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Genetic Programming is used for problem solution of various fields. It is known that building blocks in individuals
have played the role important for evolution speed. However, the question of how to emerge the building blocks

is still open.

The most common argument in favor of learning is that some aspects of the environment are

unpredictable, so it is positively advantageous to leave some decisions to learning rather than specifying them

genetically.
learning. It is called Baldwin effect.

In biological evolution, it has been shown that there is a close interaction between evolution and

In this paper, in order to improve evolution speed, Genetic Programming with learning process was proposed
and an inheritance strategy for propagating the building blocks to offspring. The result of our experiment clearly
shows that our approach is superior to standard Genetic Programming.
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