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Abstract  Most image generation models use a one-time image generation method, which obtains
output through a single forward of generation model. But in practice, for example, painters usually

repeatedly modify their paintings from coarse to fine during their creation time, which is a multi-stage
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process. Generative model reduces the manual marking requirements on image data, and can
understand semantic meaning of the images well. The generative model can synthesize approximate
real data from its learned data distribution. One of the main stream generative model is called
Generative Adversarial Network (GAN). By utilizing game theory and deep learning, we can
ultimately synthesize high-grade data samples based on two types of networks called generator
and discriminator inside GAN model. GAN is well known for generating images, but has difficulty
in training stably due to the irrational distance metric in optimizing target, which results in poorly
generated sample diversity. Besides, most generative models generate images at a single cycle,
but in fact, when the painter paints, he completes a painting on the basis of previous
modifications. In order to guarantee the quality of the generated image and enhance the generation
of sample diversity and the semantics of the sample, we simulate the process of repeating iterations
and multiple modifications by the artist during painting, and generate samples using method we
called “multi-generation”. We chose Wasserstein distance to measure the distance between the
real data distribution and the generated data distribution, proposed a framework named Wasserstein
Image Recurrent Generative Adversarial Networks (WIRGAN). WIRGAN defines a generative
model and a discriminative model, the generative model is used to gradually generate images,
which consists of a recurrent feedback loop structure and can handle a time step parameter T of
generation to control the complexity of model. Sample generated at time t is combined with the
output of time t—1 by simply adding together, the generator takes the image generated from the
last time step as output. The discriminator model is also constructed by a neural network,
combining weight clipping to determine whether the input image is generated or true. WIRGAN
uses Wasserstein distance as cost function, which aims to decrease the discrepancy between
synthesized samples and real samples, training WIRGAN in an adversarial way. In addition,
gradient penalty is also used in this paper to deal training difficulty that produced by weight
clipping in WIRGAN. We further propose a Gradient Penalty Optimized Wasserstein Image Recurrent
Generative Adversarial Networks Model (GP-WIRGAN). Finally, we adopt Generative Adversarial
Metric (GAM) and inception score to evaluate the performance of our models on the quality and
diversity of the generated samples. WIRGAN and GP-WIRGAN conducted five sets of comparative
experiments on four datasets including MNIST, CIFAR10, CelebA and LSUN, which are the
basic learning abilities comparison, the GAM comparisons within the model, the GAM comparisons
between the models, the inception score comparisons, visualization, Time efficiency comparison.
Extensive experiments show the proposed model has achieved good results in both evaluation
criteria, which identify that WIRGAN and GP-WIRGAN has good stability and can generate high
quantity images.

Keywords image generating; generative adversarial networks; Wasserstein distance; deep learning;
weight clipping; gradient penalty
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AE:, [ V:D. ()], —17T (14)

X B i T A5 2 ) 550 25 Y H B R R

objD:min(E,,:Npg [Dw(i)]*EINPdHm [D.(x) ]+

3.2

AE: -, [ ViD (o[, —115 (15)
A AR B bR RN
obj(}:min(*EJ:N[,g [D.()D (16)

