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. Input

speech

[Stylianou+98]

RETIE A &R (statistical speech synthesis) [zen+og]
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HMM-TTS [Tokuda+13], GMM-VC [Toda+07], DNN-TTS/VC [Zen+13][Desai+09]
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Why machine learning?
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BTN ERESRDEIL (1/3)

Notation (BEFHEEH, RFEDRHMDIEER)
X :BEOEET—2,C: AJBHROFEE T —HX
CHDEE =TT forTTS, B#TEEDZE for VC
x: B LIEVWEE,c:x 28T 370D ANIIEER

Formulation
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BT ERESRDEIL (2/3)

Approximationl: £i5t €7 IL 1 DEA
TR p(xlc,C,X) ZIEFEKD 5 DIFRHEZD T,
FET—XZRAVTc x ODNEARERIHAETIL Z2FB

p(x|c,C,X) = fp(AIC’,X)p(x|c,/1)d/1

A= argmax p(A|C, X) (Training)

X ~ p(xlc, i) (Synthesis)

Point
estimation
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BT ERESRDEIL (3/3)

Approximation2: FEIFHEDEA
c & x DNSERZERFEE T 5DIIR#EELDT,c & X B 5 ENEN
ANFEHEI cBEFEE o ziHE L, FEBERONGERzFEE
J DEE = 7F X MFHE for TTS, BHTiEE OB A FHYE for VC
Ao = argmax p(4i0l7, 0), Aox = argmax p(1ox|0, X)),

Ao Aox

o ~ p(0li, 110), x ~ p(x|o, 10x)
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Many many DNN-based acoustic models so far...

[Tan+21]

Table 2: A list of acoustic models and their corresponding characteristics. “Ling” stands for linguis-
tic features, “Ch” stands for character, “Ph” stands for phoneme, “MCC” stands for mel-cepstral
coefficients [82], “MGC” stands for mel-generalized coefficients [355], “BAP” stands for band aperi-
odicities [156, 157], “LSP” stands for line spectral pairs [ 135], “LinS” stands for linear-spectrograms,
and “MelS” stands for mel-spectrograms. “NAR™ means the model uses autoregressive structures
upon non-autoregressive structures and is not fully parallel.

Acoustic Model | Input—Output AR/NAR  Modeling  Structure
HMM-based [416, 356] Ling—MCC+F0 ! ! HMM

DNN-based [426] Ling—MCC+BAP+F0  NAR / DNN

LSTM-based [78] Ling—LSP+F0 AR ! RNN

EMPHASIS [191] Ling—LinS+CAP+F0 AR ! Hybrid

ARST [375] Ph—LSP+BAP+F0 AR Seq28eq  RNN

VoiceLoop [333] Ph—MGC+BAP+F0 AR ! hybrid

Tacotron [382] Ch—LinS AR Seq2Seq Hybrid RNN
Tacotron 2 [303] Ch—MelS AR Seq2Seq RNN

DurlAN [418] Ph—MelS AR Seq2Seq  RNN

Non-Att Tacotron [304] Ph—MelS AR ! Hybrid/CNN/RNN
Para. Tacotron 1/2 [74, 75] Ph—MelS NAR ! Hybrid/Self-At/CNN
MelNet [367] Ch—MelS AR ! RNN

DeepVoice [8] Ch/Ph—MelS AR ! CNN

DeepVoice 2 [87] Ch/Ph—MelS AR ! CNN

DeepVoice 3 [270] Ch/Ph—MelS AR Seq2Seq CNN

ParaNet [268] Ph—MelS NAR Seq25eq  CNN

DCTTS [332] Ch—MelS AR Seq28eq CNN

SpeedySpeech [361] Ph—MelS NAR ! CNN

TalkNet 1/2 [19. 18] Ch—MelS NAR ! CNN
TransformerTTS [192] Ph—Mels AR Seq2Seq Self-Att

MultiSpeech [39] Ph—MelS AR Seq28eq  Self-Ant

FastSpeech 1/2 [290, 292] Ph—Mels NAR Seq28eq Self-Ant

AlignTTS5 [429] Ch/Ph—MelS NAR Seq2Seq  Self-Ant

JDI-T [197] Ph—MelS NAR Seq2Seq  Self-Ant

FastPitch [181] Ph—MelS NAR Seq28eq  Self-Ant

AdaSpeech 1/2/3 [40, 403, 404] | Ph—MelS NAR Seq28eq  Self-Ant
DenoiSpeech [434] Ph—Mels NAR Seq2Seq Self-Att

