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Abstract In voice conversion, sparse-representation-based methods have recently been garnering attention because
they are, relatively speaking, not affected by over-fitting or over-smoothing problems. In these approaches, voice
conversion is achieved by estimating a sparse vector that determines which dictionaries of the target speaker should
be used, calculated from the matching of the input vector and dictionaries of the source speaker. The sparse-repre-
sentation-based voice conversion methods can be broadly divided into two approaches: 1) an approach that uses raw
acoustic features in the training data as parallel dictionaries, and 2) an approach that trains parallel dictionaries
from the training data. Our approach belongs to the latter; we systematically estimate the parallel dictionaries using
a restricted Boltzmann machine, a fundamental technology commonly used in deep learning. Through voice-conver-
sion experiments, we confirmed the high-performance of our method, comparing it with the conventional Gaussian
mixture model (GMM)-based approach, and a non-negative matrix factorization (NMF)-based approach, which is
based on sparse-representation.
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1. FC®IC

IR, FEEZAHGE (KAIEEESHEOSENRERL, FSEE
DI HIEEDE DNLHE T2 F1E) H, HHEESUHEO
T TERAICIIRENTVS. TOERELT, HERET (1]
RN E R (2] ORI DM |, REERERREANE O
TeHDT ARV (3], TOMERLEZ AT 4], [5] NDIGH
MARECH % T EMEF B NS, AJIEEEDE R Z 1R D
FEZ L DOEFANEHY 2 12ITIE T FO R & AX7 b
TEREZT 50BN D B W, 2 OFTEZAHICEET 555 T
&, FO T3 ARY MVOZEHIEICENI L TED, A%
ICBVTE TNICHET 2.

XK 6], [7) KB RRNENTWVBE K, FEEEEELT
CNE TIRRA RGN Ta—F Dt E N T E . T
GMM (Gaussian Mixture Model) Z W\ /2T [8] Wi E A
CHWHENTEBD, RAGREMNZENTE . FlZE, FH
59 &, BREEE Ja— LN Y T VX (GV) ZEAL
T, ZHREZN LEE 3 FiEzRE L. £/, Helander
5 [10] ik PLS (Partial Least Squares) % WV CTHEZHE T
FERELEL.

L LEDRDS, GMMICH DL 7 7a—F14, over-fitting
over-smoothing DN HE TN TV 3 [10]~[13]. T,
GMM N2 OWH b/ A XOFEZZFPT L, AN
TIHEICE D KA #L o TWVWA T LIRS 5. 22T
HH, TOXDEMEDDENAS— AR D FEE
HIEDREENTEB D, NMF (non-negative matrix factoriza-
tion) [14] 72 W\ 2T [15], [16] *° US (unit selection) 2 L
ek 12) M5 NS,

AIR—ARBUTED FHHZEHNETIE—MIC, AJIRhE &~
EHIIREES T DONRT UIVT— 2B RIE ORI LIVERE) %z
YHLTHBE, TAMT—42M5260kL &I, AJIEEED
HECHE LADES T L TR RELZRSD (FrEDjE
PO, & 752 W 1EEE ORFEZ VTR OF R 72 R
9%, TOHNEER, PERICBT SREEOENREEL, T
A MRAC BT 2RFEOEIRFEIC K > TRE 5. T LIVEE
NMF 7% W\ eFi2 [15) Tld, AERHICE A S L a4
DINTUIVT =R ZZDEENRTLIVEEEL L THET DT,
FFEFRRIC BT 235213 RV, TAMRIZEBNT, A
NEEE EMNEEEDT 7T 4 €T 4 1150 A—BUC K DEREN
ECTLEY, BHREZ TP 2ERNE RS, £, 77T+«
C T A 1THID 3T % & 512/8F LIVEFE A 228 S % T [16)
LREINTVED, HICEFHFOLHREEN FR>TLEY,
IR B R 52 5.

