A 3R ISSN 1000-9825, CODEN RUXUEW E-mail: jos@iscas.ac.cn
Journal of Software, [doi: 10.13328/j.cnki.jos.006156] http://www.jos.org.cn
O [EI B2 Bt B A1t 5 BT OB A Tel: +86-10-62562563

HF — MR GRS E T RE RASHAM G
BTV ZEE, AKEL kan”

(PR AN SE BRI, K 400715)

MM ERE Fg2Ebe, 5 5t 550025)

*(School of Information Technology, Deakin University, Locked Bag 20000, Geelong, VIC 3220, Australia)
BIRE#E: 5k H /1, E-mail: zhangzl@swu.edu.cn

B OE ARSRAZOHR—AR AR M % (Generative Adversarial Networks, GANs)AR 3% 89 £ & ek 2 —.
BT, KA &AM E— MR, R AEET T GANs £ R E AR AR TREBHRTNET,
AE ARG IG UL B ARG AT K I AR S M 4 A R AR G R 2 TR s 2 9h R SCTE i AR L GANSs B9 R 28 25 4 A
B E AR amdE LR 8 kst — P43 GANs AR E ASAREE LOEBEER T AL EGE
H B2 FRT T GANs £ s A 89 i = L 3 & CIFARIO, STL10 #= CelebA #t 4% & £ 4 & 4% 49 FID 154 20.70, 16.15,
4.65 9 AIME1K2] 14.02,12.83, 3.22.

KHEIA: AR KA L RSB B I 26 G AR R B R LR AR

hEESES: TP311

oo 5] A A RR B R, A AR 55Kk B 70 T Tl 2% A 09 BE A A0 A R R 0 ) 2% BT R 2 9 ,2020,31.
http://www.jos.org.cn/1000-9825/6156.htm

P 5| %30 Tan HW, Wang GD, Zhou LY, Zhang ZL. Research on generative adversarial networks based on a penalty of a
conditional entropy distance. Ruan Jian Xue Bao/Journal of Software, 2020 (in Chinese). http://www.jos.org.cn/1000-9825/
6156.htm

Research on Generative Adversarial Networks Based on a Penalty of a Conditional Entropy
Distance

TAN Hong-Wei'?, WANG Guo-Dong !, ZHOU Lin-Yong®>, ZHANG Zi-Li"*

'(School of Computer and Information Sciences, Southwest University, Chongqing 400715, China)
%(School of Mathematics and Statistics, GuiZhou University of Finance and Economics, Guiyang 550025, China)
3(School of Information Technology, Deakin University, Locked Bag 20000, Geelong, VIC 3220, Australia)

Abstract: Generating high-quality samples is always one of the most challenges in generative adversarial networks(GANs) field. To this
end, in this study, a GANs penalty algorithm is proposed, which leverages a constructed conditional entropy distance to penalize its
generator. Under the condition of keeping the entropy invariant, the algorithm makes the generated distribution as close to the target
distribution as possible and greatly improves the quality of the generated samples. In addition, to improve the training efficiency of GANSs,
we optimize the network structure of GANs and change the initialization strategy of the two networks. The experimental results on several
datasets show that the penalty algorithm significantly improves the quality of generated samples. Especially, on the CIFAR10, STL10 and
CelebA datasets, the best FID value was reduced from 16.19, 14.10, 4.65 to 14.02,12.83, 3.22, respectively.
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Fig.1 The framework for training GANSs: training D in first stage (in the red dotted box) and training G in second
stage (in the black solid line box)
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e Sample minibatch of m examples from {x ., 2™} data generating distribution

Diata -
e Update the discriminator.
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end for
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conv 512410 deconv3311
Sigmoid Tanh
(a) Discriminator (b) Generator

Fig.2 The3x32x32network structure of DCGAN: (a)Discriminator, (b)Generator
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SNconv 512410 deconv3311
Sigmoid Tanh
(a) Discriminator (b) Generator

Fig.3 The optimized network structure of DCGAN(the image size is 3x32x32): (a)Discriminator, (b)Generator
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2 1r_D 24 0.0001,4= BL#% 1% > 26 Ir_G 24 0.0004, B8 23 [8] 4 A7 /& 128 4 br o i 97 20 A7, W 45 16 AR 2 2 2: 1 (AP AR
A R AR — U ) B TR AR 2 W) TR R, I e SR SRR S, O 4% 45 A4 R L (L R A S B WA A SR DL B 5
By B s Rt DA R T ST A TR ) A Ak

