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So 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 OEFRIEE = IFHEEREIHEFHEEGRDED IR L
BRI ET) JICE LT BIRE NN PEHIAH NN HHALSNS

Input Hidden Output
(Oth) layers (Lth)
layer N layer
O s Activation M
function

O SQ—D a, (") >

W, w, W,—
b, b,
(A1) (A1) b,

:E7__\\)l//€5)(_9 A - {All .HIAL}
(RYy FT—VDRBEEH « N1 T7ADER)
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DNN D;EM{LRIE & FHEF DR E R

At LB ENE - BB TRLS1RE!
[ENE: FFFEER (RTEIDR L)

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

/ 1.0

0 0
HE: SREREHZE T 5 F X1 UADER

Linear: a(x) = x, Softmax: a(x) = e*/Y,,,, e*m (HEERXT ~)L)

REMBLBEIT-WAXVICIHC THRE
=15 A .8/
Mean Squared Error (MSE): ||@ — 0]|3 or Mean Absolute Error (MAE): ||0 — o[}

A2 RO
Cross-entropy: — Y. 0. logd, (0 |1&%2 7 XID%Z =9 one-hot X7 kL)
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DNN OFY: A= EZ AL -4idEIc L D

EFILING X—2EFH

IB1=E: A7 i, b5 0, ZHAL,REBH L(0,,0,) Z51H

WIGHE: EHEHFBICE DS, 8ETFTILNSXA—F2DEAB OL/0), 5 E
= B LRSS0, EB TOHENIARATHIRIGETHIHNEDHD

FFR ]
W11 WL’ 6/11 _\0/11 ahl 0/12 ahL_l aAL ahlj

) ) WEERE THE L TS - OROR




BRI ERK

ROA—=HINTA—=2H 5 DER

Fo[]MHnr4 )

#%%ﬁ“"w_é

R

Excitation

generation

2~ bR

Synthesis filter

>l o

%

AR O LD SDER

e.g., MLSA* filter

[Imai+83]

ANRY kO
A

Phase

reconstruction

Inverse STFT

—> e des

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

DNN ZHWEK==—a2—3I)IAd—4 (X541 K)

*MLSA: Mel-Log Spectrum Approximation



—a—FI)KRI—-FDFH

Za—JI)IAROA—FDFHER x, L FET—F x, DERER/IME

Training data

*’WWJWW

lllll i
TN

Neural Loss
vocoder L(X,, x,)

(DNN) [— ‘ >l s




Wave N et [Oord+16]

DNN IC & B EERET ) > J DFEERITRIFASE
Causal dilated convolution IC & 2 B REIOKEFEGBRET ) V5
Residual block |C &k 3587173 IR H#E
256EfEICETFILINCE quw%A zRREE LTERL

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 _ E
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 [ Softmex | | U

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

T

p(x|1) = p(x¢|xy, %2, -, x¢—1) : Auto-Regressive (AR) modeling
1 1=
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https://deepmind.com/blog/article/wavenet-generative-model-raw-audio
https://deepmind.com/blog/article/wavenet-generative-model-raw-audio
https://static.googleusercontent.com/media/research.google.com/ja/pubs/archive/45882.pdf
https://static.googleusercontent.com/media/research.google.com/ja/pubs/archive/45882.pdf

WaveNet ’-.I-: : _9‘ [Tamamori+17]

WaveNet h*&x 9 F RNz ERHEETHREMT

BERRNHECERERTEORIZMAB1DIC,
XNIng 2> 7L IO —

Original 1stframe 2" frame 39frame 4" frame
Auxiliary
Feat. Seq h3 h.4 :12.-
5,
\/ VA
Extended ?1192 ; Yi6 ¢
Auxiliary
Feat. Seq. . m.
y ol
N 5 J
S_ample rlf |= I }
T an 6
[Tamamori+17]
[Hayashi+17]
T
(x]o, 1) = p(x¢lx1, X3, -+, 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
HilFi-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)

CAN-TTS
(BGirikowski et al.,
2019)

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

et al, ¢

WaveFlow (Ping

et al., 2020)

WaveGrad {Chen

et al., 2020)

Diff Wave (Kong
ot al., 2020)

Multi-Band Mel-
GAN (Yang ot 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 con-
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-antoregressive 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




—BFBICE DO HANERS (1/3)

BERHETICEERTERDRS
e.g., 7 ¥ X MFRHETHRMHTIF T N7z WaveNet [oord+16]

US English

I l:l)

[ |—/—{ Residual block
Linguistic
4.55 features I
l [ I—/j Re9|dual block
AAAAA
Embedding = I—' I

4.21 attimen

n
1Re3|dual block
[ |—/—{ Residual block
3.86
ates

Gated L.
3.67 conditioning
J/ 2x1 d@
N \‘é “J \,;: \‘ \\ T .
Enncaténatlve Paran:mtnc WaveNet Human’Speech ‘I‘,
https://static.coogleusercontent.com/media/research
° o .google.com/ja//pubs/archive/45882.pdf

srY Y7L £D5|H



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

—BFBICEDSHEINERS (2/3)

ANFHEHRE C FERHETAORSE

e.g., Tacotron [wang+17]

