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Abstract
Queryprocessingin dataintegrationoccursover network-bound,
autonomousdatasources.This requiresextensionsto traditional
optimizationandexecutiontechniquesfor threereasons:thereis an
absenceof quality statisticsaboutthe data,datatransferratesare
unpredictableandbursty, andslow or unavailabledatasourcescan
oftenbe replacedby overlappingor mirroredsources.This paper
presentsthe Tukwila dataintegrationsystem,designedto support
adaptivity at its core usinga two-prongedapproach. Interleaved
planningand executionwith partial optimizationallows Tukwila
to quickly recover from decisionsbasedon inaccurateestimates.
During execution,Tukwila usesadaptive queryoperatorssuchas
the doublepipelinedhashjoin, which producesanswersquickly,
andthedynamiccollector, whichrobustlyandef�ciently computes
unionsacrossoverlappingdatasources.We demonstratethat the
Tukwila architectureextendsprevious innovationsin adaptive ex-
ecution(suchasqueryscrambling,mid-executionre-optimization,
andchoosenodes),andwe presentexperimentalevidencethatour
techniquesresult in behavior desirablefor a dataintegrationsys-
tem.

1 Intr oduction
The goal of a dataintegration systemis to provide a uni-
formqueryinterfaceto amultitudeof datasources.Thedata
integrationproblemprimarily arisesin two contexts: organi-
zationstrying to provideaccessto acollectionof internalau-
tonomoussources,andsystemsthatpresenta uniform inter-
faceto a multitudeof sourcesavailableon theWorld-Wide
Web(WWW). Thekey advantageof a dataintegrationsys-
temis thatit freesusersfromhaving to locatethesourcesrel-
evantto theirquery, interactwith eachsourceindependently,
andmanuallycombinethe datafrom the differentsources.
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Theproblemof dataintegrationhasreceivedsigni�cant at-
tentionin the researchcommunityasevidencedby numer-
ousresearchprojects(e.g., [10, 20, 25,17, 9, 3, 6, 1, 25, 21,
4, 13]) and the emergenceof several commercialproducts
(e.g., DataJoiner[23] andjango.excite.com ).

Threemain challengesdistinguishthe designof a data
integration systemfrom that of a traditional databasesys-
tem: queryreformulation,theconstructionof wrapperpro-
grams,andthe designof new queryprocessingtechniques
for this moreunpredictableenvironment. While the prob-
lemsof reformulationandrapidwrapperdevelopmenthave
beenthefocusof previouswork (e.g., [10, 17, 1, 9, 16, 3]),
relatively little attentionhasbeengivento thedevelopment
of queryoptimizationalgorithmsandef�cient queryexecu-
tion enginesfor dataintegrationsystems.Thesecomponents
arenow the critical bottleneckto makingsuchsystemsde-
ployablein practice.

1.1 The Needfor Adaptivity
To date,mostdataintegrationresearchhasfocusedon the
problemof integratinginformationfromweb-baseddatasources,
wheretheamountof datareturnedby eachsourceis gener-
ally small. The greaterproblem— that of queryingover
multiple autonomousdatasourcesof moderatesize,across
intranetsaswell as the Internet— requiresus to integrate
novel queryexecutiontechniques.

Several characteristicsof the data integration problem
renderexisting databaseoptimizersand executionengines
(or simple extensionsthereof)inappropriatein the context
of dataintegration:

� Absenceof statistics: statisticsaboutthedata(e.g., cardi-
nalities,histograms)arecentralto aqueryoptimizer'scost
estimatesfor queryexecutionplans. Sincedataintegra-
tion systemsmanipulatedatafrom autonomousexternal
sources,thesystemhasrelatively few andoftenunreliable
statisticsaboutthedata.

� Unpredictabledata arri val characteristics: unliketradi-
tional systems,dataintegrationsystemshave little knowl-
edgeaboutthe rateof dataarrival from thesources.Two
phenomenathatoccurfrequentlyin practicearesigni�cant
initial delaysbeforedatastartsarriving,andburstyarrivals
of datathereafter. Hence,even if the queryoptimizer is



able to determinethe bestplan basedon total work, the
dataarrival characteristicsmaycauseit to beinef�cient in
practice[22].

� Overlap and redundancyamongsources:asa resultof
theheterogeneityof thedatasources,thereis oftensigni�-
cantoverlapor redundancy amongthem.Hence,thequery
processorneedsto beableto ef�ciently collectrelateddata
from multiple sources,minimize the accessto redundant
sources,andrespond�e xibly whensomesourcesareun-
available.

Sincedata integration systemsare designedfor online
queryingof dataon the network, they have two other im-
portantcharacteristics.First, it is importantto optimizethe
time to the initial answersto thequery, ratherthanto mini-
mizethetotalwork of thesystem.Also, network bandwidth
generallyconstrainsthedatasourcesto besomewhatsmaller
thanin traditionaldatabaseapplications.

For all of thesereasons,a dataintegrationqueryproces-
sorshouldbeadaptive. Thisis particularlytruesinceaquery
optimizeris unlikely to producegoodplansfrom badmeta-
data,andeven a plan that may be goodon averageshould
beabandonedif unexpectedsituationsarise.While runtime
adaptivity hasbeenshown to speedup performanceevenin
traditional systems[15, 12], it becomescritical to perfor-
mancein thedataintegrationcontext (e.g., [22]).

1.2 AdaptiveFeaturesof Tukwila
This paperdescribesthe Tukwila1 dataintegrationsystem,
designedwith adaptivity built into its core. Thereare two
levelsatwhichTukwila exhibitsadaptivebehavior: between
theoptimizerandexecutionengine,througha processof in-
terleaved planningandexecution,andwithin the execution
engine,with operatorsdesignedfor dynamicexecution.

� Interleaving planning andexecution:whenTukwila pro-
cessesa query it doesnot necessarilycreatea complete
queryexecutionplanbeforebeginningtoevaluatethequery.
If the optimizer concludesthat it doesnot have enough
metadatawith which to reliably comparecandidatequery
executionplans,it maychooseto sendonly a partialplan
to the executionengine,anddecidehow to proceedafter
the partial plan hasbeencompleted,as in [7]. Alterna-
tively, the optimizer may senda completeplan, but the
executionenginemaycheckfor conditionsthatrequirein-
crementalre-optimization.

