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W B RGERERGT EF S A — H R % AT % (generative adversarial network, GAN) 473K £ &K fE
SZ—. A, 3l T —F & £ R A R IR 4 (bidirectional constraint generative adversarial network, BCGAN).
5454 GAN BARAEL, Z RS ERMT B3 T —A A R B4R, BAERESHAAAN TR 7 @ i&i A =45
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Generative Adversarial Network Based on Bidirectional Constraints

GOU Yao', LI Min', DU Wei-Dong'?, HE Yu-Jie', WU Zhao-Qing', SONG Yu'?

'(College of Operational Support, Rocket Force University of Engineering, Xi’an 710025, China)
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Abstract: Improving the quality and diversity of generated samples has always been one of the main challenging tasks in the field of
generative adversarial network (GAN). For this reason, a bidirectional constraint GAN (BCGAN) is proposed. Compared with the
traditional GAN variants, this network adds one more generator module to the architecture design. The two generators approach the data
distribution of real samples from two different directions. Then, according to the network architecture of BCGAN, this study designs a
new loss function and analyzes and proves it theoretically. During BCGAN training, the diversity of the generated samples is enriched by
increasing the distance between the data distribution of two generated samples, and the difference of the discriminator between the data
distribution of the two generated samples is reduced to stabilize the training process and thereby improve the quality of the generated
samples. Finally, experiments are carried out on a synthetic dataset and three open challenge datasets. This series of experiments show that
compared with other generative methods, the proposed method fits real data distribution better and effectively improves the quality and
diversity of generated samples. In addition, the training process of this method is smoother and more stable.

Key words: generative adversarial network (GAN); bidirectional constraint; sample diversity; data distribution
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#% (generator, G) Fl—AN4E 7|25 (discriminator, D), K AR i AN Wi T Az R A 5 0 SERE A2 Ta) (R 080 23 A
AIHALAAR—FE, GAN WIHIIEHE —LEBRAE, 042 e A T AN =, 2B SR AT A B 2 2 FE 0 LA AR I Zhid A v 2
Ty BRI 5 B T A R ) R, GAN A 3 T A 0 446 by 15 2K R 550 A 7 THTEAT T A4k

LT W28 BB KA Ak 7 1T, 2015 4E, Radford 28 A -0 T —Fhig B AR 2E it B 4% (deep convolutional
generative adversarial network, DCGAN), B X 5| AGFNZE M 44 (convolutional neural network, CNN) K% 11 GAN
(1) A= P2 R 1) 2, ) ok — L 2 0P (1 ) 20 2R 1 T B3 L AR i 35, 2 ) R 22 4 GAN R (A7 83T 1t
A B2 G AT SOBE AR 452 B BRI 4% (conditional generative adversarial network, CGAN)! I ] — L5 2L 52 p¥:
AP AL T AAME R (2B bR 2 ) SR A il A P AS 3 2% TR BV AR AL 4% (information generative adversarial
network, infoGAN)*U 7 CGAN AEH 3l b IF A1, A2 75 A i P S B AT 42, 2021 4, A= A PV i 2 2 1%k
PURBR REOUA T, — @ FERE LR T B0 BETH i e g ), 1E— P FeE T BN Zad 72, Ak, 22T B 9 ig s 1)
R AL EAAL GAN L SR ) — 2571 AR, 18 GAN ABRFE A L BB AR e — 28 /0 MR R I A%, 4y
RN 64x64 Y 32x32, I AT — L4 b 5 1) T BEHH 1K) GAN B, 41 BigGANI' | StyleGAN!' | StyleGAN2!'"!
LK ALISU™ 4% %4t GAN B BUAR BEBS A0 I 2 S A TIAT 45 B0 RLAT, 4R ph 1 1 B IR LT OB A 2%
BEATINERI, ARSI T vh ot Js A I SRt (], PR T X 48 GAN fB1 N H 5 R JE.

FET KRR A A T7 1, SCHER [19] WFFUR I, AR ERE AT DU T3 GAN (40 2 ik 45, AR S YT ZRad 72
SCHR [20,21] FIH] Wasserstein BB AR R TS BURE, — @R BASE T UIZR L. Se0Uh, SOk [22-25] #BAEF)
FEV S [ 500 P8 S ¥ v 458 2 B 8, 189 i ) 0 PR 10 A . 2020 45, Xiangli 25 A PSR I Tl LS A Jon) 0 ) 4%
(realness generative adversarial network, RealnessGAN), ¥ B3 7347 (realness distribution) 51 AF| GAN [l ZxH,
R Z A%, RIS ZETR BT DCGAN 4504 L, BB A2 il i 70 FE R K 5.