Fio, INFTHENTERFELHEIO TN A
N—ZELTHD, TORFNCEK > TEHRELIIIRAND .
WHE AN OFEIREIFIEN TS D, IEEN—ADZHTF
HEDSWVEFE SOOI L DY TH D L EX BN,
EHEFICEENSFEEORMZ X O IEMICHZ 570icid, ¥
OB 2RO HGEIC T 5 L WEEND. DTS
O—F0Ofl& LT, Desai 5IC & %%)E NN (Neural Networks)

W Te B ARGE [17] 0, BADRRE L T E SRR
RBM (restricted Boltzmann machine) # LU < (& DBN (deep
belief networks [18]) 2 MU\ 7z ZJE R HZ#14 [19], FhE K
17 CRBM (conditional restricted Boltzmann machine) [20]
ZRWIZFL[21], Wu Bic&k b CRBM Z WP R EZ
#3 [22], Joint B RBM 7% flV 72Tk 23] BT 5N 5. W
FTNOFEICHENTE, IFEAHICE D7 Tu—FT’,
LN — ZDFE & AR THIIEOEENMFEN TS
TEMRETN TS [17],[19], [21], [22].

TOLIERZEEAT, AR TIERANA—ARBICHE DL
FHEZHICHBNT, RBMICEK 2787 L)UVEEE Y [24]) ZH 0
% T & TIFBAUC A D S R E AW 2929 5. RBM 1&A]
HEERBNENS R80T S T OERETIVTHD, [FA—H
NOL=y MEGIRERL, BEdE01=y MEOHHEEMN
FET 3, LVoREMMND 5. TNSOMEEE (EH) &
Hhfize LETHET AT N TES. RBM GEERICHEH
ZRU TV 5 Deep Learning DEER i k> TEH, Th
EEZRICHAERIZ Y T —72 (DBN) ZHW=FEDN, T
HE SO [18] % 3 JUTHMARERK [25], BEAHENER [26), =
Rk 27 7R E, IS D5 HICBVTEWHEEZRLT
W3, REFETIE, AJ) - HMEEETT L—LisD e N
MFCC 7z EOEERE ONTLIVT—2) ZEaLENT |+
Ve RBM OANET 5. TOIRET RBM 2R EE5C &
T, Bha=vy 2N LU TATEES - HITEESEOREANR Y MV
DIEEEDNFEEND T, HESNIMEEBD/ ST LIVEE
HEELT. HLUPIFEE LT Ling 51X % RBM ZHWVFEY
T [23] BBEITFENEH, GMM I & B EEEBEONE (R
BFH) LUTRBM ZHWTED, ZS—AKRBUCHEDH
BEMIC B NT/RT LIVEREDOYEEFIEIC RBM Z VWS A
WgE L EAREN RIS, Tz, BADFRATIHZ(19],[21] T,
iE T DR T — R FHWTER 2T 572 RBM (B LI
DBN) Tab#EA OG22 KD, FEE 20 S B 78
FMERTZ=2—I)Vxy bT—JIC K OEWTZT L TH
AT T, RIFFETIRATIEES & L IEEE ORS &
N7 F)L7% RBM ORHREIC BN THEZTTS

PIF, 2. BTIE A S— AERHITHD S ELHE L 70—
& LT NMF ZHOIEFECDOWNTENR, 3. ETRAMNE TH
WABHERETIVTHS RBM ICDWV TR, 4. BTl RBM
W A= ZARENCHD FEAHR (REFH Kon
TN, 5. BCHERD A/ S—RAEBUCH DI FiE L I d %
THMEBRIC DOV TR, 6. ETAMYET LD S.

2. AN—RAXRBICEODCHFELH
EEERTE, ANEFEOETERMA7 MLz e RP #H
B OSER YN PV y € RP AL 5, —Riyx A
IR—ZAEBNCHE DL FETR, 7o K O ASFEEORE

D, € RP*K LHJIREEDREE D, € RP*K ORT (5L
) 2B L TR E, ARSI

T~ D, (1)
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Fig.1 Example of voice conversion based on sparse representa-

tion.

M 2 RBM D75 7k
Fig.2 Graphical representation of an RBM.

L5 % A= ZSRERINER o € RE [lalo < K 25
DFHETRD,

y~Dya (2)

EHETZC L THIFEEDOR 7 MLy #15% (K1) .

B Dy, Dy IClE, —MUTIEAD GRS - EEE DR 7 —
2ZDEDEMVBGENZ O [15],[28],[29]. A/3— AEH
a DEMAEICE LT L1 EHIE [28] = K 3Tk [29] & &,
BAGFENCNETHOONTE D, EETIHKOHKO
WA= NMF Z W e Fi#(15]) #4159 5. £z, A
JS—A NMF ZHWV53 FiETE, BETINCEET—2%2F0
FEMSDTIERL, FHCX> THELNZ TRV TE
(SMNMF) &#REN T3 [16].