A — A UL, GAN o gl £ oF i 2 g 37 7E
B AL — 0 26 A 55 B A B o A 0L O HL 2 B
P BSR4 R R AT AL 8 1) E T Ik B Y —

Fh AR &0, T WIRGAN fil GP-WIRGAN H F /&
H Wasserstein BN H A R 50, J& T [BNHAE 55,
IFi) B A5 78 4] B g 35 AN 31 BRLAECIR 2 L BT DA G ¥ ) W
T 8 AT AT A
3.2.2 Y7
GP-WIRGAN J i 4 37, My %t 5 A~ B A )i ] 24
HOR S B AR BE AR S M AR, R AE GP-WIRGAN
HR (1 S 0 A R R HE E DU Ak 2 2 0 A5 i A BB
22 VR 3 ST A S AE o BE T B X R AR B B AR
;% . T L, GP-WIRGAN 1 45 #4 76 WIRGAN
BLRY g B At b AT T30 AR R Y A 25 4 AR FEAS
75 ) B FE A B3 Batch Normalization )2, 3F H
Tt TACE BT RCE R S T AR VI SR IO A X AT
A LR AR, WIRGAN Sk | T RMSProp 83, {H
J& GP-WIRGAN H i b 51 J& AN E /N0 ok 1
SEEAERT S AT TR R A Adam LG EE L B
T Ao MR 0 R A AR S I OR E AT 5
WE. BRI 2R B an 33 3 B
Bk 3. GP-WIRGAN pys k.
A BEHLBR TS =, BLSCREAR o A A S R 0. K 5 95 5
¥ o B AT R AL 2 5T 3R 0 AL B, ) 5
ST HKHL ny, . Adam B2 BB
it Wasserstein i g5
. WHILE 0 has not converged DO

FOR t=0,++-,n, DO
FOR i=1,-,m DO

Sample from the latent variable 2~ p.

1

2

3

4. Sample from the real data x~ pa..

5

6 A random number € ~uniform[0,1]
7

x<Gy(2)
8. r<—ext(1—e)x
9 ot <~

[D. () =Dy () +A(| V: Do (D ||, —1D?]

10. END FOR

1. weAdam( V@%;obﬂf, il )

12. END FOR

13.  Samples from the latent variables 2 ~ p.

14, 6«Adam(%ii*Dw((}o(z)),(9,%,/3. B)
-

15. END WHILE

4 ZIKWRERSH

4.1 HEH

ARG T 4 ANATFEPESE : MNIST . CIFARILO,
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LSUN, CelebA. MNIST & T 5 &k ¥ g &£, — 3t
A7 HHKE R 0~9 Wy T A ECE RS S
Hrp g 6 Jrsk & XSS 17k
B BRI R/ 28X 285 CIFARLO %di 420 2k
A 102K, 5T 6 J75K 32X32 R/ANBYEER  Horpl
R E 5 Tk EAR A 1 T sk B R
LSUN™YIR B 88 3 508 45 i & 10 R oK [ 1 3
S TEA S R ] P A ek X — B B AR AT
r o A E 126 227 SR 2R K8 1000 7K I
LRG3k BR AL B 64 X 64 K/l CelebA
(CelebFaces Attributes Dataset)™* J& Jc I A Ji& &
BB AL 10177 74 AN/ 202599 5K A K &1
1% f PG AL BE R 128 X128 K/ IR0 18 T1
KGR IR AR AL 5 22599 KRIFIR.
4.2 FMIERE R

T U WIRGAN 1 GP-WIRGAN # %1 f)
PERE 5250 v IF B AT SR FH T4 0% 22 0 A A LAY 2
fith g 114 2 i 45 SR AT BAPR VP L T2 T A B
i Agbn. O 1 PPN AR BUREAS SR FATT SR AR Okt
Hi I #E ( Generative Adversarial Metric, GAM)?
X — 4845 s 09 T PR AR AR 2RI FAT TR ) 1R
4> (Inception score) ™ X — 8 br. F 1 K % X B
M HRRIEAT B4,

(1) GAM

GAM A2 GAN BN 5 B B R ik B B i
M, = {(G, . D)} FIl My = {(G,, D, } R A A [ Y
Az ORHTE 0 28 BB i B o3 Sl % ML A M, AT
W B Be 23 3 FH ek J7 8 40 53] 48 ke 45 B B 2R
J s A AR AR

AR —ASBEHLEFS = 1 M A M, A s Y
B Ay B G GO Gy () o’ My R M, A B
FEAR s 2 i 1 20 72 7% VI 250 B0 B R ) 3 0 B2 B A
B ko Y LSS B S GAN Z Y GAM
BB IC sk a4k 1 s,

