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ABSTRACT

In today’sworld, business transactional data hasbecome the critical part of all business-related
decisions.Forthispurpose,complexanalyticalquerieshavebeenrunontransactionaldatatoget
therelevantinformation,fromtherein,fordecisionmaking.Thesecomplexqueriesconsumealotof
timetoexecuteasdataisspreadacrossmultipledisparatelocations.Materializingviewsinthedata
warehousecanbeusedtospeedupprocessingofthesecomplexanalyticalqueries.Materializingall
possibleviewsisinfeasibleduetostoragespaceconstraintandviewmaintenancecost.Hence,asubset
ofrelevantviewsneedstobeselectedformaterializationthatreducestheresponsetimeofanalytical
queries.OptimalselectionofsubsetofviewsisshowntobeanNP-Completeproblem.Inthisarticle,
anon-Paretobasedgeneticalgorithm,isproposed,thatselectsTop-Kviewsformaterializationfroma
multidimensionallattice.Anexperiments-basedcomparisonoftheproposedalgorithmwiththemost
fundamentalviewselectionalgorithm,HRUA,showsthattheformerperformscomparativelybetter
thanthelatter.Thus,materializingviewsselectedbyusingtheproposedalgorithmwouldimprove
thequeryresponsetimeofanalyticalqueriesandtherebyfacilitateindecisionmaking.
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1. INTROdUCTION

Thepenetrationofsmarttechnologieshasmadeitincreasinglyconvenienttocaptureandstorethe
dataofdaytodaybusinesstransactions.Ithasbecomestandardpracticeinthebusinessworldtomake
everytransactionindigitalform.Thetransactionaldatahasahiddenvalue,whichcanprovideuseful
insightaboutbusinessperformance.Thesetrendsandinsightsaidsmarterbusinessdecisions.Ifthis
transactionaldataisanalyzedandusedproperly,itcanempowerthebusinessworldtomakesmarter
decisionsabouttheirfuturebusinessoperations.Intoday’scompetitivebusinessenvironment,smarter
decisionsarenecessaryinordertosustainintheglobalmarket.Themulti-nationalcompaniescapture
businesstransactionaldataandstoretheminmultipledisparatedatabasesspreadacrosstheglobe.

Therearetwoapproachestoaccessthisinformationnamelythelazy(on-demand)approachor
eager(in-advance)approach(Widom,1995).Intheformerapproach,thedataisgatheredbasedonthe
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userqueryandisusedwhendataatlocaldatasourceschangesfrequently.Inthelatterapproach,the
dataisaccumulatedandstoredaprioriinacentralrepositoryandqueriesareprocessedagainstthis
alreadystoredinformation.Adatawarehouseisbasedonthelatterapproach.Inadatawarehouse,
relevantdataaccumulatedfrommultipledisparatedatabases,spreadacrossmultiple locations, is
integratedandstoredforanalyticalqueryprocessing.Adatawarehousestoressubject-specificdata,
which isnon-volatile and time-variant, integrated frommultiple sources for supporting strategic
decisionmaking(Inmon,2003;Kimball&Ross,2003).Thecomplexanalyticalqueriesareposed
againstthedatainthedatawarehouseinordertogetinsightsandtrendsforbusinessoperations.These
complexandanalyticalqueriestakealotoftimeforprocessingconsideringthatadatawarehouse
growscontinuouslywithtimeasdatainitisnon-volatile.Thisprocessingtimecanbereducedby
materializingviewsinthedatawarehouseandusetheseforqueryingpurposes(Mohaniaetal.,1999).
Since all possible views cannot bematerializeddue to storage space constraints, an appropriate
subsetamongstthemneedstobeselectedthatconformtothestoragespaceconstraintandcanresult
inefficientdecisionmaking.Theselectionofsuchasubsetofrelevantviewsisreferredtoasview
selection(Chirkovaetal.,2002).Viewselectionisdiscussednext.

