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Abstract This paper proposes a discriminative learning method for Non-negative Matrix Factorization
(NMF)-based Voice Conversion (VC). NMF-based VC has been researched because of the natural-sounding voice
it produces compared with conventional Gaussian Mixture Model (GMM)-based VC. In conventional NMF-based
VC, parallel exemplars are used as the dictionary; therefore, dictionary learning is not adopted. In order to enhance
the conversion quality of NMF-based VC, we propose Discriminative Graph-embedded Non-negative Matrix Fac-
torization (DGNMF). Parallel dictionaries of the source and target speakers are discriminatively estimated by using
DGNMF based on the phoneme labels of the training data. Experimental results show that our proposed method
can not only improve the conversion quality but also reduce the computational time.
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JEAETTHIAT-53 R (Non-negative Matrix Factorization :
NMF) B AR=AfTNFFED T EDTH D, NAII—AN
T RNVAA=D VT, FEYTETIV2], BT (3] 7R E
BEVAFIOSHENTVS. AIES VIE, FETZ2 W,
REATH T T0ET2) ZH ETBHE, IFOKSEAXT
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V =~ WH. (1)

BRESLHICBNTE, NMF &> Y 7 )VF v V3V
Gk 4], [5), WEDEE 6] REIKISHENTE . NMF O7
TO—FIE, BEET VT 1 CT o RERHEE T BB L
NMF &, Haijic5 2 517z Exemplar ZF&E & U THEEL,
T IT 4 BT 4 DFHZHEET S Exemplar-based FED 2 D
»%. Gemmeke 5 [7] l& Exemplar-based NMF ZHW\ 7z / A
AR MR ERHERSTEZRELTED, HHEZED TV 5.

JT4E, Exemplar-based NMF (Z A EAICSHINATY
% [8],[9]. FEZEHLE, ANENKEFICEEINDFHEEMNE -
M EEM R E LV o RZ S DBEROHPNS, KHEDER
ZHERF LD DM N2 LT 2500 ThH 5. B HZ R
UDDREE M2 ZHd 5 “GHEAHY [10] ZHME LTS
WIFEENTED, EIGERZ MY 5 SEIEEE (11), Kb
NIFEEEWZEITT 5 “FEREE [12] B EZIRIcHTe> T
ISHENTVS. FHOEEIXE R AREINOFEEIC Y, B
BRI B ZEEEEORIE [13], AT N IVIETT [14] D
R [15) R EWCISHENFER 2R TV 5.

ek, FEABICBOTIENGEINGEFENZ BRI TE
fe. B THIRAERZHET IV (Gaussian Mixture Model :
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HOENTED, ZLOHRMTODNTVS. HANICE, %
Pz HEEEEE & AJIEEE D AT MVEEOHRHEIC X -
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HRIEFINXT, 1ER—RNTH > It TFRIC K 2 Y
ZHi16] LidHR 5, ANRN—ARBUCED < IFEMEITHIRF
53f# (Non-negative Matrix Factorization : NMF) [18] Z >
7z Exemplar-based i EZMTFEZRE L TE/Z[8). HHEZE
Halld, ANENEFEICETENSEEENE - SR - BEMES
ELWV o L DBEMOTMND, FHEDERZHERLDDMD
M2 2T 250 TH 5. BEREMIRZHER LD DA EH
AT % GEHEEHY [10] ZHNE L TRAERSMET IV
(Gaussian Mixture Model : GMM) % 7z Fik 7z hubic A
SWEENTERD, NMF FHEAHUINCROFREEIHDO LS
KRBT ET VL Z HWisn bl g s bicdwa kich
Z, BRILANYT MW TE#T 279, BRAEDORWE

FANCEMARETH S L EZBND. T 5, NMF FEZH
&, NMF Ic &%/ A ABEFELHABEDELLT/AX
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NMF i3 W & H Z[FFRHICHEE 9 2 BEHHEEIC K 5 Fike
W 7% Exemplar CHEE L H DHZHEFE T % Exemplar-based
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MDD %128, EROT 3 )V Y MEEDMEN T LU E V@RS
EMELNFZNEWV S SN S > /2. Exemplar-based Fif:
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HBEHRUT, FREIXIDEL, DREERELRELED
EWVS RN D 5.

