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A New Layer- Wise Linearized Algorithm for Feedforward Neural Network

TIAN Chuarr jun, WEI Gang
(Inst. Electronic Engineering and Control, Souh China University o Technol gy, Guangzhou, Guangdong 510640, China )

Abstract:

This paper presents a fast layer wise linearized algorithm for feedforward neural networks by mathematic methods

with the following features: constructing target functon for each layer by new methods; not calculating the Hessian matrix, thus greatly

reducing the learning time. Simulation shows that the new algorithm can accelerate the convergence rate and reduce the error compared

with the existing algorithms such as backpropagation ( BP) algorithm, BP algorithm wih momentum factor and existing layer wise algo

rithms.
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