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Abstract

As queryenginesare scaledand federatedthey mustcopewith highly unpredictableand changeable
envionments.In the Telegraphproject, we are attemptingto architectand implementa continuously
adaptivequeryenginesuitablefor global-ara systemsiassiveparallelism,and sensometworks. To
setthe stagefor our reseach, we presenta surveyof prior work on adaptivequeryprocessingfocusing
on three characterizationf adaptivity: the frequencyof adaptivity the effectsof adaptivity and the
extentof adaptivity Giventhis surveywesketchdirectionsfor reseach in the Telegraphproject.

1 Introduction

Adaptivity hasbeenaninherent— thoughlargely latent— aspecof databaseesearchor thelastthreedecades.
Codds vision of dataindependencwas predicatedn the developmenbdf systemghat could adaptgracefully
andopaquelyto changingdataanddatastructures Queryoptimization,with its attendantechnologiegor cost
estimation servedasan early differentiatorbetweerDBMSsandothercomputersystemsThis tradition of dy-
namic,statistically-drive systenoptimizationremainsoneof thecrownjewelsof thedatabassystemsesearch
community

In the lastfew years,broadsectorsof computersciencehavebeenexploringthe designof systemghatare
adaptiveo theirenvironment As computessystemscaleup andfederatetraditionaltechniques$or systemman-
agementndperformanceuning mustbecomemorelooselystructuredandmoreaggressivelyadaptive.ln the
contextof databasseystemsthisstretcheshetraditionaltechniquesor adaptivequeryprocessingo thebreaking
point, sincevery large-scalequeryenginesoperatan unpredictableandchangeablenvironmentsThis unpre-
dictability is endemidn large-scalesystemsbhecausef increase@omplexityin anumberof dimension$AHOOQ]:

Hardware and Workload Complexity: In wide-areaenvironmentsyariabilitiesarecommonlyobservablan
theburstyperformancef serversandnetworkgUFA98]. Thesesystem®ftenservelargecommunitieof users
whoseaggregatéehaviorcanbehardto predict,andthe hardwaremix in thewide areais quite heterogeneous.
Large clustersof “shared-nothing'computersanexhibit similar performancevariations,dueto a mix of user
requestandheterogeneousardwareevolution. Evenin totally homogeneousnvironmentshardwareperfor
mancecanbe unpredictablefor example the outertracksof a disk canexhibit almosttwice the bandwidthof
innertracks[Met97].

DataComplexity: Selectivityestimatiorfor staticalphanumericlatasetss fairly well understoodandtherehas
beeninitial work on estimatingstatisticalpropertiesof staticsetsof datawith complextypes[Aok99] andmeth-
0ds[B0O99]. But federateddataoftencomeswithout any statisticalsummariesandcomplexnon-alphanumeric
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Frequency of Adaptivity
Batch | PerQuery | Inter-Operator | Intra-Operator | PerTuple
SystemR [SACT79], | ASE[CR94, QueryScrambling | Ingres[SWK76], | River[AATT99],
Late Binding Sampling[BDF197], | [AFTU96, UFA98], | RDB [AZ96] Eddies[AHOOQ]
[HP88 GW89 Mariposa[SAPT96], | Reoptimization WHIRL [Coh9§
[INSS92 GC94] [KD98],
[ACPS96,LP97] Tukwila [IFFT99]

Tablel: Priorwork onadaptivequeryprocessingprderedoy frequencyof adaptivity We omit specificadaptive
operatordromthetable,includingsortingandjoinsastheyareinherentlyintra-operatom frequency Wediscuss
themfurtherin Section2.7.

datatypesare now widely in usebothin object-relationabatabaseandon theweb. In thesescenarios- and
evenin traditionalstaticrelationaldatabases selectivityestimatesreoftenquiteinaccurate.

User Interface Complexity: In large-scalesystemsinanyqueriescanrunfor averylongtime. As aresult,there
is interestin Online Aggregationandothertechniqueshatallow usersto “Control” propertiesof querieswhile
theyexecutepasedon refiningapproximataesultsfHAC T99.

