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2 Wh RO AY (V58 DL {E 45 AR e 15 A (source-filter model) fy FR B 2 R i &5
(vocoder) ¥ 5EE S I THE = 2 BHHI LA R S EGES © 2RI » 2RI A TS 2SI 2%
IS ELREE » DU S a8 R A T e B R FT AR e HsE S - HE A DL R B H Ash
AR DU S 2 — 20 42T ] - A [EE2E (deep learning) sk » WaveNet 23 [ EZ Ay
FCENHIEE & A Rt 2 — - REEA B A T AL B NS H S HVEE S - WaveNet B2ifas
Ky WaveNet HY—{EZE(d - B A B EGENS RIS E e T 1IEE ST - WEZ
(BB S EMRATT Z B MNEIB PR - 182 BAPIH ST B AR A S Y 58 S A iy % DA
A e AR TRE S R - ARG SCGERF WaveNet BB ERS [ AN (& T2
HAYEE S EAAY - DISF(E WaveNet AFHGEST S St Hisics Al EAVERTET) - INE
B o PeAMEber 7 =R S IR ) B (4 i a5 WaveNet A3 FTHEHY
GEIR o Horp o FrEtiVEE B R GRS 1)88 9> 20 5 B)4RTH23 (variational auto-encoder,
VAE) ~ 2)&5 &4 NP AIEES ~ By U H BhdmiGes ~ DUk 3SR E » =B #h4R
i3 (cross domain VAE, CDVAE) - BER4EREUR » =(EFEE AT WaveNet
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estk - B HARRE H VU SR A - FEE LT » RIEH LA VAE RBLbE
ZFEEEHARERIE ] WaveNet BEHEZR 1R A BIEHYEEST -

BRI : WaveNet - S - sE S - (BB -

Abstract

Most voice conversion models rely on vocoders based on the source-filter model to extract
speech parameters and synthesize speech. However, the naturalness and similarity of the
converted speech are limited due to the vast theories and constraints posed by traditional
vocoders. In the field of deep learning, a network structure called WaveNet is one of the state-
of-the-art techniques in speech synthesis, which is capable of generating speech samples of
extremely high quality compared with past methods. One of the extensions of WaveNet is the
WaveNet vocoder. Its ability to synthesize speech of quality higher than traditional vocoders
has made it gradually adopted by several foreign voice conversion research teams. In this work,
we study the combination of the WaveNet vocoder with the voice conversion models recently
developed by domestic research teams, in order to evaluate the potential of applying the
WaveNet vocoder to these voice conversion models and to introduce the WaveNet vocoder to
the domestic speech processing research community. In the experiments, we compared the
converted speeches generated by three voice conversion models using a traditional WORLD
vocoder and the WaveNet vocoder, respectively. The compared voice conversion models
include 1) variational auto-encoder (VAE), 2) variational autoencoding Wasserstein generative
adversarial network (VAW-GAN), and 3) cross domain variarional auto-encoder (CDVAE).
Experimental results show that, using the WaveNet vocoder, the similarity between the
converted speech generated by all the three models and the target speech is significantly

improved. As for naturalness, only VAE benefits from the WaveNet vocoder.

Keywords: WaveNet, Vocoder, Voice Conversion, Variational Auto-Encoder.
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SBE i (voice conversion) 2 FETE A U EAFEE B VERGEAN AIIRIE T - B2 R iE
MRk HAEEE S - sE R EIARMIE AR - BT I E B2 SRR R
(narrowband speech ){EHE iR = o E LU Y B ARG sk (wideband speech) [1] ~ {F £ 5C
FHEGET (text-to-speech) R4 7 18R [2] ~ BUR R ER BHVEEEE L RS
[31 55 - Hrf» RO R RAIE ] Fosf & 56 5 i (speaker voice conversion) (SZEk
T2 AHEE D o A Ry s B e ) - HE AR R A B AR EE 2 (source speaker) (YRR A
AR R & HaE S A L H 1255 # (target speaker)(ysH = [4] -

