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Genetic Programming (GP) which mimics the natural evolution to optimize functions and programs, has been
applied to many problems. Recently, probabilistic evolutionary algorithms have been proposed by many researchers
to overcome the defect of the random operations. Although probabilistic context free grammar is often used for the
probabilistic program evolution, it assumes the independence among the production rules. We have proposed a new
program evolution algorithm based on probabilistic context free grammar using latent annotation. Computational
experiments on two subjects (royal tree problem and DMAX problem) demonstrate that our new approach is highly

effective compared to prior approaches.
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Algorithm 1 PAGE

1. Generate initial individuals.

g0
Do «+ generate_individual (©)

2. Select promising individuals (M x Ps).
D3¢l — select_individual(Dy)

3. Estimate parameters (© = (r, 3)) using EM algorithm.
Oy — estimate,pa'r’ameter(’Dgel)

4. Generate individuals with parameters.

ge—g+l1
Dy «— generate_individual(Og)

Steps from 2 to 5 are repeated until termination criteria are met.
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