1.1 Telegraph in Context

Thegoalof theTelegraplprojectatBerkeleyis to architectandbuild aglobal-scal@ueryenginethatcanexecute
complexqueriesover all the dataavailableonline'. In designingTelegraphwe arefacing new challengesn
wide-areasystemsincludingthe quickly shifting performancendavailability of resource®n the Internet.We
alsowant Telegrapho serveasa plug-and-playshared-nothingarallelqueryengine which mustbetrivial to
managendscaleincrementally Finally, we wantto supportsensonetworks(e.g.,[EGH99,KKP99, KRB99]),
which areemeqging asanincreasinglyimportant— andunpredictable- aspectof “ubiquitous” (“calm”, “post-
PC") computing.

Key to Telegraphs a continuouslyadaptivequeryprocessingnginethatcangatherandactuponfeedback
atavery highfrequency This high-frequencyadaptivityopensup bothnewopportunitiesandchallengesn our
researctagenda.ln this paperwe outline our view of earlieradvancesn adaptivequeryprocessingesearch,
which setthestagdor thechallengesve areaddressingn building TelegraphTablel providesa brief overview
of thework we survey

1.2 Framework

Unfortunately the phrasé'adaptivesystem”is not canonical. Thesesystemsare sometimeseferedto as“dy-
namic” or “self-tuning” systemspr systemshat changetheir behaviorvia “learning”, “introspection”,andso
on. Therearemanytie-insto work in relatedfields, suchascontroltheory[Son9§ or machindearning[Mit97].
To avoid confusionin terminology we presenbour own definition of adaptivityin this context. We will call a
qgueryprocessingystemadaptiveif it hasthreecharacteristics(l) it receivesnformationfrom its environment,
(2) it useghisinformationto determinédts behaviorand(3) this processteratesovertime, generatingafeedback
loop betweerenvironmenandbehavior

We wish to stressa distinctionbetweeradaptivesystemsandsystemshatdo staticoptimization. Staticop-

timizationcontainghefirst two of thesecharacteristicfyut notthethird. Thefeedbacknvolvedin anadapative

! Thenamerefersto TelegraphAvenue thevolatile andeclecticmainstreetof Berkeley



systemis keyto its efficacy: it allowsthe systemto make—andobserveheresultsof —multiple decisions.This
allowsit to consideiits own effectsontheenvironmentn conceriwith externafactors,andto observaheeffects
of “exploiting” previouslybeneficialbehavioy and“exploring” alternativebehaviofMit97].

Basedonthis definitionof adaptivity we canisolatethreedistinguishingeaturesof anadaptivesystem:(1)
the frequencyof adaptivity(how oftenit canreceiveinformationandchangebehavior),(2) the effectsof adap-
tivity (whatbehaviolit canchange)and(3) theextentof adaptivity(howlongthefeedbacKoop is maintained).
As we surveyprior work on adaptivequeryprocessingwe attemptto addressll threeof theseissues.

2 A Survey of Adaptive Query Processing

Without embracinghistoricalrelativismtoo broadly we admitthatour surveysaysasmuchaboutour research
agendaasaboutthe historywe present.Indeed,our goalin this shortpaperis to placeour researchagenddor
adaptivequeryprocessingn the contextof our view of the promiseandshortcoming®f theresearcho date.

We organizeour surveypartly chronologically andpartly by increasingrequencyof adaptivity As is clear
from Table1, thetwo orderingsareroughly correlatedwith someinterestingexceptions.The progressiorio-
wardincreasingrequencyovertime seemgo be natural,assystemsaredesignedor increasinglycomplexand
changeablenvironments.

2.1 Early Relational Systems

Fromtheveryfirst prototypesrelationalqueryprocessortaveincorporatedomeminimal notionof adaptivity
typically to captureghechangingdistributionsof datain thedatabaseandusethatto modelsubqueryesultsizes,
andhencequeryoperatorcosts.