� Adaptive operators: Tukwila incorporatesoperatorsthat
areespeciallywell suitedfor adaptive executionand for
minimizing thetimerequiredto obtainthe�rst answersto
a query. Speci�cally, it employs an enhancedversionof
thedoublepipelinedhashjoin [24] (a join implementation
which executesin a symmetric,data-driven manner)and
techniquesfor adaptingits executionwhenthereis insuf-
�cient memory. In addition,theTukwila executionengine
includesa collector operatorwhosetask is to ef�ciently
uniondatafrom a largesetof possiblyoverlappingor re-
dundantsources.Finally, Tukwila queryexecutionplans
1Tukwila is asceniccity nearSeattlein theNorthwestUnitedStates.

cancontainconditionalnodesin thespirit of [12] in order
to adaptto conditionsthatcanbeanticipatedat optimiza-
tion time.

Adaptive behavior in Tukwila is coordinatedin a uni-
form fashionby a set of event-condition-actionrules. An
eventmayberaisedby theexecutionof operators(e.g.,out
of memory, datasourcenotresponding)or atmaterialization
points in the plan. The possibleactionsincludemodifying
operatorexecution,reorderingof operators,or re-optimization.

1.3 Example
A simple exampledemonstratesthe breadthof Tukwila's
adaptive behavior. Supposethat thesamequery(Figure1a)
is issuedto thesystemunderthreeextremeconditions:when
thesourcetablesareof unknownsize,aresmall,or arelarge.
Eachtime, assumethat therelative statisticsaresuchthata
traditional optimizer would constructthe join tree in Fig-
ure 1b. In a traditionalqueryengine,the join implementa-
tions,memoryallocations,andmaterializationpointswill be
�x edat compiletime,andthetreewill beexecutedin a pre-
determinedorder. Tukwila implementsmechanismsneeded
to behavemoreadaptively. Considerits responseto thethree
cases:

No sizeinformation: With noinformationthereisnopoint
in traditionaloptimization. Instead,the optimizermay de-
cideto computea partial resultthat it choosesheuristically,
suchasthejoin AB, anddecideafterwardswhatdonext.

Small tables: Tukwila choosesthe doublepipelinedjoin
implementationfor joins of smallcardinality, andpipelines
the entirequery. Whensourcelatenciesarehigh, this type
of join hasa largeadvantageover traditionaljoins,but it de-
mandsconsiderablymorememory. To handlethe“unlucky”
casethatmemoryis exceeded,thejoin operatorhasanover-
�o w resolutionmechanism.

Lar getables: If thetablesaresuf�ciently large,Tukwila's
optimizerchoosesstandardhashjoins,andbreaksthepipeline,
perhapsafter join AB in Figure1b. Now, dependingon the
rulesin force,oneof two thingsmayhappenduringexecu-
tion:

� Rescheduling: If all sourcesrespond,and tableAB has
a cardinalitysuf�ciently closeto theoptimizer'sestimate,
executioncontinuesnormally. Shouldsomesourcesre-
spondslowly, however, Tukwila can rescheduleas with
queryscrambling[22]. If theconnectionto datasourceA
timesout, join DE will beexecutedpreemptively. Should
thattimeoutaswell, theoptimizeris calledwith thatinfor-
mationto produceaplanreorderedto usethenon-blocked
sources�rst.

� Re-optimization: After the AB join completesandma-
terializes,Tukwila comparesthe actual cardinality with
the optimizer's estimate.As in [15], if this valuesignif-
icantlydiffersfrom theoptimizer'sestimate,theoptimizer
is awakenedto �nd acheaperplan(perhapstheonein Fig-
ure1c)givenmoreaccurateinformation.



Select * from A,B,C,D,E

where A.ssn =B.ssn

and     B.ssn=C.ssn

and     C.ssn=D.ssn

and     D.ssn=E.ssn
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Figure1: Samplequery, initial join tree,andjoin treeproducedby re-optimization.

Thepaperis organizedasfollows. Section2 providesan
overview of thearchitectureof Tukwila. Section3 describes
themechanismsfor interleaving of planningandexecution.
Section4 describesthenew queryoperatoralgorithmsused
in Tukwila. Section5 discussesthe implementedsystem.
Section6 describesour experimentalresults.Section7 dis-
cussesrelatedwork, andSection8 discussesseveral addi-
tional issuesandconcludingremarks.

2 Tukwila Ar chitecture
This sectionprovidesan overview of the Tukwila architec-
tureasillustratedin Figure2.

Queries: A Tukwila userposesqueriesin termsof amedi-
atedrelationalschema.Therelationsin themediatedschema
arevirtual in the sensethat their extensionsarenot stored
anywhere. The goal of the mediatedschemais to abstract
the detailsof the datasources'schematafrom the user. In
thispaperwelimit ourdiscussionto select-project-join(con-
junctive)queriesover this mediatedschema.

Data source catalog: The catalogcontainsseveral types
of metadataabouteachdatasource. The �rst of theseis
a semanticdescriptionof the contentsof the datasources.
Secondis overlap information aboutpairs of datasources
(that is, theprobabilitythata datavalue

�

appearsin source
���

if
�

is known to appearin source
���

) for useby collector
operators,asin [8]. In theextremecase,overlapinformation
canindicatethattwo sitesaremirrorsof eachother. Finally,
thecatalogmaycontainkey statisticsaboutthedata,suchas
thecostof accessingeachsource,thesizesof the relations
in thesources,andselectivity information.

Query reformulation: Thequeryoverthemediatedschema
is fedinto theTukwila queryreformulationcomponent,which
is basedon anenhancedversionof thealgorithmdescribed
in [17]. In general,a queryreformulatorconvertstheuser's
queryintoaunionof conjunctivequeriesreferringto thedata
sourceschemata.This paperfocuseson a limited form in
which we have a singlequerythat may includedisjunction
at the leaves. This limited disjunction,which is handledby
our dynamiccollectoroperator, is usefulin handlingmulti-
ple overlappingor mirroreddatasourceswith the sameat-
tributes,e.g. in a queryoverbibliographicaldatabases.

Query optimizer: Thequeryoptimizertransformstherewrit-
tenqueryinto a queryexecutionplan for the executionen-
gine. The optimizer hasthe ability to createpartial plans

if essentialstatisticsaremissingor uncertain,andalsopro-
ducesrulesto de�ne adaptivebehavior duringruntime.

Query executionengine: Thequeryexecutionenginepro-
cessesqueryplansproducedby theoptimizer. Theexecution
engineemphasizestime-to-�rst resultandincludesoperators
designedto facilitate this. It includesan event handlerfor
dynamicallyinterpretingrulesandsupportsincrementalre-
optimization.

Wrappers: thequeryexecutionenginecommunicateswith
thedatasourcesthrougha setof wrapperprograms.Wrap-
pershandlethe communicationwith the datasourcesand,
whennecessary, translatethedatafrom the formatsusedin
thesourcesto thoseusedin Tukwila. We assumea location-
independentwrappermodel,wherewrapperscanbeplaced
eitherat thedatasourceor at theexecutionsystem.

