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Abstract: Due to the ever increasingimpactsof globalization,peoplewill/have to
work on datawhich is distributedall aroundtheworld [LKK + 97]. Queryprocessing
on the correspondingdatasourcesis a key dataprocessingtask in mostdistributed
applicationsandratherdif�cult to implementfor interactive usagein anInternetscale
environment.ObjectGlobeis adataintegrationsystemwhichenablesinteractivequery
processingin suchanenvironment.Thebasicarchitectureof theObjectGlobesystem
andits integratedqualityof service(QoS)managementcomponentweredevelopedin
this dissertationandbrie�y summarizedin this paper. Thedissertation[Bra02] itself
canbedownloadedat
http://elib.ub.uni-passau.de/opus/volltexte/2002/27 .
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1 Intr oduction

Theproceedingglobalizationwe encountertodayresultsin a demandfor globaldatapro-
cessing.TheInternetasthelargestglobalcomputernetwork is themostprominentenabler
for globaldataprocessing.Queryprocessingis onetaskin this �eld andit playsan im-
portantrole for many applicationdomains,e.g.,applicationswhich dependon somekind
of decisionmaking. In this respect,the Internetprovidesaccessto a largenumberof in-
terestingdatasourceslike hotel listings, �ight schedules,stock rates,earthobservation
imagesor genomedatabases.Dataintegrationor mediatorsystemsweredevelopedto ac-
cessthesedistributedandheterogeneousdatasourceson theInternet.First, thesesystems
wereclosedsystemswith a predetermined,�x edsetof datasourcesanda centralizedar-
chitecturewith respectto theexecutionof mediatorrelatedtasks.More recently, �e xible,
distributeddataintegrationsystemswereconceived, e.g.,Amos II [JKR99] or our Ob-
jectGlobesystem[BKK + 01]. In the following paragraphs,we describetheObjectGlobe
architecturewhich representsanopenanddistributeddataintegrationsystem.

Within anObjectGlobefederationthreekindsof providersthatcanparticipatein a corre-
spondinginformationeconomyaredistinguished:dataproviderswhichsupplydata,func-
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Figure1: An ExampleQueryExecutionin anObjectGlobeFederation.

tion providers which offer operatorsand functionsto processdata,andcycleproviders
which arecontractedto executeoperatorsandfunctions. In ObjectGlobe,theservicesof
thesekinds of providerscanbe combinedin an almostorthogonalway; exceptionsjust
arisefor security, privacy andcapacityreasons.Therefore,ObjectGlobeenablesanopen
anddistributedqueryprocessingservicesmarket.

Forexample,supposethatanObjectGlobeuserissearchingfor avilla in theMediterranean
areawith requirementsregardingthemaximumdistanceto thenext airportandtheamount
of building area.ThenotionalSQL-queryfor thisapplicationcomputesajoin betweenreal
estateinformationanddataaboutairports.Thejoin predicateusesauser-de�ned,external
functionwhichcomputesthelengthof thebee-linebetweentwo locations.Thequeryalso
usesanexternaloperator(namedscale) for scalingthe imagesof theestateoffers into a
handysize.Themeaningof theattributesof our realestaterelationshouldbeobvious.

select e.Price, e.Location.City,
scale(e.Image,0.3), a.Name

from Estate e, Airports a
where e.building-area > 200 and

geoDistance(e.Location,a.Location) < 10
and e.Location.region = 'Mediterranean';

In an ObjectGlobefederation,externaldatasetsare incorporatedby so-calledwrappers
and internally representedin a nestedrelationalformat. Hence,the dataof eachEuro-
peanrealtorcould be incorporatedasa partition of sucha relation,herenamedEstate.
An examplequeryexecutionin anObjectGlobefederationis shown in Figure1. Thedata



for airportsis contributedby a dataprovider A andfor real estateby the dataproviders
R1, . . . , R113, respectively. Theprovidersfor realestateinformationrepresentcombined
data/cycle providers,executingtheexternalfunctionscalewhich is providedby thefunc-
tion provider F1. Additionally, two purecycle providersexecutetheunion operationon
therealestatepartitionsandthe join operationbetweenrealestateandairportsinforma-
tion. Purecycle providersplay an importantrole whendataproviderscannotor arenot
willing to executeany queryoperatorsexceptthescanoperatorsor whenoperationscan
beplacedatcycleprovidersin awaywhich reducescommunicationcosts.

