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A Continuous Action Space Representation by Particle Filter for Reinforcement Learning
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Reinforcement Learning is a kind of machine learning. We know the past learning algorithms handled many
applications, and most of them have states and actions in discrete spaces. But, more applications in real world
have gotten a lot of attention recently. In such application, learning algorithms often have to handle continuous
state and action spaces. In a simple way, we can handle continuous spaces by discretization. However, the simple
discretization causes some problems which make learning over a finite period of time become hard or impossible.
We propose a method which handles continuous action spaces efficiently. The method presents stochastic policy
with particle filter. We demonstrate it through a task of swinging up a pendulum.
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