3 Interleaving Planning and
Execution

Thequeryoptimizertakesaqueryfrom thereformulatorand
usesinformationfrom the sourcecatalogto producequery
execution plans for the executionenginevia a System-R
styledynamicprogrammingalgorithm. Thenon-traditional
aspectsof theTukwila optimizerincludethefollowing:

� The optimizerdoesnot alwayscreatea completeexecu-
tion planfor thequery. If essentialstatisticsaremissingor
uncertain,the optimizermay generatea partial plan with
only the �rst stepsspeci�ed, deferringsubsequentplan-
ning until sourceshave beencontactedandcritical meta-
dataobtained.

� In addition to producingthe annotatedoperatortree, the
optimizeralsogeneratesthe appropriateevent-condition-
action rules. Theserules specify (1) when and how to
modify theimplementationof certainoperatorsat runtime
if needed,and (2) conditionsto checkat materialization
pointsin orderto detectopportunitiesfor re-optimization.

� Thequeryoptimizerconservesthestateof its searchspace
whenit calls theexecutionengine.Theoptimizeris able
to ef�ciently resumeoptimizationin incrementalfashion
if needed.

3.1 Query Plans
Operatorsin Tukwila areorganizedintopipelinedunitscalled
fragments. At the end of a fragment,pipelinesterminate,
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Figure2: Architectureof theTukwila informationintegrationsystem.

resultsarematerialized,andthe restof the plan canbe re-
optimizedor rescheduled.A plan consistsof a partially-
orderedsetof fragmentsandasetof globalrules.Thepartial
orderingre�ects constraintson theorderof executionsuch
asdata�o w dependencies.The global rulesencodecondi-
tional executionpolicies,suchaschoosingamonga setof
alternative fragmentsafteronecompletes.Fragmentsunre-
lated in the partial order may executein parallel. For ex-
ample,wemayexecuteoneCPU-boundfragmentin parallel
with othernetwork-boundfragmentsasin [14].

3.1.1 Fragmentsand Operators

A fragmentconsistsof a fully pipelinedtreeof physicalop-
erators,anda setof local rules. Eachnodein the tree is
a physicaloperatorspecifying:(1) thealgebraicoperatorat
thenode(e.g., selection,join), (2) thechosenphysicalimple-
mentationof theoperator(e.g., hashjoin, doublepipelined
join), (3) thechildrenof thenode,(4) thememoryallocated
to theoperator, asdiscussedin [5, 18], and(5) an estimate
of resultcardinality.

3.1.2 Rules

Rulesarethekey mechanismfor implementingseveralkinds
of adaptivebehavior in Tukwila:

� Re-optimization: At the endof a fragment,if the opti-
mizer'scardinalityestimatefor thefragment'sresultis sig-
ni�cantly differentfrom theactualsize,theoptimizerwill
bereinvoked(in thesamespirit as[15]).

� Contingent planning: At the endof a fragmentthe ex-
ecutionenginecan checkpropertiesof the result in or-
derto selectthenext fragment(thusimplementingchoose
nodes[12]).

� Adaptive operators: The policy for memory over�ow
resolutionin thedoublepipelinedjoin (Section4.2)isguided
by a rule. Collectors(Section4.1) arealso implemented
usingrules.

� Rescheduling:Rulesareusedfor specifyingwhena plan
shouldbe rescheduledif a sourcetimesout (as in query
scrambling[22]).

Tukwila rules have the form when event if condition
then actions. For example,the following rule calls theop-
timizer to replanthe subsequentfragmentsif the estimated

cardinalityis signi�cantly differentfrom thesizeof the re-
sult.

whenclosed(frag1)
if card(join1) � 2 * est card(join1)then replan

Formally, arulein aTukwila planisaquintuple	�

��
������������

���

�

�

�����������

�

.
An eventcantrigger arule,causingit to checkits condition.
If theconditionis true, the rule �r es, executingtheactions.
Theowneris thequeryoperatoror planfragmentwhich the
rulecontrolsor monitors.Only activeruleswith activeown-
ersmaytrigger. Firing aruleoncemakesit becomeinactive.

Theexecutionsystemgenerateseventsin responseto im-
portantchangesin theexecutionstate,suchas:

���! #"!$ , %�&

�#'!")( : fragment/operatorstartsor completes
��")*)*+�)* : operatorfailure,e.g., unableto contactsource
�-,/.�0/"��!1+,32 n4 : datasourcehasnot respondedin � msec.
���!1�, �)5 0/"�0/��*)6 : join hasinsuf�cient memory
�-,)7+*+"8'�78�

&

(32 n4 : � tuplesprocessedby operator

Oncean event has triggereda set of associatedrules,
eachrule's conditionsareevaluatedin parallelto determine
whetherany actionsshouldbetaken. Conditionsarepropo-
sitional formulae, with comparatorterms as propositions.
Thequantitiesthatcanbecomparedincludeintegerandstate
constants,states,valuesprecomputedby theoptimizer(e.g.,
estimatedcardinalityor memoryallocated),andvariousdy-
namicquantitiesin thesystem:

�9':,+;�,#"<2 operator4 : theoperator'scurrentstate
�

%

;�*�(32 operator4 : thenumberof tuplesproducedsofar
�-,/.�0/"<2 operator4 : thetimewaitingsincelasttuple
�=0/"�0/�)*)6/2 operator4 : thememoryusedsofar

After all rule conditionscorrespondingto a givenevent
have beenevaluated,actionsare executedfor thoserules
whoseconditionsaremet. Most actionschangesomeoper-
ator'smemoryallocation,implementation,or state.Tukwila
actionsinclude:

� settheover�ow methodfor adoublepipelinedjoin
� altera memoryallotment
� deactivateanoperatoror fragment,which stopsits execu-

tion anddeactivatesits associatedrules
� reschedulethequeryoperatortree
� re-optimizetheplan



� returnanerrorto theuser

Naturally, thepower of the rule languagemakesit pos-
sible to have con�icting or non-terminatingrules. It is ulti-
matelytheresponsibilityof theoptimizertoavoid generating
suchrules.However, in orderto avoid themostcommoner-
rors we imposea numberof restrictionson rule semantics:
(1) All of a rule's actionsmustbe executedbeforeanother
eventis processed.(2) Ruleswith inactiveownersarethem-
selves inactive. (3) No two rulesmay ever be active such
that onerule negatesthe effect of the otherandboth rules
canbe�red simultaneously. (This �nal aspectis acondition
thatcanbestaticallychecked.)

