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Abstract: Secure computation is a technique for computing while keeping data encrypted. Therefore, it is
attracting attention as a method to analyze data securely while protecting privacy, and research to realize
various machine learning methods on secret computation is actively being conducted. One of the most fa-
mous machine learning methods is the decision tree. Gradient Boosted Decision Trees (GBDT) is a method
to achieve highly accurate learning by applying ”boosting”, an ensemble learning method, to decision trees,
and has been used frequently in recent years along with deep learning due to its high accuracy and ease of
preprocessing of training data. In this paper, we propose and implement an algorithm for performing gradi-
ent boosted trees on secure computation. In our experiments on the Boston dataset, we obtained the same
or better prediction performance in 1/40th of the time compared with deep learning on secure computation.
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