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Introduction

Integer Programming

TN

Exact methods Approximate methods
LP Relax. Lagrangian Relax.

Wedelin Algorithm (1995)
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Wedelin Algorithm The idea

Basic algorithm
Parameters

Wedelin Algorithm

o The original algorithm [Wedelin, 1995] has been designed for IP of the
following form :

. T mXxn m
Ax=b A€ {0,1}™" beN LP
hin e x|Ax = b}, {0, 1} be (LP)

@ The basic idea is to consider the problem’s Lagrangian relaxation

. T T
— Ax —b LR
min {c"x— " (Ax— b))} (LR)

where 7 constitutes the Lagrangian multipliers
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Wedelin Algorithm The idea

Basic algorithm
Parameters

The idea

o Lagrangian relaxation.

min {c'x|Ax = b} (LP) «—  max[ min {c'x—n"(Ax-b)}] (D)

xe{0,1}" TeR" xe{0,1}"

o It is trivial to find the minimum X once the value of 7 has been fixed to 7

#Tb4+ min (¢’ — 7T A)x
x€{0,1}"

@ Obviously, X is optimal iff
1 if (" =#7TA) <0,

%=13 0/1 if (cT —#TA);=0,
0 if (c"—#TA) >0.
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Wedelin Algorithm The idea

Basic algorithm
Parameters

The idea

o Lagrangian relaxation.

. T _ . T, T _
xe'Fo',?}n{C x|Ax =b} (LP)  — p&?g[xerm}n{c x—m' (Ax-b)}] (D)

o It is trivial to find the minimum X once the value of 7 has been fixed to 7

#Tb4+ min (¢’ — 7T A)x
x€{0,1}"

@ Obviously, X is optimal iff

1 if (" =#7TA) <0,
%=13 0/1 if (cT —#TA);=0,
0 if (c"—#TA) >0.

The goal is to manipulate 7 to achieve a solution X with a good value for
(LR) which is feasible for (LP).
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Wedelin Algorithm The idea

Basic algorithm
Parameters

Basic algorithm

A€{0,1}™" beN™ceR"
PeR™™MP — 0,70

—fori=1ton-{- - ____ ,

i
1
1
(initial solution) :
1
1

message "no solution !"

Violated constraints
R — (k| T @i G # b}

_forkeR___¥__________
Update the constraint k

Solution &

Magrot S. et al ISMP 2018



Wedelin Algorithm

The idea
Basic algorithm
Parameters

UpdateRow algorithm

Index k ofthe row to update

Example :
k€ [01[1=0,et6€[0,1]
¢ C=[3 86 5423223108 6 8 105]
LeI be the support af the k'™ equation Ax = b 111 100000000000 0O 1
I —{il ag=0} 000011110000000O0 1
foriel 0000O0OO0COCOTI1IT1T110000 1
= (000000000000 11 1 1f,_|1
; Decrease the mflueflfinf local preferences A 100010001000 1000 1
Pit < OPki 0100010001000T1TOQ0F0 1
- for i€l y. 001000100010O0O0T1@0 1
Calculate reduced costs 0001000100010 001 1

1i < ¢ — Ynent il n — Znenlanil pri

- ~ k =1 (1% constraint)
‘ Sort columns increasingly by reduced costs ‘

Te@) ST = - =Toaa)
¥

I —{ilay=0}={1234}

Update LAgrangian multipliers

= o 1 1, =8—-(2%0) —(2x0
g — i +5 (7, +
k k (a's(bk) B0 +) r3=6—(2X0) —(2x0)=6

13=5-(2%0) —(2%x0)=5

‘ n=3-(2x0) —(2x0)=3

Update variables and preferences
b= (/= ) (g ~Tgturtn) +8 3<5<6<8
Jor j=1tob, do

: Lo(j) < LPr(j) Pro(j) +1

£=[1 00 00 00O0O0O0O0 O O O00]

cfor j=b+1to]|l| do -
H Lp() 0. Pro() “Pke())
v
I,

1
M mt;E+5)=4

x,7,P
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Wedelin Algorithm The idea

