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Abstract

As queryenginesare scaledand federated,theymustcopewith highly unpredictableand changeable
environments.In the Telegraphproject, we are attemptingto architectand implementa continuously
adaptivequeryenginesuitablefor global-area systems,massiveparallelism,andsensornetworks.To
setthestagefor our research,wepresenta surveyof prior workonadaptivequeryprocessing,focusing
on threecharacterizationsof adaptivity: the frequencyof adaptivity, the effectsof adaptivity, and the
extentof adaptivity. Giventhissurvey, wesketchdirectionsfor research in theTelegraphproject.

1 Introduction

Adaptivity hasbeenaninherent– thoughlargely latent– aspectof databaseresearchfor thelast threedecades.
Codd’s vision of dataindependencewaspredicatedon thedevelopmentof systemsthatcouldadaptgracefully
andopaquelyto changingdataanddatastructures.Queryoptimization,with its attendanttechnologiesfor cost
estimation,servedasanearlydifferentiatorbetweenDBMSsandothercomputersystems.This traditionof dy-
namic,statistically-driven systemoptimizationremainsoneof thecrownjewelsof thedatabasesystemsresearch
community.

In thelast few years,broadsectorsof computersciencehavebeenexploringthedesignof systemsthatare
adaptiveto theirenvironment.Ascomputersystemsscaleupandfederate,traditionaltechniquesfor systemman-
agementandperformancetuningmustbecomemorelooselystructuredandmoreaggressivelyadaptive.In the
contextof databasesystems,thisstretchesthetraditionaltechniquesfor adaptivequeryprocessingto thebreaking
point, sincevery large-scalequeryenginesoperatein unpredictableandchangeableenvironments.This unpre-
dictability isendemicin large-scalesystems,becauseof increasedcomplexityin anumberof dimensions[AH00]:

Hardware and Workload Complexity: In wide-areaenvironments,variabilitiesarecommonlyobservablein
theburstyperformanceof serversandnetworks[UFA98]. Thesesystemsoftenservelargecommunitiesof users
whoseaggregatebehaviorcanbehardto predict,andthehardwaremix in thewideareais quiteheterogeneous.
Largeclustersof “shared-nothing”computerscanexhibit similar performancevariations,dueto a mix of user
requestsandheterogeneoushardwareevolution. Evenin totally homogeneousenvironments,hardwareperfor-
mancecanbeunpredictable:for example,theoutertracksof a disk canexhibit almosttwice thebandwidthof
innertracks[Met97].

Data Complexity: Selectivityestimationfor staticalphanumericdatasetsis fairly well understood,andtherehas
beeninitial work onestimatingstatisticalpropertiesof staticsetsof datawith complextypes[Aok99] andmeth-
ods[BO99]. But federateddataoftencomeswithoutanystatisticalsummaries,andcomplexnon-alphanumeric
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Frequency of Adaptivity
Batch PerQuery Inter-Operator Intra-Operator PerTuple

SystemR [SAC
�

79], ASE[CR94], QueryScrambling Ingres[SWK76], River [AAT
�

99],
LateBinding Sampling[BDF

�
97], [AFTU96, UFA98], RDB [AZ96] Eddies[AH00]

[HP88, GW89] Mariposa[SAP
�

96], Reoptimization WHIRL [Coh98]
[INSS92, GC94] [KD98],
[ACPS96,LP97] Tukwila [IFF

�
99]

Table1: Priorwork onadaptivequeryprocessing,orderedby frequencyof adaptivity. Weomit specificadaptive
operatorsfromthetable,includingsortingandjoinsastheyareinherentlyintra-operatorin frequency. Wediscuss
themfurtherin Section2.7.

datatypesarenow widely in useboth in object-relationaldatabasesandon theweb. In thesescenarios– and
evenin traditionalstaticrelationaldatabases– selectivityestimatesareoftenquiteinaccurate.

User Interface Complexity: In large-scalesystems,manyqueriescanrunfor averylongtime. As aresult,there
is interestin OnlineAggregationandothertechniquesthatallow usersto “Control” propertiesof querieswhile
theyexecute,basedon refiningapproximateresults[HAC

�
99].

