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Paralled Stepwise Training GAN for Efficient Stability Training

Jinmo Byeon*l, Bamchan Park*’, and Dana Yang*3

o] RS 20M3HE FFHAUSL st AA A AAg ot FYH A7

(o]
£ 5

A 2 d7h GAN(Generative Adversarial Networks) A4 2@ Hoko A TheF 42 53wz

A St ProGANES A4 Akeh HEAE iAo = el usds onA& *@“ ohﬂ SNGAN 23
4% 2HEY A stE A3 g AT Hee ? 1t & =RddAe g =343 oW A
FAS FF A7) S8 ARG wEAL 44 FRH o R FEE Folaa k. Sksol M o
net 2 Fx7h BReiAs A3E sge olfH, F Y AEAE WEAE 729 PS-GAN(Paralled
Stepwise Training-GAN)= AleHtth A3 A#, g B 7|& 2o vls) Adael Wiz 1o dt5S
o w2y gHor GO olF o HAEE FHIATh 53] vlolH FE A X (FID)lA
SNGAN thul o 17.6%, ProGAN th¥l o 57% ¢ ZAste Bglow, oux] g AZ([S)IH=
SNGANKEL} ¢F 52% =& A%< Yehdth

oL
ol
m[o

ok
ox
>

N

Abstract

Generative Adversarial Networks(GANs) have become a key technology in generative modeling, driving
advancements across applications. ProGAN demonstrated the benefits of progressively scaling generators and
discriminators for high-resolution image generation, while SNGAN improved stability and performance with spectral
normalization. However, challenges like training instability, mode collapse, and overfitting persist. This paper
introduces Parallel Stepwise Training-GAN(PS-GAN), which progressively increases resolution for both generator and
discriminator during training. The dual-generator architecture enables stable, efficient training and adapts to rising
complexity. Experimental results show PS-GAN improves FID by 17.6% over SNGAN and 5.7% over ProGAN, with
a 5.2% higher IS than SNGAN, demonstrating its effectiveness.
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Algorithm 1. Weight transfer mechanism

Algorithm 1 Weight Transfer Mechanism
1: Function mix weights(old model, new.model, a = 0.1)
2% old weights < old_model.state dict()

new_weights < new_model.state dict()

mixed weights < {}

for each name in old weights do

mixed weights[name] < (1 - @) - old weights[name]

+ a - new.weights[name]

7. end for

8 newmodel.load statedict(mixed weights)

9: return new_model

10: end Function
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Algorithm 2. Update loss value

Algorithm 2 Update loss value
Data: Discriminator classifications
Result: Updated loss values for Genl and Gen2

if the discriminator classifies Genl as real then
Update the loss value for Gen2 and Disc
else
if the discriminator classifies Gen2 as real then
Update the loss value for Genl and Disc
else
if the discriminator classifies x as real then
Update the average loss value for Genl and Gen2
end if
end if
end if
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Table 3. Comparison of time cost by models
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