Sinusoidal Models for
Text-to-Speech Synthesis

... Or ...

Development of Ahocoder, an HNM-based vocoder

Daniel Erro - derro@aholab.ehu.es

iKerbasque Bilbao, Spain v

Basque Foundation for Science

Universidad Euskal Herriko
del Pais Vasco Unibertsitatea



Outline

* Introduction

 Ahocoder, an HNM-based vocoder
— FO estimation
— MVF estimation
— Spectral analysis
— Speech waveform reconstruction
— Evaluation

* Conclusions



Introduction

 Role of sinusoidal models in TTS:

— Concatenative speech synthesis: prosodic

modification and smoothing of boundary effects
(Y. Stylianou, 2001)




Introduction

 Role of sinusoidal models in TTS:

— Statistical parametric speech synthesis: vocoders

m Statistical

Acoustic learning

analysis -
Y Training

Parameter Acoustic

analysis generation reconstr.
Synthesis
Speech Speech
b Parameter P
waveform waveform
vectors

M atie




Introduction

 Role of sinusoidal models in TTS:

— Statistical parametric speech synthesis: vocoders
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Introduction

* A typical vocoder extracts info at 3 levels
— FO (log): get_f0O, RAPT, YIN, Tempo, PRAAT, SRH...

— Spectral envelope: SPTK, STRAIGHT+MCEP (kawahara,
1999), GlottHMM+LSF (Raitio et al., 2011)...

— Degree of harmonicity: BAP, HNR, MVF...

Fundamental
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Introduction

* Sinusoids(+noise) based vocoder?

— HQ resynthesis and modification, but...

— Variable dimension

— Not very tractable, complicated dependencies

HeTs Ay
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Introduction

* Sinusoids(+noise) based vocoder?
— Use them as an intermediate stage between

waveforms and parameters
* Sinusoidal frequencies = logFO0
* Sinusoidal amplitudes - MCEP, MGC, LSF...
* Sinusoidal phases = RPS, PD... or nothing!
* Noise =2 HNR, MVF...

Acoustic Acoustic
analysis reconst.
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Introduction

* Sinusoids(+noise) based vocoder?

— Use them as an intermediate stage between
waveforms and parameters

* Sinusoidal frequencies = logFO0

* Sinusoidal amplitudes - MCEP, MGC, LSF...
* Sinusoidal phases = RPS, PD... or nothing!
* Noise 2 HNR, MVF...

— Enables intermediate modifications (Thursday)

aaa
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Ahocoder, an HNM-based vocoder

* Every 5ms, fs=16kHz

Fundamental
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Ahocoder, an HNM-based vocoder

e FOQ estimation

— Praat / external, every 5ms starting at n=0
— QHM refinement

Harmonic model

; A
s(t) = Z;(a,;; + th;) exp(j27 fit) /]\/]\/’\M/"\f
. >

~ Re{a;}Im{b;} — Im{a; }Re{b;} FO 2FO 3FO 4F0 5F0 ..

27 |a; |2

Afi

A Quasi-harmonic model

i wi- Af)i A
Afo==""T53
Zf,:lwi
f

FO 2FO 3FO 4FO 5FO0 ..




Ahocoder, an HNM-based vocoder

FO estimation

— Praat / external, every 5ms starting at n=0
— QHM refinement

I 140
s(t) = Z(rj,.,; + th;) exp(j27 fit) 130}
i=1 = 120}
I

Af — Re{a; }Im{b;} — Im{a; }Re{b;} e 110}

fi — 271_‘(“‘2 — —«— — original fO

1001 corrected fO
A 1 L 1 1
Afo = Tio wi Afifi 0 0.1 02 03 0.4
W time (s)
Analysis band? Constant weights?
1kHz? 2?7 4? 8? Amplitude-related

weights?



Ahocoder, an HNM-based vocoder

FO estimation

— Experiment: more accurate FO - more accurate
harmonic reconstruction of signals

Weighting, Band  0-1kHz 1-2kHz 2-4kHz 4-8kHz  Total

Constant: wi=1
By amp|_: Wi:sqrt(Ai) Constant, MVF 2.1% -14.2% -28.0% -14.4% -4.5%
[ By ampl., MVF 1%  -155% -215%  -835%  -109% |
-
ajy = Sl AL |
JU — I TEl
i1 Wi <
Analysis band? Constant weights? | | L1,
1kHz? 2? 4? 8? Amplitude-related Fregq. (Hz)

weights?



