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Reinforcement Learning in Rogue-like Games
with Temporary Curiosity

Kokt Kagavyal YosHIMASA TSURUOKA?Z

Abstract: One of the environments in which game Al can be evaluated is a dungeon-exploration type en-
vironment called a rogue-like. The rogue-like environment is challenging since the initial states are random,
the rewards are sparse, and only partial observation is possible. Previous studies have verified that methods
using intrinsic rewards based on curiosity can produce high results, but at the same time, problems specific
to the environment, such as excessive avoidance of already explored states, have been pointed out. We con-
ducted evaluation experiments in a roguelike environment using three types of reward designs and confirmed

that the proposed intrinsic reward design promotes learning more than the other two.
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