The 28th Annual Conference of the Japanese Society for Artificial Intelligence, 201/

1D3-4

POMDPOOOOOOOOOODOOD GAODOO
oooooooon

Dynamic Subgoal Generation Using GA for Reinforcement Learning under POMDP

oo oo+

Takumi Nomura

OO0 oo+

Shohei Kato

0000000 00000000 O0Ooo0oo

Dept. of Computer Science and Engineering, Graduate School of Engineering, Nagoya Institute of Technology

In this paper, we will propose a method generating sub-goal for reinforcement learning for POMDP. POMDP is
an environment where an agent gets confused by several states even when same information is observed from the
environment. To resolve this problem we will propose a genetic algorithm that dynamically generates sub-goal for
reinforcement learning. the number of sub-goals are not tuned for our method, and each of the agents has different
solutions since they behave independently. We confirmed the effectiveness of our method by some experiments with

partially observable mazes with HQ-Learning.
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