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What is IteratedLocal Search?

Iteratedlocal search (ILS) is anSLSmethodthatgeneratesa
sequenceof solutionsgeneratedbyan embeddedheuristic,
leadingto far betterresultsthanif onewere to userepeated

randomtrials of thatheuristic.

simpleprinciple

easyto implement

state-of-the-artresults

longhistory
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IteratedLocal Search — Framework

Given

somelocal searchalgorithm:LocalSearch

moregeneral:any problemspeci�c optimizationalgorithm

Question

cansuchanalgorithmbeimprovedby iteration?

YES

ThomasStützle,IteratedLocalSearch& VariableNeighborhoodSearch— MN Summerschool,Tenerife,2003– p.4



ILS — Notation

�

: setof (candidate)solutions

�: solutionin

�

�

: costfunction

�

�

�

�

: costfunctionvalueof solution �

�

�

: locally optimalsolution

�

�

: setof locally optimalsolutions

LocalSearch de�nesmappingfrom

���

�

�

�
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Costdistributions
Costdistrib utions
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How to gobeyondLocalSearch?

RandomRestart
generatemultiple �

�

independently

theoreticalguarantees

practicallynot veryeffective

for largeinstancesleadsto costswith
�x edpercentageexcessaboveoptimum
distribution becomesarbitrarilypeakedaroundthemean
in theinstancesizelimit
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ILS – Principle

Searching in

�

LocalSearch leadsfrom a largespace
�

to asmallerspace

�

�

de�ne abiasedwalk in

�

�

givena �

�

, perturbit: �

�

�

�

�

applyLocalSearch: �

�

�

�

�

�

applyacceptancetest: �

�
�

�

�

�

�

�

�

new
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ILS – Pictorial view

perturbation

solution space S

co
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s* s*'

s'
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ILS – Proceduralview

procedure IteratedLocalSearch

���

� GenerateInitialSolution

�

�

� LocalSearch

�

�
�

�

repeat

�

�

� Perturbation
�

�

�
� history

�

�

�

�

� LocalSearch
�

�

�

�

�

�

� AcceptanceCriterion

�

�

�
�

�

�

�

� history

�

until terminationconditionmet
end
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IteratedLocal Search — Algorithm

performancedependson interactionamongall modules

basicversionof ILS
GenerateInitialSolution: randomor construction
heuristic
LocalSearch: oftenreadilyavailable
Perturbation: randommove in higherorder
neighborhood
AcceptanceCriterion: forcecostto decrease

basicversionoftenleadsto verygoodperformance

basicversiononly requiresfew linesof additionalcode

state-of-the-artresultswith furtheroptimizations
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ILS Examples— TSP

given: fully connected,
weightedGraph

�

�

�
�

�

�

�

�

�

goal: �nd shortest
Hamiltoniancycle

hardness:

�

-hard

interest: standard
benchmarkproblemfor
algorithmicideas
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ILS Examples— TSP

basicILS algorithm for TSP

GenerateInitialSolution: greedyheuristic

LocalSearch: 2-opt , 3-opt , LK, (whateveravailable)
2-opt

Perturbation: double-bridgemove (a4-optmove)

AcceptanceCriterion: accept �

�

�

only if

�

�

�

�

�

�

�

�

�

�

�

�
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ILS Examples— QAP

given: � objectsand � locationswith

�
�� : �o w from object

�

to object

�

��� �

: distancebetweenlocation 	 andlocation �

goal: �nd anassignment(i.e.apermutation)of the � objects
to the � locationsthatminimizes




�
�

�

�

�

��� �

�

��� �

�

�

�

�

�
� �

�

�

�

�

�

�

�

�

�

�

�

�

�

giveslocationof object

�

interest: it is amongthe“hardest”combinatorial
optimizationproblems;severalapplications
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ILS Examples— QAP

basicILS algorithm for QAP

GenerateInitialSolution: randominitial solution

LocalSearch: 2-opt

A C D E FB

A C DE FB

old

new

Perturbation: random
�

-optmove,

�

�

�

AcceptanceCriterion: accept �

�

�

only if

�

�

�

�

�

�

�

�

�

�

�

�
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ILS Examples— PermutationFSP

given:

� jobsto beprocessedon � machines
processingtimes

�
� � of job

�

onmachine

�

machineorderfor all jobsis identical
permutationFSP:samejob orderonall machines

goal: minimizethecompletiontime

���

�
� of lastjob

(makespan).

interest: prototypicalschedulingproblem,

�

-hard
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ILS Examples— FSP

basicILS algorithm for FSP

GenerateInitialSolution: NEH heuristic

LocalSearch: insertionneighborhood

A C D E FB

A C D E FB

old

new

Perturbation: anumberof swap- or interchangemoves

A C D E FB

A C D E FB

old

new

AcceptanceCriterion: accept �

�

�

only if

�

�

�

�

�

�

�

�

�

�

�

�
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ILS Examples— FSP

basicILS algorithm for FSP

GenerateInitialSolution: NEH heuristic

LocalSearch: insertionneighborhood

A C D E FB

A C D E FB

old

new

Perturbation: anumberof swap-or interchangemoves

A C D E FB

A C DE FB
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new
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ILS — modules

ILS is a modular approach

Optimization of individual modules

complexity canbeaddedstep-by-step

differentimplementationpossibilities

optimizesinglemoduleswithout consideringinteractions
amongmodules

� localoptimizationof ILS

globaloptimizationof ILS hasto take into account
interactionsamongcomponents
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ILS — Initial solution

determinesstartingpoint �

�

� of walk in

�

�

randomvs.greedyinitial solution

greedyinitial solutionsappearto berecomendable

for long runsdependenceon �

�

� shouldbevery low
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ILS for FSP, initial solution

3720

3740

3760

3780

3800

3820

3840

3860

3880

1 10 100 1000 10000

M
ak
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n

CPU time [sec]

Greedy start
Random start
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ILS — Perturbation

important:strengthof perturbation
toostrong: closeto randomrestart
tooweak: LocalSearch mayundoperturbation

strengthof perturbationmayvaryat run-time

perturbationshouldbecomplementaryto LocalSearch
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Example: double-bridgemove for TSP

smallperturbation

complementaryto LK local search

low costincrease

A

BC

D

Old:
A-B-C-D

New:
A-D-C-B
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ILS — Perturbationstrength

sometimeslargeperturbationsneeded,examplebasicILS
for QAP

givenis averagedeviation from best-known solutionsfor differentsizesof the
perturbation(from 3 to �); averagesover10 trials.

instance 3 �

�
� �

�

�
�

�

�
�

�

�
�

�

�

� �

�

�
�

�

kra30a 2.51 2.51 2.04 1.06 0.83 0.42 0.0 0.77

sko64 0.65 1.04 0.50 0.37 0.29 0.29 0.82 0.93

tai60a 2.31 2.24 1.91 1.71 1.86 2.94 3.13 3.18

tai60b 2.44 0.97 0.67 0.96 0.82 0.50 0.14 0.43
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ILS — Perturbation
Adaptiveperturbations

singleperturbationsizenot necessarilyoptimal

perturbationsizemayvaryat run-time

� basicVariableNeighborhoodSearch

perturbationsizemaybeadaptedat run-time

� reactivesearch

Complexperturbation schemes

optimizationsof subproblems Lourenço,1995

inputdatamodi�cations Baxter, 1981,Codenottiet al., 1996

modify datade�nition of instance
onmodi�ed instancerunLocalSearch usinginput �

�

,
outputis perturbedsolution �

�
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Input datamodi�cations

1

2
3

4
5

6
7

8

1

5

2

8

7 6

4

s*: locally optimal tour 
w.r.t. original coordinates
1  2  3  4  5  6  7  8

 coordinate
perturbation

s': locally optimal tour 
w.r.t. perturbed coordinates
2  5  1  3  4  5  6  7  8

3

LocalSearch
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Perturbation— Speed