3.2 Query Execution
TheTukwila queryexecutionengineis responsiblenotonly
for executinga queryplan, but also for gatheringstatistics
abouteachoperationandfor handlingexceptionconditions
or re-invoking theoptimizer. Thesystemtakesa queryexe-
cutionplanfromtheoptimizerandsendsits rulesto theevent
handler(Section3.3).Theneachplanfragmentis processed
in turn,asa single,pipelinedexecutionunit.

Theoperatortreeis executedusingthetop-down “itera-
tor” model[11]. (Notethatourimplementationof thedouble
pipelinedjoin is aniterator-basedadaptation,asdescribedin
Section4.2). Control �o ws from the root nodeandmakes
its way down the tree. At the leaf nodesare �le scansor
requestsfor datafrom wrappers2.

As operatorswithin a fragmentareexecuted,they per-
form two functionsin addition to datamanipulation: they
gathercardinality statisticsfor the optimizer, and they in-
voketheeventhandlerwhensigni�cant systemevents(such
asrunningout of memory, timing out on a connection,or
completionof a fragment)occur.

3.3 Event Handling
The event handleris responsiblefor interpretingthe rules
thatareattachedto queryexecutionplans,andthusit is the
subsystemwhichenablesmostof Tukwila'sadaptivebehav-
ior. Theexecutionsystemmaygenerateaneventatany time.
Theseeventsarefed into aneventqueue,which imposesan
orderingon theruleevaluationprocess.

For eacheventin thequeue,theeventhandlerusesahash
tableto �nd all matchingrulesthatarein theactive set.For
eachactive rule, it evaluatestheconditions;if they aresat-
is�ed, all of the rule's actionsareexecutedbeforethe next
event in the queueis processed.Actions may changeop-
eratorexecutionor causetheexecutionengineto terminate
the currentplan andre-invoke the optimizer, sendingback
statistics.

2Although several authorshave consideredwrappersthat, in addition
to accessingthe datasources,may also apply relationaloperatorsto the
data,in our discussionwe assumethatexploiting additionalcapabilitiesof
the wrappersis donewithin the reformulator, andhenceTukwila submits
atomicfetchqueriesto thewrappers.

4 AdaptiveQuery Operators
Tukwila plansinclude the standardrelationalqueryopera-
tors: join (including dependentjoin), selection,projection,
unionandtablescan.In thissection,wehighlightTukwila's
adaptive operators: the dynamiccollector and the double
pipelinedjoin operator.

4.1 Dynamic collectors
A commontask in data integration is to perform a union
over a large numberof overlappingsources[27, 8]. Com-
monexamplesof suchsourcesincludethoseproviding bib-
liographicreferences,movie reviews andproductinforma-
tion. In somecasesdifferentsitesaredeliberatelycreatedas
mirrors.

For thesereasons,the Tukwila queryreformulatorwill
outputqueriesusingdisjunctionat theleaves.We couldpo-
tentially expressthesedisjunctionsasunionsover the data
sources.However, a standardunionoperatorhasno mecha-
nismfor handlingerrorsor for decidingto ignoreslow mir-
ror datasourcesonceit hasobtainedthe full dataset,so it
doesnotprovidethe�e xibility neededin thedataintegration
context. In Tukwila we treatthis taskasaprimitiveoperator
into which we canprograma policy to guidethe accessto
thesources.

An optimizerthathasestimatesof theoverlaprelation-
shipsbetweensourcescanprovideguidanceabouttheorder
in whichdatasourcesshouldbeaccessed,andpotentialfall-
backsourcesto usewhena particularsourceis unavailable
or slow (asin [8]). This guidanceis given in the form of a
policy. The queryexecutionengineimplementsthe policy
by contactingdatasourcesin parallel,monitoringthe state
of eachconnection,andaddingor droppingconnectionsas
requiredby errorandlatency conditions.A key aspectdis-
tinguishingthe collectoroperatorfrom a standardunion is
�e xibility to contactonly someof thesources.

Formally, a collectoroperatorincludesa setof children
(wrappercalls or table scansof cachedor local data)and
a policy for contactingthem. A policy is a set of triples

>
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activation condition �+? anda terminationcondition �@? . The
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Thepolicy is actuallyexpressedin Tukwila asasetof event-
condition-actionrules,whichareimplementedusingthenor-
mal rule-executionmechanisms.

In theexamplebelow, we have a fairly complex policy.
Initially we attemptto contactsourcesF and G . Whichever
sourcesends10 tuplesearliest“wins” and“kills” theother
source.(Note thatwe take advantageof the fact thata rule
owned by a deactivatednodehasno effect.) If Source F

timesout beforeSourceG hassent10 tuples,SourceH is
activatedandtheothersourcesaredeactivated.

whenopened(coll1)
if truethen activate(coll1,A);activate(coll1,B)



when threshold(A,10)
if truethen deactivate(coll1,B)

when threshold(B,10)
if truethen deactivate(coll1,A)

when timeout(A)
if truethen activate(coll1,C);deactivate(coll1,B);

deactivate(coll1,A)

4.2 DoublePipelined Join
Conventional join algorithmshave characteristicsundesir-
ablein a dataintegrationsystem.For example,sort-merge
joins (exceptwith presorteddata)andindexedjoins cannot
be pipelined,sincethey requirean initial sortingor index-
ing stepin this context. Eventhepipelinedjoin methods—
nestedloopsjoin andhashjoin — have a �a w in that they
follow anasymmetricexecutionmodel: oneof thetwo join
relationsis classi�edasthe“inner” relation,andtheotheras
the“outer” relation.For anestedloopsjoin, eachtuplefrom
theouterrelationis probedagainsttheentireinnerrelation;
we mustwait for theentireinnertableto betransmittedini-
tially beforepipeliningbegins. Likewise, for thehashjoin,
wemustloadtheentireinnerrelationinto ahashtablebefore
wecanpipeline.

We now contrastthesemodelswith thedoublepipelined
join (alsoknown asthepipelinedhashjoin), whichwasorig-
inally proposedin [24] for paralleldatabasesystems.

4.2.1 Conventional Hash Join

As waspreviously mentioned,in a standardhashjoin, the
databasesystemcreatesa hashtablefrom theinnerrelation,
keyedby thejoin attributesof theoperation.Thenonetuple
at a time is readfrom theouterrelationandis usedto probe
the hashtable; all matchingtupleswill be joined with the
currenttuple andreturned[11]. If the entireinner relation
�ts into memory, hashjoin requiresonly asmany I/O opera-
tionsasarerequiredto loadbothrelations.If theinnerrela-
tion is too large,however, thedatamustbepartitionedinto
smallerunitsthataresmallenoughto �t into memory. Com-
monstrategiessuchasrecursivehashingandhybridhashing
useover�ow resolution,waiting until memoryrunsout be-
forebreakingdown therelations.