The SystemR queryoptimizer[SACT79] (whichinspiredessentiallyall seriouscommerciaDBMS imple-
mentationgoday)kepta catalogof statisticsjncluding cardinalitiesof tablesandcoarsedistributionsof values
within columns. By our definition, SystemR was not exactly adaptive:it did not haveany explicit feedback
within the system.On the otherhand,the systemadministratoicould manuallydirect SystemR to adaptits be-
haviorto the data:on commandthe systemwould scanthe entiredatabasendupdateits statisticswhich upon
completionwould instantlyaffect all decisionsmadein queryoptimization. This heavyweightperiodicbatch
adaptivityapproactremainsin nearlyall commerciaDBMSstoday thoughof coursethe statisticsgathered-
andthemeandor gatheringhem— havebecomemoresophisticateavertime. While thefrequencyof adaptiv-
ity is quitelow in thesesystemgstatisticsaretypically updatedncea dayor onceaweek),theeffectsarebroad
andthe extentfar-reaching:asaresultof new statistics the optimizermay choosecompletelydifferentaccess
methodsjoin ordersandjoin algorithmsfor all subsequemueries.

The Ingres“query decomposition'schemgSWK76] waslesseffective but muchmoreadaptivethan Sys-
temR. Ingresalternatedetweersubplarselectiorandexecution.Foraqueryonn tablesjt operatecsagreedy
but adaptivesequencef nested-loopgoins. The smallesttable? waschoserto be scannedirst. For eachtuple
of thesmallestable,the next-smallestablewasprobedfor matchessia the“one-variablequeryprocessdr (i.e.
thetable-scaror indexlookupmodule),anda (duplicate-freejesultof thatprobewasmaterialized This greedy
processvasthenrecursivelyappliedontheremainingn — 1 tables-i.e.,n — 2 baseablesandonematerialized
sub-result.After the recursionunwound,the processdbeganagainfor the nexttuple of the smallesttable. Note
thatthis doesnotcorrespondo a static*join order’ in thesensef SystenR: thematerializedesultof each‘tu-
pleprobe’couldvaryin sizedependingonthenumberof matchedo eachindividualtuple,andhenceheorderof
joinsin therecursivecall couldchangdrom tupleto tuple of the smallestable. Althoughthis greedyoptimiza-
tion proces®ftenresultedn inefficient processingn traditionalenvironmentsit hadarelativelyhighfrequency
of adaptivity gatheringfeedbaclaftereachcall to the one-variablajueryprocessorThefrequencyof adaptivity

2 Actually, the smallestableaftersingle-tablepredicatesvereappliedandresultsmaterialized“one-variabledetachment”).



in Ingreswasthusintra-query andevenintra-operator in the sensehatadaptatiorcould happenedrom tuple
to tuple of the outermostablein a sequenc®f nestedoopsjoins. This remainedoneof the highest-frequency
schemedn theliteratureuntil quiterecently Thefeedbaclgatheredftereachtable-scamrindexlookuphadthe
effect of adaptingthejoin order on subsequeriterations.Note thatthe effectsof adaptivityin Ingresextended
only acrosghelifetime of asinglequery

2.2 LateBinding Schemes

Theschemesve discusmextarein somesenseno moreadaptivethanthat of SystemR, gatheringno morein-
formationthanis availableto a standardptimizer However thesescheme$avea flavor of dynamismandare
oftendiscussedh the contextof adaptivequeryprocessingsofor completenesandclarificationwe coverthem
here.

Thefocusof this bodyof work is to improveupona particularfeatureof SystemR’s optimizerfor frequently
re-executedjueries.ln additionto its otherfeatures SystenR introducedheability for querieso beoptimized,
compiledinto machinecode andstoredwith thesystenfor subsequentuse.Thistechniquewhichis available
in commerciaRDBMSstoday allowsthecostof queryoptimizationto beamortizedacrosamultiple executions
of thesamequery evenif the querys constantareleft unbounduntil runtime.

In thelate19805 andearly90’'s, anumberof papersaaddressed weaknesi thisschemesubsequentnsof
thequeryoccurunderdifferenteasily-checkeduntimeparametersncludingchangesn userspecifiedconstants
thataffect selectivity changesn availablememory andsoon [HP88 GW89,INSS92 GC94,ACPS96 LP97].
Queryexecutiorperformancenightbecompromisedindersuchchangeshutthecostof completereoptimization
on eachsmall perturbationof the environmentcould be wasteful. To strike a happiermedium,thesesystems
do someoptimizationin advanceandneedto consideronly a subsebf all possibleplansat runtime. The plan
eventuallychoserfor executionis intendedto bethe onethatwould be achievedby runningthefull SystemR
optimizeratruntime. In atypical exampleof this work, GraefeandColedescribedynamicqueryplans[GC94].
Givenconstraint®npossiblechange# theruntimeenvironmenttheiroptimizerwoulddiscardonly thosequery
plansthatweresuboptimaln all configurationsatisfyingtheseconstraints Theresultof theiroptimizerwasaset
of possiblequeryplans whichwassearcheatruntimebasedneasilycheckablgarametersf theenvironment.

