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Introduction
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DNN TTS = Acoustic model + Vocoder
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Pitch period

2389 F7|1'd= HEI = Ti2t0[E: 242 &= ZdLCt (ex. ol0[&, SA3).
x10*

L Pitch period =T 0=T_1=T_2
iéo g l,ﬂ\‘/\,/\”\ A MA//\/\ ) mwf\v/‘\,/\ ® long-term period of speech (time-domain)
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Formant frequency

SMS LIEILY= Of2t0|E: SA0| YhaS AHTHL|CH (ex. O}/ 0| /0] / 2/ ).
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How do we produce speech?

Speech Production Model

https://www.youtube.com/watch?v=X JvfZiGEek

Source-filter model

Lung

®* Power supply

Glottis = vocal cords = vocal folds
® Modulator (= source = excitation)
® Voiced sound : quasi-periodic

® Unvoiced sound : noisy

Vocal tract (from vocal folds to lips)

®* Filter

Source —>» | Filter | —> Speech



https://www.youtube.com/watch?v=X_JvfZiGEek

Amplitude
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How do we produce speech? | | |

Speech Production Model

Source-filter model
* Lung

® Power supply

(OF~\ OfF )

® Glottis = vocal cords = vocal folds
® Modulator (= source = excitation)
® Voiced sound : quasi-periodic

® Unvoiced sound : noisy

® Vocal tract (from vocal folds to lips)

a) Voiced sound —> vi&ra’:{' % T
A)Ulwoiucl swund w‘:-pui::!:c e:—e;":‘w

Source —> | Filter | —> Speech

https://www.youtube.com/watch?v=X JvfZiGEek



https://www.youtube.com/watch?v=X_JvfZiGEek

Amplitude
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How do we produce speech?

20

o

Pitch period > 49| £

Speech Production Model

Source-filter model
* Lung

® Power supply

(OF~\ OfF )

® Glottis = vocal cords = vocal folds

® Modulator (= source = excitation)

® Voiced sound : quasi-periodic
- * Unvoiced sound : noisy
Vo::fa vow wr‘
: Froct Pre modd. ® Vocal tract (from vocal folds to lips)
G) Voiced seund —> Vibrokm e‘% * Filter
. vocal conds
A)Ulwonucl swund Quasi-pariedic exeilalis

Source —>» | Filter | —> Speech

https://www.youtube.com/watch?v=X JvfZiGEek



https://www.youtube.com/watch?v=X_JvfZiGEek

How do we produce speech?

Speech Production Model: Linear Prediction

Linear prediction Source-filter model
® Representation of speech ®* lung
® Weighted sum. of previous samples. ® Power supply

L s(n) = Lla(k)s(n—k)
® (Glottis = vocal cords = vocal folds

® Prediction error ®* Modulator (= source = excitation)
®* Time-domain ® Voiced sound : quasi-periodic
* e(m)=sm)-35m) =sn)—Xr_ alk)s(n—k) ® Unvoiced sound : noisy
*  Minimizing mean square error ® Vocal tract (from vocal folds to lips)
* argminE {||s(0) - 55_, atk)s(n — )|’} * Filter
ag

fil (1t
||r|I Source —> Filter —> Speech




How do we produce speech?

Speech Production Model: Linear Prediction

Linear prediction Source-filter model
® Representation of speech ®* lung
® Weighted sum. of previous samples. ® Power supply

L s(n) = Lla(k)s(n—k)
® (Glottis = vocal cords = vocal folds

® Prediction error ®* Modulator (= source = excitation)
®* Frequency-domain ® Voiced sound : quasi-periodic
* E@=S&-Xh alk)z*S(z) ® Unvoiced sound : noisy

= S(Z)(l — 22:1 akz_k) '
® Vocal tract (from vocal folds to lips)

5 b * Filter
4 zZ
® S(Z) - 1_2z=1 akZ_k - A(Z) - E(Z)H(Z)

Source —> | Filter | —> Speech

° 201log|S(z)| = 201og|E(2)| + 201og|H(2)|




How do we produce speech?

Speech Production Model: Linear Prediction

140

120} 201log|E(2)|
5100’ g
& 80
=
60 5
0 > 4 6 8 10 12 ® Glottis = vocal cords = vocal folds
Freq. (kHz)

® Modulator (= source = excitation)
® Voiced sound : quasi-periodic

® Unvoiced sound : noisy

Source
201log|E(2)]



How do we produce speech?