3. Restricted Boltzmann Machine

Restricted Boltzmann machine (RBM) IRk afE 2 F5D

2 Ry hT—=2THY, K2DKIIC, AHEERBNEDIHSR
BRI KRBT BT 5T HIVETIVTH % [30]. TTR
RBM ENAFVF—REANESHZETINE LTREINT
WehS, #BISEEHEZ AS1E8 5 E 7)1V (Gaussian-Bernoulli
RBM; GBRBM [31]) BRIz, LM LENLZDETIV
&, TEIEORBETEEDRLEIES LS (18], [32]
WM& - 1z728%, Cho HIZ K-> T GBRBM DX EK (Improved
GBRBM; IGBRBM [33]) BMERE N7z, 2D IGBRBM T,
HHHEDOEZE T v = [v1, -+ ,vr)T, v € R & 2 HORRNET
h =[h1,---,hs]T, h; € {0,1} DFEKHER p(v, k) 1, LLFD
KoK ENS.

1

p(v,h) = Ze PN (3)
v—>bl|? T v \T
E@waHQU —ch—(gﬁ Wh 4)
Z =Y e Pm (5)
v,h

2TT, P L2 VL, SRR RS, W e RV,
o e RI*, b e RIXL, ¢ e R7X 2 e T E-kAUm i
DERITH, TTHETOMAE, TRETONAT A, BERET
DRAT AEFRLTHED, WENEHETNERSTA—XT
5%.

RBM TRA[HETM, ¥/ 3RnSTmoBsE 7 E Lk
W (DFD, ZRENOAET, FNETREWICE
ENITH B0, TNENORI ZHE p(hlv), p(v]h)
LU F OB B B TR E N B,

p(hy = 1v) = S(e; + () W) (6)
p(vi = v|h) = N'(v|bi + Wi.h,07) (7)

TTT, W & W, W O jITXT ML, 5 i fR
J MV EERT. T, S() BERILDOYTEA R
SE)=100+e ), N(|uoc?) & u, 78 o* OIE
B mzRd.

ZNEND RBM O/8F A—% 0 = {W,b,0,c} &, N
OBMT— 2% (v}, £ T2 LE, TOMEEBONEIL
J& L =log[], p(vn) ZEAIET B K ICHEEEND. O
BREEZNTNDONRT A—XTRMIT 3 &,

8£ _ ”Uihj vihj
oW, = UTQ )data <70i2 )model (8)
oL (%3 Vi
87@ = <O_7i2>data - <0_7i2>model (9)
oL
72— = (hj)data — (Nj)modet, (10)
Jde
J

75\?%':5“%) =7z L, <'>data L <'>model Ci%’h%ﬂ, EE{E'J?*—
2, BTNV T—2OMHEZET. LML, —RICEEOHIR
I LTI T 3 720, b vicak (6)(T) Ick>T
?%Bm%ﬁ%%l/ﬁ:?'—g@/ﬂ;ﬁ?%{ﬁ <'>recon b\}zﬁl/\gh% (CD
Contrastive Divergence i% [18]) . 7z, IGBRBM T3 77#7%z
FFEUEICHIKIL, PEHERENSE DD o} =™ LEEH
A%, TNTKD, 2 BT 2HARBUTOXSICEHREENS.

8[, -z (’Ui —bi)2
(92:7; - € < 2

_ e—zi<(vl 2b2)

— V; Wz h)data
- UiWi:h>model (11)

FNFNDIRT A—=21FK (8)(9)(10) i 5, MERNAENEL
AWTEOIRLEHENS @GS VX LICREENS) .
Thkbb,

oL

(new) _ ~(old)

S} =0 56 (12)
TTT, v 3 PEReRT



X 3 #HE% RBM Z2HW e EZMOME. TN hOfEERE

H BENET) DATEEE, HIIEEEORE B> TS,
Fig.3 A joint RBM for voice conversion. Each hidden unit con-
nects with the dictionaries of the source and the target

speaker.