DeviceTTS [126] Ph—MelS NAR ! Hybrid/DNN/RNN
LightSpeech [220] Ph—MelS NAR ! Hybrid/Self-Att/CNN
Flow-TTS [234] Ch/Ph—MelS NAR¥ Flow Hybrid/CNN/RNN
Glow-TTS [159] Ph—MelS NAR Flow Hybrid/Self-At/CNN
Flowtron [366] Ph—MelS AR Flow Hybrid/RNN
EfficientTTS [235] Ch—MelS NAR Flow Hybrid/CNN
GMVAE-Tacotron [119] Ph—MelS AR VAE Hybrid/RNN
VAE-TTS [443] Ph—MelS AR VAE Hybrid/RNN
BVAE-TTS [187] Ph—MelS NAR VAE CNN

GAN exposure [99] Ph—MelS AR GAN Hybrid/RNN
TTS-Stylization [224] Ch—MelS AR GAN Hybrid/RNN
Multi-SpectroGAN [186] Ph—MelS NAR GAN Hybrid/Self-At/CNN
Diff-TTS [141] Ph—MelS NAR* Diffusion  Hybrid/CNN
Grad-TTS [276] Ph—MelS NAR Diffusion ~ Hybrid/Self-At/CNN
PriorGrad [185] Ph—MelS NAR Diffusion ~ Hybrid/Self-Aw/CNN



Deep Neural Network (DNN)

DNN OEFEE = B ER CIFREEROBKRDEL
RRIET ) U JICE LI BIRENN PEAIAA NN DAL SNS

Input Hidden Output
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layer layer
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function

a;(+)
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DNN D;EME{LRIE & FHEF DR E R

EMEERERL: BNE - HARTELR 51%E!
ENE: IR (RIS DME L)

Sigmoid: a(x) = 1/1 + e, ReLU: a(x) = 0 if x < 0, otherwise x

/ 1.0

T
B

7

Vv

0 0
H71E: SREREHZSTR T 5 F X1 UADER

Linear: a(x) = x, Softmax: a(x) = e*/3,,,, e*m (FERXT ~)L)

AEREM I TEWARR VIS TEE
I RY
Mean Squared Error (MSE): ||0 — 0]|5 or Mean Absolute Error (MAE): ||0 — o]l

saLA X XD
Cross-entropy: — Y. o.logd, (o |7 2 XID%Z /=9 one-hot X7 kL)
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e.g., MLSA* filter

[Imai+83]

ART O
75 L

Phase

reconstruction

Inverse STFT

S W‘M‘W

e.g., Griffin & Lim
algorithm
[Griffin+84]

N\

DNN ZAWEEM==—a2—FI)ILRa—4 (RX51 R)

*MLSA: Mel-Log Spectrum Approximation
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Wave N et [Oord+16]

DNN (C & B BEEMRET ) > J DFEERITRIEASE
Causal dilated convolution IC & 2 BREIOKEFEFRET ) V5
Residual block (C & %5817 FEAG - #E
256 fEICEFILINI-E )?E'Tm"?@%//\J AURREE L TERME

Residual block

Skip connections

Qupuit @ @ @ 2 O 0O O 0O 0200 OCO Q@O

Residual block
Hidden =~ = = /s m o £ 4 5 5 & 0 5 o (x| 2y, X
Layer QOO0 Q00000000000 o0 30 . . 256 H—B el H—E} 256 ?« ;(( ‘ o L)
| : : [ ja [ = 3
ES
Hidden —~ —~ —~ ~ ~ o/~ o e o o e e e e Residual block
OO0 0000000000 O0
Layer
To residual block
Residual block
Hidden ~ -~ 00000000000 O0 O Residual block
Layer S A N U O R I U . W T _ llTI
1x1 21X luti
X1 convelution ﬁ-msk\'pconnemimn
mput @ @ @ @ © O O O 0 O @ 0O OO | Retu |:ReLU activation
https://deepmind.com/blog/article/wavenet- : Gated activation 1
. . -Softmax : Softmax activation
generative-model-raw-audio ' L

https://static.googleusercontent.com/media/research
.google.com/ja//pubs/archive/45882.pdf

p(x|1) = p(xelxq, x5, 0, x,—1) : Auto-Regressive (AR) modeling

Llt=1
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WaVENe't ’-.I-: : _9‘ [Tamamori+17]

WaveNet &R F 9% BEFEHE TREMT
BEERHEC IR ETORESIZRIA 3O,
YWnd 25> FILEIEITaE—

Original 1stframe 2 frame 3% frame 4% frame
Auxiliary
Feat. Seq hs h, 13; 7 o
= g%l 15| 5
& - x H g
2 1=K
[Py \/ AV
E | To next residual block
Extended ?1192 ; Yi6 & I Rcsidual block
Auxiliary esidual
Feat. Seq. amm
y ! ! ; ) [ Gated H 1x1 I——- To skip connection
Sample flf I: — :
Point Seq.
xr L1L2 T16 ) 2 x 1 dilated

[Tamamori+17]
[Hayashi+1T7]

p(xlo, 1) = p(x¢lx1, x5, -, x,_1,0) : Conditional AR modeling




Many many neural vocoders so far...

