Inter-University Research Institute Corporation / .
Research Organization of Information and Systems Speech synthesis workshop
National Institute of Informatics Vienna, Austria, 2019

Harmonic-plus-noise neural source-
filter waveform model with trainable
maximum-voiced frequency

Xin WANG, Junichi YAMAGISHI
National Institute of Informatics, Japan

Note: Japanese natural waveforms are deleted due to licence reason

contact: wangxin@nii.ac.jp
we welcome critical comments, suggestions, and discussion



CONTENTS

® Introduction



Task

Waveform
values

INTRODUCTION

) ,'-‘ “‘ ]'\ |'. \'L \ !! \t Jl ’. ‘ | [ l ) \
‘ (|l ‘ AL | | f F s VA A A Ao A A »
s/ | [ Il L"' J“ Mn It ,,\ \ L,’.",ﬁ. “\v \‘Lu '.W [TITSV.YIVON -
V| ) ', H o | VY [N
Pl L
01 02 03 04 or
@ o ® &« O O O o o o o o o . o o o @

T

Neural waveform models

Ci1 C2 cC3

Mel-spectrogram, FO, etc. % % % % %




INTRODUCTION
Models

) Neural autoregressive (AR) and inverse AR flow

Parallel
WaveNet

Neural AR models

TNt CSampleh> W

Inverse AR Flow

FloWaveNet

) No AR or inverse AR flow

Neural source-filter
(NSF) models

Multi-head CNN

« Spectral-domain training criterion

« Source-filter architecture

r Reference in appendix 4
m More details: https://www.slideshare.net/jyamagis/



https://www.slideshare.net/jyamagis/tutorial-on-endtoend-texttospeech-synthesis-part-1-neural-waveform-modeling

INTRODUCTION

NSF models

Baseline NSF
(b-NSF)

Harmonic-plus-noise NSF
(hn-NSF)

Simplified NSF
(s-NSF)

hn-NSF with
trainable MVF

| ICASSP 2019 | Journal paper submitted | SSW 2019 |

v

s MVF: Maximum voiced frequency 5
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NEURAL SOURCE-FILTER MODEL
Idea 1: spectral domain criterion

Natural 01 02 03 04 oT
Spectral
distance
e ™ Back-propagation
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Based on short time Fourier transform (STFT)




NEURAL SOURCE-FILTER MODEL
Idea 2: source-filter
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waveform

Spectral
distance
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waveform T 1 S —— S

FO/pitch—> ‘Source’




NEURAL SOURCE-FILTER MODEL
General framework

Natural
waveform
O1.7

Frequency-domain distance

l—

Generated
waveform
O1.7

Neural source module

Gradients

FO infor.

Neural filter module

Spectral infor.

Condition module

T
Spectral features & FO

- No AR orinverse AR flow



NEURAL SOURCE-FILTER MODEL
General framework

Neural filter module

Different neural filter modules
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NEURAL SOURCE-FILTER MODEL
General framework

Generated
waveform
Natural F q in dist . LT <
waveform requency-domain distance :
O1.T Gradients
L P «—
Neural source module Neural filter module
fir C1.T
e e R — 1
FO >

_____________________________

- Condition module: {

«» CONV: convolution
+»» (Cat.: concatenation

Spectral features & FO Ci:n

Up sampling
Dimension change
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NEURAL SOURCE-FILTER MODEL
General framework

Generated
waveform
Natural N o1
waveform Frequency-domain distance — 1.T <«
O1.T Gradients
o W
! W harmonics | e o
! Sine , 1T :
: ry > FF Neural filter module
' |generator , :
: ; Noise :
______________ T < £ I
: . FO > . :
Up sampling [« L(Bi-LsTMI[cony || €at. |[Up sampling

______________________________________________________________________________________

Spectral features & FO Ci:n

- Source module: generate sine-based excitation given FO

fr € {0} UR™ e, € R, VEe{l,---,T}

v

< FF: feedforward layer with Tanh 12



NEURAL SOURCE-FILTER MODEL
General framework

W

Sine
generator

T
0
gloo fl T
04

28000 28500 290[)0 29500 30000 30500

t
[ Voiced: sin Z I + @) + ny
—~ "N, _Y_, .
= Noise
Fundamental
— Random initial phase
component >Sampling rate
__ Unvoiced: noise

