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Improvement of SP Algorithm Based on Bayesian Networks
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Abstract: SP algorithm used optimization to deal with sparse candidaie sets, scored the optimal set as the candidate, so are the candidates
for each node — parent node sets, thus easily lead to the final Bayesian network had more two— way edges, after dealed with two — way
edge, there are still more reverse side. And put forward using hill - climing algorithm to deal with: sparse candidate sets, getting new algo-

rithm SCHC. And the algorithm has reduced the number of two — way edges and increased the number of correct side.
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for each D,
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4. repeat
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5. HillCliming() ;
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