Quality of Sewice and Optimization in
Data Integration Systems

ReinhardBraumandl
University of Passau

Abstract: Due to the ever increasingimpactsof globalization,peoplewill/have to
work on datawhich is distributedall aroundtheworld [LKK * 97]. Queryprocessing
on the correspondinglatasourcess a key dataprocessingaskin mostdistributed
applicationsandratherdif cult to implementfor interactve usagean anlInternetscale
ervironment.ObjectGlobas a dataintegrationsystemwhich enablesnteractie query
processingn suchanervironment.The basicarchitectureof the ObjectGlobesystem
andits integratedquality of service(QoS)managemertomponentveredevelopedin
this dissertatiorandbrie y summarizedn this paper ThedissertatiorfBra07 itself
canbedownloadedat

http://elib.ub.uni-passau.de/opus/volltexte/2002/27
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1 Intr oduction

Theproceedingylobalizationwe encountetodayresultsin ademandor globaldatapro-
cessing Thelnternetasthelargestglobalcomputemetwork is themostprominentenabler
for global dataprocessing.Queryprocessings onetaskin this eld andit playsanim-
portantrole for mary applicationdomainse.g.,applicationsvhich dependon somekind
of decisionmaking. In this respectthe Internetprovidesaccesgo a large numberof in-
terestingdatasourcedik e hotel listings, ight schedulesstock rates,earthobsenation
imagesor genomeadatabasedataintegrationor mediatorsystemaveredevelopedto ac-
cesghesedistributedandheterogeneousatasourcen the Internet.First, thesesystems
wereclosedsystemswith a predeterminedx ed setof datasourcesanda centralizedar
chitecturewith respecto the executionof mediatorrelatedtasks.More recently e xible,
distributed dataintegration systemswere conceved, e.g., Amos Il [JKR99 or our Ob-
jectGlobesystem[BKK * 01]. In the following paragraphsywe describethe ObjectGlobe
architectureavhich representanopenanddistributeddataintegrationsystem.

Within an ObjectGlobdederationthreekinds of providersthatcanparticipatein a corre-
spondingnformationeconomyaredistinguisheddataproviders which supplydata,func-
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Figurel: An ExampleQueryExecutionin an ObjectGlobeg-ederation.

tion providers which offer operatorsand functionsto processdata,and cycle providers
which are contractedo executeoperatorsandfunctions. In ObjectGlobethe servicesof
thesekinds of providerscanbe combinedin an almostorthogonalway; exceptionsjust
arisefor security privacy and capacityreasons.Therefore ObjectGlobesnablesanopen
anddistributedqueryprocessingervicesmarket.

For example supposghatanObjectGlobauseris searchindor avilla in theMediterranean
areawith requirementsegardingthe maximumdistanceo thenext airportandtheamount
of building area.ThenotionalSQL-queryfor thisapplicationcomputesjoin betweerreal
estatenformationanddataaboutairports. Thejoin predicatausesa userde ned, external
functionwhich computeghelengthof thebee-linebetweerntwo locations.Thequeryalso
usesan externaloperator(namedscalg for scalingthe imagesof the estateoffersinto a
handysize. The meaningof the attributesof our realestaterelationshouldbe obvious.

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,external datasetsare incorporatedby so-calledwrappers
andinternally representedh a nestedrelationalformat. Hence,the dataof eachEuro-
peanrealtor could be incorporatedas a partition of sucha relation, herenamedEstate
An examplequeryexecutionin an ObjectGlobdederationis shavn in Figurel. Thedata



for airportsis contrituted by a dataprovider A andfor real estateby the dataproviders
R1,..., R113 respectiely. Theprovidersfor real estatanformationrepresencombined
data/gcle providers,executingthe externalfunction scalewhich is provided by thefunc-

tion provider F1. Additionally, two purecycle providersexecutethe union operationon

thereal estatepartitionsandthe join operationbetweerreal estateandairportsinforma-

tion. Purecycle providersplay animportantrole whendataproviderscannotor arenot

willing to executeary queryoperatorsexceptthe scanoperatoror whenoperationsan

be placedat cycle providersin away which reducesommunicatiorcosts.

Obviously, the effectsof queryexecutionsin suchanernvironmentcanhardlybe overseen
by auser Thereforeaquality of servicemanagemerntomponenbf ObjectGlobesupports
userde ned quality constraintdBKKO03]. [Wei99 givesa goodmotivationfor the need
to integratethe handlingof servicequality guarantees informationsystemsOneaspect
of QoSin a dataintegrationsystemis certainlydataquality. This topic hasalreadybeen
tackledin theliterature for example,in [NLF99].