< FF: feedforward layer with Tanh 13



NEURAL SOURCE-FILTER MODEL
General framework

Generated
Natural waveform
waveform Frequency-domain distance “«— o1.1T «
O1.T Gradients
o W
! W harmonics | e o
! Sine , 1T :
: ! ry > FF Neural filter module
' |generator , :
: ; Noise :
______________ T < £ I
: . FO > . :
Up sampling [« L(Bi-LsTMI[cony || €at. |[Up sampling

______________________________________________________________________________________

Spectral features & FO Ci:n
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NEURAL SOURCE-FILTER MODEL
General framework

O01.:7 —> Framing FFT —>Ls+«— FFT Framing |«— O1.1 +
L» iFFT || De-frami —_
i e-framing > Tor
A W
! Wi harmonics | o
. Si Wi . eL.T _
: ne T > FF- Neural filter module —
' |generator : ;
: ; Noise :
______________ For o Gw |
: . FO > . :
! Up sampling [« L (Bi-LsTmI[cony | €at. ||[Up sampling|

______________________________________________________________________________________

Spectral features & FO Ci:n

- Multiple L, : different frame shift & length (w ICASSP 2019)

“» FFT: fast Fourier transform 15



NEURAL SOURCE-FILTER MODEL
General framework

€1.7—» Filter module — O1.T7

Ci.T

16



NEURAL SOURCE-FILTER MODEL
Filter modules in NSF models

' | Baseline Baseline Baseline | !
€1. 77— > —> . — >O01.T
. |filter block 1| |filter block 2 filter block 5/
e —7F |
( simplify
o ' | Simplified Simplified Simplified | '
LT—> . > .. O > 01T
 [filter block 1| |filter block 2 filter block 5|
e —

Baseline filter block

oyt a7 FF Dilated Tanh i ‘ Dilated Tanh Ml FFabﬁlzT ©b+ Fl'i’@/mir
—t P> e m a . ©
CONV Sigmoid FF Hf CONV Slgm0|d FF Hg . % g

Ci.T

oy

’: xtayty/o\taatER bt€R+ C €R64, \V/tE{l,,T}

/

“* Element-wise multiplication ®



NEURAL SOURCE-FILTER MODEL
Filter modules in NSF models

' | Baseline Baseline Baseline | !
€1.T—> . > > .| i 01T
. [filter block 1| |filter block 2 filter block 5|
( simplify o
Simplified ) Simplified ., Simplified
\ |filter block 1| |filter block 2 ~ |filter block 5

Q
=
T

Artifacts in both models (w journal paper):
1. Strong harmonics in high-frequency band
2. Bad unvoiced sounds

3.



Filter modules in NSF models

simplify

¥ N

upgrade

NEURAL SOURCE-FILTER MODEL

' | Baseline Baseline Baseline | !
€1.T— . > > e — >O01.T
, |filter block 1| |filter block 2 filter block 5|
1 e—"T
o ' | Simplified Simplified Simplified | '
L:T—>,. > > | i >01.T
. [filter block 1| |filter block 2 filter block 5|
1 i —T
| . Simplified ap |
| noise —leierblock 5| | L—|.
E 1 éi_i_’/o\l:T
e1.7— -Simplified ) -S|mpl|f|ed . -Slmpllﬁed R LFL :
 [filter block 1| (filter block 2 filter block 5
""""""""""""""""" Cri—— T
< HP, LP: high- and low-pass finite-impulse-response (FIR) filter 19



Amplitude (dB)

NEURAL SOURCE-FILTER MODEL
Harmonic-plus-noise NSF

0
5 = Harmonic part = Noise part == Harmonic plus noise
_50 MVF
-75 |
100 b ) A
-125 !
-150 |
|
-175 - I
-200 . . , L
0k 2% 4 Bk 7k 8k
Filtering in time domain
i . Simplified HP
! noise —*.. >
! filter block 5 —F