1.1. View Selection
Viewselection,asdefinedin(Chirkovaetal.,2002),is“GivenadatabaseschemaR,storagespace
B,andaworkloadofqueriesQ,chooseasetofviewsVoverRtomaterializewhosecombined
sizeisatmostB”.ThisproblemisanNP-completeproblem(Gupta,1997;Dondietal.,1999).
Severalviewselectionalgorithmsexist,mostofwhichareempirical-basedorheuristic-based.
Theempiricalalgorithmsconsiderdataaccessedbypastqueriesasindicatorsofdatalikelytobe
accessedbyfuturequeries(Lehneret.al.,1996,VijayKumar&Devi,2012,2013;VijayKumar
etal.,2010a).Ontheotherhand,heuristicbasedviewselectionalgorithms(Harinarayanet.al.,
1996;Guptaet.al.,1997;Choiet.al.,2002,Theodoratos&Sellis,1997;Yanget.al.,1997;Baralis
etal.,1997;Gupta&Mumick,2005;Hornget.al.,2003;Lin&Kernighan,1973;Zhanget.al.,
2001;Vallurietal.,2002)findsolutions,fromamongallpossiblesolutions,withoutguaranteeing
the globally optimal solution. Three frameworks have been considered for the view selection
problem,i.e.thedatacubelattice(Harinarayanet.al.,1996;Grayetal.,1997),AND/ORviewgraph
(Roussopoulosetal.,1982)andMultiviewprocessingplan(MVVP)(Yangetal.,1997).Thedata
cubelatticeframework,whichhasbeenconsideredinthispaperforviewselection,isbasedon
starschema,whichiswidelyusedfordatawarehousedesign.Themulti-dimensionallatticeisa
simplerepresentationofallpossibleviews.Thenodeofthelatticerepresentsaviewandthetop
most,orrootview,representsthefacttable.Amulti-dimensionallatticeisadependencylattice
framework,where thequeryonanynodecanbeansweredby its ancestornode.Forexample,
considera3-dimensionallatticeshowninFigure1.

Figure 1. Lattice 3-dimensional with view size
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ThenodeABCisafacttableandallothernodesarepossibleviewsi.e.AB,AC,BC,A,B,
CandNone.

SizeSofeachviewsisshownalongsidetheview.Thedirectdependenciesarecapturedbyedges
betweentheadjacenthierarchieswhereas,theindirectdependenciesarecapturedtransitivelybetween
viewsinthesamehierarchy,butnotinadjacenthierarchy.TheedgebetweenviewAandABshows
directdependencywhereasAisindirectlydependentonABC.Allviewsdirectlyorindirectlydepend
ontherootviewABCandtheviewNONEhasnodependentview.

Thegreedyviewselectionalgorithmproposedin(Harinarayanetal.,1996)hasbeenemployed
on the multidimensional lattice to select Top-K views from it. This algorithm, hereinafter
referredtoasHRUA,isthemostfundamentalviewselectionalgorithminliterature.However,
forhigherdimensiondatasets,itbecomesalmostinfeasibleforHRUAtoselecttheTop-Kviews
formaterialization.Heuristicslikerandomized(VijayKumar&Kumar,2012a,2012c,2015),
greedy(Harinarayanetal.,1996;Shuklaetal.,1998;Haider&VijayKumar,2011,2017;Vijay
Kumar,2013;VijayKumar&Ghoshal,2009;VijayKumar&Haider,2010,2011a,2011b,2012,
2015,VijayKumaretal.,2010b,2011),evolutionary(VijayKumar&Kumar,2012b,2013,2014,
2018b)andswarm(Arun&VijayKumar,2015a,2015b,2017a,2017b;VijayKumar&Arun,
2016,2017,VijayKumaretal.,2017,Kumar&VijayKumar,2017,2018a)haveaddressedthis
limitationwiththeHRUA.TheirobjectivewastoselectTop-Kviewsfromthemultidimensional
latticethatminimizedthetotalcostofevaluatingall theviews,thiscostisreferredtoasthe
TotalViewEvaluationCost(TVEC)andisdefinedin(VijayKumar&Kumar,2012a,2012b,
2012c,2013,2014,2015)as:
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where,Nistotalnumberofviewsinthelattice,SM
vi

istheStatusMaterializedofviewVi(SMvi
=1materialized,andSM

vi
=0Notmaterialized),Size V

i( ) isthesizeofviewVi,SizeSMA Vi( ) is
sizeofsmallestmaterializedancestorofviewVi.