Obviously, theeffectsof queryexecutionsin suchanenvironmentcanhardlybeoverseen
by auser. Therefore,aqualityof servicemanagementcomponentof ObjectGlobesupports
userde�ned quality constraints[BKK03]. [Wei99] givesa goodmotivation for theneed
to integratethehandlingof servicequalityguaranteesin informationsystems.Oneaspect
of QoSin a dataintegrationsystemis certainlydataquality. This topic hasalreadybeen
tackledin theliterature,for example,in [NLF99].

2 The Quality of ServiceModel

As we have seenin the introduction,in an informationeconomya usershouldbeableto
constrainthe relationshipbetweenthe qualitiesof the resultandthe executionitself and
thecostsfor theservicesof providers. For example,userswould thenbeableto express
thatthey arewilling to paymorefor theexecutionof aquery, if thequery�nishes earlier.

This means,that analogouslyto costmodelsin traditionaldatabasesystems,we needa
model for our quality constraintsin order to describeandassessthe quality of queries,
queryevaluationplansandqueryexecutions.

Therefore,weneedasetof QoSparameterswhichcanbeusedfor declaratively specifying
QoSconstraintsfor aqueryexecution.In thequeryprocessingcontext QoSparameterscan
belongto threedifferentdimensions:theresultqualityof thequery, theduration/timeliness
of thequeryexecutionandits monetarycost.

Parametersfor the Query ResultQuality:

� theoldesttimestampof thelastupdatefor apartitionp of of ausedrelationS or its
maximumstalenessfactor.

� the shareof the usedpartitionsin respectto the whole dataof a relationS. This
parameteris alsocalledcompleteness.

� a lower boundfor theresultcardinality. This parametercanbeusedto expressthat
theuserexpectsaminimumnumberof resulttuples.

� an upperboundfor the resultcardinality. Sucha parametercorrespondsto a stop
after clause,whosesupportin queryoptimizationandexecutionhasalreadybeen
studiedin theliterature[CK98].



Parameters for the Query Execution Time: The executionof the queryis character-
izedby thetimespentin differentphasesof theexecutionof aplan:

� the time spentin the open -phaseof a plan. In an iterator based[Gra93] query
enginelike ours,this is roughlythetime from thestartof thequeryexecutionuntil
the�rst tuplecanbedelivered.

� thetime for producingall theresulttuplesof theplanstartingat thepoint,whenthe
open-phasehas�nished andending,whenthe last tuplehasbeenproducedby the
query. Thisphaseis calledthenext -phase.

Parameters for the Query Evaluation Cost: Sinceproviderscanchargefor their ser-
vicesin our informationeconomy, ausershouldbeableto specifyanupperboundfor the
respective consumptionby a query. Therefore,thequality parametersregardingthecost
of aquerytake into account:

� thecostfor servicesof functionproviders,i.e., thecostfor leasingafunctionfor the
durationof thequery.

� the costfor servicesof dataproviders,i.e., the costfor readingthe dataat the re-
spectivedataproviders.

� thecostfor servicesof cycleproviders,i.e., thecostfor executingpartsof thequery
at foreigncycleproviders.