onmany problems,smallperturbationsaresuf�cient

LocalSearch in suchacasewill executemuchfaster

sometimesaccessto LocalSearch in combinationwith
Perturbation increasesstronglyspeed(e.g.don't look bits)

example:TSP, numberlocal searchesin a given,same
CPU-time
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Perturbation— Speed,ILS for TSP

compareNo. local searches(here,
3-opt)in �x edcomputationtime

�

LSRR: No. local searcheswith
randomrestart

�

LS1-DB: No. local searcheswith
onedoublebridgemove as
Perturbation

�

LS1-DB

�

�

LSRR: factor
between

�

LS1-DB and

�

LSRR

time limit: 120 secon a PentiumII
266MHz PC

instance

�

LSRR

�

LS1-DB
�

LS1-DB

�

�

LSRR
kroA100 17507 56186 3.21

d198 7715 36849 4.78

lin318 4271 25540 5.98

pcb442 4394 40509 9.22

rat783 1340 21937 16.38

pr1002 910 17894 19.67

d1291 835 23842 28.56

fl1577 742 22438 30.24

pr2392 216 15324 70.94

pcb3038 121 13323 110.1

fl3795 134 14478 108.0

rl5915 34 8820 259.4
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Perturbation— Speed,ILS for TSP

compareNo. local searches(here,
3-opt)in �x edcomputationtime

�

LSRR: No. local searcheswith
randomrestart

�

LS1-DB: No. local searcheswith
onedoublebridgemove as
Perturbation

�

LS5-DB: No. local searcheswith
� vedoublebridgemovesas
Perturbation

time limit: 120 secon a PentiumII
266MHz PC

instance

�

LSRR

�

LS1-DB
�

LS5-DB
kroA100 17507 56186 34451

d198 7715 36849 16454

lin318 4271 25540 9430

pcb442 4394 40509 12880

rat783 1340 21937 4631

pr1002 910 17894 3345

d1291 835 23842 4312

fl1577 742 22438 3915

pr2392 216 15324 1777

pcb3038 121 13323 1232

fl3795 134 14478 1773

rl5915 34 8820 556
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ILS — AcceptanceCriterion

AcceptanceCriterion hasstrongin�uence onnatureand
effectivenessof walk in

�

�

controlsbalancebetweenintensi�cationanddiversi�cation

simplestcase:Markovianacceptancecriteria

extremeintensi�cation:
Better

�

�

�
�

�

�

�

� history
�

: accept �

�

�

only if

�

�

�

�

�

�

�

�

�

�

�

�

extremediversi�cation:
RW

�

�

�
�

�

�

�

� history
�

: accept �

�

�

always

many intermediatechoicespossible

ThomasStützle,IteratedLocalSearch& VariableNeighborhoodSearch— MN Summerschool,Tenerife,2003– p.28



ILS — AcceptanceCriterion

Example: TSP

smallperturbationsareknown to beenough

highqualitysolutionsareknown to cluster

� goodstrategy incorporatesintensi�cation
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ILS — ExampleresultsTSP

compareaveragedev. from
optimum(

�

avg) over25 trials

�

avg(RR): randomrestart

�

avg(RW): randomwalk as
AcceptanceCriterion

�

avg(Better ): �rst descentin

�
�

asAcceptanceCriterion

time limit: 120 secon a PentiumII
266MHz PC

instance

�

avg(RR)

�

avg(RW)
�

avg(Better )

kroA100 0.0 0.0 0.0

d198 0.003 0.0 0.0

lin318 0.66 0.30 0.12

pcb442 0.83 0.42 0.11

rat783 2.46 1.37 0.12

pr1002 2.72 1.55 0.14

d1291 2.21 0.59 0.28

fl1577 10.3 1.20 0.33

pr2392 4.38 2.29 0.54

pcb3038 4.21 2.62 0.47

fl3795 38.8 1.87 0.58

rl5915 6.90 2.13 0.66
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ILS — AcceptanceCriterion