2 The Quality of Service Model

As we have seenin theintroduction,in aninformationeconomya usershouldbe ableto
constrainthe relationshipbetweenthe qualitiesof the resultandthe executionitself and
the costsfor the servicesof providers. For example,userswould thenbe ableto express
thatthey arewilling to pay morefor the executionof aquery if thequery nishes earlier

This means that analogouslyto costmodelsin traditional databaseystemswe needa
modelfor our quality constraintsn orderto describeand assesshe quality of queries,
gueryevaluationplansandqueryexecutions.

Thereforewe needasetof QoSparametersvhich canbeusedfor declaratvely specifying
QoSconstraintgor aqueryexecution.In thequeryprocessingontext QoSparametersan
belongto threedifferentdimensionstheresultquality of thequery theduration/timeliness
of the queryexecutionandits monetarycost.

Parametersfor the Query Result Quality:

theoldesttime stampof thelastupdatefor a partitionp of of ausedrelationS or its
maximumstalenes$actor

the shareof the usedpartitionsin respecto the whole dataof arelationS. This
parameters alsocalledcompleteness.

alower boundfor the resultcardinality This parametecanbe usedto expressthat
theuserexpectsa minimumnumberof resulttuples.

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



Parametersfor the Query Execution Time: The executionof the queryis character
izedby thetime spentin differentphase®f the executionof a plan:

the time spentin the open -phaseof a plan. In an iterator based[Gra93] query
enginelike ours,this is roughlythe time from the startof the queryexecutionuntil
the rst tuplecanbedelivered.

thetime for producingall theresulttuplesof the planstartingat the point, whenthe
open-phaséas nished andending,whenthe lasttuple hasbeenproducedby the
query This phaséds calledthenext -phase.

Parametersfor the Query Evaluation Cost:  Sinceproviderscanchage for their ser
vicesin ourinformationeconomya usershouldbe ableto specifyanupperboundfor the

respectre consumptiorby a query Therefore the quality parametersegardingthe cost
of aquerytake into account:

thecostfor serviceof functionproviders,i.e.,thecostfor leasingafunctionfor the
durationof thequery

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

thecostfor servicesof cycle providers,i.e., the costfor executingpartsof the query
atforeigncycle providers.

3 The Integration of QoS Managementin Query Processing

Naturally the ability to guarante€oSconstraintdepend®n the servicequality guaran-
teesone cangetfrom the underlyingsharedresources Among the commonscheduling
disciplinesbesteffort, priority-basedscheduling andreservation only the latter allows
to constructa QoS managemenivhich canabsolutelyguaranteghe QoS constraintsfor
anacceptedjuery But reserationnormally entailsover-bookingandinef cient resource
utilization andis thereforerarely usedfor schedulingcomputeror network devices. Due
to this fact, thereremaintwo obviousgoalsfor QoSmanagemerin our context:

The percentag®f queries,whosequality constraintscould be ful lled, shouldbe
maximized. This percentagés calculatedbasedon the overall numberof queries
which areissuedandnot only on the numberof thosefor which a constraintcom-
pliantgueryplancouldbedetermined.

Theexecutionof queriesvhichcannoful Il theirQoSconstraintsshouldbestopped
asearlyaspossible.In this way the querydoesnot wastethe time anmoney of the
userarymore. Of course,if the missedquality constraintis a soft one,the query
shouldnot be stoppedout executedn a best-efort manner
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Figure2: Thelnteractionof QueryProcessingndQoSManagement

An overview of queryprocessingvith integratedQoSmanagemeris depictedn Figure2.

The startingpoint for query processingn our systemis given by the descriptionof the
qguery itself, the QoS constraintsfor it and statisticsaboutthe resourcesvhich canbe
usedfor processinghe query In our scenariocycle providers, the partitionsfrom data
providersandthe functionsof function providersbelongto theseresourcesogethemwith

all the network links connectinghem.

Figure 2 also shaws the activities of our QoS managemendluring the query processing
phase®f plangenerationinstantiatiorandexecution.

