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Abstract

Mediatorsfor web-basedlataintegration needthe ability to handlemultiple, often conflicting
objecties,including cost,coverageandexecutionflexibility. This requiresthe developmentof query
planningalgorithmsthat are capableof multi-objectve query optimization,aswell astechniquedor
automaticallygatheringthe requisitecost/coveragestatisticsfrom the autonomouslatasources.We
aredesigninga queryprocessingramevork called Havasuto handlethesechallengesWe will present
the architectureof Havasuanddescribethe implementatiorand evaluationof its queryplanningand
statisticsgatheringmodules.

1 Intr oduction

The availability of structuredinformation sourceson the web hasrecentlyleadto significantinterest
in query processingramenorks that canintegratedatasourcesavailable on the Internet. Someof the
challengesnvolvedin supportingsuchqueryprocessing-viztheneedto reformulatequeriegposedo the
mediatorinto equialentsetof queriesonthedatasourcestheability to handlesourcesvith limited access
capabilities andthe needto handleuncertaintyduring executiontime, have beenaddresseg@reviously in
[10, 6, 24,22, 4,14,21, 9]. Therearehowevertwo critical aspect®f queryprocessingn web-basediata
integrationscenarioghathave notyet beentackledadequately:

Multi-objecti ve nature of query optimization: Unlike traditional databaseswherethe objective of
gueryoptimizationis solely to improve the query processingime, in dataintegration, optimizationin-
volveshandlingtradeofs betweenmultiple competingobjectives. In additionto the familiar “execution
cost”, the dimensionsof optimizationalsoinclude: “coverage”of the queryplan(i.e., the fraction of the
answertuplesthatthe planis estimatedo provide), the “rate” at which the planis expectedto produce
the answertuples(c.f. [23]), and“executionflexibility” of the queryplan (e.g. the easewith which the
plancanbe modifiedto handleexecutiontime uncertaintiesuchasblockages) Usersmaybeinterested
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in plansthatareoptimalwith respecto ary of avarietyof possiblecombinationf thesedifferentobjec-
tives.For example,someuseranaybeinterestedn fastexecutionwith reasonableoveragewhile others
may requirehigh coverageevenif with higherexecutioncost. Usersmay alsobe interestedn plansthat
produceanswertuplesat a steadyclip (to supportpipelinedprocessingjatherthanall at onceattheend.
Thevariousobjectvesareofteninter-dependent—it is not possibleto post-procesa planoptimizedfor
oneobjectie (say“executioncost”) to make it be optimal (or even“reasonable”with respecto theother
objectves(e.g. “coverage”’and“executionflexibility”) [15]. Theinteractionsbetweenthesecompeting
objectivesintroducesseveralnew challengesnto queryoptimization[3, 19].

Challengesin gathering statistics: Effective queryprocessingespeciallyonethatis sensitve to multiple
objectves,requiresstatisticsaboutdatasources.In additionto the familiar statisticssuchasselectvity
estimatesand relation cardinalities,in dataintegration scenarioswe also needstatisticsaboutsource
lateng, transmissiorcostsaswell asthe coverage andoverlap information[8]. Thelasttwo arerequired
for characterizinghedistribution of thedatain theunderlyingdatasourcesUnfortunatelygatheringhese
statisticspresentseveral challengesas datasourcesare autonomous Furthermorethe needto manage
time andspacecostsof statisticsgatheringpecomesnorecritical, asthe coverageand overlap statistics
canbe exponentialin the numberof datasourcesandlinearin the numberof distinctqueries(asin the
worstcasewe will needoverlapbetweerevery subsebf sourceswith respecto a givenquery).