3 The Integration of QoSManagementin Query Processing

Naturally, theability to guaranteeQoSconstraintsdependson theservicequality guaran-
teesonecanget from the underlyingsharedresources.Among the commonscheduling
disciplinesbesteffort, priority-basedscheduling, andreservation, only the latter allows
to constructa QoSmanagementwhich canabsolutelyguaranteethe QoSconstraintsfor
anacceptedquery. But reservationnormallyentailsover-bookingandinef�cient resource
utilization andis thereforerarelyusedfor schedulingcomputeror network devices. Due
to this fact,thereremaintwo obviousgoalsfor QoSmanagementin ourcontext:

� The percentageof queries,whosequality constraintscould be ful�lled, shouldbe
maximized. This percentageis calculatedbasedon the overall numberof queries
which areissuedandnot only on thenumberof thosefor which a constraintcom-
pliantqueryplancouldbedetermined.

� Theexecutionof querieswhichcannotful�ll theirQoSconstraints,shouldbestopped
asearlyaspossible.In this way thequerydoesnot wastethetime anmoney of the
useranymore. Of course,if the missedquality constraintis a soft one,the query
shouldnotbestoppedbut executedin abest-effort manner.
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Figure2: TheInteractionof QueryProcessingandQoSManagement

An overview of queryprocessingwith integratedQoSmanagementis depictedin Figure2.
The startingpoint for queryprocessingin our systemis given by the descriptionof the
query itself, the QoS constraintsfor it and statisticsaboutthe resourceswhich can be
usedfor processingthe query. In our scenariocycle providers, the partitionsfrom data
providersandthefunctionsof functionprovidersbelongto theseresourcestogetherwith
all thenetwork links connectingthem.

Figure2 alsoshows the activities of our QoSmanagementduring the queryprocessing
phasesof plangeneration,instantiationandexecution.

Plan Generation: The optimizer generatesa query evaluationplan (QEP) which con-
tains informationaboutthe useddata,cycle andfunction providersandaboutthe
way their servicesarecombinedto computea speci�c query. The optimizeritself
is in essentialan intelligentsearchroutinewhich is in many casesandalsoin ours
dynamicprogrammingbased.It assessesahugenumberof differentplanswith dif-
ferentprovidersby aqualitymodelwhichprovidesformulasfor estimatingthequal-
ity parametersbasedon thestructureof theplanandstatisticsabouttheproviders.
Hereby, every consideredplanis constructedpiecewisein a bottom-upmannerand
for every sub-planwhich appearsin sucha processits quality parametersarecom-
putedwith thequality model. Only a planwhich ful�lls all theuserconstraintsis
consideredfor the later phasesandits plan descriptionwill be annotatedwith the
quality estimationsandresourcerequirementsfor every sub-plan.Additionally, if
the optimizercan�nd approximatelyequivalentalternativesfor resourcesusedin
thequeryevaluationplan,thesearealsoannotatedin theplan.

Plan Instantiation: Duringplaninstantiation,sub-plansaredistributedtocycleproviders,
functionsareloadedfrom functionprovidersandconnectionsto dataprovidersare
established.Whena sub-planof a queryusestheserviceof a speci�c provider, it is
checked,if theresourcerequirementsresultingfrom thequality constraintsfor that
sub-plancanbesatis�edby thisprovider. For acycleprovider thiswouldmeanthat
if theoptimizerunderestimatedtheloadon therespective cycle provider thenewly
arrivedsub-planwill probablynot beableto meetits constraints.Furthermore,all
theothersub-planson thatcycleproviderwouldbein dangerof missingtheirqual-
ity constraints,if we executethenew sub-planthere.As a resultof this admission
control, the executionof the new sub-planwould be rejectedor, if possible,the
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sub-planwill beadapted.

Plan Execution: Duringqueryexecution,�uctuationsregardingresourceavailability for,
e.g.,CPUtime or network bandwidthandagain estimationerrorsby theoptimizer
might violate the constraintson the quality parameters.In order to detectthese
violations,amonitoringcomponenttracesthecurrentstatusof theseparametersfor
every relevantsub-planof thequery. If this componentdetectsa potentialviolation
of thequality constraintsfor a sub-plan,it �rst triesto adaptthesub-plansothat it
will meetits constraintsagain,or if this is notpossible,it will aborttheexecutionof
this sub-plan.Theplanadaptationsduringtheinstantiationphasecanbeperformed
rathereasily becausethe plan is not instantiatedyet. Here we needadaptations
whichcanbeappliedalsoafterasub-planhasstartedto execute.