£ 1 GANs Z [EH GAM L&

M, M,
M, D1 (Gi1(2)) D1 (&rain) D1 (G2(2)) s Dy (rest)
M, D3 (Gi1(2)) Dy (zest) D3 (G2 (2)) s D2 (Zirain)

T:E GAM ttﬁqﬂ 9%%&?%‘5@ H:/TE $ P test *D rsamplc D)
err(e )%ﬁﬁ%%&% »/E:M‘ﬁi)‘(ﬁﬂ_l: :

_err(Dy (&)
" e (D, ()

_err(D, (G, (2)))
7 sample eVV(DZ (Gl (Z) ))

LADH ro BES B M, F1 M, 9 Z 1L fE
T3+ 6 Je HE T R AT 0. 0 2 A
23 fof 2R A A LR R AR 5 S R 22 S BOR. P
NI — A TR A SR AR AR B ) I 3 — AR
TR ) 40 310 45 o R A= RS R R A Jo e B L O T b
ol a5 AN T A TR e g8 o8 S0 1 O 1) S D e R AR
TE FEBEE AR S T o A TR SE E HASE 1Y R 4 .
A S 3 R0 B T

Feample << 1 and 7 =1

JMI ,
M.,  7rame>1 and re =1 (19)
Tie, HAth

R T G A AT ) B8 L U R A
Lo#F re B 1 AR I, X BT E1T 1) GAM L2 A
NI TR A S s G e — A S S 0 B A L 2o 4
B AEAR IR A 0. 85T <<1. 1, W H
Tt 21

(2) WG 185y

R T ARAT A RE AR ) 4 SR AR R AR AE  FRATTR
WG 53 WA AS 43 B g o AR AR BURE A 1 Z2 R
HR s R Z s 2 RE R R
4.3 X Iy
4.3.1 SLEEEMTE

FESLHG B X 4 AR B 2 L R AT B
WIRGAN FI GP-WIRGAN X i # 5 # A [al , % 2
R T HARAS R G B ) 45 0 i B 1 6 RS 1)
FRIE B KN ANT 25X 2, DL A R AE 1 o 4 5 1 1
S FTS - [R5 il 28 00 3L B0 CRDVRRAE [ 3580 o 128.
A A A 50 35 b B B 2B K — 2 AN B
HB e MR A A R B R/ g 1. BL CIFARIO Oy
BB E S, Hod AR/ & 32X 32X 3, &t
HRZ G FRAE B RN 4Ll 32X 32—>16 X 16—
8 X84 X 4, X I 4 fiF B B A 3> 128—>256 >
512, W% 3] g CoO FMA G Z D b =2 &M
B fCONMAE ZRRERZ. £ 2 BRT WA
TR v A o 0 ) S35 A A T) R 2 v R I 1Y i
B TR FATT R bR o 1 2500 4 Ak ik X A A A
R EIERETRRIR GE

(17)

(18)

winner =



198 it ® ¥ M 2020 4
xR2 TEAHEENMPEBERZEN

B 2 AN SCo v i) 38 3B A g Co) v ) 3 3 4 D () 38 38 4

MNIST 28X 28 128—>256 256—128 128256
CIFARI10 32X32 128—>256—>512 512—>256—>128 128—>256—>512

LSUN 64 X 64 128—>256—>512—>1024 1024—>512—>256—>128 128—>256—>512—>1024
CelebA 64 X 64 128—>256—>512—>1024 1024—>512—>256—>128 128—>256—>512—>1024
4.3.2 simWIRGAN vs. simGP-WIRGAN Swiss roll 5 = Hrla s dh SR AR5 2 s S R B oL

AR SRR T R AR B A ) WIRGAN
FIE F R B AE ST GP-WIRGAN 2 > £ 408 1 15 1.