In this paper we presentHavasy a novel framavork for web-basedlata integration that we are
currently developing, which focuseson multi-objective cost-basedptimization. Havasualso explicitly
tacklesthe challengedn gatheringthe requisitestatisticsto supportthe multi-objective query process-
ing. Havasuadaptdataminingandmachindearningtechniqueso automaticallygathermrelevantstatistics
aboutthe datasources.As a first steptowardsthis aim, we shall briefly describenow Havasuusesasso-
ciationrule mining techniquegso gatherstatisticsaboutthe coveragesandoverlapsbetweerthe different
sourcesOurcontributionhereis asetof techniqueshatusehierarchicaljueryclassesndthreshold-based
variantsof dataminingtechniquedor keepingthe time and spacecostsinvolved in statisticsgathering
tightly undercontrol. Havasuusesthe gatheredstatisticsto supportmulti-objective query optimization.
We will provide anoverview of how Havasucurrentlygenerateplansthatcanjointly optimizecostand
coverageof a queryplan. Our contritutionshereincludeeffective waysof estimatingandcombiningthe
costandcoverageof partial plans,aswell asdevelopingqueryplanningtechniqueghatkeep“planning
time” (i.e. searchfor queryplans)within reasonabldéimits, despitethe increasecompleity of optimiza-
tion.

Ar chitecture of Havasu Figurel shavsthe architectureof Havasu Lik e somepreviousdataintegration
framewnorks[13,5,12,20,21,9, 1], Havasuassumeshatthe datasourcesanbe modeledasconstrained
relationaldatabasesHavasuusesthe LAV (Local asView) approachto modelthe relationbetweernthe
mediatoranddatasourceschemasWe assumehatthesourcedescriptionsn termsof themediatorschema
areprovidedaspartof a“sourceregistration”processOncetheregistrationis done,StatMiner Havasus
statisticsgatheringmodule,will learnthe selectvity, responsdime, coverageandoverlapstatisticsof the
registeredsources.

The userqueriesare posedon the mediatorschema.The useris alsogiven an opportunityto specify
his/hertradeofs betweerncost,coverageandtime to first tuplein termsof a utility metric (seeSection3).
The queryandthe utility metricaresentto Multi-R, the queryoptimizermoduleof Havasu Multi-R will
usethe statisticsprovided by the StatMinerto supporta multi-objective cost-basedjuery optimization.
The queryplan producedoy Multi-R is then“annotated”with the informationaboutthe executioncosts
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and coveragesexpected,and sentto the schedulerand executor Indrg Havasus executionmonitoring
module,is responsibldor detectingexecutiontime deviations. It monitorsthe responsdimesand cov-
eragegealizedat variouspointsin executionandcomparegshemto the expectedvaluesasgiven by the
planannotationsWhena discrepang is detectedbasedon thetype of discrepang, Indracommunicates
with the executorandthe queryoptimizerto eitherre-scheduler re-optimizethe remainingpart of the
gueryplan. In somecases,/ndraalsocommunicatesvith StatMinerto updatestatisticsto make them
moreaccurate.

In this paperwe will describethe progressve madein designingMulti-R and StatMinermodulesof
Havasu In thefollowing two sectionswe describeour currentprogressn implementingandevaluating
thesemodules.We conclude,in Section4 with a brief overview of someof the currentdirectionsof our
research.

2 Mining statisticsusing StatMiner

As a first steptowardsfully automatedstatisticscollectionfor dataintegration, we developeda set of
techniquedor learningcoverageandoverlapstatisticsfor the datasources.StatMiner{16, 17] usesdata
mining techniquego automaticallylearnthe coverageof autonomousourcesaswell astheir overlaps
with respecto the global mediatorschema.The key challengein learningcoveragestatisticsis keeping
the numberof neededstatisticdow enoughto have the storageandlearningcostsmanageableThe basic
ideaof our approachs to learncoveragestatisticsnotwith respecto individual queriesbut with respect
to queryclassesA queryclassis a setof (selection)queriessharinga particularsetof features We group
gueriesinto queryclassesisingthe AV hierarchiegor Attribute value hierarchies)f the attributesthat
are boundby the query Specifically we develop a hierarchicalclassificationof queriesstartingwith a
hierarchicalklassificatiorof the valuesof certainkey attributesof the globalrelations.The currentarchi-
tectureof StatMinens shown in Figure2(a). The Mediatorrelations,descriptionof the sourcesntegrated
by the mediatorandthe AV-hierarchiesfor eachof the relationsareto be provided by the designerof
mediatorand otherdomainexperts. The mediatorschema, AV hierarchiesand sourcedescriptionsare
usedby Probing Query Generatorto designand executea setof probingqueries. The resultsobtained



arefurther classifiedinto the leastgeneralqueryclassegshatthey belongto andstoredin classinfo. The
datasesourcelnfokeepstrack of whattuplesweregeneratedby eachsource.StatMinertheninvokesthe
LCS algorithm[16] (seeLearningCoverageandOverlapbelow) to identify thelargemediatorclassesand
the sourcecoveragesandsourceoverlapsfor themby usingthe datasetglassinfoandsourcelnfo.

