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ABSTRACT

This paper proposes a reinforcement genetic programming based on the reinforcement learning
method for the performance improvement of genetic programming. Genetic programming which has
tree structure program has much flexibility of problem expression because it has no limitation in the
size of chromosome compared to the other evolutionary algorithms. But worse results on the point of
convergence associated with mutation and crossover operations are often due to this characteristic.
Therefore the sizes of population and maximum generation are typically larger than those of the other
evolutionary algorithms. This paper proposes a new method that executes crossover and mutation opera-
tions based on reinforcement and inhibition mechanism of reinforcement learning. The validity of the
proposed method is evaluated by appling it to the artificial ant problem.
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