Plan Generation: The optimizer generates query evaluationplan (QEP) which con-
tainsinformationaboutthe useddata, cycle andfunction providersand aboutthe
way their servicesare combinedto computea speci ¢ query The optimizeritself
is in essentiabnintelligentsearchroutinewhichis in mary casesandalsoin ours
dynamicprogrammingbased It assesseshugenumberof differentplanswith dif-
ferentprovidersby aquality modelwhich providesformulasfor estimatinghequal-
ity parameterdasedon the structureof the plan andstatisticsaboutthe providers.
Hereby every considereglanis constructegiecavisein a bottom-upmannerand
for every sub-planwhich appearsn sucha processts quality parametergarecom-
putedwith the quality model. Only a planwhich ful lls all the userconstraintds
consideredor the later phasesandits plan descriptionwill be annotatedwith the
quality estimationsandresourcerequirementgor every sub-plan. Additionally, if
the optimizercan nd approximatelyequivalentalternatvesfor resourcesisedin
thequeryevaluationplan,thesearealsoannotatedn theplan.

Plan Instantiation: Duringplaninstantiationsub-plansredistributedto cycle providers,
functionsareloadedfrom function providersandconnectiongo dataprovidersare
establishedWhena sub-planof a queryusesthe serviceof a speci ¢ provider, it is
checled,if theresourceequirementsesultingfrom the quality constraintdor that
sub-plancanbesatis edby this provider. For acycle providerthis would meanthat
if the optimizerunderestimatethe load on therespectie cycle provider the newly
arrived sub-planwill probablynot be ableto meetits constraints.Furthermoreall
the othersub-plan®nthatcycle provider would bein dangerf missingtheir qual-
ity constraintsjf we executethe new sub-planthere. As a resultof this admission
control, the executionof the new sub-planwould be rejectedor, if possible,the
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sub-plarwill beadapted.

Plan Execution: During gueryexecution, uctuationsregardingresourceavailability for,
e.g.,CPUtime or network bandwidthandaggin estimationerrorsby the optimizer
might violate the constraintson the quality parameters.In orderto detectthese
violations,a monitoringcomponentraceshe currentstatusof theseparametersor
every relevantsub-planof thequery If this componentetectsa potentialviolation
of the quality constraintdor a sub-plan,t rst triesto adaptthe sub-plansothatit
will meetits constraintagain, or if thisis notpossiblejt will abortthe executionof
this sub-plan.Theplanadaptationsiuringtheinstantiationphasecanbe performed
rathereasily becausehe plan is not instantiatedyet. Here we needadaptations
which canbeappliedalsoaftera sub-plarhasstartedo execute.

By estimatingthe necessaryjuality constraintdor sub-plansof a QoS compliantquery
plan the QoS managementan monitor the developmentof the quality parameter®n a
ne granularity This helpsin detectingpotentialquality missesquite early For example,
if therearepipeline-breakingperatorsn the plan, mostof the work for the querycould
have alreadybeendone,whenthe rst tuplesarrive atthetop of theplan. In our casethe
planbeneaththe pipelinebrealer hasits own quality constraintasvhich mustbe monitored
andenforcedoy the QoSmanagement.

4 Quality of Sewice EnhancedPlan Generation

In this sectiorwe mentionthenecessaryodi cationsof a classicdynamicprogramming
basedjueryoptimizerfor supportingQoSconstraintgluringplangenerationWe concen-
trateonthe descriptionof thosepartsof the optimizationprocessvhich play animportant
role for QoSmanagemerandthusneedmodi cations comparedo their standardorm.

SelectingProviders In mary casesijt will not be feasibleto considerall possibledata
providersfor a givendatasetbecauséhe resultingamountof dataprocessedh awidely



distributedenvironmentwould resultin unacceptableunningtimes. Thus,an additional
taskfor QoSmanagemens to selectthe mostrelevantdataprovidersand nd appropri-
ate cycle providerswhich are ableto efciently procesghe datafrom the selectecdata
providers. Sincecompactquery evaluationplanswill alsobe ratherefcient in alarge
scaleervironment,we useclusteringalgorithmsto group dataand cycle providerswith
respecto their 'network distance'to eachother During optimizationit is oftensufcient
to work on theresultingclustersinsteadof singleproviders.In this way, we canavoid the
combinatoriakexplosionin nding appropriatesubset®f providers.

Estimating QoS Parameters Queryevaluationplansareconstructedn a modularway

usingbasicoperatorsuchasjoin, union,or userde ned operatorsAnalogouslythecost
(andother properties)of plansare computedin a modularway using costfunctionsfor

theindividual operatorsFor QoSmanagemengnextendedramevork is neededn order
to constructplansand estimatethe propertiesof plansin sucha modularway. In our

framawork, thesecomputationgrebasedn formulasfor every operatowhich determine
theamountof work the operatothasto performat the phasegivenby theiteratormodel.
Theinformationaboutthe distribution of operatorsandparallelismpropertiesof the plan

constructiorarethenusedto computethe correspondingffectson theoverall timing of a

plan.