Attrib ute Value Hierar chies: An AV hierarchy (or attribute value hierarchy)over an attribute A is a
hierarchicalclassificationof the valuesof the attribute A. The leaf nodesof the hierarchycorrespondo

specificconcretevaluesof A, while thenon-leafnodesareabstractaluesthatcorrespondo the unionof

valuesbelow them.Hierarchiesdo not have to exist for every attribute, but ratheronly for thoseattributes
overwhich queriesareclassified We call theseattributesthe classificatoryattrib utes Figure2(b) showvs

sampleAV hierarchiedor two classificatoryattributes Conferenceand Y ear of a relation Paper(Title,

Author, ConferenceYear). Theselectiorof theclassificatonattributesmayeitherbedoneby themediator
designeror usingautomatedechniques.

Query Classes: Sincewe focus on selectionqueries,a typical query will have valuesof someset of
attributesbound.We groupsuchqueriesinto queryclassesusingthe AV hierarchief the classificatory
attributesthatareboundby the query To classifyqueriesthatdo not bind any classificatoryattribute, we
would have to learnsimple associationsbetweenthe valuesof the non-classificatoryand classificatory
attributes.A queryclassfeature is definedastheassignmenof aspecificvalueto a classificatoryattribute
from its AV hierarchy A featureis abstractif the attribute is assignecdan abstract(non-leaf)valuefrom
its AV hierarchy Setsof featuresare usedto define query classes. The spaceof query classesover
whichwe learnthe coverageandoverlapstatisticss justthe cartesiamproductof the AV hierarchiesof all
the classificatoryattributes. The AV hierarchiesnducesubsumptiorrelationsamongthe query classes.
A classC; is subsumedy classC; if every featurein C; is equalto, or a specializatiorof, the same
dimensiorfeaturein C;.

Source Coverageand Overlap: Thecoverage of adatasourceS with respecto aqueryclassC, denoted
by P(S|C), is the probabllltythata randomtuple belongingto the classC' is presentn sourceS. The
overlap amonga setS of sourceswith respecto aclassC, denotecby P(S|C) is the probabilitythata
randomtuple belongingto theclassC' is presenin eachsourceS € S.

Learning coverage and overlap statistics: The coverageand overlap can be conveniently computed
usinganassociatiorrule mining approach. StatMinerdearnscoveragestatisticsusingthe LCS algorithm,
andtheoverlapstatisticsusinga variantof the Apriori algorithm[AS94]. LCS algorithmdoestwo things:
it identifiesthe query classeswvhich have large enoughsupport,andit computesthe coveragesof the
individual sourceswith respecto theseidentifiedlarge classesTheresolutionof the learnedstatisticsis
controlledin anadaptve mannewith the helpof two thresholdsA thresholdr, is usedto decidewhether
aqueryclasshaslargeenoughsupporto berememberedwWhena particularqueryclassdoesnt satisfythe
minimum supportthreshold,StatMiner, in effect, storesstatisticsonly with respecto someabstraction
(generalizationpf thatclass.Anotherthresholdr, is usedto decidewhetheror not the overlapstatistics
betweena setof sourcesanda rememberedjueryclassshouldbe stored. A detaileddescriptionof LCS

1A simpleassociatiorwould be Author = J.Ullman — Conference = Databases whereAuthor is non-classificatory
while Con ference is a classificatoryattribute

2Supportandconfidencearetwo measuresf arule’s significance The supportof therule C — S (denotedby P(C'N §))
refersto thepercentagef thetuplesin theglobalrelationthatarecommonto all thesourcesn setS andbelongto classC. The
confidenceof therule (denotedoy P(S|C) P(C”S)) refersto the percentagef thetuplesin the classC' thatarecommonto

