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Doubly non-negative programming relaxation for non-convex quadratic

programming with convex quadratic constraint and its solution
ZHANG Xianye ,LUO Hezhi
(School of Science, Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract: A tight doubly non-negative programming (DNP) relaxation with non-negative and positive
semi-definite matrix constraints is developed for non-convex quadratic programming problems with non-
negative variables, linear equations, and convex quadratic constraints. The gap between it and the original
problem is estimated, and an alternating direction multiplier method is proposed to find an optimal
solution of DNP relaxation. The numerical experiments show that the optimal solution of DNP relaxation
can be found effectively by applying the alternating direction multiplier method , and the calculation time is
better than the solver CVX.
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