RN RE ST A AL B S 2 (vocoder) ITAEZRE N AR BB RE 2 R » TR FR 2y
SEE R T AT (EE S8UE) » DIORIS RIS AT R Zn 28 B0 © SHEE (spectrum) ~
BE{H(prosody) ~ JH5J (excitation) FRHAS BB A e 28 - % - HHESE S
U TR  REHUR RIS S BUA HBR ISR B R T - s 2 » —(Ek
TUFNGE B A A 4 m A e B (BT 7y + o0 ~ BB ~ Gk - AR SRS B R
1 H B A SRS OV DIEE » b T EEE S EA B VIR - B as (1T 7y
EBLE F RIEE S RIPAVBE AR - B% - BNVt £ 2RI AR aeiE Al
(source-filter model)yX 3w » ELIEF IRV METAMGSRISES (5] DARIR S el SR BlaE =
B RO EE D) SHE T BE e I B = B RS 25 - (%00 STRAIGHT [6] Bi2 WORLD [7] &
TEs  ZAI » AP AR ON, 2 A B e P s T VB S 2 i 3 B Y iR A R 2 U %
(L - (HeEESE - BAEEEAE DRI -

A > DUATEHAT4E 4845 (deep neural network, DNN) s RRBREH Al 1 B2 {56 FH
oo AERHRE TR | o Horr - WaveNet [8] 2RISR HYRE S AR RRTZ — - FEF
PAOCPHEEES ISR AT RS CHVRE S 2 BUGEE 280 BRI EE &
S B B ETE (8] © BEAN - EL WaveNet HYEERS BSR: it LA HHR Y [9, 10] -
WaveNet iz f—fH L& KBRS (data driven) Z i izs - BIE M KT SREERI S E P
FEINVENSES - HinsEny At E 2 A DI ES B IS SR & B S P A Re - Hebit
B 45 TE A A P TS AYEE S 28U E K WaveNet BEUEESAVEG A - AIREE P
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A EHEEH WaveNet SR 0V HImMEEFTE] - Y WaveNet BEiSes o] B L5 S
KIS T AEFEBE &R - B T (A S s A SRR E B ARl 70 B (R et e
T & & P 4H 8 IR [BIEEE R TP Y AR AT 2y 3= MR - IRl =] DUEE 4 Eh (s e
s B A S IEE S -
FHNCAHT S E B RE SRR ia (11, 12] - (B 2B A s es - (H5HE
AR a B IR TT - WaveNet S SR HH1% - 25 [HIQHYFE H A E B0 43 B
GEEF © 14 2018 FEEE % HEHAHkEL ZE(Voice Conversion Challenge 2018, VCC2018) [13] Hijé
1FHTRI AR 25 WaveNet BBzt FIHVEE S EHA 4 [14, 15] » H#EMTATE
P HEIREEE S IV E NS M B H BB A RE S DS - ASSCS1E% WaveNet BEHHE
— &AM B A S 5 Pl R S R E AR i 45 S 12 AT K IR s » $2
LR EE SR ~ 5 2 A SRS R U TBIHItE 2 -
e SCHTEEEZLHR N « Jo5 5 » /148 WaveNet 5 - IYEE =5 /0
GH HH B N BB Pl B 2 1 = e 2 AR 1l - BB U R R B B AR AT - [E TR am s Y48

SRR E R 2R LLE -

.~ WaveNet ZHESS

21 %%\\‘%;%2‘*%
WaveNet [8] J&—{EZ¢/E B AERAEES - #EH DL M RIFIRAACRRIAE: - AT DA RS
tiEHIREE K -

N
PO = | [ PCalnrs e X ) M
n=1
S B E AR AR - T RIS » 3, B USRS AR

HIEEE ARG Z DURE B~ A IR AV B AL P& 2k om (B4 16 bits EAL A FE, AI2'° =
65536{EFEHH) - hAl MBI EUR & - 5k WaveNet{F Ryt a5 (B140 9, 10]) - AllEHES
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FHEUA BB S A E A SRR STRAIGHT [6] BiWorld [7] FrifiHUVEEE S 8E & - BIHH
it (spectral feature) ~ Eff(fundamental frequency) kit flt g BN st Y F E AT 2 8
(aperiodicity) - 45 ERBN A & > ARIEZ(L) - WaveNet(H n] LL{GET H B IERVEE S HA R
B o dnfEl—Fror - —{EEEAER WaveNetE i 25 (1 & 15T 25 HYE 2= E i (residual block) -
{EFE 2= I A —(E 2 x 1HY 22 F R 5 15 & (dilated causal convolution) ~ —{[EF 32480 E A
#{(gated activation function) ~ DL —{E1X 1{YEFEG - 22K EE&EE 0] DL A4Ers Y
JRREIIE - PSR A e R sy

tanh(Wf,k * X + Vf,k * h) QO-(Wg,k * X + Vg,k * h) ’ (2)