1.1 Telegraph in Context

Thegoalof theTelegraphprojectatBerkeleyis toarchitectandbuildaglobal-scalequeryenginethatcanexecute
complexqueriesover all the dataavailableonline

�
. In designingTelegraph,we arefacing new challengesin

wide-areasystems,includingthequickly shiftingperformanceandavailabilityof resourceson theInternet.We
alsowantTelegraphto serveasa plug-and-playshared-nothingparallelqueryengine,which mustbetrivial to
manageandscaleincrementally. Finally, wewantto supportsensornetworks(e.g.,[EGH99,KKP99, KRB99]),
which areemerging asan increasinglyimportant– andunpredictable– aspectof “ubiquitous” (“calm”, “post-
PC”) computing.

Key to Telegraphis acontinuouslyadaptivequeryprocessingenginethatcangatherandactuponfeedback
ataveryhigh frequency. Thishigh-frequencyadaptivityopensupbothnewopportunitiesandchallengesin our
researchagenda.In this paperwe outlineour view of earlieradvancesin adaptivequeryprocessingresearch,
whichsetthestagefor thechallengesweareaddressingin buildingTelegraph.Table1 providesabrief overview
of thework we survey.

1.2 Framework

Unfortunately, thephrase“adaptivesystem”is not canonical.Thesesystemsaresometimesreferedto as“dy-
namic” or “self-tuning” systems,or systemsthat changetheir behaviorvia “learning”, “introspection”,andso
on. Therearemanytie-insto work in relatedfields,suchascontroltheory[Son98] or machinelearning[Mit97].
To avoidconfusionin terminology, we presentour own definitionof adaptivityin this context. We will call a
queryprocessingsystemadaptiveif it hasthreecharacteristics:(1) it receivesinformationfrom its environment,
(2) it usesthisinformationtodetermineits behavior, and(3) thisprocessiteratesovertime,generatingafeedback
loopbetweenenvironmentandbehavior

Wewish to stressadistinctionbetweenadaptivesystems,andsystemsthatdostaticoptimization.Staticop-
timizationcontainsthefirst two of thesecharacteristics,butnot thethird. Thefeedbackinvolvedin anadapative
�
Thenamerefersto TelegraphAvenue,thevolatile andeclecticmainstreetof Berkeley.

2



systemis keyto its efficacy: it allowsthesystemto make– andobservetheresultsof – multipledecisions.This
allowsit toconsiderits owneffectsontheenvironmentin concertwith externalfactors,andtoobservetheeffects
of “exploiting” previouslybeneficialbehavior, and“exploring” alternativebehavior[Mit97].

Basedonthisdefinitionof adaptivity, wecanisolatethreedistinguishingfeaturesof anadaptivesystem:(1)
the frequencyof adaptivity(how oftenit canreceiveinformationandchangebehavior),(2) theeffectsof adap-
tivity (whatbehaviorit canchange),and(3) theextentof adaptivity(howlongthefeedbackloop is maintained).
As wesurveyprior work onadaptivequeryprocessing,we attemptto addressall threeof theseissues.

2 A Survey of Adaptive Query Processing

Without embracinghistoricalrelativismtoo broadly, we admitthatour surveysaysasmuchaboutour research
agendaasaboutthehistorywe present.Indeed,our goal in this shortpaperis to placeour researchagendafor
adaptivequeryprocessingin thecontextof our view of thepromiseandshortcomingsof theresearchto date.

Weorganizeoursurveypartly chronologically, andpartly by increasingfrequencyof adaptivity. As is clear
from Table1, thetwo orderingsareroughlycorrelated,with someinterestingexceptions.Theprogressionto-
wardincreasingfrequencyovertimeseemsto benatural,assystemsaredesignedfor increasinglycomplexand
changeableenvironments.

2.1 Early Relational Systems

Fromtheveryfirst prototypes,relationalqueryprocessorshaveincorporatedsomeminimalnotionof adaptivity,
typically to capturethechangingdistributionsof datain thedatabase,andusethattomodelsubqueryresultsizes,
andhencequeryoperatorcosts.

