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Abstract

Mediatorsfor web-baseddata integration needthe ability to handlemultiple, often conflicting
objectives,includingcost,coverageandexecutionflexibility. This requiresthedevelopmentof query
planningalgorithmsthatarecapableof multi-objective queryoptimization,aswell astechniquesfor
automaticallygatheringthe requisitecost/coveragestatisticsfrom the autonomousdatasources.We
aredesigningaqueryprocessingframework calledHavasuto handlethesechallenges.Wewill present
thearchitectureof Havasuanddescribethe implementationandevaluationof its queryplanningand
statisticsgatheringmodules.

1 Intr oduction

The availability of structuredinformation sourceson the web hasrecently lead to significant interest
in queryprocessingframeworks that can integratedatasourcesavailableon the Internet. Someof the
challengesinvolvedin supportingsuchqueryprocessing–viz.,theneedto reformulatequeriesposedto the
mediatorinto equivalentsetof queriesonthedatasources,theability to handlesourceswith limited access
capabilities,andtheneedto handleuncertaintyduringexecutiontime,have beenaddressedpreviously in
[10, 6, 24,22, 4, 14,21, 9]. Therearehowever two critical aspectsof queryprocessingin web-baseddata
integrationscenariosthathavenotyetbeentackledadequately:

Multi-objecti ve nature of query optimization: Unlike traditional databases,wherethe objective of
queryoptimizationis solely to improve the queryprocessingtime, in dataintegration,optimizationin-
volveshandlingtradeoffs betweenmultiple competingobjectives. In additionto the familiar “execution
cost”, thedimensionsof optimizationalsoinclude: “coverage”of thequeryplan(i.e., the fractionof the
answertuplesthat the plan is estimatedto provide), the “rate” at which the plan is expectedto produce
theanswertuples(c.f. [23]), and“executionflexibility” of thequeryplan (e.g. the easewith which the
plancanbemodifiedto handleexecutiontime uncertaintiessuchasblockages).Usersmaybeinterested�
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in plansthatareoptimalwith respectto any of avarietyof possiblecombinationsof thesedifferentobjec-
tives.For example,someusersmaybeinterestedin fastexecutionwith reasonablecoverage,while others
mayrequirehigh coverageevenif with higherexecutioncost. Usersmayalsobeinterestedin plansthat
produceanswertuplesat asteadyclip (to supportpipelinedprocessing)ratherthanall at onceat theend.

Thevariousobjectivesareofteninter-dependent–it is notpossibleto post-processaplanoptimizedfor
oneobjective(say“executioncost”) to make it beoptimal(or even“reasonable”)with respectto theother
objectives(e.g. “coverage”and“executionflexibility”) [15]. The interactionsbetweenthesecompeting
objectivesintroducesseveralnew challengesinto queryoptimization[3, 19].

Challengesin gathering statistics: Effectivequeryprocessing,especiallyonethatis sensitiveto multiple
objectives,requiresstatisticsaboutdatasources.In additionto the familiar statisticssuchasselectivity
estimatesand relation cardinalities,in dataintegration scenarios,we also needstatisticsaboutsource
latency, transmissioncostsaswell asthecoverage andoverlap information[8]. Thelasttwo arerequired
for characterizingthedistributionof thedatain theunderlyingdatasources.Unfortunately, gatheringthese
statisticspresentsseveral challengesasdatasourcesareautonomous.Furthermore,the needto manage
time andspacecostsof statisticsgatheringbecomesmorecritical, asthecoverageandoverlapstatistics
canbe exponentialin thenumberof datasources,andlinear in thenumberof distinctqueries(asin the
worstcasewewill needoverlapbetweeneverysubsetof sourceswith respectto a givenquery).