P(0)
all the sourcesn sourceSet S.




alogrithmandits usageby StatMinercanbefoundin [16, 17].
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Figure2: Architectureof StatMiner

Evaluating the effectivenessof Statistics Mining: To demonstratéhe effectivenessof the statistics
learnedby StatMinerandto seehow the accurag variesaswe regulatethe amountof statisticslearned
usingthelarge classthresholdwe designedh samplemediatorsystemwith 30 autonomousVebsources.
The mediatorusesthe Simple Greedyand Greedy Selectalgorithmsdescribedn [7] to generatequery
plansusingthe sourcecoverageandoverlapstatisticdearnedby StatMiner
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Figure3: Comparisorof CoverageandPrecision

After probingthe datasourcesandlearningthe coveragestatisticsin termsof associatiorrules, we
useda setof testquerieso estimateheaccurag of learnedstatistics. Themediatormapsary queryto the
lowestabstractclassfor which coveragestatisticshave beenlearnedandgenerateplansusingthe three
approachesRandontSelect SimpleGreedyandGreedySelect.Simplegreedyplansby greedilyselecting



top k£ sourceganked accordingto their coverageswhile Greedyselectselectssourceswith high residual
coveragesalculatedusing both the coverageandoverlapstatistics. RandomSelectpicks ary k sources
anddoesnot dependon the available statistics.As canbe seenfrom Figure 3(a) for all thresholdvalues
GreedySelectgivesthe bestplan,while Simple Greedyis closesecondput the RandomSelectperforms
poorly. Theresultsdemonstrat¢éhatthe coverageaswell asoverlapstatisticshelpsignificantlyin ordering
thesourcecalls. In Figure3(b) we comparehe precisionof plansgeneratedor top 5 sourcesasthelarge
classthresholdr, is varied,regulatingthe amountof learnedstatistics.We definethe precisionof a plan
asthe fraction of sourcesn the plan, which turn out to be the actualtop £ sourcesafter we executethe
guery We seethatGreedySelectgenerateplanswith highestprecisionfor all valuesof classthresholdr,.
Theexperimentghusdemonstrat¢hat StatMineris ableto systematicallyradeaccurag for thetime and
spaceequiredo learnstatistics. Additional detailsabouttheexperimentaketupand StatMineg efficiency
in learningstatisticameasuredn termsof time andspaceutilization areavailablein [16, 17].

3 Joint Optimization of Costand Coveragewith Multi-R

As afirst steptowardsthe realizationof queryoptimizationthatis sensitve to multi-objective optimality

metrics,we have developedandimplementeda versionof Multi-R thathandlesoptimality metricsspec-
ified in termsof costand coveragerequirements.As we arguein [15], joint optimizationis neededas
phasedoptimizationtechniqueghat consideroptimizing coveragefirst and then cost, canleadto both

plansandplanningtimesthatare considerablyinferior. Figure4(a) shavs a schematiof the currentim-

plementatiorof Multi-R. Multi-R searchesn the spaceof parallel queryplans(seeFigure4(b)) which

areessentiallya sequencef sourcesets.Eachsourcesetcorresponds$o a subgoalof the query suchthat
the sourcesn thatsetexport thatsubgoal(relation) The partial (parallel) plansare evaluatedin termsof

ageneralutility metric, thattakesboth costandcoverageof the planinto account.The costandcoverage
estimatesaremadefrom the statisticshatarelearnedby StatMiner
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Costand Coverageof Parallel Plans: A parallelqueryplanp (seeFigure4(b)) hastheform
p=((...(sp1 > 8py) B4 ...) DX 8Pp_1 ) 8Py, Wheresp; = (S U Sip U ... U S, ).
Heresp is asubplarands;; is asourcerelationcorrespondingo thei*" subgoabf thesubgoabrderused
in thequeryplan. The subplansp queriesits sourcesn parallelandunionsthe resultsreturnedfrom the
sources.The executionsemanticf the planp arethatit joins the resultsof the successie subplango



