lterated Local Seard

Variable NeighborhoodSeart

ThomasStitzle

stuetzle@informatik.tu-darmstadt.de
http://lwww.intellektik.informatik.tu-darmstadt.de/"tom.

DarmstadtUniversity of Technology
Departmenbf ComputerScience
IntellecticsGroup

ThomasStiitzle, lteratedLocal Search& VariableNeighborhoodSearch— MN SummerschoolTenerife,2003—p.1



Outline

# IteratedLocal Search
s Frameavork
» Implementation
s Practice

#® VariableNeighborhoodsearch
s Frameavork
s Variants

#® ConcludingRemarks

ThomasStiitzle, IteratedLocal Search& VariableNeighborhoodSearch— MN SummerschoolTenerife,2003—p.2



Whatis lteratedLocal Seard?

Iteratedlocal seach (ILS) is an SLSmethodthat geneiatesa

© o o @

sequenc®f solutionsgenerlatedby an embeddedieuristiq
leadingto far betterresultsthanif onewere to userepeated
randomtrials of that heuristic.

simpleprinciple
easyto implement
state-of-the-antesults
long history
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lterated Local Searth — Framework

Given

# somelocal searchalgorithm:LocalSearch

#® moregeneral:arny problemspeci ¢ optimizationalgorithm
Question

# cansuchanalgorithmbeimprovedby iteration?

YES
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ILS — Notation

. setof (candidate}polutions
. solutionin
. costfunction
. costfunctionvalueof solution
. locally optimalsolution
. setof locally optimal solutions
LocalSearch de nesmappingfrom
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Costdistributions

Costdistrib utions
o take or atrandom
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How to go beyondLocalSearch?

Random Restart

K
9
9
K

generatenultiple independently
theoreticalguarantees
practicallynotvery effective

for largeinstancedeadsto costswith
s X edpercentagexcessabore optimum

s distribution becomesrbitrarily pealedaroundthe mean
In theinstancesizelimit
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ILS — Principle

Searchingin S

#® LocalSearch leadsfrom alargespace
to asmallerspace

#® de ne abiasedwalkin
s (givena , perturbit:
s applyLocalSearch:
s applyacceptancéest: naw

ThomasStiitzle, lteratedLocal Search& VariableNeighborhoodsearch— MN SummerschoolTenerife,2003—-p.8



cost

ILS — Pictorial view

perturbation

S*

solution space S
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ILS — Proceduralview

procedure lteratedLocal Seach
GeneratelnitialSolution

LocalSearch
repeat
Perturbation  history
LocalSearch
AcceptanceCriterion history

until terminationconditionmet
end
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lteratedLocal Search — Algorithm

°

performancalepend®n interactionamongall modules

basicversionof ILS

o GeneratelnitialSolution: randomor construction
heuristic

» LocalSearch: oftenreadilyavailable

s Perturbation: randommove in higherorder
neighborhood

» AcceptanceCiriterion: forcecostto decrease
basicversionoftenleadsto very goodperformance
basicversiononly requiresfew linesof additionalcode
state-of-the-antesultswith furtheroptimizations

°

o o o
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ILS Examples— TSP
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standard

Hamiltoniancycle
benchmarkproblemfor
algorithmicideas

weightedGraph
Interest

# qgivern fully connected,

#® goal nd shortest
#® hardnessN -hard

9
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ILS Examples— TSP

basicILS algorithm for TSP
# GeneratelnitialSolution: greedyheuristic
#® LocalSearch: 2-opt , 3-opt , LK, (whaterer available)

. . .
VA > AN

v/ /
\ S \ .« —--®
o .

