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l Basic Concepts
l Input selection
l Models

– k-NN, Lazy Learning
l Variable Selection

– Leave-one-out, Bootstraps
l Results
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Selection Selection –– The Word of TodayThe Word of Today

l Inputs
– Input selection method (Wrapper or Filter)

l Model
l Parameters

– Validation method
– Bounds

l Local or Global
l Data sets

– Learning, validation, test
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l Notations:

to minimize

Selection PrincipleSelection Principle
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Input SelectionInput Selection

l Exhaustive method
– “Brute force”
– All 2d input combinations explored

l Forward or Backward
– Only d(d-1) input sets evaluated
– Local minima problems à Suboptimal

l Forward-Backward
– “More Optimal” ß More input sets estimated
– Time consumption unknown beforehand
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Possible Selected Inputs
Action 1 2 3 4 5
Initial x x x

1 x x
2 x x

Possible Selected Inputs
Action 1 2 3 4 5
Initial x x x

1 x x
2 x x
3 x x x x
4 x x x x
5 x x

Input Selection (2)Input Selection (2)

l Input selection with Forward-Backward 
method
– Initialization

Possible Selected Inputs
Action 1 2 3 4 5
Initial x x x

Possible Selected Inputs
Action 1 2 3 4 5
Initial x x x

1 x x
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kk--NNNN

l Fast and reliable
l Can be used as a part or as a whole 

approximator
l Can be used with many different methods
l Only inputs and k need to be determined 

beforehand
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1-NN3-NN

kk--NNNN

For Classification:For Classification: Class 1Class 1 Class 2Class 2
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For Regression:For Regression:
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Lazy LearningLazy Learning

l Local, linear model
l Laziness

– ”Do nothing until query”
– No learning mandatory

l Compared to k-NN (local, constant model)
– More time consuming than k-NN
– Almost as diversified

l Locality can be ”globalized” incrementally
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““Do nothing until query”Do nothing until query”

New input needs an output approximation
l Validate optimal inputs

– Search nearest neighbors
– Validate optimal neighborhood size

l Build linear model

l Calculate the needed estimate
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Lazy Lazy LearningLearning

l Locality can be ”globalized” incrementally
– Global k instead of Local k
– Globally selected inputs instead of Local

l More Globalizationà Less Laziness
l Best amount of Globalization should be 

determined for each case
– Intensive validation and testing
– Different attached methods
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LeaveLeave--OneOne--Out (LOO)Out (LOO)
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Recursive formula for LOORecursive formula for LOO
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World Sample≠

Sample
=

New World
New 

Sample

Bootstrap ResamplingBootstrap Resampling
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Bootstrap Bootstrap ResamplingResampling

New 
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New 
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Bootstrap 632Bootstrap 632

+ 0.632 is derived from probability of single data 
point to be selected to bootstrap set

+ Unbiased and faster to evaluate

Bootstrap: 

Bootstrap 632:
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The MethodThe Method

l Input selection with brute force
– All 2d input combinations explored

l Using k-NN as approximator
l k selected with Leave-one-out, Bootstrap and 

Bootstrap 632
– Best k selected with each method

l Best input combination selected with each 
method
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ResultsResults

Selected Inputs k Êgen Test error
LOO t - {1, 2, 3, 5, 7, 8} 15 0.9219 1.1650

Bootstrap t - {1, 2, 4, 5, 7, 8} 1 0.6054 1.8458
Bootstrap 632 t - {1, 2, 3, 5, 7, 8} 16 0.9333 1.1625

l Darwin Sea Pressure Data – 1400 values
– 1000 values for training and 400 for testing



Antti Sorjamaa 28/31

The MethodThe Method22

l Input selection
– For k-NN, all 2d input possibilities explored
– For LL, Backward Selection and continuous

l k selected with Leave-one-out
– Best k selected with each method combination

l Best input combination selected with each 
method combination

l Testing k-NN selected inputs with LL 
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ResultsResults22

l Santa Fe Data – 10 000 values
– 1000 values for training and 9000 for testing

Method Calculation 
time

Test Prediction 
40 steps

k LOO error Minutes MSE MSE
LL 56 42.32 2.58 42.0746 1765.6
LL pruned 59 19.42 13.95 20.6037 148.37
k -NN 3 57.71 33.78 53.5387 1252.1
k -NN + LL 15 33.57 0.20 31.4548 1770.1

Learning
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ConclusionsConclusions

l Leave-one-out is fast and good method to 
select inputs 

l Bootstraps can select more optimal number 
of neighbours for k-NN

l Inputs selected with k-NN are not as good to 
use with LL than the ones selected with LL
àk-NN is not good filter for LL
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Questions?Questions?
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