TheSystemR queryoptimizer[SAC
�

79] (which inspiredessentiallyall seriouscommercialDBMS imple-
mentationstoday)keptacatalogof statistics,includingcardinalitiesof tablesandcoarsedistributionsof values
within columns. By our definition,SystemR wasnot exactlyadaptive:it did not haveany explicit feedback
within thesystem.On theotherhand,thesystemadministratorcouldmanuallydirectSystemR to adaptits be-
haviorto thedata:oncommand,thesystemwouldscantheentiredatabaseandupdateits statistics,whichupon
completionwould instantlyaffect all decisionsmadein queryoptimization. This heavyweight,periodicbatch
adaptivityapproachremainsin nearlyall commercialDBMSstoday, thoughof coursethestatisticsgathered–
andthemeansfor gatheringthem– havebecomemoresophisticatedovertime. While thefrequencyof adaptiv-
ity is quitelow in thesesystems(statisticsaretypically updatedonceadayor onceaweek),theeffectsarebroad
andtheextentfar-reaching:asa resultof newstatistics,theoptimizermaychoosecompletelydifferentaccess
methods,join ordersandjoin algorithmsfor all subsequentqueries.

The Ingres“query decomposition”scheme[SWK76] waslesseffectivebut muchmoreadaptivethanSys-
temR.Ingresalternatedbetweensubplanselectionandexecution.Foraqueryon � tables,it operatedasagreedy
but adaptivesequenceof nested-loopsjoins. Thesmallesttable

�
waschosento bescannedfirst. For eachtuple

of thesmallesttable,thenext-smallesttablewasprobedfor matchesvia the“one-variablequeryprocessor” (i.e.
thetable-scanor indexlookupmodule),anda(duplicate-free)resultof thatprobewasmaterialized.Thisgreedy
processwasthenrecursivelyappliedontheremaining��� � tables– i.e., ���
	 basetablesandonematerialized
sub-result.After therecursionunwound,theprocessbeganagainfor thenexttupleof thesmallesttable. Note
thatthisdoesnotcorrespondto astatic“join order” in thesenseof SystemR: thematerializedresultof each“tu-
pleprobe”couldvaryin sizedependingonthenumberof matchesto eachindividualtuple,andhencetheorderof
joins in therecursivecall couldchangefrom tupleto tupleof thesmallesttable.Althoughthisgreedyoptimiza-
tion processoftenresultedin inefficientprocessingin traditionalenvironments,it hadarelativelyhighfrequency
of adaptivity, gatheringfeedbackaftereachcall to theone-variablequeryprocessor. Thefrequencyof adaptivity
�
Actually, thesmallesttableaftersingle-tablepredicateswereappliedandresultsmaterialized(“one-variabledetachment”).
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in Ingreswasthusintra-query, andevenintra-operator, in thesensethatadaptationcouldhappenedfrom tuple
to tupleof theoutermosttablein a sequenceof nestedloopsjoins. This remainedoneof thehighest-frequency
schemesin theliteratureuntil quiterecently. Thefeedbackgatheredaftereachtable-scanor indexlookuphadthe
effect of adaptingthejoin order on subsequentiterations.Notethattheeffectsof adaptivityin Ingresextended
only acrossthelifetime of asinglequery.

2.2 Late Binding Schemes

Theschemeswe discussnextarein somesenseno moreadaptivethanthatof SystemR, gatheringno morein-
formationthanis availableto astandardoptimizer. However, theseschemeshaveaflavorof dynamism,andare
oftendiscussedin thecontextof adaptivequeryprocessing,sofor completenessandclarificationwecoverthem
here.

Thefocusof thisbodyof work is to improveuponaparticularfeatureof SystemR’soptimizerfor frequently
re-executedqueries.In additionto its otherfeatures,SystemR introducedtheability for queriesto beoptimized,
compiledinto machinecode,andstoredwith thesystemfor subsequentreuse.Thistechnique,whichis available
in commercialRDBMSstoday, allowsthecostof queryoptimizationto beamortizedacrossmultipleexecutions
of thesamequery, evenif thequery’s constantsareleft unbounduntil runtime.

In thelate1980’sandearly90’s,anumberof papersaddressedaweaknessin thisscheme:subsequentrunsof
thequeryoccurunderdifferenteasily-checkedruntimeparameters,includingchangesin user-specifiedconstants
thataffect selectivity, changesin availablememory, andsoon [HP88, GW89,INSS92, GC94,ACPS96, LP97].
Queryexecutionperformancemightbecompromisedundersuchchanges,butthecostof completereoptimization
on eachsmall perturbationof the environmentcould be wasteful. To strike a happiermedium,thesesystems
do someoptimizationin advance,andneedto consideronly a subsetof all possibleplansat runtime.Theplan
eventuallychosenfor executionis intendedto betheonethatwould beachievedby runningthefull SystemR
optimizerat runtime.In a typicalexampleof thiswork, GraefeandColedescribedynamicqueryplans[GC94].
Givenconstraintsonpossiblechangesin theruntimeenvironment,theiroptimizerwoulddiscardonly thosequery
plansthatweresuboptimalin all configurationssatisfyingtheseconstraints.Theresultof theiroptimizerwasaset
of possiblequeryplans,whichwassearchedatruntimebasedoneasilycheckableparametersof theenvironment.

