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Outline

simulatedannealing
s basics

s theory

s applications

dynamiclocal search
s basics
s applications

greedyrandomizedadaptve searclproceduresGRASP)
s basics
s applications

iteratedgreedy
s basics
s applications
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Escapinglocal optimality

occasionallyacceptworsesolutions
s talusearch
» Simulatedannealing

modify evaluationfunctionatruntime
» dynamiclocal search

generatenew solutions(for alocal search)
s Iteratedlocal search

s memeticalgorithms/ EAs

s antcolorny optimization

s GRASP

constructve methods
s antcolorny optimization
» Iteratedgreedy
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Notation

. setof (candidate}polutions
. solutionin
. costfunction
. costfunctionvalueof solution
N : neighborhooaf

here,we assumehatwe solve minimizationproblems
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Whatis SimulatedAnnealing (SA)?

SimulatedAnnealingis an SLSmethodhattriesto avoidlocal
optimaby acceptingorobabilistically movesto worsesolutions.

# SimulatedAnnealingwasoneof the rst SLSmethods

# now a"mature"SLSmethod
s mMmary applicationsavailable(ca.1,000papers)
s (strong)corvergenceresults

# simpleto implement
# Iinspiredby ananalogyto physicalannealing
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Physicsanalogy: annealing

# annealings athermalprocesdor obtaininglow enegy
statesf a solid througha heatbath.

1. increasdéhetemperaturef thesolid until it melds
2. carefullydecreas¢éhetemperaturef thesolidto reacha
groundstate(minimal enepgy state cristalinestructure)
# computersimulationsof theannealingorocess

» mMmodelsexist for this procesdasedn Monte Carlo
techniques

» Metropolisalgorithm

simulationalgorithmfor theannealingporocessproposed
by Metropolisetal. in 1953
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Metropolisalgorithm

® generateasequencef states

1. givenstate with enegy , generatesubsequerdtate with
enegy by someperturbatiormechanism

2. |If , thenaccept , otherwiseaccept with
probability ( )

: Boltzmannconstant, : temperature

® |f temperatures loweredslow enoughthesolid mayreachthermal
equilibriumat eachtemperature

® thermalequilibriumcharacterizety Boltzmandistribution

X

2.
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Phys.annealingvs.optimization

physicalsystem

comb optimizationproblem

state

enepgy of astate
groundstate
temperature
rapidquenching

candidatesolutions
costfunction
optimumsolutions
controlparameteftemperature)
iteratve improvement
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SA— high lewvel procedure

generatesomeneighboringsolution N
If , thenaccept

If , thena probabillisticyedno decisionis made
s If outcomeas yes then replaces
s If outcomesno, Iskept

probabilisiticdecisiondepend®n
s thedifference
s acontrolparameter , calledtemperature
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SimulatedAnnealing— Proceduralview

procedure SimulatedAnnealing
; setinitial temperature
GeneratelnitialSolution; pest
while outerloop criteriondo
while innerloop criteriondo

If best
best
end
UpdateTemp ,
end
return pest
end
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SA— generalissues

#® (generatiorof neighboringsolutions

s often generatearandomneighboringsolution
N

. . systematicallygenerataeighboring
solutions
atleastoneis sureto samplethewhole
neighbourhoodf no move is accepted

#® acceptanceriterion

s oOftenused Metropolisacceptanceriterion
o |f thenaccept
o If thenacceptt with a probability of

(—)
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SA— cooling schedule

» openguestions

»

»

» COO

o

now to de ne thecontrolparameter?
now to de ne the (innerandouter)loop criteria?

Ingschedule
Initial temperature

(Example:baset on somestatisticsaboutcostvalues,acceptanceatiosetc.)

s temperaturéunction— how to changehetemperature

(Example:geometriccooling, : )
numberof stepsat eachtemperaturginnerlioop
criterion)

(Example:multiple of the neighbourhoodize)

terminationcriterion(outerloop criterion)
(Example:noimprovementof ,gifor anumberof temperaturealuesandacceptance

ratebelov somecritical value)
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SimulatedAnnealing— Theory

consideravariantof SAwhere

s thetemperatures x edto

s thenumberof stepdsin nite

s nheighboringsolutionsaredravn randomly

modelthis algorithmasa (homogeneoudylarkov chain

a Markov chainis a stochastigrocessin which transition
probabilitiesonly dependnthe currentstate

probabilitiesof statetransitionscanbesummarizedn a
matrix
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Transition probabilities(1)