NMF FEZHUL N E T Exemplar-based I X 5 & DT L
AETHoTz. RRETIE, NMF ZAEAHUC I 2 0 iRAeH]
I X B B2 HIEL, @BI7& Graph-embedded NMF
(Discriminative Graph-embedded Non-negative Matrix Fac-
torization: DGNMF) Z$2% L, TOFEZHWT/ 8T LIVEE
HEHEITS. FLUUT=TFEE U T Graph Regularized NMF
(GRNMF) [19] DHEREN TS D, GRNMF 3 EHT NV
WCHD ANV S 2, 75 AMAEEERLTHESY, B
IR EE DM TON TS LIdWV A 7R, DGNMF 1353
FNIWEEEL, 75 AN T AMSEHENCE DN TEEE
HEET 2 NMF 72802 5.

DUF, %5 2 MTHEkD NMF (R EAHICDOWTHAL, M
B2 R%. 8 3 BTREFEZHNT 5. i 4 & THHlisk
B2, B ETARZE LD S.

2. NMF =&Zi#

2.1 # z

WEZX 1ISRY. V2 RANTRFEEARY ML, W BAN
ARETREE, WHISHEEEREE, VBRI NI AR ML,
H® BANGEEARY MV OHEES NS T VT4 €T 14 2K
9. D, JRENTNARY FILOXTTH, FEEDOREHMTH
%. TOFETIE, /8T LIVEE LIS AJIEEERE W°
EHIEEEREE W DSR2 8EON WS, T OFEEOL
BRERDFEEZE L AR, A1aEE L HIRRHEIC K B IR —F
RN D3F L)L T—ZIZ Dynamic Time Warping (DTW)
ZWHY 5T L TT L— LBOMGZER > Ttk AJIREE Ll
NEEEDPBY TN TN TN L DTH 5.

ANARY BV VEIENMF IC &> T W* & H® ORI/ fi#
&M%, NMF O3 R bz LI MORY

dn (VS WH®) + \||H®||; s.t. H® >0 (2)

X EBNT, H1HEIE V& WH® DD Kullback-
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T A" AIN—RICTBHD L1 /I)VLAEAHEETS 5. MR
IN—REHZERT. HHIEEL, 77T 1T 1 DHZHEE
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H® « H°. % (W (V"./(W°H")))
./(WSTIUX‘I) + )\1(K><J)) (3)

TTT, * ./, VIGHERR, R, 2ERD 1 OSEET.

AFETE, V3T UIVEEETHEE LT85 LIVIRHEED T 7
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Fig.1 Basic approach of NMF-based voice conversion

2.2 B & R

Exemplar-based IC & % NMF BHEZHOLE, VS L W H®
DM DOBRAEENKREL R Z2EANDHS. @2 HTRENTY
%.) MEMEE/NE LT B2HICIE, exemplar 5 XD T8
7 NEREEEHE T R0EN BB, iz, aV8T MaREEIC
&> T NMF FEABOHE IR M ZHRkT % C L D ATREIC
5LEZLNS.

EHIC, NMF FEEMOEE, ANAXRT MVDT U T«
T A EATIREEREED D, BARY VG IREERRS
CEMRENS. 212, NI VUINHGEMOHEEENTZT ¥
T4 BT OfZRT. BHAHIERS D, TV T4ET 4
BEM 1, 21205 VIVARE 1 EMSHEE I N
EDTHS. HiBEDTW ZHWTT T4 A Y ARG TWY
5. HEEICHOWIEEEZ 250 BED SHRE NS85 LVEEE
ThH5.