Table 3 Small size vocoder

Table 4 Non-antoregressive vocoder

Vocoder Neural network | Characteristics
types
WaveNet (Oord et al., | Dilated causal | Based on dilated CNN, the training and in-

2016) gated CNN ference speed is slow
SampleRNN  (Mehri | RNN
et al., 2016)

FftNet (Jin et al.,

Multi-scale RNN structure, training and in-
ference speed is faster than Wavenet

1 x 1 CNN Based on 1 x 1 convolution, the model struc-

2018) ture is simple, and the training and infer-
ence speed is fast
WaveRNN (Kalch- | GRU Based on single layer of GRU, the model

brenner et al., 2018) structure is simple, and the training and in-
ference speed is fast

Multi-Band Wav- | GRU
eRNN (Yu et al,
2019)

LPCNet (Valin and | GRU

Skoglund, 2019)

Parallel generation of multiple bands, the

training and inference speed is fast

The linear prediction (LP) technology is

used, the model structure is simple, and the

training and inference speed is fast

Table 5 Methods of GAN-based vocoder to improve the naturalness of generated speech

Vocoder

| Characteristics

MelGAN (Kumar et al.,
2019)

Parallel

Using multi-scale discriminant structure and feature
matching loss

JaveGAN (Ya-
mamoto et al., 2020)
VocGAN (Yang et al,

Using multi-resolution STFT loss

Using multi-resolution STET loss, feature matching loss,

2020) multi-scale waveform generator, and JCU loss
HiFi-GAN (Kong et al., | Using multi-scale discrimination, multi-period discrimina-
2020) tion, and MRF

Multi-Band MelGAN
(Yang et al., 2021)

Using multi-resolution STFT loss

Vocoder

WaveNet  (Oord
et al., 2016)

Parallel WaveNet
(Dard et al_, 2018)

FloWaveNet (Kim
et al., 2018)

ClariNet [Ping
et al., 2018)

WaveC low
(Prenger ot al,
2019)

MelGAN (Kumar
et al., 2019)

GAN-TTS
(BGirikowski et al.,
2014)

Parallel Wave-
GAN (Yamamoto
200)
WaveVAL  (Peng
et al., 2020)

et al, ¢

WaveFlow (Ping

et al., 2020)

WaveGrad {Chen

ot al., 2020)

Diff Wave (Kong
et al., 2020)

Multi-Band Mel-
GAN (Yang et al.,
2021)

Neural network types

Dilated cansal gated
convolution
Dilated cansal gated

convolution

Dilated convolution

Dilated cansal gated

convolution

Mon-causal  dilated
convolution, 1 x 1
convolution

Dilated  convolution,
transposed con-
wolution, grouped

convolution

Dilated convolution

Mon-causal  dilated

convolution

Dilated cansal gated
convolution
2D-dilated  convolu-

tion

Dilated convolution

Bidirectional  dilated

convolution

Dilated  convolution,
transposed ot
volution, grouped

convolution

Generative

maodel types

Autoregression

AF

Normalizing

flow

AF

Normalizing

flow

GAN

GAN

GAN

IAF, VAE

Autoregression

Diffusion
probability
model
Diffusion
probability
model

GAN

Characteristics

Autoregressive  generation, slow  training
and inference speed

Based on knowledge distillation, training
and inference speed is fast, Monte Carlo
sampling is required to estimate KL diver-
menee, the training process is unstable

The inference speed is fast, the training con-
vergence speed is slow, the model contains
many parameters

Based on knowledge distillation, the train-
ing and inference speed is fast, the training
process is stable

The inference speed is fast, the training con-
vergence speed is slow, the model contains
many parameters

The inference speed is fast, the training con-

vergenoe speed s slow

The training and inference speed is fast, no

need for mel-spectrogram as input

The inference speed is fast, the training con-
vergence speed is slow, the model contains
many parameters

The training and inference speed is fast

Combining the advantages of autoregressive
flow and non-autoregressive flow, the train-
ing and inference speed is fast

