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Bayesian Network Learning Algorithm PBIL-RS Accelerated By GPU Computation
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In this paper, we present a fast EDA (Estimation of Distribution Algorithm)-based algorithm to learn Bayesian network
structure accelerated by GPU computation. Bayesian network is a graphical model that expresses causal relationship among
events, which is useful in decision making in various practical scenes. A number of algorithms to learn Bayesian network
structure from data have been proposed so far, but since the problem to learn Bayesian network structure is proved to be NP-
hard, it takes considerable time to learn sub-optimal structures. However, recently, EDA-based genetic algorithms are reported
to be an efficient approach for this problem. In this paper, we propose a method to extend an EDA-based structure-learning
algorithm PBIL-RS to achieve far faster execution by using GPU acceleration. Through evaluation, we show that the proposed
algorithm runs about 14-times faster than the original one executed on CPU.
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