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Abstract: The mathematic essence of feedforw ard neural networks whose activation function of hidden neurons
satisfiesM ercer condition is analized A nd the guideline for feedforw ard neural networks learning is given Then
three online learning algorithm s are proposed, w hich can mprove the online prediction performance of the networks
by adjusting its architecture and connection w eights dynamically. Those algorithm s w ith global convergence and
good anti-noise perfomance corregpond to the principle of structural risk minimization Their reliability and
advantage are illustrated through concretely test
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