# Perturbation: double-bridganove (a4-optmove)
#® AcceptanceCriterion: accept onlyif
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ILS Examples— QAP

givert objectsand locationswith
P . ow from object to object
I . distancebetweerocation andlocation

goatl nd anassignmen(i.e. apermutationpf the objects
tothe locationsthatminimizes

2.2

giveslocationof object

iInterest it iIs amongthe “hardest”combinatorial
optimizationproblems;severalapplications
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ILS Examples— QAP

basicILS algorithm for QAP

® GeneratelnitialSolution: randominitial solution
#® L|ocalSearch: 2-opt

— T~
A B C D E F old

# Perturbation: random -opt move,

#® AcceptanceCiriterion: accept

only if
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ILS Examples— Permutation FSP

» given
s |Jobstobeprocessedn machines
s processingimes of job onmachine
» Mmachineorderfor all jobsis identical
s permutatiorFSP:samegob orderonall machines
# goatl minimizethecompletiontime of lastjob
(makespan).
® interest prototypicalschedulingporoblem N -hard
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ILS Examples— FSP

basiclILS algorithm for FSP
# GeneratelnitialSolution: NEH heuristic
# LocalSearch: insertionneighborhood

—_
A B C D E F old
A C D B E F new

# Perturbation: anumberof swap- or interchangemoves

Y\
A B C D E F old
A C B D E F new

#® AcceptanceCriterion: accept onlyif
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ILS Examples— FSP

basiclILS algorithm for FSP
# GeneratelnitialSolution: NEH heuristic
# LocalSearch: insertionneighborhood

—_
A B C D E F old
A C D B E F new

o Perturbation: anumberof swap-or interchangamoves

— T~
A B C D E F old

#® AcceptanceCriterion: accept onlyif
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ILS — modules

ILS Is a modular approach

Optimization of individual modules
#® complity canbeaddedstep-by-step
# differentimplementatiorpossibilities

# optimizesinglemoduleswithout consideringnteractions
amongmodules
local optimizationof ILS

# globaloptimizationof ILS hasto take into account
Interactionsaamongcomponents
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ILS — Initial solution

determinestartingpoint  of walk in

randomvs. greedyinitial solution

greedyinitial solutionsappearto berecomendable
for longrunsdependencen shouldbeverylow

ThomasStiitzle, IteratedLocal Search& VariableNeighborhoodsearch— MN SummerschoolTenerife,2003—p.19



ILS for FSP Initial solution

3880 C ey

Greedy start
3860 | -
3840 | _
3820

3800

Makespan

3780
3760
3740

3720

1 10 100 1000 10000
CPU time [sec]
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ILS — Perturbation

#® Important:strengthof perturbation
s toostrong closeto randomrestart
s tooweak LocalSearch mayundoperturbation

# strengthof perturbatiormayvary atrun-time
# perturbatiorshouldbe complementaryo LocalSearch
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Example: double-bridgemove for TSP

# smallperturbation
# complementaryo LK local search
#® |ow costincrease

C B

Old:
A-B-C-D
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ILS — Perturbation strength

# sometimedarge perturbationsieededexamplebasiclLS
for QAP

givenis averagedeviation from best-knavn solutionsfor differentsizesof the
perturbationfrom 3to ); averagesver 10trials.

Instance 3

kra30a 251 251 2.04 106 0.83 042 0.0 0.77
sko64 0.65 1.04 0.50 0.37 0.29 0.29 0.82 0.93
tai6Oa 231 224 191 1.71 1.86 294 3.13 3.18
tai6Ob 244 097 0.67 096 0.82 0.50 0.14 0.43
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ILS — Perturbation

Adaptive perturbations
# singleperturbatiorsizenot necessarilyptimal

# perturbatiorsizemayvary atrun-time
basicVariableNeighbornoodsearch

# perturbatiorsizemaybeadaptedatrun-time
reactve search

Complex perturbation schemes
# optimizationsof subproblems Lourenco,1995

# Inputdatamodi cations Baxter1981,Codenottietal., 1996
s mMmodify datade nition of instance

s onmodi ed instanceun LocalSearch usinginput
outputis perturbedsolution
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Input datamodi cations