Hrpx 2 AR FREERENEL - WHIV BE gk &% - «REREHER - otk
BLEBIAEE - o()AiFsigmoid bl EL - (EIS—TRAYE » WaveNetfVH[SRE R F(ERE S A
B 7E A B AR AR AR By o BHRTRE > G0 P2 X M (cross entropy) H AR RHZUAKHIGRAEES - LA16
bits B (LA FEHYEE SR BBl > A EE S FR A B ] DL R k65536 A [RAVH Y - 1
WaveNetf1)31|%k H #RR[ Fs IERE SR E BB AR, o K TSR 2 BUE 0 1 E % i
R EsERR B A BV & Seds tH 4 R R R B AR TS U7 A (B - lawdR s ) E— 20 &
(BB AL TT AT BAL RIS (14018 bits - B E S HE AR A 256(FEA) -

Residual block
Skip connection
z [1x 1 |—{ Residual block \
§ -
3
-
H Residual block :

[
Residual block

sindinQ

X
1x1

1
| To skip comnction

Inputs

[B— - WaveNet BB S & E o
2.2 %5E% WaveNet Bilfes 2 sE# 357

T WaveNet Z2H525 2 —fHaE 7 {(Ci(speaker dependent) RS 25 - R FHE —&E
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HIEBRHE Bl SR Z0RHE [9] - HIFA3I%E WaveNet B2HESSFEBLA B (93| SEBR] > TR
—EEE NENEERHESRE: B AVJERR - 2557 WaveNet Z a3 (multi-speaker WaveNet
vocoder) R M#EHEH » BITEHISR P B fsi I 26 S4B 2 UEERIREN 9k WaveNet ZEHGZS [10] -
25 5EE WaveNet BT a5 ME FH A 56 S AN - DVASH B AT EE B TRE 5 (speaker
adaptation) » JREI{E A HEEREEVEER] - ¥ 2567 WaveNet B 25 (T3 4R - B g
SH > BLZ%aEE WaveNet BERZSAHIL - Mh—RBE R ENEYy o] DA R i HaE = 1Y
onE R B E AR A AR URE (14, 15, 16] -

B

3.1 F 8y 2 B Ehdmtih sy 5B S A

5 77 7\ B B 4R 15 25 (variational auto-encoder, VAE) [17, 18] ®] LLiRr iy A %2 H 4 5 25
(encoder) (B 4 A5 pr 2 Y RE & E HE (speech frame) x 4RAGEEL 258 B N A W FEE 4R 15
(latent code) » DAz - MRS A R Ryah e 1L » JRRIA S H i i Pt 4Rtz (&
BEEENE  WERFETER  MTEEFHEEENR - BmSz e aonEy f i
1% » 1B IBES S5 (decoder) (SR AR AR ok 1) A8 [ B B SR o A AERRIRE S 305k - (&
AT EHR H 1Y - VAE 1Y B EERE T =R 1AE VAE S2E BLEEURTE 2 i
RALH BRI =R R e RABZ(3)

logpe(x) < _]vae(x) = _]obs(x) _]lat(Z) ’ (3)
Jiat (9 2) = Dk1.(q¢ (z1)|Ipg (2)) (4)
]0bs(¢' 9; .X') = _Eq¢(Z|X) [lOg Do (.X'|Z, :V)] ’ (5)

Hrpo, 0777 Fdmiheas - FEEEs 280 Dy, ¢ || ) By KL BUE (Kullback-Leibler divergence) -
VAE ZERUNIE —FiR » HxRomeB B BiE » 2Rk SRR - y e TR
7% o AT EERE IR E - VAE B A GBS i e m NA R RE R - I B FR Rk
shE oo I E IR IS L IR AR E N R LR E R S EkHE - BIv]E1S AT
Het B mAHGRES - e R & EREE & B 2B aERNE o (R FHIBE ERHm AR
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s A L i e B E L RS S RS T 2SR w1 S o R B IR s 2 B
BB TN Ay » 1B BRI s AR 3 A aE & o S AR H P54 552 - HHFY VAE
EREHRRE T N Bz o ERE B RN Ay R ZRFEF EH - RACRRE S R pERE S
BB T EERE S > Rondmthas E R E RGBS A ER IR - REH
B [FIFEA TN S HERY 73 i AR et S A AT B A FREE A AT

