Clova

Clova Al

Text-to-Speech Technology

S5 / HDTS 2|4



Clova
HHL|E

Text-to-speech (TTS) & 7| AV} Atgix 2 HIAEZ QI
S2HO| S A|A”RIE AHHAZ D Hebot S
= Cist A|AR, OO 2tE HY, QSA|s AL

H|O[&{ Q] Crefeh AMH[A0 &

=,
29l
7,202 2 5

00
0
o

o
o>

0| Z4HO| M= Unit-selection TTS A|AEIZE{ Statistical Parametric TTS A| A EI7/}A]
=2HO| CiFet 34 &ty 7|3 A7)t A| gL Ct.

—

E2H[2| HDTS 7|&=
‘B4l Mgt EE Al 2Ol A




Clova’s

Unit-selection TTS

Clova



Unit-selection TTS




Unit-selection TTS

Output Speech




Clova

/segmer::- M E \

W b
WL iEY

a " o
WM FITREY . Ca)= X P )t YO )
=1 =2

i AL S

Target cost  —— Concatenation cost

n

u' =argminC(#',u")

: T. Keiichi, and H. Zen. "Fundamentals and recent advances in HMM-based speech synthesis." Tutorial of INTERSPEECH, 2009.
:A. Huntand A. Black, “Unit selection in a concatenative speech synthesis system using a large speech database,” in Proc, /ICASSP, 1996.
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: T. Keiichi, and H. Zen. "Fundamentals and recent advances in HMM-based speech synthesis." Tutorial of INTERSPEECH, 2009.
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New Voice, New Technology

Hey Google, talk like a .

Hi, John Legend here, | lent my
voice to the Google Assistant...

@+ Google Assistant
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Neural LPC Vocoder (1/4)

Spectrum —>] LPC Output
N
Excitation ——>»| Synthesis Speech
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|—> Vocoder ~  Speech
[ WaveNet Vocoder ]
Conditional Spectrum
Inputs > WaveNet > LPC Output
—| Vocoder —>| Synthesis Speech
Excitation

[ ExcitNet Vocoder ]

E. Song, K. Byun, H.-G. Kang, “ExcitNet vocoder: A neural excitation model for parametric speech synthesis systems," in Proc. EUSIPCO, 2019, pp. 1-5.

WaveNet Vocoder + Linear Prediction Filter

Excitation generator Speech synthesis




Neural LPC Vocoder (2/4): ExcitNet
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. WaveNet
Auxiliary -
Conditional Vocoder
Features
Inputs
[ Training ]

Acoustic
Parameters
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Input Output
Text Speech
Spectral T
Acoustic Parameters\ LPC
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N
\ Excitation
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- WaveNet
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Conditional Vocoder
Features
Inputs

[ Inference ]

E. Song, K. Byun, H.-G. Kang, “ExcitNet vocoder: A neural excitation model for parametric speech synthesis systems," in Proc. EUSIPCO, 2019, pp. 1-5.

Korean Male Speaker
/7 hours’ recording

MOS Test Results

Recording: 4.58 «:
TTS: 3.99 «:

https://sewplay.github.io/demos/excitnet
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Neural LPC Vocoder (3/4): Modeling-by-Generation Training
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E. Song, M.-J. Hwang, R. Yamamoto, O. Kwon, J. Kim, “Neural text-to-speech with a modeling-by-generation excitation vocoder,” in Proc. INTERSPEECH, 2020, pp.3570-3574.

Korean female Speaker MOS Test Results

8 hours’ recording

Recording: 4.66 «¢
TTS: 457 <«

https://sewplay.github.io/demos/mbg_excitnet
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0. Kwon, E. Song, J.-M. Kim, H.-G. Kang, “Effective parameter estimation methods for an ExcitNet model in generative text-to-speech systems,” arXiv preprint arXiv.1905.08486, 2019.

MOS Test Results
Happy (TTS): 4.67 <«
Sad (TTS): 4.43 <

https://sewplay.github.io/demos/gst_tacotron2_excitnet

Korean female Speaker

4 hours’ recording / emotion
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R. Yamamoto, E. Song, J.-M. Kim, “Parallel WaveGAN: A fast waveform generation model based on generative adversarial networks with multi-resolution spectrogram,” in Proc. ICASSP, 2020, pp. 6194-6198.

Non-Autoregressive Adversarial Training
WaveNet - Effective Training without

Fast generation teacher-student Framework
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Parallel WaveGAN Vocoder (2/3): End-to-End TTS
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R. Yamamoto, E. Song, J.-M. Kim, “Parallel WaveGAN: A fast waveform generation model based on generative adversarial networks with multi-resolution spectrogram,” in Proc. ICASSP, 2020, pp. 6194-6198.

MOS Test Results
Recording: 4.46 «¢
TTS: 4.16 o

https://r9y9.github.io/demos/projects/icassp2020

Japanese Female Speaker

23 hours’ recording
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Parallel WaveGAN Vocoder (3/3): Perceptually Weighted Loss
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E. Song, R. Yamamoto, M.-J. Hwang, O. Kwon, J. Kim, “Improved Parallel WaveGAN with perceptually weighted spectrogram loss,”

Korean Male Speaker

/ hours’ recording

Clova

X3

0.1 02 03 04
Time (sec)

0.1 02 0.3 04
Time (sec)

0.1 02 03 04
Time (sec)

accepted to Proc. SLT, 2021.

MOS Test Results
Recording: 4.56 «¢
TTS: 4.21 o
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https://sewplay.github.io/demos/wavegan-pwsl/


https://sewplay.github.io/demos/wavegan-pwsl/
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