[ Griffin-Lim reconstruction |

Bidirectional RMM

| Highway layers |

Residual connec fion

| ConviDlayers |
Conv1D projections

DD@DD

Max-pool along time (siride=1)

'G,..E’ eco
T 11 foomoomosmm| sEsmEm t| e é ! ﬂ
gegds )/ tnmeEe 0 b

Attention DX & &O5|B, B 7L & bD5|H


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

—EBYBICESHHNERAR (3/3)

TARTOHEE (ED End-to-End T > )

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

h e | I 0 Text
Waveform Convolution Block
Sample-level
Reader Vocoder (distill) Output
Encoder ( Bridge net
’% 7J . V0.5
a—[’]ﬂ Bidir. RNN Linear Output x N
\\Ij// Decoder Transpose Conv.
/ \ Mel Output
/ T 1 \ —»@——v Linear Output
_.D—.D—, RNN with -
attention xN
Convolution Block
Vocoder
—
<> () features | —
Input
Text Frame-level e
v Neural . . .
[ [ »  vocoder (a) Text-to-wave architecture (b) Bridge-net (c) Convolution block
FE15¢e ©_| waveform block = = noise 2
—] o o { § ; < (K Squeeze] meorm}:t'""e’“”e e AdNarmJ:_’LSqueezeJ Unsqueeze] 22 Flow loss
b i {03l * 1x1 Cony{Couplin i 3
I & B IP G 5 F
2 Layer Residual Linear \J
SampleRNN e
Input tokens —={ Embed }{Enc. Pre-Net}~ CBHG cond features
I Vo Audio
(o] Q o e}

waveform Wave-Tacotron [Weiss+21]

‘Speaker encodt

ZEY Y TILIE & D3|H NVC-Net [Nguyen+22]


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

TN E B a K = KRR B E DR ST EE
BAIEHRLIE, E50IE, BASRELE, BmFE, etc...

R EEANDSEIHXD S End-to-End A
ERAI (FETHNT KX B v T BEEGK (zen+09]):

7N
— Feature v Speech Speech
—| - 'S ] Acoustic || ter ; R |
extraction model param? er wavtehorm
eneration synthesis
N & y
End-to-End A I\:
— T
— -
-, Very strong DNN ~ ‘
— -
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(£5%) DNN LFI O BE S REHIEERINE?

V=L LTESFEIFTELS. NI LHESTIFEVLWEEWVWET.

EF S == I == A\
EmEAEEI—NAA—T Y —Z2ALBBEEEREMTO 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 ?

ARAROFMRE LIcVWERS.. s8HERLET.
BARNOEATIF, BOHE TATRIDILD

HMM OEBEZEA L TR AB R ET ) > [Mehta+22]
GMM Z AW =B E & D s5& ll{E [Hsu+18][Watanabe+23]

End-to-end X [HAXD WL\ & CEXD Z A L Ie®#HFEMH
e.g., FastSpeech 2 [Ren+21]: ROA—HNF X—RZzHEFHEE L L THIA

XIIESNIERER2022 (FERE) DEZRERELDSIA( )


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

ARBEOBE - BX

B
RETHBEESROERI O, FEFHICE D RoAmFEIX TZFA3N.
DNN E&E®
=P/N

3. EmEBMETHIER S D 7o & O EHE 1Al

52/95



ABETIHRS FEY

Sequence-to-sequence (seq2seq) #H
TTS/NCICHEITBAENRFIEDEWICDOWVWTE DXL T B H7?

53/95



TTS/VC ICH TR RINTvEVT

BTN EBEERICBITIZEELRAXARXID—D
TTS: ABRIEH T+ (TERAMOFER), BHEIZHBE L — L4
VC: HEABHIE L TH, BEEFRHED T L —LRIIER S

BARTO 7 70—F (BEXRBICIIENBETEEICED )
TTS: Forced alignment RO EZR=MEiRZ AL EETH D FEE
VC: BpY KRR (DTW) = A mT:%Eﬁd)%T%ZETE'r AR

T 1% 5 5 5 T T " %
%—
: j ' ' ' ' ' -t a ra y ur u
1 2 3 4 5 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 7oA NEOI S —HWEE IR

54 /95


https://www.sp.nitech.ac.jp/%7Etokuda/tokuda_interspeech09_tutorial.pdf
https://www.sp.nitech.ac.jp/%7Etokuda/tokuda_interspeech09_tutorial.pdf
http://sython.org/papers/thesis/saito21PhD_thesis.pdf
http://sython.org/papers/thesis/saito21PhD_thesis.pdf

Sequence-to-Sequence (seq2seq) &

ANRI e HARV O ILERZEFEES
LWL ENER (machine translation) (2817 2 i
Encoder: AJ1%R%) % [E#& / Decoder: EfERITH 5 HHRY%= T
[E#E5RI7 = context vector (AJ1RY D XARIEHR Z R15)

Decoder

|
|

<EQS=>

_ T
I

Y Z

Y
r

— L
T T T T

B C <EQS5=> W

v
A

|
4
3

7.|- U 97’)LO)§E“;£ [Sutskever+14]. ,%@JO)TE’{ D 8 I\ ‘j:;FHH
R5D 5 RIANDEHII g IEH, BRE LT OXGERIEHOD 5 AL
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A 248 (attention) ZA\LV7: seq2seq 8