R GAN 2B RFI AN R 7 v A e T ISRt 7, SR IX 2 GAN AR 5 18— J7 ) 005 ZL S AE A 1R 4000
I3, AR PR AR I HI 3 A0 AR AR S SR IR B 2 A A AR RO 22, D R AR — I i, R BfifE— 22 4 e GAN
A SRFEA W T A 2 A, AR ST T — RO A 29 A i BT 4% (bidirectional constraint generative adversarial
network, BCGAN), 5164 GAN 2514 H{ ., BCGAN 75 X 2% 48t B i L3 hn 7 AR A, 944 1 2843 il A
PSS )& T SRR A B 70 A0 . fiL4l BCGAN R4 3844, vt T 8T IR 2k ek 45, 0t kAT 7 39 40 4
KAEW. SR G, ASSCER VT T 83 2K R B0 240 SRS ) 286 455 700 1| Sieiad 2t ) S ), 3 3ok 76 452 2K B 450 Hp 388 o 24 SR IR AR 1k
BCGAN [ PERE, =25 (1) 3 38 g A2 o AR B0 23 A7 < 18] 1) PR B9 R = 8 2R JIRE AR IR 2 FE A (2) i
UL/ IN 255 T30 8 0T PR A A A A B 70 A 2 ) 1) 22 e R A e W e, 4 o 2 JAsE A 1 Jo o

AICE 1T EEAHT GAN B RealnessGAN [FFEREATTR. 55 2 15 M T BCGAN 1) 00 4 A4 A5 55 R 4L,
FEXF AR SR B Vvt EAT T IR A AT SO, 55 3 R SIS Ay, — AN SRR W A STV A R AR [ B A
ZHAEMEEAL T RealnessGAN, HUNZRd FETE I~FAR. 28 4 50 A SCHAT T 8 45

1 HEXIME

1.1 GAN
GAN HH H— MR G RAI— AN %5188 D ARk, G kB Az B HEHE IREAR, 10 D A5 S8 HERf ) S A AR
Al G A1 D I i B an ™ B A ek £
mgn max V(G,D) = E,.p,, [logD(x)]|+E..,, [log(1-D(G(2)))]

= Eypy [10g D (x) = 0] + E,,,, [log (1= D(x))] 0
HH, pgaa~ p-UA K p, 73 MR FLSEREA S AN B ) 2 DL S AR BORE AR TR 558 43 A
SCHR [1] C&UEM, Ul 52 G I, 5eflt D i/ Dy (x) = M; S E D, B G py = pana. I
Pdata (X) + pg (X)
I, 23 (1) B F e
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. _ 2Pdaa 2p, _ _
minmax V(G,D) = E«p,. [log Pt P +Erp, [log o 2log2=2JS (Pda[a”Pg) 2log?2 2)
DR, AT LI I f5e /N paaa T pg Z TV TS HUSE, AF 7328 b A8 5 SUSEAE A R B8 AHABL. SR, W1 2R paaa Fpg JL T

BHER, JS(Pdata”Pg) W2 T8 — AN EL, U R A A B R SR A8 2 tH BB BV %, IX S BO Zhd FE AN AR e HL
ANk,
1.2 RealnessGAN

J54f GAN I D ¥k 2 bR, B AFEAS x O8I D (x) . RealnessGAN Xf_E i i Bt AT
THE, I D RN B Preaness » BRI AFEA x ST LR D (X) = { Preaness (5,1) ;4 € Q},
e QU2 Preamness i 45 L w (AR AT, > 0 HOAT LA N — il /5 (R U SEE L

23 (1), 1A 0 73 AR FL SR A AN A e AS () LS PR JE 5 T RealnessGAN WIME ¢ P A e 850 A1
A FIA J25E SUAE Q LIPS 73 A7 Tl i, 73 Sl AR SCSRE AR AL SR AT S P . v, A Bl BEE N il 0 A1,
Ay BEBCE NS 504 AT KL BRI A (1) P PRECZ IR K228, WG A D (¥ H AR p& 808 O

maxminV(G, D) = Ex-py,, [KLAID ()] + Exp, [KL(AolID (x))] 3)

