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Voice Conversion Based on i-vector With Variational Autoencoding Relativistic

Standard Generative Adversarial Network

LI Yan-Ping® CAO Pan' ZUO Yu-Tao' ZHANG Yan’® QIAN Bo?

Abstract This paper proposes a novel voice conversion method based on i-vector and variational autoencoding re-
lativistic standard generative adversarial network, which can realize high-quality many-to-many voice conversion for
non-parallel corpora. A high performance voice conversion method should not only ensure speech naturalness, but
also take into account speaker similarity of converted speech. Firstly, in order to improve the speech naturalness,
the Wasserstein generative adversarial network in the voice conversion model based on variational autoencoding
generative adversarial network is replaced by the relativistic standard generative adversarial network, which makes
the output of the discriminator depend on the relativistic standard value between real and generated samples by
constructing a relativistic standard discriminator, overcoming the unstable performance and slow convergence rate.
Furthermore, i-vector representing speaker characteristics is adopted as speaker representation for many-to-many
voice conversion in addition to traditional one-hot vector, thus significantly improving speaker similarity of conver-
ted speech. Sufficient objective and subjective experiments show that the average value of mel-cepstral distortion is
decreased by 4.80%, the mean opinion score is increased by 5.12%, and ABX is increased by 8.60% compared with
baseline variational autoencoding wasserstein generative adversarial network method which demonstrate that the
proposed method has a great improvement on both speech naturalness and speaker similarity.

Key words Voice conversion, relativistic standard generative adversarial network, i-vector, non-parallel corpora,
variational autoencoder, many-to-many

Citation Li Yan-Ping, Cao Pan, Zuo Yu-Tao, Zhang Yan, Qian Bo. Voice conversion based on i-vector with vari-

ational autoencoding relativistic standard generative adversarial network. Acta Automatica Sinica, 2022, 48(7):
1824-1833

EE R RIFEEARANZFR, 52
— AR FEE, 2R E S DA EE
HRIE I ZRILRERS TE R ER, 73 9 AT SCAR AR

Wik H 1 2019-10-23 A H# 2020-07-27

Manuscript received October 23, 2019; accepted July 27, 2020

HE & HRFHET EE 4 (61401227), HK B8R4 (61872199,
61872424), & P& B2 e & AE AL L AHL GHT [ BA 2 B % 1
(218/010119200113) %1}

Supported by National Natural Science Foundation of Youth

Foundation of China (61401227), National Natural Science
Foundation of China (61872199, 61872424), and Special Project
of Intelligent Human-Computer Interaction Technology Innova-
tion Team Building of Jinling Institute of Technology (218/01011
9200113)

ALTERZE i

Recommended by Associate Editor JIA Lei

L g p B O A0 (5 515 8 TR B M At 210003 2. &FE
BeeEbt mat 211169 3. B AU T EORFILHT B At 210039

1. School of Communication and Information Engineering,
Nanjing University of Posts and Telecommunications, Nanjing
210003 2. Jinling Institute of Technology, Nanjing 211169
3. Nanjing Institute of Electronic Technology, Nanjing 210039



7 3 MRS BT 1 )R ANAR ) 1 G B X A BT J70 00 2% 1 5 e ik 1825

FRAE T B R AR~ AT SO SR AF T B 5 e . AR 5K
B2 v, TR SRR KT AT I GRS AR I #6
73, Ty HLAE 5V A RN PR 4 B R e e AT A TG
KA TAT SOA, I AEPAT SUR R A T B & 4%
bt ¢ B 5K N 8 S s L

