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Abstract

Queryprocessingn dataintegration occursover network-bound,
autonomouslatasources. This requiresextensionsto traditional
optimizationandexecutiontechniquegor threereasonsthereis an
absencef quality statisticsaboutthe data,datatransferratesare
unpredictablendbursty; andslow or unavailabledatasourcesan
often be replacedby overlappingor mirroredsources.This paper
presentghe Tukwila dataintegrationsystem,designedo support
adaptvity atits core using a two-prongedapproach. Interleaved
planningand executionwith partial optimizationallows Tukwila
to quickly recover from decisionsbasedon inaccurateestimates.
During execution, Tukwila usesadaptve queryoperatorssuchas
the doublepipelinedhashjoin, which producesanswersquickly,
andthedynamiccollector which robustly andef ciently computes
unionsacrossoverlappingdatasources.We demonstratehat the
Tukwila architecturesxtendsprevious innovationsin adaptve ex-
ecution(suchasqueryscramblingmid-executionre-optimization,
andchoosenodes) andwe presenexperimentalkvidencethatour
techniquegesultin behaior desirablefor a dataintegration sys-
tem.

1 Intr oduction

The goal of a dataintegration systemis to provide a uni-
formqueryinterfaceto a multitudeof datasourcesThedata
integrationproblemprimarily arisesin two contets: organi-
zationgtrying to provide acces$o acollectionof internalau-
tonomoussourcesandsystemghatpresent uniforminter-
faceto a multitude of sourcesavailable on the World-Wide
Web (WWW). The key advantageof a dataintegrationsys-
temisthatit freesuserdrom havingto locatethesourcesel-
evantto theirquery interactwith eachsourcandependently
and manuallycombinethe datafrom the differentsources.
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The problemof dataintegrationhasreceved signi cant at-

tentionin the researchcommunityas evidencedby numer

ousresearctprojects(e.g., [10, 20, 25,17, 9, 3,6, 1, 25, 21,

4, 13]) andthe emegenceof several commercialproducts
(e.g., DataJoinef23] andjango.excite.com ).

Threemain challengedistinguishthe designof a data
integration systemfrom that of a traditional databasesys-
tem: queryreformulation,the constructionof wrapperpro-
grams,andthe designof new query processingechniques
for this more unpredictableenvironment. While the prob-
lemsof reformulationandrapid wrapperdevelopmenthave
beenthe focusof previouswork (e.g., [10, 17, 1, 9, 16, 3]),
relatively little attentionhasbeengivento the development
of queryoptimizationalgorithmsandef cient queryexecu-
tion enginedor dataintegrationsystemsThesecomponents
arenow the critical bottleneckto making suchsystemsde-
ployablein practice.

1.1 The Needfor Adaptivity

To date,mostdataintegrationresearcthasfocusedon the

problemof integratinginformationfrom web-basedatasources,

wherethe amountof datareturnedby eachsourceis gener

ally small. The greaterproblem— that of queryingover

multiple autonomouslatasourcesof moderatesize,across
intranetsaswell asthe Internet— requiresus to integrate
novel queryexecutiontechniques.

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

Absenceof statistics: statisticsaboutthedata(e.g., cardi-
nalities,histogramsprecentralto aqueryoptimizer's cost
estimatedor query executionplans. Sincedataintegra-
tion systemsmanipulatedatafrom autonomousexternal
sourcesthesystemhasrelatively few andoftenunreliable
statisticsaboutthedata.

Unpredictabledata arri val characteristics: unliketradi-
tional systemsgdataintegrationsystemshave little knowl-
edgeaboutthe rateof dataarrival from the sources.Two
phenomenéghatoccurfrequentlyin practicearesigni cant
initial delaysbeforedatastartsarriving, andburstyarrivals
of datathereafter Hence,evenif the queryoptimizeris



ableto determinethe bestplan basedon total work, the
dataarrival characteristicsnay causet to beinef cient in
practice[22].

Overlap and redundancyamongsources: asa resultof
theheterogeneitpf thedatasourcesthereis oftensigni -
cantoverlapor redundang amongthem.Hence thequery
processoneedgo beableto ef ciently collectrelateddata
from multiple sourcesminimize the accesgo redundant
sourcesandresponde xibly whensomesourcesareun-
available.

Since dataintegration systemsare designedfor online
queryingof dataon the network, they have two otherim-
portantcharacteristicsFirst, it is importantto optimizethe
time to theinitial answergo the query ratherthanto mini-
mizethetotal work of the system Also, network bandwidth
generallyconstrainghedatasource$o besomeavhatsmaller
thanin traditionaldatabasapplications.

For all of thesereasonsa dataintegrationqueryproces-
sorshouldbeadaptive Thisis particularlytruesinceaquery
optimizeris unlikely to producegoodplansfrom badmeta-
data,and even a plan that may be good on averageshould
beabandoned unexpectedsituationsarise. While runtime
adaptvity hasbeenshavn to speedup performancesvenin
traditional systemg[15, 12], it becomescritical to perfor
mancein the dataintegrationcontext (e.g., [22]).

1.2 Adaptive Featuresof Tukwila

This paperdescribeghe Tukwilal dataintegrationsystem,
designedwith adaptvity built into its core. Therearetwo
levelsatwhich Tukwila exhibits adaptve behaior: between
theoptimizerandexecutionengine througha procesof in-
terleared planningand execution,and within the execution
engine with operatorglesignedor dynamicexecution.

Interleaving planning and execution: whenTukwila pro-
cesses queryit doesnot necessarilycreatea complete
queryexecutionplanbeforebeginningto evaluatethequery
If the optimizer concludesthat it doesnot have enough
metadatawith which to reliably comparecandidatequery
executionplans,it may chooseto sendonly a partial plan
to the executionengine,and decidehow to proceedafter
the partial plan hasbeencompleted,asin [7]. Alterna-
tively, the optimizer may senda completeplan, but the
executionenginemay checkfor conditionsthatrequirein-
crementate-optimization.

