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Pitch period
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Formant frequency
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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

ro

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

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
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® 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
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Filter

Filter




How do we produce speech?

Speech Production Model: Linear Prediction
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How do we produce speech?

Speech Production Model: Linear Prediction
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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
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How do we produce speech?

Speech Production Model: Linear Prediction
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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
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Summary

Pitch Period (or FO) 2} Linear Prediction = & 7|5l FA| 2!
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® Vocal tract resonance



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

201log|E(2)|

® Glottis = vocal cords = vocal folds
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® Excitation = linear prediction residual
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Summary

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

- Vocal folds
- Excitation
- LPresidual

Filter
Vocal tract
LP coeff.

Speech
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LP coefficients 40 7

Source
Vocal folds
Excitation
LP residual

Amplitude
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Recall
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Recall

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

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

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

x10*
pitch o 2/ 1 Source
©
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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
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output
speech
LPC Output
Synthesis speech
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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
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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
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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
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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 ~
\
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|
|
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'S Output
Excitation Synthesis | i~ speech
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N e L _____ ,’
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Low-tone



Parametric LPC synthesis

LP coefficient 2} approximated excitation 2 0| Z5l{A SME 0OLS 4= Ql&L|CH
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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
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/ \
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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
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Parametric LPC synthesis

LP coefficient 2 approximated excitation =

Excitation parameters
®  Pitch period (or FO)

* Gain
Spectral parameters

. LP coefficients

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

Acoustic
parameters
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Vocal tract
» impulse train V transfer function

excitation 3 R
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Output
| Excitation Synthesis | i~ speech
1
1
! :
! 1
I 1
/ \\ ________________ //
Vocoder
synthesis

O|83siM 8= U= &+ AsULL

o — AN

Excitation parameters

® Approximation methods

Pulse or noise (PoN)

® Pitch period, voicing flag, gain

Mixed excitation (STRAIGHT, WORLD)

® Pitch period, voicing flag, gain

® Band aperiodicity

Time-frequency trajectory excitation (TFTE)
® Pitch period, voicing flag, gain

® Slowly evolving waveform

® Rapidly evolving waveform



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
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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
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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

I , Speech

i (sample-level) , |_)

I\ /,

Conditional
Features

£ 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.
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ZX{:J. Shen, et. al., “Natural TTS synthesis by conditioning WaveNet on mel spectrogram predictions,” in Proc. /ICASSP, 2018.
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Table 1: Comparative methods of waveform synthesis; spectrum
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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.
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Neural excitation vocoder
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ZXx{: E. Song, et. al., “ExcitNet vocoder: A neural excitation model for parametric speech synthesis systems,” in Proc. EUSIPCO, 2019.
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ZXx{: E. Song, et. al., “ExcitNet vocoder: A neural excitation model for parametric speech synthesis systems,” in Proc. EUSIPCO, 2019.
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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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Parallel WaveNet

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

Teacher Output

WaveNet Teacher P(zi|z<:)

Linguistic features ---- -+

t | t f I Generated Samples

¢ 0 Q0000 Q0 00O 000 z; = glz;]ze5)

t 1 f f 1 .

JC:- nt Ot
WaveNet Student ) P(z;|22:)

Linguistic features ----+ | O

o

T r T r T Input noise

000000000000 0000 Z4

WaveNet & 55 ZA|Z S| Z5t7| flal A=l &0
Non-autoregressive T+Z2| Parallel WaveNet 2/L|C},

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

i
J—
. D
—

WaveNet Student

Linguistic features ---- =

o o o o |— 0

B
—_—
—
—_—

T Input noise
0 0000000000000 O0D0 Z4

Non-autoregressive Parallel WaveNet = 2=
HH SEE AESIA| 22 W S0 Aleto] s Lt
(12 2488 2 0.02% 0| MM 7Hs)
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Parallel WaveNet

Autoregressive vs Non-autoregressive
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Parallel WaveGAN
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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
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Parallel WaveGAN
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spectrogram,” in Proc, ICASSP, 2020.
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Parallel WaveGAN

3. Multi-resolution STFT Loss 2 842 Z212 ¢ =0|1
AZH-FOM 20| A A =7t CHE 042 7H2| Loss =2| H+O0|Ct.
O|ttf, Loss = 571X |2 4=l

~N
Generated Samples < - Real Samples
000000000 QC0 0000 z; = glz;]ze5)
WaveNet Student (@ 2 cccococooooo o0 I (m)
rnr_stft nlf btft

m=1

L.Stft (G) = Ezm'pzsm""pduia I:L.Sc(x" i) + L.mag(:r" jj)]

