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An Improved Least Square Support Vector Machines Algorithm

WAN Hui' WEI Yan®

1. Dept. of Science Research 2. Information Sciences and Engineer College
Chongging Normal University Chongging 400047 China

Abstract Least Square Support Vector Machine is expansion of the standard Support Vector Machine. It is the form under the Support
Vector Machine in quadratic loss function. It uses equality constraints instead of inequality constraints. The solution process becomes a
solution group of equality equation and avoids time-consuming in quadratic programming problem solving but the least square support
vector machine loses the sparseness which would influence the efficiency of re-learning. In view of the above questions this paper
presents an improved incremental least squares support vector machine learning methods In the solution of the sparsity by using adap-
tive pruning method according to the initial classification to set performance pruning threshold and increase the size of samples. If you
get good performance classifier the pruning threshold and the sample increment will be greater Otherwise pruning threshold and the
sample increment will be smaller. The result is improved efficiency of least square support vector machine training and will solve the
problem of sparse. Finally the simulation results show that the algorithm feasible.

Key words least squares support vector machine incremental learning sparsity
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