Example: TSP

smallperturbationsareknown to beenough

highqualitysolutionsareknown to cluster

� goodstrategy incorporatesintensi�cation

Observations

bestresultsfor shortrunswith Better

for long runs,effectivediversi�cation strategiesresultin
muchimprovedperformanceover
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ILS — Search history

exploitationof searchhistory: Many of thebellsand
whistlesof otherstrategies(diversi�cation, intensi�cation,
tabu, adaptiveperturbationsandacceptancecriteria,etc...)
areapplicable

verysimpleuseof history:
Restart

�

�

�
�

�

�

�

� history

�

: Restartsearchif for anumberof
iterationsno improvedsolutionis found
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ILS — QAP, exampleresults

instance acceptance 3 �

�
� �

�

�

�

�

�

�

�

�
�

�

�

� �

�

�

�

�

kra30a Better 2.51 2.51 2.04 1.06 0.83 0.42 0.0 0.77

kra30a RW 0.0 0.0 0.0 0.0 0.0 0.02 0.47 0.77

kra30a Restart 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.77

sko64 Better 0.65 1.04 0.50 0.37 0.29 0.29 0.82 0.93

sko64 RW 0.11 0.14 0.17 0.24 0.44 0.62 0.88 0.93

sko64 Restart 0.37 0.31 0.14 0.14 0.15 0.41 0.79 0.93

tai60a Better 2.31 2.24 1.91 1.71 1.86 2.94 3.13 3.18

tai60a RW 1.36 1.44 2.08 2.63 2.81 3.02 3.14 3.18

tai60a Restart 1.83 1.74 1.45 1.73 2.29 3.01 3.10 3.18

tai60b Better 2.44 0.97 0.67 0.96 0.82 0.50 0.14 0.43

tai60b RW 0.79 0.80 0.52 0.21 0.08 0.14 0.28 0.43

tai60b Restart 0.08 0.08 0.005 0.02 0.03 0.07 0.17 0.43
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ILS — Search history

exploitationof searchhistory: Many of thebellsand
whistlesof otherstrategies(diversi�cation, intensi�cation,
tabu, adaptiveperturbationsandacceptancecriteria,etc...)
areapplicable

verysimpleuseof history:
Restart

�

�

�
�

�

�

�

� history

�

: Restartsearchif for anumberof
iterationsno improvedsolutionis found

Observations

complex interactionof perturbationandacceptancecriterion

tendency: acceptingseveralsmallperturbationsbetterthan
acceptingfew largeones
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ILS — Local search

in thesimplestcase,useLocalSearch asblackbox

any improvementmethodcanbeusedasLocalSearch

betterperformancewith optimizationof thischoice

oftenit is necessaryto havedirectaccessto local search
(e.g.whenusingdon't look bits)
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ILS — Local search

Complex local search algorithms

variabledepthlocal search,ejectionchains

dynasearch

variableneighborhooddescent

any otherlocal searchcanbeusedwithin ILS, including
shortrunsof

tabu search
simulatedannealing
dynamiclocal search
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ILS — Local search
Effectivenessof local search?

often: themoreefective thelocal searchthebetterperforms
ILS

ExampleTSP:2-optvs.3-optvs.Lin-Kernighan

sometimes: preferableto have fastbut lesseffective local
search

Thetradeoff betweeneffectivenessandef�ciency of thelocal
searchprocedureis animportantpoint to beadressedwhen

optimizinganILS algorithm
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ILS, QAP— tabu search vs.2-opt

shorttabu searchruns(

�

� iterations)vs. 2-opt,same
CPU-time

instancetai60a , random,unstructuredinstance

7.26e+06

7.28e+06

7.3e+06

7.32e+06

7.34e+06

7.36e+06

7.38e+06

7.4e+06

7.42e+06

7.44e+06

1 10 100

ob
je

ct
iv

e 
fu

nc
tio

n

CPU time [sec]