AT E T i 2 WIRGAN Hil GP-WIRGAN
R, 43 313577 K simWIRGAN I simGP-WIRGAN,,
W 25 R A TR) 5 H B bR BIOAS [H). 26 B v A 8 25 4 X
RGBTy g COFN fCo L fCOM BN EERIZH
B AR A 512 M4 IR A Relu
WG R iR — JA AN ST pR A I PR R B
o T={1,3). FIBI &M L5 5 E Bl £
Al Relu 38405 o6 00 438 B2 2 4L B g — 2 R
i FH 930 oK

oA S I Hp T A AR S SR R I R I 2k HLAS (8
FHVA— )2 128 A SR AR B0H6 5 1F o — A4t A

AN TR

25 R AT

Bl R 3 A A T 3 & M Swiss roll S 4E
FBEDLRFE 128 AEHE A O N 8 /g 0 I 75 A
RPN RAE 128 4N BHlE s B S5 A2 N 25 A S g
PR B HLRAE 128 B8 . FRATTHE T W A AN [
(A AR A . F simWIRGAN Hl simGP-WIRGAN
AT T AL 5L 5

(1) % n il AL MR 75 1) 2L 552 A

PRSI BRI T R AL R Y B S BOE A  A
REA. T T17E simWIRGAN #l simGP-WIRGAN
HHEAT U2 AR A ] 1) A AT B A 45 R an &1 4 i
N R A SR S L M 2 R B AL A2 ) B Y
s o A BB B0, WA R 23 0 simWIRGAN Al
simGP-WIRGAN [ i)ll 245 5.

125 Swiss rol FFf f

S = NN W

—_

3 -2 -1 0o 1 2 3
4 AR R AR o] SR G —HED simWIRGAN I ZRE5 2R .5 —HE0 simGP-WIRGAN Il 2545 5R)

(2) simWIRGAN FlI simGP-WIRGAN 1 7} ji,
i 2 Y K

Bl 5 s 1 T=1 i 2 = FlAS [ i A #9112
0L 6 JB/R T 18 T=3 %] = AR A i 1 25
18 D0 » P 8 8 O FUSE R0 TR 6 O 2 O A
LI i £ S HHE o A s BT 20 510 simWIRGAN 5

simGP-WIRGAN Ayl g2k

XF HE A 525 a] LA . GP-WIRGAN #4114
XFF WIRGAN BRI~ o] B gy i L 2 17 — 2630
B HE—E R LR T WIRGAN 9 41 b PRl X 7]
L W TR R AR 7 A 67T GP-WIRGAN 2K Ht
T A A A B4 B AL
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SR A

25N TR AE

125/ Swiss roll SFE 15

N

2 3
3
\/—\,_1 2
1
0
-1 . - . -1 —1
-
—92 —2 —2
\k
-3 -2 -1 0 1 2 3 -3 -2 -1 1 2 3 -3 -2 -1 0 1 3
B 5 T=1H} sinWIRGAN 1 simGP-WIRGAN 2% > 25 GE—4HE A simWIRGAN YIIZR45 58,28 —HER simGP-WIRGAN 112545 )
AN B A 25 R KRR A 125/ Swiss rol SZFf
3 3
2 2 f»“n.
Y
1 1 st £y
: IS
"‘ -’ . +;¢€
-1 -1 . i
—2 —2
-3 -3 -2 -1 0 1 3
3

AN
L ™

®/ ¢« # # @

K 6 T=3H} sinWIRGAN FI simGP-WIRGAN [2£ 2] 25 5 G —HE K simWIRGAN YIIZRZ5 5 55 —HEH simGP-WIRGAN I 24555

4.3.3 MIIINK GAM [ L
P2 WIRGAN #6704 £ i e i 22 A4 22 T 245
ey L A 22 0 5% 1) 45 AR A ) BT DL 22 R BOAN [

WIRGAN ) GAM B H#gh

% 3 WIRGAN f GAM Bl RE R

WIRGAN

GAM

Dataset T rest 7 sample

AR R A RS A TN TEL A T R TR ) T=1 T=3 0.95 1.003
(B B8 AR TR A= il A% A o, AE AR RS PN R 1T GAM MNIST ii; ii’ 2:; 122;
H %, T—1 T—3 1. 00 1. 009
VA S i B T=1{1.3.5) . BiHL5E A CIFARI0 T=1 T=5 1.00 1. 001
T=3 T=5 1.00 1.875