4. RBMICEKBNFLVIVEFESBLREHTE

AZETIEE (1)(2) DRPE R OEEEDIERZ RIFHCIT S 728
12, B3ITRENZEEET RBM ZHVW5. BiE TRk S
I, RBM Xn#iE, BNnEhroixs 2y b T—0THD
BN EROA L=y N ORI HFEEDFET S &S R
DD, KOKSIC, AEEI= Yy &2 AJTEEE O BB
Bz EHIGEEOSERME y ORAENT ML, &F
TERINEAR a; Dz &y, ThTN i BHORE DL, D), D
HADWD STV B Ry I =T L RZTENTES.

5, FERAONT LIVT—R (2,y) PEAONZEE, 2,9,
DFFFELRZLTOX ST

P@,y, 0 Ds, Dy) = e PPy (13)
2
x—b, |2 y—>b
E ; Dz, Dy) = z Y 14
($7yaa7 ’ y) H 20_x 20‘y ( )

T T

o — (%) Dro — (Uygl) Dyo
iz, Z = Zm,y,a e @V ) IZIEHLIE, c 1 3REEEINE
POINAT ZINGA—=R2RKY. £z, by, 0, 3TNENA
NEFEEERERONAT R, AT A—Z=ZEL, by, o,
B ZNENHIGEEESERNMEDNA T R, RERTA—R7%Z
®Y. HED,, D, (EZDMDIIITA—=2) 1T (13) RE a T
JME LT L = p(,y) =Y p(z,y, ) ZERAIET 2 &
IRDENSE. TOREZEFNTNDINT A—Z TR T
5L,

oL TaOok Tk
- ata — \7_ 5 /)mode 15
9D <Uz§ )dat <Uzﬁ )model (15)

8[, YdOg YdOg
= <7>data - <7>model (16)

9Dy 4, oys oys

MESNED, FHEREEFETENZLSIC CDEIC K> THE
i tld 5. ZOMD/R5 A—2ICBLTE, (9)(10)(11) X
ERIFRICR®O B T N TES.

ZHOBICIE, K4 1RT XS, RBM DHiAHEGR « %75
HERR DM D IR LI & o THIEEE OB BRI R g ZHEET 5.
9, VHE yo ZTEICRDTEE, TNTNORFENER

Input: Dictionaries D, Dy, a source speaker’s vector « and an
initial target vector yo
Output: Estimated target speaker’s vector ¢

Initialize: Set the initial values as ¥ = yo.

Repeat the following updates R times:
(1) déE{a}p(a‘w’Q) :S('D?;( Z )+D5(:?)+C)

2
U.T

(2) @éE{a}p(y‘d) ZDyd+by

4 HEET RBM Z W I GRS SV O RAEHIHEE 1.
Fig.4 TIterative estimation algorithm of the target vector using a
joint RBM.

TNBHER
pla =1z, y) ZS(D,{(%HDJ(%)H) (17)

ERAWT a OMAMEEFHET 2. X, TO&ZHVTy D
WIHERHE T 3. 72170, y D&M ZiERIEZ RBM D%
HEERIC K> TU RO XS IR ENS.

plyla) = N(y|Dya + by, o) (18)

DEDOFIE (o & y OHEE) 72 RIBIEDIRL, KEIC g
ZRDB. AW yo £ LT, ANFEEEHEDOXRY MLz &H
WA FE, GMM & EMOFEOHEERERZ V2 FiER ED
EZONDD, KB TEEENETEODXRT ML o Z2H
AV

(13) MiTmENB X 51T, BEETIERT—XDORERY
TxL, FEENEAOLEEZEL CHRICRELZIT>T
W3, TOREHKRDZIS—ARBNCHE DI FiETH S SM-
NMF & [ERR7ED, H—IChE B iNEAOHEEENRE RS,
SMNMF TR AT K D FEEEIREAR ZHEE LT 5D,
REETE (17) KO X S I LB ZRHVWTWS. £k,
SMNMF TR ANT—2NEAMICRES N TV, BF
BT S Vo il V=, FEEAZIS T — 2% AN
EEBHTLENTES. FHT, AADHIENICE D RTVEFHD
MFCC &, ANT—=ZRICH I AGHEREL TWBREREE
DN R

5. & i & B&

5.1 REBR&H

AEERTIE, ATR OHAGEEFR T —ZN—ZX At bk [34] %
WT, BEFETHHH6% RBM ZHWFik (“JRBM”)
&, fERD A= AEBNCHD S FEERE LT Y TR —
A D NMF Zf Wiz T (“EXNME?), #EHN—ZD NMF
RV TFE (“SMNMF?) [16] £ OMT, FREEHREEOT
BaiTof. £, 25 L TRENGFEERFETH D
GMM(64 BH) L& LIz, 2OT—EZR—=2Ah 5, ASIEE
FeLTHMREE MMY), HIEE& e LTaehass (FTK)
AT, RETEE GMM OAN (W) HEFEE LT,
STRAIGHT A7 U [35] A BEMRE Nz 24 Xotd MFCC

-346 -




£ 1 SFHEOEBAME.

