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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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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
1 function MIX WEIGHTS(old_model, new model,
a=0.1)
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
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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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VI. Conclusions
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