HRAF E5EmErmeE 7[a] (2018/06/05)

BRAMK - B T D1

Q&Y ++/**/****©Shinnosuke Takamichi,
The University of Tokyo

gy
3
i
>



e

04/10:
05/01:
05/08:
05/15:
05/22:
05/29:
06/05:
06/12:
06/19:
06/26:
07/03:

T E R B EESUIEN
JEBEITHEF o fE
774 N ERDBELTD 1
774 FERDEET D 2
TNV RAV b - ERETERT & 2 DILH
[LR—FEE1L]

Skl =Gk - Tz D1
H8E BEEER - BiRZL D 2
Foe] FH5HEIEOER

#510[a] F4\FEED - RTE

#11E [LAR— bREE2]

o] [0} [5] [o] [o] [Of

#1
52
53
54
5
6

2/63



ey S R D =L iii

mREN
— http://www.sp.ipc.i.u-tokyo.ac.jp/~saruwatari/
— (VAT LBRE—FREHLN S ENDELIICHE>TET)

D% il
— HE =
- LR— bR QEOEEAWE)

3/63


http://www.sp.ipc.i.u-tokyo.ac.jp/~saruwatari/
http://www.sp.ipc.i.u-tokyo.ac.jp/~saruwatari/
http://www.sp.ipc.i.u-tokyo.ac.jp/~saruwatari/
http://www.sp.ipc.i.u-tokyo.ac.jp/~saruwatari/
http://www.sp.ipc.i.u-tokyo.ac.jp/~saruwatari/

X C&HIC



RKEZDOBH

BEEM B E IR ? £ DEBERMIE?

(S Yy FAEEICE L CIZERZER2 TR WE )

5/63



BEEK  BF 2 ANTRIICIEY

9 AT

BEEDEFERK
—TF* X FEFEA (Text-To-Speech: TTS)
« H 7 mork (speech-to-text) Mif

[LEDEEAK (xxx-to-speech)
- TFRNEFEK
— ZE 2 (Voice Conversion: VC)
—hRARF Iy
— 25 RS (Concept-To-Speech: CTS)
T — SBER > BEAEK
-AE - 2EE~vvyEVS
 AEHEET E EE DL
—VILTFE—XILEEFEK
s BEBRL EEEDEEAK

6/63



7E2 N EEAH - L

T¥ X FPEEEH (Text-To-Speech: TTS)
_FERMENLEEEAMR
— b FUADE/ DI 22— 3 DD

Text—  TTS AQWWW»HWWW

EEZi (Voice Conversion: VC)
—ERAERAIEFICE

b FOREFHNAZIZA /-T2 20— 3 D728

o —ve e

7/63



£
&

N
AN
&
N
.

——
S

—1
A

TEFXNEEERK

(FHD2L %)

8/63



B2 )