seieHEIEE & MRV RCCATHE) K FRRe A [FElaE & A [F SR A T HE 2T - VAE ERAY
HIISRPE B 22 48 H PR R B T R A E SR ~ AR es R a onk MR E TR
T TRBFRERR ] - #IE 2 > VAE Z— 8 Al DUB RTINS TSERHR E T AYEE S S AR

g

y

H

il

[ — ~ B B BRI e E RS

3.2 G A4 Rl U DU S A R = A

B AU B AU 48PS (generative adversarial network, GAN) YRS /E 775 1 s AR A Y
(generator) L Kz i Al f5 & (discriminator) & AH ¥ £ » 1f 58 AR pIe A5 A (' i o 0 B (2 L
[19] - TENSRBIE T - A RUERIE AR B A B LB - REARA U EE
G M) A i L o4 B R RS A B R e 7 R AR i 9 S e S i A AR Y AT A
53 > B EE BRI o TEEY VAE RUsE gy » AR cr B il A4 i URE
EORE T RS EEE I o MEEHS A GAN 1Y B [ VAE B tHAVEEE G
ERLUE—DHIEE [12] -

fE5t% GAN HYSEE 1 - Wasserstein GAN(W-GAN) LUFIIGRERE s Ll #5202 (9
[20] - W-GAN 2 DLt - H41E 5 (earth mover's distance » X% Wasserstein distance){E & 2

PER By —TH GAN 256 - JOSURK [12] o - fEE RS Et FAE R AT (L2 o3 i B 546 73 fff

N
>

il
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HFE T PR PR R 50 S R FOARY R Wi Discriminator SRIE5E[HAG VAE (Y
I HEE S o e o & T ERE SRR I PR R N E IR IR E 2 R kR
HHEHME 2= (Kantorovich-Rubinstein duality) » HEZRL = -

W (pi,pas) = sup, (Exepi[DCO] = Eyepy [DG)]) - 6)

Hrr > D BfF& 1-Lipschitz continuity HYRFET b4 #(critic function) » ZE(E Y GAN 225y
R > pi By BB AV ERMG » pyys HEBHRIREE S IR i - 2RI
BB {E ok B R AR RS Ry Dy ELR AV EE o> ffips AT RS HHUEE H RSB B HYEEE K
19 Mipys AR ZEBIRIANT VAE SIERS - JREI B IRE S RS - fEsE s iEinny
FEF E o #E - HEERE T 5 5 T =

Expi| Dy (O] = E—q(zix5) [Py (Go (2, ¥D)] > 7)

Horf > Go By VAE [fRASEKEL - B FFTH . GAN ZHEAH[E] 5757 LD, SLRFAE L EIG o (5
(B> GAN ZEREH (2R e ) oy B BE 2 T AR - FEILFRERSNRINE - E(EZERS 2
ST U B B REEE S DU VAE RS pR ST AR A RE AR A > A
HENFEZESEN2E - AR S B RAY 8 - A1 AR ek By B SR Ry
SR MRS AR B R Y o M ] AR E PR H SRR A H B HURE S o IR D et o e B
HNEER S BEIEEE N D BOEE - EilsE S VAE AR S W-GAN BB T4
Fhg58 VAE BIRGEE IV E - HEEDEWREIE VAW-GAN - 4I[E =FrR o HH Rk E
T
Jvawean = —Dk1(qp Z1)|Ip_8(2)) + Eq,z1x)[log pe x|z, y)

+Expi[Dy (O] = E; g, (2)x) [Py (Go (2, y)] (8)

reszeH resE Fege

k|

&= ~ SIAEREUHTTAIGEREHY VAR SE S EIGoREE -
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3.3 PSRRI o =\ H Bt o HY 5 A