Y Preatness VTSR HAGPIR, BI Q = {uo, ur}, HA Ag (o) = Ay (u1) = 1,Ag (1) = A (up) = OB, 230 3) 52 (2)
S, XERAR ) AARK 3) M—PFhke et o, I H 3Tk [26] C&UEM, MlE e G I, MHME—Hirt 255 u R A

A ata A ) ,
FEA x, 5500 D WAL D (o = SO Paan D P A0 WP oy e Ak sk e 1T AL () # Ao (0

Pdata ()C) + pg (x)
I, G AL HALM py = paaa -
2 WA RE BT L%

GAN LA K RealnessGAN #BALA—ANJ5 [n $UA45 FLIREA R B 40 A1, TLAE BOPE AR I B A A1 A AR S5 B SERE AR
(AR A AAEAE AR 22, O T Be 404 50 N LS8 AR 431, LABR i AR B SR W T AN 2 R 1, AR SCER T —
WA LI HRAE RS P, 158, SR T A ST B A BT, AR5, ST BT H 1 AT 7 HEERE, M i S
HER T iR AT s B E, FEADIA T BCGAN I Zhid fR I AH GBI
2.1 MEEZRMIE T

TR GAN B4 5, BUARTS LR, Wil 1(b) Fras, 4 BACH SUSRE AR 5 A2 BORE AR R 804 o3 A1 A 4, B
Pe = Paata BT, HARERELV (G, D) WU ALAE, BLRT, AR BORE A 5 BLSERE AR SO ME R, I SE R, paaea A2 VAT IS THEE
F3EN. PRk, B 7T AT SR Ak GAN (17199 2% BERA R K bR B, (4T py IR T pawa - GAN R (A I8 ST 7 5
KAV B SEREA B 73 A0, B, W1 1(c) 7R, po Ml paae LA EEI0BEZ, WAL BOFEAC IR Tt S SR X
45 GAN AARTE N GRid FR A5 S8 N —AN 7 1) 2308 3 3 SR AR BN 40 A1, AR SORE A (35008 3 A AR A 5 sl
FEA FOBE 3 AT AFERR A 22, LLZS T AR A (0 ST BN 2 A P R S A, D ik, A SO H T — b0 1] £ R A jtet
LM 4——BCGAN. 51445 GAN B4 AH L, BCGAN 1 M 48 B e v B3N T — AN Az e Bk, @il VIl 2R 845 w4
AN REA I EE 53 A pot TN po MANAS TR 7 Tia) 220847 2L SEREA I BUE 73 A1 paaa » WHEEL 1(d) FT7R.

| | |
s | |
ek b ot o
b i Paai P i PaniP i po e
P
(a) (®) () (d)

K1 JUSEREA S A R A (R s 7 A 7= 41
HH T W 28 A i T AN E AR AR, DRI, A E BCGAN BRI Zd R 5 B2 I 0 RS- EE ST %1, O i,
ASCI RS ZR BT RS R T K bR B LR O B R U R RE PR 0. £ BCGAN IRt R, 389 LA



4198 HAFFIR 2023 FF 34 K% 9B

Ptk skems: (1) B0 G, (2) TG, (2) Bl 0 A6 2 18] 19 BE 3ok =35 A BE A 1 2 B (2) B I/ D (G (2)) F
D (G (2)) Z 1Al 25 R Fe IR RE, 3 A REAR 1) i . BCGAN 5% 45 GAN AR 4R 11 9 4% 2844 be A 1] 2 i
TR, {~— — }RIRIE N 2 TRIIEE S, {— RN/ 2 8] R B B