1000 sk 4E B R 1E o BSEREAS , AR UFE AR L A p— T3 03 331
Ho AR 1 A il AR B 1000 5K BT B L8R 5 R AT A LSUN T=1 T=5 1. 00 2.151
. N . : S T=3 T=5 1.03 17.81
T GAM A A5 GAM X L e, Ji— A1 R 1 e — T T
M, ={(G,, D)}, Jg—MHEBEEM, ={(G,,D,) }. CelebA T=1 T=5 0. 99 3. 214
T=3 T=5 0.99 14. 22

% 3 5 WIRGAN () GAM [ 45,32 4 GP-




200 it 22 Bl 2 i 2020 4F
% 4 GP-WIRGAN #j GAM [ bt 5 4 B WIRGAN A1 GP-WIRGAN Z [a] ) A [ if 18] 25 4
Dataset ~ GP-WIRGAN GAM P Faample B GAM H g 3% 6 5 GRAN Fl WIRGAN 22
=1 =3 1.00 1245 (B PR AS [R] BSF ) 20 B8R 1) GAM WA S5 R & 7 8
MNIST T=1 T=5 1.00 1. 653 . B . ) o
T—3 T—5  1.00 1. 008 GRAN Hl GP-WIRGAN Z [a] ff) A ] B} 5] 25 B8 R 1
T=1 T=3  L00 1018 GAM LAEE5 2.
CIFARI10 T=1 T=5 1. 00 1. 754
=3 T=5 1. 00 6. 437 % 6 GRAN 71 WIRGAN Z @ B GAM LL B & R
=1 =3 100 5. 822 Dataset GRAN  WIRGAN iy —
LSUN T=1 T=5 1. 00 5. 100
T—3 T—5 100 1 821 T=1 T=1 0. 94 1. 684
Tﬁ‘ — . . MNIST T=3 T=3 0. 89 1.367
-1 =3 1.00 2770 T=5 T=5 0.92 6. 585
CelebA T=1 T=5 1. 00 3.362
s . oo or T=1 T=1 0.88 6. 821
- - — CIFARI10 T=3 T=3 0.91 1.525
T=5 T=5 0.91 5. 759
M 3 Ffk 4 Hpal LU #], WIRGAN F1 GP- T—1 T—1 0. 89 1.398
WIRGAN 24 0 115 10 R kB 25 0 i 25 ¢ 1 75 LSUN T=3  T=3 095 1213
T . (P45 T B AOE L24 T—=1 1, WIRGANI % -
#F WGAN, GP-WIRGANI1 % #y T WGAN-GP, CelebA T=3 T=3 0.99 10. 21
T=5 T=5 0. 99 13.02

M2 T>>1 B A s 0 — 1 20 25 44 3 1 156 B
T ARG RS AT 2 A A R T 32 5 AR R
G ) B &, 5 4h . 78 WIRGAN f9 [ e sz i
MEEERIE AT LA 2L UL T=1 B ) WIRGAN (45
M F WGAN) & 3k, 848 T=3 fil T=5 B
WIRGAN #BJ& winner, {H & T=5 B fxF T=1
A WIRGAN(WGAN) i 48 R H b T=3 i A
ST T=1 i} 1) WIRGAN(WGAN) (1) 5 12 2 (1) {I%
T AR 4518 . T=3 B WIRGAN [ % &

) P ==
PE fig B o -

4.3.4  BERIME] Y L3

BRI [a] () Fe A A0 S b3 . — R IR I 45 R 1Y
He B 6 BT B B (GRAN, WIRGAN, GP-WIRGAN)
Z PP GAM L 5y — 4102 Al A vt 4 1
25 1 2E BB Y LR