ISRENTVWBE KIS, HehildNT LIV THBICEHEDS
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MW, ARV FEFE-OTVEEEZLN, TOTIAAV D
FNHEELERREE SR TV EEZ 5NS [20].
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NS OB NMF BEEHORES (LTI &H
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TARYEVTFEDRRINTVED, 2ETF—XITNAT
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Hoiz-.

Basis ID in source dictionary
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Frame of source speech
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Fig.2 Activity matrices for parallel utterances

3. DGNMF ZAW/INS LIVEEEES

HIE TN R 72 RS % 728, AFTIE DGNMF %
MWW e Az 1589 5. DGNMF (& NMF ICRRI7E %2
HWALZEDTHY, iliehzfiolcar 8y FiakEsz it
ETBHLICED, TIT 4 T A HEEBOHERERRS T
TENTEBLEEZONS. AFTIE, £9 DGNMF D7)V
Y XLZANTM%, 785 L)Vl 28 A LTz DGNMF I &
BEFEEHEE BN S,

3.1 Discriminative Graph-embedded Non-negative

Matrix Factorization
HET—RICBWTC, VIANGET 5T &0 5 AMGET
T 7 DREITH 2 T NENRD K S ITEHKT .
Vi € Ny, (vi) or vj € Ng,, (v;)
1 and
AY = ()
Ci =¢j

0 (otherwise)

Vi € Ny, (vi) or vj € Ni, (vy)
1 and

¢ F ¢

0 (otherwise)

ZIT7T, Ni,(vi), Ng,(vi) @3FNZTh, JSANIBT ST
CBITBEET—X v, Dk, EEER, 7 I AT Z 71
BIFB v, Ok FEEAEERET. ¢ & iFTNEFN v, v; &
FINLVTHB. TNEDFAITHIZRNT, 7 I ANTEE
IS AMA DTS TS5 T 57 TR KD B.

LY = DY — A" (7)
L’ =D’ - A" (8)

TTT, D¥ & DY EENFN, WARNIC AY & Ab ORIT
(BBNZH) OMELDEMTYITHS.
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ZCTT, Tr, ¢, v FZENZTHTHIDOFL—X, 75 ANTH
BHH, JIAMABESRZET. X (9) KBV, H1HIV
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3.2 NS LIVEFESEE

IR LIV E DGNMF Z W, 2787 b CREAlm
BREERHEET S, K 31C, /8T LIVEEEEOME R R
73T LV & DGNMF O HIBEEUZ RO K 5 ICE&HT 5.

drr(V°, WH?®) + dg,(VH, WHY)
+ gT‘I‘(HSTstHS) + %’I‘I‘(HtTLtht)

_ %rI\r(HSTLSbHS) _ %“(HtTLtht)
S € S
+AE |+ A3+ S [[H° - H'||%

st. WP20,H20,W'>20H" >0 (15)

TTT, VS, VL WE, W, HY, H I ATIREESE T4,
WER#E 228 T — %, ANJIEEEEEETH, HaEE e,
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L kznzh, AEEEFEBT—2D7 I ZANDW, 7T A
WD TS 757507 o REL, LY, L I3 REESE
TFT=EDITSTSTS5I T vEERT. AJEFEEEET—%, W
NEEEEET— 2 EZFNFN DTW THISZRD, [A—7L—
LB LTz DERVS. ¢, NRZENZFTIUSTLIVEIK, &
IR—=ZHHIDEATHS. X (15) ILBWT, FH1ENSH6IH
3 (9) ZWER L7226 DTHS. H7HEESHITI HY & HY
ICBF B A=A, RAKEIE HY & H OBD/3F L)Vl
K&
ZOIX FEFIEROBEHZH N THRIMETE 5.

