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*1 https://pytorch.org/
*2 https://github.com/Kautenja/gym-super-mario-bros
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(a) 7000episode (b) 13000episode

Stage Adam SWA Stage Adam SWA

1-1 1144 627 1-1 630 610
1-2 128 134 1-2 137 137
1-3 115 234 1-3 248 374
1-4 169 169 1-4 169 169
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