In this paper, we presentHavasu, a novel framework for web-baseddata integration that we are
currentlydeveloping,which focuseson multi-objective cost-basedoptimization. Havasualsoexplicitly
tacklesthe challengesin gatheringthe requisitestatisticsto supportthe multi-objective queryprocess-
ing. Havasuadaptsdataminingandmachinelearningtechniquesto automaticallygatherrelevantstatistics
aboutthedatasources.As a first steptowardsthis aim, we shallbriefly describehow Havasuusesasso-
ciationrule mining techniquesto gatherstatisticsaboutthecoveragesandoverlapsbetweenthedifferent
sources.Ourcontributionhereis asetof techniquesthatusehierarchicalqueryclassesandthreshold-based
variantsof dataminingtechniquesfor keepingthe time andspacecostsinvolved in statisticsgathering
tightly undercontrol. Havasuusesthe gatheredstatisticsto supportmulti-objective queryoptimization.
We will provide anoverview of how Havasucurrentlygeneratesplansthatcanjointly optimizecostand
coverageof a queryplan. Our contributionshereincludeeffective waysof estimatingandcombiningthe
costandcoverageof partial plans,aswell asdevelopingqueryplanningtechniquesthatkeep“planning
time” (i.e. searchfor queryplans)within reasonablelimits, despitethe increasecomplexity of optimiza-
tion.

Ar chitecture of Havasu: Figure1 shows thearchitectureof Havasu. Likesomepreviousdataintegration
frameworks[13, 5, 12,20,21,9, 1], Havasuassumesthatthedatasourcescanbemodeledasconstrained
relationaldatabases.Havasuusesthe LAV (Local asView) approachto modelthe relationbetweenthe
mediatoranddatasourceschemas.Weassumethatthesourcedescriptionsin termsof themediatorschema
areprovidedaspartof a “sourceregistration”process.Oncetheregistrationis done,StatMiner, Havasu’s
statisticsgatheringmodule,will learntheselectivity, responsetime,coverageandoverlapstatisticsof the
registeredsources.

Theuserqueriesareposedon themediatorschema.Theuseris alsogivenanopportunityto specify
his/hertradeoffs betweencost,coverageandtime to first tuplein termsof a utility metric(seeSection3).
Thequeryandtheutility metricaresentto Multi-R, thequeryoptimizermoduleof Havasu. Multi-R will
usethe statisticsprovided by the StatMinerto supporta multi-objective cost-basedqueryoptimization.
Thequeryplanproducedby Multi-R is then“annotated”with the informationabouttheexecutioncosts
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Figure1: Havasuarchitecture

andcoveragesexpected,andsentto the schedulerandexecutor. Indra, Havasu’s executionmonitoring
module,is responsiblefor detectingexecutiontime deviations. It monitorsthe responsetimesandcov-
eragesrealizedat variouspointsin executionandcomparesthemto theexpectedvaluesasgivenby the
planannotations.Whena discrepancy is detected,basedon thetypeof discrepancy, Indracommunicates
with the executorandthequeryoptimizerto eitherre-scheduleor re-optimizethe remainingpart of the
queryplan. In somecases,Indra alsocommunicateswith StatMinerto updatestatisticsto make them
moreaccurate.

In this paper, we will describetheprogresswe madein designingMulti-R andStatMinermodulesof
Havasu. In thefollowing two sections,we describeour currentprogressin implementingandevaluating
thesemodules.We conclude,in Section4 with a brief overview of someof thecurrentdirectionsof our
research.

2 Mining statisticsusing StatMiner
As a first steptowardsfully automatedstatisticscollection for dataintegration,we developeda set of
techniquesfor learningcoverageandoverlapstatisticsfor thedatasources.StatMiner[16, 17] usesdata
mining techniquesto automaticallylearnthe coverageof autonomoussources,aswell astheir overlaps
with respectto theglobalmediatorschema.Thekey challengein learningcoveragestatisticsis keeping
thenumberof neededstatisticslow enoughto have thestorageandlearningcostsmanageable.Thebasic
ideaof our approachis to learncoveragestatisticsnot with respectto individual queriesbut with respect
to queryclasses.A queryclassis asetof (selection)queriessharingaparticularsetof features.Wegroup
queriesinto queryclassesusingthe AV hierarchies(or Attributevaluehierarchies)of the attributesthat
areboundby the query. Specifically, we develop a hierarchicalclassificationof queriesstartingwith a
hierarchicalclassificationof thevaluesof certainkey attributesof theglobalrelations.Thecurrentarchi-
tectureof StatMineris shown in Figure2(a).TheMediatorrelations,descriptionof thesourcesintegrated
by the mediatorand the AV-hierarchiesfor eachof the relationsare to be provided by the designerof
mediatorandotherdomainexperts. The mediatorschema, AV hierarchiesandsourcedescriptionsare
usedby Probing QueryGeneratorto designandexecutea setof probingqueries.The resultsobtained



arefurtherclassifiedinto the leastgeneralqueryclassesthat they belongto andstoredin classInfo.The
datasetsourceInfokeepstrackof whattuplesweregeneratedby eachsource.StatMinertheninvokesthe
LCSalgorithm[16] (seeLearningCoverageandOverlapbelow) to identify thelargemediatorclassesand
thesourcecoveragesandsourceoverlapsfor themby usingthedatasetsclassInfoandsourceInfo.