1
® 3 i 3
2/0 o
coordinate
® perturbation 2
° 4 - o ° ®; 4
5 [ ] o
8 ° 8
LocalSearch <
o ® 6 o o
7 7 6

s*: locally optimal tour s': locally optimal tour
w.r.t. original coordinates w.r.t. perturbed coordinates
12345678 2513456738
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Perturbation — Speed

onmary problemssmallperturbation@resufcient
LocalSearch in suchacasewill executemuchfaster

sometimesccesso LocalSearch in combinationwith
Perturbation increasestronglyspeede.g.don't look bits)

example: TSP numberlocal searches agiven,same
CPU-time
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Perturbation— Speed]LS for TSP

instance LSRR LS1_pB LS1.pB LSRR
kroA100 17507 56186 3.21
compareNo. local searcheghere, q198 s 36849 4.78
3-opt)in x edcomputatiortime in318 4271 25540 5.98
LSRR: No. local searchesvith pcb442 4394 40509 9.22
randomrestart rat783 1340 21937 16.38
LS1.pg: No. local searchesvith pri002 910 17894 19.67
onedoublebridgemove as d1291 835 23842 28.56
Perturbation fl1577 742 22438 30.24
LS1.p8 LSRR: factor pr2392 216 15324 70.94
between LSq pgand LSRR pcb3038 121 13323 110.1
time limit: 120 secon a Pentiuml| f13795 134 14478 108.0
266MHz PC 15915 34 8820 259.4
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Perturbation— Speed]LS for TSP

instance LSRR LSl-DB LS5-DB
kroA100 17507 56186 34451
compareNo. local searcheghere, d198 7715 36849 16454
3-opt)in x edcomputatiortime in318 4271 25540 9430
LSRR: No. local searchesvith pch442 4394 40509 12880
randomrestart rat783 1340 21937 4631
LS4 _pg: No.localsearchesvith pr1002 910 17894 3345
onedoublgbrldgemo\/e as d1291 835 23842 4312
Perturbation
_ fl1577 742 22438 3915
LS5_ppg: No.localsearchesvith
. pr2392 216 15324 1777
ve doublebridgemovesas
Perturbation pcb3038 121 13323 1232
time limit: 120 secon a Pentiuml| fl3795 134 14478 1773
266 MHz PC r5915 34 8820 556
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ILS — AcceptanceCriterion

AcceptanceCriterion hasstrongin uence on natureand
effectivenessf walk in

controlsbalancébetweenntensi cationanddiversi cation
simplestcase:Markovian acceptanceriteria
extremeintensi cation:

Better history : accept onlyif
extremediversi cation:
RW history : accept always

mary intermediatechoicegpossible
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ILS — AcceptanceCriterion

Example: TSP
smallperturbationgareknown to beenough

high quality solutionsareknown to cluster
goodstratgy incorporatesntensi cation
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ILS — ExampleresultsTSP

instance avg(RR) avg(RW avg(Better )

kroA100 0.0 0.0 0.0

d198 0.003 0.0 0.0

compareaveragedey. from lin318 0.66 0.30 0.12
optimum( avg) over 25trials pch442 0.83 0.42 0.11
avg(RR): randomrestart rat/83 2.46 1.37 0.12
avg(RWZ randomwalk as pri1002 2.72 1.55 0.14
AcceptanceCriterion d1291 2.21 0.59 0.28
avg(Better ): rst descentn fl1577 10.3 1.20 0.33
asAcceptanceCriterion pr2392 4.38 2.29 0.54
time limit: 120 secon a Pentiuml| pcb3038 4.21 2.62 0.47
266MHz PC f3795 38.8 1.87 0.58
r5915 6.90 2.13 0.66
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ILS — AcceptanceCriterion

Example: TSP
smallperturbationgareknown to beenough

high quality solutionsareknown to cluster
goodstratgy incorporatesntensi cation

Observations
bestresultsfor shortrunswith Better

for long runs,effective diversi cation stratgiesresultin
muchimproved performancever
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ILS — Seard history

exploitationof searchhistory. Many of thebellsand
whistlesof otherstratgies(diversi cation, intensi cation,
talu, adaptve perturbation@andacceptanceriteria,etc...)
areapplicable

very simpleuseof history:
Restart history : Restartsearchf for anumberof
iterationsno improvedsolutionis found
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ILS — QAP exampleresults