! ! I t f  InputNoise 7 (z,&) = \/Zt-.f(le.-f| - |Xt-.f|)2

000 0000000000000 2 ' 1/th|th|2

St Nlog|Xe.z| — log|Xe |
T -N

Lma.g(xs :B) =

£ 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

3. Multi-resolution STFT Loss 2 &8 482 ¢ =0|12,

AZH-ZI44 201 M SHAE 2} CHE 0f2] 42| Loss S2| T olc
0|}, Loss = S22 TA e/
SHLt= Oflq|7} 2 P22 2oy D

|ISTFT(x)| — ISTFT(%)|

12000 WWW y - - & | ij , 12000

Rl R | : R o

8000 | ! % ;-‘ 2 ! .aw". - -2

a4 i: 4 4 | P 5

¥ 6000 * g £2 5 - . fo( Xff| - |Xff|)
N ?P { “ s - Lec(z,2) = -

w00 81 X . ‘~ - -8 Zi.f Xt-f|u

,‘__—m - e | e -
Real spg;;trogram SC penalizes large amplitude components

£ 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

3. Multi-resolution STFT Loss 2 S48 £22 ¢ =0|1
A|ZE-F I 20| M i =71 CHE 01 7H2| Loss 2| H+O|Ct,
o|tf, Loss = F7HA| = 4 &=
otLt= OlH A7t 2 +#2+E &0t
CHE Stits O R|7F 2H2 LZ2HS ZOtHTt

|'|

| log|STFT(x)| — log |[STFT(X)||

10000
8000
1

#6000

o g Nlog| Xy | — log|Xe 4|
T -N

e ' 1 Lipag(x, @) =
Real Spectrogram Log STFT loss penalizes small amplitude components

£ 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

4. STFT Loss Of Perceptual Weighting Filter & X231 A

o
rE
i
0H
X
fujo
iy

®)
(o

YT (Wer(Xesl = Kes )2

r I (. #) q
3:': 1/ Et,f |Xt,f|‘
< ..
Lo (o) — 2t oEWes(QoelXe |~ loglX. )
T . =
8 mag T-N
! P
Wiz)=1-) a2 "
0.1 0.2 0.3 0.4 0.1 02 0.3 04 01 02 03 04 k=1
Time (sec) Time (sec) Time (sec)

£2{: E. Song, et al., “Improved Parallel WaveGAN with perceptually weighted spectrogram loss,” in Proc, SLT, 2021.



Parallel WaveGAN

4. STFT Loss Ofl Perceptual Weighting Filter & dEsl{A| St O &S =QIC}.
AOAH HZHZH o2 o 2 S2l= S8

Frequency (kHz)
N w

-

0.1 0.2 03 04 0.1 02 03 04

0.1 0.2 0.3 04
Time (sec) Time (sec) Time (sec)

£2{: E. Song, et al., “Improved Parallel WaveGAN with perceptually weighted spectrogram loss

Ly (z, @) = \/Ei‘f@v"a'x“' — [Xe51))?
JEL; X2

w . Et:f |lﬂ@ﬂg|xt:_¥| - 1‘32|if.f|}|
Lmag{m,m} = TN

]
Wiz)=1-) a2 "
k=1

Jin Proc, SLT, 2021.



Parallel WaveGAN

2. Adversarial Training 22 g8 42 0|12

o
=
3. Multi-resolution STFT Loss 2 84S Z2S ¢ =0|1,
=
=

4. STFT Loss Of Perceptual Weighting Filter

Parallel WaveGAN

Vs st&c 217

RT: 12 S42 44T 1 22l A2t



Parallel WaveGAN

2. Adversarial Training 22 g8 42 0|12

o
=
3. Multi-resolution STFT Loss 2 84S Z2S ¢ =0|1,
=
=

4. STFT Loss Of Perceptual Weighting Filter

Parallel WaveGAN

Vs st&c 217

0.02 RT

RT: 12 S42 44T 1 22l A2t



Parallel WaveGAN

Output -~
x O000O0 - OO ch.1 Residual output

waveform

ch.1
Residual block

RN

ch. 64 | Skip output

Dilated residual block x 30

: ch.64

Skip outputs

ch. 64

Noise 7z QOQOO0OQO - OO ch.1
Acoustic C |:| |:| |:| |:| |:| |:| |:| ch.79 Input  Acoustic
T

Features Features
t=1,2,..

1x1: 1x1 convolution

£ 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

81
’ R (D) i
Parameter > STFTloss [bs .
update S (1%) \ Gradients
v \ w.rt.G
Random noise . A L(Z)\‘ ) /i'\LG
z Generator | X S| STFTloss [s ___>®_a_ll’f
Acoustic feature Parallel g (2n¢)
C > WaveGAN ¢ 1 A
: i
| STFTloss | /
> Mth (M
- (MP) oo

3l Conv-based |ReallFake| Adversarial Lad">® ______________
loss
}‘adv

Natural speech x | Discriminator
Discriminator Lp Gradients
Parameter S >
update loss w.r.t.D

£ R. Yamamoto, et al., “Parallel WaveGAN: A fast waveform generation model based on generative adversarial networks with multi-resolution

spectrogram,” in Proc, ICASSP, 2020.