Speech Production Model: Linear Prediction

140

~"2[FQ 201log|E(2)|
3100*

‘ ® Glottis = vocal cords = vocal folds
Freq. (kHz)

® Modulator (= source = excitation)

® Voiced sound : quasi-periodic

® Unvoiced sound : noisy

Source
201log|E(2)]



How do we produce speech?

Speech Production Model: Linear Prediction

20log|H(2)| T

W
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6
Freq. (kHz)
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20log|H(2)|
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Vocal tract (from vocal folds to lips)

Filter

Filter




How do we produce speech?

Speech Production Model: Linear Prediction

20log|H(2)| T

| [ ]
40 . ! .

Vocal tract (from vocal folds to lips)

1L . .
i - - Filter
Freq. (kHz)

20l0g|H()| Filter




How do we produce speech?

Speech Production Model: Linear Prediction

140

_120/gq 201log|E(2)|

m
100

0 2 4 6 8 10 12 ® Glottis = vocal cords =~ vocal folds
Frea. (Kt2) ® Modulator (= source = excitation)
“F1 ' | ' ’ * Voiced sound : quasi-periodic
“F2 F3 201og|H(2)| 7

® Unvoiced sound : noisy

® Vocal tract (from vocal folds to lips)
0 I2 él‘r é é 1‘0 12 ¢ Filter
Freq. (kHz)

Source i
201og|E(2)| + 20log|H(2)| —> | Filter




How do we produce speech?

Speech Production Model: Linear Prediction

140

~"2[FQ 201log|E(2)|
100

Freq. (kHz)

20log|H(2)| T

Freq. (kHz)

Source i Speech
201og|S(2)| = 201log|E(2)| + 20log|H(2)| —>| Filter |—> Sp
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How do we produce speech?

Speech Production Model: Linear Prediction

140

1201 201log|E(2)|

Freq. (kHz)

QF2F3 fq 2010g|H(2)]

Freq. (kHz)

201og|S(z)| = 201log|E(2)| + 201log|H(2)|

Freq. (kHz)

Source —>» | Filter | —> Speech




Summary

Pitch Period (or FO) 2} Linear Prediction = & 7|5l FA| 2!
140 T T T T : . .
Pitch per
sz 2010glE(D)| | itch period | | |
S 100| ] ® lLong-term period of speech (time-domain)
8.7 80
=
GOMWWWWWWW Fundamental frequency (FO)
40 g - ! § '
0 2 4 Freqlﬁ(kHz) 8 10 12 * 1/ PP (frequency-domain)
“F1__ | | | | :
©F2 F3 £4 201oglH(z)| Harmonic spectrum

®* Multiple peaks of speech spectrum
(interval=FO0)

° ? S, P o 12 Formant frequency (F1, F2, ...)

® Vocal tract resonance



Summary
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Pitch Period (or FO) 2} Linear Prediction = & 7|45l 4|2

P ]

Source-filter model

201log|E(2)|

® Glottis = vocal cords = vocal folds

)
B
-
o

® Excitation = linear prediction residual

o _‘2_ . . 5 p 10 1 - Vocal cords movement determines FO
60F1 T T \ T T
= "@E2F3 fq 20l0glH ()| |
T 20 -
g of
=
-20
-40

0 2 4 6 8 10 12
Freq. (kHz)



Summary

Pitch Period (or FO) 2} Linear Prediction = & 7|45l 4|2

(o]

140

_120(FQ 201log|E(2)|

m
T100}

Source-filter model

® Vocal tract (from vocal folds to lips)

® Linear prediction filter

20log|H(2)| T

2 , L ‘ . , | - LP spectrum determines fomant structure
_________ o
Freq. (kHz) (OFN O\ O 2N 2N\




Summary

Source

- Vocal folds
- Excitation
- LPresidual

Filter
Vocal tract
LP coeff.

Speech
=e(n) * h(n)

Normalized coeff. Amplitude

Amplitude

Time-frequency analysis of speech production model

x10*
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Source
Vocal folds
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LP residual

Filter
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Vocoding model

————

Acoustic Vocoder —> Output Speech

Parameters




Recall

Text-to-speech (TTS) &t 7| A7} At H HIAEE A== 7|=YL|C

Acoustic Parameter (M 24 ASE MM

—_———

Input Text Al\c/l(;léjsgic PQ’%?TLWJSFQCFS —> Vocoder —> OUtDUt Speech

Acoustic Parameters

Output Speech




Recall

Source

- Vocal folds
- Excitation
- LPresidual

Filter
Vocal tract
LP coeff.