PERE RUF BTG S R4, BEERFF EIE S
() AR BE B S o 4 v 5 R U 0E NN PEAE B2
MER. Ik, N T SCE RS & BOE & 1 E A
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AT TS T AR KR R, AR FLAT T R B AN TR
RECATCAZr N 3 25, 5 1 8 AR 2 MAE & S5 4L A
JE, AE— 58 AT N R ARPAT SUAREAL AT SO
ATREERE HARR ER I M, — P Jd ST
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. BRINEEEE R, 5T SR, SRR TR
RFREE BT B 308 & R BOOE 4 R 5 00
A 2 2 KNG FMAE, FHEFSEARE
BAE A I R, N B B &N EOR, X AR
AT MR T HEAT SR, B0 UG N & R R
TENIA— A (HIX SR 7 VI8 BORE S iE A )
I EREAE AT SOA, BRI IR AN g 58 4 g Bt P47
I ZREHE AR, LB In 7RG AR ME; AT R
i R BE RN AR U0 A R S W R
B, BI—xf — e i, BAEAEZ D UTE NI, e 2
Py g 22 A WS eR KR, 380 R G 1) Bk 1 A B
5 3 RRMAEE SCNBETE NME(E B EAR,
I FE AT DR AR YR U 1E A 1E SUE BT H AR s A
PEAE B E Y, HACR IR AR R T 5% 227 H 9w
445 (Conditional variational auto-Encoder, C-
VAE)" J5ik F2 1480 B 9w A= O i 4% (Vari-
ational autoencoding wasserstein generative ad-
versarial network, VAWGAN)® J7yERIRE T 24
E AT HTIN 2% (Star generative adversarial net-
work, StarGAN)® J7yk. X7k EE Mk T 357
AT SCARXS 51 i) 3, S 2 AR - AR U 1l A0S
e I B S AE — N ) R T 2 U E A A
ZULTE N AE S, B 2% 2 ¥ B B AT
JEFAT SCAR AT T 1R B e () E R TT V.

BT C-VAE B8 & #8077, Horb i) 4
B 25 0 15 SE AR SCHAN R AS B AR, AR 25 18
B SCRIBETE N B 3 bR A8 58 i 2 IO B AL, AT A
BRATPAT SCAR AR, S 2 Uil A% 2 3 ih A )
ek (B2 BT C-VAE 2T HAREE, I WEEH|
R 0t 30 R v M A, S B D A 1 LA

AR, R RS R A . TR 3
Az B BT 0 45 B 5 B 4 k0 R AAE — AR S
ARSI ), AH R 1% 07V R e SR —
[EREgE

Hsu &M 2 H 1 VAWGAN BAL#E S 7E C-
VAE H15| N\ Wasserstein 42 X Hi 4% (Wasser-

stein generative adversarial network, WGAN)!"!)]

¥ VAE BS54 E N WGAN B4 B ds KA AL
Hpre$, — @R LRTHE BT B E, R
Wasserstein A B T X ZE AT A7 12 — e A8 2 2 Ak,
Blanttge A fe e, IWSOER LR [, VAWGAN
5 UL TE N S A0 A5 25 one-hot ] & 8 715 5 F
KRG, MZRRARE TG 9+ 5 U m A
PEAE R, BRI 4 5 1 15 5 FE M AR LR _E AT A £
$eTt.

Boxs B 1R, ASSCACATT 5 T i H otk AL
1) I 2 A R I 2 0 R e, E— AR TG
R A B BT M AN E AR 2) it 5
ANEHFEUEAMEE BHRIE N &, 52wt
B E A AL, 2019 4, Baby 2560 @ S240
UERH, AHLET WGAN, FIXFAE ST i 4% (Relativ-
istic standard generative adversarial networks,
RSGAN) £ B FEA TR E HEEm. it
Ab, FEVETE AR FOGETE AR50 U AR 5%
SEEGUERA, i & (Identity-vector, i-vector) 7] LAFS
SFRAEVAE NS B BT 0, AR HEET i W
BNIAZ 73 [ G B AR A2 SO J7T 0 2% 1) 18 25 e A
A (Variational autoencoding RSGAN and i-vec-
tor, VARSGAN + i-vector), i% /72K RSGAN [
FHAE 1 2 e A, M) ) A RSP B B 4 B R 0 A Bl
XTI 4 B VAWGAN 8 ) Wasserstein 2E
BN H0 A 2% R I AE MRS I 4% 51 N 8 il A
AMEAE BB 1 B A EE R E A 78 A
T SEIR R, A SO EAEA B E & s B AR
FER F I 1 — 23R T T U60E NAPEARRLEE, SEal 1
FETAT SCAZRA T B ) 22 0 2 1 T R .
1  EF VAWGAN HiE S E g%

BT VAWGAN i H 5 A H] WGAN!Y
$&T+ 7 C-VAE ftkge, Hrf C-VAE K525
7y WGAN F g4 s A0 . VAWGAN #EA
Gl AR AR 2% 3 B MR TR RE S
FAR R ] R IR N