In recursivehashing,if theinnerrelationis too large,the
relationis partitionedalongbucketboundariesthatarewrit-
tento separate�les. Theouterrelationis thenreadandparti-
tionedalongthesameboundaries.Now thehashjoin proce-
dureis recursively performedonmatchingpairsof over�ow
�les.

Hybrid hashing[11] usesasimilarmechanism,but takes
a “lazy” approachto creatingover�ow �les: eachtime the
operationruns out of memory, only a subsetof the hash
bucketsare written to disk. After the entire inner relation
is scanned,somebucketswill probablyremainin memory.
Now, whentheouterrelationis read,tuplesin thosebuckets
areimmediatelyprocessed;theothersareswappedout to be
joinedwith theover�ow �les. Naturally, hybridhashingcan
beconsiderablymoreef�cient thanrecursivehashing.

A hashjoin hasseveralimportantparametersthatcanbe
setby anoptimizerbasedon its knowledgeof thesourcere-
lations' cardinalities.Most importantis the decisionabout
which operandwill be the innerrelation: this shouldbethe
smallerof thetwo relations,asit mustbeloadedinto amem-
ory. Otherparametersincludethenumberof hashbucketsto
use, the numberof buckets to write to disk at eachover-
�o w, andtheamountof memoryto allocateto theoperator.
In a conventionaldatabasesystem,wheretheoptimizerhas
knowledgeaboutcardinalities,andwherethecostof a disk
I/O from any sourceis thesame,thejoin parameterscanbe
seteffectively. However, adataintegrationenvironmentcre-
atesseveralchallenges:

� Theoptimizermaynot know therelative sizesof the two
relations,andthusmightpositionthelargerrelationasthe
innerone.

� Sincethetimeto �rst tupleis importantin dataintegration,
we mayactuallywant to usethe largerdatasourceasthe
innerrelationif we discover thatit sendsdatafaster.

� Thetime to �rst tuple is extendedby thehashjoin's non-
pipelinedbehavior whenit is readingtheinnerrelation.

4.2.2 Double PipelinedHashJoin

The doublepipelinedhashjoin is a symmetricand incre-
mentaljoin, which producestuplesalmostimmediatelyand
masksslow datasourcetransmissionrates.Thetrade-off is
thatwemusthold hashtablesfor bothrelationsin memory.

As originally proposed,thedoublepipelinedjoin is data-
driven in behavior: eachof the join relationssendstuples
throughthe join operatoras quickly as possible. The op-
eratortakesa tuple, usesit to probethe hashtable for the
oppositejoin relation,andaddsthe tuple to the hashtable
for thecurrentrelation3. At any point in time,all of thedata
encounteredso far hasbeenjoined,andtheresultingtuples
havealreadybeenoutput.

The doublepipelinedjoin addressesmany of theafore-
mentionedproblemswith a conventionalhashjoin in a data
integrationsystem:

� Tuplesareoutputasquickly asdatasourcesallow, sotime
to �rst outputtupleis minimized.

� Theoperatoris symmetric,sotheoptimizerdoesnotneed
to choosean“inner” relation.

� Itsdata-drivenoperationcompensatesfor aslow datasource
by processingtheothersourcemorequickly. Thisalsoal-
lows the query executionsystemto make more ef�cient
useof theCPU,asit mayprocessdatafrom onejoin rela-
tion while waiting for theother.

On theotherhand,the doublepipelinedjoin posestwo
problemsas we attemptto integrateit into Tukwila. The
�rst is that the doublepipelinedjoin follows a data-driven,
bottom-upexecutionmodel. To integrateit with our top-
down, iterator-basedsystem,wemakeuseof multithreading:
thejoin consistsof separatethreadsfor output,left child,and

3Oncetheoppositerelationhasbeenreadin its entirety, it is no longer
necessaryto add tuplesto the hashtableunlessthe matchingbucket has
over�owed.



right child. As eachchild readstuples,it placestheminto a
smalltupletransferqueue. Thejoin outputthreadthentakes
a tuple from eitherchild's queue,dependingon wheredata
is present,andprocessesthat tuple. For greateref�ciency,
we ensurethat eachthreadblockswhenit cannotdo work
(i.e., whentransferqueuesareemptyfor theoutputthread,
or full for thechild threads).

Thesecondproblemwith a doublepipelinedjoin is that
it requiresenoughmemoryto holdbothjoin relations,rather
thanthesmallerof two join relations.To a largeextent,we
feel that this is lessof a problemin a dataintegrationenvi-
ronmentthanit is in astandarddatabasesystem:thesizesof
mostdataintegrationqueriesareexpectedto beonly moder-
atelylarge,andwemayalsobewilling to tradeoff sometotal
executiontime in orderto get theinitial resultssooner. Ad-
ditionally, we expectanoptimizerto useconventionaljoins
whenarelationis known to beespeciallylarge,or whenone
input relation is substantiallysmallerthan the other. Nev-
ertheless,wehave identi�ed severalstrategiesfor ef�ciently
dealingwith theproblemof insuf�cient memoryin adouble
pipelinedjoin, andreportonexperimentswith eachof these
methods(seeSection6).

4.2.3 Handling Memory Over�o w

Whenahashjoin over�ows,theonly feasiblerecoverystrat-
egy is to take someportionof thehashtableandswap it to
disk. With thedoublepipelinedhashjoin, thereareat least
four possibilities.First, it is possibleto usestaticallysized
bucketswhich are�ushed andre�lled every time they over-
�o w, but this would not perform well if the relation were
slightly larger thanmemory. Anotheralternative would be
aconversionfrom doublepipelinedjoin to hybridhashjoin,
wherewe simply �ush onehashtableto disk.

Thetwo algorithmsweimplementedin Tukwila arecon-
siderablymoresophisticatedandef�cient. To givea feel for
thealgorithms'relativeperformance,we includeananalysis
hereof a join betweentwo unsortedrelationsA (left child)
andB (right child) of equaltuplesizeanddatatransferrate,
andof thesamecardinality I . For simplicity, wecounttuples
ratherthanblocks,andwe furtherassumeevendistribution
of tuplesacrosshashbuckets,andthatmemoryholds J tu-
ples. Note that our emphasisis on the disk I/O costs,and
thatwe do not includetheunavoidablecostsof fetchingin-
putdataacrossthenetwork or writing theresult.