Speech
=e(n) *h(n)

x10* .
o 2t e(n) -
% 8 T
ey f
0 5 10 15 20

Time (ms)
60 ; : :

g;gi 2010g|H(Z)|7

201
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Recall

LP coefficients 40 7

Source
Vocal folds
Excitation
LP residual

Amplitude

10 15 20
Time (ms)

Filter
Vocal tract
LP coeff.

Mag. (dB)

6 8 10 12
Freq. (kHz)

Speech
=e(n) *h(n)

Amplitude

T T

10 15 20
Time (ms)

Normalized coeff.

Filter



Recall

Source
Vocal folds
Excitation
LP residual

Filter

Vocal tract

LP coeff.

Speech
=e(n) *h(n)

Amplitude

Amplitude

LP coefficients 40 7§ + Excitation 20 ms

Time (ms)

x10%
1‘5 20 0 5 16 15 20
Time (ms)

20loglH(2)] I RN |
20log|H(2) |1 2 5 ‘ “ ‘ ‘ ]
IS | O 6 90 Y
N e

z ‘ . ‘

8 10 12 “ 5 10 15 20 25 30 35 40

Freq. (kHz)

15 20

Time (ms)

Source

Filter



Recall

LP coefficients 40 7l + Excitation 20 ms (approximation using pitch period)

Source e
Vocal folds 3
Excitation &
LP residual E
2 Pitch period
0 5 10 15 20
Time (ms)
60 T T T T
_. 40} 201log|H(2)|/
Filter % 20F 4
Vocal tract

LP coeff g 0f
=

Speech
=e(n) *h(n)

2 4 6 8 10 12
Freq. (kHz)

5 Pitch period 20

-IIIIIU 19y

Amplitude

Normalized coeff.
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Recall

Source e
Vocal folds 3
Excitation _é_

LP residual =
-2
60
__ 40

Filter % 20F

Vocal tract

LP coeff g 0f
=

Speech
=e(n) *h(n)

Amplitude

LP coefficients 40 7l + Excitation 20 ms (approximation using pitch period)

Pitch period

() 10 15 20
Time (ms)

201log|H(2)|/

2 4 6 8 10 12
Freq. (kHz)

5 Pitch period 20

-IIIIIU 19y

Amplitude

Normalized coeff.

Amplitude

x10%
| _Pitch period
0 5 10 15 20
Time (ms)
L IR
[ ] l I 1 [
0 5 10 15 20 25 30 35 40
Order
x10* | | |
0 5 1‘0 1‘5 20

Time (ms)
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Filter
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Parametric LPC synthesis

LP coefficient 2} approximated excitation = 0|25 4= Ots 4= Q& LT

x10°
g pitch o ?f | Source
| | 1111 S
_— | 7R i Vocal tract = . . . . . .
LA P impulse train \_V transfer function [=3
;w’71 ,’ / - » ..6__. excitation 1 . E I _I
? em) L) 2 Pitch period
Vocal souy/g? R i uv | Synthetic s . ,
1‘\@*"”/}“' Gaussian noise gam :”:Z:; 0 5 . 10 15 20
I«p el | Vocal source P Time (ms)
,:;‘—*J | Diiegm
< 4 : :
' =
o
Filter
EO 7T ? II > . TT ?T $T$ fo 90 .0
s || IT1 | [+ b4
E2
o
Z 4 L 1 L 1
0 5 10 15 20 25 30 35 40
Order
x10*
o 2f 7
s
=3 1 Speech
£
) ]
0 5 10 15 20

Time (ms)



Parametric LPC synthesis

LP coefficient 2} approximated excitation 2 0| Z5l{A SME 0OLS 4= Ql&L|CH

x10*
pitch o 2/ 1 Source
©
1 :
— 0 A A A A A A
impulse train \_V o
!-( Xcitation E I_I
A ° ? e(n) 2T Pitch period
uv 1 |
Gaussian noise gain 0 5 . 10 15 20
Time (ms)

Vocal source

Excitation parameters
®  Pitch period (or FO)
®  Voicing flag —_

A Gain

Composing
Excitation




Parametric LPC synthesis

LP coefficient 2} approximated excitation 2 0| Z5l{A SME 0OLS 4= Ql&L|CH

Spectral parameters

. LP coefficients

Vocal tract

transfer function

Excitation 3

v e(n) 1-A(2) §(n)
Synthetic
output
speech
LPC Output
Synthesis speech

A L1 ] g

Normalized coeff.