The existing view selection algorithms addressed the view selection problem as a
singleobjectiveoptimizationproblemwiththeobjectivetominimizetheTVEC. Inthis
paper,anattempthasbeenmadetoformulatethisviewselectionproblemasabi-objective
optimizationproblemsoastosimultaneousoptimizeandachieveabettertrade-offbetween
thecostdue tomaterializedviewsand thecostdue tonon-materializedviews.Further,
anattempthasbeenmadetoaddressthisbi-objectiveMaterializedViewSelection(MVS)
problemusinganon-Paretobasedvectorevaluatedgeneticalgorithm(VEGA)(Schaffer,
1985). Accordingly, a VEGA based MVS algorithm has been proposed that selects the
Top-Kviewsfromamulti-dimensionallattice.Further,experiment-basedcomparisonof
theproposedviewselectionalgorithmwithHRUA iscarriedout intermsof thequality
oftheTop-Kviewsselectedbythem.

1.2. Organization of the Paper
Thepaperisorganizedasfollows:Theformulationoftheviewselectionproblemasabi-objective
optimizationproblemalongwiththeVEGAbasedMVSalgorithmtoaddressitispresentedinsection
2.Anexampleillustratingtheuseoftheproposedmulti-objectiveviewselectionalgorithmisgiven
insection3.Section4discussestheexperimentalbasedcomparisonoftheproposedviewselection
algorithmwithHRUA.Conclusionisgiveninsection5.
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2. MVS USING VEGA

Asmentionedbefore,theobjectiveofaviewselectionalgorithmsistoselecttheTop-Kviewsfrom
amongstallpossibleviewsthatentailtheleastTVEC.Theexistingviewselectionalgorithmsaddresses
theMVSproblemasasingleobjectiveoptimizationproblemwiththeobjectivetominimizeTVEC.In
thispaper,theMVSproblemisformulatedasabi-objectiveoptimizationproblemasdiscussednext.

2.1. The Bi-Objective MVS Optimization Problem
TVEC,asdefineabove,comprisesthesummationofthetwocostsnamelythecostduetomaterialized
views(CMV)andthecostduetonon-materializedviews(CNMV)asgivenbelow:

C Size V
MV

i SM

N

i

vi

= ( )
= ∧ =
∑� �
1 1



CMVisasummationofsizesofallviewsthatarematerialized,asqueriesontheseviewsare
answeredbytheviewitself.Ontheotherhand,CNMVisthesummationofthesizesofthesmallest
materializedancestorofthenon-materializedviewsasqueriesonnon-materializedviewswouldbecost
effectivelyansweredbythatancestorviewthatismaterializedandhasthesmallestsize.Minimization
ofthecostsCMVandCNMVwouldleadtominimizationoftheTVEC.However,reducingthecostCMV,
i.e.materializingfewernumberviews,wouldleadtoincreaseinthenumberofnon-materialized
views,whichinturnwouldincreasethecostCNMV.Ontheotherhand,reducingthecostCNMV,i.e.
moreviewsneedtobematerialized,wouldinturnleadtoanincreaseinCMV.Thatis,costsCMVand
CNMVconflictwitheachotherasminimizationorimprovementinCMVleadtoadeteriorationinCNMV
andvice-versa.Therefore,costsCMVandCNMVneedstobesimultaneouslyoptimizedorminimized
inorder toachieveanoptimumtrade-offbetween the twocosts.Thus, thesingleobjectiveMVS
optimizationproblemisformulatedasabi-objectiveMVSoptimizationproblemthatwouldrequire
optimizationofthetwoobjectivesgivenbelow:

MinimizeC Size V
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Severalalgorithmsexisttosolvesuchmulti-objectiveoptimizationproblems.Onewaytoaddress
suchaproblemisbyusingthescalarbasedapproach,whichemploysweightedaggregationofmultiple
objectivestoformasingleobjectiveoptimizationproblem.Theoriginalproblemofminimizationof
TVECisaweightedaggregationofthetwocostsCMVandCNMV,eachhavingthesameweight.The
majorlimitationofthisapproachistherequirementofapriorknowledgeoftheweights.Alternatively,
approachesexist thatdoesnotrequireapriorknowledgeofweights.Thesearemajorlyclassified
asParetobasedandnon-Paretobasedapproaches(Schaffer,1985;Deb,2001).ThePareto-based
approachesusetheconceptofParetooptimalitytosimultaneouslyoptimizethemultipleobjectives
whereas,thenon-Paretoapproachesaddressthemultipleobjectivesindividuallytosimultaneously
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optimizethem.Inthispaper,anon-Paretobasedmulti-objectivegeneticalgorithmVEGA(Schaffer,
1985)hasbeenusedtoaddressthebi-objectiveMVSoptimizationproblem.VEGAisdiscussednext.

2.2. VEGA
VEGA (Schaffer, 1985; Deb, 2001) is the first multi-objective variant of the GA, which
is a minor modification of the single objective GA to solve multi-objective optimization
problems.Inthisalgorithm,anobjectivevectorisevaluatedinwhicheveryelementof the
vectorrepresentsanobjectivefunction.InVEGA,foranMobjectiveoptimizationproblem,
the population of individuals is divided into M equal subpopulations in every generation.
ThefitnessofindividualsineachsubpopulationisevaluatedusingonlyoneamongsttheM
objectives.Further,notwosubpopulationindividualsareevaluatedonthesameobjective.In
thisway,individualsineachofthesubpopulationsareevaluatedonadistinctobjectiveand
theirrespectivefitnessiscomputed.Next,fromeachsubpopulation,individualsareselected
using proportionate selection (Goldberg, 1989). The selected individuals from each of the
subpopulationsarecombinedtogetherandshuffledtogenerateamatingpoolofindividuals.
This is followedbyapplyingcrossoverandmutationoperators togenerateanewoffspring
populationforthenextgeneration.Thealgorithmsrunforapre-specifiednumberofgenerations
afterwhichthebestsetofindividualsisproducedastheoutput.VEGAhasbeenusedtoaddress
thebi-objectiveMVSproblem.Accordingly,aVEGAbasedMVSalgorithm(MVSVEGA)hasbeen
proposedandisdiscussednext.