Table 1 Performance of each method.

Joint RBM (Proposed)
Method

Spectral mapping (NMF)

Exemplar-based (NMF) GMM

JRBM-96 JRBM-192 JRBM-384 | SMNMF-1000 SMNMF-2500 | EXNMF-1000 EXNMF-58426 | GMM-64

SDIR (dB) 5.21 5.32 4.45 5.14

4.68 4.91 5.23 4.11

0.5

0.0

Fig.4 Examples of voice conversion using an utterance “ureshii hazuga yukkuri netemo

irarenai”. (a) Spectrogram of the male source speaker, (b) spectrogram of the

female target speaker, (c) converted spectrogram obtained by JRBM-192, and (d)

expectation values of the estimated o (vertical and horizontal axes indicate the

index and the time, respectively).

5 FHliT—2 TELWTH, 9o bETEVENEV] OHEERERE. (a) AIFGHE
BREDARYT MU (BERIOAXRT ML), (b) HITGEEEERED AR M, (o) IRk
JRBM-192 IC K 2 ZHED AT ML, (d) #EE S NTFFEDRINER o OFAFFHE G,
M3 ZNZNEROA VT F R, Hil%EET) .

ZHWz. NMF NX—Z2DOFE T 513 Xyt STRAIGHT A
N7 MVERW. SHERENCE, SR [36] I BRBN TV
BV —RAT 4 )W E—FTF)IERNT, MFCC H5 STRAIGHT
ARYT FIVAWZER L, STRAIGHT SRIC K > TEEGEH(E
Bz, A1 - HIEEEORT L)VT—2iE, BiNGHELIC
K OERE N7z, RBM OZE OBROZEEH, 0 3R UL
EBICENZEN0.01, 400 ZHW e BENEICB)2E T8z
96, 192, 384 LA Z Tl Z1T->7 (FNZh “JRBM-96",
“JRBM-192”, “JRBM-384" & &ild %) . £z, £HRHCEH
FZRE0IR LA RIE, Tl PCRL T W8, R=5
LT BT A By FoD 216 BiEE (58426 7L—L) #H
VW5, FHiiT—2E LT, ZEHTF—X2KEEENTOEN
25 XOFEGE A Wz, EENX—ZAD NMF Tlk, HEHz
1,000 (“SMNMF-1000"), 2,500 (“SMNMF-2500") & L CLt
BEfTolz. Y2 TIVAR—ZAD NMF TiX, 871 —L%EL
THWIESES (“EXNMF-584267), & > & LI 1,000 7 L—UL
MWiziEE (“EXNMF-10007) Tl Uz, BRI SEE L
T, SDIR (spectral distortion improvement ratio) %M 7z.
TL—LT kT D SDIR 23Rk, &7 L—LOV SDIR %
BHT 2T ET, SRR ZEHRREZ LTz,

5.2 EEERIER

BFRICELS SDIR ZE 1 IcE L. £1HD, BETHE

TH 3 “JRBM-192” BMltDOFE L RN TR E HOKENE S
NIz W5, FHOHEEHAN—Z 0D NMF OF5HR & Higdh
E, RBEECK D, JEEEICHES N WIERIE A #E X— X
LI REHEEEDIRINTH o e EZ BN 5. BEEOHT
g 5 &, RFOBHLTECEVRITETCEHEMETFL
TW3. BTOEWVETER LT —20hktoIlc BB TE
T, ZTEZL@RETET IV ERZNLEEEZ LN, HEN
WY F T OB BRI TFEICBE U TG TH 5.

7z, K5 IIREEEORNSTIEED (JRBM-192) I X
DHEEREROAIZRL TV B. RHT, B 5(d) ITmd &Ko, B
TRINIC A= R DN TOWERWICE b 5T, HEEEN
TeREERIREA N R S—RX (FEAEDMENER) IZko> TV
5T MM B. ThiE, BEFICBOV TR IEHNER
LEVK DRI A—ZDPHEEIND LV HBET, BRER
IS—RIC72% RBM OMHEICKB2EDEEZBNS.

