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Application of Boosting using sampling with weight to ILP
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In the field of machine learning, the computational complexity when a large-scale problem is taken up becomes a
problem. The application of Boosting is raised as a solution of this problem. In this paper, we proposed method of
applying Boosting to ILP. The forcus is applied to the sample size of the learning. We used sampling with weight

to reduce the examples size.
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sample size(%) | accuracy(%) | runtime(s)
10 70 7.3
30 77 60.1
50 79 150
70 81 230
100 82 480
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