Ahocoder, an HNM-based vocoder

FO estimation

— Experiment: more accurate FO - more accurate
harmonic reconstruction of signals

Constant: wi=1
By ampl.: wi=sqrt(Ai)

_wi - Afi/i

I Ly .
g W,

Afo = 2:

Analysis band?
1kHz? 2? 4? 8?

Weighting, Band  0-1kHz 1-2kHz 2-4kHz 4-8kHz  Total
Constant, MVF 2.1% -142%  -280% -14.4% -4.5%

[ By ampl., MVF 81% -155% -215% -85% -109% |
By ampl., 4kHz -6.7%  -16.1% -23.5% -12.6% -10.4%
By ampl., 2kHz -10.1%  -15.1%  -3.2% 4.2% -9.8%
By ampl., 1kHz -148%  2.1% 17.5% 127%  -7.7%

Constant weights?
Amplitude-related
weights?



Ahocoder, an HNM-based vocoder

e FOQ estimation

— Experiment: more accurate FO - more accurate
harmonic reconstruction of signals

Weighting, Band  0-1kHz 1-2kHz 2-4kHz 4-8kHz  Total

Constant: wi=1

By ampl.: wi=sqrt(Ai) Constant, MVF 2.1%  -142% -28.0% -144%  -4.5%
[ By ampl., MVF 81% -155% -215% -85% -109% |

By ampl., 4kHz -6.7%  -161% -235% -126% -10.4%

By ampl., 2kHz ~ -10.1% -15.1% -32%  42%  -9.8%

By ampl., IkHz ~ -148%  2.1% 175%  127%  -7.7%

— What about quasi-harmonic reconstruction?

Apparently QHM Weighting, Band 0-1kHz 1-2kHz 2-4kHz 4-8kHz Total
much better than
HM, with or without No refinement -458%  -59.1%  -63.2%  -55.:

% -503%
0
0

5
FO refinement By ampl., MVF 47.1% -619% -663% -579 -52.0%
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Ahocoder, an HNM-based vocoder

* MVF estimation

Ampl. (dB)
Cm—

Freq. (Hz)



Ahocoder, an HNM-based vocoder

* MVF estimation

— Sinusoidal likeness measure (SLM) (rodet, 1997)

X - Wr
Ai = 2 X[m] Flm) Y, m% — il < %
VXM - X Wilm)
From fi-f0/2
Spectrum of an to fi+f0/2
ideal sinusoid at fi
A SLM = 1
/\ SLM << 1
)
2
= |
e
<
‘ | | 1, s

Freq. (Hz)



Ahocoder, an HNM-based vocoder

* MVF estimation

Be careful
— Sinusoidal likeness measure (SLM) " "enA
adjacent
sinusoids
1,0000 1,0 7w
0,9975 - 0,8 - .
’ ’ If we mix the
_ _ sinusoid with
i — .
S. | so50 S . noise, the
2" = - SLM decays
vy v .
rapidly
0,9925 - 0,4 -
If we calculate — f0 estimation error —— white noise
----f0 intra-frame variation ---- phase-only noise
theSLtMofa | ... ampl. intra-framevariaton | [ e neighbor harmonic ampl.
time-va ry| ng 0,9900 T T T T T T T 0,2 T T T T T T T 1
sinusoid (f 20 -15 -10 5 0 5 10 15 20 20 15 -10 5 0 5 10 15 20
! (%) SNR (dB)

A...), it remains
very close to 1



Ahocoder, an HNM-based vocoder

* MVF estimation
— Sinusoidal likeness measure (SLM)
— Probability of voicing of each “peak”

g(L)=0

Ampl. (dB)

Freq. (Hz)

Empirically
adjusted



Ahocoder, an HNM-based vocoder

* MVF estimation
— Sinusoidal likeness measure (SLM)
— Probability of voicing of each “peak”

