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A Real State Representation for Reinforcement Learning
by Dividing and Uniting Local Approximation Modules
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We propose a self-organized on-line approximate method for real state functions. In our method, a real state
function is approximated by a finite set of local linear function modules which are learned from individual input-

output pairs.

The local function modules are newly created by approximation error that exceeds the threshold,

and united into one module by similarity between the neighboring local function modules. In this paper, we have
confirmed approximation capability of the method on two learning tasks. One is the approximation problem on a
nonlinear discontinuous function. Another is applying to real state representation of the action-value function on

a reinforcement learning problem in continuous state space.
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