CL) FAIG B0 4544 19 A= 1800 Bt I 45 1 L 3¢

F117F GRAN, WIRGAN,GP-WIRGAN 2 [
HEAT PG LR, RO IR AT B R G A 45 4. 2 5

% 5 WIRGAN 1 GP-WIRGAN Z [E#) GAM Lb & & R

Dataset WIRGAN  GP_WIRGAN T test 7 sample
T=1 T=1 0.95 1. 001

MNIST T=3 T=3 0. 95 1. 006
T=5 T=5 1. 00 2. 287

T=1 T=1 1. 00 1. 638

CIFARI1O0 T=3 T=3 1. 00 3. 681
T=5 T=5 1. 00 2.568

T=1 T=1 0.93 5.020

LSUN T=3 T=3 0.98 1.498
T=5 T=5 0.98 5. 267

T=1 T=1 0. 96 7.152

CelebA T=3 T=3 0.99 4.212
T=5 T=5 0.99 3. 354

% 7 GRAN #1 GP-WIRGAN 2 [ 1) GAM Lt 4 R

Dataset GRAN  GP-WIRGAN 7w T sample
T=1 T=1 0.92 3.751

MNIST T=3 T=3 0. 89 2. 683
T=5 T=5 0.92 5.517

T=1 T=1 0.95 11. 36

CIFARI10 T=3 T=3 0.93 1.751
T=5 T=5 0. 90 10. 62

T=1 T=1 0. 87 1. 539

LSUN T=3 T=3 0. 89 4. 341

T=5 T=5 0.91 3. 989

T=1 T=1 0.91 11. 65

CelebA T=3 T=3 0.88 16.72
T=5 T=5 0. 96 14. 11

M 5~ 7 A LR B, = AR R R S
1 5 HE 4% I 8 GP-WIRGAN > WIRGAN >
GRAN.

(2) FE A= 100 7 0 28 B R 119 B A

AN S 3 7E MNIST $odi 4 17, &A1
TSN Zr— A 43 FAE R, Lo o R 3k 5] 99. 306, 8K
& Fi DAVE. DRAW ., WIRGAN fiI GP-WIRGAN
A2 1000 5K G 85 B AT 20l A B0 355 U1 R B 1
Gy FAY A5 3 43 AN TR R B 1R R BRI 3R I A A
A B B BT R g . A3 S R AN 8 TR, ZHg 43

x8 MIFEMMNIMEEHHHLER

model Error/ %
DAVER4] 10. 93
DRAWLS] 5.21
WIRGAN 1.63
GP-WIRGAN 0.99
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KRR G (Y5200 AL [7] — 43 AR fE T, WIRGAN
i GP-WIRGAN (1) 4% i 2 2 Lk DAVE fil DRAW
FIRIR £, 3 H GP-WIRGAN [ 4 15 % 2 f A% 1.
4.3.5 WIS HE

WIS 3 PEA 0 2 AR B ER I 2. 3R 9 &
AN B ] 25 B R WIRGAN il GP-WIRGAN [ %1]
LRAS . N rhml LB B, 9 A~ B RL 1) 00 46 15 4 2 02
il 7 s () 25 B A 1 R 4 R L R AR BELR R 2 R

%9 FEMESET WIRGAN

PR (R 0K 15 B A P 25 4 A R 1 R AR AR 1 2R
PEAHJE T="5 BRI 53 F T=3 B0 46 15 53
FHZEAN K. (B A9 7 A J2 A0 L At = A B8 46
CIFARIO #1615 4 R AR £ . X J& 1 2y CIFARI10
B A P A B A At B 4 T 2 200, i B2 )
() £y 25 8 B, Uy DA B 25 5 4% R [R] I RE AR (] B 1)
LA #], GP-WIRGAN ) & — Tl 4] 4 153 43 #5 2 Lk
WIRGAN 45— T 5.