— Local decision

— Median filter over t

Voiced below i

Unvoiced above i

Ampl. (dB)

g(L)=0

Freq. (Hz)



Ahocoder, an HNM-based vocoder

* MVF estimation

— Experiments:

* Baseline method: prediction from ¢,

(k) (min)
k) _ fv(max) . o — 6
T (max) (‘(min)

0 0

o

~4.5kHz in “normal” voices

* Subjective preference in resynthesis: 38% vs 17%
* Subjective preference in synthesis: 29-30% vs 17-22%



Outline

+_Introduction
 Ahocoder, an HNM-based vocoder
L0 ctinat
MVE octirat
— Spectral analysis

— Speech waveform reconstruction
— Evaluation

* Conclusions



Ahocoder, an HNM-based vocoder

* Spectral analysis

How can we combine
spectral info below
the MVF with spectral
info above the MVF?

Fundamental
| | .
A i€ Frequency Maximum
: Voiced
|
1

Envelope —

1
|
|
I Spectral Frequency
|
|
1

Ampl. (dB)

Freq. (Hz)



Ahocoder, an HNM-based vocoder

* Spectral analysis
— HM inStead Of HNM How can we combine

spectral info below
the MVF with spectral
info above the MVF?

Fundamental
| | .
A i€ Frequency Maximum
: Voiced
|
1

Envelope —

1
|
|
I Spectral Frequency
|
|
1

Ampl. (dB)

Freq. (Hz)



Ahocoder, an HNM-based vocoder

* Spectral analysis ts harmonic
reconstruction
— HM instead of HNM

Original frame k

2

{A(k) ( } = arg min Z w?[n] (S[n + EN| — pF) [n})
A [ 7(k) \
. h¥)[n] = Z A,Ek) COS (iwékjn + f,O,Ek))

1=1

Ampl. (dB)

Al-lAI

Freq. (Hz)



Ahocoder, an HNM-based vocoder

* Spectral analysis
— HM instead of HNM

Ampl. (dB)

DFT DFT-L

Freq. (Hz)



Ahocoder, an HNM-based vocoder

* Spectral analysis
— HM instead of HNM

Ampl. (dB)

N-1 N-1
2mmn

X[m] = %Z x[nle? N o x[n] =

n=0

Freq. (Hz)



Ahocoder, an HNM-based vocoder

* Spectral analysis
— HM instead of HNM

N-1 N-1
2mmn

X[m]ﬁzox[n]e‘ﬂm = x[n] = Zox[m]ef v
n= N/2-1 m=
(N x[n] = Z 2]X[m]| cosmmfon/f; + 2X[m])

m=1

fo=fs/N

Ampl. (dB)

Al-lAI

Freq. (Hz)



Ahocoder, an HNM-based vocoder

* Spectral analysis
— HM instead of HNM

X[m] = %FFTN{x[n]} & x[n] = N FFTyH{X[m]}

Ampl. (dB)

Freq. (Hz)



Ahocoder, an HNM-based vocoder

* Spectral analysis
— HM instead of HNM
— Normalize by FO

Al

B
E o« — A?
FO,

A A
JF0, \/FO,
AA

A2

HRERER

FO1

FO2




Ahocoder, an HNM-based vocoder

* Spectral analysis

_ H M Instead Of H N M Crucial to separate
A FO from spectrum
. - [ and allow signal
— Normahze by FO A;‘_ - reconstruction at
21;' f[} different FO and
voicing contours
Ay A;
JF0, \/FO,
B
B 2
E _AZ _AZ
A A x Fo, ™t AA FO,
AL | . . A2 o o o
RRRNAE ;
> >
FO1 F02




Ahocoder, an HNM-based vocoder

* Spectral analysis
— HM instead of HNM
— Normalize by FO

Al

X[m] = %FFTN{x[n]} &  x[n] = N FFTyH{X[m]}

Ay A,
JF0, \/FO,
B
B 2
E o« — A? o A2
A A x Fo, ™t AA FO,
______ . . A2
HERRRE ;
> >
FO1 FO2




Ahocoder, an HNM-based vocoder

* Spectral analysis
— HM instead of HNM

— Normalize by FO _ _ -1
Yy X[m] \/N_};FFTN{x[n]} & x[n] = /Nf, FFTy {X[m]}

A4 As FOnorm fo = fi/N
JFO,  \JF0,
B
B 2
E o« — A? o A2
A A x Fo, ™t AA FO,
AL |11 : A2 | !
RERNRE ;
> >
FO1 FO2




