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A Generative Adversarial Network Based on Energy Function

WANG Gong-Ming?!:? QIAO Jun-Fei'>? WANG Lei'?

Abstract Generative adversarial network (GAN) has become a hot research in artificial intelligence, and has received
much attention from scholars. In view of low efficiency of generative model and gradient disappearance of discriminative
model, a GAN based on energy function (E-REGAN) is proposed in this paper, in which reconstruction error (RE)
acts as the energy function. Firstly, an adaptive deep belief network (ADBN) is presented as the generative model,
which is used to fast learn the probability distribution of given sample data and further generate new data with similar
probability distribution. Secondly, the RE in adaptive deep auto-encoder (ADAE) acts as an energy function evaluating the
performance of discriminative model; the smaller energy function, the closer to Nash equilibrium the learning optimization
process of GAN will be, and vice versa. Meanwhile, the stability analysis of the proposed E-REGAN is given using the
inverse inference method. Finally, the simulation results from MNIST and CIFAR-10 benchmark dataset experiments show
that, compared with the existing similar models, the proposed E-REGAN achieves significant improvement in learning
rate and data generation capability.
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SR, GAN By AL AU 25 i A2 A o A AE — 2t
fbE. — O, BT ARG A S R A s A
JCE PR 2 ) A ORE A B s, B2 ) BORAIR
B, 5 — Oy TR TR N R SRE I I
FEFERRBETH IS () 1) 8, B 24 B SRR A RN AR AR 2
[ B AR NESE R A EER, HEREE
Jensen-Shannon HE 2 — AL, SEWLLEARA
S TS TR P DA M, Arjovsky 2500 ]
H T —Fh Wasserstein GAN (W-GAN) #7 F
Earth-Mover {t#; Jensen-Shannon #J& sk FFE
SEAEATIA: A 3 A1 Z AR 22 57, H— PR ek
BORXT Y. GAN f AR, 1) HAEA R 5TR 2T
1€ Lipschitz #EZEERE F. RS W-GAN ST
oAt HAR A 221 et (H 2 HAFAE 1) Bk )2
BB W SPE TEYEARAIE. Donahue 250100 48 1 —fh
Bi-GAN B8, 553 Ze B mmi i 1] faAs 525 [a], A
LIRSS, FEEHSIA T MRS TR E S
BRI B AR £ s [R], B HL S T LA R Y
LR, RS R iR e ), (B2 Bi-GAN
PN AR A

LeCun 201 32 T e R AR S, I
Pl Z 500 B —Fh BN B T — A~ B & HUEL, i
Fe/ MU RE B R gk OO I 1) 2 50U Xl i A A
MRS R A B TR 5 GAN B2 %R, W%
7 3 TG0 75 FE A5 R R B A T U] Ak 0, R 50N B
SERCNZEH bR, [, fEE KA ORI AR 4
it 4> R % (Partition functions). 4&45 7k )2 28K
2 FVEFI BB, fEaE R AR B A0 T B, RIRF
S o AU B e s O ZE (AR e R AR AR, 24
ALY P TR BE 2 S LR SRR B, ph T IR B2 S A
RN G507 SRR T B 24 > 12, BT DARE B R
B B R AR R 1 43 B L2 PRI U

FEXRFDA LR R, AR SCHE ) — P R T AR ZE
AEE PR AU GAN i (Energy reconstruction er-
ror GAN, E-REGAN). A i 7 iy BT iR 2 )
B B 38 W IR B AS & M 4% (Adaptive deep belief
network, ADBN) >k SZ#, IR Hy F 8 5 PR
HZmig#s (Adaptive deep auto-encoder, ADAE) 3k
SeP. Hrp, ADBN ik AR ESEHEAR v FIEE 2
P B, Y 2 2] 3R RRAE IR A= AR 28 ) 1 A5
Ry ef ) IS ADAE By s iR 25 15 Ak &
K%, 78 MNIST #1 CIFAR-10 frif 854 A sE
e aE R, SIAMILAMZEML GAN SR, E-
REDBN &8 7E 27 >) 33 B AR 2B U BE 1 4 5 T )
ARRYE .
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P2 55 2 N4 E-REGAN B8, fudf2s>] ot
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kR B REARARAR T, AN S CA
FEAR— S A B, T8 H 2 Ry 7 R 2 R IR
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AL E LN GRHR RIREA, #BGE I H SR AN BT
FIRIER D Jg—A 0 Jeds, T — AR E T
IgRBd (M AEA ) AR, mREEAR T
FLH R, D fnh AR B0, D /MR
K. GAN il BRI Wl G Ml D, 5E|
D ABEACAE YA L SEAEAS R X 23t R h I
e AR, TR 1) i G, ER T hEH
Rk D OISR AR 2) ik D, el g
M A AEA. 24 D ISk Kok AR AR AR
I, FTPAAK G IR ENRAUIRAS.
BE CA IR B o, A HEA SR
G (2), AAEEL G FIHBIET D B4 2% K £
E AR
Fa(2) = D(G(2))
Fp(z,z) = D (z) + max™ (o — D (G (2)))