Attrib ute Value Hierar chies: An AV hierarchy (or attribute valuehierarchy)over an attribute � is a
hierarchicalclassificationof thevaluesof theattribute � . The leaf nodesof thehierarchycorrespondto
specificconcretevaluesof � , while thenon-leafnodesareabstractvaluesthatcorrespondto theunionof
valuesbelow them.Hierarchiesdo nothave to exist for everyattribute,but ratheronly for thoseattributes
overwhichqueriesareclassified.Wecall theseattributestheclassificatoryattrib utes. Figure2(b)shows
sampleAV hierarchiesfor two classificatoryattributesConferenceandY earof a relationPaper(Title,
Author, Conference,Year).Theselectionof theclassificatoryattributesmayeitherbedoneby themediator
designeror usingautomatedtechniques.

Query Classes: Sincewe focus on selectionqueries,a typical query will have valuesof someset of
attributesbound.We groupsuchqueriesinto queryclassesusingtheA V hierarchiesof theclassificatory
attributesthatareboundby thequery. To classifyqueriesthatdo not bind any classificatoryattribute,we
would have to learnsimpleassociations1 betweenthe valuesof the non-classificatoryandclassificatory
attributes.A queryclassfeature is definedastheassignmentof aspecificvalueto aclassificatoryattribute
from its AV hierarchy. A featureis abstractif theattribute is assignedanabstract(non-leaf)valuefrom
its AV hierarchy. Setsof featuresare usedto definequery classes. The spaceof query classesover
whichwe learnthecoverageandoverlapstatisticsis just thecartesianproductof theAV hierarchiesof all
the classificatoryattributes. The AV hierarchiesinducesubsumptionrelationsamongthe queryclasses.
A class ��� is subsumedby class ��� if every featurein ��� is equalto, or a specializationof, the same
dimensionfeaturein ��� .
SourceCoverageand Overlap: Thecoverage of adatasource� with respectto aqueryclass� , denoted
by ����������� , is the probability that a randomtuple belongingto the class � is presentin source� . The
overlap amonga set  � of sourceswith respectto a class� , denotedby ���! �"����� , is theprobability thata
randomtuplebelongingto theclass� is presentin eachsource�$#  � .

Learning coverage and overlap statistics: The coverageand overlap can be conveniently computed
usinganassociationruleminingapproach2. StatMinerlearnscoveragestatisticsusingtheLCSalgorithm,
andtheoverlapstatisticsusingavariantof theApriori algorithm[AS94]. LCSalgorithmdoestwo things:
it identifiesthe query classeswhich have large enoughsupport,and it computesthe coveragesof the
individual sourceswith respectto theseidentifiedlargeclasses.Theresolutionof thelearnedstatisticsis
controlledin anadaptivemannerwith thehelpof two thresholds.A threshold%'& is usedto decidewhether
aqueryclasshaslargeenoughsupportto beremembered.Whenaparticularqueryclassdoesn’t satisfythe
minimum supportthreshold,StatMiner, in effect, storesstatisticsonly with respectto someabstraction
(generalization)of thatclass.Anotherthreshold%'( is usedto decidewhetheror not theoverlapstatistics
betweena setof sourcesanda rememberedqueryclassshouldbestored.A detaileddescriptionof LCS

1A simpleassociationwould be )+*-,/.-021436587:9<;=;=>�?A@CBED<02@GFIHJ1KHL@NMOH<3QPR?A,S?UTV?UWLHKW where )X*Y,/.Z021 is non-classificatory
while D<02@GFIHJ1KHL@NMOH is aclassificatoryattribute