3 X

N7 B AE EDGAN 3k (K1 8, 45 SCAE CIFAR 10!, SVHNM, STL10M, CelebA™, LSUN™ ¥ 4 i 4T
556, HoH LSUN #0442 R H bedroom T42,3k 3033042 5K & 1, [R5 0 45 R 1) — S AR R PR VR AE X L T A sk
I #RAE Pytorch HEZ2 R 58 i, H 3% 45 STL10,CelebA Fl LSUN(bedroom) I B4 R~} # 48 —BI# 3 3x32x32. 75
S, 18 3.1 A R B PPN B v FL R AR 3.2 T R B IEL A I Y % SE A M RE AR R LR 3.3 R AR SR A Y
B REBEAT AL ;3.4 TR B A REXT L.

3.1 MEIFNRE

H A 7E GANSs 478, 1S 7573 1OURN FID A8 172 W A e 8 il i PE RS DRAR T8 bR, LT A% 4508 A i A 1 oF
Hr kR e IS 7543 (Inception Score, 1S)/& | 7 ImageNet 3#E 5 F Wil Z: 1 InceptionV3 M £ H8I%t GANs A4 i
FEARM 3 — N3 it i, L 3RiA R T

IS =exp(By_, Dy, (p(y | 2) | p()) » an

Hort, Dy (p(y | %) || p(y)) T 26AE 0 9345 p(y | %) 5 HILG A5 p(y) Z 188 KL HUZ, AT BLIER] IS 7520 1 5 28
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SRR BRI RIRRA y SR 2 2 AR B LG In(IS) = 1(y, %) .[HE, IS 1570 {5 #5 K, GANs # 7Y
B RERL LT AR 1S 1900 R e & AR R AR 2 — (B HE— B W 50 R BOLIS 1540 3R & e P Ao, R &2
2 GANSs A= BSORE A 1) o7 B AR 22 ) 105 AT B3RS i 1543

FID(Frechet Inception Distance, FID){E 525t - /& WA 5 7 15 397 20 4 2 18] ) Wasserstein 1T % PR 5500 oAk
Hiib, FID B 2 F) ] inception V3 P48 (FL At CNN 948 th B 17) 43 FKG A8 R AS 5 B SRR A RN B — ANRRAE 25 1)
R, TE IR R RN R A T A s 0 4 A, FHE 2 U SR N FE AR I AE. gy, o, TP T7 22 €, €, WA 50 A0 AT
FID { N

FID =|| g — p, |, +Tr(C + €, = 2(C,C )" . (12)

FH FID B 9 78 SC(12) R 0, A 5 2 v 07 20 A0 AROAB 62, FID Af AR AR 4 1 2 B GANs A58 Y ) 1 R AR 4R v 0o A3 PR
SE HRON R A B T TE 53 R, U HC R B 3 A R A et 03 A T 76 S o o 5 FID BN 9 22 5k GANGs 2 Jl /2 %
Z WA 1T FID B A2 (8] 4% 1 B 52 Jl o3 A 5 S0 A 22 (B (I FE RS, DRIk FID b/ 07 f) 41k e B AR B TS
9> FID fH S AE AT HRE B GANs BUALUAE pORE A B (R 1R 2 2 B 1AL 2 18 B0 i AR b JLF Rl
GANSs U N G2 — I0IF4 bR A SCHT R IR SE S0 45 R AV LA FID AR A PP AR 8 B0 e 550 3 9 (9 175 DL 1B
A LRI FID A, #0223 5 SRR A HF L 50000 ANFE AR, A BRFE AR 1 L 50000 /AR 51
3.2 MRS EEHE RERIE

9T B8 IE R P A S S TR T, BRI 4 ) 2 B HOE R B AR R B SO AR HE AL (SN I B ARZ (i ]
3B 2); ()M R AR e g FR 1 311 R824 DCGAN /4% &5 #y 34T 7 ff S 56 (Ablation Study). {#E T
28,3 A11H SN_in_P(SN in Penultimate)f1 R311(Remove 311)43 5l 7= 85 (1) A1 (2) Fh AL AL 2R & . Ny T8 Ak S 36 1
IXAN Y Rl S I6AY FE CIFAR10 $04E 48 L 3HAT, 2R 2% 43 A %k 70k, 100k, 140k A1 200k K48 5 4 X FhAR Ak S g
JE B H A 4 N Hds £ B SRIGHIE H A B2, CIFARIO 45 52 H1 60000 7K 32 %32 R (418 1y BT s, 2o Hh A 50000 5K
B F F BRI ZR AR, 10000 5K P& 74 R e 1iE 48, A S 21 (0 308 48 2 205 28 J5 I 254250000 7).

