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Abstract: The problems of premature convergence and initialization-sensitive are often experiencing when train the multi-layer
perceptron using the biogeography-based optimization. This paper proposed a novel multi-layer perceptron training method u-
sing hybrid differential evolution and biogeography-based optimization. This paper introduced the differential evolution to the
biogeography-based optimization to construct the hybrid DE_BBO algorithm and then used the hybrid DE_BBO algorithm for
training MLPs. In order to investigate the efficiencies of DE_BBO in training MLPs, this paper employed four classification
datasets, including the Iris dataset, the breast cancer dataset, the blood transfusion datasets and the banknote authentication
dataset. Comparing with six well-known heuristic algorithms, including BBO, PSO, GA, ACO, ES, and PBIL in a statistical-
ly significant way,the experimental results show that training MLPs using hybrid DE_BBO is significantly better than the cur-

rent heuristic learning algorithms in terms of convergence speed and convergence accuracy.
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