The inference speed is fast, the training con-

vergence speed is slow

The inference speed is fast, the training con-

vergence speed is slow

The training and inference speed 15 fast




—BFBICEDSHEINERS (1/3)

BERHETACEEREERDRE
e.g., 7 ¥ X MFHETHRMHTIF T N7z WaveNet [0ord+16]

US English
[ |—/—{ Residual block
Linguistic
4.55 features I
\ 11 Residual block
| AR

w
] — = - e,
Embedding : : s
4.21 attime n t =
X
4

h, s I—/—{ Residual block
A Residual block
1x1 esidual block X
3.86 Do —{e T ‘
Gated b
3.67 conditioning

I/ 2x1 dilated
Concat:enatlve Parametric Wav;Net HumanASpeech ‘I‘,
https://static.googleusercontent.com/media/research
° o .google.com/ja//pubs/archive/45882.pdf

sRTVTILE ENUET)::



https://static.googleusercontent.com/media/research.google.com/ja//pubs/archive/45882.pdf
https://www.deepmind.com/blog/wavenet-a-generative-model-for-raw-audio

—BFBICEO{HANERS (2/3)

ANFHERE C FERHETAORSE

e.g., Tacotron [wang+17]

[ Griffin-Lim reconstruction |

Bidirectional RNN

| Highway layers |

Residual connection

| ConviDlayers |
Convi1D projections

DD@DD

50080

'G,..E’ eco
T 11 foomoomeesmms| sEsmEm t| e é ! ﬂ
degds )/ nUeEe 0 E |

Attention DX | KOs, B TILIE &bH5H


https://r9y9.github.io/blog/2017/10/15/tacotron/
https://google.github.io/tacotron/publications/tacotron/index.html

—BFBICEDSHEIHNERSM (3/3)

TARTOHEE (ED End-to-End EF 1 > %)

char2wav [Sotelo+17] ClariNet [Ping+19]

h e | I 0 Text
el Convolution Block
Sample-level
Reader e Output
Encoder Vocoder (distill) ~ ~
EERERE T —
Bidir. RNN . . 0.5
~2 ¥ ri Decoder Linear Output x N
/ \ Transpose Conv.
R TR | Mel Outpu
. RNN with \ -
attention \F_C/ Linear Output
=
(D () Y;Eiou?:;’ Convolution Block
==
v Neural
b—- vacoder Input
Text Frame-level P
(a) Text-to-wave architecture (b) Bridge-net (c) Convolution block

| 18N < > [~fR | waveform block T M noise

| P || Y L=

X %« Invertible Affine g

SampleRNN } HE R Squeeze ActNorm 1x1 Convi Counlin ActNorm|_"|Squeeze|[."|Unsqueeze g Flow loss
Audio [ <y F
waveform 2 Layer
LSTM x4

Pre-Net

Linear
5 Stop token |~ EOS loss

cond. features

™ N

Wave-Tacotron [Weiss+21]

ZEH Y TILIE IE:: 33/69



https://google.github.io/tacotron/publications/wave-tacotron/index.html

Mt ER SN = KRR BB DR SHAFR A

B/ A
S EHRUIE, E5UIE, BJASBUIE, BMEF3E, etc...

R EEADDEIARH S End-to-End HHA
HE AR [zen+09)):

ERAN (FEHNZA IV IBEESG

N
— Feature v Speech Speech
— | ! 5[ Acoustic || | ‘ .
extraction model paramijcer wavtehorm
eneration synthesis
N & y
End-to-End F=:
— T
— I
= Very strong DNN > i
— -
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($5%) DNN YA D EFE SRR ATIEE IR E?

V=L LTESIEIFTES. NI LHESTIFEVWEEWET.

EF === Iz == A\
BEmEBAREEID—NANA—T Y —2ALBEEESEMO LR
HEIE R EJIREEIN FETRISS A P U w7 —8%%
(~1990 F1X) (1990 ~ 2000 &F4£) (2000 ~ 2010 FEX) (2010 FEE~)
SEEE BP9 HF9H & 2 E

=== . HFIHE & 4

EENE BP0

ZDI0FDEFEE I DEESE (&
HFXHZE & DHBR T DN DERICoIT ?