Basic algorithm
Parameters

Parameters

Parameter ¢

U

+8 «— random perturbations

o o
T =
M 2 3 § 2

wector © wector r

Parameter
(l‘imin, Kstep & ’imax)

6 K ([ non-invariant offsets)
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Wedelin Algorithm The idea

Basic algorithm
Parameters

Parameters

Parameter «

Kmin if i<w
Knew $— Kold + fistep(‘—;‘;l)a otherwise
where :
set of violated constraints
total number of constraints
number of iterations performed
number of warmup iterations

T3 ™

Parameter 6 gives some control over the history of the preference matrix P

reset the preference values

0=0
0 =1 keeps the full preference history
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Handling More General Problems

General problems

The original algorithm has been designed for IP of the following form :

min {c"x|Ax = b}, A€ {0,1}"" bec N".
xe{0,1}"

Handling more general problems [Bastert et al., 2010]
@ Integer variables x € N”
@ Inequalities Ax < b
© Negative coefficients A € {—1,0,1}™*"
@ General coefficients A € Z™*"
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Parameter tuning

Parameter tuning

Wedelin algorithm includes numerous (integer, real and categorical)

parameters :
parameter type domain
limit integer [1, +oo
w integer [0, +oo
4 real [0, 1]
) real [0, +oof
K min real [0, Kmax[
Kstep real [0, +00]
K max real [ min» o[
a real [0, +oo
constraint, rder categorical none,reversing, random

The choice of these parameters depends on the problem to solve.
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Parameter tuning

To avoid tuning all the parameters, we choose those with a great influence on
the results, and then we tune them to find the best configuration values.

Application :
© Sensitivity Analysis (Morris Method) [Morris, 1991]
= parameters with great influence on the results.
@ Tuning the found parameters

o Rgenoud (Genetic Optimization Using Derivatives)
[Mebane Jr and Sekhon, 2011]
o paramlLS (lterated Local Search) [Hutter et al., 2007]
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Parameter tuning

Procedure

© Choose 20% of a collection of problem instances

@ Apply sensitivity analysis

Morris method: ‘ Plan solves
- proposes sampling plan (|

configuration: 6, &, Kpin, Kstep> Kimaxs ---)

- Normalize solution costs

Example: |

2 parameters discretized in 7 levels . )
5 trajectories of 3 points Average solution cost

| . -
X, ‘_J
<1 Kstep

s Kmax

00 02 0s 06 08 0 L. Kmin
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Parameter tuning

Procedure

© Find the best parameter configuration

Parameter domains
& starting values

J Calls with Configuration scenario |
.' different
Configurator aramcter > Wedglin Solves | Instances |I
A ) algorithm (20%
settings

Returns solution cost ‘

Q Apply the parameter setting found on the entire collection of instances
(100%)
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Experimental results

Experimental results

@ The solver named baryonyx (https://github.com/quesnel/baryonyx)

We have implemented a C++ parallel version of the Wedelin algorithm.

@ Two execution modes :

© Solver mode.
@ Optimizer mode (in parallel according to the number of processors).

o Constraint order : none / reversing / random

Initial solution :
o default : using cost values in the original objective function
e random : using random values.
o best : using best solution found if available (default otherwise).
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https://github.com/quesnel/baryonyx

Experimental results

Experimental results

@ We compare baryonyx

© by default
@ with paramlILS parameter settings
© with Rgenoud parameter settings

e with

@ vehicle scheduling algorithm [Borndérfer, 1998]
@ 4-flip neighborhood local search algorithm [Umetani, 2017]
© hybrid mathematical programming solver LocalSolver
7.5 [Benoist et al., 2011]
© exact solver IBM ILOG cplex 12.7

@ on a collection of problem instances :
Set Partitioning Problem (SPP)
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Experimental results

Experimental results

Set Partitioning Problem (SPP)

A set partitioning problem determines how the items x in one set can be
partitioned into smaller subsets S. All items must be contained in one and only
one partition with a minimum cost.

