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01 ‘ Text—to—Speech

«  Text—to—Speech= 2ttA|9| XlHo =z J1E0| 7I=

1 Text Analysis

/@) Speech Synthesis

‘| want to make an appointment on Tuesday morning.” % M*’M

Text Synthesized Speech

\ Text Speech /

Analysis Synthesis

Sentence segmentation
Word Segmentation Prosody Prediction
Part—of—Speech Tagging Waveform Generation

Pronunciation
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01 ‘ WaveNet: Generative Synthesis

* Speech synthesisOi| CHet 374X| ™2 HitH

1 Rule—based, formant synthesis v
) Sd9| il EXZS BA6I0, 92 SH= MU= 71 st B s
wap
i o
@ Sample—based, concatenative synthesis [
» 84 HIo|E| TE (poo) 2 ZRE| MBSS £E5104, 0/0] 20l 7Y [
/ w B
\ 7 l l“ [} ¢ , )
@ Model-based, generative synthesis Targetcost —— Concatenation cost

») =4 Hlo|Ee| 2EE o5, 2X=2RFE MES FEd= 7Y

p(speech = Mm | text = "I want to make an appointment on Tuesday morning.” )
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02 ‘ WaveNet2| L HOIE

1. Autoregressive Model

2. Dilated causal convolutions WaveNet

3. Output — categorical/softmax distribution Input: audio = Output: audio
4. Gated activation units

5. Residual and skip connections

6. Conditional WaveNet Input: audio & text information = Output: audio

(Text—to—Speech)
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02 ‘ 1. Autoregressive Model

* Audio AAZRO| BE sk&SH= unsupervised learning

« Audio—sequence data®?] statistical dependencyE 2tEs5t0d DEZIS 5l{0F &t
« T AZA7IX|Q] audio waveform: x = {xq, ..., x7}
o p(x)= x52E x4 7EK|Q] HIO|E{7} TS 2| conditional probability2 HE3S 4= US: autoregressive

9 p(xt) = p(xtlxllet "'rxt—l)
* Joint probability is factorized as a product of conditional probabilities

p(x1)

X1 | X2 [X3 Stack of Convolution

p(x1,%X2) = p(x)p(x2]%1)

Layers2 H86k= A

p(X1,X2,%3) = p(Xq, X2)Pp(X3]X1,X3)

-Ve
X1 | X2 [X3 | X4 | -« Ke—1]| Xe X1 a\l\o‘eg‘ess‘ )
* p(X) =[lt=1 p(XtlX1, ) X—1)

¥ WaveNet

10
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02 ‘ 2 Dilated causal convolutions

* Autoregressive model with convolution

e Autoregressive model:
t —1 A[EOA E2 output t A[EC]

inpUte 2 ArZ0| Z=ICt

* Input, hidden, output size = 16
—2pooling layerE ArEsHK| 210,

zero—paddings Sall sizeE FX|et

« 2} recurrent LAl convolution2 AtEsH=71?

-2 0|F =01, 16kHz0|A 100ms= 1,600 time stepsO|Ct. RNN, LSTME AREstH E&E ot&sh7[0le HF ZCL

|

11
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02 ‘ 2 Dilated causal convolutions

e (Causal convolution layers

 # hidden layers = 3

 filter size = (2, 1)
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WaveNet: A Generative Model for Raw Audio 2 WaveNet

02 ‘ 2 Dilated causal convolutions

e (Causal convolution layers
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WaveNet: A Generative Model for Raw Audio 2 WaveNet

02 ‘ 2 Dilated causal convolutions

e (Causal convolution layers
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WaveNet: A Generative Model for Raw Audio 2 WaveNet

02 ‘ 2 Dilated causal convolutions

e (Causal convolution layers
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02 ‘ 2 Dilated causal convolutions

e (Causal convolution layers

-T

«  2UHEHOI convolution2 Sh&Er I,

2t filter= 2E input spaceE X|LtZtch
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02 ‘ 2 Dilated causal convolutions

e (Causal convolution layers
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02 ‘ 2 Dilated causal convolutions

* Dilated causal convolution layers
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« Convolution2] receptive fieldE S7tA|717] IS =

_ » Computational cost’t < =0} Hlg=&
> layers 0| 7L filter sizeE 7|{0F &
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WaveNet: A Generative Model for Raw Audio 2 WaveNet

02 ‘ 2. Dilated causal convolutions

* Dilated causal convolution layers

-q;i."-Jz."-J:."- Qutput
i :I’ ' Dilation =&
L‘ i e el
'S%-”' P Toemm” Hidden Layer
R R R Dilation = 4
c} . e Hidden Layer
P e Dilation = 2

: y o - 1 1
Q Hidden Layer
/ i Dilation = 1

, .

