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Training with 100 samples, test with rest (hundreds to thousands)
Model selection strategies 

OPT: Minimum test error  
SIC
CV: Leave-one-out cross-validation 
ABIC: A Bayesian information criterion

(an empirical Bayesian method)

Abalone Boston

Bank-8fm Bank-8nm

Bank-8fh Bank-8nh
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SIC vs. ABIC

SIC vs. CV

SIC works very well for 
most datasets
However its 
performance can be 
degraded with very 
large noise (datasets 
specified by “fh” or “nh”)
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parameter Ridge:λ

H RKHS in Norm  :⋅

noise over nExpectatio:E

Hf  space Hilbert kernel greproducin  Specified∈

Current work
nH ≤dim

Previous work [1]
No restriction on Hdim

∑
=

=
n

i
iiKf

1
),()(ˆ xxx α :model Regression

2ˆ ffEJG −=

IntroductionIntroduction
Properly tuning ridge parameter is crucial for better generalization

Usually generalization error estimator is first derived, and ridge 
parameter is tuned so that estimated generalization error is minimized

Most of generalization error estimators proposed so far are derived 
within asymptotic setting (i.e., large sample assumption)

However, small sample case is of high practical importance

We derive an exact unbiased estimator of generalization error: SIC

Unbiasedness of SIC is guaranteed even with small sample cases 
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[1] Sugiyama, M. & Ogawa, H. :
Subspace information criterion
for model selection. 
Neural Computation, vol.13,
no.8, pp.1863-1889, 2001. 
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NOTE: Unbiasedness holds even without taking
expectation over training input points      { }nii 1=x