Theseschemeg$ocusonthe problemof postponinga minimal decisionuntil runtime,effectively doing“late
binding” of unknownvariablesfor frequentlyre-executedjueries.But they do not takeany specialadvantage
of iterativefeedbackandoffer the samefrequency effectsand extentof adaptivitythat onegetsby runninga
SystemR optimizerwhenever queryis to beexecuted.

2.3 Per-Query Adaptivity: Making System R More Adaptive

SystemR’s statistics-gathergnschemewvascoarsegrained,runningonly periodically requiringadministrative
oversight,and consumingsignificantresources Chenand Roussopoulogroposedan AdaptiveSelectivityEs-
timation (ASE) schemeto enhancea SystemR-style optimizerby piggybackingstatistics-gathergnon query
processindCR94]. Whena querywasexecutedn their schemethe sizesof sub-resultsvould be trackedby
the system,andusedto refine statisticalmetadatdor future optimizationdecisions. This providedan organic
feedbackmechanismleveragingthe naturalbehaviorof queryprocessingo learnmoreandperformbetteron
subsequerueries. ASE operatedn amoderatelycoarsgerqueryfrequency-still interquerylike SystenR,
but finer grainedand more naturallyadaptive. The effects of feedbackin ASE were potentially as significant
asthoseof SystemR, affecting accessnethodselectionaswell asjoin orderandjoin methodselectionwith a
long-term,interqueryextent.Note howeverthatwhile ASE exploitedinformationavailablefrom queriesonce
theywereissuedijt did notgatherinformationon tablesthathadnot yet beenreferencedn queries.
TheMariposadistributedDBMS enablegerqueryadaptivitywith federatecadministratiofSAP96]. Mari-
posausedan economicmodelto let sitesin a distributedenvironmentautonomouslynodelthe changingcosts



of their queryoperations.During queryoptimization,Mariposarequestedbids” from eachsite for the costof

performingsubplans.The biddingmechanisrallowedsitesto observeheir environmenfrom queryto query

andautonomouslyestatetheir costsof operationfor subsequengueries.In theinitial experimentsMariposa
usedthis flexibility to allow the sitesto incorporatdoad averageandothertransienfparameterinto their costs.
More sophisticatedpricing agents’couldbeprogrammednto thesystemvia ascriptinglanguageandthecom-

mercialversionof thesystem(CoherdHSC99]) exposeanextensibleAP| suitablefor 3rd-partypricing agents
(or “bots”). In termsof frequencythis is essentiallylike ASE: interqueryadaptivityat a perquery granular

ity. Thenoveltyin Mariposacomesrom theway thateconomicsenablesautonomousndextensiblecontrol of

adaptivepoliciesatsitesin afederation.Mariposauseda“two-phase”optimizationschemein whichjoin orders
andmethodsarechoserby a centraloptimizer andbidsonly affectthe choiceof sitesto do thework.

24 Competition and Sampling

Oneof the more unusualguery optimizersto dateis that of DEC (later Oracle)RDB [AZ96]. RDB wasthe
first systemto employcompetitionto helpchoosequeryplans. The RDB designergocusedn particularon the
challengeof choosingaccessnethoddor agivensingle-tablepredicate Theynotedthattherelativeperformance
of thetwo accessnethodscould be differentiatedon-line by runningbothfor only a shorttime. Basedon this
insight,theychoseto simultaneoushgxecutemultiple accessnethoddor agiventable,andhaltall butthemost
promisingaccessnethodafterashorttime. RDB wasthefirst systenmafteringresto supporiadaptivityatanintra-
operatorfrequencythoughit only madeonedecisionpertablein aquery andonly hadeffectson the choiceof
accessnethod.