Adaptive operators: Tukwila incorporate®peratorghat
are especiallywell suitedfor adaptve executionand for
minimizing thetime requiredto obtainthe rst answergo
a query Speci cally, it employs an enhancedersionof
thedoublepipelinedhashjoin [24] (ajoin implementation
which executesin a symmetric,data-drven manner)and
techniquedor adaptingits executionwhenthereis insuf-
cient memory In addition,the Tukwila executionengine
includesa collector operatorwhosetaskis to ef ciently
uniondatafrom alarge setof possiblyoverlappingor re-
dundantsources.Finally, Tukwila queryexecutionplans

1Tukwila is a sceniccity nearSeattlein the NorthwestUnited States.

cancontainconditionalnodesn the spirit of [12] in order
to adaptto conditionsthatcanbe anticipatecat optimiza-
tion time.

Adaptive behavior in Tukwila is coordinatedin a uni-
form fashionby a setof event-condition-actiorrules. An
eventmay be raisedby the executionof operatorge.g.,out
of memory datasourcenotrespondingpr atmaterialization
pointsin the plan. The possibleactionsinclude modifying
operatoexecution reorderingpf operatorspr re-optimization.

1.3 Example

A simple example demonstrateshe breadthof Tukwila's

adaptve behaior. Supposéhatthe samequery(Figurela)

is issuedo thesystermunderthreeextremeconditions:when

thesourceablesareof unknonvn size,aresmall,or arelarge.

Eachtime, assumehattherelative statisticsaresuchthata

traditional optimizer would constructthe join tree in Fig-

ure 1b. In atraditionalqueryengine,the join implementa-
tions,memoryallocationsandmaterializatiorpointswill be

x edatcompiletime, andthetreewill be executedn apre-

determinedbrder Tukwila implementamechanismseeded
to behave moreadaptvely. Consideiits respons¢o thethree
cases:

No sizeinformation:  With noinformationthereis nopoint
in traditional optimization. Instead the optimizermay de-
cideto computea partial resultthatit chooseseuristically
suchasthejoin AB, anddecideafterwardswhatdo next.

Small tables: Tukwila chooseghe doublepipelinedjoin
implementatiorfor joins of smallcardinality andpipelines
the entirequery Whensourcelatenciesare high, this type
of join hasalargeadwantageover traditionaljoins, but it de-
mandsconsiderablymorememory To handlethe “unlucky”
casethatmemoryis exceededthejoin operatothasanover-
o w resolutionmechanism.

Largetables: If thetablesaresufciently large, Tukwila's
optimizerchoosestandardashoins,andbreakghepipeline,
perhapsafterjoin AB in Figurelb. Now, dependingon the
rulesin force, oneof two thingsmay happenduring execu-
tion:
Rescheduling: If all sourcesrespondandtable AB has
acardinalitysufciently closeto the optimizer's estimate,
executioncontinuesnormally. Should somesourcesre-
spondslowly, however, Tukwila canrescheduleas with
queryscrambling22]. If the connectiorto datasourceA
timesout, join DE will be executedpreemptvely. Should
thattime outaswell, theoptimizeris calledwith thatinfor-
mationto producea planreorderedo usethenon-blocled
sourcesrst.
Re-optimization: After the AB join completesand ma-
terializes, Tukwila compareshe actual cardinality with
the optimizer's estimate.As in [15], if this value signif-
icantly differsfrom the optimizer's estimatethe optimizer
is awakenedto nd acheapeplan(perhapgheonein Fig-
ure1c)givenmoreaccuratenformation.



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

@)

(©)

Figurel: Samplequery initial join tree,andjoin treeproducedoy re-optimization.

The paperis organizedasfollows. Section2 providesan
overview of thearchitectureof Tukwila. Section3 describes
the mechanismgor interleavzing of planningandexecution.
Section4 describedhe new queryoperatoralgorithmsused
in Tukwila. Section5 discusseghe implementedsystem.
Section6 describeour experimentalresults. Section? dis-
cussegelatedwork, and Section8 discusseseveral addi-
tionalissuesandconcludingremarks.

2 Tukwila Architecture

This sectionprovidesan overview of the Tukwila architec-
tureasillustratedin Figure?2.

Queries: A Tukwila userposesjueriesn termsof amedi-
atedrelationalschemaTherelationsn themediatedschema
arevirtual in the sensethat their extensionsare not stored
arywhere. The goal of the mediatedschemais to abstract
the detailsof the datasources'schematdrom the user In
thispapemelimit ourdiscussiorno select-project-joirfcon-
junctive) queriesoverthis mediatedschema.

Data source catalog: The catalogcontainsseveral types
of metadataabouteachdatasource. The rst of theseis
a semanticdescriptionof the contentsof the datasources.
Secondis overlapinformation aboutpairs of datasources
(thatis, the probabilitythata datavalue appearsn source

if isknown to appeaiin source ) for useby collector
operatorsasin [8]. In theextremecase pverlapinformation
canindicatethattwo sitesaremirrors of eachother Finally,
thecatalogmay containkey statisticsaboutthedata,suchas
the costof accessingeachsource the sizesof the relations
in the sourcesandselectvity information.

Query reformulation:
is fedinto the Tukwila queryreformulationcomponentyhich
is basedon anenhancedersionof the algorithmdescribed
in [17]. In generala queryreformulatorcorvertsthe users
queryinto aunionof conjunctvequeriegeferringto thedata
sourceschemata.This paperfocuseson a limited form in
which we have a single querythat may include disjunction
atthe leaves. This limited disjunction,which is handledby
our dynamiccollectoroperator is usefulin handlingmulti-
ple overlappingor mirrored datasourceswith the sameat-
tributes,e.g. in aqueryover bibliographicaldatabases.

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

Thequeryoverthemediatedschema

Thequeryoptimizertransformgherewrit-

if essentiabktatisticsaremissingor uncertainandalsopro-
ducesrulesto de ne adaptie behaior duringruntime.

Query executionengine: Thequeryexecutionenginepro-

cessesjueryplansproducedy theoptimizer Theexecution
engineemphasizeme-to- rst resultandincludesoperators
designedo facilitate this. It includesan event handlerfor

dynamicallyinterpretingrulesandsupportancrementake-

optimization.

Wrappers: thequeryexecutionenginecommunicatesvith
the datasourceghrougha setof wrapperprograms.Wrap-
pershandlethe communicationwith the datasourcesand,
whennecessarnytranslatethe datafrom the formatsusedin

the sourcego thoseusedin Tukwila. We assumea location-
independenwvrappermodel,wherewrapperscanbe placed
eitherat the datasourceor atthe executionsystem.

