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[Abstract]

Among the generative models in Artificial Intelligence (Al), especially Generative Adversarial

Network (GAN) has been successful in various applications such as image processing, density
estimation, and style transfer. While the GAN models including Conditional GAN (CGAN), CycleGAN,
BigGAN, have been extended and improved, researchers face challenges in real-world applications in
specific domains such as disaster simulation, healthcare, and urban planning due to data scarcity and
unstable learning causing Image distortion. This paper proposes a new progressive learning methodology
called Progressive Step Training (PST) based on the Auxiliary Classifier GAN (ACGAN) that
discriminates class labels, leveraging the progressive leaming approach of the Progressive Growing of
GAN (PGGAN). The PST model achieves 70.82% faster stabilization, 51.3% lower standard deviation,
stable convergence of loss values in the later high resolution stages, and a 94.6% faster loss reduction

compared to conventional methods.
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I. Introduction
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II. Related works

2.1 Image distortion
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2.2 Data imbalance
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III. Preliminaries
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Fig. 1. ACGAN Architecture[23]

3.1 ACGAN(Auxiliary Classifier GAN)
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IV. The Proposed Scheme

4.1 Progressive Step Training
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4.2 Weight Transfer Mechanism
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Table 1. Weight Transfer Mechanism
Step Operation
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2 old weights < old model.state
dict()
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3 .
dict()
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5 for each name in old weights do
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V. Evaluation
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5.3 Average Generator and Discriminator Loss
ARt TEAR] B GAN ok oA 5.
A, gdo] Juh} guHoR shseln
g3ttH23]. Figs. 6, 7, 82 PGGAN, ACGAN, PST9]
17} 100089] shgol et B+t S AlZfeleit)
Fig. 694 PGGANE A1 S1d= 57} WAlg 218t
o] £7]0] QPYRIQl 8h4-G Woluf, £AIZke] EE WA}
10.4199] o]=2xq], o]*= Fig. 8o &= PST(0.445)
o} wlisto] §A5] 0} ol PGGANO| wajwa A
EY e ok 2Mdde UEdH B8 PGGANJ
TR} 24 BE WA= 6.9600.2, PSTeF vlud of A
oEo2 gof, sky TN o e WEHS Bolrt
o] ¥5/d2 A Sh52 ofHAl stH 2 o]ufx| 9]
Y= A TAIE oPIRIH29].

2.0 2 Fig. 791 ACGANY} PST 2% Fig. 85 H|u
gty Aokl PST 2He x7] sks GAAMEH
ACGAN} v|wsto] Adxte} airto] B Wap} 247t
0.9160]|4 0.4452 Zo]Er}h ACGANS %7|o ¢ &%
gt glojo] /deg Qlsfi of 5.30l2te =2 S

d

PeAlS

Z e

N

2

rulm o

Ol}, PST 2o 7|2 vpA d =2xlst nd 3
So2 W2 ARG WojRnt o] oF 51.3%2] A4S
2 HEY, sta9 whE IS Hoj&Eot 53], PST 2

Qo] WAAH= 5AAY S50l ACGAN©| 1000%IAY &
ol =g £4 270] ofo] £Hslo], ACGANHT} of
94.6% 4 til2 &= SA % OE‘E} 0] A= PST &

ooyt 7129 PGGAN %
ACGAN 252 u]ws19 2 1, sk sgolie] 284
@4, olux|o] B33 9

MG R cu=
Chls

E3F Table 2= 1000819 shgofl 2 AIRE ]t QF
A loss oll =5k AR W8S BojE Alst
L PST zale MXIA &k LR 2 PGGAN Hr} AJ7E H]
& Z0ioA o @gAolck J2)1 AJAfe} ThEALe] &
AL Afol7E 0.52H QAR shgoll =F il EUte

7] th2o] £ E=RolHE 0.52H 7|F) Edett ARMS
SA%CE J1E ACGANS 1000%19] S0l 43k A
o|7} 0.50] =E3tA| oty o0 PGGANS 218 34%7}t
AL SHAIE A BHel PSTE: AgE 243k

T =2 HA
Afo9] 3= 0.5 ofskz MFARl eh52 BoFErh

gol —*— Average Generator Loss
—— Average Discriminator Loss
60
40
0
S
-
o 20
o
o
[
E:
-20
-40
-60 {
0 100 200 300 400 500 600 700 800 900 1000
Epoch
Fig. 6. PGGAN Average Loss
10
—e— Average Generator Loss
—— Average Discriminator Loss
8
26
5]
[
o
4
g 4
2
0

0 100 200 300 400 500 600 700 800
Epoch

900 1000

Fig. 7. ACGAN Average Loss

10 —— Average Generator Loss

—— Average Discriminator Loss

Average Loss

0 100 200 300 400 500 600 700 800
Epoch

900 1000

Fig. 8. PST Average Loss

Table 2. Time cost versus stable loss value arrival time

Model 1000 Epoch Stable loss rates

ACGAN 2h, 2m -

PGGAN 11h, Tm 21m, 34s
PST 2h, 0 m Approximately Os

5.4 Generator and Discriminator Performance
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Table 3. Average performance of traditional GAN
and PST

GAN PST
D_performance 0.7468 0.6896
G_performance 0.2385 0.2936

5.5 Comparison of GAN-generated images
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Fig. 11. Generated images on CIFAR10[22] dataset.

VI. Conclusions
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