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A Variance Learning Neural Network for Confidence Estimation

Young B. Cho*, D.G. Gweon™*

ABSTRACT

Multilayer feedforward networks may be applied to identify the deterministic relationship between input
and output data. When the results from the network require a high level of assurance, consideration of the
stochastic relationship between the input and output data may be very important. Variance is one of the
effective parameters to deal with the stochastic relationship. This paper presents a new algoerithm for a
multilayer feedforward network to learn the variance of dispersed data without preliminary calculation of
variance. In this paper, the network with this learning algorithm is named as a variance learning meural
network (VALEAN). Computer simulation examples are utilized for the demonstration and the evaluation of
VALEAN.
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Fig. 1 Stochastic Process and Confidence Estimation
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Table 1. Result of the modified method using Equation (19)

Input pattern  x o, Oy (% Eron®
&=02

0.5 0.027304 0.027080(0.82%)

0.6 0.051190 0.052818(1.23%)

0.7 0.085624 0.085237(0.45%)

" Averaged value obtained for the 500 time steps
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