3 Interleaving Planning and
Execution

Thequeryoptimizertakesaqueryfrom thereformulatorand
usesinformationfrom the sourcecatalogto producequery
execution plans for the executionenginevia a System-R
style dynamicprogrammingalgorithm. The non-traditional
aspectof the Tukwila optimizerincludethefollowing:

The optimizer doesnot always createa completeexecu-
tion planfor thequery If essentiaktatisticsaremissingor
uncertain the optimizer may generatea partial plan with
only the rst stepsspeci ed, deferringsubsequenplan-
ning until sourceshave beencontactedand critical meta-
dataobtained.

In additionto producingthe annotatedperatortree, the
optimizeralsogenerateshe appropriateavent-condition-
actionrules. Theserules specify (1) when and how to
modify theimplementatiorof certainoperatorsatruntime
if neededand (2) conditionsto checkat materialization
pointsin orderto detectopportunitiefor re-optimization.
Thequeryoptimizerconseresthe stateof its searclspace
whenit callsthe executionengine. The optimizeris able
to ef ciently resumeoptimizationin incrementaffashion
if needed.

3.1 Query Plans

Operatorsn Tukwila areorganizednto pipelinedunitscalled
fragments At the end of a fragment,pipelinesterminate,
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Figure?2: Architectureof the Tukwila informationintegrationsystem.

resultsare materialized andthe restof the plan canbe re-
optimizedor rescheduled.A plan consistsof a partially-
orderedsetof fragmentsandasetof globalrules. Thepartial
orderingre ects constraintson the order of executionsuch
asdata o w dependenciesThe global rulesencodecondi-
tional executionpolicies, suchas choosingamonga set of
alternatve fragmentsafter onecompletes.Fragmentsinre-
latedin the partial order may executein parallel. For ex-
ample,we mayexecuteoneCPU-boundragmentin parallel
with othernetwork-boundfragmentsasin [14].

3.1.1 Fragmentsand Operators

A fragmentconsistof afully pipelinedtreeof physicalop-

erators,and a setof local rules. Eachnodein the tree is

a physicaloperatorspecifying: (1) the algebraicoperatorat

thenode(e.g., selectionjoin), (2) thechoserphysicalimple-

mentationof the operator(e.g., hashjoin, doublepipelined
join), (3) thechildrenof thenode,(4) the memoryallocated
to the operator asdiscussedn [5, 18], and(5) an estimate
of resultcardinality

3.1.2 Rules

Rulesarethekey mechanisnfior implementingseveralkinds
of adaptve behaior in Tukwila:

Re-optimization: At the end of a fragment,if the opti-
mizer's cardinalityestimatdor thefragmentsresultis sig-
ni cantly differentfrom the actualsize,the optimizerwill
bereinvoked(in the samespirit as[15]).

Contingent planning: At the endof a fragmentthe ex-
ecutionenginecan check propertiesof the resultin or-
derto selectthe next fragment(thusimplementingchoose
nodeq12]).

Adaptive operators: The policy for memory over ow
resolutionin thedoublepipelinedjoin (Sectiord.2)is guided
by arule. Collectors(Section4.1) arealsoimplemented
usingrules.

Rescheduling: Rulesareusedfor specifyingwhena plan
shouldbe rescheduledf a sourcetimesout (asin query
scrambling22)).

Tukwila rules have the form when eventif condition
then actions For example,the following rule calls the op-
timizer to replanthe subsequentragmentsif the estimated

cardinalityis signi cantly differentfrom the size of the re-
sult.

when closed(fragl)
if card(joinl) 2* estcard(joinl)then replan

Formally, arulein aTukwila planisaquintuple
An eventcantrigger arule, causingt to checkits condition.
If the conditionis true,therule r es executingthe actions.
The owneris the queryoperatoror planfragmentwhich the
rule controlsor monitors.Only active ruleswith active own-
ersmaytrigger. Firing arule oncemalesit becomenactive.

Theexecutionsystengeneratesventsin respons¢o im-
portantchangesn the executionstate suchas:

, . fragment/operatostartsor completes
: operatorfailure,e.g., unableto contactsource
n : datasourcehasnotrespondedn msec.

: join hasinsuf cient memory
n: tuplesprocessetby operator

Oncean event hastriggereda set of associatedules,
eachrule's conditiors areevaluatedin parallelto determine
whetherary actionsshouldbetaken. Conditionsarepropo-
sitional formulae, with comparatorterms as propositions.
Thequantitieghatcanbecomparedncludeintegerandstate
constantsstatesyaluesprecomputedby the optimizer(e.g.,
estimatectardinalityor memoryallocated) andvariousdy-
namicquantitiesn thesystem:

opemtor : theoperators currentstate
operator : thenumberof tuplesproducedsofar
operator : thetime waiting sincelasttuple
operator : thememoryusedsofar

After all rule conditionscorrespondindo a given event
have beenevaluated,actions are executedfor thoserules
whoseconditionsaremet. Most actionschangesomeoper
ator's memoryallocation,implementationgr state. Tukwila
actionsinclude:

settheover ow methodfor adoublepipelinedjoin
alteramemoryallotment

deactvatean operatoror fragmentwhich stopsits execu-
tion anddeactvatesits associatedules

rescheduleéhe queryoperatottree

re-optimizetheplan



returnanerrorto theuser

Naturally, the power of the rule languagemakesit pos-
sibleto have con icting or non-terminatingules. It is ulti-
matelytheresponsibilityof theoptimizerto avoid generating
suchrules.However, in orderto avoid themostcommoner-
rors we imposea numberof restrictionson rule semantics:
() All of arule's actionsmustbe executedbeforeanother
eventis processed(2) Ruleswith inactive ownersarethem-
selesinactive. (3) No two rulesmay ever be active such
that onerule negatesthe effect of the otherand both rules
canbe red simultaneously(This nal aspecis acondition
thatcanbestaticallychecled.)