answeitthequery We have developedcostmodelsto computehecostandcoverageof parallelplansusing
thestatisticggatheredy StatMiner Specificallywe computethe cost(responsdime) of theparallelplans
in termsof the sourcelatenciesandselectvity statistics,andcoveragein termsof the sourcecoverages
andoverlapsfor large mediatorclassesslearnedby StatMiner Detailscanbefoundin the appendixor
in [15].
Combining Costand Coverageinto a single Utility Metric: The maindifficulty in combiningthe cost
andthe coverageof a planinto a utility measuras that, asthe lengthof a plan (in termsof the number
of subgoalscovered)increasesthe costof the plan increasesadditively, while the coverageof the plan
decreasesultiplicatively. In orderto make theseparametercombinewell, we take the sum of the
logarithmof the coveragecomponenandthe negative of the costcomponeng

utility(p) = w x log(coverage(p)) — (1 — w) * cost(p)
The logarithm ensureghat the coveragecontritution of a setof subgoalsto the utility factorwill be
additive. Theusercanvary w from 0 to 1 to changeherelative weightgivento costandcoverage.

Generating query plans: Currently Multi-R aimsto find the singleparallelplanwith the highestutility.
Our basicplan of attackinvolves consideringdifferentfeasiblesubgoalorderingsof the query andfor
eachordering,generatinga parallel plan that hasthe highestutility. To this end, we first considerthe
issueof generatingthe bestplan for a given subgoalordering. Given the semanticsof parallel plans
(seeFigure4), this involvesfinding the best“subplan” for a subgoalrelationunderthe binding relation
establishedy the currentpartial plan. Multi-R usesa greedyalgorithm called CreateSubplafil5], to
computethebestsubplarfor asubgoalkR, giventhestatisticsaboutthem sourcesss, Ss, ..., S, thatexport
R, andthebindingrelationatthe endof the current(partial) plan. Multi-R usesa greedyalgorithmcalled
CreateSubplali5], to computethe bestsubplanfor asubgoalR, giventhe statisticsaboutthem sources
S, S, ..., S, thatexport R, andthebindingrelationatthe endof thecurrent(partial) plan. CreateSubplan
first computegheutility of all thesourcesn thebucket,andthensortsthesourcesaccordingo their utility
value. Next the algorithmaddsthe sourcedrom the sortedbucket to the subplanone by one, until the
utility of the currentsubplarbecomesessthantheuutility of theprevioussubplan Althoughthealgorithm
hasa greedyflavor, the subplangieneratedby this algorithmcanbe shovn to be optimalif thesourcesre
conditionallyindependenf7] (i.e., the presencef anobjectin onesourcedoesnot changehe probability
that the objectbelongsto anothersource).Underthis assumptionthe ranking of the sourcesaccording
to their coverageand costwill not changeafter we executesomeselectedsources. The algorithm has
O(m?) compleity. Oncethe CreateSubplaalgorithmis in place finding the parallelplanwith the best
utility involvessortingthroughthe potentialsubgoalorders.In [15], we describeParPlan-DPa dynamic
programmingalgorithmfor this purpose. Currently Multi-R alsoprovidesthe ParPlan-Greedglgorithm
for greedilychoosingthe subgoawhosebestsubplancanmaximally increasehe utility. A hill-climbing
approachcanbe usedto impove the utility of the plan. Furtherdetailsanda compleity analysiscanbe
foundin [15].

Evaluating the Effectivenessof Multi-R: We have conducteda seriesof preliminarysimulationstudies
to assesshe effectivenessf the joint optimizationapproachusedin Multi-R by comparingto the query
optimizationapproacltusedin InformationManifold (IM) [13]. The experimentsveredonewith a setof

simulatedsourcesspecifiedsolelyin termsof the sourcestatistics We used206 artificial datasourcesand