TheRDB schemas notunlike sampling-baseschemesor selectivityestimationwhichalsoperformpartial
gueryexecutiongo learnmoreaboutthe performancef afull run. A sequencef papersn thelastdecadehas
studiedhow to usesamplingto estimatethe selectivityof predicategseeSection9 of [BDF97] for a survey).
Samplinghastypically beenproposedor useduringqueryoptimization,andusedonly to directtheinitial choice
of aqueryplan (with the exceptionof online queryprocessingSection2.7.2). Thuslike ASE or Mariposa this
is per-queryfrequency- afiner grainthanSystemR, but not theintra-queryfrequencyof RDB. The effectsare
like thoseof SystermR: changingstatisticscanaffectall aspect®f queryprocessingHowevertheextentis much
shorterthanSystemR, lastingonly for therun of a singlequery

2.5 Inter-Operator Reoptimization and Query Scrambling

As outlinedin theintroduction theneedor adaptivitygrowswith theuncertaintyinherentin thequeryprocessing
environmentHighly unpredictablenvironmentssuchasthelnternet,requireadaptivityevenduringtheexeuc-
tion of a singlequery A numberof projectsfocusingon uncertainenvironmentshaveemployedintra-query
adaptivity Interoperatoradaptivitywasa naturalfirst stepin this agenda.One approachusedin distributed
systemswvasto sendsubqguerieto remotesitesandthento usethe arrival of the subqueryresultsto drive the
schedulingor theremainingpartsof the querythatusedthem[TTCT90, ONK™96]. Suchapproachedealwith
uncertaintiesn the executioncostsof the remotesubqueriesandif subqueryresultsarematerializedcanalso
copewith unexpectedielaysto someextent.

QueryScramblingAFTU96] wasdevelopedpecificalyto copewith unexpectedelaysthatarisewhenpro-
cessindlistributedqueriesn awide-areanetwork. With QueryScramblingaqueryis initially executedccord-
ing to a plangeneratedby a SystemR-stylequeryoptimizer If, however a significantperformanceroblemis
detectediuringtheexecutionthequeryplanis modifiedonthefly. QueryScramblinguseswo basictechniques
to copewith unexpectedlelays:1) it changeshe executionorderof operationsn orderto avoididling, and?2)
it synthesizemewoperationgo executan theabsencef otherwork to perform. As describedn [UFA98], the
scramblingorocessanbedrivenby a lightwieght,response-timbéasedjueryoptimizer

KabraandDeWitt proposedreoptimizatiorschemdKD98] to addressincertaintiesn thesizesof subquery



results.As in QueryScrambling aninitial queryplanis choserby atraditionalSystemR-styleoptimizer After
everyblocking operatoiin thatplan,theremainderof the planis reoptimizedwith the knowledgeof the sizeof
the intermediateresultgeneratedhusfar. The Tukwila systemproposeda very similar techniquewith arule
languageo specifylogic for decidingwhento reoptimize,andthe preservatiorof optimizerstateto reducethe
costof reoptimizationIFFT99].

In essencenteroperatoradaptivityis along-postponeanarriageof the Ingresand SystemR optimization
schemestike Ingres,it takesadvantagef the cardinalityinformationin materializedsubresultslike SystemR
it usescost-base@stimationof unknownwork to bedone. Theseschemesdaptat aninteroperatorfrequency
with arbitraryeffectson theremainingstepsafterablockin aqueryplan;theextentdoesnotgo beyondtherest
of thequery

2.6 Intra-Operator Adaptivity Revisited: WHIRL

WHIRL is adataintegrationlogic designedat AT&T labsthatfocuseson textualsimilarity predicateswith an
information-retrievaktyle semantic®f rankedresults. TheAT&T implementatiorof WHIRL attemptgo return
thetop rankedanswergyuickly. Thebasicqueryprocessingperatorsn the WHIRL implementatiorareessen-
tially scang“explodingaliteral”) andrankedindexlookupsfrom inverted-fileindexeg“constrainingaliteral”).
At the endof eachtable-scaror indexlookup, the implementatiorcan chooseamongall subsequenpossible
table-scansrindexlookups.The AT&T WHIRL implementations remarkablysimilarto INGRESIn its intra-
operatoradaptivity: it supportsonly nestedoopsjoins, andadaptgoin orderduring a pipelineof thesejoins —
potentiallychangingthe orderaftereachcompletecall to anaccessnethod.