2.3. MVSVEGA

In the MVS problem, there is a need to select an appropriate subset of the Top-K views
thatminimizes theTVEC.SincetheMVSproblemisanNP-Completeproblem, there isno
deterministicviewselectionalgorithmthatcanselectthegloballyoptimalTop-Kviews.One
waytoaddresssuchproblemsisbyusingtheGeneticAlgorithm.Further,theexistingview
selectionalgorithmssolvetheMVSproblemasasingle-objectiveoptimizationproblemwith
theobjectivetominimizetheTVEC.Asmentionedabove,theTVECcomprisesoftwocosts
CMVandCNMVandthesetwocostsneedtobesimultaneouslyoptimized,inordertoreducethe
TVEC.TheproposedalgorithmMVSVEGAattemptstoselecttheTop-Kviewsbysimultaneously
minimizingthesetwocosts.ThealgorithmMVSVEGA isgiveninFigure2andtheprocessin
MVSVEGAisdepictedinFigure3.ThealgorithmMVSVEGAtakesalatticeofviewswithsizeof
eachviewL,probabilityofcrossoverPc,probabilityofmutationPm,numberofviewstobe
selectedKandthemaximumnumberofgenerationsforwhichthealgorithmsshouldrunGas
theinputandproducestheTop-KviewsTKVastheoutput.InMVSVEGA,initiallyapopulation
oftheTop-Kviews,PTKV,israndomlygenerated.SinceMVSisformulatedasabi-objective
optimizationproblem,thepopulationPTKVisdividedintotwosub-populationsPTKV1and
PTKV2,eachofsizePTKV/2.ThefitnessoftheTop-KviewsinPTKV1iscomputedusingthe
firstobjectivefunction,i.e.CMV,andfitnessofTop-KviewsinPTKV2iscomputedusingthe
secondobjectivefunction,i.e.CNMV.Next,theTop-Kviewsfromeachofthesubpopulations
PTKV1andPTKV2areselectedusingtheproportionateselectionbasedonthefitnessofthe
Top-Kviewsinitandarecomputedusingthecorrespondingobjectivefunctiontogenerate
theselectedsubpopulationofTop-KviewsSPTKV1andSPTKV2.TheTop-KviewsinSPTKV1
andSPTKV2arethencombinedandshuffledtogenerateamatingpopulationofTop-Kviews
MPTKV.Thereafter,themodifiedcrossover(Davis,1985)andtherandommutation(Goldberg,
1989)operatorsareappliedtogeneratetheoffspringpopulationoftheTop-Kviews.Thisforms
thenewPTKVforthenextgeneration.MVSVEGArunsforapre-specifiednumberofgenerations
Gwhereafter,theTop-KviewsinPTKVhavingtheleastTVEC,i.e.TKV,isproducedasthe
output.AnexampleillustratinguseofMVSVEGAtocomputetheTop-Kviewsisgivennext.
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3. AN eXAMPLe

ConsidertheselectionoftheTop-4viewsfromathree-dimensionallatticeshowninFigure1.Letthe
initialparametersforMVSVEGAbePTKV=8,Pc=0.8andPm=0.1.Theinitialrandompopulationof
theTop-4viewsPT4VisgeneratedasshowninFigure4.

Sincetherearetwoobjectives,i.e.MinimizeCMVandMinimizeCNMV,thepopulationisdivided
intwoequalsub-populationsPT4V1andPT4V2.ThesearegiveninFigure5.

ThefitnessoftheTop-4viewsinPT4V1andPT4V2arecomputedusingCMVandCNMVrespectively.
ThefitnesssocomputedisgiveninFigure6.

Next,theTop-4viewsinPT4V1andtheTop-4viewsinPT4V2areselectedusingtheproportionate
selection (Goldberg, 1989) considering their respective fitness values to generate the selected
subpopulationoftheTop-4viewsSPT4V1andSPT4V2.ThesearegiveninFigure7.

TheTop-4viewsinSPT4V1andSPT4V2arethencombinedandshuffledtogenerateamating
populationofTop-4viewsMPT4V,asgiveninFigure8.

ThisisfollowedbyapplyingthemodifiedcrossoverontheTop-4viewsinMPT4Vwithprobability
0.8asshowninFigure9.

After crossover, the randommutationwithprobability0.1 isperformedon theTop-4 views
produced after crossover, as shown inFigure10.TheTop-4 views aftermutation form thenew

Figure 2. Algorithm MVSVEGA
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populationofTop-4viewsPT4Vforthenextgeneration.Thealgorithmsrunforapre-definednumber
ofgenerationsG.Thereafter,theTop-KviewswithhavingtheleastTVECisproducedastheoutput.

Next,experimentalresultscomparingtheoutputsgeneratedbyMVSVEGAandthemostfundamental
greedyviewselectionalgorithmHRUA,isdiscussed.