RO RE LIEWES.. B<HELXT.
IBAXNDEFAE, BHhhe CATRIIDZECD
HMM D185 Z 8 A L IR BRIIET ) > [Mehta+22]
GMM Z W BEERDREFERAZTILET ) > [Hsu+18]
End-to-end  IHADO LW\ & TED A L T-&HFEMD
e.g., FastSpeech 2 [Ren+21: ROA—H /NS X— X ZzHRFHE L L THA

XIFERARE [MESWENR) OBZRERLIDSIA( )


https://drive.google.com/file/d/1XUolh690aB-_b-vJQEXhEzJu5tYJPCKo/view

AREEOBE - BX

E

TN EEEROERD 5, ZEBFEHICE D HhiEXEiiiE TZFA.
o DNN BEE SR

W

3. EmEBHETHIE RS RD 7o & O EHE 5l
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Sequence-to-sequence (seq2seq) F4
TTS/NCICHIFT B ARNRINRDEWVICOVWTE DXL T B H7?
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TTS/VC ICHITBRINTvEVT

BTN EBESRICBITAREELRAIRID—D
TTS: AARIEE T (TFAMOBEER), HARIIBE L —L
VC: HKERNBHE L TH, BEFEHED 7 L —LIIELR S

BARTO 7 7O0—F (BEFXRWICIEERFEEICED <)
TTS: Forced alignment RO B XM RZ AL ETd D FE
VC%W%%@%EMM%%MK%mwﬁﬁzj74/X/h

e
%—
: ! ' : ' ; ' -t a ra y ur u
1 2 3 4 b) 6 7 T=8 Input speech
https://www.sp.nitech.ac.jp/~tokuda/ http://sython.org/papers/thesis/
tokuda interspeech09 tutorial.pdf saito21PhD thesis.pdf
MR 71X MROIS —HEBIEHE

38/69


https://www.sp.nitech.ac.jp/~tokuda/tokuda_interspeech09_tutorial.pdf
http://sython.org/papers/thesis/saito21PhD_thesis.pdf

Sequence-to-Sequence (seq2seq) F&

ANRI e HARI DO ICEFRZEFE
WKL ENER (machine translation) (2817 2 11
Encoder: A1%5% [£4E / Decoder: EfERIZH 5 HHFR5% FH|
JE#EZRIT = context vector (AJ1RF DX ARIEHR & 1R5F)

I N s
r T TIL T T T 1

B C <EOS> w X Y Z

P <

» N
A
—>

AV FILDFE (sutskevert14]: RHID T 51 > A > MMEAFEB
R DS RIIANDERIIAEETSH, BRFE T DX ILERIEHH 570
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A 248 (attention) ZAH\LV/: seq2seq 8

Context vector DEEHF ZEZE U R

w  aq(s) = align(hy, hs) Softmax
hy exp (score(hy, hy))
Attention Layer ZS! SXP (score(ht, hs,))

i i N Hidden states
_ FELE (R1E)

Global align weights

in
Wirklichkeit

Attention ICDWTHHE m
TTS/VC T, BEARIC alignment (337 £ - iii
YWEICIEDL KSICFEFZFHET B Z &P [Tachibana+18] | w

ZiTEDEZRIL, (Query, Key, Value) & L THEFRAIEE —> kX 54’|\ L

[Luong+15] 40/69



Fix?) Transformer & self-attention

"Attention Is All You Need" 56X T& 15
Self-attention IC& D, AJIRIIA TOEMRKFERZ ETILL

Attention Self-attention Output

Probabiliies
MatMul MatMul Err—
Concat
5 —

Scaled Dot-Product : Add & Norm
Attentlon Feed
Forward
rl—
[Lm ear [Lmear [Llnear
[ Add & Norm | :
3 v IS A Mult-Head
\ / Feed Attention
Forward 3 ) N x

Add & Norm

K
4
h ¢ hs hs V K
f—-| Add & MNorm | Mas.ke 3
fIEEIRDETILL ~E TR

Oﬁ
£
- {

_t A_t
Position-wise Feed-Forward Network s T
codin D @ os§| o
FFN(2) = max(0,aWy +b)Wa +by =00 20 o
o, o Embeddin Embeddin
Positional Encoding | T T
PE(pos,Zi) = Sin(pOS/loooom/dmdd) s (sr%:mil;n)

PEpos,2i+1) = cos(pos/loo()()?i/dmodel)

[Vaswani+17] 41/69




Length regulator Z L /c End-to-End &3

BARICEITHERETINZEZETIVICASE & ARICES
2R BI: FastSpeech [rRen+19a] (NOn-AR 72 D T iR |- HESR PT BE)

[ Linear Layer ]

Nx |  FFTBlock |
s Positional
Encoding
[ Length Regulator ]
Nx [  FFTBlock |
Positional
K Encoding [

[ Phoneme Embedding ]

Phoneme

(a) Feed-Forward Transformer (b) FFT Block (c) Length Regulator (d) Duration Predictor

K ERAR®D FastSpeech?2 [rRen+21]
HED {F0, energy} = FAl< % variance adaptors £ N
EREEDOME & itz hE
VC ICH ARl §E [Hayashi+21]

_ _ CD FFT = Feed-Forward Transformer (# Fast Fourier Transform). #3754 L L)...