Input

time
 Dilated convolutionS 0|23f], M2 AAZEOZ = receptive fieldE ¥

* Dilaton= 1, 2, 4, -, 512, 1,2, 4, =, 512, 1, 2, 4, ---, 512 = 307129] layerE& #=: receptive field = 1024

(1x1024 convolution 2L} EM §8X)

JLhiy

19
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02 ‘ 2. Dilated causal convolutions

« Ol|A|: Dilated causal convolution layersZ£ 0|t &XIH o=

Oput @ @ @ O 0 0O 00000 OPOO®GO

Hidden
Layer

Hidden
Layer

Hidden
Layer

mt © © 00000000 000O0O0O0

20
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WaveNet: A Generative Model for Raw Audio

02 ‘ 3. Softmax distributions

2 A (continuous)

QUHIH O 2 audio?] distribution= Eo5H7| &l6H, Gaussian Mixture Model S
5t

*  PixelRNN, PixelCNNZ} SAFSHA, 2t amplitude ZYS SHLEQ| classZ 7HESGHH softmax distributionS AFE S (discrete)

= HI0|EE 2567l Z2HARE JO regression =M|E multi—class classification X2 Heat

apnyjdwy
apnydwy

Time

digital(computer): quantization

analogue: waveform

21
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2 WaveNet

WaveNet: A Generative Model for Raw Audio

02 ‘ 4. Gated Activation Units

* LSTM: gatesOlA AFEEl= 0f2] #H2| HMES Sdll complex interactionsE &AM HHHE +~ U=
o 0] HAIS AFZSHH RelU activation CHAlI Gated ActivationS ARZ
Gated Activation T
z = tanh(Ws j * x)©Q0 (W . * X) (i
x: convolution operator | |
. e tanh o
©: element—wise multiplication operator T T
k: layer index _ .
W Dilated Conv Dilated Conv ~ Wy
f,g: filter, gate > W is learnable convolution filter T T

22
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WaveNet: A Generative Model for Raw Audio 2 WaveNet

02 ‘ 5. Residual and Skip Connections

* Residual and parameterized skip connections: speed up convergence & enable deeper models

Residual Block T
»  +
Residual T
1x1 ) i
Skip Connection
1 »  1x1 >
I
®©
f
| |
tanh o
Dilated Conv Dilated Conv
T T 2x1 dilated conv =2 Gated Activation
- 1x1 conv + residual connection

23
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WaveNet: A Generative Model for Raw Audio 2 WaveNet

02 ‘ 5. Residual and Skip Connections

«  WaveNet2 TR mo| 24 (8 timestepOf A)

A

512

dilation=g¢  Residual Block Lz» 1x1
| 512

dilation=4  Residual Block o1z, 1x1 (A = 7%
30 layers | 512 256 z &» ReLU — 1x1 &» ReLU — 1x1 &» Softmax

dilation=2  Residual Block LZ» 1x1
| 512

dilaton=1  Residual Block LZ» 1x1
[ 512
Causal Filter

24



2018—10—-01 Seminar ® o —-F——F0

WaveNet: A Generative Model for Raw Audio 2 WaveNet

02 ‘ 6. Conditional WaveNet

« Guide WaveNet's generation to produce audio with the required characteristics
* Global condition: multi—speaker settingt| Al 3tXte| EXIS HHA

* Local condition: text—to—speechOi|A] texte| EX=S HH

WaveNet Conditional WaveNet
- p(x) = H{=1 P (X¢|X1, ey Xp—1) * pX|h) = Z=1 P (X¢lXq, oo s Xp—1, R)
* z =tanh(Wpy * x) O (Wy x * x) * z=tanh(Wp; *x+ ngh)G)a(Wg,k * X + VgT,kh)

* V! learnable linear projection
*  h7t A= et Ee2tX]l= 2t FE™ local condition,

MHHe 2 ZEO M global condition =2 L&E¢etC}

25
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WaveNet: A Generative Model for Raw Audio 2 WaveNet

02 ‘ 6. Conditional WaveNet

* Local condition OIA]: 1x2 dilation@ 2 4712] layerE A= [

* time tO] CHSt audioS AiA P (X¢|Xe—1) ) Xe—16 Pe)
* Linguistic features= time t0| LHSIH h; =2 embedding0| E|0{ U= T
X162 B2 Residual Block
Linguistic Features  ' _______ i
W
Lo Vs
Embedding at é’,/
. t (NN
time t N
\\\ x VZ
\\ Residual Block Residual Block
\ x;22| FH A
* Vl """"""""""""""""" T‘ __________________________ : T

26
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WaveNet: A Generative Model for Raw Audio 2 WaveNet

02 ‘ 6. Conditional WaveNet

*  Embedded linguistic features: sentence, phrase, word, syllable, phone § CtYel MHE SI=EXOo=Z HT

Linguistic Features

Hello, world. Sentence: length, ...
/\
\l/ Hello, world. Phrase: intonation, ...
. | |
Embedaing 2t h, hello world Word: POS, grammar, ...
time ¢t /\
h-e2 l-ouT w-erl-l-d Syllable: stress, tone, ...
h e | ou w er | d Phone:voicing, manner, ...

