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Multiple kernel learning LSSVR algorithm based on /,-norm constraint
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Abstract: In order to improve generalization performance of learning least squares support vector machines
regression(LSSVR), a novel multiple kernel learning least squares support vector machines regression algorithm based on
{p-Norm constraint is proposed. Two wrapper methods are provided to solve the proposed algorithm, and both the training
method are two-step methods. The inner loop is used to update the combination function parameters while fixing the least
squares support vector machine(LSSVM) parameters, the outside loop is used to update the parameters of LSSVM while
fixing the combination function parameters, and these two steps are repeated until convergence. The simulation on the

one-variable function and multivariable function shows that the proposed algorithm is useful and outperforms the traditional

LSSVR algorithm for generalization performance.
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