é:JE(:E’ y):fG(za y):fa(f¢(w)7y) (1)
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B Fi ML T UE AR E 2, RS
TN ERFIE TG R G B B fo() R fgigid
B, B E NS y PHER R R ERURA T
fiE (2, y), 75 RE 3 R B & 4R AE (2, y) B
HRR B U0 A OCHTE &, SR S5 G FLSE & = AR
BB B & 38N #5400 JAR. R, M)A RAE
H N S 43 1) one-hot #7345 y, VAWGAN AR A
RAE v BEE X R R R e Bd N AT &
L NNTTESTEAVET YN E AR PN rE Y21

HNSEPE S, WGAN @i Wassertein
H AR R SR AR AR ot 0 2% H1 1) JS (Jensen-
Shannon) HCRE R AT & A2 BRI 7 A R 5 SEEE 7y
M BB R, £ — BT FOGE T ARG 4t
R 286 051 1| R AR 1Y ] A

2 LAY HTAT AL, VAWGAN FI B AETE X%
z FLE NARE y AL S H AR il N &, 5
BT HEPAT SUR A T 2 X0 2 W05 & F . 12281
B WGAN SR AU B Y /E R 984 Lipschitz
A PR S5, (BN GRA IS, TR A
Fee A5 )@, 720 A i Re ) EATITARAE — e 1 ek
ZE0E. A, VAWGAN FI A one-hot #3288 R AL
1l N &, 1 one-hot 1% R & H THE R A R Uik
N, TEHEH AT E B UE A EE R, g
F+ WGAN [ BB 1) A= Bt B8 5 058 K 2F i
XTPU 2% A ERAR I QAR LG, E—P Tl
ANEHFEUENME B RIE M ERS AT
PEFH B N AR AL

2 HiHERIET VARSGAN + i-vector
RIEEERTE

RSGAN gYJRIE

RS4RI VAWGAN FPERE, @itk 5] —
A RAERE R INGE KK GAN B #: WGAN &AL
[ — AN 5T HE R . 2019 4 Baby 451 @ i SEEGHIE
HIAH EE T e/ — 3 GANM A WGAN!", RSGAN
AR A e FEAN SR S B T . RSGAN H AR
{HE A BN e DX 286 K FR T e, 308 e 4 3 A 6o 2468 ) 245 7
T3 3R, AR 5 T 2% A L AR T L SR AR AR B
AR I AHE, R4 s i BSERE ARt RE S
YIER. N 1R S0 s (0 o BRAIULE [0, 1) H, brifEE
FSORT T X 8% 5 7E 4 01 28 1 B 5 — )2 AE FH sigmoid
BIE RR B, TR bR v AR T B X 24 5 1) 4% 7 SUA:

D(z) = sigmoid(C(x))

2.1

(2)

A, O(x) WAREIL sigmoid BRI % 7 25 %0
He TR 0 B SRR AR R AR R AR 3L [
g, DR AT DA R TR G 0 7 A 3 AT 4 1) 28

D(z) = sigmoid(C'(z,) — C(xy)) (3)

Dyey(Z) = sigmoid(C(zy) — C(x)) (4)

A, 2, BARHEREAK, 2, € P, ap ROREMFER,
xr € Q, D() RN LA e A B S
B Dyeo() TR AR A OB SR A BE L S

. SIS

1 — Dyey(2) =1 — sigmoid(C(zs) — C(z,)) =
sigmoid(C(z,) — C(zy)) = D) (5)
EEG

In(D(z)) = In(1 = Dyey(T)) (6)

HEM AT 3 RSGAN (1) 48 5 25 F1 A= 4% 19 B b

AR E
Lp = —E(4,, 2;)~(pP, @)[In(sigmoid(C(z,) — C’(xf))()])
7

Le = ~E(,, o5)~(P,Q) [In(sigmoid(C(xs) — C(xT))()é)
A, sigmoid Ko Ll &5 — 4 sigmoid
T PR

g5 LA HTRI SN, ML T WGAN, RSGAN A )
AR A T A e B E 5 &, #7K RSGAN B H
BE e derh ) JE I A I8 A S s 107 5 S
S 4 P ARORSE T S AR N AR OR8] R AF 0T
B, FEUIZRA s I L SERE AR M RE 2 5125, AT
IR 5 I 2% AT B AL ) B L, A4S VI 2R B
FooE, MEREAS BHE T, HF HAB L SLFE A ) N B4 J
IR, mTRUMPE GAN FIURSIGE . %1 ik,
AHEHFI A RSGAN Fit WGAN, #4148
53 B Y B AH X A2 X P 4% (Variational autoen-
coding RSGAN, VARSGAN) [ & A A FF
I BLFE 73 R AL 318 A MRS B 1) B RRE,