Theseschemesfocusontheproblemof postponingaminimaldecisionuntil runtime,effectivelydoing“late
binding” of unknownvariablesfor frequentlyre-executedqueries.But theydo not takeanyspecialadvantage
of iterativefeedback,andoffer thesamefrequency, effectsandextentof adaptivitythatonegetsby runninga
SystemR optimizerwheneveraqueryis to beexecuted.

2.3 Per-Query Adaptivity: Making System R More Adaptive

SystemR’s statistics-gathering schemewascoarsegrained,runningonly periodically, requiringadministrative
oversight,andconsumingsignificantresources.ChenandRoussopoulosproposedanAdaptiveSelectivityEs-
timation (ASE) schemeto enhancea SystemR-styleoptimizerby piggybackingstatistics-gathering on query
processing[CR94]. Whena querywasexecutedin their scheme,thesizesof sub-resultswould be trackedby
thesystem,andusedto refinestatisticalmetadatafor futureoptimizationdecisions.This providedanorganic
feedbackmechanism,leveragingthenaturalbehaviorof queryprocessingto learnmoreandperformbetteron
subsequentqueries.ASEoperatedonamoderatelycoarseper-queryfrequency– still inter-querylike SystemR,
but finer grainedandmorenaturallyadaptive.Theeffectsof feedbackin ASE werepotentiallyassignificant
asthoseof SystemR, affectingaccessmethodselection,aswell asjoin orderandjoin methodselection,with a
long-term,inter-queryextent.Notehoweverthatwhile ASE exploitedinformationavailablefrom queriesonce
theywereissued,it did notgatherinformationon tablesthathadnot yet beenreferencedin queries.

TheMariposadistributedDBMSenabledper-queryadaptivitywith federatedadministration[SAP
�

96]. Mari-
posausedaneconomicmodelto let sitesin a distributedenvironmentautonomouslymodelthechangingcosts
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of their queryoperations.During queryoptimization,Mariposarequested“bids” from eachsite for thecostof
performingsubplans.Thebiddingmechanismallowedsitesto observetheir environmentfrom queryto query,
andautonomouslyrestatetheir costsof operationfor subsequentqueries.In the initial experiments,Mariposa
usedthisflexibility to allow thesitesto incorporateloadaverageandothertransientparametersinto their costs.
Moresophisticated“pricing agents”couldbeprogrammedinto thesystemvia ascriptinglanguage,andthecom-
mercialversionof thesystem(Cohera[HSC99])exposesanextensibleAPI suitablefor 3rd-partypricingagents
(or “bots”). In termsof frequency, this is essentiallylike ASE: inter-queryadaptivityat a per-querygranular-
ity. Thenoveltyin Mariposacomesfrom theway thateconomicsenablesautonomousandextensiblecontrolof
adaptivepoliciesatsitesin afederation.Mariposauseda“two-phase”optimizationscheme,in whichjoin orders
andmethodsarechosenby acentraloptimizer, andbidsonly affect thechoiceof sitesto do thework.

2.4 Competition and Sampling

Oneof the moreunusualqueryoptimizersto dateis that of DEC (later Oracle)RDB [AZ96]. RDB wasthe
first systemto employcompetitionto helpchoosequeryplans.TheRDB designersfocusedin particularon the
challengeof choosingaccessmethodsfor agivensingle-tablepredicate.Theynotedthattherelativeperformance
of thetwo accessmethodscouldbedifferentiatedon-lineby runningbothfor only a shorttime. Basedon this
insight,theychoseto simultaneouslyexecutemultipleaccessmethodsfor agiventable,andhaltall but themost
promisingaccessmethodafterashorttime. RDBwasthefirstsystemafterIngrestosupportadaptivityatanintra-
operatorfrequency, thoughit only madeonedecisionpertablein aquery, andonly hadeffectson thechoiceof
accessmethod.

TheRDB schemeis notunlikesampling-basedschemesfor selectivityestimation,whichalsoperformpartial
queryexecutionsto learnmoreabouttheperformanceof a full run. A sequenceof papersin thelastdecadehas
studiedhow to usesamplingto estimatetheselectivityof predicates(seeSection9 of [BDF

�
97] for a survey).

