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State Generalization Method with Support Vector Machines

in Reinforcement Learning

Ryo Goto Hiroshi Matsuo

Nagoya Institute of Technology, Gokiso-cho, Showa-ku, Nagoya, 466-8555, Japan

abstract

The conventional reinforcement learning assumes discrete state space. Therefore, it is necessary
to make states discrete in order to handle continuous state environments. However, if a simple
discretization is applied, the number of states increases exponentially with the dimension of the
state space, and the learning time increases. In this paper, we propose a state generalization that
is able to quickly adapt to environments by using Support Vector Machines. We conducted an
experiment on the simulation task that navigates a robot to a goal. As a result of the experiment,

the proposed method adapted to environment by a few trials.

keywords

reinforcement learning, Support Vector Machine, state generalization