DAHAEE LR B8 & O & F AR R R, i — 2P 4Tt
AR I A AH AL RE.

i B &R [RIBFIEZEN

W S NS A FE Ul NS B R AE
B, TR THEL #1251 PEAH AL R A SCHE Bk
W Fu Al i — PR ZEK . Dehak M $2 H (1) Ui 1
NE i A&, T RLA A RAE VLG ANFMEE B 1
) B E e TR A A Y 38 1 5t Y (Gaussian
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mixture model-universal background model,
GMM-UBM)"! i [ 5 FE 18 73 A1 I 5 Al 2 H
— MR YE E KL &, X T p 4EM M N5 &,
GMM-UBM 2R f5 K 36 Mt o4 B3 0 i 7R
A R oh i A R 2 Bt AT B E BT BLAS 2
GMM @&, Hd, GMM-UBM A ] LR AET
SRUGTE NAEAN A 2 () () A BB A, AT SR R
e ST VR A R B A [ R P 5 22 AR R AL B S 4
T NI S S TR RE R AEIEZE
FE R, B4R GMM it A & 0 LUE SCA:
S=m+Tw (9)

A, § FoRUin NI A&, m KR 55 E Uik
NS B TR W a1 &, RIVIE SR R Y
HIA R, TR 4 )R 2 e S AR, Rons &
ey i ih NS, A TR A S B AETES S
e 8] ERIGET oA, RO R RZESR T AN w =
(Wi, wa, -+, wy) AWEBBOEETHUIEAER
AMEIESS BRI, IRMARHEIE 72 N(0, 1),
PRy i e, BB HRRAE § )&

B, R T B AU SRR AT R AR SR
RIS TR SIS O Y Ve TR S S E PN
e TR A AR AT N 5, )R B KA SR
e R TR A R A JE P SR AR R
RO A5 2 S 1) o, 385 B0 KR B2 2
A B N B S R, ARYE IR T4
(38 S SRR S LB A R W gt &, i
MG REMSIRE 2R ZR S RERET. &
Al SRR SR S B R RS | JE
M SRR B I m . 2 RZE RS R T
AR E) G . BT ERERI RS
VNS B AVEIEAE S, AR 453 73 Hr A
Feh s Z AR 1 AR AT EE M, R
BREMIRLE i &

2.3 HTF VARSGAN + i-vector HIiE T
HiE

FT LB, ASCHEH VARSGAN + i-vec-
tor (W18 & B4R 7 ARG B B Al N SR AE Ui 16 A
AMEAS B 1 R K one-hot FRZEAN 1 (A1 EHEEE
B SRR L4 R R AAE ZE A4 HH 8 2 i 18 A AR H
wmE. He i mMEEEFEENEAMNMEEE, 6
% 545 B 4 i (1) one-hot FRZSAH H AN, B A4
B, gl # NIEE WA RREFEENHIEAGE, &
FAENREHERIBR 2 RS HERG X 2 AR UL E N, A%
FH A R T 0 J v & N PR AR AL, it — 2 s

P R )R . 52T VARSGAN + i-vec-
tor HA T EARIRAR WK 1 B, 0 I ZRB BEA
AR B
2.3.1  IIZRBEL

SRECINZRTE R, IIZRiE R H 2 44 Bid A RiE R
H R, LA PR TE ANAE PR UETE N R Tk 5 )1 2k
wokEHE WORLD® 15 & 20 S ) $E B 2% 15006
NAE ) B AT 60,28 . FEATURN A Ja] S 1 R AE; R 38
2.2 YT 1 ) SR U VRS SR AE 5 Bl A AN
BRI M E o BOSRRRHE 2 WG A y .
i — RN VARSGAN + i-vector BRI 3E4T
2k, VARSGAN + i-vector % & 1 C-VAE Al
RSGAN 2541 i, W72 73 H dmtid 248 (1) il i 25 45 2
N RSGAN A gl kA Ak B br sk 2. SR an & 2
JroR.

