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Supervised LearningSupervised Learning
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For the Time Being, We Assume…For the Time Being, We Assume…

Target function          is linear combination of 
specified basis functions                :

Correlation matrix     of future input     is known.   
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Later, we will discuss the case
when these assumptions do not hold.
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Subset Regression ModelsSubset Regression Models
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Model SelectionModel Selection

Select the best subset of basis functions
so that generalization error       is minimized:GJ

However,      includes unknown target function        .

We derive an estimate of      called
the subspace information criterion (SIC),

and model is determined so that SIC is minimized.
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Key Idea: Unbiased EstimateKey Idea: Unbiased Estimate

estimate error training Minimum:uθ̂

T
Myyyy ),,,( 21 K=

yXuu =θ̂
TT

u AAAX 1)( −=
)(][ mimi xA ϕ=

is an unbiased estimate of true parameter    :θ
θθ =uE ˆ

uθ̂

is used for estimating generalization error of     .Sθ̂uθ̂
noise  over  nExpectatio:E

∑
=

=
µ

ϕθ
1

)(]ˆ[)(ˆ
i

iiuu xxf model Largest



April 25, 2001.ICANNGA2001 7

Bias Variance

Bias / Variance DecompositionBias / Variance Decomposition

BiasVariance
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Unbiased Estimate of VarianceUnbiased Estimate of Variance
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Unbiased Estimate of BiasUnbiased Estimate of Bias
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Subspace Information Criterion
(SIC)

Subspace Information Criterion
(SIC)
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SIC is an unbiased estimate of
generalization error      with finite samples.GJ
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When Assumptions Do Not Hold (1)When Assumptions Do Not Hold (1)
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When correlation matrix     is not available…

When Assumptions Do Not Hold (2)When Assumptions Do Not Hold (2)
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If unlabeled samples              are available,
(samples without output values)

Training samples              are used instead, 
SIC essentially agrees with Mallows’s CP.
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Computer SimulationComputer Simulation
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Compared MethodsCompared Methods
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Easiest Case (Curve)Easiest Case (Curve)
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Easiest Case (Error)Easiest Case (Error)
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Hardest CaseHardest Case
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Summary of SimulationsSummary of Simulations
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When          is not in                  .When          is not in                  .
Interpolation of chaotic series

Similar results were obtained !!
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ConclusionsConclusions

We proposed a new model selection criterion 
called subspace information criterion (SIC).

SIC gives an unbiased estimate of generalization 
error.

Computer simulations showed that SIC works 
well with small samples and large noise.