Context vector DEEHFZEZEHXR

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

A — N Hidden states

Context vector o 0) ¥E1JX rg ( |j\] E)
Ct — ZS at(S)hS &
&L e

Global align weights

in
Wirklichkeit

Attention ICDWWTHE m
TTS/VC T, EARRIIC alignment (X1 5 - iiﬁ
YWAICIEDLS £DICEEZFHET 5 &P [Tachibana+18] : “

HETEDERIZ, (Query, Key, Value) & L THEFRAIEE — 3?1035’1’ I*

[Luong+15] 56/95



Fix?) Transformer & self-attention

"Attention Is All You Need" 56X T&i5
Self-attention IC& D, AJIRIIANTOEMRKFERZ ETILL

Attention Self-attention Output

Probabiliies
MatMul MatMul Err—
Concat
5 —

L
Mask (opt.) Mask (opt.) Scaled Dot-Product h Add & Norm
Attention Feed
L 1 L Forward
L L L
Linear pP{ Linear P Linear Add & Norm
[ Add & Norm | -
3 v Add & Hor Mult-Head
\ / Feed Attention
Forward 3 ) Nx

K
|
V K Q \
ht hS hs N Add & Narm
\ —(Add & Norm ) e

NEEFRDOETILEL W Ml tead

Position-wise Feed-Forward Network s T

codin ® @ osfl o

FFN(z) = max(0,aWy +b))Wa by =000 T mn
o, . Embeddin Embeddin
Positional Encoding | T T
PE (pos 2i) = sin(pos/10000%/ o) inpus Lo

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

[Vaswani+17] 57/95




Length regulator ZH\L\/c End-to-End &

BARICS T 3MBERETILZEEETILICAE & EEICESE
ZFH: FastSpeech [ren+19a] (NON-AR 72 D TEIE ICHEER BT HE)

[ Linear Layer ]

Nx |  FFTBlock |
h

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 EBhR D FastSpeech 2 [Ren+21]
=ZAEO { FO, energy } = F:8I9 % variance adaptors H N
BEREEREDmME & 4tz =
VC [ZB G FARIEE [Hayashi+21]

C C T FFT = Feed-Forward Transformer (# Fast Fourier Transform). #3154 L L)...



ABETIHRS FEY

FERBERETIL (Deep Generative Model: DGM)
BEOEMBERNHEEDLSICKIE - 8T 5H7
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*EEKTETIL (DGM)

ERBERTETIL: T—32 x D% p(x) #FRIFT 3 DNN
FE.FET—X2XZHAVT EDT—3290Mmp (x) ZiAlT 3
EMDHEp(x|) DETILINTA—R A ZHE
X5 px|V) DLW TFrT—2Z2H > >0 .
e.g., WaveNet=ARRBEMET L p(x|1) = 1_[ p(xe|xq, X0, Xp—q)

RS A ]
L WT— 2 OER (BNEEBXIE, 7 SRS L)
ERDHmZzRAWIEFREHDDFE (T—XDFriome LTHA)

HFERHI7E DGMs (B2 [ruthotto+21])
Variational AutoEncoder (VAE) [Kingma+14]

Generative Adversarial Network (GAN) [Goodfellow+14]
FlOW [Rezende+15]
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VAE: BEZHRD 5 HmICHIKI%Z DIF7- autoencoder

Encoder: 7 —42h 5B EZH =L
Decoder: BEEZHHI O T—X LR

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

| | ‘ | | [ |

Latent

, (é variable

Prior p(z)
(e.g., N(0,D))
L(6, ¢; x) = Dy, (CI¢(ZIx)IIp(Z)) — Eqy 210 [l0g e (x|2)]
— £ —\ —
BREEHICKN T B IER){LIE T— A DBEERRE

[Kingma+14] 61/95




GAN: Discriminator & Generator @

S v Ak
Discriminator D: EQT—X &40 T —2 =55
Generator G: BIEEHH S5 D 2ERE B3 LS BADT—F = ERK

Latent
variable Z

5_2 Fake data Truedata X

2\
el |
Prior p(z) Generator or} B<——0

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

Discriminator

D()

mGjn max V(D,G) = Expx)llogD(x)] + E,-p(z) [108(1 - D(G (Z)))]

BEDT—RCBDT—2 DB RER/ME
[Goodfellow+14] 62 /95




Flow: ZEDZEREZRICE IO CERTHDEY

A IR EE f IC& D, BEZEHRODHE T — 2 DR HICEH:
fZ NN TRIEL,ZHZHRICED T—FDHERDHZ R
X =fxofi—ioofi(zg) .. BEEZEHDSDT—FER
f DE(EKA|

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/

dfi
det iz,
k\

ZHEZEHRED Jacobian

63/95

K
logp (x) = logpo(2o) — Zk_llog



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

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

FEFERANRICEDICERETILDI SR
Forward (diffusion) process: 7—#|Z Gaussian ./ -1 X% {11

q(x¢|xi—1) == N (x4 V1= Bexi_1, 5.I)
Reverse process: /1 XAH'6T7—F Z187T
Po (Xt—l |Xt) — N(Xt—l; Mo (Xta t)? ZQ(XtJ t))