By estimatingthe necessaryquality constraintsfor sub-plansof a QoScompliantquery
plan the QoSmanagementcanmonitor the developmentof the quality parameterson a
�ne granularity. This helpsin detectingpotentialquality missesquiteearly. For example,
if therearepipeline-breakingoperatorsin theplan,mostof thework for thequerycould
have alreadybeendone,whenthe�rst tuplesarrive at thetop of theplan. In our case,the
planbeneaththepipelinebreakerhasits own qualityconstraintswhichmustbemonitored
andenforcedby theQoSmanagement.

4 Quality of ServiceEnhancedPlan Generation

In thissectionwementionthenecessarymodi�cationsof aclassic,dynamicprogramming
basedqueryoptimizerfor supportingQoSconstraintsduringplangeneration.Weconcen-
trateon thedescriptionof thosepartsof theoptimizationprocesswhichplayanimportant
role for QoSmanagementandthusneedmodi�cationscomparedto their standardform.

SelectingProviders In many cases,it will not be feasibleto considerall possibledata
providersfor a givendatasetbecausetheresultingamountof dataprocessedin a widely



distributedenvironmentwould resultin unacceptablerunningtimes. Thus,anadditional
taskfor QoSmanagementis to selectthemostrelevantdataprovidersand�nd appropri-
atecycle providerswhich areable to ef�ciently processthe datafrom the selecteddata
providers. Sincecompactqueryevaluationplanswill alsobe ratheref�cient in a large
scaleenvironment,we useclusteringalgorithmsto groupdataandcycle providerswith
respectto their 'network distance'to eachother. During optimizationit is oftensuf�cient
to work on theresultingclustersinsteadof singleproviders.In thisway, we canavoid the
combinatorialexplosionin �nding appropriatesubsetsof providers.

Estimating QoSParameters Queryevaluationplansareconstructedin a modularway
usingbasicoperatorssuchasjoin, union,or user-de�ned operators.Analogously, thecost
(andotherproperties)of plansarecomputedin a modularway usingcost functionsfor
theindividualoperators.For QoSmanagement,anextendedframework is neededin order
to constructplansand estimatethe propertiesof plansin sucha modularway. In our
framework, thesecomputationsarebasedon formulasfor everyoperatorwhichdetermine
theamountof work theoperatorhasto performat thephasesgivenby theiteratormodel.
Theinformationaboutthedistribution of operatorsandparallelismpropertiesof theplan
constructionarethenusedto computethecorrespondingeffectson theoverall timing of a
plan.

Pruning Query Evaluation Plans The query optimizer enumeratesalternative plans
andprunesinferior plansbasedontheirproperties(e.g.,estimatedcost).A QoS-enhanced
optimizerrequiresa specialpruningmetricin orderto take all QoSparametersof a query
intoaccount.Thismetricis neededbecauseweinherentlyusemulti-objectiveoptimization
in theQoScase.Thequality dimensionsspana spacewhich we call QoSspace,andthe
user-de�nedconstraintsdetermineanareain thatspacewhichwecallQoSwindow. Thisis
shown in Figure3 for the(simpli�ed) threedimensionalQoSspace.During optimization
everyenumeratedplanis mappedonapoint in thatQoSspaceby estimatingthevaluefor
every quality parameterwhich appearsin thequality model. Only planswhich lie within
theQoSwindow, ful�ll theconstraintsof theuser.

