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We have extended the subspace methods to feature extraction methods by constrained
approximation problems. The subspace methods are sorts of realizations of the constrained
approximation framework. The subspace methods have the rank constraint, however, by
replacing the constraint to the other constraints, feature extractors that have various
properties can be realized. We also have proposed the subset kernel principal component
analysis to avoid large calculations in kernelization.
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EXPERIMENTAL RESULTS #1, MNIST DATASET

Method Parameter Validation error [%] | Test error
CLAFICT r=27 492 £0.21 3.90
CLAFIC? 0.89 672 £0.34 7.32

P-Bayes 4 =0.001 429 £0.18 3.62

S-SVM (2d-Poly) v=01 2339 £ 1.63 2178
S-SVM (RBF) v=0.0005g=>5 10.36 + 0.83 5.33
SVM (RBF) C=054g9=5 4.68 +0.21 5.03
RQC p o= 0.007 434 £ 0.18 3.67

TQC v = 0.005 448 £0.19 3.85
HQC p = 0.006, v = 0.0003, r = 45 426 £0.18 3.59
SHQC p = 0.006, v = 0.0002, 5 =0.04 413 £0.17 347
FKT + Bayes =008 537 £0.23 4.24
FKT + RQC p=04 6.30 £ 0.26 3.31
FKT + HQC p=04r=01 6.28 £0.27 5.30
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