# how to computethetransitionprobabilities?

#® decomposéransitionprobabilityfrom to N into
s perturbatiorprobability

— If N
(1) {
otherwise,
s acceptancerobability
If
@
( ) otherwise;
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Transition probabilities(2)

thetransitionprobability betweerntwo solutions and
canbecomputedas

— if
— if
3 if

otherwise;

z

undersomemild assumptionsntheneighborhood
structure theresultingMarkov chainis ergodic
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Limiting statedistribution

let betheprobabilitythat isthecurrentsolution
after stepsof thealgorithmattemperature

stateprobability vector:

for egodic Markov chainsthe stateprobability vector
convergesto alimiting probabilityvector

In particular onecanproofthat

2.

(Boltzmanndistribution)
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Limiting distribution for 7' — 0

considentwo solutions and with
In this casewe have

(—)

thelastassertions dueto theassumption
since IS a probability, we have
convergenceto  is only possiblaf we have
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Limiting distribution

#® hencewe have provedthat
for afeasiblesolution ,and \, theprobability
cornvergesto , if is notanoptimalsolution:

# additionallyonecanprovethatif isanoptimalsolution,
thenwe have

opt

where gopt Is thesetof all optimalsolutions
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Observations

If SA canberunlongenough
s With anin nite numberof temperaturealuesand

s for eachtemperatureraluewith anin nite numberof
steps

onecanbesureto beatanoptimalsolutionattheend
however, it Is not clearwhatendmeans

In addition,whenrun atasingletemperaturdevel long
enough

s wecanbesureto nd theoptimumsolution

s henceanoptimalsolutioncanbefoundwithout
annealing

s oneonly needdo storethebestsolutionfoundand
returnit attheend

BUT: we need to guarante@ptimality
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What dothe proofssay?

# fromtheproofswe canalsoconcludethat
s bettersolutionsarebecomingmorelikely

# thisgivesevidencethatafter
s asufcient numberof temperaturealuesand
s asufcient numberof stepsateachtemperatureralue
chancesrehighto have seenagoodsolution

® however, it Is unclearwhatsufcient means

remark: strongeresultsthanthe onespresentedbeforeare
available.SeeHajek's articlefrom 1988
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SAexample: TSP (1) wnsonmcseon 1057

simpleimplementation
startfrom arandominitial solution
neighborhood?2-opt

simplecoolingschedule
IS chosersuchthatca.3% of themovesare
rejected
geometriccoolingwith
temperaturéength
outerloop criterion: 5 temperatureralueswithout
Improvementandacceptanceatebelon 2%
relatvely poorresults(worsethan3-opt at300
timeshighercomputatiortimes)
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SAexample: TSP (2) wnmsonmcseon 1057

Improvements
look-uptablefor acceptancerobabilities

restrictionof theneighborhoodo smallcandidatesets
usingnearesheighborlists of length20

goodinitial solution
low temperaturestarts
systematicscanof theneighborhood
Inclusionof 3-opt moves
signi cantly improvedresults,comparabldo
random-restaitK for samecomputatiortime

comparisorno othertechniques
SA quitefar behindstate-of-the-ardf TSPsolving
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Graph bipartitioning

Given A graph

Goal Findapartitionof thegraphin two nodesets and
with and , suchthatthe numberof
edgeswvith endnodesn thetwo differentsetsis minimized.
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SA example:graph bipartitioning somsoneta. 196

testswererunonrandomgraphs| ) andrandom
geometriagraphs

modi ed costfunction( : imbalanceactor)

allows infeasiblesolutionsbut punisheghe amountof
iInfeasibility
sideadwantage allowsto usel—exchangeneighborhoodsf
Size iInsteadof thetypical neighborhoodhat

exchangeswo nodesatatime andis of size
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SA example:graph bipartitioning somsoneta. 196

Initial solutionis choserrandomly
standardyeometriccoolingschedule

experimentalcomparisorto Kernighan—Linheuristic

SimulatedAnnealinggave betterperformancen
graphs
justthe oppositas truefor graphs

severalfurtherimprovementsvereproposedndtested

generaremark Althoughrelatvely old, Johnsoretal!s experimen-

tal investicationson SA arestill worth a detailedreading!
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SA example:coursetimetabling

abstractiorof arealcoursetimetablingproblemstudiedin
the metaheuristicaetwork
problem
givenis a setof eventsvisited by a setof students
goal: assigneventsto timeslotsandroomssubjectto
hard constraintandoptimizationcriteria
hardconstraints
no studentattendanorethanoneeventatthe sametime

roomis big enoughandsatis esall featuresequiredby
theevent

atary timeslot,thereis atmostoneeventin aroom
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SA example:coursetimetabling

optimizationcriteriathroughsoftconstraints
studenthaseventin lastslot of aday
studenthasmorethantwo eventsin arow
studenthasasingleclasson aday

soft constraintviolationsarepenalized
objectve

nd afeasiblesolutionwith minimumnumberof soft
constraintviolations
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SA example:coursetimetabling

this problemwasattacledin the MetaheuristiciNetwork
andis partof the InternationallimetablingCompetition!

