Speech Synthesis:
Past, Present and Future

Yunlin Chen
2019.09.27



Reference

Statistical Approach to Speech Synthesis: Past, Present and Future
Keiichi Tokuda

The basic problem of statistical speech synthesis is quite simple: we have a speech database for training, i.e., a set of speech
waveforms and corresponding texts; given a text not included in the training data, what is the speech waveform corresponding to the
text? The whole text-to-speech generation process is decomposed into feasible subproblems: usually, text analysis, acoustic modeling,
and waveform generation, combined as a statistical generative model. Each submodule can be modeled by a statistical machine
learning technique: first, hidden Markov models were applied to acoustic modeling module and then various types of deep neural
networks (DNN) have been applied to not only acoustic modeling module but also other modules. | will give an overview of such
statistical approaches to speech synthesis, looking back on the evolution in the last couple of decades. Recent DNN-based approaches
drastically improved the speech quality, causing a paradigm shift from concatenative speech synthesis approach to generative model-
based statistical approach. However, for realizing human-like talking machines, the goal is not only to generate natural-sounding
speech but also to flexibly control variations in speech, such as speaker identities, speaking styles, emotional expressions, etc. This
talk will also discuss such future challenges and the direction in speech synthesis Research.
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Speech Production Process
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TTS(Text-to-Speech)
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Probabilistic formulation of TTS
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Probabilistic formulation of TTS
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Probabilistic formulation of TTS
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Acoustic - HMM
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DNN
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Deep learning-based approaches

e Recent applications of deep learning to speech synthesis
o HMM-DBN (USTC/MSR)

DBN (CUHK)

DNN (Google)

DNN-GP (IBM)

BLSTM (Microsoft)
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HMM-DBN

Linguistic
features x

Acoustic Acoustic
features y features y

e Decision tree-clustered HMM with DBN state-output distributions
e DBNs replaces GMMs




Linguistic
features x

Acoustic
features y

e DBN represents joint distribution of linguistic & acoustic features

e DBN replaces decision trees and GMMs



Acoustic
features y

Linguistic
features x

e DNN represents conditional distribution of acoustic features given
linguistic features

e DNN replaces decision trees and GMMs



Acoustic
features y

Gaussian
Process
Regression

Linguistic
features x

e Uses last hidden layer output as input for Gaussian Process (GP)
regression

e Replaces last layer of DNN by GP regression
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NN-Framework
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NN-Framework
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Parametric - Summary

e HMM

— Discontinuity due to step-wise statistics
— Difficult to integrate feature extraction
— Fragmented representation

e Feedforward NN

— Easier to integrate feature extraction
— Distributed representation
— Discontinuity due to frame-by-frame independent mapping

e (LSTM) RNN
— Smooth — Low latency
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Concatenation Synthesis



Concatenative Speech Synthesis
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Figure 1: Schematic diagram of HMM trajectory tiling

based speech synthesis.
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Speech Synthesis - Present
End-to-End Model



E2E - Tacotron(2017.3)
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Figure 1: Model architecture. The model takes characters as input and outputs the corresponding
raw spectrogram, which is then fed to the Griffin-Lim reconstruction algorithm to synthesize speech



E2E - Uncovering Latent Style Factors for Expressive Speech Synthesis(2017.11)
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Figure 1: Model architecture cartoon based on Tacotron [2]. To learn style tokens in Tacotron, we add
an additional style encoder and the corresponding attention pathway. See [2] for Tacotron architecture
details.
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E2E - Tacotron2(2017.12)
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E2E - Style Token(2017.12)
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E2E - Towards End-to-End Prosody Transfer for Expressive Speech Synthesis with
Tacotron(2018.03)
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E2E - Disentangling Correlated Speaker and Noise for Speech Synthesis via Data

Augmentation and Adversarial Factorization (2018.11)
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E2E - Disentangling Correlated Speaker and Noise for Speech Synthesis via Data

Augmentation and Adversarial Factorization (2018.11)
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E2E - Learning to speak fluently in a foreign language: Multilingual speech synthesis

and cross-language voice cloning (2019.07)

___________________________________________________________

|
|
1
|
I
I

Adversarial Loss

Residual |_ > Residual Gradient | | Speaker

spectrogram Encoder Encoding Reversal Classifier

_________________________________________________________

- T e e e e e - e e e e e e e e e e e e e e - . e e e e e e S e e e e

E Text 5 Text " I Mel E
' sequence Encoder Becocer spectrogram
i T N :
| Text Speaker || Language
I‘\ Synthesizer Encoding | Embedding | | Embedding |




End-to-End Model Summary

https://google.github.io/tacotron/



https://google.github.io/tacotron/
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Neural Vocoder



Wavenet(2016.09)
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Wavenet(2016.09)
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Wavenet(2016.09)
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Wavenet(2016.09)




Parallel Wavenet(2017.11)
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Parallel Wavenet(2017.11)

1000x faster than Wavenet



LPCNet(2018.11)
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Present - others

e Autoregressive
e WaveNet, SampleRNN, WaveRNN, ...

e Normalizing flow
e WaveGlow, Parallel WaveNet, ClariNet, FloWaveNet, WaveFlow ...

e Combining with source filter model
e LPCNet, ExcitNet, GlotNet, LP-WaveNet, ...

e Introducing signal processing technique
e SubbandWaveNet, FFTNet, ...
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Universal model and transfer
learning across Styles, Speakers
and Languages



Transfer learning: across styles

. vocoder

| Mel spectrogram }
Transfer Learning:

across styles

eference embedding

* \Variational Autoencoder ~u Ttsel 7T
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embedding of each
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Transfer learning: across speaker

Speaker reference Speaker ID
waveform Speaker 1D
Transfer learning:
dCross spea kers Speaker Condition Condition
\ , } ,

* Greatly reduce the DI Spectrum predictor Neural vocoder

data requirements to Grapheme or

build high quality TTS phoneme sequence |

model.

3 minutes recordings  Table 1. MOS for naturalness on in-domain test set with 95%  Table 2. MOS for speaker similarity with 95% confidence

result in high confidenge intervals intervals,
Similarity Recording Neural TTS  FF-LSTM

4.57+0.1 4.16+0.07 3.65+0.1

Recording Neural TTS FF-LSTM
4.74+0.1 4.64+0.07 4.09+0.1




Transfer learning: across language

Language-
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Future - more

Emotion TTS
Singing synthesis
General speech for TTS
TTS with less T or without T
Voice Conversion
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Future - more

",
be latent but obtained in

semi-supervised manner this

Controlling intermediate variables in the
hierarchical structure

* Language
* Japanese, English, Chinese, ...

* Dialect

* Pronunciation
* Pause

* Allophone

* Prosody

* Accent, stress, tone, ...
* Speaking style, emotional expression
* Emphasis
* Nonverbal, paralinguistic information

* Voice characteristics
* Male, female, child, adult, eldarly Low level Vocoding

* Speech parameter
* Fundamental frequency, volume, duration, aperiodic component, ...

High level

Text analysis

Acoustic model



Future - more

Voice conversion

* Close relationship to speech synthesis

* DNN-approach has emerged also in voice conversion research
* Realtime application is essential

* Realtime (or low-latency) prosody conversion is a challenging
problem

(L

=
applause has emerged also in both

conversion




Future - more

Famous words in speech technology (1980s)

“Every time | fire a linguist,

the performance of the speech recognizer goes up”
by Frederick Jelinek

“Every time | fire a speech technology researcher,
the performance of the speech synthesizer goes up”

“ many different types of DNS for web
waveform generation have
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