Incr ementalLeft Flush Uponover�ow, switchto a strat-
egy of readingonly tuplesfrom the right-siderelation; as
necessary, �ush a bucket from the left-side relation's hash
table eachtime the systemruns out of memory. Now re-
sumereadingandjoining from the left side. This approach
allows the doublepipelinedjoin to graduallydegradeinto
hybridhash,�ushing bucketslazily. If memoryis exhausted
beforetheoperationcompletes,we proceedasfollows. (1)
Pausereadingtuplesfrom sourceA. (2) Flushsomebuckets
from A'shashtableto disk. (3) Continuereadingtuplesfrom
sourceB, enteringtheminto B's hashtable,andusingthem
to probeA's (partial) table;if a B-tuplebelongsin a bucket
whosecorrespondingA-buckethasbeen�ushed, thenmark

the tuple for later processing.(4) If sourceB's hashtable
runsout of memoryafter A's tablehasbeen�ushed com-
pletely, thenwrite oneor moreof B's bucketsto disk. (5)
Whenall of B hasbeenread,resumeprocessingtuplesfrom
sourceA. If thesetuplesbelongin a bucket which hasbeen
�ushed, thenwrite thetuplesto disk;otherwiseprobesource
B's hashtable. (6) Oncebothsourceshave beenprocessed,
do a recursive hybrid hashto join thebucket over�ow �les.
To avoid duplicates,theunmarkedtuplesfromA shouldonly
bejoinedwith markedtuplesfrom B, whereasmarkedtuples
shouldbejoinedwith bothunmarkedandmarkedtuples.We
calculatetotal costsfor this algorithmasfollows:

� SupposeK

�ML
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IQP K
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Incr ementalSymmetricFlush In thiscase,wepickabucket
to �ush to disk, and �ush the bucket from both sources.
Stepsto resolve over�ow are as follows: (1) Upon mem-
ory exhaustion,choosea bucket andwrite that component
of both A andB's hashtablesto disk. (2) Continueread-
ing tuplesfrom both sourcerelations. (3) If a newly read
tuplebelongsto a �ushed bucket,markthetupleasnew and
�ush it to disk; otherwise,addthe tuple to the appropriate
hashtable,anduseit to probethe oppositehashtable. (4)
Oncebothsourceshave beenprocessed,do a recursive hy-
brid hashto join thebucketover�ow �les. Notethatthejoin
mustconsiderthe tuple markings:unmarked tuplesshould
only bejoinedwith markedtuples;markedtuplesshouldbe
joinedwith bothunmarkedandmarkedtuples.Thedisk I/O
costsof this algorithmcanbederivedasfollows:

SupposeIcNdReJ . After readingtheentirecontentsof both
tables,we have over�owed R�IfPgJ tuples. After reading
themback,wegeta total costof a�IQPhR:J .

Ouranalysissuggeststhatincrementalleft-�ush will per-
form fewerdiskI/Osthanthesymmetricstrategy, but thelat-
ter may have reducedlatency sinceboth relationscontinue
to beprocessedin parallel.Section6.3evaluatesthisassess-
mentempirically.

5 Implementation
The Tukwila systemis an end-to-endplatform for datain-
tegration research,from query reformulationthroughopti-
mizationto executionstrategiesandwrapperinterfaces.To
facilitatethis,weuseacomponentarchitecturewith separate
modules(wrappers,executionsystem,optimizer)communi-
catingvia well-speci�edAPIs. Whereverpossible,welever-
agepre-existing standards,including TCP sockets, XML,
andUnicode.

All communicationbetweenmodulesoccursoverasocket
interface.While thisintroducesaminimalperformancepenalty
in cross-modulecallson a singlemachine,it givesTukwila
severalhighly desirablecharacteristics.The�rst is thatour



systemsupportsa limited form of scalabilityanddistribu-
tion: all componentscansharea singlemachineor run on
separatemachines.A secondmajor bene�t of usingsock-
etsis thatthesystemis language-andplatform-independent.
Ourexecutionengineiswrittenin C++onaWindowsNT/Pentium
II platform; theoptimizerandwrappersarewritten in Java,
andcanrun onany platformsupportingthelanguage.

Thequeryexecutionsystemacceptsplanswhicharespec-
i�ed in anXML-basedqueryplanlanguagewhichis human-
writable. At theendof its executioncycle (which maycon-
sistof anentireplan,or merelysomesubsetafterwhich the
enginewasdirectedto returnto theoptimizer),theexecution
systemsendsbackinformationaboutoperatorstateandcar-
dinalitiessotheoptimizerwill havemoreaccuratestatistics.

The Tukwila queryexecutionenginecurrentlyconsists
of approximately25,000linesof C++ code. Theexecution
engineis designedwith amultithreadedarchitecturein order
to supportprefetchingandthedoublepipelinedjoin andcol-
lectoroperators.Threadschedulingis doneby theoperating
system,but it is controlledcloselyby theexecutionengine
in orderto preventheavy contentionfor theCPU.We usea
custommemory-managementsystemoptimizedfor ef�cient
spaceusagein creatinghashtables.

An early versionof the query optimizer, implemented
in Java andwhich includesthe ability to save optimization
state,wasusedin our experimentsinvolving interleaving of
planningandexecution.For theotherexperiments,we used
hand-codedqueryplansfor greatercontrol.

6 Experiments
We report the highlights of our experimentsin four areas,
showing that (1) the doublepipelinedjoin outperformshy-
brid hash,(2) thepreferredoutputbehavior dictatesoptimal
memoryover�ow strategy, (3) interleavedplanningandexe-
cutionproducessigni�cant bene�ts,and(4) having theopti-
mizersavestatein ordertospeedsubsequentre-optimizations
yieldssubstantialsavings.

6.1 Experimental Methodology
Experimentswere performedusing scaledversionsof the
TPC-D dataset,at 50MB and10MB, createdwith the db-
gen1.31program.This datawasstoredin IBM DB2 Uni-
versalDatabase5.20on a dual-processor450MHzPentium
II server with 512MB RAM, runningWindows NT Server.
ThewrappersusedIBM' s DB2 JDBCdriver, andwererun
directlyon theserverwith JIT v. 3.10.93.Theexecutionen-
gine wasrun on a 450MHz PentiumII machineunderNT
Workstationwith 256MB RAM. Our machineswere con-
nectedvia a standard10MbpsEthernetnetwork.

For eachof the experiments,we initially ran the query
onceto “prime” the database,thenrepeatedit 3 timesun-
dermeasurementconditions.We show theaveragerunning
timesin ourexperimentalresults.

6.2 Performanceof DoublePipelined Join
In order to comparethe overall performanceof the double
pipelined join versusa standardjoin, we ran all possible
joinsof two andthreerelationsin our50MB TPC-baseddata
set.