| | 19_0:31,304

VOCALOID ZTEASRDEESEEN < 31Aa4 K & totto

o/

coestation™

P> »l ) 002/339

g LY Google Home AT RT— 3V

https://www.vocaloid.com/products

https://www.ai-j.jp/archives/7889

http://voicetext.ip/voiceactor/

https://store.google.com/jp/product/google home

https://crimsontech.jp/works/rcvoice/ 9/63
https://coestation.jp/



https://www.vocaloid.com/products
https://www.vocaloid.com/products
https://www.vocaloid.com/products
https://www.vocaloid.com/products
https://www.vocaloid.com/products
https://www.vocaloid.com/products
https://www.vocaloid.com/products
https://www.vocaloid.com/products
https://www.ai-j.jp/archives/7889
https://www.ai-j.jp/archives/7889
https://www.ai-j.jp/archives/7889
https://www.ai-j.jp/archives/7889
https://www.ai-j.jp/archives/7889
https://www.ai-j.jp/archives/7889
https://www.ai-j.jp/archives/7889
https://www.ai-j.jp/archives/7889
https://www.ai-j.jp/archives/7889
https://www.ai-j.jp/archives/7889
https://www.ai-j.jp/archives/7889
http://voicetext.jp/voiceactor/
http://voicetext.jp/voiceactor/
http://voicetext.jp/voiceactor/
http://voicetext.jp/voiceactor/
http://voicetext.jp/voiceactor/
http://voicetext.jp/voiceactor/
https://store.google.com/jp/product/google_home
https://store.google.com/jp/product/google_home
https://store.google.com/jp/product/google_home
https://store.google.com/jp/product/google_home
https://store.google.com/jp/product/google_home
https://store.google.com/jp/product/google_home
https://store.google.com/jp/product/google_home
https://store.google.com/jp/product/google_home
https://crimsontech.jp/works/rcvoice/
https://crimsontech.jp/works/rcvoice/
https://crimsontech.jp/works/rcvoice/
https://crimsontech.jp/works/rcvoice/
https://crimsontech.jp/works/rcvoice/
https://crimsontech.jp/works/rcvoice/
https://coestation.jp/
https://coestation.jp/
https://coestation.jp/
https://coestation.jp/
https://coestation.jp/
https://coestation.jp/
https://www.youtube.com/watch?v=fU0fmF2N2qk
https://www.youtube.com/watch?v=fU0fmF2N2qk
https://www.youtube.com/watch?v=fU0fmF2N2qk
https://www.youtube.com/watch?v=fU0fmF2N2qk
https://www.youtube.com/watch?v=fU0fmF2N2qk
https://www.youtube.com/watch?v=3Ac92rxKiKg
https://www.youtube.com/watch?v=0g06LxUIZ4E
https://www.youtube.com/watch?v=MGt25mv4-2Q
https://soundcloud.com/voicetextactor/sets/voice-conversion-demo
https://soundcloud.com/voicetextactor/sets/voice-conversion-demo
https://soundcloud.com/voicetextactor/sets/voice-conversion-demo
https://www.youtube.com/watch?v=aJp5L3uw3hA

BEDFFDIE®

5;5’?‘560) TETFEELJ n_ljz

(speech-to-text) F %2 MELTE % 53R

}_y"ﬁ =1 n_&fok é:
(emotion recognition)

185 SR

ELFHNERNICNST 5,
TF¥F R MLTERWER (F 0 BiE)

n%%nb n&fa\ &

(speaker recognition)

IS R

ELFOBME REBERICH5INS,
FERMLTERWER (8 EEE)

10/63




EELHIIAOEE % R - BIRT 3 7

Hl : FEEHR (BFEEIATFVDERY 5(452’2%?-?%%)
WWWWW%/\7:.% INTEEE
= M e =

2 : EIEZER

WWMMWwwé °m_
WM

13 :

mft
i
N

: %V '

11/63



EEARIEAOERE RIS - ZHhT 3 ?

#l : REBOESEEER (F 7%%&@$7¥7:AE%()
X MEIER

—==h
/| AA
YAl
7=
EhE oA
e
F=55

#HER

BRGK

INT EZE %WWMMWW

12/63



13



AYTFX b - FEHFEHE

BRARTIRALHAFERY> o HEZHE

AVTXRL I ERZHEHT REHE
- SEME
- NS EEEEE

- JFERERHE
EREHE | SREMRMNICKRIFHE

- EEOEYE
_ EEORYE

14/63



BREOERBIE: V—X - T4 ILRETIL

BEBOTE N

OCFZEFHN LT,
ZEE DTS

BEICh S | l

— = AN &
5 T
BEEDER ~

FaaESE T,
EREIRENISE S |

> I

—m

Ly

\I'=
Y, "?R‘L

15/63



L BRDANYT bILEEIE
(BEFEDANRY MILIEE @2;2’%)

BEHETET /LA EE

4 N\
o |
ZED > /\/\/
N N4 O/
At |< Bl
B ) IENEY

JNT] —

/NT) —

JE R R

\_ J y—
u\ [
T TR

EAREREE (F) 16/63




7 L — Lot & EEFEE

BROEEEMEZREL T7 L—L51H
- 20~30msiEETHNIL, EERIESES

Speech WWWMW%

Freq.

