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Gradient Boosting Decision Tree Learning over All Possible Subgraph Indicators
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We propose an algorithm for learning gradient boosting decision trees over all possible subgraph indicators for
a givin set of graphs. Recent advances in machine learning provide several existing methods that can perform
simultaneous feature learning from all possible indicators of subgraphs occurring in a given set of graphs. However
these previous methods result in linear models in terms of subgraph indicators. In contrast, gradient boosting
decision trees learning gives a nonlinear model of subgraph indicators. We first derive a lower bound of the mean
squared error sum of data partitions by the given subgraph feature. Then we present a learning algorithm based on
subgraph search with branch and bound. Experimental validations on two benchmark datasets are also reported.
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