2Supportandconfidencearetwo measuresof a rule’s significance.Thesupportof therule D[B]\^ (denotedby _a`bDdce\^gf )
refersto thepercentageof thetuplesin theglobalrelationthatarecommonto all thesourcesin set \^ andbelongto classD . The

confidenceof therule (denotedby _a`O\^Xh D f 3jilknmpoGqrAsilknm s ) refersto thepercentageof thetuplesin theclassD thatarecommonto

all thesourcesin WJ02*Y12MOH ^ HL,X\^ .



alogrithmandits usageby StatMinercanbefoundin [16, 17].
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(a)Architectureof StatMiner

Conference


AI
 DB
 OS


AAAI
 IJCAI
 SIGMOD
 VLDB
 ICDE


Year


70-79
 80-89


70
 79
71
 80
 89
81


90-99


90
 99
91


00-01


00
 01


(b) AV Hierarchies

Figure2: Architectureof StatMiner

Evaluating the effectivenessof Statistics Mining: To demonstratethe effectivenessof the statistics
learnedby StatMiner andto seehow theaccuracy variesaswe regulatetheamountof statisticslearned
usingthelargeclassthreshold,we designeda samplemediatorsystemwith

(*)
autonomousWebsources.

ThemediatorusestheSimple GreedyandGreedySelectalgorithmsdescribedin [7] to generatequery
plansusingthesourcecoverageandoverlapstatisticslearnedby StatMiner.
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Figure3: Comparisonof CoverageandPrecision

After probingthe datasourcesandlearningthe coveragestatisticsin termsof associationrules,we
usedasetof testqueriesto estimatetheaccuracy of learnedstatistics.Themediatormapsany queryto the
lowestabstractclassfor which coveragestatisticshave beenlearnedandgeneratesplansusingthe three
approaches:RandomSelect,SimpleGreedyandGreedySelect.Simplegreedyplansby greedilyselecting



top + sourcesrankedaccordingto their coverages,while Greedyselectselectssourceswith high residual
coveragescalculatedusingboth thecoverageandoverlapstatistics.RandomSelectpicksany + sources
anddoesnot dependon theavailablestatistics.As canbeseenfrom Figure3(a) for all thresholdvalues
GreedySelectgivesthebestplan,while SimpleGreedyis closesecond,but theRandomSelectperforms
poorly. Theresultsdemonstratethatthecoverageaswell asoverlapstatisticshelpsignificantlyin ordering
thesourcecalls. In Figure3(b)wecomparetheprecisionof plansgeneratedfor top , sources,asthelarge
classthreshold%A& is varied,regulatingtheamountof learnedstatistics.We definetheprecisionof a plan
asthe fractionof sourcesin the plan,which turn out to be theactualtop + sourcesafterwe executethe
query. WeseethatGreedySelectgeneratesplanswith highestprecisionfor all valuesof classthreshold%'& .
TheexperimentsthusdemonstratethatStatMineris ableto systematicallytradeaccuracy for thetimeand
spacerequiredto learnstatistics.AdditionaldetailsabouttheexperimentalsetupandStatMineŕsefficiency
in learningstatisticsmeasuredin termsof timeandspaceutilizationareavailablein [16, 17].

3 Joint Optimization of Cost and Coveragewith Multi-R
As a first steptowardstherealizationof queryoptimizationthat is sensitive to multi-objectiveoptimality
metrics,we have developedandimplementeda versionof Multi-R thathandlesoptimality metricsspec-
ified in termsof costandcoveragerequirements.As we arguein [15], joint optimizationis needed,as
phasedoptimizationtechniquesthat consideroptimizing coveragefirst and thencost, can lead to both
plansandplanningtimesthatareconsiderablyinferior. Figure4(a)shows a schematicof thecurrentim-
plementationof Multi-R. Multi-R searchesin the spaceof parallel queryplans(seeFigure4(b)) which
areessentiallya sequenceof sourcesets.Eachsourcesetcorrespondsto asubgoalof thequery, suchthat
thesourcesin thatsetexport thatsubgoal(relation).Thepartial (parallel)plansareevaluatedin termsof
a generalutility metric,thattakesbothcostandcoverageof theplaninto account.Thecostandcoverage
estimatesaremadefrom thestatisticsthatarelearnedby StatMiner.
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Cost and Coverageof Parallel Plans: A parallelqueryplan 9 (seeFigure4(b))hastheform
9 = ( �;:<:=: �?>&9A@CBEDF>&9HG �IBEDJ:=:<:v�IBEDF>&9LKNMH@ ) BEDO>&9LK , where >&9l�AP ��� �Q@SR6� ��GCRT:<:=:UR6� ��VCW � .

