). IEEE, 2018.
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Acoustic model - RNN based

> Attention
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Acoustic model - Transformer based

"> FastSpeech2: parallel generation and not depending on the location attention

Positional
Encoding

Pitch Predictor
uration
Positional
Encoding Duration Predictor
Phoneme Embedding
Phoneme
(a) FastSpeech 2 (b) Variance adaptor

Ren, Yi, Chenxu Hu, Xu Tan, Tao Qin, Sheng Zhao, Zhou Zhao, and Tie-Yan Liu. "Fastspeech 2: Fast and high-quality end-to-end text to speech." arXiv preprint arXiv:2006.04558 (2020).
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Waveform generator
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Waveform generator: Waveform concatenation
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Classical unit selection (drawn here with phone units) - target anc
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Waveform generator: Vocoder

acoustic features
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Vocoder - Signal processing based

> WORLD vocoder
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Vocoder: Autoregressive

> WaveNet: autoregressive model with dilated causal convolution
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Vocoder: Autoregressive

> WaveRNN: autoregressive model with RNN

g —_l‘-..l..- —L-L el o [e] [2] [5e
O S s
o| [© 3 O 8| |o 8] lo| o] |X®
L ] —J | Shas T L S =
Ll |
split > concat [«
X t
o) Y
- =
© 0 = )
- X = 7))
7 3 : S
@ m 2
. = T

:w‘u”‘: Mml «|||H|||'IIH”
Melspectrogram peech



Vocoder: Flow based

> AF (autoregressive flow) and IAF (inverse autoregressive flow)
- Parallel inference of IAF student
= Parallel training of AF teacher
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Vocoder: GAN base

> MelGAN: Generator + Discriminator
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Vocoder: Diffusion based

> Diffusion probabilistic model
= Forward process: diffusion
= Reverse process: denoising
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Tools

" TTS open-source
= https://github.com/coqui-ai/TTS

= https://github.com/espnet/espnet

" Acoustic models
= Tacotron2: https://github.com/NVIDIA/tacotron2
= Fastspeech?2: https://github.com/ming024/FastSpeech?2

> Vocoder
= https://github.com/coqui-ai/TTS/tree/dev/TTS/vocoder
= https://github.com/NVIDIA/BigVGAN
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Readings

" Interspeech 2022 TTS tutorial

= https://github.com/tts-tutorial/interspeech2022/blob/main/
INTERSPEECH_Tutorial TTS.pdf

"> Text-to-Speech Synthesis

= https://www.cambridge.org/core/books/texttospeech-synthesis/
D2C567CEF939C7D15B2F1232992C 7836
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