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Undiscounted Prioritized Sweeping .

An efficient reinforcement learning method added priority for optimal policy

Tomohiro YAMAGUCHI and Shinjiro TENSYO

This paper presents a new reinforcement learning method that of an average reward method based

Prioritized Sweeping. Most reinforcement learning methods optimize the discounted total reward received in

each rule by an agent, called the discounted optimization method. Prioritized sweeping that calculates utility

to priority is one of efficient discounted methods. However, it is hard to decide optimal discount factor, and

calculation cost increases when the number of rules of an environment increases. To solve them, LC-learning

has been presented as one of the undiscounted optimal method. This method’s utility is calculated as the sum

of rewards per distance from the reward, so it is also called average reward method. To improve LC-learning,

we present Undiscounted Prioritized Sweeping. We investigate efficiency of our method by experiment in

MDP model environment.
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