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Abstract: A Bayesian network structure learning algorithm based on improved whale optimization strategy is
proposed to solve the problem that the current Bayesian network structure learning algorithm is easily trapped
in local optimal and is of low optimization efficiency. The improved algorithm proposes first a new method to
establish a better initial population, and then it uses the cross mutation operator that does not produce the
illegal structure to construct an improved predation behavior suitable for Bayesian network structure learning.
At the same time, it adopts the dynamic parameter tuning strategy to enhance the individual search ability.
The population is updated followed by the fitness order so that the optimal Bayesian network structure is
obtained. Simulation results demonstrate that the algorithm has global convergence, high efficiency and higher
accuracy than other similar optimization algorithms.
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