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o W Thomas G. Dietterich (2000)
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A Better Ensemble Learner

H ir: $kFllwell-covered function space
HJbasis functions

e Friedman & Popescu &8 T
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Ensemble Learning

 Bagging: n=1, v=0
e Random Forest: n <0.5 ~reduce m

* Importance Sample Learning Ensemble:
n<05nN v=0.1
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