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New Second-order Learning Algorithm
for Neural Networks and Its Application

LIU Tienan, DUAN Yu-bo, YU Di, LIU Zhi-de, ZHA NG Chang—iang
(Department of Automatic Control, Daqing Petroleum Institute, Anda 151400, China)

Abstract: A new second-order recursive learning algorithm is presented. T he algorithm is equivalent to
Newton iterative method and has second-order convergent speed. It achieves the recurrence calculation
of Newton search divections and the inverse of Hessian matrices. The analysis and application results

show the efficiency of the new algorithm.
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