2.7 Adaptive Query Operators

Up to this point, the effectsof adaptivitythatwe havediscussedhavebeenat the level of queryoptimization:
thechoiceof accessnethodsjoin methodsandjoin orders(andin the caseof distributedqueriesthe choiceof

sites). Adaptivity canoccuratthelevel of individual operatorsyhich canadaptat anintra-operatofrequency
evenwithin the contextof afixed queryplan.

2.7.1 Memory-Adaptive Sorting and Hashing

Two of thebasicoperationsn queryprocessingresortingandhashing.Both of theseoperationdiavecoststhat
area function of the amountof main memoryavailable. Queryoptimizersestimatethesecostsunderassump-
tions of memoryavailability. In somesystemsadequatanemoryis reservedo guaranteg¢hesecostsprior to
executionjn othersmemaoryallocationis allowedto proceedvithoutregardto globalconsumptionTheformer
techniques conservativepotentiallyresultingin underutilization of resourcegindincreasesn querylatency
Thelatteris aggressivepotentiallyresultingin pagingandboth decreasedjuerythroughputandincreaseda-
tency

A third approachs to modify sortingandhashingalgorithmsto adapto changingamountof availablemem-
ory. Suchschemedypically addresdoth suddenlossesand suddengainsin memory Lossesof memoryare
typically handledby spilling hashpartitionsor postponinghe meiger of sortedruns;gainsin memoryare ex-
ploitedby readingin spilledhashpartitions,or addingsortedrunsto ameige phase Exemplarywork in thisarea
wasdoneby Pang,CareyandLivny, who studiedbothmemory-adaptiveariantsof hashjoin [PCL93b](based
onearlierwork including[NKT88, ZG90]),andmemory-adaptiveariantsof out-of-coresorting[PCL93a](fol-
lowedby relatedwork in [ZL97]).



2.7.2 Pipdining and Ripple Join Algorithms

Thepipelining propertyof join algorithmshasbeenexploitedfor parallelism;WilschutandApersproposedhe
symmetrichashoin to maximizepipelinedparallelismin theirPRISMA/DB parallel,main-memonDBMS [WA91].
More recently both the Tukwila and Query Scramblinggroupsextendedhe pipelining hashjoin in a natural
fashionsothatit would run out-of-core.The QueryScramblinggroups XJoinalgorithm[UF00] pushedheout-
of-coreideafurther, to exploitdelayeddatafeeds:whena particulartablescans delayed the XJoin expolitsthe
idle time by pulling spilled partialpartitionsoff of diskandjoining them. Neitherof theseextensionss adaptive
in the senseof our earlierdefinition, but bothwereusedin the contextof adaptivesystems.

Recentwork on online queryprocessingn the Control projecthighlightedthe ability for pipelining opera-
torsto provide continuousfeedbackand hencedrive adaptivity[HAC T99]. In theinitial work on Online Ag-
gregationHHW97], pipelining query processingalgorithmswere cited asa necessargonditionfor allowing
userfeedbaclkduringqueryprocessingln subsequenwvork, systenfeedbackvasusedinternallyby ripple join
algorithmsto automaticallyadaptherelativeratesatwhich theyfetchdatafrom differenttables subjecto a sta-
tisticalperformancegoal[HH99]. Theaccessnethodsn onlinequeryprocessindnavetypically beerassumedo
do progressivesamplingwithout replacementputtingthis work in thetraditionof samplingfor costestimation.

HaasandHellersteinlHH99] broadlydefinethe ripple joins asa family of pipeliningjoin algorithmsthat
sweepout the cartesiarplanein everlarger rectangleswith the opportunityto adaptivelycontrol or tolerate
changing‘aspectratios” of thoserectangledbasedon observedstatisticaland performanceoehavior Theyin-
cludein their definitionthe earlierpipelining hashjoin andindex nested-loop$oins, alongwith new iterative
and“block” ripple joins thattheyintroduceasmodificationsof the traditionalnestedoopsjoins’. Ripplejoins
asa classprovideintra-operatorfrequencyof adaptivity: behavioris visible at a pertuple frequencythough
decisionsaremadein [HH99] at a slightly coarsegranularity at the endof each“rectangle”sweptoutin pro-
cessing.This adaptivitywasexploitedonly for controllingtherelativeratesof I/O from differenttables,during
therun of asinglequery