Simplified ., Simplified

[,
+ [filter block 1| |[filter block 2

" Ifilter block 5

Simplified —
" P

A

__________________________________________ —_ e -, - ——m———————

f éi_i_’olzT
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. Simplified P |
noise e ot block 5| W~ ||
f _E_’alzT
Simplified | | Simplified | Simplified oL i
filter block 1| [filter block 2 filter block P i
élfT u/v flag

Condition module for hn-NSF




0k 1=
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. Simplified HP
| NOIS€ ™ filter block 5 |
i f e

e1r—is -Slmpllfled ) .Slmpl|f|ed . -Slmpllﬁed Uil
 [filter block 1| (filter block 2 filter block 5 :

511@ u/v flag

Condition module for hn-NSF
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Condition module for hn-NSF




Simplified

filter block 5
f [}
Simplified | | Simplified | Simplified :
filter block 1| [filter block 2 filter block 5| [ 2!
T MVF f

Condition module for hn-NSF




NEURAL SOURCE-FILTER MODEL

Harmonic-plus-noise NSF
) Version 2 (= ssw paper)

____________________________________________________________

i . Simplified | | [fp |1
| noise e orblock 5| - ||
i t Ci)*j—’aLT
17— -Slmpllfled N .Slmpllfled - -Slmpllfled R L;\_ :
: filter block 1| [filter block 2 filter block 5 i
""""""""""""""" g e— N RN
' MVF f1.7

Condition module for hn-NSF

How to predict MVF?
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NEURAL SOURCE-FILTER MODEL

Harmonic-plus-noise NSF
J Version 2 (= ssw paper)

___________________________________________________________

i noise —» Simplified
: filter block 5
1
e | Simplified Simplified Simplified
1T— . > > L
 [filter block 1| [filter block 2 filter block 5
Y S .. 1] Y YUY
Ci1.T

FO infor.<—i— Upsampling Upsampling Smooth i
: FO 1 i !
! > Cat. Merge !
i Spectral g sTml{CONV riT | Vi i
| Spectral e sTmI{CONV 5 Upsampling| [Upsampling |
! u/v flag K :
"""" ci.Nn

Merge function: £\ = F(avy.p + brir + ¢)
Use unvoiced / voiced .., (u/v flag) as prior knowledge
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EXPERIMENTS

Configuration
1 Data and features
Corpus Size Note
ATR Ximera FOQ9 [1I 15 hours 16kHz, Japanese, neutral style
Feature Dimension
Mel-spectra 80
Acoustic
FO 1
1 Models
- WaveNet, hn-NSF with fixed (manually optimized) MVF
- Three hn-NSFs with trainable MVF 0.7 wvoiced
1. u/v + predicted feature ft(c) = vy + 0.27y ~ 0.3 wnvoiced

2. Predicted feature t(c) = 0.5r; + 0.5 ry € (0,1)

()
t

3. Fully trainable = sigmoid(av; + bry + c)

[1] Kawai, H., Toda, T., Ni, J., Tsuzaki, M., and Tokuda, K. (2004). Ximera: A new TTS from ATR based on corpus-based technologies. In Proc. SSW5, pages 179-184..
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EXPERIMENTS

Results
. Speech quality
- ~150 paid evaluators, 1604 evaluation sets
o Copy-synthesis: given natural Mel-spec/FO
o TTS: given generated Mel-spec/FO from acoustic models

5 —_
. [ 1 Copy-synthesis
—~ 4 - e -
8 | F o = i, = = TTS
S 3 - | | +
= A | | =2 ]
£, ] | J ) | | J |
g B l)> I T.l>> N vl)> N l)> | .D>
o 1 - ‘
| D L ED | ED | B | B
Natural WaveNet  Hn-NSF Hn-NSF with trainable MVF
fixed MVFs s _ £ _ 1@
TUt0g, Mgy ey,
¢ . 7}\/\

¢)

m Samples, models, codes: https://nii-yamagishilab.github.io/samples-nsf/nsf-v3.html

29
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RIMENTS
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Natural

hn-NSF trainable MVF f{< = v; + 0.2r;

02 "y
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/)
J |
hn-NSF trainable MVF f{ = Flav; + br; + ¢)
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NSF framework

SUMMARY

O1: 7T —»p

Frequency-domain distance —

O1.T7

Neural source module

Neural filter module

Condition module

f
Spectral features & FO

- No AR nor inverse AR flow

- Easy training & fast generation ( appendix)

« hn-NSF is recommended

33




Questions & Comments
are always Welcome!

https://nii-yamagishilab.github.io/samples-nsf/index.html

Home page: neural source-filter waveform models

Authors: Xin Wang, Shinji Takaki, Junichi Yamagishi

This is the home page for our recent work on neural source-filter (NSF) models.

