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A. GAN (Generative Adversarial Networks)

A A AAE(GAN) 2 AE71(G) 9 w71 (D)
g 2 Y UEAATT M2 Agdor gs5ste]

=4E 2T o, st WESAE g
Folghd, e vEYI: 1Y dHE 44 gz
FEE ddelE @t AYV(G = dE7D) 7t

HHskA] Fske HolEE A ES DGR)#>
=1, AA G52 dolA =% duolEdt. [5]

B. Decision Tree & Random Forest
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