2.8 Rivers: Adaptive Partitioning

In a shared-nothingaralleDBMS, intra-operatoparallelismis achievedby partitioningdatato be processed
amongthe nodesin the system. Traditionally this partitioningis donestatically via hashingor round-robin
schemesRiver [AATT99] is a paralleldataflowinfrastructurethat was proposedor makingthis partitioning
moreadaptive.In developingherecord-settindN\OW-SortimplementatiofAAC T97), theRiverdesignersoted
thatlarge-scalelusterexhibitedunpredictabl@erformancdeterogeneityevenacrosphysicallyidenticalcom-
putenodes.As aresult,theydesignedwo basicmechanism# Riverto providedatapartitioningthatadaptedo
therelative ,changingatesof thevariousnodes A DistributedQueuemechanisnibalancedvork amongmultiple
consumersunningatdifferent(andpotentiallychangingyates;a GraduatedDeclusteringschemealynamically
adjustedhe load generatedby multiple redundanproducersof data. Both thesemechanismadaptecht a per
tuplefrequencyaffectingthe assignmenof work to nodeswith effectslastingfor the durationof the operator

2.9 Eddies. Continuous Adaptivity

In aqueryplan(or subplan)composedf pipeliningoperatorsike ripple joins, feedbacks availableon atuple-
by-tuplebasis.As aresult,it shouldbepossiblefor apipelinedquery(sub)plarto adaptatthatfrequencyaswell.
Ripplejoins, rivers, andotherschemedeveragethe feedbackwithin an operatorto changethe behaviorof the
operatorEddiesareamechanisnto getinteroperatoreffectswith intra-operatofrequencyof adaptivity]AHOO].

3The aspecratio of index nested-loopgoin is actuallynot subjectto modification: the indexedrelationis fully “swept” uponeach
indexprobe.Howeverit wasincludedin thefamily sinceit canpresentperformancenhancemerdvertheiterativeripple joins when
anindexis available
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Figurel: An eddyin apipeline.Dataflowsinto theeddyfrom inputrelationsR, S andT'. Theeddyroutestuples
to pipeliningoperatorsthe operatorsun asindependenthreadsreturningtuplesto theeddy Theeddysendsa
tupleto the outputonly whenit hasbeenhandledby all the operators.The eddyadaptivelychoosesanorderto
routeeachtuplethroughthe operators.

An eddyis anencapsulatedataflowoperatorakinto ajoin, sort,or accessnethodwith aniteratorinterface.
In the sameway thatthe exchangeperatorof Volcanoencapsulategarallelism eddiesareusedto encapsulate
adaptivity An eddyis intendedo beinterposedetweerthetablescan aplan(which produceinputtuplesto
theeddy),andother‘upstream”operatorsn the plan(which servebothto consumeheeddys outputtuplesand
produceadditionalinputs).

As originally envisionedthe eddy— combinedwith pipelining operatordike ripple joins — serveso adapt
join orderon atuple-by-tuplebasis.Everyoperator‘upstream”of the eddyreturnsits resultsto the eddy which
passethemalongto remainingoperatorgor furtherprocessingAs aresult,theeddyencapsulateheorderingof
theoperatordyy routingtuplesthroughthemdynamically(Figurel). Becausdhe eddyobservesuplesentering
andexiting the pipelinedoperatorsit canadaptivelychangats routingto effect differentoperatororderings.It
doessovia alottery schedulingschemdWW94]. It canalsocontroltheratesof inputfrom tablescangif thisis
underthe controlof the systemasin the original online aggregatiorscenario.)in their originalincarnationthe
extentof adaptivityin eddieds restrictedto asinglequery In the nextsectionwe describeour agenddo extend
the effectsandextentof eddies.

3 Challengesin Adaptive Query Processing

While adaptivityhaslong beenanissuein databaseesearchye believethatthefrequencyof adaptivityin prior
systemdasbeeninsuficientfor manyof theemepinglarge-scaleenvironmentsWork on continuousadaptivity
hasjustbegun,andwe seea numberof challengesndopportunitiesn this space.