A—==Dm®} {4;==D (G, @)} {4~ ~D (G, ()}

A—==D @} {4==D (G ()} :
I
I
I
I
| {D(G, ()~ =D (G: (@)}
I
I
I
I
I
[

T {Gi(2)~—G. ()}

i G
|

o >

V4

(a) GAN A8k (b) BCGAN
B 2 GAN 28k 5 BCGAN [ 9 4% L L A%

Fi9z b, AT LR N TATAT A 48 GAN 22 AR5 A% $F L RealnessGAN (2020) #5784 POVl JEflisfe
11 BCGAN 3EH, By sl 4 5 W28 3 5.
2.2 SRR HUEIT SIERR
BCGAN [N ZRe 72 T AR R — AR AR /ML Ir) 8, — 7 T, 65 0 25 s B2 BB M 40 S0l i A\ BE ATV 268, By
N SIEREAA A B, 4 A AR U 5 g i 55— mm‘ WA AE R )75 S8 AR AS AN R ) 508 3 LSRR A
FIBE 23 A, DL T8 501 g e 0 A 3 s AR AR R EL0h. BCGAN [ H b i B0 LA
mgxngnV(G,D) = Evppa [KL(ALID ()] + E e, [KL(Ao|ID (x))] + E,vp, [KL(AglID (X))] )

X~Pel

HA, paan~ pot AR per 73N ESREAR L PEFEAR G, (2) MG, (2) AR 734
HA HMMEREE B G B F IR R % D T 6.

EIE 1. Yl 5E G I, AT 455w M AFEA x, L5788 D i
A1 () Pagata (X) + Ao () pg, (X) +Ag () pg, (X)

Dy,
( ) Pdata (X) + P ()C) + Pg, (X)

®)

WERR: M E G I, D I H AR B0
minV(G, D) =Es-py,, [KLAINID ] + Evep [KLAND ()] + Esep,, [KL(AolID (x))]

fpdm(x)f | (w)log (1()) wdlx

+ f et () f Ao(u)long( “) dudx+ f Per () f Ao(u)logD?gZ)dudx

== f f [pa;m (DA} (W) + pgr (X) Ag () + pgr (X) Ag (u)] log D (x,u)dudx

- f | Paaa (DB (AD + per (VR (Ao) + P (x) 1 (Ao)|dx ©)
e, (A FAR(A) 7B Ay () FA, () R85, A 3K (6) HRER 2 TS D ARG, 184 €. WA (6) T
mgnV(G,D)z—szfpx(u)logD(x,u)dudx+C1 @)
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Pdata (X) A1 () + pg1 (x) Ag (1) + pga (x) Ag (1)

= ot = &jt N
Horh, € = paaa (0 + Pt (1) + pea (X), e (1) Pea () + P 0+ P (D A
mDinV(G,D)szz [—fpx(u)logD(x,u)du—h(px)+h(px) dx+C,
=fC2 [—fpx(u)logD(x,u)du+fpx(u)logpx(u)du dx+fC2h(px)dx+C1
=szKL(Px(u)IID(x,M))dX+szh(Px)dX+C1 ®)

Forf, h(po) 22 pr ) HIRS, 230 (8) RIS D ANHIZR. AL, 24 KL (p. ) 1D (x, w) B /IME S, % 514% D ik 35
I, B DY, (x,u) = py(u).

T RITIR, 2D = D I, A lds G B BImANAI AT

IR 2. D = Dy, I HAFAE Ml 45 R w e Q. AE1F Ay () # Ao ) IF, V(G D ) BUIRARAE 4 B paa () =
Pg1 (X) + pga (x)
R

EH: 2 pa, () = L P20

I, D (x,u) IR

. . 34, () 340 (u)
\% (G,DG) = Iﬁpdala (x)A; (u) log mdudx + jx\\fuv[pgl (x) + PDg2 (x)]AO (u) 10g mdud}c ©)]

120 = puaa (A1 (1) + Pt (X) Ao () + pa (¥) Ao (), WX TV (G. D), 12

_ Ay (M)+2A0 (M)
= f

A1 ()] Paaa (X) + Pgy (X) + P, (9] i
A1 () Paara (X) +Ag (1) pgy () + Ao (@) ey (0

. Ao ()| Pasa () + gy (X) + P, ()] i
+fxfu” a1 (Ao o8 s (0 + A () P, (1) + Ao () p (1)

. Ao ()] Paasa (¥) + g, () + Py, ()] »
+£fu” 2 (A o8 0+ A () Py, (1) + Ao () pr (1)

vmﬂa=ffmmmmmmg

= f f {Paa (A1 () 10g Ay () +[ o1 () + P (x)| Ao (1) log Ao (1) dud x — f f ®logp, (wydudx  (10)

FIV(G.Dy) i3 v+ (G. D) 1351
Ay () +2A0 ()