Table 1 Testing the effectiveness of optimization strategy on network structure(FID)

R ERERAL SRS (G RS0 UE(FID)

o H 70k 100k 140k 200k
DCGAN 121.54 113.12 110.56 109.21
SN_in_P 91.54 101.43 98.12 99.23
R311 30.60 27.36 26.27 32.06
SN_in_P+R311(128) 26.35 24.23 22.59 26.55
SN _in_P+R311(64) 20.09 19.58 17.70 20.13

1 SR FAPR AL Y kSR 6 45 B3R 1 S SR E R, SN_in_P RIS X DCGANGER 1 28 ATk g
HHTRTE AR TR B 2T R311 KNS, U H R IR BN 140k i FID {8 F 4 E 26.27.7 LAF B Kl
(32 1 DCGAN)FI#EBRJE (G 1 R311)MEE ST B 1 6 BR (1056 L. 1 36 F 1 P 56 WS AR 485 6 A0 805, FRATT 0 a1l 2 B
HEE R 128(FK 1 B ILAT)M 64(FK 1 SE/NAT)IN, L 1K1 BE AR 40 175 0. v] LU HE 78 DU R AR B R T 3R
WS A 45 PR ) 28 M RE 3500 AN (R R2E FE (4R 71 FID {E 3878 T A 2 T IEHCh 64 B BURTEIF 38 1 &S
S 7043 M UE 52, A ST AT 1 00 7 AR A SIS R o 2 00, I O 7 e A SR S A 485 1D T 4 B R K B T Y
2511 1 B

S 4 TG M G IE P o A A S 1 SR, 3R AT 49 B E CIFAR10. SVHN. CelebA %5 5 N33 45 bl 5 B S s
AEEE A 10 R0 48 N8 T RoR R IX AL I I 48 459 Optimized DCGAN.£EIX > 5236 i ¥4 3tk B % (Batchsize) ¥t
N 643 1 ML RO BRMEECH 64 LLHLRECH 128 (1945 B M BT A 3E 1 A =5 sk, 8o ) ik 8 50k,
1T S8 K 4 /2 DCGAN 4374 CIFAR10 $dE £E Ll %% 70k, 100k 140k F1 200k, L 2% 5 A 64 F1 128
[ 285 S AT LLTE MG L B0 64 04 I 4 (IR £0) i 25 A T HE R E0 128 19 I 4% (R 2K 1) 8 R 31 U8 W ) 1
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/ Batchsize=128
| Batchsize=64

FID=121.54
—— FID=113.12 FID=110.56 FID=109.21

= FID=61.98
FID=45.45 P
FID=31.72 .

iter_70k iter_100k iter_140k iter_200k

Fig.4 The effect of batchsize on network performance(CIFAR10)
Bl 4 R HON IS 1 BE 15210 (CIFAR10)

Table 2 The performance of the Optimized DCGAN network structure (FID value)

=2 AL DCGAN &% 45 7 i1 M BB (FID 18)

Bt o] £ &35 1y 70k 100k . 140k 200k

DCGAN 121.54 113.12 110.56 109.21

CIFARIO OptimizedDCGAN  20.09 19.58 17.70 20.13
SVHN ' DCGAN 6.42 11.19 71.07 41.72
OptimizedDCGAN  5.10 4.72 4.71 4.85

STL10 ' DCGAN 56.79 55.74 53.98 58.98

OptimizedDCGAN  16.57 16.39 16.44 15.28
CelebA ' DCGAN 16.71 11.23 7.54 8.19
OptimizedDCGAN  6.34 5.25 4.89 4.54

LSUN ' DCGAN 28.33 17.53 15.12 18.11
OptimizedDCGAN  10.12 8.77 7.12 7.50

Table 3 Different penalty factors and corresponding FID values on CIFAR10

#z3 ANFAETRE T A Ft PR FID {H(CTFRA10)

