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Proximal Support Vector Machine for Regression
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Abstract A new technique—proximal support vector regression machine (PSVRM) was obtained when extended proxi-
mal support vector machine classifier towards regression problem, the linear and nonlinear regression function of PS-
VRM was proposed. PSVRM has less arguments and half variables than support vector regression(SVR), the solving
formula is much simpler than that of least square support vector machine for regression(LSSVMR) , and the kernel is no

need to satisfy the Mercer’s condition. Numerical simulations show that, comparing with SVR and LSSVMR, PSVRM
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is faster and the generalization ability is sometimes faster than the former two,
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