The resultsarevery much in favor of the doublepipe-
lined join. In eachof the experiments,we saw the same
pattern:not only did thedoublepipelinedjoin show a huge
improvementin time to �rst tuple,but it alsohada slightly
fastertime-to-completionthanthehybrid hashjoin. This is
explainedby thedoublepipelinedjoin'suseof multithread-
ing, which allows it to perform useful work as it is wait-
ing for datato arrive. The exact performancegain of the
doublepipelinedjoin varieddependingon the sizesof the
tables(sincea small inner relation allows the hybrid hash
join to performwell), but in all casestherewasa measur-
abledifference.Additionalpreliminaryexperimentssuggest
that addingprefetchingto the hybrid hashjoin canalmost
removethegapin total executiontime betweenthetwo join
methods,but that thedoublepipelinedhashjoin still hasan
advantagein time-to-�rst-tuple.

Figure3ashows a typical plot of tuplesvs. time for the
3-relationjoin lineitem ikj order i�j supplier with different
con�gurationsof the join tree. lineitem is larger than the
combinedorder ikj supplier result,so clearly it shouldbe
joinedlast. However, sincethehybrid hashjoin is not sym-
metric, our assignmentof inner andouterrelationsat each
join impactsthe performancefor this join. In contrast,the
doublepipelinedjoin performsequallywell in all of these
cases.

Next, we analyzethe performanceof the doublepipe-
lined join in a wide-areadomain. In order to get realistic
performance,we redirectedwrapperdataoriginatingat the
University of Washingtonto a Java “echo server” located
at INRIA in France,which “bounced”the databackto the
wrapper, which in turn forwardedthe delayeddatato the
executionengine. A measurementof link bandwidthwith
the ttcp network measurementtool yieldedan estimateof
82.1KB/sec,andping returneda round-triptime of approx-
imately145msec.

Figure3bshowstheperformanceof asamplejoin, part-
supp i�j part , underconditionswherebothconnectionsare
slow, theinnerrelationis slow, theouterrelationis slow, and
at full speed.As expected,we observe thatthedoublepipe-
lined join begins producingtuplesmuchearlier, andthat it
completesthequerymuchfasteraswell.

6.3 Memory Over�o w Resolution
The�rst experimentassumedamplememory, but sincedou-
blepipelinedjoin is memoryintensive,we now exploreper-
formancein amemory-limitedenvironment.In orderto con-
trastour doublepipelinedover�ow resolutionstrategies,we
ranexperimentsto measuretheperformanceof thesestrate-
giesunderdifferentmemoryconditions.

Figure4 shows onesuchresult. Herewe areexecuting
the join part ikj partsupp, which requiresapproximately
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Figure3: Doublepipelinedjoin producesinitial resultsmorequickly, is lesssensitive to slow sources,andcompletesfasterthantheoptimal
hybridhashjoin.

48MB of memory in our system. The graphshows how
thenumberof tuplesproducedby a giventime variesaswe
run thesamejoin with full memory, 32MB of memory, and
16MB of memory.

From the �gure it is apparentthat the Left Flushalgo-
rithm hasa muchmoreabrupttuple productionpattern,as
it runssmoothlyonly until the �rst over�ow, afterwhich it
must�ush andreadin theright child beforeresumingfully
pipelinedoperation. Note that this is still superiorto the
hybrid hashjoin, becauseour algorithmmay still produce
outputas it readsthe right child if thereis datain the left
child'shashtable.

In contrast,theSymmetricFlushalgorithmcontinuesto
pipelineasit over�ows,but thenumberof bucketsin mem-
ory decreases.The result is a a somewhat smoothercurve
which is dependenton theskew of thedata.

Ourexperimentssuggestthatoverallrunningtimefor the
two strategiesis relatively close,andthat theprimarybasis
for choosingthe over�ow resolutionstrategy shouldbe the
desiredpatternof tupleproduction.Left Flushmustoperate
for a periodin which few tuplesareoutput,but afterwhich
it begins pipelining the left child againstmostor all of the
right child's data. SymmetricFlush producestuplesmore
steadily, but its performanceslows asmemoryis exceeded,
up until the point at which the sourceshave beenreadand
theover�ow �les canbeprocessed.

Theresultsalsosuggestthat,while thereis a noticeable
penaltyfor over�owing memorywith the doublepipelined
join, the operator's ability to produceinitial tuplesquickly
maystill make it preferableto thehybrid hashjoin in many
situations.

6.4 InterleavedPlanning and Execution
For complex queriesoverdatasourceswith unknown selec-
tivities andcardinalities,anoptimizeris likely to producea
suboptimalplan. In this experiment,we demonstratethat
Tukwila's strategy of interleaving planningand execution
canslashthe total time spentprocessinga query. We �nd
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Figure4: SymmetricFlushoutputstuplesmoresteadily, but the
ratetapersoff morethanwith Left Flush. Overall performanceof
bothstrategiesis similar.

that replanningcan signi�cantly reducequery completion
time versuscompletelypipeliningtheplan.

For the10MB dataset,weranall sevenof thefour-table
joins thatdid not involve the lineitem table(which wasex-
tremelylarge). Theoptimizerwasgivencorrectsourcecar-
dinalities,but it hadto baseits intermediateresultcardinal-
ities on estimatesof join selectivities, sinceno histograms
were available. We usedthe doublepipelinedjoin imple-
mentationin all cases.

In Figure5 we seethecomparisonof runningtimesfor
threedifferentstrategiesusingthesamequeries.Thebase-
line strategy is simply to materializeaftereachjoin andgo
on to the next fragment. The secondstrategy addeda rule
to the end of eachfragment,which replanswhenever the
cardinalityof theresultdiffersfrom theestimateby at least
a factorof two. The third strategy is to fully pipeline the
query.

In every case, the materializeand replanstrategy was
fastest,with a total speedupof 1.42over pipelineand1.69
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Figure5: Evencountingthecostof repeatedmaterialization,in-
terleavedplanningandexecutionrunsfasterthana fully pipelined,
staticplan.

over thenä�vestrategy of materializingalone.This is some-
what surprising,since the bene�t of replanningbasedon
correctedestimatesoverwhelmsthecostsof bothreplanning
andextramaterializationsin eachcase.Themostlikely rea-
son is that many of the join operationsweregiven insuf�-
cientmemorybecauseof poorselectivity estimates,andthis
causedthemto over�ow. In practice,both cardinalityand
selectivity estimatesof initial tablesizeswill be inaccurate,
favoringreplanningevenmore.