EEHEF A o1 1 5 10 15 20
FID 1 16.18 14.02 16.59 17.01 1586 17.53

BN, JE ST 925 (A A W ON 64.3% 2 & OptimizedDCGAN £ 5 P3R4 E 43 5314k 70k,100k,140k 1
200k 5 45 F A0 B DCGAN W 4 &5 14, A1 4K 1 X 4% 45 84 OptimizedDCGAN FIPERETE 5 MRS L3 H B3
AR A EHAR R A 2, 7E SVHN 4 F DCGAN £ VY Fhilll gk £ BRI AT, U H 2N RECN 140k
I, FID {H 285 M\ 11.19(100k) b F+ % 71.07,200k I 3T B % 41.72,1fi Optimized DCGAN W 2% 45 14 R B A F € .
2 B4 R IRIEAIE T A ST 32 H 1R O 4% &5 R A0 A0 SR ek 1) A8 28 1k

3.3 ESTER N BYMIIE

TEIXASH 4 N2, BE B OptimizedDCGAN I 4% 28 44 5 4 1 005 75 170 M 45 4 10 28 T 284 190 00k v 0 4R o
TETY — S e S I B UG B B IR AR 5 2 B DL K AT UR A0 SR I &, L I B0 IE AR SC AT 3R A& SRR 11
B .
33.1 ENERNSHEERVIBHREE

2 8 B R 5 P 2R I 245 oF I 4% 2 BT B 1) AU M FRAT T I8 — R 471 1 91 i S B8 SR — SR SC R M S B R L
BI4E A SR 0 ST R B SR A3 B TR ) — R RS I B ST T A=1,5% 2 (WEREEE
S VR A ) B R H IR, ) 28 2SI Ir_D=0.0001, 4 ik 3% 2 3] R Ir_G=0.0004, B & AL Ak 5%k 45
OAdam(0.5,0.9), FIGA 14 FEWE < J4] 51 25 A1 AR f 4% 35 8 I IR 22 A0 aa 40, T T K R ¥ fi 8 ek o — 36 IE I L6 1 B 1
S R AT A BG IR S R, BT A Y A S 36 A AE CTFARLO L3047, 4 2% 45 U1 45 100k IR.

T 25,5 E B E ST F A AL HASERFEA BT T, W% 1=0.1, 1, 5 10, 15, 20 Bf W45 5E7R 1L
LG R ERIER 3 R AT LLEH, 2 A =10, 41 58 R B A&, L FID B8 14.02. 3Lk, B W 52N 45 2 3]
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LR5: FID=16 .43 (Ir_D=0.0001, Ir_G=0.0001)

=] LR1 LR6: FID=16.17 (Ir_D=0.0001, Ir_G=0.0005)
‘\\\ LR7: FID=15.48 (Ir_D=0.0001, Ir_G=0.0003)
. Liz LR3 LR8: FID=14.99 (Ir_D=0.0002, Ir_G=0.0004)
—_—— - _ LR4
oa T o LR9: FID=14.02 (Ir_D=0.0001, Ir_G=0.0004)
o -

e o
o LR1: FID=36.14 (Ir_D=0.0004, Ir_G=0.0001) LR5 LR6 LR7 LRS8

LR2: FID=25 23 (Ir_D=0.0004, Ir_G=0.0002)

LR3: FID=23 31 (Ir_D=0.0005, Ir_G=0.0002)

LR4: FID=19 54 (Ir_D=0.0003, Ir_G=0.0001)
T T

LR9

wwwww

Fig.5 The effect on network performance with different learning rates
K5 AR 2 20 3008 9 2% 1 BE R 52
Table 4 Implementing the ablation studies with respect to some hyper parameters and initialization (CIFAR10)

F 4 — LS BURWIAR R W (17 Bl SR 4G (CTFRAL0)

I H A B C D E

J— 14.02 36.14 15.48 2523 16.02
FoIE (0.0001, 0.0004) (0.0004, 0.0001) (0.0001, 0.0003) (0.0004, 0.0002) (0.0002, 0.0002)

o e o 16.75 14.02 16.00 16.53 17.52

IEAE (1:1) (2:1) (3:1) (4:1) (5:1)

S~ 14.02 18.20 2252 1731 1791
(Orth, Orth) (Orth, Glorot) (N(0.02),N(0.02)) (KaiN, Orth) (N(0,0.02), Orth)