AR SERE I H AR R B EUCA:

JVARSGAN + ivector = L(; @, 0) + aJrsgan (10)
X, L(x; ¢, 0) 8 C-VAE 5551 H b5 BB 2L

L(z; ¢, 0) = —Dxi(ge(2|2)|[pe(2))+
Eg,(slmy[Inpo(zlz, y, 1)) (11)

X, Dy R KL(Kullback-Leibler) 8,
qo(z|x) FoRIAG N 2%, %P 28 K IS RRAE @ 9 A B
BELE 2. po(x|z, v, 1) RANFRIGIN LS, K HCARE
fEF SRR REE N ¢ gl PUE (11) R T
REK. po(2) NIBTEAL R 2 BIJEI AT, &5 A0 bR
HEZ i An. A BENUERE R BRIk C-VAE
R R 28, HEBRSE max (L(z; 6, )},

3 (10) 1, a2 15 RSGAN BRI REL, Jrsaan
FoR RSGAN #7519 H AR R E, HH AR Jli s 4 1) 4%
(R4 2K bR ok 1, Hor RSGAN AR s Hh 4 &
RAEEVTE NMEE BRI 1 M 4 X (7) A1 (8)
AT, AR RS X 28 40 2R R L REIR:

Le == B, 5)~(paata, a5 (212))
[In(sigmoid(Dy,(Go(z, y, 1)) — Dy ()))]—
Eg, (z(2) [N po(]2, y, 0)] (12)

X, Gy BoaRERA, Dy BRI, 0 F ¢ 539
R A AERN BRI RS EL, Go(z, y, i) KonH
FIRIATPE RS AE, Dy (Gol(z, y, 1) ) T % 7 45 0 H
(PR AR I ) 5l LR
S 2R X 2 A R BR B Lp R
Lp = = E(z, 2)~(paata 4, (=|)) [IN(sigmoid (Dy () —
Dy(Go(z, y, i))))] (13)

IR LRI, 65001 5 1A 45 5% R SO
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Fig.1 Framework of voice conversion based on VARSGAN + i-vector network

K 2 VARSGAN-+i-vector #EH JH #R 55
Fig.2  Schematic diagram of VARSGAN+i-vector

network

Lp = = E(z, 2)~(paata, 10 (=) [In(sigmoid(Dy () -

D¢(G9(Z, Y, Z))))]—i_

AE;~p, [IV2D(&)]l, — 1] (14)

XHF, Eoup, [|VaD(@)||, — 1)2 96 A 51 T, fehs
IRPRUSCSIGH B, A A Zrid FE o AR e 2, \ /R
FEEEIESI 240, IR, AR M rIfeit B
FRiE min{ Lo}, %0148 M2 AL B #5 /& min{Lp},
HEWE BRI E, {2461 VARSGAN +
i-vector M %&.
P e D\UR U U8 NV 2 X B A0 In fy B H bRl
Tt NS In fo P4 45 R EL
In fo' = '+ 7-(In fo — 1) (15)

o, Mo 53 ) 2 A0 178 N FR R A o B B P

BIEFIARAEZE, o/ A o’ 23 2o H R i 1E A (1) 400
TE X O A (i AbRUE 22
2.3.2 FEHRER
BB R IR LTS A TE Sl WORLD®
VB A3 AT A R B B HE A [R) 3 A B A0S A 4 R AE 2
FEBRN AR FA WV R AL A0S L AR R AE 2« PR A
FR2&y i M i A IIZREF ) VARSGAN + i-vec-
tor ALY M A4 HE bR AT 28 R AE 2
I (15) RN I EARE e R 0, R R Ui 18 AR
FAN n fo #5300 B AR UETE N XM In s JEF
WM RFAE PR FFASAR. K S A1 B A s AT 0. 2%
FROE 2« H bR UL TG N RO B In fo" FOYRBETE A K
Ak JE BAPE S AE @ 1 WORLD 1B 3% & BB AL, & Ak
(EEdL s AT PN =

3 5o

A SLg R VCC2018 1ERLEE, % 1E k2
P R B4 oMb A b Y B B B RO AR ME R %, 9 PPl AN
[F)AHAIT [ BN B 5 25 e 6 R G PR e S i — >l T
#E. §5H2 8 http://www.ve-challenge.org/vec2018/
index.html, H i HJAEFAT CARE R EQT 4 4
PR TE N (BFE 2 & B 2 4 ), ol 2
VCC2SF3. VCC2SF4, VCC2SM3 1 VCC2SM4;
4 4 BARUiE N (LG 2 2B 2 2 hE), 43
& VCC2TF1, VCC2TF2, VCC2TM1 A1 VCC2-
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TM2. 1 E NAE I ZRI 30 L 81 AJ I ZRiE &,
TERE M IR HY 35 A)MRTE S AT # 4, —ILH 16
PG TE . ¥ R 8 AN Ud i A B Il 2518 kL A
Kaldi 15 & 1R 3 L E A Pl Zr i B R $EH i )
ERHIE, 05 BRAE LR 8 MPANMEREN S H
100 ZEf) 1 7] &