6. BbHYIc

AT, DBOTEEE AW TH GRS S HEALHT % 2
JS— AKRBNCED S FEAHICBWT, 16RO NMF Ic k5 F
ETREROTELRVETIVE LT, AJIEEE - TSRS
EE 7z RBM Z Ve EAGE 2R R Ule, FHMiSZER Tl
KT KD, RO AN—ZARBNCE DI FiE (T~ —
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AD NMF &Z2EHAR—Z0 NMF) % GMM & 9 & ZEIHICE

ni%

g MES Nz, S%OMBEE LT, deep Boltzmann

machine (DBM) Z Wz, & D ZROREERGS 2 KD EH 20
ENOHLRZ G L T E 20,

(1]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

X ik
A. Kain and M. W. Macon: “Spectral voice conversion for
text-to-speech synthesis”, IEEE International Conference
on Acoustics, Speech and Signal Processing (ICASSP), pp.
285-288 (1998).
C. Veaux and X. Robet:
tral to expressive speech”, Proc. Interspeech, pp. 2765-2768
(2011).
K. Nakamura, T. Toda, H. Saruwatari and K. Shikano:
“Speaking-aid systems using gmm-based voice conversion
for electrolaryngeal speech”, Speech Communication, 54, 1,
pp. 134-146 (2012).
L. Deng, A. Acero, L. Jiang, J. Droppo and X. Huang:
“High-performance robust speech recognition using stereo

“Intonation conversion from neu-

training data”, IEEE International Conference on Acous-
tics, Speech, and Signal Processing (ICASSP), pp. 301-304
(2001).

A. Kunikoshi, Y. Qiao, N. Minematsu and K. Hirose:
“Speech generation from hand gestures based on space map-
ping”, Proc. Interspeech, pp. 308-311 (2009).

R. Gray: “Vector quantization”, IEEE ASSP Magazine, 1,
2, pp- 4-29 (1984).

H. Valbret, E. Moulines and J.-P. Tubach: “Voice transfor-
mation using PSOLA technique”, Speech Communication,
11, 2, pp. 175187 (1992).

Y. Stylianou, O. Cappé and E. Moulines: “Continuous prob-
abilistic transform for voice conversion”, IEEE Transactions
on Speech and Audio Processing, 6, 2, pp. 131-142 (1998).
T. Toda, A. W. Black and K. Tokuda: “Voice conversion
based on maximume-likelihood estimation of spectral param-
eter trajectory”, IEEE Transactions on Audio, Speech, and
Language Processing, 15, 8, pp. 2222-2235 (2007).

E. Helander, T. Virtanen, J. Nurminen and M. Gabbouj:
“Voice conversion using partial least squares regression”,
IEEE Transactions on Audio, Speech, and Language Pro-
cessing, 18, 5, pp. 912-921 (2010).
Z.-H. Ling, L. Deng and D. Yu:
velopes using restricted boltzmann machines and deep belief

“Modeling spectral en-

networks for statistical parametric speech synthesis”, IEEE
Transactions on Audio, Speech, and Language Processing,
10, pp. 2129-2139 (2013).

Z. Wu, T. Virtanen, T. Kinnunen, E. S. Chng and H. Li:
“Exemplar-based unit selection for voice conversion utilizing
temporal information”, Proc. INTERSPEECH, pp. 3057—
3061 (2013).

H.-T. Hwang, Y. Tsao, H.-M. Wang, Y.-R. Wang and S.-H.
Chen: “Alleviating the over-smoothing problem in gmm-
based voice conversion with discriminative training”, Proc.
INTERSPEECH, pp. 3062-3066 (2013).

D. D. Lee and H. S. Seung: “Algorithms for non-negative
matrix factorization”, Advances in neural information pro-
cessing systems, pp. 556-562 (2000).

R. Takashima, T. Takiguchi and Y. Ariki: “Exemplar-based
voice conversion in noisy environment”, Spoken Language
Technology Workshop (SLT), pp. 313-317 (2012).

R. Takashima, R. Aihara, T. Takiguchi and Y. Ariki:
“Noise-robust voice conversion based on spectral mapping
on sparse space”, SSW8, pp. 71-75 (2013).