27
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WaveNet: A Generative Model for Raw Audio 3 Experiments

03 ‘ Experiments

« = 37HK| BF9| AlSES XISH5IH WaveNetl| generation MdsS @}
1. Multi-Speaker Speech Generation

2. Text—to—Speech

3. Music

29
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1. Free-form speech generation — not conditioned on text
2. 109HO| CtZ 3tXto| S HO|HA S AMRSID, 3}XtC| IDE one-hot vector hE QA LSO AR
3. Globally conditioned WaveNet2 AtE
= b2 L N
1. Text (linguistic) ‘L7t 217 20, AXN=E EXSt= HOZE O|FO T /40| MWHE[X]| HZ
2. S}X|8H E7|0|= human language-like wordsZ T4 E0] UAS
(Image domain: AFZINME HO[X|ZH AN 2= EXSHA| Z= =H)

3. SIL}O| WaveNetBtO 2 & 2} $}X}o| EXE HIFE 4= 9IS

-

30
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WaveNet: A Generative Model for Raw Audio 3 Experiments

03

c A M

2. Text—to—Speech

1. A2 AO{: North American English & Mandarin Chinese

2. Single speaker

3. Locally conditioned WaveNet

- Ut 2"
1. Statistical parametric: LSTM—RNN
2. Concatenative: HMM—driven
3. WaveNet (L): linguistic feature
4. WaveNet (L+F): linguistic feature + log F,

- logarithmic fundamental frequency: linguistic feature2FE #f2 H= B20| FIIHS =2 &X|

31
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WaveNet: A Generative Model for Raw Audio 3 Experiments

03 ‘ 2. Text—to—Speech

- b
1. Subjective paired comparison test
> "It BRIS 22 WX|HA, O L2 2RSS MEHSEALE, Ofof| MEYSHK| 2= (no preference)
A

> MEiE ISR Dol AsS TI|

2. Mean opinion score (MOS) test

> 2 MES S22 F, 58 7t (1: bad, 2: poor, 3: fair, 4: good 5: excellent)

32
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WaveNet: A Generative Model for Raw Audio 3 Experiments

03 ‘ 2. Text—to—Speech

= < L

1. Subjective paired comparison test

J/ y4 4

100 [ ]LST™ ﬁConcat [ INo pref. 100|:|WaveNet (L) MWaveNel (L+F) [_]No pref. ‘IUOD Best baseline MWaveNet (L+F) [_]No pref.
£ go £ g0 £ 8o
w w w
o z o
o o - (=]
8 60 63.6 o 60 64.5 g 60 58.2
Lih] Q @
8 40 50.6 S 40 s - S 40 49.3 |
o o 379 e
3 338 R 2 30.6 29.3
a . ’—‘13_1 15.6 a . 17.8 50] o . . ’—‘12_5

North American English  Mandarin Chinese North American English  Mandarin Chinese North American English  Mandarin Chinese
Baseline 22 =7} FoOll CHet ™ot zZE Eot

33
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WaveNet: A Generative Model for Raw Audio

e« e

3 Experiments

03 ‘ 2. Text—to—Speech

g7t 24t

2. MOS test

Speech samples

Subjective S-scale MOS in naturalness

North American English

Mandarin Chinese

LSTM-RNN parametric
HMM-driven concatenative
WaveNet (L+F)

3.67 = 0.098
3.86 = 0.137
4.21 £ 0.081

3.79 £ 0.084
3.47 £0.108
4.08 = 0.085

Natural (8-bit p-law)
Natural (16-bit linear PCM)

4.46 + 0.067
4.55 £ 0.075

(
4.25 4+ 0.082
4.21 £ 0.071

* WaveNetO| CIE 2HI=0|| H|sH =

A S8 Bl wsiME £

o
A

34
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WaveNet: A Generative Model for Raw Audio

03

c A M

3 Experiments

3. Music

1. ARE dlO[E
a. MagnalagATune dataset: 29%& < M=, &2, 7| Hxr 22[7| S0 et tagZt US.
b. YouTube piano dataset: 60A|ZF O|OIE =,

2. Unconditional WaveNet

3. Globally conditional WaveNet

1. FEEQl HIIE £3H: often harmonic and aesthetically pleasing
N

2. X2 ot7| 50f thdt conditional generationE &t5| Xt=s
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3 Experiments

03 ‘ Conclusions

WaveNet: a deep generative model of audio data that operates directly at the waveform level

Autoregressive and combine causal filters with dilated convolutions
- exponentially increase receptive fields

- learn long—range temporal dependencies in audio signal

Text—to—Speech application: outperform the current best TTS systems
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