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Abstract Thisexperiencgapersummarizethekey lessons
we learnedthroughouthe designandimplementatiorof the
Aurorastreamprocessingngine.For the pasttwo years,we
have built ve stream-basedpplicationsusing Aurora. We
rst describan detailtheseapplicationsandtheirimplemen-
tation in Aurora. We thenre ect on the designof Aurora
basedn this experienceFinally, we discussurinitial ideas
onafollow-onproject,calledBorealis,whosegoalis to elim-
inatethelimitationsof Aurora,aswell asto address:ew key
challengesaindapplicationsn the streamprocessinglomain.
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1 Intr oduction and History

Overthelastseveralyears,a greatdealof progresshasbeen
madein the areaof streamprocessingengines(SPEs)[7,9,
15]. ThreebasictenetsdistinguishSPEsfrom currentdata
processingengines.First, they must supportprimitives for
streamingapplicationsUnlike OLTP, which processesnes-
sagesn isolation, streamingapplicationsentail time series
operationson streamsof messagesAlthough a time series
“blade” wasaddedto the Illustra Object-RelationaDBMS,
generallyspeakingtime seriesoperationsare not well sup-
ported by current DBMSs. Second,streamingapplications
entail a real-timecomponentlf oneis contentto seeanan-
swer later, then one can storeincoming messagef a data
warehouseand run a historical query on the warehousdo
nd informationof interest.This tactic doesnot work if the

answermustbe constructedn realtime. Realtime alsodic-
tatesa fundamentallydifferentstoragearchitecture DBMSs
universallystoreandindex datarecordsbeforemakingthem
availablefor queryactiity. Suchoutboundprocessingwhere
datais storedbeforebeingprocessedannotdeliverreal-time
latengy, asrequiredfrom SPEs.To meetmore stringentla-
teng requirementsSPEsmustadoptan alternatemodel,in-
boundprocessingwherequery processings performeddi-
rectly on incoming messagedefore (or insteadof) storing
them.Lastly, anSPEmusthave capabilitiego gracefullydeal
with spikesin messagéoad. Fundamentallyncomingtraf ¢
is bursty, andit is desirableo selectvely degradethe perfor
manceof theapplicationgunningonan SPE.

TheAurorastreanprocessingngine motivatedby these
threetenetsjs currentlyoperationallt consistof somel00K
lines of C++ and Java and runs on both Unix- and Linux-
basedplatforms.It was constructedvith the cooperatiorof
studentandfacultyat Brown, BrandeisandM.1.T. Thefun-
damentaldesignof the enginehas beenwell documented
elsavhere:the architectureof the engineis describedn [7],
while the schedulingalgorithmsare presentedn [8]. Load
sheddingalgorithmsarepresentedn [18], andour approach
to high availability in a multi-site Aurorainstallationis cov-
eredin [10,13]. Lastly, we have beeninvolvedin acollective
effort to de ne a benchmarkhat describedhe sortof mon-
itoring applicationsthatwe have in mind. The resultof this
effort is calledLinearRoad,andis describedn [4].

Recentlywe have usedAurorato build ve differentap-
plication systemsThroughoutthe processwe have learned
agreatdealaboutthekey requirementsf streamingapplica-
tions. In this paperwe re ect on the designof Aurorabased
onthis experience.

The rst applicationis an Auroraimplementatiorof Lin-
earRoad,mentionedabove. In additionto Linear Road,we
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have implementedh pilot applicationthat detectdate arrival

of messages a nancial-servicesfeed-processingrviron-

ment.Furthermorepneof our collaboratorsa military med-
ical researchaboratory[20], asked us to build a systemto

monitor the levels of hazardousmaterialsin sh. We have
alsoworked with a major defensecontractoron a pilot ap-
plication that dealswith battle eld monitoringin a hostile
ervironment.Lastly, we have usedAurorato build Medusa,
adistributedversionof Aurorathatis intendedo be usedby

multiple enterpriseshatoperaten differentadministratedo-
mains.Medusausesaninnovative agoricmodelto dealwith

crosssystemresourceallocation,and is describedin more
detailin [5].

We startwith a shortreview of the Auroradesignin Sec-
tion 2. Following this, we discussthe ve casestudiesmen-
tionedabove in detailin Section3, sothe readercanunder
standthe contet for the retrospectiorthat follows. In Sec-
tion 4, we presenthelessonsve have learnedon the design
of SPEs.Thesencludethe necessityf supportingstoredta-
bles,the requiremenif synchronizatiorprimitivesto main
consisteng of storeddatain a streamingervironment,the
needfor supportingprimitives for late arriving or missing
messagegherequiremenfor a myriad of adaptordor other
feed formats,and the needfor globally-accessibleatalogs
anda programmingnotationto specify Aurora networks (in
additionto the “boxesandarrons” GUI). Sincestreampro-
cessingapplicationsareusuallytime critical, we alsodiscuss
the importanceof light-weight schedulingand quantify the
performanceof the currentAurora prototypeusinga micro-

benchmarkon basic streamoperators Aurora performance
onthelLinearRoadbenchmarks documenteelsavhere[4].
The currentAurora prototypeis beingtransferredo the
commercialdomain,with venturecapitalbacking.As such,
the academiqrojectis hardat work on a completeredesign
of Aurora, which we call Borealis.The intent of Borealisis
to overcomesomeof the shortcoming®of Aurora,aswell as
make amajorleapforwardin severalareasHencejn Section
5,wediscusgheideaswe havefor Borealisin severalnew ar
easincludingmechanism$or dynamicmodi cation of query
speci cationandqueryresultsandadistributedoptimization
framework thatoperate@crosssener andsensometworks.