2-opt
TabuSearch
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ILS, QAP— tabu search vs.2-opt

shorttabu searchruns(

�

� iterations)vs. 2-opt,same
CPU-time

instancesko64 , grid distances,structured�o ws

48500

48600

48700

48800

48900

49000

49100

49200

49300

49400

1 10 100
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e 
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CPU time [sec]
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ILS, QAP— tabu search vs.2-opt

shorttabu searchruns(

�

� iterations)vs. 2-opt,same
CPU-time

instancetai60b , random,structuredinstances

6.05e+08

6.1e+08

6.15e+08

6.2e+08

6.25e+08

6.3e+08

6.35e+08

6.4e+08

6.45e+08
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6.6e+08

1 10 100
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CPU time [sec]

2-opt
TabuSearch
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Optimizationof ILS

optimizationof theinteractionof ILS components

optimizationgoalhasto begiven(optimizeaveragesolution
quality, etc.)

complex interactionsamongcomponentsexist

globaloptimizationof ILS is complex, thereforeoften
heuristicapproach

globaloptimizationis importantto reachpeakperformance

robustnessis animportantissue
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Optimizationof ILS — Guidelines

Guidelines

GenerateInitialSolution shouldbeto a largeextent
irrelevantfor longerruns

LocalSearch shouldbeaseffectiveandasfastaspossible

bestchoiceof Perturbation maydependstronglyon
LocalSearch

bestchoiceof AcceptanceCriterion dependsstronglyon
Perturbation andLocalSearch

particularlyimportantcanbeinteractionsamong
perturbationstrengthandAcceptanceCriterion

ThomasStützle,IteratedLocalSearch& VariableNeighborhoodSearch— MN Summerschool,Tenerife,2003– p.40



Optimizationof ILS

Ad-hocoptimization
optimizesinglecomponents,e.g.in theorder
GenerateInitialSolution, LocalSearch, Perturbation,
AcceptanceCriterion
iteratethroughthisprocess

Experimentaldesigntechniques
factorialexperimentaldesign
racingalgorithms
responsesurfacemethodolgy
run-timedistributionsmethodology
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Optimizationof ILS

Main dependencies

perturbationshouldnot beeasilyundoneby the
LocalSearch; if LocalSearch hasobviousshort-comings,
agoodperturbationshouldcompensatefor them.

combinationPerturbation—AcceptanceCriterion
determinestherelativebalanceof intensi�cationand
diversi�cation; largeperturbationsareonly usefulif they can
beaccepted

The balanceintensi�cation—di versi�cation is very important
and is a challengingproblem
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IteratedLocal Search — Applications

�rst approachesby Baxter, 1981to a locationproblemand
Baum,1986to TSP

mostdevelopedapplicationsarethoseto TSP

severalapplicationsto schedulingproblems

for severalproblemsstate-of-the-artresults
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ILS for TSPs

iterateddescentBaum,1986

�rst approach,relatively poorresults

largestepMarkov chainsMartin, Otto,Felten,1991,1992,1996

�rst effective ILS algorithmfor TSP

iteratedLin-KernighanJohnson,1990,1997

ef�cient ILS implementationbasedonpreprintsof MOF91

dataperturbationCodenottiet.al,1996

complex perturbationbasedon changingproblemdata
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ILS for TSPs

improvedLSMC Hong, Kahng, Moon,1997

studyof differentperturbationsizes,acceptancecriteria

CLO implementationin Concorde
Applegate, Bixby, Chvatal,Cook,Rohe, 199?-today

very fastLK implementation,publicly available,appliedto extremelylargeinstances
(25million cities!)