N

0 5 10 15 20 25 30 35 40

Order

Amplitude

0 5 10 15 20

Time (ms)

Filter

Speech



Parametric LPC synthesis

LP coefficient 2} approximated excitation 2 0| Z5l{A SME 0OLS 4= Ql&L|CH

x10*
o 2f Source
E
Vocal tract = 0 A I A A A A
transfer function o I I
excitatioq 1 R E
(% e@) P 21 Pitch period 1
Synthetic . L |
Iw gﬂ,\@iﬁ"' o Gaussian noise gain :::Z:; 0 5 ) 10 15 20
M Vocal source Time (ms)
-\‘\‘1‘7"’ - 4 T T T T T T
: =
)]
[ Ll |
_____________________________ Filter
, RN , S 8 ?T ? I o TT ?T T fo 90 .0
Lo ’ \ ST I 5 [F3
| Excitation parameters 1| | o 271 1 l “ 1 l |
1 . . 11 5
I ] Pitch period (or FO) 11 : z, ‘ . ‘ .
1 11 . B
| *  Voicing flag N Composing BN LPC 'S Output 0 S 10 15 Ofdoer 25 30 35 40
: , 17| Excitation Synthesis | 1~ speech .
L * Gain ol I x10
|
11
: Spectral parameters 1 : © 2r 7
| . (| =1
v ®  LP coefficients AN ) = ' Speech
S . e e e e o ___ _7 N . e e e e e e e - £
<l ]
Acoustic Voczde.r ‘ ‘ ‘
parameters synthesis 0 5 10 15 20

Time (ms)



Parametric LPC synthesis

LP coefficient 2} approximated excitation 2 0|25 A M S 0HE 4= 915

p1tc11

Vocal tract Recorded SpGECh
» impulse train ?rapsfer function

/ -‘“l excitation 1
Esoptagus o r >
’—7/ Ol bl o i o
e(n
Vocal sdu g? X Synthetic
Q" gain output )
\\ Gaussian noise speech
I«p 'u) ‘ E Vocal source P
,r'—l—‘_\f\' __—— Disphragm
Pt ~ N e N
’ ’ \

Excitation parameters |
|

®  Pitch period (or FO) 1

|

1

|

[ |
1 1
1 1
I I .
I ® Voicing flag 15| Composing LPC Output
! ) "1 Excitation K Synthesis | i~ speech
: i Gain : : 1
| [ | !
, Spectral parameters 1 :
1
\ & LP coefficients /N )
S . e e e e o ___ _7 N . e e e e e e e P
Acoustic Vocoder

parameters synthesis



Parametric LPC synthesis

LP coefficient 2} approximated excitation 2 0| Z5l{A SME 0OLS 4= Ql&L|CH

p1tc11

Vocal tract
» impulse train transfer function

/ ) excitation 1
Esoptar ’71 Oral or buscal o A o)
Vocal sou g? X Synthetic
" gain output
\\ Gaussian noise speech
'ﬁ“ o | Vocal P
ey | - ocal source
’d_“\\ e gm
Generated speech
Pt ~ e N
’ Mo \

Excitation parameters |
|

®  Pitch period (or FO) 1

|

1

|

[ |
1 1
1 1
I I .
I ® Voicing flag 15| Composing LPC Output
! ) "1 Excitation K Synthesis | i~ speech
: i Gain : : 1
| [ | !
, Spectral parameters 1 :
1
\ & LP coefficients /N )
S . e e e e o ___ _7 N . e e e e e e e P
Acoustic Vocoder

parameters synthesis
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Parametric LPC synthesis

LP coefficient 2| approximated excitation =

Excitation parameters
° Pitch period (or FO)

* Gain
Spectral parameters

. LP coefficients

Acoustic
parameters

|
1
1
I .
*  Voicing flag :; Composing N LPC
:
1
1
1

Vocal tract

transfer function

excitatioq 1
1-Az)
? e(n)

s(n)

