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WaveNet of Raw Waveform
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Amplitude sequence
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Amplitude sequence
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Classical TTS Model

Unit-selection speech synthesis [1] Statistical parametric speech synthesis (SPSS) [2]
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Synthesized speech

Synthesized speech
using selected speach unsts

« Concatenate tiny segment of real speech » Parameterize speech signal using vocoder
signal technique

» Pros) High quality » Pros) High controllability, small database

- Cons) Low controllability, large database « Cons) Low quality




Generative model-based speech synthesis

WaveNet

o Raw waveform= A&t £[Z2| generative model
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. S, voice conversion, music synthesis

WaveNetin TTS task
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WaveNet Vocoder - Based Speech Synthesis

Utilize WaveNet as parametric vocoder

Linguistic Acoustic

. Text feature Acoustic ] leature WaveNet ,
[ext —® : Speech
analysis model J vocoder

[WaveNet vocoder based parametric speech synthesis]

o Acoustic feature= conditional informationd2 & AIE.

Advantages

o Higher quality Synthesis Speech than Conventional vocoder
e Don’t require hand-engineered processing pipeline

o Higher controllability than the case of linguistic features
e Controlling acoustic features

o Higher training efficiency than the case of linguistic features

e Linguistic feature: 25~35 hour database
e Acousituc feature: 1 hour database



Basic of WaveNet

Auto- regressive generative model

N _
p(x) = H p(xn | xn-R:n—l)
n=I
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Problem: Long - term depency nature of speech signal

o ARANN HE|HOTI R4S ALO[2] 2|E 2HA|E et5517| 01212 EM|(vanila RNN)
o SRS T, QA MEH Tg AEI
e LSTM
o Highly correlated speech signal in high sampling rate, e.g. 16000 Hz
» E.g.1) 100Hz 242 H315}7]| 2loljA|= &0 160(16000/100) S M=
e E.g.2)H7EO = ot FXI= HeiolV| floliAM= 6000712 28 ¥
o dilated causal CNN
o CI= AIZFAHAY XE]0] 225
o X|+=A receptive field 2




Basic of WaveNet

WaveNet without dilation
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[WaveNet without dilated convolution]



Basic of WaveNet

WaveNet with dilation
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Dilated convolution
with 4 dilation
Dilated convolution
with 2 dilation
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Dilated convolution
with 1 dilation

Receptive field: 27 layer _ q

[WaveNet with dilated convolution]



SoftMax Distri

Digital Wave Data
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M-law companding Transformation

e bandwidth of speech signal
o (-275,2%°-1) = (-32768, 32767) 2122| discrete variable= M|=o}7|= O{&L}.
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Architecture of WaveNet

30 —

[

Residual Block

512

I 512

Residual Block

512

AUOD

‘{ 212

Residual Block

512

AUOD)

L X1

{ 512

Residual Block

512

AUOD)

LX1]

256

T 512

Input

AUOD

LX1

ey

AUO))

L X

256

N12d

AUO)

L X1

256

XEW1J0S

P(x¢|xg, ) X¢—1)

ndinQ




Residual Block, Gated Activation Units

z=tanh(W; *x) © (W, * x)

¥ : Convolution@itt

@ : Element — wise=4

o() : SigmoidFunction

W : st&7tsetConvolution Filter

f : filter g : gate k : layer'#s
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Skip Connection
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Conditional WaveNet

1x1 Convs Set
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Conditional WaveNet

e Global Condition
o SHX} X E0f| CH3F 2lH|c! z = tanh(Wy x 2 + VI h) © o(Wyp x4+ VL h)

o S}X}2| IDE One-Hot vector= &l

e Local Condition z = tanh(Wy * 7
— e+ Vepxy) ©Oo(Wop x4+ Vo xy)
e MU X721 H (e.g. Spectogram) ’ g

e Transposed Convolution A2 (learnable parmeters)
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y = f(h)

Upsampling

Conditioning Data(Z0] : Audio 37|)



summary

o Uni - selection speech synthesis , Statistical speech synthesis
 mel spectrogram, deterministic vocode
e Linguistic feature
o Low quality

e WaveNet(raw waveform)
e WaveNet
o Conditional WaveNet (acoustic feature)
o Highly quality,

o Staitistical parmetric speech synthesis (WaveNet vocoder)