ImplementedsLS methods
Ant Colony Optimization
lteratedLocal Search
SimulatedAnnealing
Talu Search
EvolutionaryAlgorithms

all the SLSmethodsvereimplementedy the expertlabsin
the metaheuristicaetwork

andextensvely evaluatedon a setof benchmarlproblems
(resultscourtesyof MichaelSampels)
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Coursetimetabling:

Implementationsveredonein two phases

rst phase
all labsweregivena sameocal search
all labsweregivenonemonthof developmentime

thenall algorithmshadto be submittedandwere
evaluated

nere resultsof this rst phase

secondohasemorein depthstudiesandfurther
developments

the computationaftesultswereanalyzedvith
non-parametristatisticaltestsbasedn ranks
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Results:Small sizeinstance
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Medium sizelnstance

# Soft Constraint Violations
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Large sizeinstance

# Soft Constraint Violations
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Additional iIssues not coveredhere

Non-monotoneoolingschedules
parallelization

Inhomogeneoutheory

resultson speedf convergence
optimalcoolingschedules
relatedapproachefthresholdacceptingetc.)
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Summary

SimulatedAnnealingis historicallyoneof the rst SLS
methods

very easyto implement

Interestingfor
practitionerssshortdevelopmentimes
mathematiciansconvergence

goodresultsbut oftenat the costof substantiatcomputation
times
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Whatis dynamiclocal seart?

Dynamiclocal seach is a collectivetermfor a numberof
approadesthattry to escapdocal optimaby iteratively
modifyingthe evaluationfunctionvalueof solutions.

differentconceptfor escapindocal optima
severalvariantsavailable
promisingresults
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Dynamiclocal seard

guidethelocal searchby adynamicevaluationfunction

evaluationfunction composef
costfunction
penaltyfunction

penaltyfunctionis adaptecat computatiortime to guidethe
ocalsearch

nenaltiesareassociatedo solutionfeatures

relatedapproaches
long termstratgiesin talu search
noisingmethod

usageof time-varying penaltyfunctionsfor (strongly)
constrainegbroblems

etc.
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Issuesin dynamiclocal seart

timing of penaltymodi cations
ateverylocal searchstep
only whentrappedn alocal optimumw.r.t.
long termstratgyiesfor weightdecay

strengthof penaltymodi cations
additve vs. multiplicative penaltymodi cations
amountof penaltymodi cations

focusof penaltymodi cations
choiceof solutionattributesto be punished

Example:GuidedLocal Search
PhDthesisVoudouris;Voudouris,Tsang Mills 1995—
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Guidedlocal seard

guidedlocal searcHGLS)
modi es penaltiesvhentrappedn local optimaof
variantsexist thatuseoccasionapenaltydecay
usesadditve penaltymodi cations

choosedew amongthe mary solutioncomponents$or
punishment
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Guidedlocal searth — Proceduralview

procedure GuidedLocal Seach

while (terminationconditionnot met)do
ComputeAugmentedObjectiveFunction

endwhile
end procedure

Attentior to get gy Checkin LocalSearch solutionsalsow.r.t. the costfunction

ThomasStiitzle,SA, DLS, GRASR IG — MN SummerschoolTenerife,2003— p.40



GLS — detalls

penaltiescareassociatedo solutionattributes
costcontrikution for solutionattribute
penaltycosts for solutionattribute
anindicatorfunction sayswhethersolution
attribute occursin solution

evaluationfunction becomes

M numberof solutionattributes
. determineghein uence of the penaltycosts
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Guidedlocal seard — detalls

LocalSearch
uses for evaluatingsolutions
runsuntil stuckin alocal optimum w.r.t.
oncestuck,penaltiesaremodi ed

modi cation of penalties
de ne theutility of solutionattributesas

Util —

for all solutionattributeswith maximumutility set
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PropositionalSatis ability Problem(SAT)

SimpleSAT instancgin CNF):

models
true false
false true

SAT Problem- decisionvariant: For agivenpropositional
formula , decidewhether hasatleastonemodel.

