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A new reinforcement learning platform based on Rogue: Rogue-Gym
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Abstract: In deep reinforcement learning research, many games are used as experiment environ-
ment, such as Arcade Learning Environment. However, environments which involve planning, like
RTS, often need massive computation resources. So we focus on Rogue as a game with delayed re-
wards and partial observation. We propose Rogue-Gym, which is an experiment environment based
on Rogue and also highly configurable. In addition, we demonstrate its usefulness by showing the
results of standard reinforcement learning algorithms in Rogue-Gym.
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