Pext1|xt)
Oy H@ @H H

Training: T—X I[N/ 1 X e ZFHITD

L= [Et~[1,T], xXo~q(xq), e~N(0,I) [”E — €g (xt; t) “]

—\

~—
DNN IC& B /1 XFAl
[Ho+20] 64 /95




ABETIHRS FEY

Unsupervised/non-parallel L5 —42Z AW /-FH
TISNCEZB DI DRT7 T—2WNEDH L I ST B HV7?
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TTS/VC ICH T 358 ZEHT—FNEDH L &
TTS: (TF XA+, BE) ODRTHHBE
KENBOEIRILIETZ DRIV (ZHZHFRAERESD)
VC: (BfaT, Bias) S22 DRE—HERAE (INF L) T—2HnE
HOWBEEDNSTLILTF—2EEDHZDIEIEREN

Coreidea: BEED O HREANAICE T 25 HzHE - 95
REETIE, AT ZBN
B A nask (Automatic Speech Recognition: ASR) M #1| 8
GAN »° VAE DE A
BN D FE (Self-Supervised Learning: SSL) AR DFHHZ D F

(RER) /VINT LI BT—R2TDOVNCEE =714 AV FRE
VC TD seq2seq FEDHEFDMABEINTLRLDIEZINH—E?
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ASR DEAICE S TTS O (IFIXIFIF) Behh LFH

Machine speech chain [rjandra+20]

ASR ISR DERUT ¥ X FEAVT TTS £33 (WH AT4E)
By | s T “plloimn | gotar tea)
_ 3 1 I
I\fifx [?g’/ g x =W § = “text” ¥ = "“text” : x= Ww :
r’gll & | x :W:m: ¥ = “text” I : I :

x =qedpde == -1 y= “text’— — — 1
Almost unsupervised TTS and ASR [ren+19b]

TE X ~/BED (denoising AE) #2DHE L, TTS/ASR D /XX % RI]




ASR & TTS DfERICEL D/ NFLILVC

Voice Conversion Challenge 2020 @ F v > E' 7 >/ (zhang+20]
ASR & %5E& TTS & WaveNet Vocoder Z#E5&

Speech-to-Text

The problem |
Transformer
— ASR [ mentioned are not —» anstorme — WaveNet —
insurmountable. IS

+
Source Waveform Decoded Text Acoustic Feature Converted Waveform
| |
I

Text-to-Speech

Prosody Encoder

Speaker adversarial training I & D, 52& IEKFLRERBRZFEE
> ANBEDA Y bR—2a3 T 012Y bR ETH B z1HER

Prosody ~ _ .
Code Prosody code %Eﬁﬁ W IcEE&E A D
Acoustic Prosody - Speaker 313
Feature | Encoder | & Classifier * Speaker ID giﬁxyj_ % J: D E‘
= .
Text — Transformer TTS ':Zﬁlc

x-vector

GRL: Gradient Reversal Layer (backprop. B ICR B2 REIE S



BFRICEDIS /NS LILVC

Stage 1

%ﬁ%ﬁ&ﬂ—?% & GAN 0)%)\ [Chou+18] olas‘ff’em ,
Stage 1: ] e [ w% (OL
EEMNTE Cana ik FRFRzEE sagez
Sta ge 2: . A enc(r) | (g) Vi) orvi ()
GAN TYHFEEDBARLEEZEM e e
(EFRZR I 1E Auxiliary Classifier GAN HYE L ULV?) oD S
T ory’ Discr?rEl)inator
CycleGAN-VCS* [Kaneko+18] reg e :
EEZIETILX2 RXA > T OBNESE RXA > S OBNES
& Discriminatorx2 Dy Dg
GS—)T A A GS_)T
D D 7T =1 P P P
S T XTI~ 7| Xs| | |*T |~ _~|*s XT
A GsoT . ™ G ™ ™ ~
o~ # T-S TS
Xs xr | S>T->SD T->S->TOD
~— a s
Grs @ BIREFEFE BREFXEFE

*Z5EE VC ICHLER L 7= StarGAN-VCs [Kameoka+18] H1Z1E



HS#ETdH D53 (SSL) & 13?

IRNILNBLTEFANEBET—XZzAVWT, RBLWEERRZFEY
IRNIDHZT—IDNVIETH, BERKBZXRAIDEENHEHEIC

SSL with unpaired speech Downstream task
Z = f(X5; 6))

Unpaired V'=hx2¢)
speech dataset . -
e X3 ] 0 " e

|:> LY, 7)
SSL with unpaired Text —
t.
Z=J1X5 ) Paired speech-
Un;cjjalred text C - text dataset
ataset N
N D [ all (X, 7)
Xt L(Xt
&K% SSL ETIL

7% X I : BERT [Devlin+19], GPT [Radford+18]
&/ VQ-VAE [0ord+17], wav2vec 2.0 [Baevski+20], HUBERT [Hsu+21]
(BICHBZKFEITAIN,ZITZTBSDTHE)

B3 Google LfH & A (J=IEFROB) DELFHNX L D5



1%‘1%%#?#1 h SSL: BERT [Devlin+19]

Bidirectional Encoder Representations from Transformers 0D B
Masked Language Modeling (MLM) + Next Sentence Prediction (NSP)

ANIXD =D 2%
NAF2TL,XRU7 N’
EIFr D& Z BI D 5 F Al

B LI o /ED

Bz oNn1220XH
% 58!

