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Generative Adversarial Network for Generating Low-rank Images

ZHAO Shu-Yang! LI Jian-Wu?

Abstract Low-rank texture structure is an important geometric structure in image processing. By extracting low-rank
textures, images with various interferences can be rectified effectively. To solve the problem of low rank image correction
with various interferences, this paper proposes to use the generation framework to alleviate poor correction results on the
region without obvious low-rank properties. And a low-rank texture generative adversarial network (LR-GAN) is proposed
using an unsupervised image-to-image network. Firstly, by using transform invariant low-rank textures (TILT) to guide
the discriminator in the LR-GAN, the whole network can not only achieve the effect of unsupervised learning but also
learn a structured low rank representation on both generation network and discrimination network. Secondly, considering
that the low-rank constraint is difficult to optimize (NP-hard problem) in the loss function, we introduce a layer of the
low-rank gradient filters to approach the optimal low-rank solution after many iterations guided by TILT. We evaluate the
LR-GAN network on three public datasets: MNIST, SVHN and FG-NET, and verify the quality of generative low-rank
images by using a classification network. Experimental results demonstrate that the proposed method is effective in both
generative quality and recognition accuracy.
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Fig.2 The structure chart of LR-GAN ((a) The general framework of LR-GAN; (b) The Generator generates the
low-rank texture image from the original image; (c) The Discriminator distinguishes between the generative

image and the TILT image; (d) The layer of the low-rank gradient filter for training.)
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Table 1  The average rank on MNIST and
SVHN datasets
method MNIST SVHN
TILT 31 46
LR-GAN 29 40
LR-GAN + Filter 27 37

4.3 AEKIE

N RS TEAE N AGE I -5 TR AT 55 e 3] 28 K
SRR O Bk S AR A T YR A N A A AL
IROR, Ao A FG-NET Hiiels. 4 4
Hi 82 A~ A 1000 Z R 1k 1 A PR AR Herbiy
NI g B AT B2 AN UM A, SeBEAH R =R, H
ER N SO A R RS U R A 2.
SHER WP 10 Frow, 1410 (a) Jiha AR KR K



836

H zf)

i

% 444

Vi
-2

Oyl
Iy w

K7

Fig.7 The generative process on SVHN dataset

o e
-

K2 SVHN Hoflade ERGEGE R

0.8

0.7

0.6

AMNEE)

0.5

0.4

RN R AR
~

FUB R

03
0 1000 2000 3000 4000 5000
IERIRE
K8 SVHN s e b A a5
FI BRI AAEAE b

Fig.8 The loss of both the generator and the

discriminator on SVHN during the iterations

50

40

B

30

259 1000 2000 3000 4000 5000
BELA/x /4

K9 SVHN Hfladl B pask Al 7 i R ik At
Fig.9 The changes of the rank during the generator
iterations on SVHN

1

—

(a) (b) (c)

Bl 10 FG-NET #fase EayEmud R
Fig.10 The generative process on FG-NET dataset



54 AR PH &5 A BRI 0 268 F) R 1 A 2R O 0 837

10 (b) EACE AR o AR B A P, AL il
ApE R B 10 (o) fe R R BLIE R I K B
52PN A KAV PR 7 é A NE SR T (B R 3 84 2
SERIAY T RHE LB, PRI LR-GAN X ik}
I R IR 25 2R R ). A JSU A M P 18R] DA
12 M ERBHRIE, H HARIE G A EZ A B AR )
TR AR, SR R T AR O R 4 I 2R A
ARUE, LR-GAN e\ R 9 A i B b i
REGFETH 2SR SE B 12 Hdie 5 FL g A M [
RN 64 B3R x 64 B, JFHA 512 R
“JHY batch. LR-GAN FeiZ ik ARBLH T Puk
sl Zeid 200 WEHE, AR D2k S sl
R WK 11 PR, xS0 AR R B,
AWz TILT g5 TG A s BT am 17
BEKAY batch B, I HAFREAH S A — 5K KB
SR eI L RR G KN, AE 100 IR 2 SRR
FREE L UER, M 12 sl DAE H, fERT 100
o N P 1 2 i A, TILT AE iz 5|5
TEN ELRCFHB, BRI BEEA B BRI,
MAEMARRRIEIRZ Z 5, Zid 2y 200 RaER, Ak
IR R TP T2 0~ 3 T

038 !
F B AR A
/
0.7 l
0.6
g
OS5 I e et 2
"
03 ' - -
0 50 100 150 200
AR
Kl 11 FG-NET gk (Ol fe b A a5
F g R R AEAE AL
Fig.11 The loss of both the generator and the
discriminator on FG-NET during the iterations
4.4 G

Y RE R A A RS P DR A S %
R, 0 154 2B AlexNet 4553 I XA Y
MNIST #fmdefn SVHN Hiade b A i 21y & 5
AT 20 JEIH B AT AT AL B 2t 4 (no) Al
1 TILT gEA Rk Hery e B (TILT) [m] kA SC
T B ) T IR AT X B SR . ORI R 2 A
%3 P, MR 2 W AE Y, X7 A A B

) MNIST $#ig4E, L KR & 5 n RG24
fE55 LR RIS B R IE P $E 4, Hop TILT #8747
6.02 %, AR SCHY VAT T 7.96 %. 7E SVHN %
£ E, BRI TP, (2% TILT,
SRR T R ORAS RN T 97.56 %0 IR

70

@ TWWN—"V‘”

K

20 t

10

o 40 80 120 160
ERIEL
K12 FG-NET #ffadke EA st g e o g Rk 28 4k
Fig.12 The changes of the rank during the generator

iterations on FG-NET

F2 7O MNIST B4 2 3IR0R

Table 2  The classification performance on
distorted MNIST
database method mAp
no 0.5701
MNIST TILT 0.6303
ours 0.6497

# 3 A SVHN Eisr 2R RIReR

Table 3  The classification performance on SVHN
database method mAp
no 0.9609
SVHN TILT 0.9701
ours 0.9756
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