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Error as a function of ensemble size and training time

(Horn et al., 98)
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The Two-Spiral Problem
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� 194 X,Y values. Half produce a 1 output, and half produce 0

� Lang and Witbrock (1988) proposed a 2-5-5-5-1 net (138 weights)

� Fahlman Lebiere (1990) Cascade Correlation architecture

� Baum and Lang (1991) Net of 2�50�1 could be consistent with training

set, but could not be found from random initial weights

� De�uant (1995) suggested the "Perceptron Membrane": piecewise linear

discriminating surfaces using 29 perceptrons. Non smooth solution

netarch



The noisy spirals
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Additional Gaussian noise (SD=0.3)
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Noisy GAM

No bootstrap sd=0 sd=0.025

sd=0.05 sd=0.1 sd=0.3

Average of 20 GAMs with varying degrees of noise
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