If you have any comment and question, please send email to wangxin ~a~t~ nii ~dot~ ac ~dot~ jp.

Harmonic-plus-noise NSF model with trainable Maximum Voice Frequency

This new model is developed on the basis of Harmonic-plus-noise NSF model. The differences include:

1. the new model uses sinc-based high/low pass FIR filters
2. the cut-off frequency is predicted from input acoustic features, rather than pre-defined

Date: Sep 2019
Publication: to be presented in Speech Synthesis Workshop 10, 2019
Webpage: nsf-v3.html hosts the manuscript paper, samples, and codes.

34
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NEURAL SOURCE-FILTER MODEL
Baseline and simplified NSF

' | Baseline Baseline Baseline | !
€1.T—> . > > | i 01T
. |filter block 1| |filter block 2 filter block 5/
( simplify oer
Simplified ., Simplified N Simplified
\ |filter block 1| |[filter block 2 ~ |filter block 5

Q
=
T

Both models:
1. Strong harmonics in high-frequency bands
2. Awful unvoiced (fricative) sounds
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NEURAL SOURCE-FILTER MODEL
Baseline and simplified NSF

o ' | Baseline Baseline Baseline | !
L:T—> . > > | — >O01.T
. |filter block 1| |filter block 2 filter block 5/
c.r—— |
( simplify
o ' | Simplified Simplified Simplified | '
LT— . > .. > e e 01T
 [filter block 1| |filter block 2 filter block 5|
1 i —T
70
- training set
N valsetg
6.5 1
6.0 1
E 55 A
5.0 1 B r
a5 S
))..| Epoch 12 e\ ~_Epoch 28
AR AR 10 15 20 2% S/

Epoch



NEURAL SOURCE-FILTER MODEL
Baseline and simplified NSF

o ' | Baseline Baseline Baseline | !
1. 7—» > —> ... — >O01:T
 [filter block 1| |[filter block 2 filter block 5|
| Simplified | | Simplified Simplified | |
e . # * “es 1 .
T filter block 1| [filter block 2 filter block 5[ 1 1T

ARl 2 L Tz

0.2 1
De-voiced L 1z
0.0 e 3 Mo
_—— - —
-0.2

-"

- Wk n’

l H




WAVEFORM MODELING

Simplified NSF
J FOO09 15 hour’s data

Source module
i\ D-CNNs »é)l- D-CNNs

*é}L D-CNNs *é)JP D-CNNs

MmO

BLSTM CNN Up-sampling || Smoothing
De-voiced L 12
o2 Stop
0.0 Ak
rJH'NMtHIM
-0.2 I ““"l‘
My

-0.4 ’\d‘*\#
-0.8

0 1000 1500
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0.2 4

0.0 1

WAVEFORM MODELING

Simplified NSF
J FOO09 15 hour’s data

Source module

i\ D-CNNs % D-CNNs

*@L D-CNNs Pél D-CNNs *é)l- D-CNNs {%)-

i
BLSTM CNN Up-s;\ampling Smoothing
De-voiced L \ 12
\
Corr=0.23 Corr = -0.4234 Corr=-0.92

_NW

\ 4

0 500 1000

1500

2000
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EXPERIMENTS
Analysis
) Generation speed

How many waveform points can be generated in 1s (Tesla p100)?

