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Support Vector Machines with Hyperkernel Functions
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(School of Computer Science and Technology, Tianjin University, Tianjin 300072, China)

Abstract Support Vector Machines (SVM) provides an important approach to machine learning, pattern reorganization
and data mining, Construction of kernel functions is the key both in SVM research and application, We proposed a com-
binatorial construction of hyperkernel functions for SVM, which is constructed by a polynomial combination of common
kernels, We first analyzed the over-learning and under-learning phenomena of common kernel function. Then, we proved
the Mercer condition of hyperkernels constructed by the proposed method. Finally, we experimented both on simulation
data and benchmark data to demonstrate the performance of hyperkernels of SVM. The theoretical proofs and experi-

mental results illuminate the validity and feasibility of hyperkernels,and brighten the combinatorial approach to model

selection,
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