ﬁp Mask LM Mask LM \ ﬁ /@ @AD StartEnd Spaﬁ
* & L -
[ Ty M Tiser) ][ T ] [ T } [ Ty ][ Tiser) ][ T ] [ Tw ]
...... >
BERT [ g BERT
-- el e B0 w [ [(Een][& ] [&]
g e B e B gy —{—{r g e B e il =L
ﬁ [TokN 1[ [SEP] ][ToH 1 [TokM W Tok 1 (TokN ][ [SEP] ]( Tok 1 1 [ TokM W
Masked Sentence A Masked Sentence B Paragraph

Unlabeled Sentence A and B Pair

Pre-training

MLM |

Question P
&\ Question Answer

Pair

/

Fine-Tuning

=56 @A A EE — Hidden unit BERT (HUBERT)



1'%45-‘%5".]73:7_'5\:1 I‘ SSL: GPT [Radford+18]

Generative Pre-trained Transformer M B&

HAHKIZIZ Transformer-based AR SEETILOLE R KL

T

p(x|1) = p(xelxq, X0, xe_q) X RS T DE—T 2%

t=1

H AT KRIF S ChatGPT DA — X1l (BEZ 1CI1X NOT SSL)

Step 1

Collect demonstration data
and train a supervised policy.

A prompt is l'k}
sampled from our Explain reinforcement
prompt dataset. learning to a 6 year old.

:

A labeler @
demonstrates the

desired output 74
haetinyion iy s beay,
SFT
| N}

This data is used to N,
fine-tune GPT-3.5 \»-5
with supervised V4
learning.

o EEE

¥ [Ray23] & D 5| F (GPT-3.5 D#ERK)

Step 2

Collect comparison data and
train a reward model.

A prompt and f
I model ¥
severalmo Explain reinforcement
outputs are learning to a 6 year old.
sampled.
o
In reinforcement Explain rewards.
P
A labeler ranks the
outputs from best
to worst. 0-60-0-0
RM
This data is used ey
. L} e e
to train our w
reward model.
0-0-0-0

Step 3

Optimize a policy against the
reward model using the PPO
reinforcement learning algorithm.

A new promptis A
sampled from Wilio astosy
the dataset. about otters.
{
The PPO model is L
initialized from the N
supervised policy. W

{

The p0| iCV generates Once upon a time...

an output.

The reward model
calculates a reward
for the output. W

The reward is used
to update the r
policy using PPO.




(R&X) ChatGPT ZZA L IcEEE R SR

POERYIEES
(AFE)
E <Hi,teacher! Speaker: Hi, teacher!
Oh, did you get / = Listener: Oh, did you get
agoodscore?| =7 s+ a good score?
\ Bingo!! == Speaker: Bingo!!
_____________________________________________________________________________________ EAT,
Congrats!!r < < Listener: Congrats!! [ *HD‘JI:D‘“'
N 4
B w/ BN « X EEEEEREL,
] ‘ HFICESHEIRSH ZEE
B w/ XI55 & FE
SR w/ XEEREE + LLM
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https://sarulab-speech.github.io/demo_ChatGPT_EDSS/

1%%%@%% SSL: VQ'VAE [Oord+17]

Vector Quantized VAE DB
BEZHOEGIDH/EESMICHTI) hILafmZz{kRE L 7= VAE
- T DOBBERRER/IMLICE D HHEEFEEDFEE

208 VL
—

7 o
z|x e
—wb-. q(l ) —- "~ CNN
T3] —1‘ | y
X z 2| Z (X
63 |

z,(x)

z,(x) ~ q(zlx)

g (N
.8 Y
Encoder Decoder

VQ MIE (RBHEVIEDIAAHICKTIT T B index DIETR) (FLEFTEARA]
— Backward path TlZ VQ = X ¥ v 7 (K DFR4R)
TTS/VC ICE T B IsAH

VQ-VAE HXOFEHE=ERBLIA—FT AT v TTS [Nakata+22]
Acoustic unit discovery & VC [Niekerk+20]
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1'%4%5’9@%% SSL: WaVZVGC 2.0 [Baevski+20]

WMERFEICEDSGERRFH

EEBERR . OB TR q £,z 2YRY LERETFRS A
SBREHR ¢ AT < & > 102

Contrastive loss

L
Cortet ¢ ﬁ ( ﬁ B m
representations T I T

T

Transformer

Masked
Quantized

representations Q

Latent speech Z
representations

raw waveform X

Op5ORFATEZN, O RFATEIRVELSICTS

ZEBARREET —F TFE INTARIR: XLS-R [Babu+22]
%E%B\E&E * 5585

(==[=]= \/E'JU’S’Zﬁ"CEﬁi LL\E&%
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KR ERE SSL: HUBERT (hsuay)