SEI RAAE Python “FE M T, 7
Intel(R) Xeon(R) CPU E5-2660v4@2.00GHz,
NVIDIA Tesla V100 (reval) fJ Linux Jx %545 Fiz
AT, AERE A 8 AU vE N5 ST 5 PR A
AT AN E MV, ¥ VAWGANEE A SCHY
R R 5 AR SRR B A VARSGAN,
VAWGAN + i-vector f1 VARSGAN + i-vec-
tor AT XL, FFit—2 5 StarGAN FRAE g
ATRE R B, 30X 5 PR 28 02 SR AT SCAR S
T2 X 2 i

AAEH WORLD 734t /& iU B 3 UGS & 2
B, BFEAE A48 KRR A PR AE AN A, i
T FFT KEWE RN 1024, K15 2] 50005 .4
e AR ES N 1024 /2 + 1 = 513 4. fli [
VARSGAN + i-vector #&8 & 4 A, 28 KAk | i
FA A% 45 1) v 3 V5 — AP B 380 T 3 e o O A, IR
AT E R AZE . /£ VARSGAN + i-vector 1%
Hp ) iR gmitas. AR AR SRR 2R 4G
PR R 2% WO R BCR ] LReLU B2 B3 4
VARSGAN + i-vector 158 025 250 ] Ho A gbdy
a5 NEIER L, s 4 DN REGIRE R,
AR 3 MNGERUER 1 AN B K.

Bl 3w, by we ¢ 73l RN BE L B FE AL TE 4
kv v s 53 RN GAE I AZ R /DN i H 18 R

K, Input KM, Output /nfit, Real /
Fake 37 %00 2% #52 AH B, Conv BB,
Deconv RRREM (HEEF), Fully Connec-
ted #/R4ERE, Batch Norm #oafttH—14k. s
OB R 2 FIYERE, TR S TR S A i A 15
R AR S SCIR R it B &5 A il 2, BN 128. 5K
55+ RSGAN Mk R o WHE N 50, BEEETT S
BN EN 10, YZHIRR/NEE N 16, IIZR
N 200, 22138 0.000 1, F ARERRECN 200000.
AT VARSGAN + i-vector YIZEZ) 120000 %
R R BRI, BBk 2R I ZR AR, T R
RUFER AEXT R, I B B0 AL ek REA B A

BN

A3 F Mg 7R A5 2k LRE B (Mel-cepstral dis-
tortion, MCD) 1 A& WA F5#E, i MCD 18
SR AT BB 3 5 B 1R S S H AR E & RS R
MCD 52k

10

MCD = m
K, cq F éq 2 002 H AR TE NE & AU 5 75
HIEE d 4EME IR BV R0, D AR E10E R B0 4E 5.
THE MCD fER X} 16 44545 K 20 il B 35 7] %
BB F AT, B 408 16 FREEIETE T 5 R
R ()% 48 5 ) MCD B X EE.

HHE 4 750, 16 ML #iE % T VAWGAN,
VARSGAN. VAWGAN + i-vector« VARSGAN
+ i-vector A1 StarGAN A AY {0 5 ¥iE 5 1T 3
MCD 184354 5.690. 5.442. 5.507+ 5.417 Fil 5.583.

3.1

D
2" (cq — éa) (16)

d=1

45 52 | e
hbl3 k7 x 1 E7x1 k7Tx1 k7x1 k7><1|k9><1 E7x1 k7x1Ek1025x1h513
wl ¢16 c 32 c 64 c 128 c 256 c 32 c 16 c8 cl w1
cl s3x1 s3x1 s3x1 s3x1 33><1|s3><1 s3x1 s3x1 slxlel
+ =] I =l NP o] Z =
= = 88 5 S [SE 3 g 2,
&> S (55 2 — —> — S EERE P —> RSN
=i O M= 5 | Smcq 8 S
|
LIk
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