Synthetic
Gaussian noise gain output
speech
Vocal source
- TETTm T TEEE ~
\
\
|
|
|
'S Output
Excitation Synthesis | i~ speech
|
|
|
|
1
N e L _____ ,’
Vocoder
synthesis

Of

Low-tone



Parametric LPC synthesis

LP coefficient 2} approximated excitation 2 0| Z5l{A SME 0OLS 4= Ql&L|CH

Vocal tract
transfer function

excitatioq 1 R
ew) AT Em)
Synthetic

Lumg output
( ,;;“ ﬁ!»-f*“" Gaussian noise gain P

| ;‘,\\\)W | speech
’::‘AJ‘ | - Vocal source
// _____________ ~a // ________________ S
| Excitation parameters | | |
| [ |
I ®  Pitch period (or FO) 11 |
1 hl .
e Voicing flag 15| Composing LPC .~ Output
! , "1 Excitation K Synthesis | i~ speech
: i Gain : : ]
| .
: Spectral parameters : : ! High-tone
1 X :
v * LP coefficients RN )
S . e e e e o ___ _7 N . e e e e e e e P
Acoustic Vocoder

parameters synthesis
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Parametric LPC synthesis

LP coefficient 2 approximated excitation =

Excitation parameters
®  Pitch period (or FO)
®  Voicing flag
* Gain

Spectral parameters

. LP coefficients

N e e e e e e e o == P

Acoustic
parameters

» impulse train \_V

pitch

Vocal tract
transfer function

excitatioq 1
1-Az)
? e(n)

s(n)

Synthetic
Gaussian noise gain output
speech
Vocal source
- TETTm T TEEE ~
/ \
\
|
|
|
Composing N LPC 'S Output
Excitation Synthesis | i~ speech
|
|
|
|
1
N e L _____ ,’
Vocoder
synthesis

OlEsiM &d=

BHS 4 Qltct

AN

Spectral parameters

How to extract LP coefficients ?
e 3(n)= i=1 a(k)s(n — k)

* e =sm) -3 =sm) — X, alk)s(n—k)

Minimizing mean square error
® argminE {”s(n) -3 _alk)s(n — k)||2}
ag

® |levinson-Durbin recursion

Parameterization
® Line spectral frequency (LSF)
® Mel-generalized cepstrum (MGC)

® Mel-spectrum



Parametric LPC synthesis

LP coefficient 2} approximated excitation 2 0| Z5l{A SME 0OLS 4= Ql&L|CH

Excitation parameters

pitch

® Approximation methods
. ' i Vocaltract_
impulse train ™V exc};aﬁggef function . ® Pulse or noise (PoN)
E A s(n . . .. .
v ? e(m) synfhlﬁc ® Pitch period, voicing flag, gain
| \ ol — Lumg . ! i output . . .
IS Gausslan noise o speech *  Mixed excitation (STRAIGHT, WORLD)
—E%i*; | — Vocal source
—~ ® Pitch period, voicing flag, gain
® Band aperiodicity
SoTTTTTEEETEES ~a o TTTTTEETEEEEEEE S
¢ ¢ \

Excitation parameters
®  Pitch period (or FO)

[ |
1 1
1 1
I I .
I ® Voicing flag 15| Composing LPC Output
! ) "1 Excitation K Synthesis | i~ speech
: i Gain : : 1
| [ | !
, Spectral parameters 1 :
1
\ & LP coefficients /N )
S . e e e e - / N . e e e e e e e P
Acoustic Vocoder

parameters synthesis



Summary

=4 71 1: Pitch period (or F0), formant
=4 1Y 2: Speech production model, linear prediction

=4 l'd 3: Parametric LPC vocoder

————

Acoustic Vocoder F—> Output Speech

Parameters
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Vocoding model

Autoregressive WaveNet vocoder

————

Acoustic Vocoder —> Output Speech

Parameters




WaveNet synthesis

Il

Neural network = sample =22 8 AMS = 242 4= &L CH

oupt @ @ O O 00000 OCOCOOGOO®EOGES®

Hidd
s 0 0000000000000

Hidd
et OO0 0000000000000

e @0 0000000000000

npt @ @ O 0000000000 O0C0O0O

AN S A=E WSS O A Sd A=E 2 ARSI T
Ol2iet &'¥= Autoregressive Model 2t Zo|Et|Ct.

