The 27th Annual Conference of the Japanese Society for Artificial Intelligence, 2013

1E4-2in

PSO AT & 558 5h =% 5 8 L I s B D HEE

Search for Reward Function that Makes Faster Convergence to the Optimum Policy by PSO
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Though reinforcement learning has been popular for its applicability to control systems using minimum knowledge
about their dynamics, it is impractical in real world applications because of the long time it takes them to learn.
In the context of reinforcement learning context, the minimum knowledge means the sparse rewards during the
learning process. If extra origins of reward would be introduced within the process of learning, the optimal policy
could be found in In the effective way. In this study, we proposed a method to find the additional origin of rewards
via inverse reinforcement learning algorithm that combines the Particle Swarm Optimization. Here, PSO is applied
to search the most appropriate reward function to reach the optimal policy within the less learning process. The
effectiveness of the proposed method is shown by some empirical experiments of maze problems.
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Compute constraints of inverse Reinforcement Learning
Repeat (for each iterations)
Update the reward function by PSO
If satisfying the all constraints
Compute total number of steps using Q learning
Set the total number of steps in the evaluation value
If breaking the constraints
Set the penalty of number of breaking the constraints
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4: Comparison of convergence curves (5x5-GridWorld)
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5: Comparison of convergence curves (Two-Rooms)
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(a) By Abbeel’s : Evaluate R by each step (left), every 2 steps
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