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Abstract: In machine learning the nonlinear kernel forms of classical linear algorithms are a class of nonlinear
techniques developed in the last ten years The most attractive idea is that by using kernel functions satisfying
M ercer condition the classical linear algorithms are skillfully extended to construct their nonlinear kernel foms

These nonlinear algorithm s are described by optimization problens that depend on the size of training sets rather
than the dimension of sample vectors In order to mprove numerical stability, control generalization ability and
mprove convergence of iterative procedures, the regularization technique is utilized in soame algorithms On the basis
of summarizing the kernel idea and kernel functions and regularization technique, the nonlinear kernel form sof linear
algorithm s are surveyed Related properties are disscussed and further research directions are pointed out
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