FEVAESH S AT [REcdmtaspe X U BLEEE A IRRIIVEE T N - IS s
7\ H B4R 5 a5 (cross domain VAE, CDVAE)HsE & i 2 b0 AR BB e s MR E [E— %
FEFEUY ~ BEA A R B MR E 2 8 AR RIS AU AR S A [21] -
HAPI{E FISTRAIGHTER S 5 [6] FmoKIGHYAREE K £ (RETHSTRAIGHT spectrum, SP) Kot Fi (2]
PR A% (mel cepstral coefficients, MCCs) [22] {F Ry Wit [EIRVAREE R 28 - ANlE PUFT
7 » COVAE B— 2SI H ¥RtV e - SRS EE KA B —H RS L5 -
BN RS S BT FER RS 25 B 254H - PR 1 SR DAEE S A\ (1 Y P s
R(1)81(2)) > Sl iEE et —Eae s MR it as t v USRI B FoRIA © [H
BRAY - RS RS ZERE (T B AR TS B TRt h Vo A B I R R (B VU TR Y S 1R (3) B (4)) -
HAT DA B AR o0 b — A (DR - SR ER S BV aRIS s i AR

75 AT (R Zsp Bilzpy o TEFEAT)
X
FI%—»[ |

- (1 )1 2): l| 1 ss-domain
I l npath reconstruction path

Xmce

VY ~ PR RIS VAE sEE IR R E
g~ B

4.1 BhaEE

A Voice Conversion Challenge 2018 (VCC2018)LLEE A FrieitivEEk} » Hrfg
i T 12 (7 B SLEEREEEE S sEE L T 81 USSR R LR, 35 AR R
> BUERARA Ry 22050 gk [13] - FAFIEEA] WORLD Zias [7] {FRAMHGEES 28 - 55
gt E eI 25 20 ~ B8 5 2MHTEIE - #E  RFEEEEE P HEGEEE
S8 > BIFG 513 4ERVAHEL R Ef (spectral envelope) ~ 513 4ERYIEFEIAM:ERIR RESH © 35 4
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F R R PR R B (RS O 4ERYERERE B)RITEAREEIZ B P hfit -

FEWaveNet 525 /7 > F(fIL Hayashi A [10] Friett WaveNeti i as i i =
M o EAE L P AR AL WaveNet B2 BE 2R BRIRRRAS © 41 - Fra il R aler S el
FIE BRI R A THER (B AHE] - FAPIEE FIVCC2018 R HYFATAFISRER R » 4889724 » HRE
& Fs 5457 S ACHI 4R 25 5 WaveNet i 25 - WaveNet A5 25 it (i FI RV Bh R 2= 2 (B
A WaveNetZ 25 HIRE 280 0 FE K RSB 04 344 A G FHE (R AR A B - JBR 4R o 24k HY TR
BEEIVERRGR ~ B USROS S/ 8E TR By TR S S B R e B (5 £ WaveNet
e o B {E_EPRA 7RI S (time resolution adjustment) Y5775 [9, 10] - H[]
i B 4 5 SRR B R (RSP A BB B R R R AR FeT b S (7R BITHIU:
PRAR) - Zah# WaveNet A5 23y 5|41 B 55200000 - SEE I EALE E i E P H
PR Y SR TS000(E B RISk 52 K, -

TERE SR 5 > FRAPIfd FH A BIIVAE K VAW-GANZE S B B AU BT AR A »
AT A IR SRS BRI TR EAH ] - PP HIHCOVAE RRBEIR > (H B Ee EAT
B RI(EVAE > DR EE A5 A R (EH [F] R VAERERY > Gl R 2 85t 05 BB IR RO A SR HRE
HAP IR FIVCC2018EY AT A HIIER BT - FrMEHHRR BT R R W HE Tunit-sumAYAE R
IEARE > MRFAE B AL SR R AR ECHU - (EHAPE L - JHRE S BsE S AR AT
W > HAEMERRE EEIRE - BLA BRI RIS - DA S Bz P TR A
TRHVESH > —[F]HH A WORLDERS 25 Bl WaveNet B il 25 #E TRE & 73 5 - 5FANIVAE » VAW-GAN

K. COVAERHF EEE S8 BIHEEEBIABISHIERE 2% (12,18, 21]

4.2 =1 %ﬁzi%/\u nHH
HefM#ti5 vCC2018 o SF1 to TF1 j5 — i Al 14 il - FERIERIEGER 2T 10 A58
0 SHH VAE - VAW-GAN ~ CDVAE —ffaE SR A TaE S % - R Him R