W« W (VS /(W H)H). /1Y DHT)  (16)
W' W (VO /(WH)HET)./ADET) (17)

—_A3S 52 SA/S
o B VBT damy

H
28

o = (6D + A" H®)./H® + ¢ (19)
B =W 1) _H* (g A + ¢yD*’) —eH' + X (20)
7 =H"« (WT(V*./(W'HY))) (21)
HM—_W+V2fIIE; (22)
o' = ((¢D™ + v A" H")./H' + ¢ (23)
A=W 1) D HY(GA™ + D) — eH® + A (24)
V' =H L (WT(VE/(W'H))) (25)

A A B ADFEEEE T — RSB B0 T ANGTHT S
70T AMNET T T OBHE TS, D & DY IEZENh50D
HIHMHNTHS. A, A, D™, D* Fzhbsozhzh
HEEEAET— 2 TH%.

NIRRT LIVEEDMEE SNk, ATIART RV
2ETRUETELFMRIC L TERENS.

Activity of source

Source training data Source dictionary training data

IxJ) Dictionary IxK) _KxJ)
Tiriririiiiiii] estimation NN e o e B
i INEEE] 1 st FH317 S.':J'FL
RN Stiin 1 1 [o237 s13IiTe
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) SRR LRG| fRETdrecasTer
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J K
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Dictionary T
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Target training data

Target dictionary ~ Activity of target

(IxJ) IxK)

training data

(KxJ)

3 T L)V O
Fig.3 Parallel dictionary learning

4. FF 1M R B&

4.1 ER&EH

REFHEE, 7V —VEENTOREEMEZA 7L, #E
KD NMF F=EZEH 8], GMM M mEAH L L7z,
ATR R HAGE S H T — 2= [22] ICEEND B 1
% NJ1EEE, 1 BRINEEE L L. Y7 VTR
B3 12kHz TH 3. ZFRNT VAN 50 XEPEF—xL L,
R T —RCEENROBRENT VAL X ET A T—42 L
LTHWE. €,¢,9, kw, ko, \IEZNFN 40, 1, 10, 1024, 8192
0.1 £ L7z, NMF OFEFEEIEFHLERICE 10, ZHC
13300 & L7z, 2NHDRT A—RIFFERINTRO SN z8 D
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REFE L NMF FEEBRTE, SR KFE
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L—LZEEe T Ay MiEz Wz, 2 OXReiE 1,539
TH3. GCMM FEEHUCE VT, STRAIGHT Z W THEE
INFZARYT MU BEIE LTz Mel-cepstrum & ik 1 7 L—
LZERB LI ANRTA—22RHEE L THW . FEED
Re#E 48 TH 5. GMM DIREHIT 64 L LTz,

AT, FOIKIEEY, 58ZE R LI Az @R
U [16], JFEBIRRT I ANIFEEEO E D2V,
4.2 ERER
BEFHBEREE LT, AWV TARTLE
distortion: MelCD) [dB] ZHW 7z

(Mel-cepstral

MelCD = 1Wkg10J }: ceont —metat)2  (26)

TTT, me™, mefm WEMANIT TA T L, BEAIT
TAN LB TS d ZotHOREEERT.

Table 1 ICZNZNDOTHICE S MelCD LFHHIRA N EE
9. Conv. ZHEAINT TANSLEEBBAINT TA RS LD
MO, Recon. AT XN T AT LIRS REFD X
Wr7ZA 5L @GR (2) KBlF5 WH®) #EL, Th3fT
BRI I50) B D fiREic BT 5. FERNOETIZ/3F LIVEE
EOHEMTHS. PDLIZ, Graph Embedding Z#& &L TV
TS LIVEEESE (DGNMF B35 ¢ = 0,9 =0) %
%7

9, kD NMF FEZH: (Exemplar-based) I BT,
HEBZHIRL T Ttz ia &, 5,000 HEOHE &4
RIEEHOCIIBEOENFIE KT E VI FERICE- 72 2
IR R Wiz EHRE/NE L, RO T 5,000 KK
ZHOWZE NI,

PDL T/8T LIVEFE 28 UTEE1E, NMF T X LI
BIRZHIR U725 E L S U CENTE T REL Koz, iR
HERKELZO>TVBT DN S. DGNMF T35 LLiEE
BB UGG, BEBEEIERD NMF LIZIFRETHD, 7
AR NS DOFED G TIRE/NE o7z, TORRE,
Graph Embedding 29 5 Z &L DR Z/RL TV 5.

