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Ensemble Learning ((£5,% 1)
Using multiple learners to
solve the problem
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Ensemble really helps
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e Ensemble error

* Ave. error of indeividuals

RE-D I 5 AR (error-ambiguity decomposition):

E=E—A
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Ensemble error  Ave. error of ~ Ave. “ambiguity”  ( “ambiguity” later
individuals of individuals called “diversity” )

The more accurate and diverse the individual learners, the
better the ensemble

[Krogh and Vedelsby, NIPS95]
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AdaBoost [Freund & Schapire, JCSS97]
* GradientBoost [Friedman, AnnStat01]
* LPBoost [Demiriz, Bennett, Shawe -Taylor, MLJ06]
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Bagging [Breiman, MLJ96]
* Random Forest [Breiman, MLJO1]
* Random Subspace [Ho, TPAMI98]
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training instances that are wrongly predicted
by Learner, will play more important roles in
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B Bagging
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weighted combination
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Data set

bootstrap a set of learners

generate many data sets from
the original data set through
bootstrap sampling (random

sampling with replacement), then — N

train an individual learner per / Data set Data set , Data set ,, N

data set / l l l
\\Le\arnen Learner, Learﬁ /

voting for classification | T N s e

the output is the class label
receiving the most number of
votes

averaging for regression

the output is the average output
of the individual learners
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Adaboost
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%2 : Adaboost
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1: Di(x) =1/m.
2: fort=1,2,...,T do
3: ht - E(D, Dt),
4 & = Ppop,(he(z) # f(2));
5. if ¢ > 0.5 then break
6: oy == 5 In (1;—:*) !
, Dt(m) exp(—ay), if he(z) = f()
" D)= explar),  if he(a) # f(a)
— Dt(ﬂ:)eXp(—Zatf(:c)hf(m))
8: end for ‘
fith: H(x) = sign (Z;F:l atht(w))
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