#1 GP-WIRGAN B #1418 4>

WIRGAN GP-WIRGAN
Dataset
T=1 T=3 T=5 T=1 T=3 T=5
MNIST 1.0524+0. 002 1. 055+0. 003 1.053+0. 003 1.053+0. 003 1. 055£0. 002 1. 055+0. 003
CIFARI10 7.734+0.03 7.7740.09 7.774+0.06 7.76+0.03 7.83+0.06 7.84+0.02
LSUN 3.00+0.12 3.10+0. 07 3.114+0. 10 3.054+0. 10 3.154+0. 15 3.17+0.09
CelebA 1.9240. 20 2.00+£0. 20 2.00+0. 10 2.10+0. 10 2.1240.09 2.15+0. 10

eSS FRATIE X L T 55 — 26 0 Wi B GAN gAY
i ALI® ,EGAN-Ent-VI'* ,DFMP #£ CIFAR %
P ERIIRAS o) LR A5 RANE 7 B RE 3 Tt
B A U 1 ) R A5 53 T A AR SR S R R 1Y
WA 15 4 & By WGAN-GP ResNet il Progressive
Growing of GAN 4. #t— 7341 . WIRGAN #iI GP-

WIRGAN HE AR FH 3 T 16 25 45 1 1) A= e 2, (H &
BN 28 by rp e ) 4% 2 25 B R BRL T WGAN-GP
ResNet /2] ResNet f4# %, Progressive Growing
of GAN H R J& R FI & 2 1 K 1 05 20 (2 L 2%

H 2 AB) ResNet. i LUE AT 05 B4 9 B A 508 %0 A2
JEHREAS 1) 22 B B

ALTY

BEGAN™

DCGAN™

Improved GAN™
EGAN-Ent-V1™

DFM™”

WGAN-GP ResNet'”!
Progressive growing of GAN™
WIRGAN

GP-WIRGAN

0

B 7

1 2 3

4.3.6  BfEIRCR
Bk WIGRAN Fil GP-WIGRAN [ 4= 5% 28 %6
S 22 5 R A TR B A s ) 4% A R R R R H

® 10 SER—k#E

4

AU Al GAN KR 8 15 73 0F L 25 2R

TE M 28 W 2% 19 B 3T A7 e X)L B DL AR T 5 g
A2 S AT T A BB g kA — T
it Y THEEmEE] L DL sy B, A3k 10 B 7EAH [R]

BET & BRI R E

Model T MNIST CIFARI10 LSUN CelebA
GRAN 1 0.0301+0.0001 0.1130£0. 0002 0.2612£0. 0002 0.3781£0. 0002
GRAN 3 0.0302+0. 0001 0.2015%+0. 0002 0. 3455+0. 0002 0. 5355+0. 0002
GRAN 5 0.0303+0.0001 0.3100£0. 0002 0.4384+0.0002 0.7119+0. 0002
WIRGAN 1 0.007420. 0001 0.0700=£0. 0002 0.2498=£0. 0002 0. 3348£0. 0002
WIRGAN 3 0.0112+0. 0001 0. 0846=£0. 0002 0. 3420=£0. 0002 0.5166=£0. 0002
WIRGAN 5 0.0116+0.0001 0.14244+0. 0002 0.4108=0. 0002 0.6516£0. 0002
GP-WIRGAN 1 0.0073+0.0001 0.0626=+0. 0002 0.2422=+0. 0002 0.2676£0.0002
GP-WIRGAN 3 0.0107=+0. 0001 0.0817=£0. 0002 0.2894=+0. 0002 0.4168=+0. 0002
GP-WIRGAN 5 0.0115+0. 0001 0.1262+0. 0002 0.3521£0. 0002 0.5535£0. 0002
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6] 25 R s = A4 B A g 2k AR R 3 58 I ) 06 &R
T(GRAN)>T(WIRGAN)>T(GP-WIRGAN) , H
H GP-WIRGAN 15 i e . 53 4k W36 10 ]
PUE o ) — S 70 30k AR — W1 i 75 19 58 e ) 2
Wi 5 Fsf [11) A B A 1T 36 494 114 {H )& GP-WIRGAN £
HE 415 19 A B 1] A8 9 22 180 4 3 53 ) i) 22 0k 3 g o 0 2
. GRAN Hil WIRGAN /).