S. Desai, E. V. Raghavendra, B. Yegnanarayana, A. W.
Black and K. Prahallad: “Voice conversion using artifi-
cial neural networks”, IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP)IEEE,

(18]

(19]

20]

(21]

(22]

23]

(24]

23]

(26]

(27]

(28]

29]

(30]

(31]

(32]

(33]

(34]

(35]

(36]

-348 -

pp. 3893-3896 (2009).

G. E. Hinton, S. Osindero and Y.-W. Teh: “A fast learning
algorithm for deep belief nets”, Neural computation, 18, 7,
pp. 1527-1554 (2006).

T. Nakashika, R. Takashima, T. Takiguchi and Y. Ariki:
“Voice conversion in high-order eigen space using deep be-
lief nets”, Proc. Interspeech, pp. 369-372 (2013).

G. W. Taylor, G. E. Hinton and S. T. Roweis: “Model-
ing human motion using binary latent variables”, Advances
in neural information processing systems, pp. 1345-1352
(2006).

T. Nakashika, T. Takiguchi and Y. Ariki:
dependent conditionl restricted boltzmann machine for
voice conversion”, 113, 366, pp. 83-88 (2013).

Z. Wu, E. S. Chng and H. Li: “Conditional restricted boltz-

mann machine for voice conversion”, IEEE China Summit

“Speaker-

and International Conference on Signal and Information
Processing (ChinaSIP) (2013).

L.-H. Chen, Z.-H. Ling, Y. Song and L.-R. Dai: “Joint spec-
tral distribution modeling using restricted boltzmann ma-
chines for voice conversion”, Proc. Interspeech, pp. 3052—
3056 (2013).

J. Gao, Y. Guo and M. Yin: “Restricted boltzmann machine
approach to couple dictionary training for image super-
resolution”, IEEE International Conference on Image Pro-
cessing, pp. 499-503 (2013).

V. Nair and G. E. Hinton: “3D object recognition with deep
belief nets.”, NIPS, pp. 1339-1347 (2009).

T. Deselaers, S. Hasan, O. Bender and H. Ney: “A
deep learning approach to machine transliteration”, Fourth
Workshop on Statistical Machine TranslationAssociation for
Computational Linguistics, pp. 233-241 (2009).

A.-r. Mohamed, G. E. Dahl and G. Hinton: “Acoustic mod-
eling using deep belief networks”, IEEE Transactions on
Audio, Speech, and Language Processing, 20, 1, pp. 14-22
(2012).

D. L. Donoho: “Compressed sensing”, IEEE Transactions
on Information Theory, 52, 4, pp. 1289-1306 (2006).

H. Chang, D.-Y. Yeung and Y. Xiong:
through neighbor embedding”, Computer Vision and Pat-
tern Recognition, Vol. 1IEEE, pp. 275-282 (2004).

Y. Freund and D. Haussler: “Unsupervised learning of dis-

“Super-resolution

tributions of binary vectors using two layer networks”, Com-
puter Research Laboratory (1994).

G. E. Hinton and R. R. Salakhutdinov: “Reducing the di-
mensionality of data with neural networks”, Science, 313,
5786, pp. 504-507 (2006).

A. Krizhevsky and G. Hinton: “Learning multiple layers of
features from tiny images”, Computer Science Department,
University of Toronto, Tech. Rep (2009).

K. Cho, A. Ilin and T. Raiko: “Improved learning of
gaussian-bernoulli restricted boltzmann machines”, Artifi-
cial Neural Networks and Machine Learning-ICANN 2011,
Springer, pp. 10-17 (2011).

A. Kurematsu, K. Takeda, Y. Sagisaka, S. Katagiri,
H. Kuwabara and K. Shikano:
database as a tool of speech recognition and synthesis”,
Speech Communication, 9, 4, pp. 357-363 (1990).

H. Kawahara, M. Morise, T. Takahashi, R. Nisimura,
“TANDEM-STRAIGHT: A tem-
porally stable power spectral representation for periodic
signals and applications to interference-free spectrum, FO,
and aperiodicity estimation”, ICASSPIEEE, pp. 3933-3936
(2008).

B. Milner and X. Shao: “Speech reconstruction from mel-

“ATR japanese speech

T. Irino and H. Banno:

frequency cepstral coefficients using a source-filter model”,
Proc. Interspeech, pp. 2421-2424 (2002).