ILS with �tness-distancebaseddiversi�cation
Stützle, Hoos1999–today

diversi�cation mechansimin ILS for long run times

ILS with genetictransformationKatayama,Narisha,1999

perturbationguidedby a secondsolution
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ILS for schedulingproblems

singlemachinetotalweightedtardinessproblem

iterateddynasearchCongram,Potts,VandeVelde, 1998

ILS with VND local searchdenBesten,Stützle, Dorigo, 2000

singleandparallelmachinescheduling

severalproblemsattackedby Brucker, Hurink, Werner1996,1997

�o w shopscheduling

permutation�o w shopproblemStützle, 1998

�o w shopproblemwith stagesin seriesYang, Kreipl, Pinedo,2000
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ILS for schedulingproblems

job shopscheduling(JSP)
ILS approachto JSPwith makespancriterion
Lourenço1995,Lourenço,Zwijnenburg, 1996

guidedlocal searchextensionsto JSPwith makespan
criterionBalas,Vazacopoulos1998

totalweightedtardinessjob shopproblemKreipl, 2000
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Otherapplications

graphpartitioningMartin, Otto,1995

problemspeci�c perturbation

unweightedMAX-SAT Battiti, Protasi,1997

a reactive searchalgorithmwhich �ts into ILS framework; tabu searchwasusedin
perturbationphase;goodperformancealsodueto goodtie-breakingcriterion

weightedMAX-SAT Smith,Hoos,Stützle, 2002

tabu-typesearchin perturbation;currentlya state-of-the-artalgorithmfor MAX-SAT; a
preliminaryversionwon the"competition"in theMetaheuristicsNetwork

graphcolouringChiarandini,Paquete, Stützle, 2001,2002

verygoodperformanceovera wide rangeof instances

� � �
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Variable NeighborhoodSearch (VNS)

VariableNeighborhoodSearch is anSLSmethodthat is basedon
thesystematicchangeof theneighborhoodduring thesearch.

centralobservations

a localminimumw.r.t. oneneighborhoodstructureis not
necessarilylocally minimalw.r.t. anotherneighborhood
structure

aglobaloptimumis locally optimalw.r.t. all neighborhood
structures
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Variable NeighborhoodSearch (VNS)

principle: changetheneighborhoodduringthesearch

severaladaptationsof this centralprinciple
variableneighborhooddescent
basicvariableneighborhoodsearch
reducedvariableneighborhoodsearch
variableneighborhooddecompositionsearch

notation

�

�

�

�

�

� � � � �

�

max is asetof neighborhoodstructures

�

�

�

�

is thesetof solutionsin the

�

th neighborhoodof �
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Variable NeighborhoodSearch (VNS)

How to generatethe various neighborhoodstructur es?

for many problemsdifferentneighborhoodstructures(local
searches)exist / arein use

changeparametersof existing local searchalgorithms

use

�

-exchangeneighborhoods;thesecanbenaturally
extended

many neighborhoodstructuresareassociatedwith distance
measures;in this caseincreasethedistance

ThomasStützle,IteratedLocalSearch& VariableNeighborhoodSearch— MN Summerschool,Tenerife,2003– p.52



Variable NeighborhoodDescent(VND)

changetheneighborhoodin adeterministicway

procedureVND

�
�

� GenerateInitialSolution, choose
�

�

�

�

�

�

�

� � � � �

�

max

�

�

�

repeat

�

�

� FindBestNeighbor
�

�

�

if

�

�

�

�

�

�

�

�

�

�

then

�

�

�

�

�

�

�

else

�

�

�

�

�

until

�

�

�

max

end
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VND

�nal solutionis locally optimalw.r.t. all neighborhoods

�rst improvementmaybeappliedinsteadof best
improvement

typically, orderneighborhoodsfrom smallestto largest

if local searchalgorithms

�

�

�

�

�

�

� � � � �

�

max areavailableas
black-boxprocedures

orderblack-boxes
applythemin thegivenorder
possiblyiteratestartingfrom the�rst one
advantage:solutionquality andspeed
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VND — exampleresults