Samplinghastypically beenproposedfor useduringqueryoptimization,andusedonly to directtheinitial choice
of aqueryplan(with theexceptionof onlinequeryprocessing,Section2.7.2).Thuslike ASE or Mariposa,this
is per-queryfrequency– a finergrainthanSystemR, butnot theintra-queryfrequencyof RDB. Theeffectsare
like thoseof SystemR: changingstatisticscanaffectall aspectsof queryprocessing.Howevertheextentismuch
shorterthanSystemR, lastingonly for therunof a singlequery.

2.5 Inter-Operator Reoptimization and Query Scrambling

Asoutlinedin theintroduction,theneedfor adaptivitygrowswith theuncertaintyinherentin thequeryprocessing
environment.Highly unpredictableenvironments,suchastheInternet,requireadaptivityevenduringtheexeuc-
tion of a singlequery. A numberof projectsfocusingon uncertainenvironmentshaveemployedintra-query
adaptivity. Inter-operatoradaptivitywasa naturalfirst stepin this agenda.Oneapproachusedin distributed
systemswasto sendsubqueriesto remotesitesandthento usethearrival of thesubqueryresultsto drive the
schedulingfor theremainingpartsof thequerythatusedthem[TTC

�
90, ONK

�
96]. Suchapproachesdealwith

uncertaintiesin theexecutioncostsof theremotesubqueries,andif subqueryresultsarematerialized,canalso
copewith unexpecteddelaysto someextent.

QueryScrambling[AFTU96] wasdevelopedspecificalyto copewith unexpecteddelaysthatarisewhenpro-
cessingdistributedqueriesin awide-areanetwork.With QueryScrambling,aqueryis initially executedaccord-
ing to a plangeneratedby a SystemR-stylequeryoptimizer. If, however, a significantperformanceproblemis
detectedduringtheexecution,thequeryplanis modifiedonthefly. QueryScramblingusestwo basictechniques
to copewith unexpecteddelays:1) it changestheexecutionorderof operationsin orderto avoid idling, and2)
it synthesizesnewoperationsto executein theabsenceof otherwork to perform.As describedin [UFA98], the
scramblingprocesscanbedrivenby a lightwieght,response-timebasedqueryoptimizer.

KabraandDeWitt proposedareoptimizationscheme[KD98] toaddressuncertaintiesin thesizesof subquery
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results.As in QueryScrambling,aninitial queryplanis chosenby a traditionalSystemR-styleoptimizer. After
everyblockingoperatorin thatplan,theremainderof theplanis reoptimizedwith theknowledgeof thesizeof
the intermediateresultgeneratedthusfar. TheTukwila systemproposeda very similar technique,with a rule
languageto specifylogic for decidingwhento reoptimize,andthepreservationof optimizerstateto reducethe
costof reoptimization[IFF

�
99].

In essence,inter-operatoradaptivityis a long-postponedmarriageof theIngresandSystemR optimization
schemes:like Ingres,it takesadvantageof thecardinalityinformationin materializedsubresults;like SystemR
it usescost-basedestimationof unknownwork to bedone.Theseschemesadaptataninter-operatorfrequency,
with arbitraryeffectsontheremainingstepsafterablock in aqueryplan;theextentdoesnotgobeyondtherest
of thequery.

2.6 Intra-Operator Adaptivity Revisited: WHIRL

WHIRL is a dataintegrationlogic designedat AT&T labsthatfocuseson textualsimilarity predicates,with an
information-retrieval-style semanticsof rankedresults.TheAT&T implementationof WHIRL attemptsto return
thetop rankedanswersquickly. Thebasicqueryprocessingoperatorsin theWHIRL implementationareessen-
tially scans(“explodingaliteral”) andrankedindexlookupsfrom inverted-fileindexes(“constrainingaliteral”).
At theendof eachtable-scanor index lookup, the implementationcanchooseamongall subsequentpossible
table-scansor indexlookups.TheAT&T WHIRL implementationis remarkablysimilar to INGRESin its intra-
operatoradaptivity: it supportsonly nestedloopsjoins, andadaptsjoin orderduringa pipelineof thesejoins –
potentiallychangingtheorderaftereachcompletecall to anaccessmethod.