instance  acceptance 3

kra30a Better 251 251 204 106 0.83 042 0.77
kra30a RW 0.02 0.47 0.77
kra30a Restart 0.77
sko64 Better 065 1.04 050 037 029 029 082 0.93
sko64 RW 0.14 0.17 0.24 044 0.62 0.88 0.93
sko64 Restart 0.37 0.31 0.14 0.14 015 041 0.79 0.93
tai60a Better 231 224 191 171 186 294 3.13 3.18
tai60a RW 1.44 208 263 281 302 314 3.18
tai60a Restart 1.83 1.74 1.73 229 3.01 3.10 3.18
tai6Ob Better 244 097 067 096 082 050 014 043
tai6Ob RW 079 080 052 021 0.08 014 0.28 0.43
tai6Ob Restart 0.08 0.08 0.02 0.03 0.07 0.17 043
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ILS — Seard history

exploitationof searchhistory. Many of thebellsand
whistlesof otherstratgies(diversi cation, intensi cation,
talu, adaptve perturbation@andacceptanceriteria,etc...)
areapplicable

very simpleuseof history:
Restart history : Restartsearchf for anumberof
iterationsno improvedsolutionis found
Obsetrvations
complec interactionof perturbatiorandacceptanceriterion

tendenyg: acceptingseveralsmallperturbationdetterthan
acceptingew largeones
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ILS — Local seart

In the simplestcaseuselLocalSearch asblackbox
any improvementmethodcanbeusedaslLocalSearch
betterperformancavith optimizationof this choice

oftenit is necessaryo have directaccesso local search
(e.g.whenusingdon't look bits)
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ILS — Local seart

Complexlocal search algorithms
variabledepthlocal searchgjectionchains
dynasearch
variableneighborhoodlescent

any otherlocal searchcanbeusedwithin ILS, including
shortrunsof

talu search

simulatedannealing

dynamiclocal search
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ILS — Local seart

Effectivenesf local search?

ofternt themoreefectve thelocal searchthe betterperforms
ILS

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

sometimespreferablgo have fastbut lesseffective local
search

Thetradeof betweenreffectivenessandef ciency of thelocal
searchproceduras animportantpointto beadresseavhen
optimizinganILS algorithm
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ILS, QAP — tabu seard vs. 2-opt

shorttalu searclruns(  iterations)vs. 2-opt,same
CPU-time

Instancdai60a , randomunstructurednstance

7.44e+06

7.42e+06
7.4e+06 \
7.38e+06 |

7.36e+06 |
7.34e+06 |
7.32e+06 |
7.3e+06 r
7.28e+06 |
7.26e+06

2-opt ——

objective function

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

shorttalu searclruns(  iterations)vs. 2-opt,same
CPU-time

Instancesko64 , grid distancesstructuredo ws

objective function

49400
49300

49200 r
49100 r
49000 r
48900 r
48800 r
48700 r
48600 r

48500

2-opt

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

shorttalu searclruns(  iterations)vs. 2-opt,same
CPU-time

Instancgai60b , random structurednstances

6.6e+08
6.55e+08 |
6.5e+08 |
6.45e+08 |
6.4e+08 r
6.35e+08 |
6.3e+08 |
6.25e+08 |

6.2e+08 -
6.15e+08 .
6.1e+08 .

6.05e+08

2-opt ——

objective function

1 10 100
CPU time [sec]
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Optimizationof ILS

optimizationof theinteractionof ILS components

optimizationgoalhasto be given(optimizeaveragesolution
guality, etc.)

comple interactionsamongcomponent&xist

globaloptimizationof ILS is comple, thereforeoften
heuristicapproach

globaloptimizationis importantto reachpeakperformance
robustnesss animportantissue
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Optimizationof ILS — Guidelines

Guidelines

GeneratelnitialSolution shouldbeto alarge extent
Irrelevantfor longerruns

LocalSearch shouldbeaseffective andasfastaspossible

bestchoiceof Perturbation maydependstronglyon
LocalSearch

bestchoiceof AcceptanceCriterion dependstronglyon
Perturbation andLocalSearch

particularlyimportantcanbeinteractionsamong
perturbatiorstrengthand AcceptanceCriterion
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Optimizationof ILS