VND for single-machinetotalweightedtardinessproblem
candidatesolutionsarepermutationsof job indices

examinedwereinsertandinterchangeneighborhoods

in�uence of differentstartingheuristicsexamined

initial interchange insert inter+insert insert+inter

solution

�

avg

�

avg

�

avg

�

avg

�

avg

�

avg

�

avg

�

avg

EDD 0.62 0.140 1.19 0.64 0.24 0.20 0.47 0.67

MDD 0.65 0.078 1.31 0.77 0.40 0.14 0.44 0.79

AU 0.92 0.040 0.56 0.26 0.59 0.10 0.21 0.27

�

avg: deviation from best-known solutions,averagedover100instances

�

avg: averagecomputationtimeona PentiumII 266MHz
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BasicVNS

usesneighborhoodstructures �

�

�

�

�

� � � � �

�

max

(standard)local searchis appliedin �

otherneighborhoodsareexploredonly randomly

explorationsof otherneighborhoodsareperturbationsin the
ILS sense

perturbationis systematicallyvaried

AcceptanceCriterion: Better

�

�

�
�

�

�

�

�
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BasicVNS— Proceduralview

procedurebasicVNS

���

� GenerateInitialSolution, choose
�

�

�

�

�

�

�

� � � � �

�

max

repeat

�

�

� RandomSolution

�

�

�

�

�

� �

�

�

�

� LocalSearch

�

�

�

�

% local searchw.r.t.

���

if

�

�

�

�

�

�

�

�

�

�

�

�

then

�

�

�

�

�

�

�

�

�

else

�

�

�

�

�

until terminationcondition
end
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BasicVNS— variants
orderof theneighborhoods

forwardVNS: startwith

�

�

�

andincrease
�

by oneif
nobettersolutionis found;otherwiseset

�

�

�

backwardVNS: startwith

�

�

�

max anddecrease

�

by
oneif nobettersolutionis found
extendedversion:parameters

�

min and

�

step; set

�

�

�

min

andincrease

�

by

�

step if nobettersolutionis found

acceptanceof worsesolutions
acceptworsesolutionswith someprobability
SkewedVNS: acceptif

�

�

�

�

�

�

�

�

�

�

�

�
�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

measuresthedistancebetweensolutions
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ReducedVNS

sameasbasicVNS exceptthatnoLocalSearch procedure
is applied

only exploresrandomlydifferentneighborhoods

canbefasterthanstandardlocal searchalgorithmsfor
reachinggoodqualitysolutions
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Var. NeighborhoodDecompositionSearch

centralidea
generatesubproblemsby keepingall but

�

solution
components�x ed
applya local searchonly to the

�

“free” components

1

2
3

4
5

6
7

8

fix red edges and

define subproblem

1

2 3

4

5

67

8

relatedapproaches:POPMUSIC,MIMA USA, etc.
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VNDS— Proceduralview

procedureVNDS

���

� GenerateInitialSolution, choose
�

�

�

�

�

�

�

� � � � �

�

max

repeat

�

�

� RandomSolution

�

�

�

�

� �

�

� FreeComponents

�

�

�

�

�

�

�

�

� LocalSearch

�

�

�

% local searchw.r.t.

�
�

�

� �

� InjectComponents
�

�

�
�

�

�

�

if

�

�

�

� �

�

�

�

�

�

�

then

�

�

�

� �

�

�

�

else

�

�

�

�

�

until terminationcondition
end
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RelationshipbetweenILS andVNS

thetwo SLSmethodsarebasedondifferentunderlying
“philosophies”

they aresimilar in many respects

ILS apearsto bemore�e xible w.r.t. optimizationof the
interactionof modules

VNS givesplaceto approacheslikeVND for obtainingmore
powerful local searchapproaches
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ILS andVNS— Conclusions

ILS and VNS are ..

basedonsimpleprinciples

easyto understand

basicversionsareeasyto implement

robust

highly effective
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Future work
applicationsto new typesof problems

� multi-objective,dynamic,stochastic,logic, etc.

reasonsfor thesuccessof ILS/VNS

� searchspaceanalysis

understandingwherethey fail

� searchspaceanalysis

understandingof theinteractionbetweenthemodules
GenerateInitialSolution, LocalSearch, Perturbation, and
AcceptanceCriterion

� experimentaldesigntechniques

systematiccon�gurationof ILS/VNS algorithms

� experimentaldesigntechniques,machinelearningapproaches
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