V’(G,Dg):V(G,D;)—V*(G,Dg):ff@logwdudx

0
=— f f Blog
wJu T TAL @)+ 240 (0] [ paaa (X) + Per (0 + oo ()]
3
[ [A1 () +240 )] [ Pasia () + pe1 (x>+pgz(x>]]
KL|O| 3

dudx

an

Bk V(G D) T G B, PR V(G D) RS540 T3k V' (G. Dy ) it AR A8, B

[A1 () + 240 ()] | Paata (X) + Pg1 () + po (9]
0= 3 (12)

e st (12), 43

13)

1410 A0 @01 - 2222

2
LI, 25 1A S5 0 QI A, 0 # Ao, W FLCH s (9 = P2 P2 D gy (6 ) et
. X—EW RS 1(d) H BRI
WIS TR, K04 D FFAR B AR B /ME KL(AL D (x)) F1 KL(Ao||D (G (2))) . TiA4E 4% G B FEAE H b
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M2 e KA KL(Ao 1D (G (2)) FIKL (Ao | D(G2 (2))), RIEf /MY KL(A | D(G, (2))) FIKL(A, || D(G, (2))) . B, %55
% D MR G MBUR R e R
lossp = KL(A1||D(x)) + KL(AollD(G1(2))) + KL(AollD (G2 (2))) (14)
lossg = =KL (AollD(G (2))) + KL(A|ID(G(2))) — KL(AolID(G2(2))) + KL(A{||D(G2(2))) (15)
UEAk, S T RGEZRILRE, 75 B/ D (G (2)) MID (G, (2)) Z T 22 5. Pk, INALI RIS, %508 D ik
lossp = KL(A1||D(x)) + KL(AollD(G1(2))) + KL(AolID(G2(2))) + Ap ID(G1(2)) — D (G2 (2))| (16)
H, Ap AARTREL
[FIFEH, 4 T 3= 5 A FEAR TN Z AL, AN G, (2) FIG, (2) B /34T 2 1) 1 ER 8. Et, iAo, A4
AR G MR R e SR
lossg = —=KL(AolID(G (2))) + KL(AlID(G(2))) — KL(AolID(G2(2))) + KL(A[ID(G2(2))) = A6 |IG1 (2) - G2 (2)ll  (17)
HA, A HARTRLL
2.3 BCGAN &%
AT FNGER I Adam®T FE N L, 0, — sl gy B B, RN SRR R
WITEREH Ap , AR BRI R ECN Ao . BCGAN I 2Rl R (A S S fitid an 57k 1.

B3k 1. BCGAN &,

N HEEE m=32, TLSCEUR x, WS &z ~ Ny (0,1) , IEARIREL Tterations = 520000, £ SR IR Ap Fl Ag, %5
BB S kp , LERRABSIER IR B kG, ERLT A A FIA,, i 45 R Q 3R n;
W AREBG (@G, (2).

1)fori=1,2, ..., Iterations do
2) forj=1,..., kp do

t
3)  guass = Nioo (0,0.1);count, bins = histogram (gauss,n); Ag = —am— .
Z count
t
4 unif = Usooo (—1,1); count, bins = histogram(unif,n); A; = ——l .
Z count
5) Minibatch of m noise samples {z;,z,..., z,} from noise prior Ny (0,1).
6) Minibatch of m examples from {x;,xs,...,%,}.

7 Update the discriminator:
lossp = KL(A{||D(x)) + KL(AollD(G1 (2))) + KL(A¢|ID (G2 (2))) + Ap ID(G1(2)) - D (G2 )3

8) end for
9) fork=1,..., kg do
10) Minibatch of m noise samples {z;,z5,..., z,,} from noise prior Ny5(0,1).

11) Update the generator:

lossg = =KL (AolID(G1(2))) + KL(AIID (G (2))) — KL(AlID(G2(2))) + KL(AID(G2(2)) = A6 IG1 (2) - G2 (@I
12) end for
13) end for

3 LIRS
ARSI M Z AT BCGAN [WHEREREATIFIT. 1 58, fE— /Mo a9 T BCGAN X B SEAEAEL
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PAATHIRNERE ). ARG, 1E 3 AR S5 4 1% BCGAN WAz ke AT T VP44, I HoE BCGAN 53R A
)T JURA R 1T M4 fa, B0 T HUR KB 2 0506 BCGAN TERE R 5.