2.7 Adaptive Query Operators

Up to this point, theeffectsof adaptivitythatwe havediscussedhavebeenat the level of queryoptimization:
thechoiceof accessmethods,join methods,andjoin orders(andin thecaseof distributedqueries,thechoiceof
sites).Adaptivity canoccurat thelevel of individual operators,which canadaptat anintra-operatorfrequency
evenwithin thecontextof afixed queryplan.

2.7.1 Memory-Adaptive Sorting and Hashing

Two of thebasicoperationsin queryprocessingaresortingandhashing.Bothof theseoperationshavecoststhat
area functionof theamountof mainmemoryavailable.Queryoptimizersestimatethesecostsunderassump-
tionsof memoryavailability. In somesystems,adequatememoryis reservedto guaranteethesecostsprior to
execution;in others,memoryallocationis allowedto proceedwithoutregardto globalconsumption.Theformer
techniqueis conservative,potentiallyresultingin under-utilization of resourcesandincreasesin querylatency.
The latter is aggressive,potentiallyresultingin pagingandbothdecreasedquerythroughputandincreasedla-
tency.

A thirdapproachis tomodifysortingandhashingalgorithmstoadapttochangingamountsof availablemem-
ory. Suchschemestypically addressbothsuddenlossesandsuddengainsin memory. Lossesof memoryare
typically handledby spilling hashpartitionsor postponingthemergerof sortedruns;gainsin memoryareex-
ploitedby readingin spilledhashpartitions,or addingsortedrunsto amergephase.Exemplarywork in thisarea
wasdoneby Pang,CareyandLivny, whostudiedbothmemory-adaptivevariantsof hashjoin [PCL93b](based
onearlierwork including[NKT88, ZG90]),andmemory-adaptivevariantsof out-of-coresorting[PCL93a](fol-
lowedby relatedwork in [ZL97]).
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2.7.2 Pipelining and Ripple Join Algorithms

Thepipeliningpropertyof join algorithmshasbeenexploitedfor parallelism;WilschutandApersproposedthe
symmetrichashjoin tomaximizepipelinedparallelismin theirPRISMA/DBparallel,main-memoryDBMS[WA91].
More recently, both the Tukwila andQueryScramblinggroupsextendedthe pipelining hashjoin in a natural
fashionsothatit wouldrunout-of-core.TheQueryScramblinggroup’sXJoinalgorithm[UF00] pushedtheout-
of-coreideafurther, to exploitdelayeddatafeeds:whenaparticulartablescanis delayed,theXJoinexpolitsthe
idle timeby pulling spilledpartialpartitionsoff of diskandjoining them.Neitherof theseextensionsis adaptive
in thesenseof ourearlierdefinition,butbothwereusedin thecontextof adaptivesystems.

Recentwork on onlinequeryprocessingin theControlprojecthighlightedtheability for pipeliningopera-
tors to providecontinuousfeedbackandhencedrive adaptivity[HAC

�
99]. In the initial work on OnlineAg-

gregation[HHW97], pipelining queryprocessingalgorithmswerecited asa necessaryconditionfor allowing
userfeedbackduringqueryprocessing.In subsequentwork, systemfeedbackwasusedinternallyby ripple join
algorithmsto automaticallyadapttherelativeratesatwhichtheyfetchdatafrom differenttables,subjectto asta-
tisticalperformancegoal[HH99]. Theaccessmethodsin onlinequeryprocessinghavetypicallybeenassumedto
doprogressivesamplingwithout replacement,puttingthiswork in thetraditionof samplingfor costestimation.

HaasandHellerstein[HH99] broadlydefinethe ripple joins asa family of pipelining join algorithmsthat
sweepout the cartesianplanein ever-larger rectangles,with the opportunityto adaptivelycontrol or tolerate
changing“aspectratios” of thoserectanglesbasedon observedstatisticalandperformancebehavior. They in-
cludein their definition theearlierpipelining hashjoin andindexnested-loopsjoins, alongwith new iterative
and“block” ripple joins that theyintroduceasmodificationsof thetraditionalnestedloopsjoins

�
. Ripplejoins

asa classprovide intra-operatorfrequencyof adaptivity: behavioris visible at a per-tuple frequency, though
decisionsaremadein [HH99] at a slightly coarsergranularity, at theendof each“rectangle”sweptout in pro-
cessing.This adaptivitywasexploitedonly for controllingtherelativeratesof I/O from differenttables,during
therunof asinglequery.