3.2 Query Execution

The Tukwila queryexecutionengineis responsiblenot only
for executinga query plan, but alsofor gatheringstatistics
abouteachoperationandfor handlingexceptionconditions
or re-invoking the optimizer The systemtakesa queryexe-
cutionplanfrom theoptimizerandsendsts rulesto theevent
handler(Section3.3). Theneachplanfragmentis processed
in turn, asa single,pipelinedexecutionunit.

The operatortreeis executedusingthetop-downn “itera-
tor” model[11]. (Notethatourimplementatiorof thedouble
pipelinedjoin is aniteratorbasedadaptationasdescribedn
Section4.2). Control o ws from the root nodeand makes
its way down the tree. At the leaf nodesare le scansor
requestsor datafrom wrappers.

As operatorswithin a fragmentare executed they per
form two functionsin additionto datamanipulation:they
gathercardinality statisticsfor the optimizer andthey in-
voke theeventhandlerwhensigni cant systemevents(such
asrunning out of memory timing out on a connection,or
completionof afragment)occut

3.3 EventHandling

The event handleris responsiblefor interpretingthe rules
thatareattachedo queryexecutionplans,andthusit is the
subsystemwvhich enablesnostof Tukwila's adaptie behar-
ior. Theexecutionsystenmaygenerat@aneventatary time.
Theseeventsarefed into aneventqueuewhich imposesan
orderingontherule evaluationprocess.

For eacheventin thequeuetheeventhandleusesahash
tableto nd all matchingrulesthatarein theactive set. For
eachactie rule, it evaluateshe conditions;if they aresat-
is ed, all of therule's actionsare executedbeforethe next
eventin the queueis processed.Actions may changeop-
eratorexecutionor causethe executionengineto terminate

the currentplan andre-invoke the optimizer, sendingback
statistics

2Although several authorshave consideredvrappersthat, in addition
to accessinghe datasourcesmay also apply relational operatorsto the
data,in our discussionwe assumehatexploiting additionalcapabilitiesof
the wrappersis donewithin the reformulator and henceTukwila submits
atomicfetchqueriesto thewrappers.

4 Adaptive Query Operators

Tukwila plansinclude the standardrelationalquery opera-
tors: join (including dependenjoin), selection,projection,
unionandtablescan.In this sectionwe highlight Tukwila's
adaptve operators: the dynamiccollector andthe double
pipelinedjoin operator

4.1 Dynamic collectors

A commontaskin dataintegrationis to performa union
over a large numberof overlappingsourceq27, 8]. Com-
mon examplesof suchsourcesncludethoseproviding bib-
liographicreferencesmovie reviews and productinforma-
tion. In somecasedlifferentsitesaredeliberatelycreatedas
mirrors.

For thesereasonsthe Tukwila queryreformulatorwill
outputqueriesusingdisjunctionat the leaves. We could po-
tentially expressthesedisjunctionsas unionsover the data
sources However, a standardunionoperatohasno mecha-
nismfor handlingerrorsor for decidingto ignoreslow mir-
ror datasourcesonceit hasobtainedthe full dataset,soit
doesnotprovidethe e xibility neededn thedataintegration
contet. In Tukwila we treatthis taskasa primitive operator
into which we canprograma policy to guidethe accesdo
thesources.

An optimizerthat hasestimatef the overlaprelation-
shipsbetweersourcesanprovide guidanceaboutthe order
in which datasourceshouldbeaccessedndpotentialfall-
backsourcedo usewhena particularsourceis unavailable
or slow (asin [8]). This guidances givenin the form of a
policy. The queryexecutionengineimplementsthe policy
by contactingdatasourcesn parallel, monitoringthe state
of eachconnectionandaddingor droppingconnectionsas
requiredby errorandlateng conditions. A key aspectis-
tinguishingthe collector operatorfrom 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 setof triples

, associatingvith the th child of thecollectoran
activation condition andaterminationcondition . The
conditionsare propositionalbooleanformulas constructed
from , , , , andfour kindsof predicate®on
children: , , and
Thepolicy is actuallyexpressedn Tukwila asasetof event-
condition-actiorrules,whichareimplementedisingthenor-
mal rule-executionmechanisms.

In the examplebelow, we have a fairly comple policy.
Initially we attemptto contactsources and . Whichever
sourcesendslO tuplesearliest‘wins” and*“kills” the other
source.(Note that we take advantageof the factthata rule
owned by a deactvatednodehasno effect.) If Source
timesout beforeSource hassent10 tuples,Source is
actvatedandthe othersourcesaredeactvated.

when opened(coll1)
if truethen activate(coll1,A);activate(coll1,B)



whenthreshold(A,10)
if truethen deactvate(coll1,B)
whenthreshold(B,10)
if truethen deactvate(coll1,A)
whentimeout(A)
if truethen activate(coll1,C)deactvate(coll1,B);
deactvate(coll1,A)

4.2 Double Pipelined Join

Corventionaljoin algorithmshave characteristicsindesir

ablein a dataintegrationsystem. For example,sort-mege
joins (exceptwith presorteddata)andindexed joins cannot
be pipelined, sincethey requireaninitial sortingor index-

ing stepin this context. Eventhe pipelinedjoin methods—

nestedoopsjoin andhashjoin — have a aw in thatthey

follow anasymmetricexecutionmodel: oneof thetwo join

relationsis classi edasthe“inner” relation,andthe otheras
the“outer” relation. For anestedoopsjoin, eachtuplefrom

the outerrelationis probedagainsthe entireinnerrelation;
we mustwait for the entireinnertableto be transmittedni-

tially beforepipelining begins. Lik ewise, for the hashjoin,

we mustloadtheentireinnerrelationinto ahashtablebefore
we canpipeline.

We now contrasthesemodelswith thedoublepipelined
join (alsoknown asthepipelinedhashjoin), whichwasorig-
inally proposedn [24] for paralleldatabassystems.

4.2.1 Conventional Hash Join

As was previously mentioned,in a standarchashjoin, the
databassystemcreatesa hashtablefrom theinnerrelation,
keyedby thejoin attributesof the operation.Thenonetuple
atatimeis readfrom the outerrelationandis usedto probe
the hashtable; all matchingtupleswill be joined with the
currenttuple andreturned[11]. If the entireinner relation
ts into memory hashjoin requiresonly asmary 1/O opera-
tionsasarerequiredto load bothrelations.If theinnerrela-
tion is too large, however, the datamustbe partitionedinto
smallerunitsthataresmallenoughto t into memory Com-
monstratgiessuchasrecursve hashingandhybrid hashing
useover ow resolution,waiting until memoryrunsout be-
fore breakingdown therelations.