Ad-hocoptimization

optimizesinglecomponentse.g.in theorder
GeneratelnitialSolution, LocalSearch, Perturbation,
AcceptanceCriterion

iteratethroughthis process

Experimentablesigntechniques
factorialexperimentaldesign
racingalgorithms
responseaurfacemethodolgy
run-timedistributionsmethodology
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Optimizationof ILS

Main dependencies

perturbatiorshouldnot be easilyundoneby the
LocalSearch; if LocalSearch hasobviousshort-comings,
a goodperturbatiorshouldcompensatéor them.

combinationPerturbation—AcceptanceCriterion
determinegherelatve balanceof intensi cationand

diversi cation; large perturbationsreonly usefulif they can
beaccepted

The balanceintensi cation—di versi cation Is very important
and is a challengingproblem
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lterated Local Seard — Applications

rst approacheby Baxter 1981to alocationproblemand
Baum,1986to TSP

mostdevelopedapplicationsarethoseto TSP
severalapplicationgo schedulingoroblems
for severalproblemsstate-of-the-amtesults
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ILS for TSPs

iterateddescenbaum 1986

rst approachrelatvely poorresults

large stepMarkov chainSwartin, otto, Felten,1991,1992,1996
rst effective ILS algorithmfor TSP

iteratedLin-K ernigharniohnson;1990,1997
efcient ILS implementatiorbasedn preprintsof MOF91

dataperturbationcodenottiet.al, 1996
comple perturbatiorbasedn changingoroblemdata
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ILS for TSPs

improved LSMC Hong Kahng Moon,1997
studyof differentperturbatiorsizes,acceptanceriteria

CLO implementationn Concorde

Applegate Bixby, Chvatal,Cook,Rohe 199?-today

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

ILS with thess-distancéasedliversi cation
Stitzle Hoos1999—today

diversi cation mechansimn ILS for long runtimes

ILS with genetictransformatiorkatayamanarisha,1999

perturbatiorguidedby a secondsolution
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ILS for sdheduling problems

singlemachinetotal weightedtardinesgproblem

iterateddynasearclkongam,potts, van de Velde 1998

ILS with VND local searchiensestenstiitzle Dorigo, 2000

singleandparal
severalprob

elmachinescheduling

emsattacked by Bruder, Hurink, Werner1996,1997

o0 w shopscheduling

permutationo w shopproblemstitzie 1998

0 W shopproblemwith stagesn serieSvang Kreipl, Pinedo,2000
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ILS for sdheduling problems

job shopschedulingJSP)
ILS approacho JSPwith makesparcriterion

Lourenco1995,Lourenco,Zwijnenlurg, 1996
guidedlocal searchextensiongo JSPwith makespan

Criterion Balas,vazacopoulod 998

total weightedtardinesgob shopproblemkreipi, 2000

ThomasStiitzle, IteratedLocal Search& VariableNeighborhoodsearch— MN SummerschoolTenerife,2003— p.47



Other applications

graphpartitioningmartin, otto, 1995
problemspeci ¢ perturbation

unweightedVIAX-SAT Battiti, Protasi, 1997

areactve searchalgorithmwhich ts into ILS framework; talu searchwasusedin
perturbatiorphasegoodperformancealsodueto goodtie-breakingcriterion

weightedMAX-SAT smith,Hoos,Stiitzle 2002

talu-typesearchn perturbationgurrentlya state-of-the-aralgorithmfor MAX-SAT; a
preliminaryversionwon the"competition"in the MetaheuristiciNetwork

graphcolouringchiarandini, Paquete Stiitzle 2001,2002

very goodperformancever awide rangeof instances
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Variable NeighborhoodSeardh (VNS)

Variable Neighborhoodseach is an SLSmethodhatis basedon
the systematichange of the neighborhoodluring the seach.

centralobsenations

alocal minimumw.r.t. oneneighborhoodtructures not
necessarilyocally minimal w.r.t. anothemeighborhood
structure

a globaloptimumis locally optimalw.r.t. all neighborhood
structures
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Variable NeighborhoodSeardh (VNS)

principle changaheneighborhoodaluringthesearch

severaladaptation®f this centralprinciple
variableneighborhoodlescent
basicvariableneighborhoosearch
reducedvariableneighborhoogearch
variableneighborhoodlecompositiorsearch

notation
max IS @ setof neighborhoodtructures
IS the setof solutionsin the th neighborhooaf
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Variable NeighborhoodSeardh (VNS)