Hor, max* (1) = max (0, ), a & IEEEL

B2 (1) A=l (2) vTH, f/Mb Fo (2) B2
KAk Fp (z,z) 95 50, B GAN 0046 RE 5
s R IR AR A .

m&n max {L (G,D) = E,epy.(a) (log D (z)) +
E.cp.(x) (log (@ — D (G (2)))) } (3)
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2.2 E-REGAN #Z#RHZSTIE

E-REGAN Bi# fy [ & WV 3 B A5 & MW 4%
(ADBN) 1 5 & W3R B H i #y (ADAE) 4 A,
ADBN F1 ADAE %35 78 24 4 s G ) 50 A5
1 D. ADBN #il ADAE Wyl A8 5 0047 @ IF, %%
YIRS G, AL R BIEEEY D, F & 751 &2 g
SR BR AR EE K, ARG E I AR D, kgl gk
AR G, 15 D gy B ER R i/ ME. 24 HAL
Y Piaa = Py (O0AH-580)M 15, 53] 45 5 A7 .
E-REGAN [H&5# i3 & 1 frs.

H3 D AME N\ Y
AL D COIR IS
’—' (ADAE)

gy N
. B G
s 2 (ADBN) |G+ 2)

TSR A x

B 1 E-REGAN Zifq IR
Fig.1 Structure and scheme of E-REGAN

2.2.1 BENREEZME

ADBN  Hy 5 AT 3 & 1 B 38 LY. 32 FR 3% /K
24241 (Adaptive restricted Boltzmann machine,
ARBM) Fil—Aith 2, mi—1~ ARBM By i
fEHRE—1 ARBM gy A. ARBM HAWZL
Jt, —ERNAAZ, hE s oA, 1T A
GBHE: H—BENRE)ZE, hREmE AR, AT
BB EIRE W EAE. ARBM 45 anE 2 fis,
HoaZa m AR, BEZEE 0 N A, W 2
TEFEA A R

2 ARBM Z5yJ]
Fig.2 Structure of ARBM
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P(v;0) = %Ze_E(”’h;e) (5)
h
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J2) 431 RBM, g s 80E SCh

E(v,h;0) =— Zaivi - Z bih;—
i=1 j=1

> wvawhy (6)
i=1 j=1
He, w; & RBM W&EZAUE, a; F1b; 435w
CIRN =R = S S = e =N O [ = (7 o 7 ¥ g
AR N

P(h;j=1/v;0) =0 (bj + iviwzj) (7)

i=1

P(Ui = ]./’U, 0) =0 (ai + wah]> (8)
j=1
Hr, o () &> Sigmoid L.
AR AR Z 2 TR, PR AR
S P A o 3 2 B — A B R S 0L, DA 2
JZRB, AR
1, Zph,=1/v)>4
L1 E=1) o
0, Hplhy=1/v)<$
Ho, 6 H—r T 0.5~ 1 iR
AL TSR RLL IR R 2 log P(v3 6) BB, I
Al ARBM I s R 25 4 I A5 B 2 BOE B
1 e O 18D B B E R ST R g (s, TTRA
733 ARBM BUEEH AN

U)ij (T + ].) = wij (T) + HAU)” (10)

Aw;; = Egata(Vih;) — Emoda (vihj) (11)
un, (Awij)(t) X (Awij)(tﬂ) >0

= (t) (t+1) (12)
), (Aw”) X (Aw”) <0

(Awy))® = RO  HHOREHD (13)
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(Awij)(tJrl) _ ’UZ(tJrl)h;-tJrl) o vi(t+2)h§t+2) (14)

Hr, m Fln 453 5R ARBM {35 R R EOR 2 2]
K, Eqata(vih;) Fl Enoger(vih;) 23513 R I 246 F
LU0 5 P R R AR A o 1 4 A BRI, ¢ 2
AR, BHEFEDT, Enode(vihy;) AT H
T AW RAEAL IS FI T, ARBM X Il 255
H i@ WA S (Adaptive contrastive divergence,
ACD) FEEIS 15159 0 il o 4§72 ) SHAR
BRR/NEEL HO <v<1<u 23RHAENA
A JE R, YIS UGE R G S B H T ) (A2
R IED) FHIFET, 273 IR, AH B8 ).