Heresp� is asubplanandS��� is asourcerelationcorrespondingto the XZY�[ subgoalof thesubgoalorderused
in thequeryplan. Thesubplansp� queriesits sourcesin parallelandunionstheresultsreturnedfrom the
sources.Theexecutionsemanticsof theplan 9 arethat it joins the resultsof thesuccessive subplansto



answerthequery. Wehavedevelopedcostmodelsto computethecostandcoverageof parallelplansusing
thestatisticsgatheredby StatMiner. Specificallywecomputethecost(responsetime)of theparallelplans
in termsof the sourcelatenciesandselectivity statistics,andcoveragein termsof the sourcecoverages
andoverlapsfor largemediatorclassesaslearnedby StatMiner. Detailscanbefoundin theappendixor
in [15].

Combining Cost and Coverageinto a singleUtility Metric: Themaindifficulty in combiningthecost
andthe coverageof a plan into a utility measureis that,asthe lengthof a plan (in termsof the number
of subgoalscovered)increases,the costof the plan increasesadditively, while the coverageof the plan
decreasesmultiplicatively. In order to make theseparameterscombinewell, we take the sum of the
logarithmof thecoveragecomponentandthenegativeof thecostcomponent:3\H] X_^`X ]ba ��9 �cPedgfh^jiUk �Elmionqpsrut*kvpN��9g�J�xw �byzw{dC�xf|lmi}> ] ��9 �
The logarithm ensuresthat the coveragecontribution of a set of subgoalsto the utility factor will be
additive. Theusercanvary d from 0 to 1 to changetherelativeweightgivento costandcoverage.

Generating query plans: Currently, Multi-R aimsto find thesingleparallelplanwith thehighestutility.
Our basicplan of attackinvolvesconsideringdifferent feasiblesubgoalorderingsof the query, andfor
eachordering,generatinga parallelplan 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
establishedby the currentpartial plan. Multi-R usesa greedyalgorithmcalledCreateSubplan[15], to
computethebestsubplanfor asubgoal~ , giventhestatisticsaboutthe � sources�x@�� �AG��s:=:<:<� ��V thatexport
~ , andthebindingrelationat theendof thecurrent(partial)plan.Multi-R usesagreedyalgorithmcalled
CreateSubplan[15], to computethebestsubplanfor asubgoal~ , giventhestatisticsaboutthe � sources
�x@�� �AGU��:=:<:=�K��V thatexport ~ , andthebindingrelationat theendof thecurrent(partial)plan.CreateSubplan
first computestheutility of all thesourcesin thebucket,andthensortsthesourcesaccordingto theirutility
value. Next the algorithmaddsthe sourcesfrom the sortedbucket to the subplanoneby one,until the
utility of thecurrentsubplanbecomeslessthantheutility of theprevioussubplan.Althoughthealgorithm
hasagreedyflavor, thesubplansgeneratedby thisalgorithmcanbeshown to beoptimalif thesourcesare
conditionallyindependent[7] (i.e., thepresenceof anobjectin onesourcedoesnotchangetheprobability
that theobjectbelongsto anothersource).Underthis assumption,the rankingof the sourcesaccording
to their coverageandcostwill not changeafter we executesomeselectedsources.The algorithmhas� �j� G ) complexity. OncetheCreateSubplanalgorithmis in place,finding theparallelplanwith thebest
utility involvessortingthroughthepotentialsubgoalorders.In [15], we describeParPlan-DP, a dynamic
programmingalgorithmfor thispurpose. Currently, Multi-R alsoprovidestheParPlan-Greedyalgorithm
for greedilychoosingthesubgoalwhosebestsubplancanmaximally increasetheutility. A hill-climbing
approachcanbeusedto impove theutility of theplan. Furtherdetailsanda complexity analysiscanbe
foundin [15].

