4k FoH i & H OB % Vol. 41 No. 2
201442 H Computer Science Feb 2014

—METFREENRIHERTE

EFEE BERR
(HMEMEMARAFRRTREFRLFS LM 110136)°
(FEMEMRAFHENBESHARFER & X 210016)°

i E HFEOARRATHERAGE ARG AERAARSRAERELTEN, NEREHREFEILT
BHBEEFTEFNHBARE. HHINEIREFIT LGN, RACTEASHERARE, RAWTRERARALT 2
HHREESE. BP0, AEEAR BHARZREEIBGASELELES, LEZ2RARBHANESKETR TR
BEHEETRAENE, BRET B EST 2R THLE, ML ABEEHF . EF 2B ARZHEABHR
M, AREATGREFREA BN, SHERERR, A7 RS AT BRHITEE.

XEH BFIR.EAET. HES

REESEE TP391 XwkARIREE A

Distance-based Kernel Evaluation Measure

WANG Pei-yan’? CAI Dong-feng?
(Knowledge Engineering Research Center, Shenyang Aerospace University,Shenyang 110136, China)!
(College of Computer Science and Technology, Nanjing University of Aeronautics and Astronautics, Nanjing 210016, China)?

Abstract

rameters are of crucial importance. Learning a kernel from the data requires evaluation measures to assess the quality of

The success of kernel methods depends on the kernel, thus a choice of a kernel and proper setting of its pa-

the kernel. Recently, kernel target alignment (KTA), which measures the degree of agreement between a kernel and a
learning task,has been widely used for kernel selection because of its effectiveness and efficiency. However, it is repor-
ted that KTA is only a sufficient condition to select a good kernel, but not a necessary condition. The reason is that
KTA is not invariant under data translation in the feature space. This paper proposed a new measure for kernel selection
named kernel distance target alignment (KDTA). The measure not only overcomes the limitations of KTA but also pos-

sesses other properties like simplicity and efficiency. Comparative experiments indicate that the new measure is a good

indication of the superiority of a kernel,
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Pima Indians Diabetes 769 2 9
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