Ay ARBM YIZRg5 05, TR BP FEEM
gy 2 IFaf B2 R X RS ADBN ) AUE AT 1K
¥ (Fine-tuning)®.
2.2.2 BERREBH LR

ADAE H# T4 ARBM Jiji 3 e & M, & —
o FH T 0T 1R A T TG B R AR BROR D 4 £ s 52 i
PIIREEAL. ADAE 5 ADBN WX 57T ADAE
WA S5 20020 gkt tnig 3 B, WA
ACD F Pl gy ADAE 52 BLA IR0 H 5%
FEATA AR IEAA FI5]. BT ADAE 2—Fh G
MR SRR, Py DAJE: T3 3T 15 22 1 Bt o R Y
PEU ARG . FE8t, AR ADAE (9
¥y 2E (Reconstruction error, RE) 14 fHE & R4
B, RE & AN Frs:

1 N, Ni
N <N, ; ; lvij — 0] (15)
Hrp, Ng Fl Ng 53 s AR MR A 5 88
LR viy A iy 53 9 ZRR b o AR A S I B R
RN AFE AR 1 2 4 e U

RE =

AZ RRIE 1 A 1-1
> Encoder ] ——— ++---- Encoder L
OIS EHES .

HIIRA: RE Decoder
& 3 ADAE %5#JFH K
Fig.3 Structure and scheme of ADAE

RGN, ADAE ¥ 560 B A K I
UEATFRAESR AN, 28 PR RO g i, 75 2 X0 H 5k
FEARARI R FHERIE FIFORAT TR S5
GERIBIAT S AL PR (1), 75 3 B SR A BIE /Y
EHFEE. AR, FEWIREE S — A B K
K, BEE R KON, X I B AR B 2 o] [ TR

PRARRS L N RERLBRECH 0. (HAESLPRN H o, 5183
H B AN R A 0] 8, 228 B — A RE fE PR AR
BHANO<A<]).

W45 W g, KA OB B ) A i B0 as 7E
ADAE 1 #i A, 15 B X628 BCBCHE ) 4 S R AR 2k
F'. 4 F R F gaxtimzz |F — F'| /NTBEET g
BB v (0 <y < \), TEREHIBA, 4k
SRR AE AL, AR I P DATA]AE B4 i B A ) S A
RUAG I AE BB AL A2 BURE J). T DARE 5 oR A5 (B
FHE 5 eR B BUVE A PR FE AR IO 0 A ) AN 75 285K
BEEERLIEAS 5, Fr DA 5l A W7 2 75 6 I FE AR 2
SR HE— 20 B BRI AT E-REGAN 1) 15%
Wz ALFET, R 2 s e il 2Rk R 24k, ADBN
1l ADAE ¥ Jo R Bn B SR2 Ek, A S
7 2 ST BRGNSt AR 5 B AR

2.3 E-REGAN f2EMSR

GAN f A AR B [ gRe i) — N Z TSR,
M — AN E R G A — R D R R, i
xtptar 2 107 HORE RN SR, B AR E U AT
I, E-REGAN MR E M FEBLT G M D fEik
RN R B B 2 A -2 1.

{Beis Po 2 LA G (2) MRSRE R, &
S R RO

f(G,D) = //FD (%, 2) Paata () P, (2) dadz

g(G,D) = //FG (x+2) Pyata (z) P, (2) dzdz
(17)

MEHHIRER D Sfef/Me f, ISR G
Kel/ME g, IB2M IR TR BI G #1D 1Y
wILAEXT (G, D*), HR

f(G*,D*) < f(G*,D), VD (18)
g(G*,D*) < f(G,D*), VG (19)
1. QR (G, D) B— DT8R T

)\5\7 %B/l\% PG* - Pdata HTJ? ﬁ%/% f (G*aD*) = .
IERB. xf=t (16) fERTFAb3

f(G", D) :/Pdata (x)D (x)dx +
/P (z)max* (a« — D (G (z)))dz =

[ (Pras@ D @)+

x
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Pg- (z)max* (a — D (G (2))))dz  (20)
P (2) W— I T Prs:

& (D) = AD + Bmax* (o — D) (21)