Evaluating the Effectivenessof Multi-R: We have conducteda seriesof preliminarysimulationstudies
to assesstheeffectivenessof the joint optimizationapproachusedin Multi-R by comparingto thequery
optimizationapproachusedin InformationManifold (IM) [13]. Theexperimentsweredonewith a setof
simulatedsources,specifiedsolelyin termsof thesourcestatistics.Weused206artificial datasourcesand

3We adaptthis ideafrom [2] for combiningthe costandquality of Multimedia databasequeryplans,wherethe costalso
increasesadditively andthe quality (suchasprecisionandrecall) decreasesmultiplicatively whenthe numberof predicates
increases.



0


10


20


30


40


50


60


70


80


90


100


0.1
 0.2
 0.3
 0.4
 0.5
 0.6
 0.7
 0.8
 0.9
 1


Weights


P
er

ce
nt

ag
e


Coverage

Cost


(a) Cost-Coveragetradeoffs of-
feredby ParPlan-DPfor differ-
entweightsin utility function

1


10


100


1000


10000


100000


1000000


10000000


1
 2
 3
 4
 5
 6
 7
 8
 9
 10


# of subgoals

�

M
ill

is
ec

on
ds




D P 

Greedy

[LRO96]


(b) Planningtimevs. querysize

0


10


20


30


40


50


60


70


80


90


100


0.1
 0.2
 0.3
 0.4
 0.5
 0.6
 0.7
 0.8
 0.9
 1


Weights


P
er

se
nt

ag
e


Coverage

Cost


(c) Quality of solutionsascom-
paredto IM

Figure5: Simulationstudiescomparingtheeffectivenessof Multi-R to thequeryoptimizerusedin Infor-
mationManifold [LRO96]

10 mediatedrelationscoveringall thesesources[15]. Initially we testedtheability of our algorithmsto
handlea varietyof utility functionsandgenerateplansoptimizedin termsof cost,coverageor a combina-
tion of both. Figure5[a] shows how thecoverageandthecostof plansgivenby our ParPlan-DPchanges
whentheweightof thecoveragein theutility functionis increased.We observe thatasexpectedboththe
coverageandthecostincreasewhenwe try to gethighercoverage.Also seethatfor a particularqueryat
hand,thereis a largeareaover which thecoverageof a planincreasesfasterthanthecostof a plan. The
plotsin Figure5[b] comparetheplanningtime for our algorithmswith thephasedoptimizationapproach
usedin InformationManifold (IM) [13]. Both our algorithmsincur significantly lower plan generation
coststhanthe decoupledapproachusedin [13]. Also notethatParPlan-Greedyscalesmuchbetterthan
ParPlan-DPasexpected.In Figure5[b], we plot the estimatesof the costandcoverageof plansgener-
atedby ParPlan-DPasa percentageof the correspondingvaluesof the plansgiven by the algorithmin
[LRO96]. Thecostandcoveragevaluesfor theplansgeneratedby eachof theapproachesareestimated
from thesourcestatistics,usingthecostmodelswedeveloped.Thealgorithmsin [13] donot takeaccount
of the relative weightingbetweencostandcoverage.Sothecostandcoverageof theplansproducedby
thisapproachremainsthesamefor all valuesof d . Thebestplanreturnedby ouralgorithmhasprettyhigh
estimatedcoverage(over80%of thecoveragefor d over0.4)while incurringcostthatis below 2%of that
incurredby [13]. Eventhoughour algorithmseemsto offer only 20%of thecoverageofferedby [13] at
w=0.1,this makessensegiventhatat w=0.1,theuseris giving 9 timesmoreweightto costthancoverage
(andtheapproachof [13] is basicallyignoringthis userpreferenceandattemptingfull coverage).

