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Rule Fusion function f(-)

Sum Vi = %Zf,;l d i

Weighted sum | y; = > w;dji,wj = 0,2 wj =

Median vi = median;d j;

Minimum yvi = min; dj;

Maximum Vi = max; dji

Product vi = [1;dji

C, | G C3

dq 0.2 | 0.5 0.3
d- 0.0 | 0.6 0.4
ds 0404 0.2
Sum 0.2 | 0.5 0.3
Median 0.2 | 0.5 0.4
Minimum | 0.0 | 0.4 0.2
Maximum | 0.4 | 0.6 0.4
Product 0.0 | 0.12 | 0.032
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Jacobs RQ7§ 1997. “Bias/Variance Analyses for Mixtures-of-Experts Architectures.” Neural Computation 9: 369-383.
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Bagging (Bootstrap aggregating)
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Training:
For all {z*,v"}¥ € X, initialize p! = 1/N
For all base-learners j=1,....L

Randomly draw &; from & with probabilities p;
Train d; using &
For each (z'.r'), calculate y; — d;(x")
Calculate error rate: e; — th; Ay #Y)
If €, > 1/2, then L «— j — 1, stop
Bi — €/(1 - €j)
For each (z*,r?), decrease probabilities if correct:
If yj; =t -p?_H — | jp;- Else p;-_i_l — -p;
Normalize probabilities:
7. . . . A 7.
Zi = D Pirai Pipn — Pia/Zs

Testing:
Given z, calculate d;(x).7 =1.....L
Calculate class outputs, 1 = .

L
Uy = ijl (log %) dji(x)

<blo csuSoL (Freund and Schapire, 1996)
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