2E5fED MLM (CED K EERIRFEEH
(1) BERRED SHE IN-HEE (MFCC B ) DBEERIEZ T8
(2) (1) TREINIHFERRZzHELL, ez THRRICL TEE
BRI k-means Y SRR ) VB EEAWVWTERE

M %W‘ gl HuBERT features from a previous iteration
v
K-means Quantizer K-means Quantizer
Vol v Vo Vol v Vo
[20][20] [47] ~ [3][3] ~ [15][51] 5|5|5W41T" P{l{l
Transformer Transformer
I ) ) I () )
IM]lz |[z]| .. [M][z] .. [M]Zz] IM|[M]|[z,]| .. [z][M]. |[M][M]
X ) X ¢ X X 7 P X X X
CNN Encoder CNN Encoder
ol MW | ,,,,, ‘W‘WW’“”L B
1st |terat|on 2nd iteration

WS MREZT LT 7= RhR: WavLM [chen+22]
FPEHEFIC (RLBICHESINT) HBREREDERE
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STRCLABELAREERT—FZERALLE

TTS DERZBFEY ki

INTERSPEECH2022 ? Best Student Paper Award 83X

Wave E’ To be frozen after pre-training
1 D To be fine-tuned
23T [J To be trained from scratch
t Wave I:| Not to be used for inference
»  Posterior Encoder T [J Not trainable
‘ z Decoder
Normalizing Flow [« 4 Wave
g /"/ Not used for fine-tuning 4
y I Decod
. > Posterior Encoder ecoder
Monotonic Alignment
Search v ? e
I:l I:l D D I:l Normalizing Flow <—| Normalizing Flow 4—|
Xlin o0 o [2)
A{ o) o |2 l Zp Reference T Zp Reference
Linear Spec. eococo ! Monotonic Alignment Encoder Alignment Encoder
Search * Generation T
'y I:I |:| D |:| I:l Ref. Speech I:I l:l |:| D D Ref. Speech

S h 000 (2 [2
peec Pseudo Text Encoder i 4o o |2 d 3 d
Preprocess Encoder Y ‘
[ [ Y lin 0000 1 L
Pseudo Phoneme Ref. Speech Linear Spec. ,—Ce'l—|
e e | t f 3 L) )
1 . .
' H Speech Text Encoder B Dura.tlon Text Encoder —> Dura.tlon
1 ' Preprocess Predictor Predictor
; : T F ¥ f 7
1 . .
! K-means ! Wave Phoneme Noise Phoneme Noise
| codebook |}
! ]
Pseudo Phoneme

Extraction
Wave

(a) Pre-training procedure (b) Fine-tuning procedure (c) Inference procedure




STRCLABELAREERT—FZERALLE

TTS DEEFEFEE kime
(1) BEET—42D0sZzBVWIEgFEE

Wave |:| To be frozen after pre-training
L [] To be fine-tuned
Decoder [J To be trained from scratch
[ D Not to be used for inference

»  Posterior Encoder [J Not trainable
¥z
Normalizing Flow

2

Monotonic Alignment
Search

Xiin 0 00 (2
A{ [l e) O |2
Linear Spec. 0O0O0O0 1

i

S h
peec Pseudo Text Encoder i
Preprocess Encoder

T f T

Pseudo Phoneme Ref. Speech

—

A

N

K-means
codebook

Pseudo Phoneme
Extraction

Wave

(a) Pre-training procedure




SR LEBLAREERET—2%ZBALL

TTS DERZBFEY ki

(2) (FF R, BFE) DRT7FT—2T fine-tuning (FT)

|:| To be frozen after pre-training
D To be fine-tuned
[J To be trained from scratch

Wave I:| Not to be used for inference
4 D Not trainable
1
Decoder
A

/"/ Not used for fine-tuning

Posterior Encoder

Y

v Z
Normalizing Flow <—|
l Zp Reference

Encoder

Monotonic Alignment
Search *

D |:| D D I:l Ref. Speech

oo0o (2) 4
A4 © O O |2
Xiin O 0 O0O0 1
Linear Spec.
t T :
Speech Text Encoder B bu ra.tlon
Preprocess Predictor
¥ f ¥
Wave Phoneme Naise

(b) Fine-tuning procedure
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SR LEBLAREERET—2%ZBALL

TTS DEERBFE winaa
(3) BARIEEEZEDBHRE T TTS or KAFEEDERE T zero-shot TT

To be fine-tuned




SSL %5%% bTCE%?E TTS [Saeki+TASLP24]

CCETHRNLIEKTOE RSt
STRILPZVERFE&HIALITENTVLEWVWTF X bBHEAREE

—— X Lyn—t [ W/ untranscribed speech
F2T F2s L I W/ unspoken text
best—rq RNN-T decoder
( RNN-T decoder ]
I WaveFit Shared encoder [ Shared encoder ]
[ Shared encoder ] T
S~ Speech encoder | L)
;gtuwg -------------------- ! Speech features sup
: Yu Speech encoder S
— Language ID decoder
Speech RIS Speaker ID
[ erll)coder ] decoder VAE P Emlm vy Duration
Duration L ESEITE 2
Text encoder
Text encoder Masked text tokens _|—|—'
S2F T2F n
XM .