A 14.02 15.26 1626 18.55 17.60
0Adam(0.5,0.9)  Adam(0.5, 0.9) 0Adam(0.5,0.999)  Adam(0.5,0.999) OAdam(0.9, 0.9)

IR VI TRNE | 56 B LA S P 28 1k RE e, A B AR R BB 5 FRAL, IR — KRN AL
B. C. D, Eax4esui s Ll 455 R 4 1 H P GA Hir R 5 F8{ A-E & 3 E T FID EM T 7.
HHER 4 45 BAT 0,24 Ir_D=0.0001,1r_G=0.0004 B, /X 25 M G8 R I £ 2 3 R [ SR 36 45 B T HL X AN S 5
oF 0 28 1 BE 1 2 MBS A I, 24 I D>Ir G I (1R 4 B,D A4), M B 2, 2 B (0 A C. E
HAE) I RATRMIAT L 9 M I RAERARXNH BN, ERME 5 PR LR 5 E GRS
(LR1I-LRA)FER It D>1r G B AL, A OE SRR Ir D<Ir G B A 7T LAE W E W 5 5 1 FID 833 = T 40
1 253X 0B IR B B R AT AE I TR AR IR e 3% 201 Bt AERIRh Ak 7 i3 3 i 4 Rl aR AR i IE RS W AR 1L
(Orth)PY, Glorot IEZ&HIUEA(Glorot)™ . H#THIUAIL N(0,0.02)LA K Kaiming 1E SV (KaiN)PY5 Flid 4.
4 (55 R R, 2 ) ) 28 A0 A R 38 24 St IE A2 KT a5 A0 I, R 2% 1k R B A0 ZE AR A Ak Bk b R W R AL B
:(Adam, OAdam), R[EZH I 5 F4 A& CF B AR, Adam 5%k — BEEL T 304 Ak SR 041554 4
SGD,RMSprop,Rprop % &% 7E f& D i B b 1% 4% OAdam(0.5,0.9)% k.
332 EFHEARNBMIELEIE

NT T MR B SC TR AR TR R B R, 43 BIFE CIFAR10. SVHN. STL10. CelebA #1 LSUN FHA
ot 5 L AT U0 R S5 (1) AN A AT AT B T 0 P48 (No-Penalty);(2) Il I 4% 14 475 BE B8 45 T 4 A 2% 10 N 4%
(EDGAN);(3)FIH Jensen-Shannon(JS)HUEE it FRAR A KL B )AE 1 A= 4% 1) W 4 (With-JS-Penalty); (4) % F
WGAN-GPU R f b A 571 4 AR A 77 5 50 2%, 4% 1 005 88 18 571 A2 Bl 3%, BT SUUAEE 77 0 4% (Wiith-Bi-Penalty), 2 f 1 51
PEIE TR TV WGAN-GP 71 (1% B (#5157 10, Lipschitz %308 1) [FRE A 4 B2 B 145 100k 7,52
4 AR S FrR Rl iR R, 3R 5 B A4 RO E ST M4 53 2 Y%k 100k KB HI45 RA—HFE, =+
TR T AW AL S 8 R ATIG SREA — B AT H A 3.3.1 S EUR YR IC &, 1T J5 35 18 DCGAN
FIECE. 1o WA G TN 45 (3R 5 58— 4) 5 iy 4% A0 0 B s 4 11 A AR I I 48 (3R 5 SR =01, R SCHR I
HE),5 AN B AL AT B FID (B398 A [FIFR 16N %, 9 25 P RE SR 1S SR T3 78 40 b 138 W3, A SC T4 HE 1R 8 S 4
ARARH B R MR TS 1E 11 1M 4 (3% 5 DU F)) LR BUE T M 45 (35 5 g —51),5 MRS LY FID (8
¥IKF 28 =51 FID fH(EDGAN),IX 78 4 b ilE SZ, 78 SCAT 2 H A 78 1 R 2 A B B i 35
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Table 5 Verifying the penalty effect of EDGAN algorithm: the generator iterates 100k times (FID value)
&5 IRIUE EDGAN SUAM G TIRUR: A as 58T 100k X FID