Ahocoder, an HNM-based vocoder

* Spectral analysis
— HM instead of HNM
— Normalize by FO

Cepstral order

Scaled freq (Mel)
FO lized b
-normalize — ~
log-amplitude S((U) = Co +2 z _1Cq CoOsqw
envelope 4=

Not always used
(not in HTS, for
instance)



Ahocoder, an HNM-based vocoder

* Spectral analysis
— HM instead of HNM
— Normalize by FO
— MCEP

FO-normalized amplitudes = spectral envelope = MCEP coeffs

FO-normalized amplitudes = MCEP coeffs



Ahocoder, an HNM-based vocoder

* Spectral analysis
— HM instead of HNM
— Normalize by FO
— MCEP

1 . .
Unvoiced:  S%™)[m] = log ( |\FFTy {s[n] - wln — ng]}|



Ahocoder, an HNM-based vocoder

* Spectral analysis
— HM instead of HNM
— Normalize by FO
— MCEP Voiced:

log-A




r, an HNM-based vocoder

Ahocode

Voiced

=A1l

Fictitious AO

IS

3
1

log-A

— HM instead of HNM
— Normalize by FO

e Spectral analys
— MCEP




r, an HNM-based vocoder

Ahocode

IS

— HM instead of HNM
— Normalize by FO

e Spectral analys
— MCEP

=A1l

Fictitious AO

A




Ahocoder, an HNM-based vocoder

* Spectral analysis
— HM instead of HNM
— Normalize by FO
— MCEP

_20 -

-40 |

-60

Amplitude (dB)

-80

— — — - STRAIGHT spectrum

-100 Harmonic envelope

-120
0



Ahocoder, an HNM-based vocoder

* Spectral analysis

(1—-a?)sinw

@ = tan
1 Mel scale: (1+a?)cosw — 2«
— HM instead of HNM e
. for fs=16kHz
— Normalize by FO
® 2
— MCEP
3
1 21
c € FFT™{S|m]}
Without 2 0 &
freq. (rad)
c(—1) + o f'((.f_”(UJ- m =10
f"{j)(m) = (J. — rlﬂ) f';{_f_l)([]) + f'-::-_f'_].}(l)- m=1 i=—My,.... —1.0
r"g'_l](m —1)+a ((“S_lj (m) — f’,-{_fj('!iﬂ — 1)) C om=2.23..... M

(Tokuda et al., 1994)



Ahocoder, an HNM-based vocoder

* Spectral analysis
— HM instead of HNM
— Normalize by FO
— MCEP

p
S(w) =c¢y + 2 E Cq COS G0
q=1

1 2cosd@; -+ 2COSPiq] log A,
1 2cosw, -+ 2c0Spa, log 4,

|1 2cos@; - 2c0Spi; log A4,



Ahocoder, an HNM-based vocoder

* Spectral analysis
— HM instead of H
— Normalize by FO

NM

p
S(w) =cy + ZZ Cq COS G0
q=1

— MCEP
1 2cos @,
1 2cosa,
1 2cosd;

2 COS Py ]
2 coS pd,

2 Ccosp@y

¢+ Reg.Term.=

Mel Regularized
Discrete Cepstrum

log A,
log 4,

Llog 4.

(Cappé et al., 1995)



Ahocoder, an HNM-based vocoder

* Spectral analysis
— HM instead of HNM
— Normalize by FO

-40 ' ' '
Mel-RDC envelope
.60 F MCEP envelope after interpolation |
e harmonic log-amplitudes
)
£ .80
Q@
o
2
g. -100
<
-120 -
-140 '
0 1 2 3 4 5 6 7 8



Ahocoder, an HNM-based vocoder

* Spectral analysis
— HM instead of HNM
— Normalize by FO
— MCEP

‘ 2
{A,Ek): t,a_gk)} = arg min Z w? [n] (s[n + kN] — hF) [n])

n M
/ (k)

h*) [n] = Z AE"’) COS (?ﬁwémn + gpg}“))
—

— FFT-based harmonic analysis

 Much faster and less accurate, BUT when MCEP coeffs
are involved the difference is hard to perceive!!