How to generatethe various neighborhood structur es?

for mary problemddifferentneighborhoodtructureglocal
searchesgxist/ arein use

changgrarametersf existing local searchalgorithms

use -exchangeneighborhoodshesecanbenaturally
extended

mary neighborhoodtructuresareassociateavith distance
measuresn this caseincreasehedistance
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Variable NeighborhoodDescent{(VND)

changeaheneighborhoodn adeterministiovay

procedure VND
GeneratelnitialSolution, choose ma

repeat
FindBestNeighbor
If then

else

end
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VND

nal solutionis locally optimalw.r.t. all neighborhoods
rst improvementmay be appliedinsteadof best

iImprovement

typically, orderneighborhood$from smallesto 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-machindotal weightedtardinesgproblem
candidatesolutionsarepermutation®f job indices

examinedwereinsertandinterchangaeighborhoods
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 0.07/8 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: deviationfrom best-knaevn solutions averagedver 100instances

avg averagecomputatiortime onaPentiumll 266MHz

ThomasStiitzle, IteratedLocal Search& VariableNeighborhoodsearch— MN SummerschoolTenerife,2003— p.55



BasicVNS

usesneighborhoodtructures max
(standard)ocal searchs appliedin
otherneighborhoodsareexploredonly randomly

explorationsof otherneighborhoodsareperturbationsn the
ILS sense

perturbations systematicallywaried
AcceptanceCriterion: Better
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BasicVNS — Proceduralview

procedure basicVNS
GeneratelnitialSolution, choose ma
repeat
RandomSolution
LocalSearch %0 local searchw.r.t.
If then
else

until terminationcondition
end
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BasicVNS — variants

orderof theneighborhoods

forward VNS: startwith andincrease by oneif
no bettersolutionis found; otherwiseset
backward VNS: startwith max @anddecrease by

oneif no bettersolutionis found

extendedversion:parameters i, and gp Set

andincrease by geplf Nobettersolutionis found
acceptancef worsesolutions

acceptworsesolutionswith someprobability
SkawedVNS: acceptf

min

measurethedistancebetweersolutions
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ReducedVNS

sameasbasicVNS exceptthatno LocalSearch procedure
IS applied

only exploresrandomlydifferentneighborhoods

canbefasterthanstandardocal searchalgorithmsfor
reachinggoodguality solutions
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Var. NeighborhoodDecompositiorSeard

centralidea

generatesubproblem®by keepingall but solution
componentsx ed

applyalocal searclhonly tothe “free” components

/\/\ ,\’
fix red edges and

.
define subproblem

. 5 @

relatedapproachesPOPMUSIC MIMA USA, etc.
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VNDS — Proceduralview

procedure VNDS
GeneratelnitialSolution, choose ma
repeat

RandomSolution

FreeComponents
LocalSearch 90 local searchw.rt.
InjectComponents

If then

else

until terminationcondition
end
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RelationshipbetweenILS and VNS

thetwo SLS methodsarebasedn differentunderlying
“philosophies”

they aresimilarin mary respects

ILS apeardo bemore e xible w.r.t. optimizationof the
Interactionof modules

VNS givesplaceto approachebke VND for obtainingmore
powerful local searchapproaches
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ILS and VNS — Conclusions

ILS and VNS are...
basedn simpleprinciples
easyto understand
basicversionsareeasyto implement
robust
highly effective
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Future work

applicationdo new typesof problems

multi-objective, dynamic,stochasticlogic, etc.

reasongor thesucces®f ILS/VNS

searchspaceanalysis

understandingvherethey fail

searchspaceanalysis

understanding@f theinteractionbetweerthe modules
GeneratelnitialSolution, LocalSearch, Perturbation, and
AcceptanceCriterion

experimentaldesigntechniques

systematicon gurationof ILS/VNS algorithms

experimentaldesigntechniquesmachingearningapproaches
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