ABETIHRS FEY

ERBERET )L (Deep Generative Model: DGM)
EEOEMRBERNFEEDLSICKIE - 8T 5H7
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*EEKTETIL (DGM)

FEBERETIL:. T—45 x D73 p(x) ZRITT S DNN
FEFET XX ZHAVCEDT—X0Mmp (x) ZEMT S
A RDHEp(x|) DETILINTG A—3 ) ZH#E
5 px|) DoFLWT—3ZH > T VT .
e.g., WaveNet=ARRBEMET /L p(x|1) = 1_[ p(xp|x1, X9, ) Xp—q)

Izl ]
5L WF— S OER (BEEBHIE, 7— ZIRAE L)
RS R B TS D2 (F— 2 OBHHHE L L THAE)

FRBEVZE DGMs (B2 [Ruthotto+21])
Variational AutoEncoder (VAE) [Kingma+14]

Generative Adversarial Network (GAN) [Goodfellow+14]
Flow [Rezende+15]
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VAE: BEZHRD S HICHIKI%Z DIF7- autoencoder

Encoder: T —A2H 5B EEZH =L
Decoder: BEZEHD ST —FZHER

(True) Encoder Degodir Generated
data x qap(zlx) 5 Po(X|Z X data

Lafént

. () variable
Prior p(z)
£(8,¢; %) = Dt (44 2101 1p(2) ) — Eq (21 [l0g pp (x2)]
— 7 A\
BEZBICK Y HEAMLE 5 — 5 DEBERE

[Kingma+14] 45/69




GAN: Discriminator & Generator @)

Sy Amiit
Discriminator D: EQT—X & ADT—2 =557
Generator G: BEZEHH S5 D 2R3 S5 BBDOT—2 LR/

Latent
variable Z

@ Fake data Truedata X

>4y
ekl |
Priorp(z) Generator or/} B0

(e.g.,N(O,D)  G()

Discriminator

D()

mGin max V(D,G) = EyprllogD(x)] + E; iz [108(1 - D(G(Z)))]

BEDT—RBDT—2 D HREEHRERIME
[Goodfellow+14] 46 /69




Flow: ZEDEREZBRICE D CERPHDEY

A IR EE f ICE D, BEZEHRODHE T — 2 DR HmICEH:
f%Z NN TRIEL, ZHERICEID T—FDHERDHZRIF
X = fgofy_qg0ofi(zg) ... BIEEZEDS DT —FAERK
f D Exp|

Coupling [Dinh+15], Residual [Behrmann+19], AR [Kingma+16]

.M ® - O @f“

Zg ~ pU(ZU) Z; ~ pz(zz Zg ~ pK ZK

https://lilianweng.github.io/posts/2018-10-13-flow-models/

K df;
logp (x) = logpo(zo) — Z log |det—
k=1 Zi—1

T—
—_—\ T —

ZHZHRBFRD Jacobian

47/69

det



https://lilianweng.github.io/posts/2018-10-13-flow-models/

(& % (F) Denoising Diffusion Probabilistic Model (DDPM)

FEFERNRICEDCERETILDI SR
Forward (diffusion) process: 7—%|Z Gaussian ./ - XZ {4/

q(x¢|xi—1) == N (x4 V1= Bixi_1, 5.I)
Reverse process: /1 XD 6T —R=1ETT
Po (Xt—l |Xt) — N(Xt—l; Mo (Xta t)? ZQ(XtJ t))

Pext1|xt)
Sg H@ @H H

Training: 7 —X AN /1 X eZFRTS

L= [Et~[1,T],x0~q(x0), 6~N(0,I)[||€ — €p (xt' t)ll]

\ o~

DNN IZ& 3 /1 XFH
[Ho+20] 48 /69
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Unsupervised/non-parallel & 7—42zZ AW /-FE
TISNCZBDI-OHDRT T —RNEDHL ST ST B H7?