4 Summary and Curr ent Dir ections
In this paperwe motivatedtheneedfor multi-objectivequeryoptimization,andstatisticsgatheringtech-
niquesfor web-baseddataintegration. We thendescribedHavasu, a Web dataintegrationsystemthat
is intendedto supportuserquerieswith multiple, quiteoften conflicting objectiveson autonomousWeb
sourcesthatdonotprovideany statisticalinformation.Wedescribedthedesignof StatMinerandMulti-R,
two main componentsof Havasuthat have beenimplemented,andpresentedresultsof their evaluation.
Wearecurrentlymakingseveralextensionsto Havasu. For Multi-R wearedevelopingapproachesfor han-
dling executionflexibility metricsaspartof the joint optimization.Herewe planto considerbothquery
planmetricssuchastime to first tuple,aswell asoutputratecharacterizationsof theplans(c.f. [23]). In
thecaseof StatMinerwearedevelopingapproachesthataresensitive to theactualdistributionof queries



encounteredby themediator. Theideais to make theresolutionandsizeof statisticsto beproportionalto
thefrequency with which specificpartsof thedataareaccessed(thereby reducingthestatisticsfor infre-
quentlyaccessedpartsof thedata).Finally, for Indra, we arealsodevelopingtechniquesfor monitoring
thevariousquality metricsof thequeryplan [22], includingcoverage,in orderto detectdeviationsfrom
expectedexecution,aswell asreplanningtechniques(c.f [11]) to handlethedetectedexceptions.
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Appendix

A Cost Models for Parallel Query Plans

Estimating the Costof a Parallel Plan: Theexecutioncostsarecomputedin termsof theresponsetimes
offeredby thevarioussourcesthatmake up the(parallel)plan. Theresponsetime of a sourceis propor-
tional to the numberof timesthat sourceis called,andthe expectednumberof tuplestransferredover
eachcall. Sincethesourceshavebindingpatternlimitations,andthesetof feasiblesourcecallsdependon
thesetof call variablesthatcanbebound,boththenumberof callsandthenumberof tuplestransferred
dependonthevalueof thebinding relation precedingthesourcecall. Specifically, supposewehaveaplan� with thesubplans�}� �A��� � �H�s���=�<�=� � ���v� . Thecostof � is givenby: ���}�s�m� ��� ������U�}� � � �N�S� ��� �Z¡¢� �?� � � �

Theresponsetimeof eachsubplan� � � � � �}£ �Q¤ � £ ��¥ �s�<�=�<� £ ��¦ �O§¨� ) is computedin termsof theresponse
timesof theindividual sourcesthatmake up thesubplan.Sincethesourcesareprocessedin parallel,the
cumulative responsetime is computedasthesumof themaximumresponsetime of all thesourcesin the
subplananda fractionof thetotal responsetimeof thesourcesin thesubplan:�u� � � �o�©� ���ª�?¡¢� �Z� � � � �T¡¢«*¬q­�®}¯ �±° ²x³ � �u� � � �o�©� ���ª�?¡¢� �Z£ ��´ �¶µ �Q· �&���}¸º¹ » � ­s¼½ ²C¾b¿�ÀoÁ �}� � � �o�©� ���ª�?¡¢� �?£ �Â´ �Ãµ �Q· �Ä�

where ¹ is a weight factorbetween0 and1, which dependson the level of parallelismassumedto
besupportedby thesystemandthenetwork. ¹ �ÆÅ meansthat thesystemallows full parallelexecution
of all the sourcesqueries,while ¹ � Ç meansthat all the sourcequerieshave to be executedstrictly
sequentially. Noticethattheresponsetime of eachsourceis beingcomputedin thecontext of thebinding
relationprecedingthatsourcecall.

Asexplainedin [15], for asource£ underthebindingrelationµ , wecancompute�u� � � �o�©� ���ª�?¡¢� �Z£ �ÃµF�
in termsof theavailablesourcestatistics.In doing this, we assumethat themediatorusesa variationof
semi-joinbasedstrategy [18] to evaluatethejoins of thesourcerelations(thevariationinvolveshandling
thesourceaccessrestrictions).