5 Adaptation of a Query ExecutionPlan

Queryevaluationplansin our systemhave a “natural” fragmentationwhich is given by
the threadand machineboundarieswhich appearin the instantiatedoperatortree. At
theseboundaries,monitoroperatorstracetheactualqualityparametersof their inputplans
and forecaststheseparametersfor the end of execution. The correspondingoptimizer
estimatesfor the respective sub-plan(asshown in Figure4) representthe target values
for the forecastedvaluesand a comparisonof thesevaluesshows if the corresponding
sub-planis still within its quotas.

Whena violation of the QoSconstraintsis expectedduring the runtimeof a query, we
can try to counteractthis violation by adaptingthe query executionplan. The adapta-
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Figure4: QoSAccountsof aQueryPlan.

tions which we employ in our systemto reactto predictedQoS violations, operateon
the resourceallocationof the query evaluationplan. The correspondingresourcesare,
for example,cycle providers,partitionsfrom dataprovidersandfunctionsfrom function
providers.

Exampleadaptationsare:

increasePriority/decreasePriority adapttheprioritiesof threadswhich executequeries
onObjectGlobeservers.By thisadaptations,wecanspeedupquerieswhichneedto
�nish soonerandwecanslow down querieswhichcurrentlyseemto meettheir time
limits easilyandcanthereforefreeresourcesfor querieswith critical constraints.

useCompression activateson the �y compressionfor network links which seemto be
slower thanexpected.

movePlan canbeusedto move a sub-planof a queryfrom onecycle provider to another
cycleprovider. Again,thisadaptationcanbeperformedonthe�y in anObjectGlobe
federation,evenif theplanhasalreadybegunto work.

6 Controlling Adaptations

Planadaptationduringruntimeis controlledby monitoroperatorsbecausethey areplaced
atthemostinterestingpositionsfor adaptationsin thequeryevaluationplanandalsogather
mostof theinformationwhich is neededfor this task.As shown in Figure5, amonitorop-
eratorusesarule-basedfuzzycontrollerwhichgetstheforecastsof thequalityparameters
andotherstatedescriptionsof therespectiveplanfragmentasinput. With this information
the fuzzy controllerdetermines,if an adaptationshouldbe appliedandwhat adaptation
thisshouldbe.

Onereasonfor theuseof a fuzzy controllerin our systemis thatour runtimeadaptations
arediscreteandthis is quite easyto supportin the inferenceruleswhich form the basis
of the fuzzy controller's decisions.Furthermore,estimationerrorsandresource�uctua-
tions introducesomeuncertaintyfactorsin thecontrolprocesswhich canbemodeledby
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fuzzy logic [KY95] quiteeasily. The inferencerulesof a fuzzy controlleralsoprovide a
highly con�gurablemeansto incorporateexpertknowledgefor theadaptationprocessin a
very intuitive way. Therefore,it becomespossibleto experimentwith varyingadaptation
strategiesby justchangingtheinferencerulesandperhapsthede�nition of theunderlying
fuzzysets.

A fuzzi�er transformsthe numericinput valuesinto linguistic valuesof linguistic vari-
ables. For eachinput variableof the controllerthereexists onesuchlinguistic variable.
This transformationis depictedfor the forecastedcostparameterin Figure6. The infer-
encerulesof a fuzzy controllerworkson linguistic variablesandvalues.Sucha rule is of
theform

if X 1 is A1 and : : : andX n is An then Y is B

whereX 1; : : : ; X n and Y are linguistic variablesand A1; : : : ; An and B are linguistic
valueswith accompanying fuzzy sets. A small portion of an examplerule set is shown
below. Herelfc, lfr andlft arethe linguistic variablesfor cost-,result-andtime quality
parameters;lep, lbp andlsscorrespondto theexecutionprogress,thebuffer pressureand
thestatesize.

if lfc is endangeredandlep is late then abort is preferred

if lft is endangeredandlbp is high andlss is small then movePlanis preferred

if lft is endangeredandlep is middleandlbp is high then increasePriorityis possible

if lfr is endangeredandlep is early andlfc is compliantthen addSubPlanis preferred
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