=X X
Speech features Y Text tokens X »

(a) Pretraining (b) Unsupervised speech-text injection



https://google.github.io/tacotron/publications/extending_tts/

EmBELHFHNEREKRZE X 3EBEMZzEN
Seq2seq FE: RINBDT7 A A b T—2 R TOTEE
(Self-)Attention (2% < D TTS/VNC ETILDIREFRICED DD H B
RBEMRETIL: BEEDEMBERD 2RI T S DNN
VAE, GAN, Flow, DDPM Z 4B/ (Wb TTS/VC TILK ER)
TTS/NCOZEENR L or / VNS LILEE: 7—2IXE DX ~DHIR
ASR OF A, BIEEDEA, SSLEFE=DHEB £ TZEN

K DRSFBUTTEVLAA
TTS B‘ZTTI@'U' N1EEX — [Mu+21][Tan+21]
VC it — A58 — [Sisman+20]
DGMs D1 — AN 53 — [Ruthotto+21]
H/E SSL D — AR A 58X — [Mohamed+22]

82/95




(R&%) 8F - BEMRIZSa=TrICEIITS

HEODTLEVR

® Paper Submission by Country
& 5896 papers (regular, SS, OJSP, SPS-JP) submitted

W China
B United States of America

1. [F (3,209) > 2. 77 X 1J 11 (725) > 3. H% (226)
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B
RETHBEESROERI O, FEFHICE D RoAmFEIX TZFA3N.
DNN E&E®
=P/N

4. FEtBVE A 5 R D
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BiaTHE A= & R D

BEARICIE, Eﬁ*ht E’&ﬂbh\d)g-ﬁfnﬂﬁ
c.f., BSERHBDIGE: SRMAE (ERICERE TS b S5h) = 55HM
BEEHRDGE AEWAW FEZzEEWVWT TRV B S5 h 7z
CITO TR IF, ESESEINZH? ES5FHEI NS H?

& < FHN B EEHHMISIE
HPRM (naturalness): EHEENARS LKEZ 2 % H7?

s e ML (speaker similarity): G RFEEDENBIRTI 1cH?
etc. (FOM, Z XTI TERETINB)

& < EHhn s EEHFTMAE
TVT7 7L >R (X)AB TR b: 2507 EEER
Mean Opinion Score (MOS) 7 X k: (BEARBIICIE) SERFE T
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V7L 2R (X)AB TR k

BRANYATLABICEBZERERT Z 5 24 LIETHH
& IFA/B EE5DEENRVHZ[EIE

R BRCLBIER)DHIHZEIE, ez X" & LTxIAICERL,
A/IBEBEL5DEEMNXISIEVWHZ Eﬂ?’ﬁ (XAB 7R )

/ZTAA

ﬂ LA W‘“ ChEERAS
— ren

H HENBD (| )
gAR7xn [ S AA B

(:‘:b\b"”“ﬂ%‘) FEE | FEER

\_

| | | $ 25 IsA: 58.4%
oo fip-ae .. bas $ 25 1\B: 41.6%




MOS 7 X b

S VA LRETRAINICE—DE RS Z SERFE TFHh
TEZIIERZTORE%Z] GEZICEWV) ~5FERICRL) TEE
SHED R4 — LR, % FHME L 7= WS TE
ABFZ kX IZEAD, 3D DS T L% AR EHE A Bt

/ZTAA

a oo oo . ”‘*‘“ ChEERES
= it

H RKEERAD (| )
BENRT XN ls» 4,5,'“,2J
(2 ZH B MR7HE)

) ‘ FEE ( PEER

\_

| | | S 25 LA 4.32
TV TP T S 25 1sB: 2.69




ABTRAFEMOSTRM, EBE5%ZES?

AB 7 X k MOS 57X k
A LR iE T ZHE TS ER

ATIWIICERSNE2DOBREA, BEHWLWT, BEOEWLA (AESULL, FEEEEFELTVDA) ORSY ATIHCERENESEERVT, TOEE (AEISLL, BACELTWLWSINEDD) ESERE (138
EBLTLIES. (LB ~ 5IERICRLY) THAILTESE 0.
EBYOSHIES = —T, ANRBRIBEFESNFLTA. SEORIC, [COBRESENSLOROTH
[start] AR5 ZIRLTLIZE0N. ZRDTIEE0N.

