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ANALYZIS

The first series of experiments was set in the environment
with 5 fixed seeds.
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e HNS-SOM with additional head achieved reward 18

HNS agents experienced downfalls in the reward during the
learning process. It can possibly be explained that the
seed-initialization offered possible shortcuts to a local
minimum, with not enough variety for agents to get out of it.
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Then with the advantage function policy loss function
PROBLEM SETUP and value loss function are calculated Base A3C(left), Hide and seek(right)
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The second series of experiments was set in the environment
with maps randomly generated for every episode.
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