Ahocoder, an HNM-based vocoder

* Spectral analysis

— Experiments:

* Resynthesis quality MOS predicted by PESQ, ITU-
T/P.862 (keeping uv frames and measured phases)

4,5
linear interp. M sinc interp. Mel-R
— 4,4
p
- |
@ 4,3 Mel-RDC slightly
= superior to
o 4,2 . .
% interpolation of
& 41 envelope + MCEP
4,0 T
24 39
cepstral order
Typical order in Typical order in
voice conversion HMM-based speech

for fs=16kHz synthesis for fs=16kHz



Ahocoder, an HNM-based vocoder

* Spectral analysis

— Experiments:

* Resynthesis quality MOS predicted by PESQ, ITU-
T/P.862 (keeping uv frames and measured phases)

linear interp. M sinc interp. Meﬂi
24 39

| e

»
U

‘_.h
B
|

PESQ MOS [1-5]
o s
BN W

»
o




Ahocoder, an HNM-based vocoder

* Spectral analysis

— Experiments:

* Resynthesis quality MOS predicted by PESQ, ITU-
T/P.862 (keeping uv frames and measured phases)

4,6
no param. M order 39  order 24 |

— 45 QHM can produce
o inaccuracies when
g 4,4+ I I combined with Mel-RDC!!
L
% 43 I I I
b
& 4,2

4,1 1 T

HM HM* QHM*

+ FO refinement



Ahocoder, an HNM-based vocoder

* Spectral analysis

— Experiments:

* Resynthesis quality MOS predicted by PESQ, ITU-
T/P.862 (keeping uv frames and measured phases)

————————— | ‘ ‘ [ ‘ {
'TH [§ T

P
o =)
1

T~
1

PESQ-MOS [1-5]

R
w

o
L

=




Ahocoder, an HNM-based vocoder

* Spectral analysis

— Experiments:

* Resynthesis quality MOS predicted by PESQ, ITU-
T/P.862 (keeping uv frames and measured phases)

* Accuracy of statistical modeling: average log-probability

per frame given by HTS (v2.1.1)

Method \ Voice Female Male
Sinc interp. + MCEP 1.0095-10° 1.1034-10
Mel-RDC 1.0339-10° 1.1176-10°
i ref. + Mel-RDC 1.0446-10> 1.1519-10° Again, Mel-RDC

slightly superior to

interpolation of
envelope + MCEP, and
FO refinement helps
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Ahocoder, an HNM-based vocoder

Only part that

* Speech waveform reconstruction il sl

the TTS process!!

Triang win Frame k

K

sln] = Z tln — ng] - s®[n — ny]

k=1

Not pitch-synchronous but constant frame
length of 10ms (from nk-5ms to nk+5ms)



Ahocoder, an HNM-based vocoder

* Speech waveform reconstruction

Triang win Frame k
K
sln] = Z tln — ng] - s®[n — ny]
k=1
k)
[n] = ZA COos (MD n + <,0£ )) + p-rk) [n] - e(‘k)[n]
Harmonic component Noisy component

FundamentalF

L
&  reaquency Maximum
: : Voiced
1o Spectral Frequency
! : Envelope —

|

Ampl. (dB)

Freq. (Hz)



Ahocoder, an HNM-based vocoder

* Speech waveform reconstruction

1)
sFp] = Z 4( ) cos (!u)O nJri,OE )) +p-r®n] . ¢ (K ) [n]



Ahocoder, an HNM-based vocoder

* Speech waveform reconstruction

(k)
sFp] = Z AEM COS (iwék)n + c,ogk)) +p-r®n] e [n]

=1

FO denorm

e®[n] = /Nf, FFTy H{E®[m]}



Ahocoder, an HNM-based vocoder

* Speech waveform reconstruction

n 4+ gogk)) +p- k) [n] - ﬁ’(k)['ﬂ,]