£ https://deepmind.com/blog/article/wavenet-generative-model-raw-audio



WaveNet synthesis

o
ko
ol
I
dh
atlo
gy

WaveNet

® A.Van den Oord, et. al., “WaveNet; a generative model for raw audio,” CoRR
abs/1609.03499, 2016.

® The first TTS algorithm that generates signal with a sample-by-sample manner

Properties
® Turn regression task into classification task (Speech is quantized to 8 bits (256 classes))
® Directly predicts the distribution of next sample, given condition and previous samples
® Maximize likelihood
* () =ITf=1p(xelxy, -+, x¢1)
Key features
® Dilated causal convolutions
® Softmax distribution
® Gated activation units
® Residual and skip connections
® Conditional WaveNets



WaveNet synthesis

ZQ33 ... o]ES =& .

Dilated causal convolution
® Stacked dilated convolution: 1, 2, 4, 8, 16, ...

.(D - Output
T B e Dilation = 8

Hidden Layer
Dilation = 4

Hidden Layer
Dilation = 2

Hidden Layer
Dilation = 1

Input

Softmax distributions
® 8 bit (256 level) mu-law companding transformation

. In(1+plx])
° f(xe) = sign(xt) ()



WaveNet synthesis

o
ko
ol
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oy

Gated activation units
® z=tanh(W *x) O 6(Wy  * X)

Residual and skip connections

Skip-connections

k
| e g g g g ey g g N

Conditional WaveNets
o p(th) = ’11;:1 p(xtlxl;"';xt—1;h)
® z=tanh(Wpy *x+Vf,h)OS(W,, *x +V, th)



WaveNet synthesis
End-to-end = O}l L|CIBE .

220 = Vocoder 2Z0| OlL|2} End-to-end TTS B&= A2 L Q&S LCH

Linguistic features —> Duration —> Duration
(phoneme-level) Model
Linguistic features ——> Acoustic —> Log-FO
(frame-level) model

” _____________ \\I

! |

I Linguistic features ———

Output

: Log-F0 —> WaveNet > P
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£ A. Van Den Oord, et al., “WaveNet: A generative model for raw audio,” CoRR abs/1609.03499, 2016.



WaveNet synthesis

Input Condition 2= Acoustic Parameter = 2015/ 0f B| =4 Vocoder /| & L|Ct.

Acoustic LPC
Parameters > Synthesis —> Output Speech
Parametric LPC vocoder
WaveNet vocoder
————
Acoustic WaveNet
Parameters — > Synthesis —> Output Speech

Zx{: A. Tamamory, et. al., “Speaker-dependent WaveNet vocoder,” in Proc, Interspeech, 2017.



WaveNet synthesis

Input Condition 2= Acoustic Parameter = 2 0{F/0f | =4 Vocoder /| & L|Ct.

Acoustic LPC
Parameters —> Synthesis —> QOutput Speech
Parametric LPC vocoder
WaveNet vocoder
—— ——
Input Text —| Acoustic |~ Acoustic ] WaveNet | 5 oyiput Speech
Model Parameters Synthesis

ZX{:J. Shen, et. al., “Natural TTS synthesis by conditioning WaveNet on mel spectrogram predictions,” in Proc. /ICASSP, 2018.



WaveNet synthesis

Table 1: Comparative methods of waveform synthesis; spectrum

Parametric LPC Vocoder ECt €55 22 HMsE2 EO

envelop was extracted by STRAIGHT analysis.

Comparative Source of Waveform
Method mel-cepstrum Synthesis
Plain-MLSA STFT MLSA filter
STRAIGHT- Spectrum MLSA filter
MLSA envelop
Plain-WaveNet STFT WaveNet
STRAIGHT- Spectrum WaveNet
WaveNet envelop
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Figure 3: Sound quality of synthesized speech

Training data: 1 hour per each speaker

Zx{: A. Tamamory, et. al., “Speaker-dependent WaveNet vocoder,” in Proc, Interspeech, 2017.



WaveNet synthesis

Table 1: Comparative methods of waveform synthesis; spectrum
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Recall: Parametric LPC vocoder
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Recall: WaveNet vocoder
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Recall: WaveNet vocoder
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Neural excitation vocoder
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Neural excitation vocoder
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Neural excitation vocoder
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Neural excitation vocoder
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Summary
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WaveNet Vocoder € & 7|4

Autoregressive WaveNet vocoder

_ ® Sample-by-sample generation
Acoustic WaveNet Output
Parameters — > Synthesis > Speech *  p&h) = [Ifz; p(xelxq, -, %1, h)

®* h: Conditional acoustic parameter

Oupnt @ @ @ @ @ @ © @ © @ @ @ @ @ @ . .
Neural excitation vocoder

Hidgen ®* WaveNet + LPC synthesis
®* GlottNet, ExcitNet, LP-WaveNet ...