FO [Hz]

==

L
//7;\\1?%% T

»[ime
V.S N
& TTEXR Tl

~Time

Ay

FEVERRY ICHRE)

ARG bV EFOA

17 L —LDOEHE

17/63



BRI AR

FOICEDWTEHIRIES & RE)
~-BEZIFFOOEHDOEID A > /LR, EEEIZARES
(&4 2, 2004.]

.

12 T 1 1 1 T 1 T T

Q

©

2

3

2 == -
BrE HEE

_1 2 1 1 f— 1 1 1 1 4 1
0 1144 2288 3432 4576 5720 6864 8008 9152 10296 sample

CDEREESHE, AR MLEKIZEY 740205

zxarwa%%QM&A

74X

18/63



=P ICH5 T 5 SEME

=32 (mixed languageH &%)

—JErEx . Part-Of-Speech (POS)

e < A
=]

* = Hl

« ZEAE I 2K (I2IFA) > =K (SAIFA)
-7tk XRFLX

e TV MEE L ICUO® L+ X—FIL = [T X—=FIL
— XL - FERFE

19/63



RE

- HKEDOR/NEMATHDIEHRDEL
—/al, /i/, /u/, /e/, /o]

ZE8H (57 0W)

— =8 - -E.E.ETZET_@%FDQM(EZISH B HIEITO S A E—DIZHTIL)
- HEE - BETKDOLEEE, BEAZD M(ka)'mE,
Eﬁ%ﬁﬁ - FE TR ES, A BBt (i) E,

%m ':' Eﬁﬁquﬁ%bﬁ_%)%ﬁ

Ezl: - FEAECY (C: 75, V: BF)
« ZEE .- CCCV. CCV. VCC. VCCC% EAEH

— straight = stra + ight

20/63



Q771> bk XFLX

D77 APLR
_SEICIKELTRNY MILEFOICIRN S

Bl B&E (7o) = FO
bh7=LIid L LsrHASNWNE X L 72
{EUFO
H2: fEE (77t > b WOE)
x = B B OB
VvV N S — \V FODZEA1
$13: &=FE (R L R) ZRLZR

| went to the library to study for the exam.

21/63



QY X L - HiS

BEEDOERE

—_EBIKEFELI-FENENMNA. BENICERRICIENS
#11: BAGE (£— 7 HEFMH)

Hh7-LIiF&E LD ANWNE T L 7o,

H2: hEE (5 7 IILVERY) BRIT—EREEHTIRNS
= B B IE
o o o o o

H3: FEEE (R b L AZEEY)

| went to the library to study for the exam.
[ o [ o

22/63



2016 ICHE !

- 18F .81 6EIH, #hkid1943F

NHK
BAERS

ryexb

T AL

NHK BERZFBRS 717> MdsH Bk -
2016/5/26

NHKHOESZALTAZERR (FREE)

WRRARY v SHEOHAIY—LE1—

» TOM () OB LVIT A3 E®2ERRID

BHITKR
¥ 5,400 V7514

¥ 6,299 &0 17 FEmdtim
¥ 5,400 &0 1 #im
¥ 10,999 &0 1 L U5 —BmOtim

10/31 BiEH ([CHREITTB(CE. SH'515 B 6 ALUAIC [B22E)
Fiold TYEPREE] ZBIRUCEXEREEL TSV (BRIAT 3
> AmazonJ S+ LSS (3EEFR])

23/63



gIEID B RIAZEH 5 7= ?

[KH b, 2016.]

20 [\ 7] HH7!
AR DT I k7

K2 [R&] O NHK7F7H—BEOHER FEH) E3 [BE] ONHK ZFIH—FEDESE

272\ I\~ (2009 ./ &31)

1962 4F- 79% n: O X
PEAN 84% 16

1981 4F: 91 n

1996 - 77 n: * 2009 {Eix, FREFNOBIZOWTRH:

— A REE T FRE

~-BEE (HRr+FHHE) TR, s

— B ERE

24/63



ZZETEED

SaTTEE

Text & 5 P AR
Accent phrase [/O—O\O} E(l)%\t] 9
Phoneme @ E]