4 Log-A

(k)

s(k)[fn,] — Z A_Ek) Ccos (iwgk

=1

FO denorm

e®[n] = /Nf, FFTy H{E®[m]}

(k)

i

v

/\/\

\

WY
)
M

<+ FFT resolution



Ahocoder, an HNM-based vocoder

* Speech waveform reconstruction

(k)
sFp] = Z AEM COS (iwék)n + c,ogk)) +p-r®n] e [n]

=1
1 Log-A Random
FO denorm )/\/V\ phase
Ny
e
= R ) Moo

-+ FFT resolution



Ahocoder, an HNM-based vocoder

* Speech waveform reconstruction

(k)
sFp] = Z AEM COS (iwék)n + c,ogk)) +p-r®n] e [n]

=1

4+ Log-A

Random
phase

FO denorm

e®[n] = /Nf, FFTy H{E®[m]}

] 1
W
N

\ 4

0.8MVF MVF



Ahocoder, an HNM-based vocoder

* Speech waveform reconstruction

(k)

s(k)[fn,] — Z A_Ek) Ccos ('éw

=1

FO denorm

e®[n] = /Nf, FFTy H{E®[m]}

=

(k))

0o Nt

4+ Log-A

+ p {r®)[n] f:(k)[fi,]

Random
phase

\ 4

0.8MVF MVF



Ahocoder, an HNM-based vocoder

* Speech waveform reconstruction

sMn] = Z A_Ek) COS ('éw g (k))

0o Nt

FO denorm

e(®n] =

(k)

=1

VNf FFTH{E® ]}

=

4+ Log-A

Compensate
interference: 1.21

- p(F) [n] - (k)[n]

Random
phase

| f

\ 4

0. 8|VIVF MVF



Ahocoder, an HNM-based vocoder

* Speech waveform reconstruction

(k)

sMn] = Z A_Ek) 208 (iwék)n + cpgk)) + p-r®[n] - e®n]
i=1
FO denorm By definition
p
A% = [0 g (1) - exp Z cos g "
q:

Low-pass
filter (MVF)



Ahocoder, an HNM-based vocoder

* Speech waveform reconstruction

(k)
sFp] = Z AEM i:os (iwék)n + c,ogk)) +p-r®n] . e n]

=1

FO denorm By definition

%
Agk) =2 O(k) -Hék) (.ifo(k)) - EXp (cék) + 2 Z Cék) COS qfﬁék)>

q=1
Low-pass
filter (MVF)
/\A [dB] 20 10g10 H]l (f)
O ________________
k . k)2 i
H;E)(f):\/l—H,E) (f) 20 b i
32 | i f

A 4

0.8MVF MVF



Ahocoder, an HNM-based vocoder

* Speech waveform reconstruction

(k)
s®p] = Z AEM COS (iw(k)n ' + p-r®[n] - e®n]
i=1

p  Minphase Lin term
o = -2 Z cs sin qiw ) + i ®
q=1
S ] !
Q{)(k} — Qe)(fi 1) + 5 (u;[(}k) + w{(]k 1)) (’H,k — 'nk-__l)

(McAulay & Quatieri, 1995)



Ahocoder, an HNM-based vocoder

* Speech waveform reconstruction
— Phase info is discarded by Ahocoder

— There are attempts to model the non-linear non-
minimum part of phase (pegottex & Erro, 2014)
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Ahocoder, an HNM-based vocoder

e Evaluation
— Comparison with STRAIGHT, 30 listeners

B STRAIGHT++ I STRAIGHT = NoPref "' Proposed M Proposed ++

= -

0% 20% 40%/\60% 80% 100% Not equivalent but
M : L : equally suitable for
| | synthesis
F [ e [
|

|
STRAIGHT++ STRAIGHT NoPref Proposed Proposed++
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Conclusions

HM/HNM good framework for vocoder development

QHM-based pitch refinement (0-MVF band, amplitude-
related weights) helps

Explicit MVF analysis and modeling helps

Mel-RDC slightly better than log-amplitude envelope
intepolation + MCEP

Don’t discard the FFT-based harmonic analysis
approach

Don’t forget to normalize amplitudes by FO!
Be careful with QHM + Mel-RDC!!
Overall, the result is comparable with STRAIGHT
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