[start] /R =ZRLTLZS0N.

user:bach5431
user:grieg0765

@ AT LEBEEDEEDNES @ AT LEBEDERLES
ABT2r TERHSB ZrLh
@§mﬁbtmyz%Aﬁumu, HH S AL
B FE I E D2ZE (B
U AT LMEEEDEED
S R#ELZDH
HEENIZIFRAL S R T L%
LT 3EaRY

HI3IRE - WM TERICERL TLWSFHER—CDRI ) -2 3y b



amEHHED T 1 >

sHiEllC BTSN T X2 ISR D RN T B
FEDFALITERIICERN - FAMICBBLSICTHI>TBHIL

INT T ZAHMEWL (BRW) FET 51 > Dfl
BRNS VAP AN—INETERANES VA LISEIRLTHES
BUATLICEZEREBEZRBEFMIE S
FHMEEICERZRET - ANV RAVERATIMESIE S
AB T X NTIE, FEZRTIBIEBDL v v IILT S
$HBHEEEICDOWVT, (A, B) 1213 THL (B,A) DIBETHEHIE 3

2 75 AN

12X T L#HT=D 150~ 200EREEFFMEEIND L SICT S

L IEDFHMECRTISEET VTINIEZIITRVELIICTS
(HRERE D FHE TRNAZRVEL S IC)
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SR E O & & Tl

FERFMOMER
EREICHD B AR (FICHE) DAL
EROBIHREZIBRIZZCHRE (FHZFDARAREICSEWV)

AFR: FFEHE L TRE TS (ABEDITA LA W) FERFE
HORHZ ERICFRTSIEhE 5D

BRI DT HFEE: (Log) FO Root Mean Squared Error

AR b IVEFEHE D FHIFSEE: Mel-Cepstral Distortion

EERHMOFIRBE: SEERFHMAN Y MLOELUE GEESRMERE)
ANMTFAMZERICKRMTEhESD

BREZERmM ETIIVCANL, TF X M EESEIENSZ D E S H
FHFAMEFTRETIILZED

FEOFY kR oy Y
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U T M OS [Saeki, Xin, Nakata+22]

VoiceMOS Challenge 2022 ICHBIFT3EHETIL
SEEFHMMMARETAOEERE I RT v > 3> (#E)
Data-domain ID —-{ Embedding layer
istener 1D —{Entedaing oy e vere (oneni

Input audio ~ [ | [ ]
waveform : : :
|||II|||| SSL mOdEI —’En | e | ]
(e.g., wav2vec?, WavlLM) | [ ]

] [ ]

~ [ | [ ]

Clipped MSE loss &
Phoneme seq. —~{ BLSTM layer Contrastive loss
Reference seq. —-{ BLSTM layer

Stage 0 Stage 1 Stage 2 Stage 3
Input audio Strong learners
waveform | Waveform SSL-based NN 1
lfer—t i SSL-based NN 2
: Ridge
—_— SVMs — Ridge |—Score
Feature Weak learners e — 9
extractors Ridge Gaussian process
wav2vec? SVMs
HuBERT

Decision trees

WavlM Gaussian process
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SpeechBERTScore (sacki+is24

FO RMSE % MCD % ¥ @ reference-aware 7353 l7%
SSLEFHEZ/EA L, NLP ICEIT3FMEBEZ SN EEDFHMEICEA
SSLEFHEZEFLLT=HD%E NLP ICH TS “token” & AT
ANEDFEFTMe B < t8R8 & #k 4 4 F &M E CTH EHA &

ME 7z ST EFEDFHM, cross-lingual 7551, etc.

Reference NLP metrics
speech y ( Nz O U ™
-||I||-|-——1- —>! E—:r BERTScore
Generated rr?ost:ilzel ! Quantizer. S
speech 5 s
P X 0 Z ¢ U Token
IIIIIIIII—I- —! —>| Distance
. y N L ' \. y,




BiaTEVE = & X D FTh
EAXWICIE: B INT-EREOmMEZ ABD &5
T T 7L YR (XAB TR b2 X T LN EEE
(DMOS TR M B R T LWERLILERZ 1~5 O X7 TFHh
OAX MELBDT=Z: [ 5 D DEZAE T DR
ZAEFHE0FRIREE: MCD, FO RMSE, etc.
HKEEDERET - SFEOHIRGE. S50 « 558 a0 (sosl) M48E

WD hot topic: BEEEHRmBE DO BEF A
BREFRZANL, Z0ORBZTATIHMFEEET L Z2ER

SSLEMAZED;ERICK D, SREL T HIZERAGICED DDOH B
==L, FRINA 7 ZADEEIZFRIGST

KD FRLCFUVTTEVAAN
BREEFMED T — 1585 — [Cooper+24]
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F W & SEROAFREM

B REFEICED CHRFTNEEERM (DNN EE G M)
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— }\Feﬁ%': S > TRETN BB EROREAICED AN H?
DEK: ABDOHEFMZEID ANT-BEETILEE - Eib

eg HumanGANs [Fujii+20] Human—in—the—loop adaptation [Udagawa+22]

Speaker Speaker
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. GAN— HumanGAN et epace
g _ Generator Discriminator Humans Update
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o0 ACGAN HumanACGAN (proposed) Waveforms
g - ,_,—-ReaI/Fake AN .. Q0__—Natural? ) Chosen Waveform
. Class—- @ e @"‘*Class 1/2/ ... Class*%_bw BR “Belong to class? Multi-speaker : S “ »
= Backplopaganon ~— - Backpropagation < TTS System || *% ; o
.= A~ - [l iE
%-g Class-*@ Class 1 C@” . Class-’-@ @1 @ |:|:|:|:|:|:L:|:|I|:| User chooses
OE Conditional real-data distr. Conditional human-acceptable distr. Phoneme the best waveform
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