2.8 Rivers: Adaptive Partitioning

In a shared-nothingparallelDBMS, intra-operatorparallelismis achievedby partitioningdatato beprocessed
amongthe nodesin the system. Traditionally this partitioning is donestatically, via hashingor round-robin
schemes.River [AAT

�
99] is a paralleldataflowinfrastructurethat wasproposedfor makingthis partitioning

moreadaptive.In developingtherecord-settingNOW-Sortimplementation[AAC
�

97], theRiverdesignersnoted
thatlarge-scaleclustersexhibitedunpredictableperformanceheterogeneity, evenacrossphysicallyidenticalcom-
putenodes.As aresult,theydesignedtwo basicmechanismsin Riverto providedatapartitioningthatadaptedto
therelative,changingratesof thevariousnodes.A DistributedQueuemechanismbalancedworkamongmultiple
consumersrunningatdifferent(andpotentiallychanging)rates;aGraduatedDeclusteringschemedynamically
adjustedtheloadgeneratedby multiple redundantproducersof data.Both thesemechanismsadaptedat a per-
tuplefrequency, affectingtheassignmentof work to nodes,with effectslastingfor thedurationof theoperator.

2.9 Eddies: Continuous Adaptivity

In aqueryplan(or subplan)composedof pipeliningoperatorslike ripple joins,feedbackis availableona tuple-
by-tuplebasis.As aresult,it shouldbepossiblefor apipelinedquery(sub)planto adaptatthatfrequencyaswell.
Ripple joins, rivers,andotherschemesleveragethefeedbackwithin anoperatorto changethebehaviorof the
operator;Eddiesareamechanismtogetinter-operatoreffectswith intra-operatorfrequencyof adaptivity[AH00].

Theaspectratio of indexnested-loopsjoin is actuallynot subjectto modification: the indexedrelationis fully “swept” uponeach

indexprobe.Howeverit wasincludedin thefamily sinceit canpresentaperformanceenhancementovertheiterativeripple joinswhen
anindexis available
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Figure1: An eddyin apipeline.Dataflowsinto theeddyfrom inputrelations����� and� . Theeddyroutestuples
to pipeliningoperators;theoperatorsrunasindependentthreads,returningtuplesto theeddy. Theeddysendsa
tupleto theoutputonly whenit hasbeenhandledby all theoperators.Theeddyadaptivelychoosesanorderto
routeeachtuplethroughtheoperators.

An eddyisanencapsulateddataflowoperator, akintoajoin, sort,oraccessmethod,with aniterator interface.
In thesameway thattheexchangeoperatorof Volcanoencapsulatesparallelism,eddiesareusedto encapsulate
adaptivity. An eddyis intendedto beinterposedbetweenthetablescansin aplan(whichproduceinput tuplesto
theeddy),andother“upstream”operatorsin theplan(whichservebothto consumetheeddy’soutputtuplesand
produceadditionalinputs).

As originally envisioned,theeddy– combinedwith pipeliningoperatorslike ripple joins – servesto adapt
join orderonatuple-by-tuplebasis.Everyoperator“upstream”of theeddyreturnsits resultsto theeddy, which
passesthemalongtoremainingoperatorsfor furtherprocessing.Asaresult,theeddyencapsulatestheorderingof
theoperatorsby routingtuplesthroughthemdynamically(Figure1). Becausetheeddyobservestuplesentering
andexiting thepipelinedoperators,it canadaptivelychangeits routingto effect differentoperatororderings.It
doessovia a lotteryschedulingscheme[WW94]. It canalsocontroltheratesof input from tablescans(if this is
underthecontrolof thesystem,asin theoriginalonlineaggregationscenario.)In theiroriginal incarnation,the
extentof adaptivityin eddiesis restrictedto asinglequery. In thenextsectionwedescribeouragendato extend
theeffectsandextentof eddies.

3 Challenges in Adaptive Query Processing

While adaptivityhaslongbeenanissuein databaseresearch,webelievethatthefrequencyof adaptivityin prior
systemshasbeeninsufficientfor manyof theemerginglarge-scaleenvironments.Work oncontinuousadaptivity
hasjustbegun,andweseeanumberof challengesandopportunitiesin thisspace.