In recursie hashingjf theinnerrelationis toolarge,the
relationis partitionedalongbucket boundarieshatarewrit-
tento separatdes. Theouterrelationis thenreadandparti-
tionedalongthe sameboundariesNow the hashjoin proce-
dureis recursvely performedon matchingpairsof over ow
les.

Hybrid hashing11] usesa similar mechanismbut takes
a“lazy” approachto creatingover ow les: eachtime the
operationruns out of memory only a subsetof the hash
buckets are written to disk. After the entireinner relation
is scannedsomebucketswill probablyremainin memory
Now, whenthe outerrelationis read,tuplesin thosebuckets
areimmediatelyprocessedtheothersareswappedoutto be
joinedwith theover ow les. Naturally hybrid hashingcan
be considerablynoreef cient thanrecursve hashing.

A hashjoin hasseveralimportantparameterthatcanbe

setby anoptimizerbasedn its knowledgeof the sourcere-
lations' cardinalities. Most importantis the decisionabout
which operandwill betheinnerrelation: this shouldbe the
smallerof thetwo relations asit mustbeloadedinto amem-
ory. Otherparametericludethenumberof hashbucketsto
use, the numberof bucketsto write to disk at eachover
o w, andtheamountof memoryto allocateto the operator
In a corventionaldatabaseystemwherethe optimizerhas
knowledgeaboutcardinalitiesandwherethe costof a disk
I/O from ary sourceis the samethejoin parametersanbe
seteffectively. However, adataintegrationervironmentcre-
atesseveralchallenges:

The optimizermay not know the relative sizesof the two
relations,andthusmight positionthelargerrelationasthe
innerone.

Sincethetimeto rst tupleisimportantin dataintegration,
we may actuallywantto usethe larger datasourceasthe
innerrelationif we discoverthatit send-datafaster
Thetimeto rst tupleis extendedby the hashjoin's non-
pipelinedbehaior whenit is readingtheinnerrelation.

4.2.2 Double Pipelined Hash Join

The double pipelinedhashjoin is a symmetricand incre-
mentaljoin, which produceguplesalmostimmediatelyand
masksslow datasourcetransmissiorrates. Thetrade-of is
thatwe musthold hashtablesfor bothrelationsin memory

As originally proposedthedoublepipelinedjoin is data-
drivenin behaior: eachof the join relationssendstuples
throughthe join operatoras quickly as possible. The op-
eratortakes a tuple, usesit to probethe hashtable for the
oppositejoin relation, and addsthe tuple to the hashtable
for thecurrentrelatior?. At ary pointin time, all of thedata
encounteredo far hasbeenjoined, andthe resultingtuples
have alreadybeenoutput.

The doublepipelinedjoin addressemary of the afore-
mentionedproblemswith a corventionalhashjoin in a data
integrationsystem:

Tuplesareoutputasquickly asdatasourcesllow, sotime
to rst outputtupleis minimized.

The operatolis symmetric sothe optimizerdoesnot need
to choosean“inner” relation.

Its data-drvenoperatiorcompensate®r aslow datasource
by processinghe othersourcemorequickly. Thisalsoal-
lows the query executionsystemto make more ef cient
useof the CPU, asit mayprocesgdatafrom onejoin rela-
tion while waiting for the othet

On the otherhand,the doublepipelinedjoin posestwo
problemsas we attemptto integrateit into Tukwila. The
rst is thatthe doublepipelinedjoin follows a data-drien,
bottom-upexecutionmodel. To integrateit with our top-
down, iteratorbasedystemwe make useof multithreading:
thejoin consistof separatéhreaddgor output,left child, and

30Oncethe oppositerelationhasbeenreadin its entirety it is no longer
necessaryo addtuplesto the hashtable unlessthe matchingbucket has
over owed.



right child. As eachchild readstuples,it placestheminto a
smalltupletransferqueue Thejoin outputthreadthentakes
atuple from eitherchild's queue,dependingon wheredata
is presentand processeshat tuple. For greateref ciency,
we ensurethat eachthreadblocks whenit cannotdo work
(i.e., whentransferqueuesareemptyfor the outputthread,
or full for the child threads).

The secondproblemwith a doublepipelinedjoin is that
it requiresenoughmemoryto hold bothjoin relations rather
thanthe smallerof two join relations.To a large extent,we
feelthatthis is lessof a problemin a dataintegrationervi-
ronmenthanit is in astandardlatabaseystem:thesizesof
mostdataintegrationqueriesareexpectedo beonly moder
atelylarge,andwe mayalsobewilling to tradeoff sometotal
executiontime in orderto gettheinitial resultssooner Ad-
ditionally, we expectan optimizerto usecornventionaljoins
whenarelationis known to be especiallylarge,or whenone
input relationis substantiallysmallerthanthe other Nev-
erthelesswe haveidenti ed severalstratgiesfor ef ciently
dealingwith the problemof insufcient memoryin adouble
pipelinedjoin, andreporton experimentswith eachof these
methodgseeSectiont).

4.2.3 Handling Memory Over o w

Whenahashjoin over ows,theonly feasiblerecoverystrat-
egy is to take someportion of the hashtableandswapit to

disk. With the doublepipelinedhashjoin, thereareat least
four possibilities. First, it is possibleto usestaticallysized
bucketswhich are ushed andre lled everytime they over

o w, but this would not performwell if the relationwere
slightly largerthan memory Anotheralternatve would be
a corversionfrom doublepipelinedjoin to hybrid hashjoin,

wherewe simply ush onehashtableto disk.

Thetwo algorithmswe implementedn Tukwila arecon-
siderablymoresophisticatecndef cient. To give afeelfor
thealgorithms'relative performancewe includeananalysis
hereof ajoin betweentwo unsortedrelationsA (left child)
andB (right child) of equaltuple sizeanddatatransferrate,
andof thesamecardinality . For simplicity, we counttuples
ratherthanblocks,andwe further assumesven distribution
of tuplesacrosshashbuckets,andthatmemoryholds  tu-
ples. Note that our emphasids on the disk I/O costs,and
thatwe do not includethe unavoidablecostsof fetchingin-
putdataacrosghenetwork or writing theresult.