Fiz, AR IR MIEEEOREBZHIG It > ThE L
ToTW5.

FEEHMISEERE, 10 AOHAFEEGED 25 XOT AT —4&
uowr%h%h@%&fﬁmbﬁ FAEFHME L. AT

¥, HHEELFEEED 2 DO MICBOTHHMIKEZIT> /2. &
Et%bf@M@Sﬁﬁ%@t&é5&%ﬂm@:mmeA;
good, 3: fair, 2: poor, 1: bad) T, FFi&MEICDOVWTIE, X ZH
WEEG L L 2 DOEHTHED S5 B XV EES XAB 7 ChlHll
L7z, HEko NMF BB DWW THRERIZ 5,000 & Lz,

K 4 ICEEOFMEFER 2R, TT—3—I%, 95% [SHHEX M
. PRRFHE, 16k 2 DOFHEE IR L TEEM M [
LTWaZ ehbhd. ZORREt MEICIDARTHST
EMWRENTVS. TUE, RETFIED NMF OFEZEHROD)
fRARZEZHIR L DDNRT LIVEFED < v €V TG 2 LS8
BLENTERCTEILKBEDIZLEEZONS.

X 5 ICEEEMEIC X 2 FEFHISRBROERZ R, BETFE

& GMM BEE O EEANRLNZWVD, ERETHER
NMF AEE#H IR L THEEICGEEEEZR LS8 TwE T &
Nohd., ORIt RECLIVEERTHET ENRENT
W3,

£ 1 TR XS MelCD [dB] &EHEREH [s]
Table 1 MelCD [dB] and computational time [s] of each method

Conv. | Recon. | times
GMM 2.96 - 2
NMF (all) 3.05 | 1.37 | 890
NMF (10,000) 3.11 1.59 680
NMF (5,000) 3.05 1.56 310
NMF (1,000) 3.11 1.59 71
PDL (1,000) 3.11 1.85 71
DGNMF (1,000) | 3.08 1.09 71

5
4
w03 T
g |
= 2 - |
1 :
0
DGNMF NMF GMM
4 HHICBITS MOS fE
Fig.4 MOS test on speech quality
1 1
0.9 0.9
0.8 0.8
g 07 T g 07
: 0.6 - - 0.6
£05 1 £05 1
£ 04 £ 0.4
(3 4
a 0.3 9 a 03 7
0.2 - 0.2 -
0.1 -+ 0.1 -
0 0
DGNMF NMF DGNMF GMM

5 aEEEIC I B R REHE

Fig.5 Preference score on individuality

5. Conclusions

NMF SEEMOLHEEZm LE ¥ 5728, DGNMF ZH
WIERT UIVEEEZBRRE U2, RETETHS DGNMF
75 ARGERRIZEA LUz GNMF [19] IR LT, EFEINIV
WK BRE 75 ANDEZEALIZE DT, NMF X—ZXD
PRI BT 5, FEEOBERZHCT LN TES. HRk
BT XD, DGNMF IZ & %785 L)VEEE2AEE NMF A48 HL
OWERE LEEOHEET, REBHCXDFHEIZX
DOHIIEE FTHEIC LTz, 51813, TOTFER LN L REZ R [24]
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PSR EE DO 72D DR ZH [25] ISHEE TV TFETH
%. Ebic, TOFKIF MY ZTETIV2 MR &K E,
MO ZAZICEICHTRETHZ LEZADNS.

SHROFEL UT, KARE UTHREFEDOFEIX A GMM
FHEABLHRLU TR EABHITFEND. Wu 5 [9] & NMF
FEAMOFE A S 2B AR ML L AV ART R VDR
FUNVEREEZH NS ETHIRLTED, TOFEZEA
TBHILT, SHEaRXMNDESRBHMZITS LN TES L
EAbN5.
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