In designingTelegraph,we areexploringnewideasin continuouslyadaptivequeryprocessing.TheTele-
graphqueryengineis adataflowarchitecturebasedon rivers,eddies,andpipeliningqueryprocessingoperators
like ripple joins andXJoins. As such,it is architectedfor fine-grainedadaptivityandinteractiveusercontrol.
Riversandeddiesarequitegeneralconcepts,andweview themmorebroadlythanthespecificincarnationspre-
sentedin theoriginalpapers.In particular, amajorgoalof Telegraphis to enhanceboththeextentandtheeffects
of bothschemes.Enhancingtheir extentis relativelysimple: a metadatastorecanbeusedto saveinformation
at theendof eachquery, andthis informationconsultedto setup initial conditionsfor subsequentqueries(data
partitioning,relativenumbersof lottery tickets,etc.)Enhancingthesetof effectsfrom riversandeddiesis more
complicated,andwe areconsideringanumberof challengesin this regard:
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Spanning trees: As originally presented,eddieshaveno effect on thespanningtreefor thequery: i.e., theset
of binaryjoins thatconnecttherelationsin thequery. Forcyclic join graphs,it is attractiveto consideradapting
thechoiceof spanningtreeon thefly, by connectingtheeddyto joins (or cross-products)betweenmorepairsof
tablesthanis strictly necessary. This is essentiallya form of competitionamongspanningtrees,andhenceit can
consumesignificantresourcesandproduceduplicateresults,two issuesthatwe arecurrentlyinvestigating.

Data sources: Riverhandlesmultiplepotentialdatasourcesvia graduateddeclustering,butrequiresaparticular
layout for thosesources.We would like to extendthis ideato a federatedenvironmentlike theInternet,where
datalayout– andevendatacontents– arenotunderourcontrol.Thismayproduceduplicateor eveninconsistent
results,whichneedto beresolved.

Join and access methods: Thechoiceof join andaccessmethodscanonly be madeon thefly by an eddyif
theyareruncompetitively, allowing theeddyto exploretheirbehavior. In exploringthis idea,weneedto watch
resourcecontentionaswell astheproductionof duplicates.

Moving state in rivers: Theoriginal River paperdid not explicitly discusshow per-nodestate(e.g. hashpar-
titions in a hash-join)could be migratedasthe systemadapts.We are investigatingapplyingthe ideasfrom
memory-adaptivehashjoins in thiscontext.

In additionto extendingriversandeddiesto havemoregeneraleffectsovera longerextentof time,we are
consideringanumberof additionaladaptivityquestions:

Two-dimensional interactivity: Prior work on onlinequeryprocessingallowed“horizontal” userfeedbackon
therowsto befavoredfor processing.Wearealsoconsideringthe“vertical” casein Telegraph:partially-joined
tuplesshouldbe availableat the output,andusersshouldbe ableto expresstheir relativedesirefor different
columns, or evencombinationsof rowsandcolumns.Partially-joinedtuplesmaynot necessarilyhavematches
in all tablesin thequery, meaningthateventhoughtheyarepassedto theoutput,theymaynot becontainedin
thefinal answer. Thishasimplicationsfor userinterfaces,clientAPIs,andof coursethepoliciesusedin eddies.

Initial delays: Prior work on queryscramblingaddressedinitial delays,but it is not clearhow this work might
dovetailwith eddiesandrivers. Challengesarisefrom thecompletelack of feedbackavailablein initial-delay
scenarios.

Caching and prefetching: Cachingis probablythemostwell-studiedadaptiveproblemin computersystems,
andis particularlyrelevantfor a high-latencyInternetenvironment.Prefetchingis a similarly robustadaptive
problem,dynamicallypredictingdatafetchesin thefaceof changingworkloads.Weareaggressivelyexploring
bothtechniquesin thecontextof Telegraph.

In additionto theconstructivegoalsof Telegraph,manyanalyticquestionsremainaswell. The first is to
morecarefully characterizethevagariesof all theapplicationenvironmentswe areconsidering,including the
widearea,clusters,andsensornetworks.Wehaveevidencethateachof theseenvironmentsmeritsafine-grained
frequencyof adaptivity, andwe believethatbroadeffectsandextentof adaptivitywill beappropriateaswell.
Howeverthemoreweknowabouttheseenvironments,thebetterouradaptivesystemsshouldbeabletoperform.
Second,we areactivelyengagedwith our colleaguesin theoreticalcomputerscienceandmachinelearningin
developinga formal frameworkfor eddies,to try andcharacterizequestionsof convergenceandstability, andto
tunethepoliciesusedfor adapting.
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