HDEZRIL/)Y/, BOEZRIL//, 8WT o2k,
FRATHIEEZDHDIE—ZBHTHS/u/

B A EFEHE
_BEAS, FOE - R ORBME %

Cepstrum, FO ﬂ@ﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂ

Speech A iberae o

25/63



26



BEAMDORVWES

1939: Voder (RILFFZZFR)
— Z®yj&lZvocoder (voice + coder)
1961: EEAHRKIC & % ‘Daisy Bell’ (RILHH

~1990: 7+ =2y FEEEHK

- BEMRICK 2FFHEIKE
1990~: R EIREFTFE SR

- XA T+ VEFREK, BARREEFSK
1995~: FHETRINF A MU v IV BEARK
— HMM - DNNZEE &K

EFNEREE I — /XA %
FAWTEREITD
O—/NAR—ZXG5/A

—~ GMM - DNNEFEZ

27/63



J—RNAR—XZFESEOEL

FHEIRBE S (unit selection synthesis)

— ELF“igﬂQ c INT X — §Z%EG%T;-L- Z DT - JHDJ:TT%gﬁEf%"\
- R EBICARROSWVERE

R EBEFELICCL, 7y FTU Y EHAREW

BT S = & Bk (statistical speech synthesis)
— BRI« RT XA =R ERETETILTETILE
- RAT:FEZHELCTUL, 7y b 7TU Y FANE L, EHFEED
MEAERKWNCEZ S
— B EVWEE (BRI ESICHEINTEL)

28/63



]

P TR =2XFGH (R ERRE)

— N
Llbi,
)_EIE & N X Z% % ) LI L L I”I.l.lll l“

FEr XAV b 'WW ”WW

RRSNIFEL S A bR MWWWW

BT 2 b C (g, ) 2—4"y kAR Mty up)

ANTFA DTN . . )
5 A EE RS n-i g n+1

O e ZR—4Fy baX MoMAEE/IMET B LD (C
ZEtE T AV AEER 29/63



O B

AVt Eh 3 3R FEEKK
~ INEBIMET B LIS T AT R Uy, oy, e, uy FIRTE
- BIRVETIE 7R & 2 F
N N
) = Z w8 (b, uy) + Z w8 (tn, un)

n=1 n=2

4—4y h AR FOESR EEIRFOES
BE, Ea—UXT4 v IITRE
JX FEHOH (TFR D HLDFHBEHEZFORINET S)
- X=7v FARb I FHBEEL LI XY FOBFHEDOZRRE
—EHOAN BT AXAV NOERT L —LBIROEEE
cRBAX MY T AR MOEAMIETIOZEEDL H D

30/63



‘w‘w‘ ]
ZET—AR—IAHNSBEEL /-
Bt ETIL

TF¥FAMERZH &I(C
BRI N-HRETET L

DWW AW/
BE/NT A=K

BREEIEORDYICHEAET L Z2REL T

REATT IO OEF/NT A —XAHAERK 31/63



T R—XAHXDFIE

A>T F X b BRE/NT X —X
S v — VA
T T A
Text— ey
e BRAT s 5 Bhadad

il 1 R AT I —
ZEFEHE
(BE/XT X —X&)

32/63



TMETHIE A SR D I

T*XIIEEE
— Hidden Markov Model (HMM)
— Gaussian Process Regression (GPR)
— Classification And Regression Tree (CART)
— Hybrid (unit selection & statistical models)
— Deep Neural Network (DNN)
« FFNN/LSTM, GAN, MMD, WaveNet, Seq2Seq, MemoryNet, ---

BB (TFRFZ2HET, BEZEFEICEELTRT 3FE)
— Gaussian Mixture Model (GI\/II\/I)
— Nonnegative Matrix Factorization (NMF)
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The hidden Markov models (HMMs) are widely-used statis-
tical models to characterize the sequence of speech spectra
and have successfully been applied to speech recognition
systems. From these facts, we surmise that the HMMs are
also useful for speech synthesis by rule, and we have pro-
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[Tokuda et al., 2002.]
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MSD-HMM (Multi-Space probability Distribution HMM)
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[Yu et al., 2011.]
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[Shinoda et al., 2000.]
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[Tokuda et al., 2000.]
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[Tokuda et al., 2000.]
BENIA—=29 FFNSFHEOHN TORALHME TISOLONS
Y =Wy (D LEIDR— V% B])
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[Tokuda et al., 1995.]
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GMM (Gaussian Mixture Model) & |
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[Stylianou et al., 1998.]
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BRZAR B0 hZerH
[Toda et al., 2007.]