SAT Problem— model nding variant: For agiven
propositionaformula ,if Issatis able, nd amodel,
otherwisedeclare unsatis able.
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GLS example:SAT/MAX-SAT i, rsang 2000

best-impreementl—optlocal searcnNGSAT architecture)

usesn additionsa specialtie-breakingeriterionthatfavors
Ipping avariablethatwas ipped thelongesttime ago
(takenfrom HSAT)

If In consecultre iterationsno improvedsolutionis found,
thenmodify penalties

solutionattributesareclauses

whentrappedn alocal optimum,addpenaltiego clausef
maximumutility
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GLS example:SAT/MAX-SAT

computationaexperience
goodresultsespeciallyfor very hardSAT instances
currentlyoneof the bestavailablealgorithmsfor
weightedMAX-SAT

furtherapplications
TSP
QAP
VehicleRouting
ConstraintSatishctionProbleme
workforcescheduling
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Whatis GRASP?

GreedyRandomizeddaptiveSeach Procedues(GRASP)s an
SLSmethodhattriesto constructa large variety of goodinitial
solutionsfor a local seach algorithm.

predecessorsemi-greedyneuristics

triesto combinetheadvantage®f randomandgreedy
solutionconstruction
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Greedyconstructionheuristics

iteratvely constructsolutionsby choosingat each
constructiorsteponesolutioncomponent

solutioncomponentsireratedaccordingio agreedy
function

the bestranked solutionscomponents addedo the
currentpartial solution

examples:Kruskal's algorithmsfor minimumspanning
trees greedyheuristicfor the TSP

adwantage generategoodquality solutions;local search
runsfastand nds typically bettersolutionsthanfrom
randominitial solutions

disadantage do notgeneratanary differentsolutions;
dif culty of iterating
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Randomvs.greedyconstruction

randomconstruction
high solutionquality variance
low solutionquality

greedyconstruction
goodquality
low (no) variance

goal: exploit advantage®f both
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Semi-greedyeuristics

addat eachstepnot necessarilyhe highestratedsolution

repeatuntil afull solutionis constructed:
ratesolutioncomponentsiccordingto a greedyfunction

put high ratedsolutioncomponentato arestricted
candidatdist (RCL)

chooseoneelementof the RCL randomlyandaddit to
the partial solution

adaptve element.greedyfunctiondepend®nthepartial
solutionconstructesgofar

Hart, Shogn, 1987
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Generationof the RCL

mechanism$or generatingRCL

cardinalitybased includethe bestratedsolution
componentsnto RCL

valuebased includeall solutioncomponentsvith
greedyvaluesbetterthanagiventhreshold
basedRCL

let min ( max begreedyvaluesof best(worst)ranked
solutioncomponent

Includesolutioncomponents with greedyvalues

min max min

IS aparameter
corresponds$o a greedyconstructiorheuristic
corresponds$o arandomsolutionconstruction
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GRASP

GRASPItriesto captureadvantage®f randomandgreedy
solutionconstruction
iteratethrough

randomizedsolutionconstructiorexploiting agreedy
probabilisticbiasto constructfeasiblesolutions

applylocal searchto improve overthe constructed
solution

keeptrackof the bestsolutionfoundsofarandreturnit at
theend
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GRASP— local seart

local searciHfrom randomsolutions
high variance

bestsolutionquality oftenbetterthangreedy(if nottoo
largeinstances)

averagesolutionquality worsethangreedy
local searchrequiresmary improvementsteps

local searchfrom greedysolutions
averagesolutionquality betterthanrandom

local searchtypically requiresonly a few improvement
steps

low (no) variance
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GRASP— Proceduralview

procedure GRASP
Initialize Parameter
while (terminationconditionnot met)do
ConstructGreedyRandomizedSolution
LocalSearch