49/69



TTS/NCICH T3 FE: FET—FNEDH L &
TTS: (TF A b, BEFE) DRV HBE
HENBOEFEILIFOXRMAATFV (%%%%T‘Jﬁ‘émﬁ—é%)
VC: (Z#art, BHak) B DE—HFEBARA (NS L) T—3HRE
HOWBFEEDINT LI T—F2EDHDDIEIFRED

Coreidea: BEN S HKEANBICAHAT 25z - o8t
REEETIE, UL TZEN
B A nask (Automatic Speech Recognition: ASR) M F1| 8
GAN »° VAE D& A

(RER) / VINFLIWNBT—RATOVCEB=T7SAM AV FFE
VC TD seq2seq FENHFDIARS TLTL\?&L\O)LJ nH—&?
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ASR DEAICEL S TTS D (IFIXIFIF) HEi% LFE

Machine speech chain [tjandra+20]

ASRERDEHRMUTHF XA ZAWVWTTTIS Z2FE (BB Al6EE)

£ =yl phe oo £ ( 2) ¥ =“text” -»Lask(y.Py)
2 =plpl —— v = "t £ — l_' Ty )

1
1 |

1 I

I 1 T |

f ZW j} = “text” ? = "text” : X = J\JMW :

1 I

ﬂi‘ ' :

— sk ' :

_ V = “text” 1 I 1
X *Wﬂ” Y I 1 I
—W---: y="text’= — =1

Almost unsupervised TTS and ASR [ren+19b]
THEXNEED (denoising AE) Z2DAEL, TTS/ASR DN & ZEIR




ASR & TTS D#ESIcELD /IS LJLVC

Voice Conversion Challenge 2020 @ F v > E 7 > (zhang+20]
ASR & %5E& TTS & WaveNet Vocoder &

Speech-to-Text

The problem |
Transformer
ASR [ mentioned are not — — WaveNet [
insurmountable. TS

Source Waveform Decoded Text Acoustic Feature Converted Waveform
| |

Prosody Encoder

Speaker adversarial training IC & D, GEEFFKF R EER BRI E
D> ANBEDA Y b= 3070ty bHRRETH S C e zHBR

Text-to-Speech

Prosody _ . .
Code Prosody code Z R L\ f=5&& &R A
Acoustic Prosody - Speaker = =433
Feature | Encoder % Classifier —* Speaker ID 9&,&&3_ 5 J: j ‘L- %E
+ .
Text — Transformer TTS ':Zﬁz

x-vector

GRL: Gradient Reversal Layer (backprop. RHC B Z REESE 3)



BFRICEDIS /NS LILVC

Stage 1

Eﬁ%ﬁ&ﬁ?% & GAN G)EA [Chou+18] ©

Class fier-1

>tage 1 A ﬁ
AT E ConaFkEFREREFE m

Stage 2
Sta ge 2: . A nc) (g) Vi) orvi ()
GAN TYHEESE DEAREREE A e e S
(FZE I Auxiliary Classifier GAN HYE L LV?) N P
T ory’ Discr?rEl)inator
ta f + Classifier-2
CycleGAN—VCS* [Kaneko+18] e da
sha R ET L2 KXY T OB R R XA > S OBREE
& Discriminatorx2 Dt Dg
§ GsoT A A GsoT
SN —1 pu N Y
Ds Dy Xr|ae Al Zs|  |xr s | %s X1
i Gsor Gros B Q Gros @
Xs Xt | S>T->SD T->S->TO
“~—_— | o= |
. ® A EEEIEE BERETELE
- )y

*% 5548 VC IHL5R L 7= StarGAN-VCs [Kameoka+18] H1Z7E



EmEARANEESRZZ X 5EB R ZEN
Seq2seq FE: RIBD T A AV N eT—2 K1) TV TEH
(Self-)Attention IEZ < D TTS/VC EFILDIERICED DDH B
FEBERET IV EROEMLHERSMZRIAT S DNN
VAE, GAN, Flow, DDPM Z 4B/ (W3 Nd TTS/VC TILLSERA)
TTS/NCOEENAR L or / VNS LILER: T—2IREO X F DHIR
ASR DRI SR FEDEA X TZRBN

&K DELSFEUTEVAA
TTS FMTD T — R A 5 — [Mu+21][Tan+21]
VC TS'Z%EOD*T—/\{E%SK — [Sisman+20]
FEBEMETILOHY —ARA 58X — [Ruthotto+21]
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(R5) GAN X—X TTS/VC DIL—"Y(FBAETZ o 1!

