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Why quadratic programming”



AN ALGORITHM FOR QUADRATIC PROGRAMMING

Marguerite Frank and Philip Wolfel

Princeton University

A finite iteration method for calculating the solution of quadratic
programming problems is described. Extensions to more general non=-

linear problems are suggested,

1. INTRODUCTION
The problem of maximizing a concave quadratic function whose variables are subject to

linear inequality constraints has been the subject of several recent studies, from both the com-
putational side and the theoretical (see Bibliography). Our aim here has been to develop a
method for solving this non-linear programming problem which should be particularly well

adapted to high-speed machine computation,
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The OSQP Solver



The problem
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How to split the QP?
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How to split the QP?
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How to split the QP?
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ADMM iterations
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ADMM iterations

Inner QP
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ADMM iterations
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minimize

subject to

Solving the inner QP
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Solving the inner QP

k
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Solving the linear system
Direct Method
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Solving the linear system
Direct Method
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Solving the linear system
Indirect Method

(P—I— JI+pATA) r=ox" —qg+ AT (p2F — y*)

14



Solving the linear system
Indirect Method
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Solving the linear system
Indirect Method
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Computing the projection

Box projection

[I(v) = max(min(v, u), )
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Final algorithm

Problem
minimize %LET.PQ? +qlx
subjectto [ <Az <u
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Final algorithm

Problem
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Final algorithm
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OSQP

osgp.org
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http://osqp.org
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Numerical Examples
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Performance Profiles

github.com/oxfordcontrol/osgp_benchmarks
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Maros-Meszaros Benchmarks
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Infeasibility detection



What happens it the problem is infeasible?
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What happens it the problem is infeasible?
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Farkas' Lemma
Primal infeasibility

Alp=0 uw'py +1Tp_ <0

Ax

Separating
hyperplane

26



Farkas Lemma
Dual infeasibility
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Farkas Lemma
Dual infeasibility
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Infeasibility detection

Primal infeasibility: y*Tt — y* — §y (£ 0)
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Conclusions
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