6.5 Saving Optimizer State
As the resultsfrom the previous experimentillustrate, re-
optimizationcanyieldsigni�cant performanceimprovements.
Hence,it is commonfor the Tukwila executionsystemto
re-invoke theoptimizerafter �nishing a fragment.Theop-
timizer thenneedsto correctits sizeestimatefor the frag-
ment's result,andupdatethecostestimateto re�ect thecost
of readingthematerialization.A dynamic-programmingop-
timizer caneitherreplanfrom scratcheachtime, or save its
statefor reuseon thenext re-optimization.

For the caseof replanningfrom scratch,the querygets
smallerby oneoperationaftereachjoin, therebyhalvingthe
sizeof the dynamicprogram. However, reusehasthe ad-
vantagethatany new informationaboutthecompletionof a
fragmentcanonly impacthalf of theentriesin the original
table.

The advantageof saving stateis that half of the useful
entriesin therebuilt tablehavealreadybeencomputed.Our
stored-statealgorithmvisits noneof thesenodes.To facili-
tatethissearchstrategy duringre-optimization,weintroduce
usage pointers into the dynamicprogramfrom eachsub-
queryto everylargersubquerythatcanuseit asaleft or right
child. We alsokeepa usagepointerfrom every subqueryto
every subplanthatdoesuseit asa left or right child. In our
�nal experiment,wecomparereplanningfrom scratchto re-
optimizationbasedon saved stateasoptimizedwith usage
pointers. Herewe realizea speedupof up to 1.64over re-
planningfrom scratch.In separateexperiments(not shown)

wecomparere-optimizationusingsavedstatewithoutusage
pointersandtheresultingperformanceis worsethanreplan-
ning from scratch.

7 Relatedwork
TheINGRESqueryoptimizationalgorithmoriginally inter-
leavedstepsof constructinga queryexecutionplanandexe-
cutingit [26]. However, their approachwaslargelyeclipsed
by less�e xible System-Rstyle optimizers. Only recently
have KabraandDeWitt demonstratedtheutility of runtime
re-optimizationfor conventionaldatabasequeriesusing a
System-Rstyle optimizer [15]. The Tukwila rule mecha-
nism enablesre-optimizationasin [15] with two important
advantages:(1) we donotnecessarilycreatecompleteplans
in advance,and(2) our optimizerwasbuilt to supportef�-
cient re-optimizationwhile [15] usedthe standardParadise
optimizer.

GraefeandWard'schoosenodesallow theexecutionsys-
temto choosefrom a setof precompiledsubplansbasedon
runtimevariables[12]. Oracle's Rdb [2] useda “dynamic
optimization” strategy to dealwith uncertaintyby running
alternative queryplan subtreesin parallelcompetition.Al-
thoughour queryplanshave a differentstructure,they can
expresssimilar choicesoverasetof fragments.

Tukwila providesdynamiccollectorsto organizeaccess
to redundantand overlappinginformation sources. Local
completenessreasoning[9] canbeusedto generatepolicies
for collectorswhentherearecoveringrelationshipsbetween
the sources.Probabilisticreasoningcanbe usedwhenever
thereis partialoverlap,andcompletenessis not required[8].
Tukwila is the �rst data integration systemto incorporate
thesetechniquesinto a queryprocessor.

Otherresearchershaveinvestigateddoublepipelinedjoins
(e.g., [14, 24]), but in the context of paralleldatabasesys-
temsasopposedto dataintegration.Bouganimetal. [5] con-
sideradaptiveschedulingtechniquesaimedat largequeries,
andNagandDeWitt [18] investigatememoryallocationstrate-
giesin thecontext of decisionsupportqueries.

Thedataintegrationcontext providesperformancechal-
lengesunfamiliar in databasesystems.Urhanetal. explored
replanningand reschedulingoptionsfor dealingwith long
sourcetransmissiondelays[22] thatmayoccurwhensources
areremotelylocatedandautonomous.Ourframework incor-
poratestheir adaptivealgorithms.

Dataintegrationalsoinvolvesextendingthequery-answering
problemto handlesourceswith varyingcapabilities.In con-
trastto our paper, muchof this work hasfocusedon either
queryoptimizationor queryreformulation.TheGarlic sys-
tem[13] optimizesoversourcesthatcanperformjoins. The
work on fusionqueries[27] optimizesqueriesfor datathat
occur in multiple sources,while utilizing semijoinsat the
sourcesif possible.SystemssuchasTSIMMIS [10], theIn-
formationManifold [17], Hermes[1], andRazor[9] havefo-
cusedon thequeryreformulationcomponent.Our research
complementstheseprojectsby providingageneralqueryex-
ecutionengine.



8 Conclusions
Thispaperrepresentsthe�rst stepin a largerresearcheffort
concerningqueryoptimizationandexecutionfor datainte-
gration. Our main contribution is identifying several basic
mechanismsfor achieving adaptive behavior, incorporating
theminto a uni�ed framework, andpresentingevidenceof
their utility. In particular, we make the following contribu-
tions:

� We describethearchitectureof the implementedTukwila
queryprocessor. Thekey contribution is thatadaptivity is
designedinto its coreto facilitateinterleaving of planning
andexecution.Furthermore,Tukwila providesa platform
for incorporatinghybrid optimization[19, p181] andim-
portantqueryoptimizationtechniquesthat have beende-
velopedpreviouslyin isolation(e.g.,queryscrambling[22],
choosenodes[12], runtimere-optimization[15], optimiza-
tion of fusionqueries[27]).

� We describethe designandimplementationof queryop-
eratorsthatareespeciallysuitedfor adaptive behavior —
the doublepipelinedjoin andthe dynamiccollector. We
also demonstratetwo useful techniquesTukwila usesto
adapttheexecutionof a doublepipelinedjoin whenthere
is insuf�cient memoryfor its execution.

� We useTukwila to measuretheimpactof adaptiveexecu-
tion on dataintegrationperformance.We show that the
doublepipelined join outperformsthe hybrid hashjoin.
We demonstrateexperimentallytheef�ciency gainsof in-
terleaving optimizationandexecutionover the traditional
approachof computingthe entire plan beforeexecution
begins. We provide methodsto ef�ciently resolve mem-
ory over�ow for the doublepipelinedjoin. Our �nal ex-
perimentdemonstratesthebene�tsof having theoptimizer
savestatefor subsequentre-optimization.

Thesuccessof ouradaptivequeryexecutionsystemsug-
gestsa next courseof actionfor theTukwila project,which
is to explorehow theoptimizercanbestuseour techniques
in combination.We planto discover effective strategiesfor
generatingrulesandpoliciesfor dynamiccollectors,aswell
asfor combininginterleaving of planningandexecutionand
thedoublepipelinedjoin to producefastresults.In addition,
we planto furtherextendtheexecutionsystemto make use
of optimisticprefetchingandcachingof sourcedata.
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