Training algorithm to deceive Anti-Spoofing Verification for DNN-based speech synthesis

Yuki Saito; Shinnosuke Takamichi; Hiroshi Saruwatari 0 e P
. . Linguistic| | = YA 4 . o .
Publication Year: 2017, Page(s): 4900 - 4904 Teats.| | Ofy Y O || L params}

Cited by: Papers (8) DNN-based
i dels &
p:r‘;%::::rrggnsrzﬁon &(+)

Lp .
. = 0: generated
eature 1:  natural
pAbstract HTML [§ © peatre "o
anti-spoofing verification

Generative adversarial network-based postfilter for statistical parametric speech synthesis
Takuhiro Kaneko; Hirokazu Kameoka; Nobukatsu Hojo; Yusuke Tjima; Kaoru Hiramatsu; Kunio Kashino
Publication Year: 2017, Page(s): 4910 - 4914

C|t€d by : Pa DE s (3 ?) p GAN-based postfilter

PAbstract HTML f§ ©

eneral Crop fixed frame
speciral lexture I
H AP AP S
OTTTrT Probability
spectral texture
is real
atur:
i texture

Discriminator



https://www.slideshare.net/YukiSaito8/ganbased-statistical-speech-synthesis-in-japanese

AREEOBE - BX

B
RETHBEEESROERD S, ZEBFEHICE D KK TZFA.
DNNE&ES
BHx

4, = FCimEE M DRBN
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A:EETHRITY B3l

2022F6 AIRTEICH T B SOTA £ili = B
TTS

VITS: Conditional Variational Autoencoder with Adversarial Learning
for End-to-End Text-to-Speech [Kim+21]

NaturalSpeech: End-to-End Text to Speech Synthesis with Human-
Level Quality [Tan+22]

VC
NVC-Net: End-to-End Adversarial Voice Conversion [Nguyen+22]
Neural vocoder
BigVGAN: A Universal Neural Vocoder with Large-Scale Training [Lee+22]

X BEOEANGESR - BIRZEKXKWICEHET.
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VITS ime1

CNETHEN LTSI KDL EEE

Flow, VAE, GAN, Duration Predictor Multi-speaker TTS %

W > —
— VCHTEL%S
Row
Wav:::;rm y Monotonic . . . . I:I fo(2) Scnce
Alignment ¢ z
Searchlm ~ "= =~~~ 7!
! 000! [2] 4 Fow £z}
1 17000@0
]
Sllii'lﬂ ' o000 EREA0 rv» A a
e I “Wa----Z|s \
\| €« —-—-=-
Posterior Baad w o 'i q .00 1(-I
Encoder ceil
] on
Spect m Gradient
P g . . |:| Ryeyr
;
Phonemes Crext .
(a) Training procedure (b) Inference procedure

FRRBRERE - ARIRHFETE
AdaVITS [song+22]: ETILDE =1L,
VISinger [zhang+22]: IR & FLhR
YourTTS [Casanova+21]: Zero-shot TTS/VC ki
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https://jaywalnut310.github.io/vits-demo/index.html

NaturalSpeech (ran

Conditional VAE X— XD TTS €7 /)L
Flow Z W ERID /RO MFH

q(z'|x)

KL «<———{Reduce Posterior f ‘fﬁq (z|x)
s s N p(z'|y);bk Enhance Prior f J———>KL
%I E_[ =T p(z|y)
=i AE ‘d
VIR :EI —_
ﬁ?li: ‘JLE%I/\J :E 7T ) l/ s=ssssesp Only in training Waveform x To Waveform Decoder
A —> Training & inference 4

1 Wave Decoder
[ Upsampling Layer ] (with memory)
_# AR TR Bidirectional |*------ t Value: Memory Bank M

p'|y —> q(z|x)
= - . - x
Duration Predictor ] 4 Prior/Posterior 4 Attention Weights: W
.I Differentiable Durator Posterior Encoderl &. W2l Ws | WalWs) ..
¥ 'y

Key: Memory Bank M

Phoneme Encoder x

with phoneme pre-trainin Query: z ~ q(z|x)
[eng oy , Memory-based VAE:
T BIEZ % attention @ query & L TEHA

[ Phoneme Encoder ]

Table 2: MOS comparison between NaturalSpeech and human recordings. Wilcoxon rank sum test is

7'y
Phoneme @ @ @ @ used to measure the p-value in MOS evaluation.

Sup-Phoneme| spy ][ M ][ sp, | Human Recordings NaturalSpeech  Wilcoxon p-value

KFEBETEFIAT—F & 4584013 4564013 0.7145
sub-phonemes Z B L\
EFEE \ \
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https://speechresearch.github.io/naturalspeech/

NVC' N e't [Nguyen+22]

B EEICED < End-to-End VC 5 )L
HEAMICIFAER—R = /NS LILT—R TEEAEE
Discriminator ®&%5t% Tk

BB BFRBMFE TORHEZIRZ D LS IC&ET (DM, DR, p3)
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https://nvcnet.github.io/

B i gVGA N [Lee+22]
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https://bigvgan-demo.github.io/
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e.g., HumanGAN [Fujii+20], HumanACGAN [Ueda+21],
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