Datasets  No-Penalty EDGAN(Ours)  With-JS-Penalty With-Bi-Penalty

CIFAR10 17.92 14.02 31.63 27.84
SVHN 4.24 3.88 10.94 7.10
STL10 15.03 12.83 35.22 31.58
CelebA 4.41 3.22 12.02 7.39
LSUN 5.93 5.13 10.45 8.98

Table 6 Comparison of the algorithm performance

F6 FIETEREXS L

ik CIFARI10 SVHN STL10 CelebA LSUN iteration times
LSGAN (2017) 21.64 3.50 19.17 470 4.65 200k
WGAN-GP (2017) 21.89 452 16.15 4.56 12.65 200k
SNGAN (2018) 20.70 6.53 40.15 7.56 26.98 100k
SAGAN (2018) 35.18 26.91 29.77 9.49 42.26 200k
GAN-0GP (2019) 16.19 3.07 14.10 493 6.10 100k
EDGAN (Ours) 14.02 3.88 12.83 3.22 5.13 100k
Real Datasets 0.45 0.24 0.84 0.34 0.55

3.4 EE{KRMEEXTEL

W B — R YIS CLI8UE, EDGAN HIL 8 2 42 5 GANs WM& 1R8N T 5 i3k — 2B IR 1IF EDGAN [f1k
AR, LR A2 SRR AT AR R ) — BB AR It B AR LU AR SCHE S AN B &8 125 LSGAN(2017),WGAN GP(2017)
F SNGAN(2018)%5 5 vk, H4h B IRAER 6 . o 103K 6 TIN5 —FI KR e 45 T 2 8l AR IR 8L,
G — 1T R E S5 B FID . A 6 T 45 5 E ) EDGAN HkE 2 M R4 FHHE 7 B AT m— 2
%5, B E SVHN 1 LSUN %3 45 L f§i# T GAN-0GP 1 LSGAN & k.5 Ik [F I, EDGAN 7 CIFAR10, STL10
AT CelebA %545 F 1) FID 8 5k — 35 #4507 0 Se 4R 4R 11 FID fH.7E3R 6 K (4 W4T 2 SAGAN B, iX 2
— NG 2% A GANs BUVE, 71X HLR N HoAr 2515 BN B L SR B J5 B SAGAN A IR 16 4 76 2% 4 11 GANs(BP
GANGS). 76 BEPAT IR AN SZ 06, 72 26 P62 75 7 LUB 46 1F GANs it R PERER M 2 L 46 1F GANs |2 SAGAN £E 5
AR s 45 B R OR B R T 8 LI 78 4 HAIE SR BE B — AN F 4 F GANs JERRE {IE L& 1
GANS 5 Fi. PR ik 5 2 v P i 00 G M B PR A RV T R AR ST 5 ) R K L

4 ZERIE

ASCRI AR BE B0 GANs AR BEas 1) H bR B B0 A7 15 50, B TR R FFREAS 2 FEVE I 26400 T i 2R oy A
JEAT e R LS AR AE 1 GANs AR IR AR BE A 2 1 SR 508 BUEE, T 5215 GANSs A= BURE AR (1% 14
JRE I 2 b, AR SO DCGAN W48 Z5 F i 35 Al 1 % GAN's (16 90 48 285 A4 i3k AT DAk, 3% L v A 3 (DO AR 38 i b
HE AL (BN) I3 bk 41 (SN [ LM M K 0 s v AL B ARG ML 1 Rl N 40 50 2% ) 44 i R v O 8% 11 340 1 g
Q) B BRA R ML 1) 311 REARAR 2 32 T AE RS (142 BRBE 7, IRVt B8 s /I8 A A I 4% 1) 2 4502 (), LA S 3
e P 285 TR U1 0 80 28 e P 5 (3) B 728 A A I 465 1R ) 4 A SR s, 22 31 2% T 6% AR A i 2% D) 4% 3 48 FH IE A8 WU b e )
IS GANs H bR B S 040 I I 25 2544 AH 45 6, T A 4% 40 A P 29 7% 53 1) GANs, Bl EDGAN. #5sE86 45 R 2
7~, EDGAN Bk D4 T H i — %2 8 GANs HIE.

BARA ST RIS UF EDGAN Re& M GANs A BOFE AR 1) 53 &, (5 WSS it 30 il BT B e gk — 25 1
T3, G0 ) F EDGAN B R IKFE AR 2 i o — 6 06 W B ) 351, B EDGAN ()R i i) B8, 458 R R ABE 5.
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