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Abstract
Abstract — This paper studies the fault tolerant

performance of a radial basis function (RBF) network
being trained to against the multiplicative weight
noise (MWN) use weight decay learning (WDL) and
explicit regularization learning (ERL). Theoretically, it
is shown that for enough training data, the fault
tolerant abilities of using WDL and ERL against
MWN, are provided to support the theorem.

Index Terms — radial basis function (RBF),
multiplicative weight noise (MWN), weight decay
learning (WDL), explicit regularization learning
(ERL), fault tolerant.
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