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75 A& (Text-To-Speech: TTS)
— TXANGEDLBEFEA KT DM (H: R 2 HADREFERE)

TTS %WMW

B Z# (Voice Conversion: VC)
~ ANBEEERDIERICEADEM (B 2FREITVDEFR)
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7R (Speech Enhancement: SE)
- BETITEEREOBE RN ERTT 2E1Mr (F: BEREARKFNDE)
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Conversion
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EERRREET
YFHEAUOETEND )
&SI =vY gl


http://voicetext.jp/voiceactor/

BROEM - K- RFHDIZHD
BEmMEEN 7 JO0—F

BEEEEL, BEEOHRTEEYT T —4MENEEHRRINMES
— DNNREIZRDEMEZT N7 TO0—F NG
— (HIZ, ZAEBHREFOTEEFICEHETNETANIELAFR))

GANDEIFZIZKY, &5 - T - A S EIRENICH L
— 2017 FEF DB (HBR) hoIEEMIZERINELIIZRY,
RIITlE, GANZFEo-EFAEDOyYavEEND

Technical Program

SP-L10: GANs for Speech Enhancement and Recognition
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Generative Adversarial Network (GAN)

[Goodfellow14]
Generative adversarial network
— D EIDIT L Jensen- Shannon divergence MEx/NME
- BERE, B/ AR E R #9558 252 B

Generator G(+)

Prior noise %%

Natural
i _ e

Generated ~ 5 - 4 0 1 : 3
Discriminator D ()

F0.2
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GAN D =F B IR

[Goodfellow14]

Minimax”/ — AlIZ k3%

maxmin V(G, D) = —Eqnp,,,, (o) 108 D(2)] = Ezropz) log(1 — D(G(2)))]

DTV T AT ELTORIR
—V(G,D)&f&x/MEd %D
oV (G, D) _ _pdata(x) + pc ()
0D(x) D(x) 1 — D(x)

—~DERALRZV(G,D) = GHhi>R1=-BREH
C(G) = mDin V(G,D) =

= log(4) — KL (pdata

(33) . pdata(x)

—0—D(z) =
pdata(x) —|—pg(£€)

pdataz‘" PG ) _ KL, (pG pdata;_ PG )

Daata P D E Dlensen-Shannon XA /N—J T X
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GENERATIVE ADVERSARIAL NETWORK-BASED POSTFILTER

FOR STATISTICAL PARAMETRIC SPEECH SYNTHESIS

Takuhiro Kaneko', Hirokazu Kameoka', Nobukatsu Hojo*

Yusuke ljima*, Kaoru Hiramatsu', Kunio Kashino'

[STFTHRIZ2017/09]

TRAINING ALGORITHM TO DECEIVE ANTI-SPOOFING VERIFICATION

FOR DNN-BASED SPEECH SYNTHESIS

Yuki Saito, Shinnosuke Takamichi, and Hiroshi Saruwatari

[C—FILHRIZ2018/01]

FRICL£FBORLCEYI a3V TRE
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ICEN (EEFDE HEIE) %
LA philosophy [ €<RE 5 3.

=Y
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- GAN based post-filter:
FlE5 1%<‘:5'7L73L'CGAN%5FIJ

[Kaneko17][Kaneko17-2]

Time-freq. DNNEE &M T ] ResnetDF| T
spectrogram 4 IS EIEAVH K WAAEEZETT

Synthetic. _\;
speech

speech f

BRSO THICHTIHREEBAIZGANICEA LTS HE1E |
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Training algorithm to deceive anti-spoofing:
BrREYT ELREEER I 1=80ICGANZFFF

[Saito17][Saito18]

Text-to-speech

_ . ~ Generated Mean Natural
H H speech squared speech
i Parameter R params. error params.
. generation
Lingui- . .
stic |: : : . a
feats. y y
H n H Adversarial
loss
A U Feattfre . .
function a7

[ *ﬁtﬂl:ﬁ@ Anti-spoofing
HEE [%Fiut.cwasuﬁm

BREAYTELRHEEX )T 2BBNICERLTEREL !
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BEEDERETIVIEOELS
— LDNZRWVEFRIT—2DRIKDHEETILIEST M ?

p(X1,X9,...,X7)

JL ==
IRS

EEERTETILOM
— B O EBAE A Yk (Autoregressive Generative Net)
T

o« EEF Fafactorize: p(X1) I p(xelx1,. .., x¢—1)

t=2
o REMMDT p(Xe|X1, ..., Xe—1) ENNTETILE
o F By Tl WaveNet | [van den Oord+2016] D & B Z KU ZE AT
« FHIWEAE —H TERITIENE ERAEATITBD=5H)
— GAN
e p(X1,X2,...,X7)EEEETIET HEELGCEDDETHFEZIZ
KUY p(X1,X0, ., XT) IZHESIY U TIVEE R T BCEBBIENTES
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B = Z# (Voice conversion; VC)

EEBERIGFE
= 4 AT BEYL AR [Toda 14)
REERFEDFEZLIYEBRBZEA

% ==
F|:|
B *k) —» { [Doi+2010]
FF-/:L%T:E & — @ [Nakamura+2010]

R2
-]

c HETHNBWNNIEMEBE T FEHEGE A
ERIEEEE § —» { [Toda+2012]
(TLRY—DEIBERFIZA 7 —3Y)

— QEE'EH:. nﬁ%d) iElt'ﬂ% [ [Kaneko&Kameoka+2017]
— TV INI—DEEE

—etc.
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CycleGAN [zhu+2018]
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CYCIEGAN-VC [Kaneko&Kameoka2017]
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Sta rGA N 'VC [Kameoka+2018]

CycleGAN-VCTIXEE CEADIEFENBFTERTRIOE#RD H
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StarGAN-VC: B EFBNOEBRETE—ETIL TTASAR
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Original Original
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Original Original
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“Text”-to-speechZz B A DB E &L
ZDI=HDa—/NRK

[Takamichil8]

Jpn. end-to-end TTS
[Ueno18]  <——Reading-style speech (10 hrs)

JSUT
[Release in this winter]
[new!] JSUT-book q :
Audiobook '
J= [new!] JSUT-???
Single Japanese speaker’s voice‘é‘-‘ 27?7
2
: e
JSUT-vi ’ - JSUT-song
N
Vocal imitation (0.4 hrs Singing voice (0.5 hrs)
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[Takamichil7]
SOEEABIZEZEZ TN ..
— W\ DEFEILE YT > AEIEZESCwi0
— Moment matching network [CEDLEE Y1) % [Takamichil7]
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Human Current TTS Our approach —

pise
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End-to-
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