Ensemble Techniques
(also known as Committees)

Professor Michael C. Mozer
CSCI 3202
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AdaBoocst (Schepie & Frewd), 199¢)
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Actual typical run of AdaBoost

boosting C4.5 on “letter” dataset
g

20-

15§/\ .
.

5 . % train
10 100 1000

# of rounds (T)

e test error does not increase, even after 1000
rounds

— (total size > 2,000,000 nodes)

e test error continues to drop
even after training error is zero!

# rounds
5 (1001000
% train error |0.0| 0.0| 0.0
% test error [8.4|3.3| 3.1

e Similar results reported ([Cortes &
Drucker96,Breiman96, Quinlan96])

e Occam’s razor predicts “simpler” rule is better

CITor

— clearly wrong in this case!



Comparison: Boosting decision rules vs. C4.5

Percent error on test set.

| Name Boost | C4.5 | Boost | Bag Bag
Stump C4.5 | C4.5 | Stump

soybean-small 0.2 20.5
labor 9.0 18.9
promoters 9.1 17.2
iris 4.8 7.1
hepatitis 18.3 17.4
sonar 16.8 25.9
glass 29.4 4.2
audiology.stand 23.6 65.7
cleve 18.8 21.9
soybean-large 9.8 74.2
ionosphere 8.5 172
house-votes-84 3T 4.4
votesl 3.9 _ 12.7
Crx 14.4 14.5
breast-cancer-w 4.4 6.6
pima-indians-di 24.5 26.0
vehicle 26.1 I 561
vowel 18.2 4.7
german 24.9 30.3
segmentation 4.2 2.5
hypothyroid 1.0 2.2
sick-euthyroid 3.0 5.6
splice 4.4 33.4
kr-vs-kp 4.4 31.3
satimage 14.9 41.6
agaricus-lepiot 0.0 11.3
letter-recognit 34.1 93.7
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Figure 10.9. A simple example of the application of BWT;d mEthﬂ:.ﬂ;“ tl?n;
‘regression’ problem. Here 30 data pai.nts: have been genera by tsm nl:., =
the function (10.35), and the network consists Gf'armull.l-layer pe:ll::ep e
four hidden units having “tanh’ activation fung:tmn{t, and one hT“ tmp;ﬁ :

The solid curve shows the network function wl'll'.h th:: v.:vmgt_ va:nd =
to wyp corresponding to the maximum of the posterior drstrfhu hzu;,thc e
dashed curves represent the =20, error bars from (10.34), Notice

bars are larger in regions of low data density.

unit.

© (@

Figure 10.11. Schematic illustration of data from two classes (represented by
circles and crosses) showing the predictions made by a classifier with a single
layer of weights and a logistic sigmoid output unit. (a) shows the predictions
made by the network with the weights set to their most probable values wyp.
The three lines correspond to network outputs of 0.1, 0.5 and 0.9. A point such
as C, which is well outside the region containing the training data, is classified
with great confidence by this network. (b) and (¢) show predictions made by
the weight vectors corresponding to w''’ and w'™) in Figure 10.10. Notice how
the point C is classified differently by these two networks. (d) shows the effects
of marginalizing over the distribution of weights given in Figure 10.10. We see
that the probability contours spread out in regions where there is little data.
The point C is now assigned a probability close to 0.5 as we would expect.
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