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Algorithm 1: Pseudo codes for AutoGAN searching.

iters =0;
stage =0;
Fpr = False ;

while iters < 90 do

train (generator, discriminator, Fpgr);
train (controller);

ifiters % ugpq9e == 0 then

save the top K architectures;

generator = grow (generator) ;
discriminator = grow (discriminator) ;
controller = new (controller),
stage+ = 1;

end

if Fpr == True then

// dynamic reset

initialize (generator);
initialize (discriminator);

Fpr = Fualse;

end
iters+ = 1;

end
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Improved GAN[50] 6.86 & .06 -
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ProbGAN 7.75 24.60
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SN-GAN 8.22 £ .05 21.7+ .01
MGANJ[19] 8.33 +£.10 26.7
Dist-GAN - 17.61 = .30
Progressive GAN 8.80 &= .05 -
Improving MMD GAN 8.29 16.21
AutoGAN-topl (Ours) 8.55 £ .10 12.42
AutoGAN-top2 8.42 + .07 13.67
AutoGAN-top3 8.41 + .11 13.87
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