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

Text analyzer: Generates phoneme-level linguistic features (Phoneme:
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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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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
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End-to-end speech synthesis

(Text) Encoder 2} (Acoustic Parameter) Decoder = H=11, Attention 2= Alignment =

Griffin-Lim reconstruction

Linear-scale
spectrogram

| Seq2seq target
i with r=3

Attention

Attention is applied

| Pre-net | to all decoder steps ' [
I | Pre-net | ' | Pre-net | ' | Pre-net |
Character embeddings < Goaﬂﬁame m D

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.

Tacotron

Z2{:Y. Wu, et al., “Tacotron: Towards end-to-end speech synthesis,” arXiv preprint arXiv:1703. 10135, 2017.
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End-to-end speech synthesis

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

Waveform
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Pre-Net Layers Lineor

Projection

Mel Spectrogram

Stop Token

Location
Sensitive
Attention

Character 3 Conv Bidirectional
hput Text Embeddingl l Layers I | LSTM ]

Fig. 1. Block diagram of the Tacotron 2 system architecture.

A

Tacotron 2

£2]: ). Shen, et. al., “Natural TTS synthesis by conditioning WaveNet on mel spectrogram predictions,” in Proc. ICASSP, 2018.



End-to-end speech synthesis

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

System MOS

Parametric 3.492 + 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.

Tacotron 2

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



End-to-end speech synthesis

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

Tacotron 2 learns pronunciations based on phrase semantics.
(Note how Tacotron 2 pronounces “read” in the first two phrases.)
“He has read the whole thing.”

p 0:01/0:01

H
“He reads books.”

P 0:00/0:00 =—uof)

ZX{: https://google.github.io/tacotron/publications/tacotron2/
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End-to-end speech synthesis

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

Tacotron 2 is somewhat robust to spelling errors.
“Thisss isrealy awhsome.”

p 0:01/0:01

O i

Tacotron 2 is sensitive to punctuation.
(Note how the comma in the first phrase changes prosody.)
“This is your personal assistant, Google Home.”

P 0:02/0:02 e————— o)
“This is your personal assistant Google Home.”

P 0:02/0:02 e—————— o)

ZX{: https://google.github.io/tacotron/publications/tacotron2/
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T. Keiichi, and H. Zen. "Fundamentals and recent advances in HMM-based speech synthesis." Tutorial of INTERSPEECH, 2009.

| £
Z2: A. Hunt and A. Black, “Unit selection in a concatenative speech synthesis system using a large speech database,” in Proc, ICASSP, 1996.

el
|:|
s




All segments

-

Whb s

b9 A il

4
e )

%

P W LLLLk L ((ll ’ul) Z("m’gd(’n I)+Z("Jm”(ul 1» 1)
U W U
, =argminC(¢",u")
—— Targetcost —— Concatenation cost

13 25:
T& 23:

T. Keiichi, and H. Zen. "Fundamentals and recent advances in HMM-based speech synthesis." Tutorial of INTERSPEECH, 2009.
A. Hunt and A. Black, “Unit selection in a concatenative speech synthesis system using a large speech database,” in Proc. /CASSH @

A7 = 2= TTS ME| A0 AFEE = 7=




Navigation
Clova Speaker

SO TTS MB[A2] 90%0| At




Why ?

SO TTS MB[A2] 90%0| At




High-quality, Fast Generation

SO TTS MB[A2] 90%0| At







HDTS

(High-quality DNN Text-to-Speech)



A|ZH

Adaptation

o A

DB &

AL E

o A 2=
=4 8¢

glzid

22 22 22

WaveNet

e

(=)
1 =53

electi

DTS

UTS

HDTS



—_———— —_————

Input Text —>| Acoustic | PaAr%?rL]JgFecrs —>| Vocoder > Output Speech

Model

Acoustic Model + Vocoding Model




arget
Model
t

—————
S Acoustic S Acoustic
Input Text Model Parameters Adapication

Base
Model

1. Speaker Adaptation
100hrs = 4hrs (=5 dlo|g| 4% 0|52 ZA)




Linear Prediction

~

AjxXn-q Xn
. -+
Pt +
ayX,_p 7
c?!