ANEFHEE (X, X, XIS T BRER/INTA—X Y ZERL

- %9, GMM%ZH ;E/E.\%?% q =[Gy, qr, -, qr] TITLL
= argmax P(q|X., 4) - A% P(X,|1) D S BEFTRYICEH

A\

*qe =
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0.014
0.012
0.010
0.008
0.006
0.004

il 56“‘{\\
\\N \\ M“Q

l"
-10 ::::. .: 4 -

0 Conditional prob.
P(Ytlxt — O,A)

i
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[Toda et al., 2007.]
H—RBAELUCKY, HMMERIL & 5 ICRAERKATHE
— T pug, . = Ay, X + by, (FRFLZHE)

sy = p(V) _ 4T p(XX)
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HMM/GMM % 5 DNN ~

DNNPzZ&E~

_EEFHTORN. FETILIY I LEOHEIC . BEERK
223821 DNN O3 AYEE [Zen et al., 2013]

ing data. Deep neural networks have achieved large improvements
over conventional approaches in various machine learning areas in-
cluding speech recognition [22] and acoustic-articulatory inversion

- HMM EF &8 « GMM EFZROM A &Iz £ O X £H FHREE
— fth 2B D DNN# AT & B8R (27 A AT e
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Text-to-speech TDF|

[Zen et al., 2013.]
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\oice conversion CDF]

[Nakashika et al., 2013.]
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HMM/GMM & tbeXT AN R LR >72 7

[Zen et al., 2013.][Merritt et al., 2016.]
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GPREF G « &

[Koriyama et al., 2014.][Pilkington et al., 2011.]
HMM/GMM®DEWRIREEN 2 EM T 5 -0 ICIRE
~HMMOEEEFA E, GMMOD (X5 iR 2 #1134
- T—XEITIS T
FERT—X - TAIT—20RKEImeHE
—-PY,Y'|IX,X)=NW,Y;0,Kysr +0lyi7)
—ERREFICIE, A 5P|V, X X)EETE

Kyt
3 Cross-covariance matrices
N-frame KNT) between training and test data
training data >(
T-frame [} /K ><K \ Covariance matrices
test data | \/TN S~ ]) within training/test data
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51— IV D&

[Koriyama et al., 2014.]
AVTXRMEIOA—FIV (3ERE) 2 EHRETTH?
~EZDOBEMEENAFVURR

1
vocalic + <+
high -  +
low + - - - - - = = = -
anterior - = = = = = 4+ 4+ 4+ +
back + - 4+ - 4+ 4+ - = - -
coronal - - = = = = 4
plosive - = = = = 4+ 4+ = = -
affricative | — — — — - - - - - =
continuant
voiced

u
+ + + - - - - -
+

nasal —_ — — - - _
semi-vowel | = — @ — @ — - - - - - =
silent e
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GPR/NMF [2BIT5Z/T7 7 AXY 7

[Koriyama et al., 2014.][Pilkington et al., 2011.]
GPR/NMFIZHEBITBRTr—7EY T4
~-FET—XEICW LU THEEDER
HMM/GMMIC X 32ERI7 7 A2 YT
- BFEERZ I 7 AZX) LT, ZDOERNZER T & ICGPR/NMF

O(N3) for matrix inversion

GPR+HMM/GMM
GPR
/ U \ g ;U ........... '
Q sub- regions =:'Ifj: ........ ......... _______ :U ........

Acoustic space
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HMM/DNN-based unit selection

[Ling et al., 2007.]
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Tied-covariance HMM/GMM

[Takamichi et al., 2014, 2016.]
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Acoustic space

Update mean& J \
while tying covariance _.

Training data

Rich context models
with a tied covariance

Gather them with
identical weights

Rich context GMM
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