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The OSQP Solver



The problem
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How to split the QP?

minimize  (1/2)z? Px + ¢«
subjectto Ax =z
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ADMM iterations

(2741, 20 argmin (1/2)2” Pr + ¢"w + (0/2) [Jo — 2| + (0/2) ||z = 2 + o7

(x,z):Ax==z2
Zk—|—1 Y H(§k+1 _|_p—1yk)

yk+1 Y yk +p (gk—i-l . Zk—l—l)

10



ADMM iterations

Inner QP
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Solving the inner QP
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Solving the inner QP
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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
Direct Method
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Solving the linear system
Indirect Method

(P—I— JI+pATA) r=ox" —qg+ AT (p2F — y*)
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Solving the linear system
Indirect Method
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Solving the linear system
Indirect Method

Positive definite (P—I—JI—I—,OATA) r = grF _ q—I—AT(,OZk . yk)
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Computing the projection

Box projection

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

minimize  (1/2)z? Px + ¢z
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Final algorithm

Problem
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Final algorithm

Problem
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OSQP

osgp.readthedocs. 10

O S Q P Docs » OSQP solver documentation © Edit on GitHub

UNIVERSITY OF OSQP solver documentation
5 OXFORD

Join our forum for any questions related to the solver!
Eama e

Multiple
iIntertaces

Embeddable
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http://osqp.readthedocs.io

Languages

INnterfaces

Parsers

JUMP

CVXPY

YALMIP
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Numerical Examples



minimize

X

. asso

| Az — bl + 7|zl
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X:

. asso

minimize || Ax — bl|4 + v||z||1

Variable (n)

gamma = Parameter (nonneg=True)

ob j
prob

for

= sum_squares (Axx - b) + gamma * norml (x)
= Problem(Minimize (obj))

gamma_1 in gammas:
gamma .value = gamma_1i
prob.solve(warm_start=True)
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Benchmark Problems

Equality
Constrained

Portfolio
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Performance Profiles
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Infeasibility detection



What happens it the problem is infeasible?

Ax ¢ C

R PR (5k+1 B Zk—l—l)
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What happens it the problem is infeasible?

Ax ¢ C

Ax C
W W

Sk (5k+1 B Zk—l—l)
W_J
=+ ()

\
y"* does not converge!
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Farkas' Lemma
Primal infeasibility

Alp=0 uw'py +1Tp_ <0

Ax

Separating
hyperplane
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Farkas Lemma
Dual infeasibility

Pd =0 qtd <0 (Ad);
q
a
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Unbounded
direction
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Farkas Lemma
Dual infeasibility
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Infeasibility detection

Primal infeasibility: §y* = y* — ¢*~1 £ 0

ATsyF ~0  wToy® +176y" <0

Dual infeasibility: 6z = 2% — 271 £ 0
Pzt ~ 0 ¢ ox" <0 (A6z"); 4 >0 wu; = 400
S 0 lz — — OO
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Conclusions
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Final remarks
OSQP

Embeddable
Detects infeasibility

Semidefinite
programs

Future work

‘Meta-algorithms”

Mixed-Integer
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OSQP interface

@, python’

# Create OSQP object
m = osqgp.OSQP ()

# Initialize solver
m.setup (P, g, A, |, u,
settings)

# Solve
results = m.solve ()

# Update cost with g_new
m. update (g=g_new)

# Solve again
results_new = m.solve ()

4\ MATLAB

% Create OSQP object
m = o0sgp () ;

% Initialize solver
m.setup (P, g, A, |, u,
settings) ;

% Solve
results = m.solve () ;

% Update cost with g_new
m.update( ‘g, g_new)

% Solve again
results_new = m.solve () ;
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Code generation

Optimized
C code

ree{

# Create OSQP object

\Ndl- . =5 ol
] swagl ™ ch .
I I l —_— OS s “‘4"( LitTar 1; e WM S8TTIN wax iter;
- i Lipg . f £ 1
updy . swvap_vectorsialwork-=x), &lw x_crevil
awap_veut Yy Inu vl

updy

# Initialize solver

m.setup (P, g, A, |, u,
settings)

------

cccccc

# Generate C code
m.codegen( folder_name ")

dend

dend

Embedded
hardware

dendst
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Compiled code size ~80kb

OSQP  — =&

300x
Reduction!

GUROBI

CPLEX
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Infeasibility



OSQP Algorithm

Averaged non-expansive operator

(il?k_l_l, vk—l—l) _ T(CEk, ’Uk)

Original variables
2k = TI(o") y* = p(I — I0)(v*)
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Asymptotic behavior
Averaged non-expansive operator

(@, 0F ) = T(ak, o)

Differences

k_ k=1 sk ok k=1

oxt = oF — pF— — o

Convergence to smallest vector
im (62", 5v") = (6, 6v) € argmin ||(dz, §v)|]

k—00 ran(T—1)
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At sy =0

Poxr =0

Auxiliary results

Difference of dual iterates: dy

Difference of primal iterates: dx

q oz = —o|oz|* — p|| Adz|]?

|
u' oyy + 110y = —;||5yH2

Adx € C°
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Example
Simple QP

T

minimize T

IOOI
S

1
0
subjectto 1< |1 0

1
2

<2

| I

Optimal solution
r = (1,0)
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Example

Primal infeasible

L 1 0
1,..T
minimize s 0 O_x
. 1] [ 1 o] _[2
<
subject to 1 < 10/ = |2
Certificate

oy = (—1,—1)

Conflicting
constraint
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Ax

N

Example

Primal infeasible

Certificate

oy = (—1,—1)
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Example

Dual infeasible

%xT (1) 8 x+[0 1]3:

subjectto 1< |1 0] <2

Unbounded

minimize | |
direction

Certificate
ox = (0, —1)
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g
2

Example

Dual infeasible

Certificate
ox = (0, —1)
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Example

Primal and dual infeasible

L 1 0 Unbounded
1 T
minimize = 0 1 | |
niftie 2% 0 0 e+ [0 1w direction
| 1 1 0 Pl
subjectto | | < | 4 ol = 2| Conflicting

- - - - - constraint

Certificates
ox = (0, —1)
5:‘/ — (_17 _1)
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Solution Polishing



Obtaining the active set

L ower active
L={i|(Az); =1; Ny; <0}

Upper active
U=1{i|(Ax); =u; Ny; >0}
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Solving single linear system

P AL Al [ o —q
Ar ye| = | ¢
Ay | (yu Uy

Inactive constraints
yi=0 ¢ (LUl)



Solving single linear system

P AL Ag; x —q
Ar yc| = | Iz
Ay | (yu Uy
H—J W_J

M g

Inactive constraints
yi=0 ¢ (LUl)



lterative refinement

Perturbed system
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lterative refinement

Quasi-definite —

Perturbed system
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lterative refinement

Quasi-definite —

Perturbed system
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lterative refinement

Perturbed system

P+6l AL

Quasi-definite — Ap —ol

lterations

Al

T
Ur
Yu |

0t" < solve (M + A)§t" = g — Kt"

tk

Lo tF 4 5tF
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