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In genetic programming (GP), one of the most crucial issues is how to acquire good building blocks efficiently.
Recently, Kumagai et al. proposed a GP method (called GPTM, GP with Tree Mining, in this paper) which

encapsulates the subtrees repeatedly appearing in the individuals with higher fitness.

To find such subtrees,

GPTM utilizes FREQT, a data mining method that efficiently enumerates frequent subtrees. Since GPTM has
been applied to only one particular problem so far, in this paper, we further apply GPTM to a couple of well-
known benchmark problems. The results show that GPTM is superior to GP and EDP (Estimation-of-Distribution
Programming), and is competitive with POLE (Program Optimization with Linkage Estimation), one of the state-

of-the-art probabilistic model building GP methods.
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