Hidden

Layer
Hidden Similar approaches
Layer
®* WaveRNN, SampleRNN vocoder
nnt @ O 0O 0000000000000 * RNN-based generation (cf. WaveNet: CNN)

® L|PCNet: WaveRNN + LPC synthesis
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Vocoding model

Non-autoregressive WaveNet synthesis
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£ https://deepmind.com/blog/article/wavenet-generative-model-raw-audio



Parallel WaveNet

=4 A== Parallel 2412 = 0f|=5t= 2% Non-autoregressive Model
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Z£2{: A. van den Oord, et al., “Parallel WaveNet: Fast high-fidelity speech synthesis,” in Proc, /ICML, 2018.



Parallel WaveNet

=4 A== Parallel 2412 = 0f|=5t= 2% Non-autoregressive Model

O -

Teacher Cutput

WaveNet Teacher P(zi|z<:)

Linguistic features ---- -+

T 1 T T T Generated Samples
¢ 0 Q0000 Q0 00O 000 z; = glz;]ze5)
/c:- nt ut
WaveNet Student : P(z;]2:)
Linguistic features ----+ | O
o
T r T r T Input noise
000000000000 0000 Z4

Autoregressive WaveNet (=Teacher) 222
Non-autoregressive Parallel WaveNet (=Student) 2E20| iR =5 =&

Z£2{: A. van den Oord, et al., “Parallel WaveNet: Fast high-fidelity speech synthesis,” in Proc, /ICML, 2018.



Parallel WaveNet
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Z£2{: A. van den Oord, et al., “Parallel WaveNet: Fast high-fidelity speech synthesis,” in Proc, /ICML, 2018.



Parallel WaveNet
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Z£2{: A. van den Oord, et al., “Parallel WaveNet: Fast high-fidelity speech synthesis,” in Proc, /ICML, 2018.



Parallel WaveGAN

= 42 = Parallel 242 = 0| =5kH= 22 Non-autoregressive Vodel

Lp(G, D) = Eonpg,,, [(1-D(@))*]+Exp, [D(G(2,h))*]
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£ R. Yamamoto, et al., “Parallel WaveGAN: A fast waveform generation model based on generative adversarial networks with multi-resolution
spectrogram,” in Proc, ICASSP, 2020.



Parallel WaveGAN
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Parallel WaveGAN

Engineering Day 2020



Parallel WaveGAN
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Summary

Autoregressive 44 &1 Non-autoregressive Ad BIH S &4 7|

Autoregressive vocoder
® Sample-by-sample generation

*  pxh) = [T p(xelxy, -+, xe—1, h)
®* h: Conditional acoustic parameter

. =M=

ol

Non-autoregressive vocoder

® Parallel generation

° p(x|h) = [T{=1 p(x¢|21, -+, Ze—1, h)
® z: Random variable

®* h: Conditional acoustic parameter

Teacher-student distillation
®* Parallel WaveNet, ClariNet

GAN-based approaches
® Parallel WaveGAN
®* MelGAN, VocGAN, Hi-Fi GAN
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Statistical parametric speech synthesis
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Recall

Acoustic model 2 Text 25 E] Acoustic Parameter & =% 5}= <lgt

Acoustic LPC
Parameters —> Synthesis —> QOutput Speech
Parametric LPC vocoder
WaveNet vocoder
—— ——
Input Text —| Acoustic |~ Acoustic ] WaveNet | 5 oyiput Speech
Model Parameters Synthesis

Tacotron 2

ZX{:J. Shen, et. al., “Natural TTS synthesis by conditioning WaveNet on mel spectrogram predictions,” in Proc. /ICASSP, 2018.