Estimating theCoverageof aParallel Plan: ForaqueryÈÆÉLÊÌË ��� Ë �s�s�<�=�<� Ë � andaplan� � �}� �A��� � �H�s���=�<�=� � ���q� ,
thecoverageof � , denotedby theprobability Í¨� �ÏÎ È � , �mÐ�²IÑ`ÒEÓAÔ±ÕIÖ�Ð;×�ØÙÒ_ÚbÛ ×�Ü�mÐ�²IÑ`ÒEÓAÔ±ÕIÖ�Ð;×�ØÙÒ_ÚbÛ�ÝÞÜ . This will dependon thecover-
agesof thesubplans� � � in � andthe join selectivity factorsof thesubgoalsandsourcesassociatedwith
thesesubplans.Let Ë Ú=×�ß be the subgoalcorrespondingto the subplan� � � = �}£ �=¤ , £ ��¥ , ..., £ ��¦ � . We use
£áàÏâL� µ �Q· ��� � � � � to denotethe join selectivity factorbetweenthe sourceswithin the � Ö�ã subplanandthe
binding relationresultingfrom joining the first � Ê Ç subplans,and £áàIâL�*äµ �=· ��� Ë Ú<×�ßE� to denotethe join
selectivity factorbetweenthe � Ö�ã subgoalrelationandthebindingrelationresultingfrom joining thefirst� Ê Ç subgoal relations([15]). Coverageof theplan � canbeestimatedas:

���Nå �s�}«çæv� � ��� = ècéßëê ¤ ¯ ì ¾bÓ±í¶Û�Ú<×�ß<ÜZî*ïNðoñsÛ�òvß�ó
¤ ° Ú=×�ß�Ü�³

è éßëê ¤ ¯ ì ¾bÓ±í¶Û�ôqõ<ö ß ÜZî*ïNðoñsÛb÷òvß�ó
¤ ° ôvõ<ö ß Ü�³

If weassumethatthesubplanscovertheir respectiverelationsuniformly (which is likely to bethecase
asthesizesof thesubplansandtheircoveragesincrease),thenwehave £áàIâL� µ �=· ��� � � � � � £áàIâL� äµ �=· ��� Ë Ú<×�ßE� .
This,togetherwith thefactthat

ì ¾bÓ±í¶Û�Ú<×�ß<Üì ¾bÓ±í¶Û�ô õ<ö ß Ü is just thedefinitionof Í¨�Z� � � Î Ë Ú=×�ßE� , simplifiestheexpressionfor

coverageof � to �m�oå �s�u«*æv� � �Þ� = ø �� ½ �mù Íú�?� � � Î Ë Ú=×�ßj�±û

The coverageof a subplanitself canbe written in termsof thecoveragesprovidedby the individual
sourcesexportingthatrelation:

Í¨�Z� � � Î Ë Ú=×�ßj� = Íú�?ü ïmß ´ ® Ú<×�ß £ �Â´ Î Ë Ú=×�ßj�



� Íú�?£ �=¤ Î Ë Ú<×�ßj�©¸ Íú�?£ ��¥xýÿþ £ �=¤ Î Ë Ú<×�ßE�©¸ �<�=�u¸ Í¨�Z£ ��¦¢ý þ £ �Q¤Sý �<�=� ý þ £ � ¦ ó ¤ Î Ë Ú<×�ßE�
Theexpressionsof theform Í¨�Z£ ��¦ ý þ £ �Q¤©ý �<�=� ý þ £ � ¦ ó ¤ Î Ë Ú=×�ßE� referto “residualcoverages”–i.e.,the

residualadditionalcoveragegiven by source£ � ¦ given that the othersourcesaregoing to be accessed
anyway. Computingtheseresidualcoveragerequirethesourceoverlapstatisticsfrom StatMiner(see[16]
for details).

Combining Cost and Coverageinto a singleUtility Metric: Themaindifficulty in combiningthecost
andthe coverageof a plan into a utility measureis that,asthe lengthof a plan (in termsof the number
of subgoalscovered)increases,the costof the plan increasesadditively, while the coverageof the plan
decreasesmultiplicatively. In order to make theseparameterscombinewell, we take the sum of the
logarithmof thecoveragecomponentandthenegativeof thecostcomponent:4

� � ���`� ���A� ��� ���	�
� � æ �E�m�oå �s�u«*æv� � �Þ�&� Ê � Ç Ê � � � �m�}���m� ���
The logarithm ensuresthat the coveragecontribution of a set of subgoalsto the utility factor will be
additive. Theusercanvary � from 0 to 1 to changetherelativeweightgivento costandcoverage.

4We adaptthis ideafrom [2] for combiningthe costandquality of Multimedia databasequeryplans,wherethe costalso
increasesadditively andthe quality (suchasprecisionandrecall) decreasesmultiplicatively whenthe numberof predicates
increases.