. S, L] L]
Minimize z= E Cj; . . .
JEN
. . ®| S
subject to Z a;r; =1, VieM M .
=

Solution : S, Ss, S¢
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Experimental results

SPP : Sensitivity analysis of benchmark instances

81 benchmark instances of two families of Set Partitioning Problem

9 parameters of baryonyx solver :

parameter type domain

limit integer [100, 10000]

w integer [0, 100]

0 real [0,1]

5 real [1073,107%]

K min real [0,0.5]

Kstep real [10_4, 10_2]

K max real [0.6,1]

a real [0,2]

policyandom  real [107%,1—1074

Morris analysis :

50 trajectories

50 x (14 9) = 500 simulations of the model, 60 seconds for each simulation
(parallel execution).
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Experimental results

ensitivity analysis of benchmark instances

SPP [K.L.Hoffman, 1993] Telebus [Borndérfer, 1998]

P

R D ormg pde
" A
oy o :

.
* C 5 o 5 1
00 05 ) 15 H 0 © o ! /

°

Parameters with a significant effect on results : Kstep, Kmin, d and 6.
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Experimental results

SPP : Tuning barynyx's parameters for benchmark instances

Rgenoud : ParamlLS :

@ Population Size : 10 @ Prior discretization

o Stopping criterion : number of o Stopping criterion : turner time
generations (5 generations) (12000s)

@ Time elasped : 2 days (for each
family of instances)
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Experimental results

SPP : Computational results of benchmark instances

Born. Umetani cplex cplex localsolver baryonyx baryonyx/'S  baryonyx"8¢
limit time x core nb 2hx1 1hx1 1hx1 60s % 10 60s % 10 60s X 10 60s X 10 60s X 10
SPP instances
Dist. to the optimum
*PPaa01-06 (6) 5.00% (6) 1.00% (6) 0.00% (6)  0.00% (6) _ 7.34% (5) 0.63% (6) 0.13% (6) _0.24% (6)
sppus01-04 (4) 0.00% (4) 0.04% (4) 0.00% (4) __0.00% (4) __0.25% (3) 0.25% (3) 0.25% (3) _ 0.04% ()
sppkl01-02
sppnw01-43 (45) 0.00% (45) 0.00% (45) 9.38% (45) 0.19% (45) 0.04% (45) 0.05% (45)

Telebus instances
Dist. to the best solution found

v0417-0421 (6) 0.00% (6) 0.00% (6) _ 0.00% (6) 0.00% (6) 0.04% (6) 0.22%- (6) _ 0.03% (6) _ 0.05% (6)
v1616-1621 (6) 0.00% (6) 0.05% (6) 0.00% (6) 0.00% (6) 6.75% (6) 1.20% (6) 1.61% (6) _ 0.28% (6)
t0415-0421 (7) 1.88% (7) 0.95% (6) 0.00% (7) 0.67% (7) oo (0) __0.39% (7) _0.13% (7) _ 0.04% (7)
t1716-1722 (7) 5.08% (7) 6.82% (7) 16.53% (7) 124.20% (7) 105.05% (3) 6.21% (7) 0.41% (7) 1.87% (7)

(n) : number of solved instances

oo : no feasible solution was obtained within the time limit
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Conclusions

Conclusions and Perspectives

v/ Implementation of generalized wedelin algorithm (baryonyx solver)
v/ Automatic tuning of baryonyx’s parameters.

v/ Comparison with other methods on SPP shown good performances of
baryonyx

Perspectives

@ Continue the algorithm generalization study :

o Integer variables
o Real coefficients
o Quadratic objective function

@ Test baryonyx's performance on more general problems.
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