H, A, B>0,0<D <oo. #4 (D) HSEH

A-B, 0<D<a«

(22)
A, a<D<oo

v

B2 (22) A4 %4 A < B HE, (D) 76X 6
[0, ) FEAHEW, 26X (o, 00) - BATHEIE. H
T (D) RIELLEREL, A (D) WM/ MERA a.
XA > B, (D) FEXE [0,00) FEIHEEIE,
it (D) Wf/IMER 0, Bl (D) £ [0,00) FR2IK
S,

BT (D) £ [0, 00) RIS, BF AFEAE DA
THRE L )

1) ok D*(x) > o H D(x) = min(D*(z), @),
W2 ARKERE] f(G*, D) < f(G*,D*), X5t (17)
FHIER . .

2) M (D) W/ MaRE D*(x) 7[5 f(G*, D)
g b 24

f (G*,f)) <a (23)
WRHE=A (19) w15
/ Po. () D* (2)dz < / Poaa (2)D" () dz (24)

x

B = (20) Fi=k (24) Alf5

/j@4@1w@mm+
/ Py (z) mix (o — D* (2))de < f (G, D)
(25)
T D*(z) < o, FFLAH
a < f(G*, D7) (26)
i (23) FA=k (26) AT o < f (G*, D¥) <
o, B £ (G*,D*) = o 0

ot E-REGAN #AEHu] 541, ADBN AW
SRR RS L BTV A G ORE. ORI
WHBIEAL D ket m, BEMIRE RE KL
SR ]

RE 2%} ADAE iy s A4 iy A K A i d g A KK
AT SRR IE W T IR, TR AR b R R A
A REZ (ARBM) BRRE (hRZEE). LA,
ZHEW] RE (Ycsilk mgas i AR i ADAE A )28

A I ARk, R (7) R (8) i
PREY_ LW A M Ar, IBARTFALA—
> ARBM, s? Fl sp 2312 ] AL B AR S
21l ¢ YORFE IR EARTS, s F1 b 40 3137R
sy 15 BI BaE Z ARSI AL 285 ¢ YORBEAS B
& ZIRE. 2T t R A

sV € [AL, Ayl (27)

5? = AL =+ (AH - AL)O' (b] + Z s?wij> (28)
=1

st=Ap+ (Ay — Ap)o (ai + Zwij3§'1> (29)

j=1
si=Ap+ (Ag — Ap)o <bj +> 52“%) (30)
=1

H15 (27) ~ (30) AT DAE Y, 7E4:1 ARBM 1y
A HTORAE AR b, W 45 A R AE A AR Y TR
SHX.

R 2. iK% s, st Al st 42 ARBM (1
NARAS P EPRES TS RS, 84 ADAE w7z
AR T BRI R IA RS L 55, ), ) €
[AL, AH].

IERR. B T4 ADAE 1) ARBM &7 & il
[, A2 89, st € [AL, A B, B3 (27) ~ (30) W]
M, Jfa—A ARBM W& ZTELE t ISR
FEIG, RESIEREALE N (AL, A, B 8% € [AL, Ax].
T DAY 2 B4~ ADAE 7E I Rl 72 vb i A i oA 5
P, WERRRE. FE AL

# ADAE Fa5E, W& ARBM (] 42 F =
BEARESLI W L A A S T Sigmoid B
BOEA R, HBEE M 2T EC L
LU MECRWIE AN, AT A AR

st > s (31)
st > s (32)
B TR A
s, 81,85 € [AL, Al (33)
WAEVETRALE. L

A I DA L 23 A Bkt A RE BRI UE B AT, E-
REGAN HA [ FEMIRRETE.

3 SCIGHAZ

N T YR e E-REGAN B8 X o7 > i
71, a3 AHE MNIST Zdli 46 A CIFAR-10 #di 4k 1
AEAT IR T HE R TG0 5 A 3 S 6 45 2R 14 52,
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F LB E-REGAN [ HERE, 017 55 50 1 4 13 4K
PERIH LI AT IR AN S it MAT-
LAB 8.2 JitAs, T HiHLAL 3R Intel(R) Core(TM)
i7-4790, F4i% 3.6 GHz, RAM >y 8 GB.