IncrementallLeft 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
hybrid hash, ushing bucketslazily. If memoryis exhausted
beforethe operationcompleteswe 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-tuple belongsin a bucket
whosecorrespondingh-bucket hasbeen ushed, thenmark

the tuple for later processing.(4) If sourceB's hashtable
runs out of memoryafter A's table hasbeen ushed com-
pletely, thenwrite one or more of B's bucketsto disk. (5)
Whenall of B hasbeenread,resumeprocessinguplesfrom
sourceA. If thesetuplesbelongin a bucketwhich hasbeen
ushed, thenwrite thetuplesto disk; otherwisgprobesource
B's hashtable. (6) Onceboth sourceshave beenprocessed,
do arecursve hybrid hashto join the bucket over ow les.
To avoid duplicatestheunmarledtuplesfrom A shouldonly
bejoinedwith markedtuplesfrom B, whereasnarkedtuples
shouldbejoinedwith bothunmarledandmarkedtuples.We
calculatetotal costsfor this algorithmasfollows:

Suppose— , S0 B doesnot over ow. We ush
— tuplesfrom A, giving a costof

Suppose , SOB istoolargeto t in memory

In readingB, weover ow — tuples.Reading

therestof A ushes — - moretuples.Ourtotal
costbecomes —.

IncrementalSymmetric Flush  In thiscasewe pick abucket
to ush to disk, and ush the bucket from both sources.
Stepsto resole over ow are as follows: (1) Upon mem-
ory exhaustion,choosea bucket and write 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,and useit to probethe oppositehashtable. (4)
Onceboth sourceshave beenprocesseddo a recursve hy-
brid hashto join thebucketover ow les. Notethatthejoin
mustconsiderthe tuple markings: unmarled tuplesshould
only bejoinedwith markedtuples;markedtuplesshouldbe
joinedwith bothunmarledandmarkedtuples.Thedisk 1/O
costsof this algorithmcanbe derivedasfollows:

Suppose . After readingthe entirecontentsf both
tables,we have over owed tuples. After reading
themback,we getatotal costof

Ouranalysissuggestthatincrementaleft- ush will per
form fewerdisk1/Osthanthesymmetricstrateyy, but thelat-
ter may have reducedateng sinceboth relationscontinue
to beprocessedh parallel. Section6.3 evaluateghis assess-
mentempirically.

5 Implementation

The Tukwila systemis an end-to-endplatform for datain-
tegration researchfrom query reformulationthroughopti-
mizationto executionstratgyiesandwrapperinterfaces.To
facilitatethis, we useacomponenarchitecturavith separate
modules(wrappersgxecutionsystempptimizer)communi-
catingvia well-speci edAPIs. Whereverpossiblewe lever-
age pre-«isting standardsjncluding TCP soclets, XML,
andUnicode.

All communicatiobetweermodulesoccursoverasoclet
interface.While thisintroducesaminimalperformanceenalty
in cross-modulesalls on a singlemachine it gives Tukwila
several highly desirablecharacteristicsThe rst is thatour



systemsupportsa limited form of scalability and distribu-
tion:; all componentsansharea single machineor run on
separatemachines.A secondmajor bene t of usingsock-
etsis thatthe systenis languageandplatform-independent.

Ourexecutionengineis writtenin C++onaWindowsNT/Pentiu

Il platform;the optimizerandwrappersarewritten in Java,
andcanrunonary platformsupportingthelanguage.

Thequeryexecutionsystemacceptplanswhicharespec-
i ed in anXML-basedqueryplanlanguagevhichis human-
writable. At theendof its executioncycle (which may con-
sistof anentireplan,or merelysomesubsetafterwhich the
enginewasdirectedto returnto theoptimizer),theexecution
systemsendsbackinformationaboutoperatorstateandcar
dinalitiessotheoptimizerwill have moreaccuratestatistics.

The Tukwila query executionenginecurrently consists
of approximately25,000lines of C++ code. The execution
engineis designedvith amultithreadedarchitecturen order
to supportprefetchingandthedoublepipelinedjoin andcol-
lectoroperatorsThreadschedulings doneby the operating
systembut it is controlledcloselyby the executionengine
in orderto preventheary contentionfor the CPU.We usea
custommemory-managemesystemoptimizedfor ef cient
spaceusagdn creatinghashtables.

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

6 Experiments

We reportthe highlights of our experimentsin four areas,
shaving that (1) the doublepipelinedjoin outperformshy-
brid hash,(2) the preferredoutputbehaior dictatesoptimal
memoryover ow stratay, (3) interleavedplanningandexe-
cutionproducessigni cant bene ts,and(4) having the opti-
mizersave statein orderto speedsubsequente-optimizations
yieldssubstantiabavings.

6.1 Experimental Methodology

Experimentswere performedusing scaledversionsof the
TPC-D dataset, at 50MB and 10MB, createdwith the db-
gen1.31program. This datawas storedin IBM DB2 Uni-
versalDatabasé.200n a dual-processo450MHz Pentium
Il sener with 512MB RAM, runningWindows NT Sener.
The wrappersusedIBM's DB2 JDBC driver, andwererun
directly onthesenerwith JIT v. 3.10.93.The executionen-
ginewasrun on a 450MHz Pentiumll machineunderNT
Workstationwith 256MB RAM. Our machineswere con-
nectedvia a standardlOMbpsEthernenetwork.

For eachof the experimentswe initially ranthe query
onceto “prime” the databasethenrepeatedt 3 timesun-
dermeasurementonditions. We show the averagerunning
timesin our experimentakesults.

6.2 Performanceof Double Pipelined Join

In orderto comparethe overall performanceof the double
pipelinedjoin versusa standardjoin, we ran all possible

mJSOinS of two andthreerelationsin our50MB TPC-basediata

et.