In designingTelegraphwe areexploringnewideasin continuouslyadaptivequeryprocessing.The Tele-
graphqueryengineis a dataflowarchitecturédbasedn rivers,eddiesandpipeliningqueryprocessingperators
like ripple joins and XJoins. As such,it is architectedor fine-grainedadaptivityandinteractiveusercontrol.
Riversandeddiesarequitegenerakonceptsandwe view themmorebroadlythanthe specificincarnationgpre-
sentedn theoriginal papers.In particular amajorgoalof Telegraphs to enhancédoththeextentandtheeffects
of bothschemesEnhancingheir extentis relatively simple: a metadatastorecanbe usedto saveinformation
attheendof eachquery andthis informationconsultedo setupinitial conditionsfor subsequerjueries(data
partitioning,relativenumberf lottery tickets,etc.) Enhancinghe setof effectsfrom riversandeddiess more
complicatedandwe areconsideringa numberof challengesn thisregard:



Spanning trees. As originally presentededdieshaveno effect on the spanningreefor the query:i.e., the set
of binaryjoinsthatconnectherelationsin thequery Forcyclic join graphsit is attractiveto consideradapting
the choiceof spanningreeon thefly, by connectinghe eddyto joins (or cross-products)etweemmorepairsof

tablesthanis strictly necessaryThisis essentiallyaform of competitionamongspanningrees,andhencet can
consumesignificantresourcesindproduceduplicateresults two issueghatwe arecurrentlyinvestigating.

Data sources. Riverhandlesnultiple potentialdatasourcewia graduatedieclusteringbutrequiresaparticular
layoutfor thosesources.We would like to extendthis ideato a federatecenvironmentike the Internet,where
datalayout—andevendatacontents- arenotunderour control. Thismayproduceduplicateor eveninconsistent
results,which needto beresolved.

Join and access methods. The choiceof join andaccessnethodscanonly be madeon the fly by an eddyif
theyarerun competitively allowing the eddyto exploretheir behavior In exploringthis idea,we needto watch
resourcecontentionaswell asthe productionof duplicates.

Moving statein rivers. Theoriginal River paperdid not explicitly discusshow pernodestate(e.g. hashpar
titions in a hash-join)could be migratedasthe systemadapts. We are investigatingapplying the ideasfrom
memory-adaptivéashjoinsin this context.

In additionto extendingriversandeddiesto havemoregeneralkeffectsoveralongerextentof time, we are
consideringa numberof additionaladaptivityquestions:

Two-dimensional interactivity: Priorwork on online queryprocessingllowed“horizontal” userfeedbackon
therowsto befavoredfor processingWe arealsoconsideringhe“vertical” casein Telegraph;partially-joined
tuplesshouldbe availableat the output,and usersshouldbe ableto expresgheir relative desirefor different
columns or evencombinationof rows andcolumns.Partially-joinedtuplesmay not necessariljhavematches
in all tablesin the query meaningthateventhoughthey are passedo the output,they may not be containedn
thefinal answer This hasimplicationsfor userinterfacesclient APIs, andof coursethe policiesusedin eddies.

Initial delays: Prior work on queryscramblingaddressedhitial delays,butit is not clearhow this work might
dovetailwith eddiesandrivers. Challengesarisefrom the completelack of feedbackavailablein initial-delay
scenarios.

Caching and prefetching: Cachingis probablythe mostwell-studiedadaptiveproblemin computersystems,
andis particularlyrelevantfor a high-latencyinternetenvironment.Prefetchings a similarly robustadaptive
problem,dynamicallypredictingdatafetchesin thefaceof changingworkloads.We areaggressivelexploring
bothtechniguesn the contextof Telegraph.

In additionto the constructivegoalsof Telegraphmanyanalyticquestiongemainaswell. Thefirstis to
more carefully characterizéhe vagariesof all the applicationenvironmentsve areconsideringjncluding the
wideareaglustersandsensonetworks.We haveevidenceghateachof theseenvironmentsneritsafine-grained
frequencyof adaptivity andwe believethat broadeffectsand extentof adaptivitywill be appropriateaswell.
Howeverthemorewe knowabouttheseenvironmentsthebetterouradaptivesystemshouldbeableto perform.
Secondwe areactively engagedvith our colleaguesn theoreticalcomputerscienceand machinelearningin

developingaformal frameworkfor eddiesto try andcharacterizeuestionof convegenceandstability andto
tunethe policiesusedfor adapting.
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