400k
[ Mem-save mode 342k 335k 336k

300k - =3 Normal mode

200k -
100k 1
0.19k
Ok
WaveNet b-NSF S-NSF hn-NSF hn-NSF

fixed-MVF trained-MVF

J/

% Mem-save mode: release and allocate GPU memory layer by layer
(limited by our CUDA implemetation)

% Normal mode: allocate GPU memory once



NEURAL SOURCE-FILTER MODEL
Filter modules in NSF models

Baseline filter block

Dilated id Tanh FIF | Dilated Id Tanh | 1 - TB |
T1. T —+ FF > FF 4 HO) b +a Yi.1
il CONV SigmoidM FF Pdf CONV SlngId FF Pig T

CL.T

Simplified filter block

ap.r
Dilated Dilated
-_>E CONV B /\i CONV " /T’ —— FF— =z + a }I» Yp.1
: Ci1.T Ci.T :
& Te YO ar ER, by eRT, & e R, vt e {1, , T}

O/

** Element-wise multiplication ©
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Voiced
sounds

Unvoiced
sounds

Amplitude (dB) Amplitude (dB)

NEURAL SOURCE-FILTER MODEL

Harmonic-plus-noise NSF
. Version I: choose MVF based on u/v

i . Simplified | | [fp |1
: NOIS€ tilter block 5[ | |
i t é*j—’/O\LT
e1.— -Slmpllfled N -Slmpllfled - -Slmpllfled R L;\_ :
: filter block 1| [filter block 2 filter block 5 i
C%T u/v flag
Condition module for hn-NSF
0.
o] —— N
— Low-pass filter (LP) = High-pass filter (HP) 1
-100
0.
|
—— Low-pass filter (LP) F—— High-pass filter (HP)
_100 T T : T T T T

Ok 2k

4k bk Tk




NEURAL SOURCE-FILTER MODEL

Harmonic-plus-noise NSF
J Version Il: predict MVF from input features

____________________________________________________________

) Simplified |HP
| noise e orblock 5| - ||
i t i)*j—’al T
e1.7— -Slmpllfled N .Slmpllfled - -Slmpllfled R L;\_ :
: filter block 1| [filter block 2 filter block 5 i
clfT MVF f

Condition module for hn-NSF

Forward and backward propagation (SSW paper section 3)

c)
ft ) sinc
oL

of;°

"
— > |Hamming|— | Gain
<« <«

window norm. ()
htp

I_E/_

pl

44



NEURAL SOURCE-FILTER MODEL

Harmonic-plus-noise NSF
J Time domain filtering

Noise component Harmonic component
A

A
[ \ [ \

Or = at,OOE ) + at,10§_)1 +ot at,Mai—)]V[ + bt,oét ) + bt,ldt_)1 +oee bt,NaE—)N

[ | [ |

High-pass filter coefficients Low-pass filter coefficients

________________________________________________ e
i . Simplified [HP i
: noise lirer block 5| | L= |!
E f éi_i_’al:T

e T_:L’ Simplified | | Simplified | Simplified | | il |
" |filter block 1| [filter block 2{ ~ ™ |filter block 5[ [ 2= :
""""""""""""""" Cp.p—— T T

01:T



NEURAL SOURCE-FILTER MODEL

Harmonic-plus-noise NSF
J Version I: pre-defined filters coefficients
- Select one pair of HP-LP filters based on u/v flag

Noise component Harmonic component
A

A
[ \ [ |

CLQ/O\EH) + CLl/O\IETi)l + -+ CL]\[/O\ET_’)A[ —+ bo/Oih) =f= bl/Oi}i)l + o+ bN/Oi}?N, t is voiced

AN

O+ —
005§”> + 0155’:)1 + -+ cMﬁiT_L)M + dod’” + d@@l + -+ dNa(t}_L)N, t is unvoiced
~n)

________________________________________________ Ovr_
E . Simplified [HP :
| NOiSe —leker block 5| |1=_l|.
E f éi_i_’al:T

17— .Slmp|lfled ., .Slmp|lfled . .Slmp|lfled R L—;\_ :
 [filter block 1| |filter block 2 filter block 5 i

élfT 041]7% u/v flag

Condition module for hn-NSF 46




NEURAL SOURCE-FILTER MODEL

Harmonic-plus-noise NSF
J Version I: pre-defined filters coefficients
- Select one pair of HP-LP filters based on u/v flag

