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Abstract
1. We extend kernelized matrix factorization

» with a fully Bayesian treatment,

> with an ability to work with multiple side information sources.
2. Side information is necessary for making out-of-matrix predictions (e.g., cold-start predictions in recommender systems).
. We mainly discuss bipartite graph inference, where the output matrix is binary.
4. We show the performance of our method

» by predicting drug—protein interactions on two data sets.
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Probabilistic Model

(b) multiple kernel learning
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(c) matrix factorization
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5. An extra task of finding or retrieving drugs with similar functions
KBMF is statistically significantly better than KPMF of Zhou et al. (2012) according to paired t-test (p < 0.01) on both data sets.
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