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Function Approximation for Reinforcement Learning
using Fuzzy Clustering

Young Ah Lee'- Kyoung Sook Jung'- TaeChoong Chung!!

ABSTRACT

Many real world control problems have continuous states and actions. When the state space is continuous, the reinforcement learning
problems involve very large state space and suffer from memory and time for learning all individual state-action values. These problems need
function approximators that reason action about new state from previously experienced states. We introduce Fuzzy Q-Map that is a function
approximators for 1 - step Q-learning and is based on fuzzy clustering. Fuzzy Q-Map groups similar states and chooses an action and refers
Q value according to membership degree. The centroid and Q value of winner cluster is updated using membership degree and TD(Temporal
Difference) error. We applied Fuzzy Q-Map to the mountain car problem and acquired accelerated learning speed.
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