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ModelModel
Generally, function approximation is performed 

by estimating parameters of
a prefixed set of functions called a model.
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The choice of the model complexity
(e.g. order of polynomial, number of units)

is crucial for optimal generalization.
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Model SelectionModel Selection

Select the best model providing
the optimal generalization capability.

Simple model Appropriate model Complex model
Target function
Learning result
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Motivation and goalMotivation and goal
Most of the traditional model selection criteria 

do not work well
when the number of training examples is small. 

e.g. AIC  (Akaike, 1974),
BIC  (Schwarz, 1978), 
MDL (Rissanen, 1978),
NIC (Murata, Yoshizawa, & Amari, 1994)

Devise a model selection criterion
which works well even when the 

number of training examples is small.
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Least mean squares (LMS) learningLeast mean squares (LMS) learning
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Assumptions (1)Assumptions (1)
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Assumptions (2)Assumptions (2)
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Generalization error and bias/varianceGeneralization error and bias/variance
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Estimation of biasEstimation of bias
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Estimation of noise varianceEstimation of noise variance
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Subspace Information Criterion 
(SIC)

Subspace Information Criterion 
(SIC)
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The model minimizing SIC is called
the minimum SIC model (MSIC model).

MSIC model is expected to provide
the optimal generalization capability.

From a set of models, select the model 
minimizing the following SIC.
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Validity of SICValidity of SIC
SIC gives an unbiased estimate

of the generalization error:

2ˆSIC ffEE nn −= θ
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cf.  AIC gives an asymptotic unbiased estimate
of the generalization error.

SIC will work well even when
the number of training examples is small.
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Illustrative SimulationIllustrative Simulation
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• SIC

• Network information criterion (NIC)
(Murata, Yoshizawa, & Amari, 1994)

A generalized AIC

41)dim(   :   20 == HSH

In this simulation, SIC and NIC are fairly compared.
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200=M

)11.0(Error   model MSIC 5 =S　 )17.0(Error   model MNIC 6 =S　

)11.0(Error      model Optimal 5 =S
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100=M

)37.0(Error   model MSIC 5 =S　 )75.0(Error   model MNIC 9 =S　

)37.0(Error   model Optimal 5 =S　
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50=M

)98.0(Error   model MSIC 5 =S　 )36.3(Error   model MNIC 20 =S　

)98.0(Error   model Optimal 5 =S　

SIC works well
even when M is small.
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Unrealizable caseUnrealizable case
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We perform the simulation 1000 times.
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• SIC

• NIC
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250=M

SIC

NIC
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150=M
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50=M
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SIC works well
even when
M is small.
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ConclusionsConclusions
• We proposed a new model selection 

criterion named the subspace information 
criterion (SIC) .

• SIC gives an unbiased estimate of the 
generalization error.

• SIC works well even when the number of 
training examples is small.