2020 4

4.4 FHRULER
4.4.1 WIRGAN Hl GP-WIRGAN 4 4= i 2%

Kl 8.1 9 43k T=3 i} WIRGAN F1 T=5 K}
WIRGAN *E CelebA FI LSUN-church | 4R B3 #2 ,
Kl 10,8 11 435k T=3 Bf WIRGAN Fl T=5 i} GP-
WIRGAN 7 CelebA F1 LSUN | {4 i #2. MK
A LLE B AR 2R BR T 7R B— i %) GP-WIRGAN

K 8 T=3 /i WIRGAN #£ CelebA(Z5) F1 LSUN-church(#7) 1) 4= 51 72

K 9 T=5 @} WIRGAN £ CelebA(Z£) 1 LSUN-church(#7) b #9 4= st 72

K 10 T=3 B} GP-WIRGAN 7 CelebA(Z) #1 LSUN-churchC£) F 1A it 72
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B 11 T=5 i GP-WIRGAN 7£ CelebA () Fil LSUN-church(£7) I 14 i 4t 2

0 £E TR 25 TR 1 1 WIRGAN 4 £E i 25 50 3 M o 3 4
W RAERY. SR E . GP-WIRGAN 4= i,
f AR L AR R MR SR HUSE A i R
40402 AS[AASE AL AR AR ) 800 4 1 i 2B s R

P12 R T = RO [ B R A A 2 S
LRI R T=23 i} ) GRAN, WIRGAN, GP-
WIRGAN. GRAN A= B (% 805 A 58 2 Jf H L 8B

\_:.,r
BR
<3

S

N

w0
w

H
!

i
¥
g
&

W
R~ Qo
MO &~ @ g~

W~ W

- =N

4403 A R 1 R RN Ok pR B 2 TE) 1 96 &
GP-WIRGAN 5| #% iy o8 5 s e 7 A 5l B 1%

D
7Y
o
-9

WOy ~o
SN I EQO oy N

CrQaPNL R~

1, WIRGAN F1 GP-WIRGAN A 5 1) %05 0 fin 84
F A R 19 Z FE PR

M 13 H AT LA s GRAN AR B B A il =
ZREE  BR OR 58 3, Bl = 0] g B s WIRGAN (1
FEA ZREMER T GRAN [ 5 &5, 0 2 B A 1 e B¢
PEYR N 55 s GP-WIRGAN 14 £ B 45 5 L1 AT 5 A B
TR 8RB IRR T B e HL R AR

WOy Gig B oy
“WhR—Cel-~@
WD e~y — &, Yy
WS Ny oy
Vo~~~ DLO
~ MW —"%
Sy oNtTUNn R
AN ENENWRSURFE + RN |

Bl 13 T=3 i GRAN(ZA) \WIRGAN(H) . GP-WIRGANCE) A= il i CIFAR FEA

i, 14 S T=3 if GP-WIRGAN Z: ikt A
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image and fine-tunes the deep neural network using multi-
label image. At the same time, we can reduce the candidate
boxes combining with abjectness detection technology.
Aiming at the isomorphism problem of heterogeneous feature
spaces of image and text, we propose heterogeneous space
mapping and normalization algorithm to construct unified
feature vector model based on deep canonical correlation
analysis, and we use the normalized feature to tune deep
neural network training process and optimize image and text
feature extraction model. In order to improve the user’s
experience of image and text unified retrieval, a novel image
and text semantic automatic summary algorithm is proposed.
We consider retrieval time, image and text semantic relevance,
user satisfaction and other factors, and a subjective and
objective combined sorting and recommendation algorithm is
proposed. Finally, we can narrow the semantic gap and achieve

efficient and accurate semantics image and text unified retrieval.





