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Simulated Annealing Programming using Effective Subtrees
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Simulated Annealing Programming(SAP), an automatic programming method, is an exten-
sion method of Simulated Annealing (SA) that allows SA to handle tree structures. In this
method, in order to make a new solution, a node is chosen randomly and a randomly gener-
ated subtree is inserted at the node. In this paper, we propose the method that a new tree
is constructed by an effective subtree as well as a randomly generated subtree. The effective
subtree are found during searching. The proposal method can perform search more efficiently
than standard SAP in Santa Fe trail problem and Symbolic Regression problem.
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