Noise component Harmonic component
[ : \ [ : |
~ h h : .
a 05 n) 4 a10(n) + e aMogn)M + boag ) 4+ b@ )1 -+ bN@E_)N, t is voiced
0 =
/ / I h h : .
cod’” + 015&1 +---4c [05 )M + doA( ) + d@ )1 -+ dN@E_)N, t is unvoiced
) 01
) =]
Voiced g
sounds 2 07 N\, N\
g = Low-pass filter (LP) = High-pass filter (HP)
< 100
. @ 0
Unvoiced = I
L
sounds 3 -sof : W—
3 —— Low-pass filter (LP) F—— High-pass filter (HP)
< -100 T T - r T T

Ok 2% 4K Bk 7k 8k
47



NEURAL SOURCE-FILTER MODEL

Harmonic-plus-noise NSF
J Version Il: predicted filter coefficients

Noise component Harmonic component
A

A
[ \ [ |

-~ ~NNn ~NNn ~NNn h h h
Gy = ar00,") + ar 10,y + -+ ar a0y + beody” + byt + -+ by Oy

[ | [ T

(©—  windowed-Sinc filters

________________________________________________ o
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Condition module for hn-NSF




NEURAL SOURCE-FILTER MODEL

Pre-defined MVFs
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Voiced
sounds

Unvoiced
sounds

Amplitude (dB) Amplitude (dB)

NEURAL SOURCE-FILTER MODEL

Harmonic-plus-noise NSF
. Version I: choose MVF based on u/v
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NEURAL SOURCE-FILTER MODEL

Harmonic-plus-noise NSF
J Version Il: predict MVF from input features
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Condition module for hn-NSF

Forward and backward propagation (SSW paper section 3)
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Speech quality (ICASSP)

PRACTICE: COMPARISON

WORLD WaveNet | | WaveNet b-NSF
vocoder softmax Gaussian
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- 245 paid evaluators, 1450 evaluation sets

m Samples, models, codes: https://nii-yamagishilab.github.io/samples-nsf/nsf-vl.html



https://nii-yamagishilab.github.io/samples-nsf/nsf-v1.html

PRACTICE: COMPARISON
Speech quality (Journal paper submitted)

- >150 paid evaluators

- s-NSF did badly on unvoiced sounds

m Samples, models, codes: https://nii-yamagishilab.github.io/samples-nsf/nsf-v2.html
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https://nii-yamagishilab.github.io/samples-nsf/nsf-v1.html

PRACTICE: COMPARISON
Speech quality (SSW 2019)
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- >150 paid evaluators

m Samples, models, codes: https://nii-yamagishilab.github.io/samples-nsf/nsf-v3.html
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Waveform generation: step by step
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Waveform generation: step by step
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EXPERIMENTS

Waveform generation: step by step
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EXPERIMENTS
Waveform generation: step by step
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EXPERIMENTS

Waveform generation: step by step
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EXPERIMENTS

Waveform generation: step by step
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EXPERIMENTS
Waveform generation: step by step
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EXPERIMENTS
Waveform generation: step by step
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EXPERIMENTS
Waveform generation: step by step
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EXPERIMENTS

Waveform generation
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SINC-BASED H-NSF

System 1 (0.5,0.9), voiced
J W_tis well trained we=vp+0.2-m W € (0.1:().5):unvoiced

0.8 4

I PN M

0.4 4

2| | ) Uy VYW s

0.0 1 —_—rt

st
— wt

E PocC h 001 02 5000 10000 15000 20000 25000 30000 35000 40000

value of w t

68




SINC-BASED H-NSF
System 1 {

(0.5,0.9), voiced
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SINC-BASED H-NSF
System 1 {
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SINC-BASED H-NSF
System 1 {(O.5,O.9),Voiced
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SINC-BASED H-NSF
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(0.5,0.9), voiced

: : = 0.2- wy €
J W_tis well trained we = v+ 0.2 "= (0.1,0.5), unvoiced

M\W \ff

0.4 4

value of w t

-

.
<=1
—
R
|
i
{

N

0.0 1 — rt
st
oyt

_0.2 T T T T T T T T T
E p ocC h I d St 0 5000 10000 15000 20000 25000 30000 35000 40000
time index
8kHz I SaEmEERT T L

akHz {4 |
1

72