4. eXPeRIMeNTAL ReSULTS

TheproposedviewselectionalgorithmMVSVEGAandthefundamentalgreedyviewselectionalgorithm
MVSHRUA,wereimplementedusingMATLAB-2012inaWindows-7environmentonanIntelbased

Figure 3. View selection in MVSVEGA

Figure 4. PT4V
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Figure 5. PT4V1 and PT4V2

Figure 6. CMV and CNMV of Top-4 views in PT4V1 and PT4V2

Figure 7. SPT4V1 and SPT4V2
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2.27GhzPChaving8GBRAM.Theexperimentshavebeenconductedtoascertainthecomparative
performanceofMVSVEGAandMVSHRUAintermsofthequalityoftheTop-Kviewsselectedbythem.
First,experimentswerecarriedouttodeterminetheappropriatevalueoftheprobabilityofcrossover
andtheprobabilityofmutationforwhichMVSVEGAisabletoselecttheTop-10viewswithleastTVEC
fordimensions5,6,7,8,9and10.Thecorrespondinggraphsforthedimensions5,6,7,8,9and10
areshowninFigure11,Figure12,Figure13,Figure14,Figure15andFigure16respectively.From
thesegraphs,itcanbeinferredthatMVSVEGAisabletoselectTop-Kviewsthathavetheminimum

Figure 8. MPT4V

Figure 9. Modified crossover on Top-4 views in MPT4V
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TVECforPc=0.8andPm=0.1.UsingthesevaluesofPcandPm,MVSVEGAiscomparedwiththemost
fundamentalviewselectionalgorithmHRUA(MVSHRUA)intermsoftheTVECoftheTop-Kviews
selectedbythetwoalgorithmsfordimensions5,6,7,8,9and10.Forthese,thegraphsareplotted
andareshowninFigure17,Figure18,Figure19,Figure20,Figure21andFigure22respectively.

Figure10. Mutation on Top-4 views produced after crossover

Figure 11. MVSVEGA – TVEC of Top-10 views, Dimensions=5
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Fromthesegraphs, itcanbeobservedthatTVECvaluesof theTop-Kviewsselected
usingMVSVEGAiscomparativelylowerthanthoseselectedusingMVSHRUAforalldimensions
andforallvaluesofK.ThedifferenceinTVECvaluesofMVSVEGAandMVSHRUAincreases
with increase in the value of K and with an increase in the number of dimensions. The
betterperformanceofMVSVEGAmaybeattributedtoitsabilitytooptimizethetwoobjectives
simultaneously,andtherebyachievingatrade-offbetweenthetwoobjectivesleadingtoa
comparativelylowervalueofTVEC.

Figure 12. MVSVEGA – TVEC of Top-10 views, Dimensions=6

Figure 13. MVSVEGA – TVEC of Top-10 views, Dimensions=7
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5. CONCLUSION

Inthispaper,thematerializedviewsselectionproblemisformulatedasabi-objectiveoptimization
problemwiththetwoobjectivesbeingtheminimizationofthecostduetomaterializedviewsand
theminimizationofthecostduetonon-materializedviews.Theseobjectives,beingconflictingin

Figure 14. MVSVEGA – TVEC of Top-10 views, Dimensions=8

Figure 15. MVSVEGA – TVEC of Top-10 views, Dimensions=9
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nature,aresimultaneouslyoptimizedusingVEGA.Accordingly,VEGAbasedmaterializedview
selectionalgorithmMVSVEGAhasbeenproposedthatselectsTop-Kviewsfromamultidimensional
lattice.ExperimentsbasedcomparisonofMVSVEGAwiththemostfundamentalviewselection
algorithmMVSHRUAshowsthattheformerisabletoselectcomparativelybetterqualityofTop-K

Figure 16. MVSVEGA – TVEC of Top-10 views, Dimensions=10

Figure 17. MVSVEGA Vs. MVSHRUA - Dimensions=5
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Figure 18. MVSVEGA Vs. MVSHRUA - Dimensions=6

Figure 19. MVSVEGA Vs. MVSHRUA - Dimensions=7
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Figure 20. MVSVEGA Vs. MVSHRUA - Dimensions=8

Figure 21. MVSVEGA Vs. MVSHRUA - Dimensions=9
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views, in termsofTVEC, than thoseselectedby the latter.Resultantly,viewsselectedusing
MVSVEGA,ifmaterialized,wouldimprovethequeryresponsetimeofanalyticalqueriesandthereby
greatlyfacilitatedecisionmaking.
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