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Abstract : Aiming at some limitations of BP neural network, such as easy to be trapped in local minimum, slow convergence speed and
long training time, we propose a scheme of improving BP neural network. By changing the traditional fixed learning rate and introducing
dynamic change,the learning rate can be changed according to the change of mean square error. The learning rate is increased in the flat
area of the error surface, and decreased in the area where the error changes sharply, so as to accelerate the convergence speed of the
algorithm and avoid falling into the local minimum. In the traditional BP neural network, we use the dynamic learning rate with the
parameter adjustable activation function to improve the BP neural network. The improved algorithm and the traditional BP algorithm are
compared by using the KDD Cup99 data set, which is recognized to be complete and excellent in performance. Experiment shows that
compared with traditional algorithms based on BP neural network ,the proposed method has greatly improved training speed and has the
advantages of smaller training error and higher prediction accuracy.
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