Overview

Acoustic model 2 Text 25 E] Acoustic Parameter £ %% 5t= <3< SHL|CH

Statistical parametric speech synthesis End-to-end speech synthesis
® Simple deep learning model (FF+LSTM) ® Seg2seq model
I?&Jtt Dl\ljlfctji;n l?g)?tt —>|  Encoder
Upsampling Attention
A&%LAS::C — PaAr%?rl\Jg‘Eiecrs Decoder —> PaAr%(?rleéFeCrs




Statistical parametric speech synthesis (SPSS)
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Statistical parametric speech synthesis (SPSS)

Text analyzer: Generates phoneme-level linguistic features (Phoneme: 822
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Statistical parametric speech synthesis (SPSS)

Duration model: Predicts phoneme duration
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Statistical parametric speech synthesis (SPSS)

Linguistic upsampler: Generates frame-level linguistic features
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Statistical parametric speech synthesis (SPSS)

Acoustic model: Predicts frame-level acoustic parameters
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Statistical parametric speech synthesis (SPSS)

N Innovation Award 2020

Acoustic model: Predicts frame-level acoustic parameters
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End-to-end speech synthesis

(Text) Encoder 2} (Acoustic Parameter) Decoder = 2H=11, Attention 2= Alignment = &0f=H = L|CH

Input
Text

ZX{:J. Shen, et. al., “Natural TTS synthesis by conditioning WaveNet on mel spectrogram predictions,” in Proc. /ICASSP, 2018.
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End-to-end speech synthesis

(Text) Encoder 2+ (Acoustic Parameter) Decoder = ZH=11, Attention 2= Alignment £ &0f=H
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Seqg2seq model with attention

Autoregressive acoustic model

ZX{:J. Shen, et. al., “Natural TTS synthesis by conditioning WaveNet on mel spectrogram predictions,” in Proc. /ICASSP, 2018.
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(Text) Encoder 2} (Acoustic Parameter) Decoder =

Input
Text

ZX{:J. Shen, et. al., “Natural TTS synthesis by conditioning WaveNet on mel spectrogram predictions,” in Proc. /ICASSP, 2018.

End-to-end speech synthesis

OFS 1, Attention 22 Alignment 2 20+ H

Liner
Projection
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_____________________ -
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Character |, Conv Encoder i
Embedding | | Layers LSTM '
- | Y : Decoder
_____________________ bd / -
\\4 {\ d
. Decoder
Attention [~ >
| LST™
1
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I PreNet
\
System MOS
Parametric 3.492 4+ 0.096
Tacotron (Griffin-Lim) 4.001 + 0.087
Concatenative 4.166 £+ 0.091
WaveNet (Linguistic) 4.341 £+ 0.051
Ground truth 4.582 £+ 0.053

Tacotron 2 (this paper)

4.526 £ 0.066

Table 1. Mean Opinion Score (MOS) evaluations with 95% confi-
dence intervals computed from the t-distribution for various systems.
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(Text) Encoder 2} (Acoustic Parameter) Decoder =

Input
Text

ZX{:J. Shen, et. al., “Natural TTS synthesis by conditioning WaveNet on mel spectrogram predictions,” in Proc. /ICASSP, 2018.

End-to-end speech synthesis
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Fig. 2. Synthesized vs. ground truth: 800 ratings on 100 items.

UL

=

Acoustic

> Parameters



End-to-end speech synthesis

(Text) Encoder 2} (Acoustic Parameter) Decoder = ZF=1!, Duraion Model = Alignment £ &0f=H = L|CH
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£2{: T. Okamoto, et al., “Tacotron-based acoustic model using phoneme alignment for practical neural text-to-speech systems,” in Proc. ASRU, 2019.



End-to-end speech synthesis
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£2{: T. Okamoto, et al., “Tacotron-based acoustic model using phoneme alignment for practical neural text-to-speech systems,” in Proc. ASRU, 2019.



Summary
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Statistical parametric speech synthesis End-to-end speech synthesis
® Simple deep learning model (FF+LSTM) ® Seg2seq model
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Summary

Acoustic model 2 Text 25 E] Acoustic Parameter = =4 5l= ¢at= SrL|C}

Statistical parametric speech synthesis
¢ Simple deep learning model (FF+LSTM)

End-to-end speech synthesis
® Seg2seq model
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Summary

Acoustic model 2 Text 25 E] Acoustic Parameter £ =% 6}= &= SHL|C}

Statistical parametric speech synthesis End-to-end speech synthesis
® Simple deep learning model (FF+LSTM) ® Autoregressive models

®* Tacotron 1, 2

®* Transformer

®* Non-autoregressive model

® FastSpeech 2, Parallel Tacotron
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Summary
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