3We adaptthis ideafrom [2] for combiningthe costand quality of Multimedia databaseuery plans,wherethe costalso
increasesadditively andthe quality (suchas precisionandrecall) decreasesultiplicatively whenthe numberof predicates
increases.
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10 mediatedrelationscovering all thesesourceq15]. Initially we testedthe ability of our algorithmsto
handlea variety of utility functionsandgeneratglansoptimizedin termsof cost,coerageor acombina-
tion of both. Figure5[a] shavs how the coverageandthe costof plansgivenby our ParPlan-DRchanges
whentheweightof the coveragein theutility functionis increasedWe obsene thatasexpectedboththe
coverageandthe costincreasavhenwe try to gethighercoverage.Also seethatfor a particularqueryat
hand,thereis alarge areaover which the coverageof a planincreasegasterthanthe costof a plan. The
plotsin Figure5[b] comparehe planningtime for our algorithmswith the phasedptimizationapproach
usedin InformationManifold (IM) [13]. Both our algorithmsincur significantly lower plan generation
coststhanthe decoupledapproachusedin [13]. Also notethat ParPlan-Greedgcalesmuchbetterthan
ParPlan-DPasexpected. In Figure5[b], we plot the estimatef the costand coverageof plansgener
atedby ParPlan-DPasa percentagef the corresponding/aluesof the plansgiven by the algorithmin
[LRO96]. The costandcoveragevaluesfor the plansgeneratedy eachof the approacheareestimated
from the sourcestatisticsusingthecostmodelswe developed.Thealgorithmsin [13] do nottake account
of the relative weightingbetweencostandcoverage.Sothe costand coverageof the plansproducedby
thisapproachremainghesamefor all valuesof w. Thebestplanreturnedoy ouralgorithmhasprettyhigh
estimatedcoveraggover 80%of thecoverageor w over0.4) while incurringcostthatis below 2% of that
incurredby [13]. Eventhoughour algorithmseemgo offer only 20% of the coverageofferedby [13] at
w=0.1,this makessenseagiventhatatw=0.1,the useris giving 9 timesmoreweightto costthancoverage
(andthe approactof [13] is basicallyignoringthis userpreferenceandattemptingfull coverage).

4 Summary and Curr ent Dir ections

In this paperwe motivatedthe needfor multi-objective queryoptimization,andstatisticsgatheringtech-
niquesfor web-basedataintegration. We then describedHavasy a Web dataintegration systemthat
is intendedto supportuserquerieswith multiple, quite often conflicting objectveson autonomoudVeb
sourceghatdo notprovide ary statisticainformation.We describedhedesignof StatMinerandMulti-R,

two main component®f Havasuthat have beenimplementedand presentedesultsof their evaluation.
We arecurrentlymakingseveralextensiongo Havasu For Multi-R we aredevelopingapproacheor han-
dling executionflexibility metricsaspartof the joint optimization. Herewe planto consideroth query
plan metricssuchastime to first tuple,aswell asoutputratecharacterizationsf the plans(c.f. [23]). In

the caseof StatMinerwe aredevelopingapproachethataresensitve to the actualdistribution of queries



encounteredby the mediator Theideais to make theresolutionandsizeof statisticsto be proportionalto
thefrequeng with which specificpartsof the dataareaccessehereby reducingthe statisticsfor infre-
guentlyaccessegartsof the data). Finally, for Indra we arealsodevelopingtechniquegor monitoring
the variousquality metricsof the queryplan[22], including coverage,n orderto detectdeviationsfrom
expectedexecution,aswell asreplanningechniquegc.f[11]) to handlethe detectedexceptions.
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Appendix
A CostModelsfor Parallel Query Plans

Estimating the Costof a Parallel Plan: Theexecutioncostsarecomputedn termsof theresponséimes
offeredby the varioussourceghat make up the (parallel) plan. The responsdime of a sourceis propor
tional to the numberof timesthat sourceis called, and the expectednumberof tuplestransferredover
eachcall. Sincethesourceshave bindingpatternlimitations,andthe setof feasiblesourcecallsdependn
the setof call variablesthat canbe bound,boththe numberof calls andthe numberof tuplestransferred
dependnthevalueof thebinding relation precedinghesourcecall. Specifically supposeve have aplan
p with thesubplans{spy, sps, ..., sp, }. Thecostof p is givenby: cost(p) = ). responseTime(sp;)

Theresponse¢ime of eachsubplansp; (= {S;,, Si,, ---, Si,, } € p) iscomputedn termsof theresponse
timesof theindividual sourceghat make up the subplan.Sincethe sourcesareprocessedh parallel,the
cumulatve responsdime is computedasthe sumof the maximumresponseime of all the sourcesn the
subplananda fractionof thetotal responséime of the sourcesn the subplan:

responseTime(sp;) =maz e m{responseTime(S;;, Bi—1)}+ BXY " manp, responselime(S;;, Bi_1)

where is a weight factor between0 and 1, which depend=n the level of parallelismassumedo
be supportedy the systemandthe network. § = 0 meanshatthe systemallows full parallelexecution
of all the sourcesqueries,while 5 = 1 meansthat all the sourcequerieshave to be executedstrictly
sequentiallyNotice thatthe responsdime of eachsourceis beingcomputedn the context of the binding
relationprecedinghatsourcecall.

