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ABSTRACT

Thedatawarehouseisakeydatarepositoryofanybusinessenterprisethatstoresenormoushistorical
datameantforansweringanalyticalqueries.Thesequeriesneedtobeprocessedefficientlyinorder
tomakeefficientandtimelydecisions.Onewaytoachievethisisbymaterializingviewsoveradata
warehouse.Ann-dimensionalstarschemacanbemappedintoann-dimensionallatticefromwhich
Top-Kviews canbe selected formaterialization.Selectionof suchTop-Kviews is anNP-Hard
problem.Severalmetaheuristicalgorithmshavebeenusedtoaddressthisviewselectionproblem.In
thispaper,aswapoperator-basedparticleswarmoptimizationtechniquehasbeenadaptedtoaddress
suchaviewselectionproblem.
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1. INTRODUCTION

Businessespredominantlyuse technology that results in thegenerationof enormousquantityof
data.Thisrawdataprovidesusefulinformationaboutcustomers.Inordertobecomesuccessfuland
competitive,acompanymustutilizethisdataeffectivelyandefficiently.Further,BusinessIntelligence
isincreasinglybecomeawidelyacceptedtoolforcompaniestogainacompetitiveadvantageinthe
marketspace(Ranjan,2005).Thedatawarehouseaccomplishesthisobjectiveofbusinessintelligence
byworkingwithallthebusinessrelateddata,alongwiththeenterprise’shistoricdata,gatheredfrom
disparatedatasources(Gupta&Singh,2014;Kimball,2008).Thedatawarehouseconvertsthisdata
intoamultidimensionaldatamodel,whichisthereafterusedforcost-effectivequerying,analysisand
decisionmaking(Inmon,2005).Datawarehousesaresubject-orientedandvoluminousdatarepository
isforansweringcomplexanalyticalqueries.Theprocessingtimeofthesequeriesisusuallyhigh.This
timeneedstobereducedforefficientdecisionmaking.Materializedviewscanbeusedtoreducethis
processingtime.Materializedviewscomprisepre-computedaggregatedata,whichisstoredonadisk
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andisrefreshedwithchangesinthedataintheunderlyingdatasources.Thekeyissueassociated
withmaterializedviewsisthattheybecomeoutdatedif theyarenotconstantlyupdatedwiththe
underlyingdata(Rosset.al,1996).Inarelationaldatawarehouse,theinformationisstoredusing
thestarschemainwhichthereisonecentralizedfacttablewithoneormoredimensiontableslinked
toit.In(Grayet.al,1996),adatacubeoperator,whichcomputestheaggregatesoverallsubsetsof
thedimensionspecifiedintheoperation,wasproposed.In(Baraliset.al,1997;Harinarayanet.al,
1996),amultidimensionallatticeframeworkwasusedtoindicatethisrelationbetweentheaggregate
views.Aggregatesarereflectedbytheverticesofann-dimensionallattice.Inalatticerepresentation,
themostbeneficialviewscanbecomputedimmediatelyfromtheschemaofthedatawarehouse.
Thereisnoneedtoconsiderlogfilesofthequeriesand/ortheiraccessfrequency.Forastarschema
havingonefacttableandndimensiontables,thenumberofpossibleviewswouldbe.Inliterature,
several view selection techniques exist that select appropriate subsets of views. In (Harinarayan
et.al,1996),agreedyviewselectionalgorithm,referredtoasHRUA(Haider&VijayKumar,2011,
2017;VijayKumar&Haider,2015),isproposedthatselectsTop-Kviewsfromalatticeofviews.
SelectingsuchTop-KviewsisanNP-Hardproblem(Harinarayanetal.,1996)andtherefore,several
randomizedstochasticoptimizationmethodshavebeenproposedinliteraturetoaddressthisproblem.
Thesecanbeclassifiedasrandomized(VijayKumar&Kumar,2015),evolutionary(VijayKumar
&Kumar,2014;Kumar&VijayKumar,2018),swarm(Sun&Wang,2009;Arun&VijayKumar,
2015a,2015b,2017a,2017b;VijayKumar&Arun,2016,2017;Kumar&VijayKumar,,2017a,
2017b,2017c,2018,2020).Also,multi-objectiveevolutionaryalgorithmsVEGA(Prakash&Vijay
Kumar,2019a),MOGA(Prakash&VijayKumar,2020a),SPEA-2(Prakash&VijayKumar,2019b)
andNSGA-II(Prakash&VijayKumar,2020b)havealsobeenusedtosolvethematerializedview
selection(MVS)problem.

In this paper, a new swap operator based particle swarm optimization (NSOPSO), given in
(El-Ashmawietal.,2018,2020),hasbeenusedtoselectsubsetsofviewsfromamulti-dimensional
lattice.Accordingly,aNSOPSObasedMVSalgorithmisproposedthatselectstheTop-Kviewsin
theperspectiveofalatticeframework.

Thepaperisorganizedasfollows:ParticleSwarmOptimization(PSO)isbrieflydiscussedin
section2followedbyViewselectionusingNSOPSOinSection3.Anexampleinsection4illustrates
thestepsinvolvedintheproposedMVSalgorithm.Section5showstheexperimentalresultsfollowed
byconclusioninstep6.

2. PSO

ParticleSwarmOptimization(PSO)algorithmisapopulation-basedswarmalgorithmintroducedin
(KennedyandEberhart,1995).Itismodelleduponthemovementaestheticsofaflockofbirds.This
algorithmusesaswarmofparticlesthatareflownthroughahyperdimensionsearchspace.Asolution,
orparticleismovedaccordingtoitsownlocalbestknownposition,calledpbest,andalsobythebest
positionoftheswarmcalledgbest.Thesepbestandgbestvaluesarekeptuptodate,asimproved
positionsareunearthedbyotherparticles.InPSO,ateachtimestep,aparticleisacceleratedtoward
itspbestandgbestlocationswithrandomweightedaccelerations(KennedyandEberhart,1995):
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