The resultsare very muchin favor of the doublepipe-
lined join. In eachof the experiments,we sav the same
pattern:not only did the doublepipelinedjoin shov a huge
improvementin time to rst tuple, but it alsohada slightly
fastertime-to-completiorthanthe hybrid hashjoin. Thisis
explainedby the doublepipelinedjoin's useof multithread-
ing, which allows it to perform usefulwork asit is wait-
ing for datato arrive. The exact performancegain of the
doublepipelinedjoin varied dependingon the sizesof the
tables(sincea small inner relation allows the hybrid hash
join to performwell), but in all casegherewasa measur
abledifference Additional preliminaryexperimentsuggest
that adding prefetchingto the hybrid hashjoin canalmost
remove the gapin total executiontime betweerthetwo join
methodsut thatthe doublepipelinedhashjoin still hasan
adwantagen time-to- rst-tuple.

Figure 3ashaws a typical plot of tuplesvs. time for the
3-relationjoin lineitem  order  supplier with different
con gurationsof the join tree. lineitem is larger thanthe
combinedorder  supplier result,so clearly it shouldbe
joinedlast. However, sincethe hybrid hashjoin is not sym-
metric, our assignmenbf inner and outerrelationsat each
join impactsthe performanceor this join. In contrastthe
doublepipelinedjoin performsequallywell in all of these
cases.

Next, we analyzethe performanceof the double pipe-
lined join in a wide-areadomain. In orderto get realistic
performanceywe redirectedwrapperdataoriginatingat the
University of Washingtonto a Java “echo sener” located
at INRIA in France which “bounced”the databackto the
wrapper which in turn forwardedthe delayeddatato the
executionengine. A measuremendf link bandwidthwith
the ttcp network measurementool yielded an estimateof
82.1KB/secandping returneda round-triptime of approx-
imately145msec.

Figure3b shovstheperformancef asamplgoin, part-
supp part, underconditionswhereboth connectionsare
slow, theinnerrelationis slow, the outerrelationis slow, and
atfull speedAs expectedwe obsene thatthe doublepipe-
lined join begins producingtuplesmuchearlier andthat it
completeghe querymuchfasteraswell.

6.3 Memory Over o w Resolution

The rst experimentassume@mplememory but sincedou-
ble pipelinedjoin is memoryintensie, we now explore per

formancan amemory-limitedervironment.In orderto con-
trastour doublepipelinedover ow resolutionstratejies,we

ranexperimentg¢o measurehe performanceof thesestrate-
giesunderdifferentmemoryconditions.

Figure4 shavs onesuchresult. Herewe are executing
the join part  partsupp, which requiresapproximately
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Figure3: Doublepipelinedjoin producesnitial resultsmorequickly, is lesssensitve to slow sourcesandcompletedasterthanthe optimal

hybrid hashjoin.

48MB of memoryin our system. The graphshovs how
the numberof tuplesproducedby a giventime variesaswe
run the samejoin with full memory 32MB of memory and
16MB of memory

Fromthe gure it is apparenthat the Left Flushalgo-
rithm hasa much more abrupttuple productionpattern,as
it runssmoothlyonly until the rst over ow, afterwhich it
must ush andreadin theright child beforeresumingfully
pipelined operation. Note that this is still superiorto the
hybrid hashjoin, becauseur algorithm may still produce
outputasit readsthe right child if thereis datain the left
child'shashtable.

In contrastthe SymmetricFlushalgorithmcontinuego
pipelineasit over ows, but the numberof bucketsin mem-
ory decreasesThe resultis a a somavhat smoothercurve
whichis dependenon the skew of thedata.

Ourexperimentsuggesthatoverallrunningtimefor the
two stratgiesis relatively close,andthatthe primary basis
for choosingthe over ow resolutionstrateyy shouldbe the
desiredpatternof tuple production.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.

Theresultsalsosuggesthat, while thereis a noticeable
penaltyfor over owing memorywith the doublepipelined
join, the operators ability to produceinitial tuplesquickly
may still male it preferableo the hybrid hashjoin in mary
situations.

6.4 Interleaved Planning and Execution

For complex queriesover datasourceswith unknown selec-
tivities andcardinalitiesan optimizeris likely to producea
suboptimalplan. In this experiment,we demonstratehat
Tukwila's strategyy of interleaving planningand execution
canslashthe total time spentprocessinga query We nd
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Figure4: SymmetricFlushoutputstuplesmore steadily but the
ratetapersoff morethanwith Left Flush. Overall performanceof
both strateiesis similar.

that replanningcan signi cantly reducequery completion
time versuscompletelypipeliningthe plan.

For the 10MB dataset,we ranall sevenof thefour-table
joins thatdid notinvolve thelineitem table (which wasex-
tremelylarge). The optimizerwasgiven correctsourcecar
dinalities,but it hadto baseits intermediataesultcardinal-
ities on estimateof join selectvities, sinceno histograms
were available. We usedthe doublepipelinedjoin imple-
mentationin all cases.

In Figure5 we seethe comparisorof runningtimesfor
threedifferentstrat@iesusingthe samequeries. The base-
line stratey is simply to materializeafter eachjoin andgo
on to the next fragment. The secondstratgyy addeda rule
to the end of eachfragment,which replanswheneer the
cardinality of the resultdiffersfrom the estimateby at least
a factorof two. The third stratgyy is to fully pipelinethe

query
In every case the materializeand replan stratey was
fastestwith atotal speedumf 1.42 over pipelineand 1.69
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terleavedplanningandexecutionrunsfasterthanafully pipelined,
staticplan.

overthendve stratgy of materializingalone.Thisis some-
what surprising, since the bene t of replanningbasedon
correctecestimate®verwhelmghe costsof bothreplanning
andextra materializationsn eachcase . Themostlikely rea-
sonis that mary of the join operationswvere given insuf-
cientmemorybecausef poorselectvity estimatesandthis
causedhemto over ow. In practice,both cardinality and
selectvity estimatesf initial tablesizeswill beinaccurate,
favoring replanningevenmore.

6.5 Saving Optimizer State

As the resultsfrom the previous experimentillustrate, re-
optimizationcanyield signi cant performancémprovements.
Hence,it is commonfor the Tukwila executionsystemto
re-invoke the optimizerafter nishing a fragment. The op-
timizer thenneedsto correctits size estimatefor the frag-
mentsresult,andupdatethe costestimateo re ect thecost
of readingthematerialization A dynamic-programmingp-
timizer caneitherreplanfrom scratcheachtime, or save its
statefor reuseon the next re-optimization.