—————
‘ L Acoustic

Excitation Parameters —>] Vocoder [—> Output Speech

WEYEW S
Model

2. LP-WaveNet Synthesis
ot = EA&1 2"l eFAF (MOS 2.3 > 4.5)




Speaker Adaptation
DB =5 4A|Zt

LP-WaveNet H 3
MOS 4.5

UTS + DTS i+ &¢
CPU + 0.012

N H[E 95% &4

N 7[4F90% &4




Line Conference
=Fo| 71 7|¢t, 578 7t (2018.06)




CLOVA Friends i

S FHFE H(o]s] ZHAMIEX|

CHICHS 8t ADRE AD3{

CLOVA WAVE

ZH5ID MHSIAIRER 87|

|%o| AOLE & ClHto|A

‘QOILF \oice

=2 H AIAH 7|2 342 A2 (2018.11)

Clova



Clova

‘@A VVoice
HOH &=A 28 =7 A& (2020.05)

Z2H[| HDTS 7|&2
‘Y'Yl dfdct ‘A Al HO|A




O

i minaver.com 3

NAVER

“3

: C) o[t QIE R A{Tte) AjjeH/
‘ (@I 21 L o) 3 =0l

AZLNG R\
=71 SITIXHSHE SlelsiM|2 bﬂ ‘

29° tf 7 NOW. ‘ c
MEE =M ES NS USE

KOPREAN ENGLISH

Clova



Clova

(B2) MSA 323 ATFE--OfRI01 & U ... oworz

MEFH 52000 93 232 18:42
Y AS A Iy, "Ud &
n H_wl %ﬂ"
MEZH] 771237 2 24XQ1 A% HR 1)
kakaobank SIBICt T7ISARITL A B9 Bl

"7 |G TRI3E, 221 EXTL0| |28 I S0 F= B

THE LR FEM BE B 20123 MW} 2D 4
"o 2" HAOl AT | 45" ZHRE XY 20pTICt
X "Z45| EY" SO0 XY OE0-STUHZ 7|CL...
S| Sha-"012 £ Sh= Ml U

4 MNESZH HR7IALT] >

LIVE LIVE L

BRI212 240 AN 24 .
§o§§74 YTN NEWS o |

Iﬂ/"




Clova

L{H|A|0]41 X Clova

LH X2t 215 X|s HIA

1 H22ANHESE

2 2Mojehyo| e

3 eFNAYE

‘QOILF Voice
H| 0| RA| &= LHH|A|O0]/E QLY (2020. 09)



Input Text —>

Text-to-speech

—————
Acoustic
Model

Acoustic
> Parameters >

————

Vocoder

—> Output Speech

Clova



Recall

Embedding Layers

\ 4

| Attention |

A

Autoregressive Model

Text _/Character Conv. Encoder \
€ LSTM

Decoder Linear
[ LSTM ’ |Projection Posthet

Tacotron 2
\_ Model

Seq2seq model with attention Phoneme Duration §{ ==
Autoregressive acoustic model  Acoustic Parameter 24 A& =7} =0}

WaveNet vocoder CNN 20| 34 H/d3lS

[ WaveNet
"| Decoder

Vocoder
\ /

» \Waveform



Recall

Embedding Layers LSTM

» \Waveform

/ \ 4 N\
Character Conv. I | Encoder ]
Text =

[' Attentlon |J Alignment Failure

x collapse/skip/repeating

A 4

Decoder Linear (l WaveNet
— PostNet >
LSTM Projection L Decoder
Tacotron 2
\_ Model )\ Vocoder

Seqg2seq model with attention Phoneme Duration S| ==

Autoregressive acoustic model  Acoustic Parameter &4 d&t&7t 0+

[}

i)mrm”“

WaveNet vocoder CNN 20| 34 H/d3lS

Attention 22!10| At 2 S2I6tX| 22 M, S 20| Critical 92 &

o

Tacotron 2



Clova HDTS

4 )
ot —] _’[ FC + LSTM ( Conv.

Layers J 'L Layers

Duration Acoustic

N Model D kModeI

4 )
LPC
Synthesis

A

External duration model

Autoregressive acoustic model
LP-WaveNet vocoder

=49 AlZHS Z0|=

Tacotron decoder

HDTS

[ WaveNet
| Decoder

—» \Waveform

Vocoder
\ /

Tacotron 2



Clova HDTS

HDTS

uTs

Serving

HDTS engine
Text Text
DB Analyzer
1
1
1
1
1
1
1
1
1
I
1
¥
Text
DB
UTS engine
” Text
> Analyzer
Input
Text

1

I

1
v

Acoustic

Duration
DB

Duration
DB

Unit
Selection

LP-WaveNet
5 h
Decoder p.;;c

1

1

1

1

1

1

1

1

1

1

1

&

DB
—
Compression spggch
Unit
Concatenation

Output

Speech



Clova

Text-to-speech

— —
Input Text —> AI\CA%L&S;:C —> PaAr%?TL]Jg’EleCrs — Vocoder Output Speech




S QA0 HO|AE Cj3ict

CLOVA Dubbing”

cHEO|AE S350
ot dsd= HeliTMa










Speaker—adaptive neural vocoders for
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