47 A A WORLD EERESS LA K2 WaveNet B8 SRk EE T -

! https://github.com/kan-bayashi/PytorchWaveNetVocoder
2 https://github.com/JeremyCCHsu/vae-npvc
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4.2 1 FEEL[E

[ 7 R B E o 2 SR ] - felE TSR o (EH] WaveNet BRESRSATAR bk sE S HHELAE
TS I AE RS BT E S (R R BEHY) © M ESRAVAS SR PR ~ FERE % - iz
HEEZZ ARG (formant structure) © [/ > WaveNet b 25T/ A HYE i
PRE R » (HARSHFEE -

(a) VAE WORLD (b) VAE WaveNet

(c) VAW-GAN WORLD (d) VAW-GAN WaveNet

(e) CDVAE WORLD (f) CDVAE WaveNet

[ 7~ A [E s A R Z B SR ] -

4.2.2 JoEHI e b

BEE R 9 AL\ EACE TRES B A R HATRE EE (DU AR & 5% - 175 2t
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et EEIREE S B VS AT SRy 29 E R 7> #i(mean opinion score, MOS) 2 455 (B & H
REE L HEREE) S a0 B LSS R T 55 WaveNet B S 5 4H % WORLD
NSRS AT VAE sHE RS A A BAE Y ESS - £ COVAE SE S HEHFAY fhg te i (B A B
ZHIESS - F£ VAW-GAN H1HIE: WORLD B a3 fH ¥ Y WaveNet Bt a5 (it BB
AUESS - B (23] AYSSSRIHIL - FefMEZ<E - WORLD B 25 ) 8 A R e (i
o [ WaveNet G5 HEZX R DUZE 421 WORLD G S tHEE RS 5 2AHVEES - {EA

— %y » £ VCC2018 sBRHE F HYEEF R LLEE S & & (waveform trajectory) fHZE#TK » i&
[l WaveNet EEHE2EEE DI RHEHUEREAVESS o H "% » WaveNet G282 HEEE
B AT Z B 2RO T 2585 |9 SR T (B B PR T 50 RS A 2 i A\ R
‘HEESSH > EWERFTREATE7E (mismatch) o ARACE RE V3l 9F AR Y% 72
(ERTRERE AR B A R B S HYEE S -

[ = Ry s2 5 TR E S Bl H AR Z ARDEHY ABX JHIEAAE R - 1EE ] LUK
HEMEF] » A WORLD BEies - ] WaveNet BEHE 52K & plEEE 1] DA 42 =
HEEsEE AR EIE - raE NElE 2 455 - ZRM AT DI WaveNet ZERSESFT AR
AVEEE AT H 285 B WORLD B AH (bl » (E1F Bl HAGEE AT BRI EE - ([EiS
EEHE - B WaveNet BB HEE VAW-GAN 1% » NMEApGEE S 2 H 28 BT WORLD
eI MK - fF B H AR M DE TS0 -~ 40 VAE i1 CDVAE © 7&K
AR AR EAHRETHY -

lnl

4.98

4

3.08
2.98 2.90
} '2470 I '282 '2()3 ' I
1

VAE VAE VAWGAN VAWGAN CDVAE CDVAE Target
WORLD WaveNet WORLD WaveNet WORLD WaveNet

MOS score

]
bis
7

REE H AR R TE - BRI 95%(E LilEH
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®EWORLD No Preference ™ WaveNet

&t~ B AR A U 2 s -

T~ 4Eus

[ EH:H

FEAG ST > HAFIE WaveNet R 1 — SV A - MRFHIE R EUE I BT 72
SRt a8 < GBS AR o [ERERN B BRAVAT R - WaveNet RS EREIR | HEA(HLGTERNS
astHEEZ N > FTRES IR A nE S R IR A A A 7 IR 4 - H TG IRV R AR T
R EE S H P sE A h 2 Z MRV S - fE5EE B 2R 7 A E{H 4 WORLD 2535 A
MHATHIZEIR « FERA > T EREST S WaveNet BEHGESFT G RGGE S 2 H ZRREHETTIEAE -

BIAIIR SRR - B PRat EAHIRE &R R » DA/ NI A WaveNet Eti5es 2
At o 2R RS B B B PR S B IR 72 5 5% - M SRS i e & A Ry
BRI - e PR FALA(E ] WaveNet ZEies TH » B4 NRGEFHYME RS -

W
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