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A globally optimal DC algorithm for solving single quadratic constrained

non-convex quadratic programming problems
WANG Jianguo. ZHENG Fangying . HU Jueliang
(School of Science, Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract: For the non-convex quadratic programming problem with single quadratic constraints,
firstly, a difference of convex function (DC) algorithm is proposed, and it is proved that the algorithm
converges to the Karush-Kuhn-Tucker (KKT) point of the problem. Secondly, using the KKT point, a
method to find a new initial feasible point is proposed. Finally, combined with this method, a DC
algorithm for finding the global optimal solution of the single quadratic constrained non-convex quadratic
programming problem is designed. Numerical experiments show that the proposed global algorithm can
effectively find the global optimal solution of large-scale single quadratic constrained non-convex quadratic
programming problems.
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