3.1 MNIST #iE&E

MNIST #ffa 45 60000 5KNZRECT F 5 A
10000 KMIALFEIG, B IHFIINZFHTE
RER. BRKEGR— 0~9 BWTFEHHT, K/
h 28 x 28 BRI, Rl LR B AL T2 3
TR BIRW KR, AR 22 B J5 0 B 80 .
A S R — P ER ARG« s A IR T VA Y
o 525200 H 100 3 P45 A0 A AL 1
AAEEA I GRAE AN A R AT 2%, 18 Joxt E-
REGAN 4 a2t ADBN JEAT IR, S8 5%
Fi ADAE JET 4 gl 2. Hp ADBN 251
A 781-80-80-781, ADAE #%#4° 781-80-80-80-80.
E-REGAN £ i ADBN Ay 7 > SRk E
£ 1 fiR.

# 1 MNIST il ADBN py[E A S 4

Table 1  Fixed parameters of ADBN on MNIST dataset
Mo T t u v A ¥
0.1 200 2 1.5 0.7 0.02 0.01

N0 FRE S R

K 4 2R R ADBN 55— W Bl 45
Y RiEZ (Root mean square error, RMSE). M
Kl 4 FTLAE , R E—BrBr ADBN (194 s AR
SRBCHF AR M L SEAE A R 1 ok, {HJ2 ADBN
E—FrBrgillZE RMSE 2 248/0N, gk #] 0.005. #
Ja— BBl gk RMSE 18 %) 0.000376, Il 25 FE
e, FERT 100 YO b GRS, B 5 2
AL e R AR e 2. i, SS-E-REGAN
(Single sample E-REGAN) J2& 454 sl 2 ) g A
HEEHEA 2 /) E-EREGAN, SN-E-REGAN (Sin-
gle noise E-REGAN) J& 454 B8 iy g A - A7 Mg
B 2z 1 E-REGAN. MK 5 A] DAEH, G/ g A
A BRI 1 E-REGAN EPE2E, §o/b Fst
FEAS B A A2 B0 1) E-REGAN R BEAS 53
FHECZ T, () B R M R L SIS AR A Sy A i B 28
AR E-REGAN HARGRERENE, Xhtes > thhe
ok, [AlEr, ADAE iy B 3 B 27 > SR T fg
R A SGE

Kl 6 & E-REGAN i FHHFHA, K7
s SS-E-REGAN L iyt A K%, K 8 Jj& SN-E-
REGAN E it AEIE, B9 J& ) 1 BT 36 BEAR IR
{55 HIoRE & R B2 ) GAN (Gradient-GAN,

g-GAN) [ A K 1S, B 10 /& Loss-sensitive
GAN (LS-GAN)PT iy E sk A B 5. AT DA H, ¢
Z b st 2 i g, E-REGAN A4 gt

0.007
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Fig.4 RMSE curve of generative model ADBN
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Fig.5 Energy function curves of E-REGAN
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Fig.9 Sample images generated by g-GAN
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Fig. 10 Sample images generated by LS-GAN
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Table 2 Result comparison on MNIST dataset

. REREE (RE)  #RIEHE  FHiEfr

i B{E E= (%) B (s)
E-REGAN 0.0037 0.0790 92 58.62
SS-E-REGAN 0.0405  2.0618 84 56.94
SN-E-REGAN 0.1873  2.7724 82 60.31
i GAN - - 79 87.23
LS-GAN(27] - - 87 74.61
LR-GAN/28] — - 90 71.36
Bayesian GAN/(2°] - - 85 77.48
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Table 3  Fixed parameters of ADBN on
CIFAR-10 dataset
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B 11 A4 ADBN 78 & J5 — I 2By
By RMSE A8 fkih 2. ] AR, R4E E— Xt
TR ADBN () Az SR Ak 20 ) AR 20 M LS
FeASHR B H kR, (22 ADBN ik RMSE £ 4
AR/, Wsh 3 0.0052. f g —MRHPLE A SRR 25
RMSE 8% 0.00032, Il Zk# AL, fEwT 16
PR T st B 12 2 HBIAL ) g & R
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Fig.11 RMSE curve of generative model ADBN
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# 4 CIFAR-10 B b a5 wnt
Table 4 Result comparison on CIFAR-10 dataset

- e PR 2K 1522 PIBAT

B % mE % WE (s)

E-REGAN  0.0048 0.0831 0.0160 0.0831 65.38
SS-E-REGAN  0.0473 2.2406 0.0431 2.2406 65.75
SN-E-REGAN  0.2097 2.8119 0.0633 2.8119 67.92
Fie GAN - - 0.0802 1.9227  90.68
LS-GAN7] - - 0.0358 0.1076 78.24
LR-GANI[28] - - 0.0263 0.1547  84.36
Bayesian GAN[29] - 0.0386 0.2037  86.19
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Fig.14 Sample images generated by LS-GAN
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