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ABSTRACT

Evolutionary algorithms are probabilistic optimization algorithms based on the model of
natural evolution. Recently the efforts to improve the performance of evolutionary algorithms
have been made extensively. In this paper, we introduce the research for improving the
convergence rate and search faculty of evolution algorithms by using reinforcement learning.
After providing an introduction to evolution algorithms and reinforcement learning, we
present adaptive genetic algorithms, reinforcement genetic programming, and reinforcement
evolution strategies which are combined with reinforcement learning. Adaptive genetic
algorithms generate mutation probabilities of each locus by interacting with the environment
according to reinforcement learning. Reinforcement genetic programming executes crossover
and mutation operations based on reinforcement and inhibition mechanism of reinforcement
learning. Reinforcement evolution strategies use the variances of fitness occurred by mutation
to make the reinforcement signals which estimate and control the step length.
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