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ABSTRACT

Real-wordlarge-scaleoptimisationproblemsoftenresultinlocaloptimaduetotheirlargesearchspace
andcomplexobjectivefunction.Hence,traditionalevolutionaryalgorithms(EAs)arenotsuitable
fortheseproblems.DistributedEA,suchasacooperativeco-evolutionaryalgorithm(CCEA),can
solvetheseproblemsefficiently.Itcandecomposealarge-scaleproblemintosmallersub-problems
andevolvethemindependently.Further,theCCEApopulationdiversityavoidslocaloptima.Besides,
MapReduce,anopen-sourceplatform,providesaready-to-usedistributed,scalable,andfault-tolerant
infrastructuretoparallelisethedevelopedalgorithmusingthemapandreducefeatures.TheCCEAcan
bedistributedandexecutedinparallelusingtheMapReducemodeltosolvelarge-scaleoptimisations
inlesscomputingtime.TheeffectivenessofCCEA,togetherwiththeMapReduce,hasbeenproven
in the literature for large-scale optimisations. This article presents the cooperative co-evolution,
MapReducemodel,andassociatedtechniquessuitableforlarge-scaleoptimisationproblems.
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INTROdUCTION

Thereisavastnumberofreal-worldoptimisationproblemsclassifiedascomplexandlarge-scale
becauseoftheirdifferentcharacteristics,suchashigh-dimensions,massivevolume,varietiesofdata,
non-linear,ormulti-modal(Shietal.,2016).Examplesofsuchoptimisationproblemsincludethe
domainofbio-medical(e.g.,genomicandpost-genomicstudies),healthsciences(Maliketal.,2018,
Saliha,2018,Hariedetal.,2019,StrangandSun,2019),schedulingandplanningproblems(e.g.,
productionandmanufacturingsystems),engineeringdesign(e.g.,laminationandcasingoptimisation
fortheelectricmotor),smartfactories(e.g.,cyber-physicalsystems),logisticsandtransportation(e.g.,
routingproblems,orpackingandcutting),smartgrids,cities,andhomes–energy-awaresystem(e.g.,
reductionofemissionsfromcoal-firedpowerplants),andlarge-scalecoalsupplychain(Liuetal.,
2019,AhsanandRahman,2018).Theavailabilityoflarge-scaleproblemsandtheirdataofferthe
researchcommunitynewopportunitiestodiscovernewinsights.Hence,knowledgemanagement,
knowledgediscovery,ordecision-makingfromtheselarge-scaledataisessentialusingappropriate
modellingandtechniques(WangandMeng,2018,FarsäterandOlander,2019,Hadadetal.,2013,
AhrariandHaghani,2019).
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Evolutionaryalgorithms(EAs)arethefundamentalchoicetotackletheseoptimisationproblems.
Withintheliterature,therearetwosortsofapproachestoEA:non-decompositionanddecomposition.
TheperformanceofEAdeteriorateswhensolvinglarge-scaleoptimisationproblemsduetotheir
associatedfeatures;hence,non-decompositionmethodsarenotsuitablefortheseproblems(Sunet
al.,2019).Themainchallengetothelarge-scaleoptimisationproblemsiseithertriggeredbycomplex
behaviouroftheobjectivefunctionwiththenumberofdecisionvariables,orbytherequirementof
unacceptablecomputationaltime,forexample,byasimulationmodel(ChungandParedes,2015,
Rasoolimaneshetal.,2018).Further,duetotheexponentiallyincreasedsearchspaceoflarge-scale
optimisationproblems,thisresultsinadropinlocaloptimaandeventually,fitnessevaluationbecomes
computationallyexpensive(Omidvaretal.,2010).

StandardandtraditionalEAsormeta-heuristicalgorithmscannotgeneraterelevantresultsin
a reasonable timewithavast searchspace.Distributedevolutionaryalgorithms (DEAs)provide
opportunitiestosolveproblemsinlesscomputationaltimewiththehelpofameta-heuristicalgorithm,
cooperativeco-evolutionaryalgorithm(CCEA).DEAaddressesahigh-dimensionalproblemwitha
divide-and-conquerapproach.DEAcandecomposethelarge-scaleoptimisationproblemsintosmaller
sub-problemsthroughthedistributedco-evolution.ThedistributedenvironmentallowsaDEAto
maintainthepopulationdiversityforpreventinglocaloptima;italsosupportsmulti-objectivesearch
(Gongetal.,2015).TheCCEAdecomposesalarge-scaleproblemintosmallersub-problems,evolves
eachsub-problemseparately,andcollaboratesindividualsfromdifferentsub-populationstobuilda
completesolutionfortheproblem.Accordingly,thefitnessofanindividualisevaluatedbasedon
thesubjectivefitnesslandscape.Heretheevaluatingindividualinteractswithotherindividualsfrom
therestofsub-populations,andthecollaborationperformanceisassignedasfitnesstotheindividual
(Ebrahimpouretal.,2018).Inparticular,whenaproblemisnon-separable,decompositiontechniques
impacttheperformanceoftheoverallprocess.Todealwithnon-separableproblemsinadistributed
environment,co-evolutionandmulti-agentsDEAmodelsaremostsuitable(HanandTrimi,2018,
Shouetal.,2019).Thesemodelscan,however,beinterfacedwithotherDEAmodels,suchasmaster-
slave(Dubreuiletal.,2006),island(PierrevalandParis,2000),cellular(AlbaandDorronsoro,2005),
hierarchical(Folinoetal.,2008),orpool(Royetal.,2009).AmongDEAmodels,islandmodelshave
beenproventoimprovetheglobalsearchabilityoftraditionalEAs,wheremanysub-populationscan
bedeployedonisolatedislandsformaintainingmorethanonebestindividual.Further,individualson
differentislandscanevolveinvariouswaysandislandsinteractwitheachotheronlywhenindividuals
fromoneislandmigratetoanotherislandduringafixedinterval(Gongetal.,2015).

AnextensionofCCEA,theconstructivecooperativeco-evolutionary(C3)algorithm,hasbeen
proposedbyGlorieuxetal.(2017a)tosolvehighlycomplexlarge-scaleoptimisationproblems.They
evaluated theperformanceofC3on large-scaleglobalhigh-dimensionaloptimisationbenchmark
problems(Saxenaetal.,2017).WhenC3isembeddedwithothersearchtechniques,suchasdifferential
evolution(DE)(Nguyenetal.,2019),itoutperformsCCEAanddifferentoptimisationalgorithms.
C3dependson thedecompositionof aproblem (separableornon-separable) andan initial right
feasiblesolution.

Further, the MapReduce programming model on an open-source platform was initially
implementedbyGoogleresearch(DeanandGhemawat,2008).Itisaparallelprogrammingmodel
andexecutescomputationsbycommunicatingwiththeHadoopDistributedFileSystem(HDFS).
MapReduceiscapableoflarge-scalehandlingdatainadistributedsettinginparallelwiththeavailable
resourcesusingitsmapandreducefeatures.Moreover,MapReducehasthecharacteristicsoffault-
tolerance,datalocality,scalability,programmingease,andflexibility(Hashemetal.,2016).Using
theMapReduceprogrammingmodel,adevelopedframeworkoralgorithmcanbeparallelisedin
adistributedplatformtoreducethecomputationaltime(ZhouandGao,2018,Muehlburgeretal.,
2019).Advantagesanddisadvantagesofthealgorithmsmentionedabove,namely,DEA,CCEA,C3,
HDFS,andMapReduce,aresummarisedinthebelowTable1.
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