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Motivation: « good » model?
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Motivation: « good » model?
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Motivation: « good » model?
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Motivation: « good » model?

p The one used 
to generated 
the data (with 
noise)…
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Motivation: « good » model?

5432
tttttt fxexdxcxbxay +++++=
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Motivation: « good » model?
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Best model

p Notations

p Generalization error
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5

Michel Verleysen 9

Content

p Methods
p validation
p cross-validation (Monte-Carlo + k-fold + leave-one-out)
p bootstrap
p AIC + BIC

p Some theoretical insights
p Examples
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Data
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Validation

( )

2

2

N

yŷ
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Cross-validation
Data
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Cross-validation
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K-fold cross-validation

A model is built
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K-fold cross-validation

A model is built
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Leave-one-out

A model is built
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Leave-one-out
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Bootstrap: plug-in principle

World Sample≠
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Bootstrap : plug-in principle

Sample
=

new world

1
2
3
4
…
10

New 
sample

2
10
6
8
…
10

Michel Verleysen 20

Bootstrap : plug-in principle
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Bootstrap
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Bootstrap
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Bootstrap
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Bootstrap 632 and 632+

p Improvements on bootstrap

p 632+: better for Nearest Neighbour problems
p lazy learning
p vector quantization
p k-NN classification
p…
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Some theoretical results

p All methods are consistent ???

p

p Boostrap valid for model selection

lowyesBootstrap

lowNoBootstrap 632

highnoLOO and CV

VarianceBias
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Boostrap 632
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AIC and BIC
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Time series prediction (NAR)
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Lyung’s hair-dryer

ARX ?

na=?

nb=?

nk=3
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Lyung’s hair-dryer: validation
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Lyung’s hair-dryer: validation
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Lyung’s hair-dryer: bootstrap
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Lyung’s hair-dryer: bootstrap

p Compared to best ARX model found by Lyung: na=3, nb=3, nk=3
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RBFN as NAR models
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Santa Fe A
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Santa Fe A: test
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Santa Fe A: test
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Santa Fe A: cross-validation
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Santa Fe A: leave-one-out
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Santa Fe A: bootstrap

( )θsampleE
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Santa Fe A: bootstrap

( )θgenÊ
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Santa Fe A: bootstrap 632
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Some conclusions…

p Bootstrap: OK for model selection

p Boostrap 632(+): also OK for error estimation

p both require less data than CV and LOO

p for specific cases (nearest neighbour, VQ): bootstraps fail