SCHR [26] HoK B Sz B 45 B B2 AIE W] RealnessGAN (2020) JT2E & i B 45 5t e At F HoAth 4% 48 GAN A2 44, 4
DCGAN (2015)" . WGAN-GP (2017)*" LA J2 LSGAN (2017)™14% . [Al i, 305236 H DL RealnessGAN 1 43k, 15
A SCHEH ) BCGAN ERT LE.

3.1 SWIFERIFES A
AT EHILE Ubuntu 18.04 RE0 158, FARI LI FET I 1 FTs.

RS

SRR ZH
PyCharm 2020.2
Python 3.6.12
PyTorch 1.4.0
CUDA 10.1
CPU Inter Xeon(R) Silver 4210R CPU@2.40 GHz*20
GPU NVIDIA TITAN RTX/PCle/SSE2x1

TEINZRd FE v, B R AR AL R 40 GAN FIPERE ™ A2 23 52, [ I 3 ik o) — 255388 4 2 4500 15 bR
#en] LI GAN FPERE . A SOz 5 7 30 UE M BN AS [ 7 11038 T LS REAS (R0 35080 40 A 545 R T GAN B2 il
LSS AT, AT S AR B A 1) o i R 22 AR DAL, A DR IE 26 45 SR B AP 1, T A S s B 5 3
fik [26] T ORFF—EL

H RT7E GAN 408, IS (inception score) 434 ™ F1 FID (Fréchet inception distance) 4345 ™ J& P AN B 40 ML)
BEVPAN FEAs, LT Ok 124005 P38 F A VEAN bR B0 T O L e — B0k, A SO A st 45 SR L IS 03t
5E SV AE ORE A 22 BEPEIG R AR, 1S 20 B0E B 5 000 7K AR BOFE AT A5 H; LU FID 23015 58 S A AR BRE A5
H 4R, FID 2502 B 5 000 5RAE BUFE AN T LA FEAR VAT . Ak, ARSOGE L T AN 52 F v
PR, YR B . SWD (sliced Wasserstein distance) 73 % ®% . SWD 73 # LA Wasserstein #5755 ¥Rk, A48 A
BE A7 2 72 5 B VPAL 7792, SWD 23 508/ N R AR PR A0 70 A 2 7] 1) 22 )N
3.2 EERBIRSE LRI

TEE S EH I paae W0 R WHER, 8 T TG LA RIS paaa AU E T, A SCHE— A6 S
42 FRHT T 3850, %A EdESgE 10 J7AS 2D S 4L, X488 2D s5E A 9 A5 1) [R) P iy 1700 A TR A R R AT
21, HoP I HEAAE— AN 3x3 IIRAS R, 7254 0.05. Wil 3 40t B Lk 22 M BT R, %A B8O 4 L 0 80 o> A
Paata BT 9 AN B RUFIBLTS.

X AR BB RS, ] Adam DAk 7ok I BEEEAT S5 5 AR IIGR, ¥4 S R E N 0.000 1,
HBSH B RE N 0.8, B IE N 0.999, %I 3B B kp BEE N 1, A AR E ke WHE R 3, 45 R QI
ik n BEEN 5. AR, AT (16) PARIRE Ap A (17) T ARINRE Ac #REE N 0, BIARH [EL I
. B 3 2L AT 1 AT 2R3 3 ATIRIKRIR T A RealnessGAN. BCGAN LAJHiAT 3 /AR A R LR
HEAT INZRA5 30 10 2E R REAS BB 20 A1 . A EL T RealnessGAN, BCGAN YK T puaa ARSI, BN sl
TN RENS 50 ) 2T B paaa A FIIIBLZSTE R, XK BCGAN X pyaa TS HE ) ZAL T RealnessGAN. H K 3 A
M I, BCGAN U4 B SEHE AT paaa FINCSIR TR A, B 3 FTLUE H, A 3 AN AR AR AT U1 2545 21
TAHIMEEZRAL T BCGAN HIZ5 A, FIH 3 AN A0 T AU E 5 5 R0 I 2RI (8], PR 7E S0 S 30 2 AT
F A 3 ANEL 3 ASBL R AR AR AT I .

3.3 EEIHREE LRI
AAELLT 3 MARIA FHREHE S X BCGAN 28 AL AR AT VP
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; S
RealnessGAN ! ,b
1 2
Real data
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