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The Portfolio Method Optimization of Neural Network Based on PSO

Huang Zhaodi, Ying Wanyue, Yu Liqin, Xiao Xiangkuo, Luo Jia
(School of Electrical and Electronic Engineering, East China Jiaotong University , Nanchang 330013, China)

Abstract: In response to the shortcomings in traditional artificial neural network, such as excessive iterations,
low convergence accuracy and poor generalization of BP (Back Propagation) neural network, an optimized
portfolio approach of BP neural network based on particle swarm algorithm is proposed. According to the BP
neural network optimization method, the gradient descent method is replaced by the PSO algorithm, which ob-
tains the optimal solution so as to optimize the BP neural network model. Through the application of the pro-
posed method into the optimization of the portfolio, this study shows that the method is obviously superior to
the traditional BP neural network optimization.
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