If best

best
end

end GRASP
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GRASPExample: SAT

solutioncomponentsirevalueassignmento variables

greedy-Function

numberof still unsatis edclauseghatwould become
satis ed by avalueassignment

. setof additionallysatis ed clausesf true
. setof additionallysatis ed clausesf false
basedRCL
Let over all freevariables
true RCL if

false RCL If
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GRASPExample: SAT

variableselection

If anunsatis edclausecontainsonly onesinglestill
uninstantiatedariable try to satisfythis clause

otherwisechoosaandomlyanelementrom the RCL

local search
best-impreementl-optlocal searcnNGSAT
architecture)

performance

atthetime theresearclwasdonereasonablyood
performance

nowever, nowvadaysby far outperformedy morerecent
ocal searchalgorithmsfor SAT

thesamads truefor weightedMAX-SAT
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GRASPextensions

convergenceof GRASP(notguaranteed )

iIntroductionof abiaswhenchoosingelementdrom the RCL

differentpossibilitiesof using,e.g.ranks(e.g.
bias )

choosea solutioncomponentvith a probability
proportionalto bias

reactve GRASP(tuningof )

additionof atypeof long termmemoryto biassearch
pathrelinking
useof previouselite solutionsto guideconstruction

parallelizationof GRASP
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GRASP— concludingremarks

straightforward extensionof constructiomeuristics
easyto implement

few parameters

mary differentapplicationsavailable
severalextensionsexist

canbeusedto generatenitial populationin
population-basetethods

however, asa stand-alon@rocedureftennot
state-of-the-antesults
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Whatis lterated Greedy?

IteratedGreedyis an SLSmethodhat builds a sequencef
solutionsby iterating over greedyconstructionheuristicsthrough
destructiomand constructiorphases.

straightforward extensionof iteratedlocal searcho the
context of greedyconstructiorheuristics

very goodresultsin avariety of applications
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Greedy— proceduralview

procedure GreedyConstructionHeuristic
emptysolution
while is notacompletesolution do
GreedyComponent

end while

return
end procedure
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Greedyconstructionheuristics

give seedsolutionsto local search EAs etc.

sometimesdditionalfeaturesapplied

uselook-ahead

uselocal searchon partial solutions
constructiorheuristicsalsousedinsideseveral SLS methods
like ACO, rollout/piloting method GRASP
differentapproach:

destructpartof the solution

reconstruct full solution

iteratethroughthesetwo phases

iteratedgreedy(1G)
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|G — proceduralview

procedure SimplelteratedGreedy
GeneratelnitialSolution
repeat
DestructionPhase

ConstructionPhase

AcceptanceCriterion
until terminationconditionmet
end

closelyrelatedto iteratedlocal searchbut usingasanunderlyingheuristic

agreedyconstructiorone
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|G — algorithm

destructiomphase
X edvs. variablesizeof destruction

stochastioss. deterministiodestruction
uniformvs. biaseddestruction

constructiorphase
not every constructiorheuristicis trivially applicable

e.g.nearesheighborconstructiorheuristicfor TSPwould needsomeadaptations

typically, adaptve constructiorheuristicspreferable
speedof the constructiorheuristicis anissue

acceptanceriterion
very muchthesamessueasin ILS
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|G — enhancements

usageof historyinformationto biasdestructve/constructre
phase

uselower boundson the completionof a solutionin the
constructve phase

combinationwith local searchn the constructve phase

uselocal searchto improve full solutions
destruction constructiorphasexanbeseenasa
perturbatiormechanismn ILS

exploitationof constrainfpropagtiontechnigues
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|G example:Setcovering

givern
nite set of objects
family of subset®f thatcovers
weightfunction R

covers if everyelemenin appearsn atleast
onesetin ,l.e.if

goal nd asubset of minimumtotal weightthat
covers

Interest arisedn mary applications, -hard
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|G example:Setcovering

|G approachby BruscoandJacobdrom 1995

assumptionall subsetsareorderedaccordingo
nondecreasingosts
constructnitial solutionusingagreedyheuristicbasedn
two steps
randomlyselecta uncoveredobject
addthelowestcostsubsethatcovers

DestructionPhase removesa x ed numberof
subsets; Isaparameter
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|G example:Setcovering

ConstructionPhase proceeds®s

build a candidatesetcontainingsubsetsvith costof less
than

computethe covervalue
. numberof objectscoveredwhenaddingsubset

adda subsewith minimumcover value

completesolutionis post-processelly removing redundant
subsets

AcceptanceCriterion: Metropolisacceptanceriterion
from SA
computationaéxperience

goodperformancavith this simpleapproach

morerecentlG variantsarestate-of-the-aralgorithms
for SCP
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|G — concludingremarks

simpleprinciple

analogou®xtensionto greedyheuristicsaslLS to local
search

notavery stronglyexploredSLS method
providesanadditionaltool to SLSresearchers
for someapplicationssofar excellentresults

cangive placeto moreeffective combinationsf treesearch
andlocal searchheuristics
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