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Convergence analysis of stochastic radial basis function neural networks
ZHANG Yuao, HU Jueliang
(School of Sciences, Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract: In order to explore the function approximation ability of radial basis function neural

networks, convergence analysis method of random weight feedforward neural network was used to analyze

its convergence. Firstly, the properties of generalized § function were utilized to construct a limit integral

expression of approximated functions, and then the integral in this expression was calculated by the Monte

Carlo method to prove that the radial basis function neural networks can approximate any continuous

functions. At the same time, the convergence characteristic of stochastic radial basis function neural

network was theoretically analyzed, and it was found that the convergence error decreases gradually with

the increase of neuron nodes at the hidden layer, which shows that it is an efficient function approximator

and has the potential to deal with big data problems.

Key words: neural networks;Monte Carlo method;convergence analysis; continuous functions; radial

basis function; stochastic radial basis function
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