As explainedin [15], for asourceS underthebindingrelation B, we cancomputeresponseT'ime(S, B)
in termsof the available sourcestatistics.In doingthis, we assumehatthe mediatorusesa variation of
semi-joinbasedstratgy [18] to evaluatethe joins of the sourcerelations(the variationinvolveshandling
thesourceaccessestrictions).

Estimating the Coverageof a Parallel Plan: Foraquery@ : — Ry, R,, ..., R, andaplanp = {sp1, sps, ..., spn },
the coverageof p, denotedby the probability P(p|Q), marerel f:ﬁll:j((g)). This will dependon the cover-
agesof the subplanssp; in p andthejoin selectvity factorsof the subgoalsandsourcesassociateavith
thesesubplans.Let R,,, be the subgoalcorrespondindo the subplansp;={S;,, Si,, ..., S, }. We use
SF;(B;_1, sp;) to denotethe join selectiity factor betweenthe sourceswithin the ;" subplanandthe
binding relationresultingfrom joining the first : — 1 subplansand SFJ(ﬁi_l, R,,,) to denotethe join
selectvity factorbetweerthe i’* subgoalelationandthe bindingrelationresultingfrom joining thefirst

1 — 1 subgoal relations([15]). Coverageof the planp canbeestimatedas:
— H?:l[Card(sm)XSFJ(%—l,Spi)]
171 [eard(Rsp; ) X SFy(Bi—1,Rsp;)]

coverage(p)

If we assumehatthe subplansovertheirrespectrerelationsuniformly (whichis likely to bethecase
asthesizesf thesubplansndtheircoveragesncrease)thenwehave  SFj(B; 1, sp;) = SFJ(E,l, R,p,).
This, togethemith thefactthat CZ‘;’;‘Z(;”” is justthedefinitionof P(sp;| Ry, ), simplifiestheexpressiorfor
coverageof pto  coverage(p) = H?;l[P(spi|Rspi)]

The coverageof a subplanitself canbe written in termsof the coveragegprovided by the individual
sourcesexportingthatrelation:
P(Spi|R3pi):P(US¢jEspisij‘Rsl’i)



= P(Si,|Rsp;) + P(Si, AN Siy | Rsp;) + .. +P(Si,, NSy A . NS5, (| Rsp;)
Theexpression®f theform P(S;,, A =S;, A ... A =S, |Rsp,) referto “residualcoverages’-i.e.the
residualadditionalcoveragegiven by sourceS;  giventhatthe othersourcesare going to be accessed
aryway. Computingtheseresidualcoveragerequirethe sourceoverlapstatisticsfrom StatMiner(se€[16]
for details).

Combining Costand Coverageinto a single Utility Metric: The maindifficulty in combiningthe cost
andthe coverageof a planinto a utility measuras that, asthe lengthof a plan (in termsof the number
of subgoalscovered)increasesthe costof the plan increasesadditively, while the coverageof the plan
decreasesultiplicatively. In orderto make theseparametercombinewell, we take the sum of the
logarithmof the coveragecomponentindthe negative of the costcomponent:
utility(p) = w x log(coverage(p)) — (1 — w) * cost(p)

The logarithm ensureghat the coveragecontritution of a setof subgoalsto the utility factorwill be
additive. Theusercanvary w from 0 to 1 to changeherelative weightgivento costandcoverage.

4We adaptthis ideafrom [2] for combiningthe costand quality of Multimedia database&uery plans,wherethe costalso
increasesadditively andthe quality (suchas precisionand recall) decreasesultiplicatively whenthe numberof predicates
increases.