For the caseof replanningfrom scratchthe querygets
smallerby oneoperatioraftereachjoin, therebyhalvingthe
size of the dynamicprogram. However, reusehasthe ad-
vantagethatany new informationaboutthe completionof a
fragmentcanonly impacthalf of the entriesin the original
table.

The adwvantageof saving stateis that half of the useful
entriesin therehuilt tablehave alreadybeencomputed Our
stored-statalgorithmvisits noneof thesenodes. To facili-
tatethis searctstrategyy duringre-optimizationwe introduce
usage pointers into the dynamic programfrom eachsub-
queryto everylargersubquerghatcanuseit asaleft or right
child. We alsokeepa usagepointerfrom every subqueryto
every subplanthatdoesuseit asalleft or right child. In our

nal experimentwe compareeplanningrom scratchto re-
optimizationbasedon sased stateas optimizedwith usage
pointers. Herewe realizea speedupf up to 1.64 over re-
planningfrom scratch.In separatexperimentgnot shavn)

we comparege-optimizationusingsaved statewithoutusage
pointersandtheresultingperformancés worsethanreplan-
ning from scratch.

7 Relatedwork

The INGRESqueryoptimizationalgorithmoriginally inter-
leaved stepsof constructinga queryexecutionplanandexe-
cutingit [26]. However, their approactwaslargely eclipsed
by less e xible System-Rstyle optimizers. Only recently
have Kabraand DeWitt demonstratethe utility of runtime
re-optimizationfor corventional databasequeriesusing a
System-Rstyle optimizer [15]. The Tukwila rule mecha-
nism enablese-optimizationasin [15] with two important
adwantages(1) we do not necessarilreatecompleteplans
in advance,and(2) our optimizerwasbuilt to supportef -
cientre-optimizationwhile [15] usedthe standardParadise
optimizer

GraefeandWard'schoosenodesallow theexecutionsys-
temto choosefrom a setof precompiledsubplandasedon
runtime variables[12]. Oracles Rdb[2] useda “dynamic
optimization” strateyy to dealwith uncertaintyby running
alternatie query plan subtreedn parallelcompetition. Al-
thoughour queryplanshave a differentstructure they can
expresssimilar choicesover a setof fragments.

Tukwila providesdynamiccollectorsto organizeaccess
to redundantand overlappinginformation sources. Local
completenesseasoning9] canbe usedto generateolicies
for collectorswhentherearecoveringrelationshipdetween
the sources.Probabilisticreasoningcan be usedwheneaer
thereis partialoverlap,andcompletenesis notrequired8].
Tukwila is the rst dataintegration systemto incorporate
thesetechniquesnto a queryprocessar

Otherresearchersaveinvestigatedioublepipelinedjoins
(e.g., [14, 24]), but in the contet of paralleldatabasesys-
temsasopposedo dataintegration.Bouganimetal. [5] con-
sideradaptie schedulingechniquesimedat large queries,
andNagandDeWitt [18] investigatanemoryallocationstrate-
giesin the context of decisionsupportqueries.

Thedataintegrationcontet providesperformancehal-
lengesunfamiliarin databassystemsUrhanetal. explored
replanningand reschedulingoptionsfor dealingwith long
sourcdransmissiomelayg22] thatmayoccurwhensources
areremotelylocatedandautonomousOurframeworkincor-
porategheir adaptve algorithms.

Dataintegrationalsoinvolvesextendingthequery-answering

problemto handlesourceswith varyingcapabilities.In con-
trastto our paper muchof this work hasfocusedon either
gueryoptimizationor queryreformulation. The Garlic sys-
tem[13] optimizesover sourceghatcanperformjoins. The
work on fusionqueries[27] optimizesqueriesfor datathat
occurin multiple sourceswhile utilizing semijoinsat the
sourcesf possible.SystemsuchasTSIMMIS [10], theln-
formationManifold [17], Hermeq1], andRazor9] havefo-
cusedon the queryreformulationcomponent.Our research
complementsheseprojectsby providing agenerafueryex-
ecutionengine.



8 Conclusions

This paperepresentthe rst stepin alargerresearcteffort
concerningquery optimizationand executionfor datainte-

gration. Our main contritution is identifying several basic
mechanismgor achieving adaptve behaior, incorporating

theminto a uni ed framework, and presentingevidenceof
their utility. In particulay we make the following contribu-
tions:

We describethe architectureof the implementedTukwila
queryprocessarThekey contributionis thatadaptvity is

designednto its coreto facilitateinterleaszing of planning

andexecution. FurthermoreJukwila providesa platform
for incorporatinghybrid optimization[19, p181]andim-
portantquery optimizationtechniqueghat have beende-

velopedpbreviouslyinisolation(e.g.,queryscramblind22],
choosenodeq12], runtimere-optimizatior{15], optimiza-

tion of fusionquerieq27]).

We describethe designandimplementatiorof queryop-
eratorsthatare especiallysuitedfor adaptive behaior —
the doublepipelinedjoin andthe dynamiccollector We
also demonstratewo useful techniquesTukwila usesto

adaptthe executionof a doublepipelinedjoin whenthere

is insuf cient memoryfor its execution.

We useTukwila to measurgheimpactof adaptve execu-

tion on dataintegration performance.We shaov that the
double pipelinedjoin outperformsthe hybrid hashjoin.
We demonstratexperimentallythe ef ciency gainsof in-

terleavring optimizationandexecutionover the traditional
approachof computingthe entire plan before execution
begins. We provide methodsto ef ciently resohe mem-

ory over ow for the doublepipelinedjoin. Our nal ex-

perimentdemonstratethebene tsof having theoptimizer

save statefor subsequente-optimization.

Thesuccessf ouradaptve queryexecutionsystenmsug-

gestsa next courseof actionfor the Tukwila project,which

is to explore how the optimizercanbestuseour techniques

in combination.We planto discover effective stratgjiesfor
generatingulesandpoliciesfor dynamiccollectors,aswell

asfor combininginterleasing of planningandexecutionand
thedoublepipelinedjoin to producefastresults.In addition,
we planto further extendthe executionsystenmto make use

of optimistic prefetchingandcachingof sourcedata.
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