Pruning Query Evaluation Plans The query optimizer enumerateslternatve plans
andprunesnferior plansbasedntheir propertieqe.g.,estimatecost). A QoS-enhanced
optimizerrequiresa specialpruningmetricin orderto take all QoSparametersf a query
into account.Thismetricis neededecause&ve inherentlyusemulti-objective optimization
in the QoScase.The quality dimensionspana spacewhich we call QoSspaceandthe
userde ned constraintgletermineanarean thatspacevhichwecall QoSwindow. Thisis
shawvn in Figure3 for the (simpli ed) threedimensionalQoSspace During optimization
every enumerateglanis mappecbn apointin thatQoSspaceby estimatingthe valuefor
every quality parametewhich appearsn the quality model. Only planswhich lie within
the QoSwindow, ful ll theconstraintof theuser

5 Adaptation of a Query ExecutionPlan

Queryevaluationplansin our systemhave a “natural” fragmentatiorwhich is given by
the threadand machineboundarieswhich appearin the instantiatedoperatortree. At
theseboundariesmonitoroperatorgracetheactualquality parametersf theirinput plans
and forecastgheseparametersor the end of execution. The correspondingptimizer
estimatedfor the respectie sub-plan(as shavn in Figure 4) representhe tamget values
for the forecastedvaluesand a comparisornof thesevaluesshaws if the corresponding
sub-plaris still within its quotas.

Whena violation of the QoS constraintss expectedduring the runtime of a query we
cantry to counteracthis violation by adaptingthe query executionplan. The adapta-
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Figure4: QoSAccountsof a QueryPlan.

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

Exampleadaptationgre:

increasePriority/decieasePriority adaptthe priorities of threadswhich executequeries
onObjectGlobeseners.By thisadaptationsye canspeedip queriesvhichneedto
nish soonemndwe canslow down querieswhich currentlyseemto meettheirtime
limits easilyandcanthereforefreeresourcegor querieswith critical constraints.

useCompeession activateson the y compressiorfor network links which seemto be
slower thanexpected.

movePlan canbe usedto move a sub-planof a queryfrom onecycle provider to another
cycleprovider. Again,thisadaptatiorcanbeperformednthe y in anObjectGlobe
federationgvenif the planhasalreadybegunto work.

6 Controlling Adaptations

Planadaptatiorduringruntimeis controlledby monitoroperatordecausé¢hey areplaced
atthemostinterestingpositionsfor adaptationn thequeryevaluationplanandalsogather
mostof theinformationwhichis neededor thistask.As shavn in Figure5, amonitorop-
eratorusesarule-baseduzzy controllerwhich getstheforecast®f the quality parameters
andotherstatedescriptionof therespectre planfragmentasinput. With thisinformation
the fuzzy controllerdeterminesijf an adaptatiorshouldbe appliedandwhat adaptation
this shouldbe.

Onereasorfor the useof a fuzzy controllerin our systemis thatour runtimeadaptations
arediscreteandthis is quite easyto supportin the inferenceruleswhich form the basis
of the fuzzy controller's decisions.Furthermore gstimationerrorsandresourceuctua-
tionsintroducesomeuncertaintyfactorsin the control processvhich canbe modeledby
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fuzzy logic [KY95] quite easily Theinferencerulesof afuzzy controlleralsoprovide a
highly con gurablemeango incorporateexpertknowvledgefor theadaptatiorprocessn a
very intuitive way. Thereforejt becomegpossibleto experimentwith varying adaptation
stratgiesby justchangingheinferencerulesandperhapghede nition of theunderlying
fuzzy sets.

A fuzzi er transformsthe numericinput valuesinto linguistic valuesof linguistic vari-
ables For eachinput variableof the controllerthereexists one suchlinguistic variable
This transformatioris depictedfor the forecasteccostparametein Figure6. Theinfer-
encerulesof afuzzy controllerworkson linguistic variablesandvalues.Sucharule is of
theform

if X1isAqand::: andX, isA, thenY isB

valueswith accompaying fuzzy sets. A small portion of an examplerule setis shavn
belov. Herelfc, Ifr andlft arethe linguistic variablesfor cost-, result-andtime quality
parameterslep, Ibp andlss correspondo the executionprogressthe buffer pressureand
thestatesize.

if Ifc is endangredandlepis late then abortis preferred
if Ift is endangredandlIbp is high andlssis smallthen movePlanis preferred

if Ift is endangredandlep is middleandlbp is high then increasePriorityis possible
if Ifr is endangredandlep is early andlfc is compliantthen addSubPlaris preferred
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