2 Aurora Ar chitecture

Aurorais basednadata ow-style“boxesandarrowvs” para-
digm. Unlike otherstreamprocessingystemshatuseSQL-
style declaratve queryinterfaces(e.g.,STREAM [15]), this
approachwas chosenbecauset allows queryactiity to be
interspersedvith messaggrocessinge.g., cleaning,corre-
lation, etc.).Systemghatonly performthe querypiecemust
ping-pongbackandforth to anapplicationfor therestof the
work, therebyaddingto systenoverheadandlateng. An Au-
rora network canbe spreadacrossary numberof machines
to achieve high scalabilityandavailability characteristics.
In Aurora, a developerusesthe GUI to wire togethera
network of boxesandarcsthatwill processtreamsn aman-
ner that produceghe outputsnecessaryo his or her appli-
cation.A screernshotof the GUI usedto createAurora net-
worksis shovnin Figurel:theblackboxesindicateinputand
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outputstreamghat connectAurora with the streamsources
and applications respectiely. The other boxes are Aurora
operatorsandthe arcsrepresentlata o w amongthe oper
ators.Userscandrag-and-dromperatorgrom the paletteon
theleft andconnecthemby simply drawing arrows between
them.It shouldbe notedthata developercannamea collec-
tion of boxesandreplaceit with a “superbox”.This “macro-
de nition” mechanisndrasticallyeaseghe developmentof
big networks.

The Aurora operatorsare presentedn detail in [3] and
aresummarizedn Figure2. Aurora's operatorchoiceswere
in uenced by numeroussystemsThe basicoperatorg-ilter,
Map and Union are modeledafter the Select, Projectand
Union operation®f therelationalalgebraJoin's useof adis-
tancemetricto relatejoinableelementon opposingstreams
is reminiscentof the relationalbandjoin [12]. Aggregates
slidingwindow semanticss ageneralizedrersionof theslid-
ing window constructof SEQ[17] and SQL-99 (with gen-
eralizationsncludingallowancefor disorder(SLACK), time-
outs,value-basewindowsetc.).TheASSUMEORDERIause
(usedin AggregateandJoin),which de nesaresultin terms
of anorderwhich mayor maynotbemanifestedis borrowved
from AQuery[14].

Eachinputmustobey aparticularschemda x ednumber
of x edor variablelength elds of the standarddatatypes).
Every outputis similarly constrainedAn Aurora network
acceptdanputs, performsmessagdtering, computationag-
gregation,andcorrelation andthendeliversoutputmessages
to applicationsMoreover, every outputis optionally tagged
with a Quality of Service(QoS)speci cation. This speci -
cationindicateshow muchlateng the connectedpplication
cantolerate,aswell aswhat to do if adequateesponsie-
nesscannotbe assuredunderoverloadsituations.Note that

theAuroranotionof QoSis differentfrom thetraditionalQoS
notionthattypically implieshardperformancguaranteese-
sourceresenationsandstrictadmissiorcontrol.

Onvariousarcsin an Auroranetwork, the developercan
note that Aurora shouldrememberistoricalmessagesrhe
amountof historyto bekeptby such“connectionpoints” can
be speci ed by a time rangeor a messageount. The his-
torical storageis achieved by extendingthe basicmessage-
gqueuemanagementmechanismNew boxescanbe addedto
an Aurora network at connectiorpointsat any time. History
is replayedthroughthe addedboxes,andthen corventional
AuroraprocessingontinuesThis processingontinueauntil
theextraboxesaredeleted.

The Aurora optimizer can rearrangea network by per
forming box swappingwhenit thinkstheresultwill befavor-
able. Suchbox swappingcannotoccur acrossa connection
point; henceconnectionpoints are arcsthat restrictthe be-
havior of the optimizeraswell asremembehistory.

When a developeris satis ed with an Aurora network,
he or shecancompileit into anintermediatdform, which is
storedin anembeddedlatabaseAt run time this datastruc-
tureis readinto virtual memoryanddrivesareal-timesched-
uler. Theschedulemakesdecisionsasedn theform of the
network, the QoS speci cations present,and the length of
thevariousqueuesWhenqueuesver ow the buffer poolin
virtual memory they arespooledto the embeddediatabase.
More detailedinformationon thesevarioustopicscanbe ob-
tainedfrom thereferencegaperd3,7,8,18].

3 Aurora CaseStudies

In this section,we present ve casestudiesof applications
built usingthe Auroraengineandtools.
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3.1 Financial ServiceApplication

Financial serviceorganizationgpurchasestock ticker feeds
from multiple providersand needto switchin real time be-
tweenthesefeedsif they experiencetoo mary problemsWe
worked with a major nancial servicescompaty on devel-
oping an Aurora applicationthat detectsfeed problemsand
triggerstheswitchin realtime. In this sectionwe summarize
the application(as speci ed by the nancial servicescom-
pary) andits implementatiorin Aurora.

An unexpecteddelayin thereportingof new pricesis an
exampleof afeedproblem.Eachsecurityhasanexpectede-
portinginterval andthe applicationneedsto reportanalarm
if a reportinginterval exceedsits expectedvalue. Further
more,if morethansomenumberof alarmsarerecordeda
moreseriousalarmis raisedthatcouldindicatethatit is time
to switchfeeds.The delaycanbe causedy the underlying
exchange(e.g., NYSE, NASDAQ) or by the feed provider
(e.g.,ComstockReuters)If it is theformer, switchingto an-
otherproviderwill nothelpsotheapplicationmustbeableto
rapidly distinguishbetweerthesetwo cases.

Ticker informationis provided as a real-time datafeed
from oneor moreprovidersandafeedtypically reportsmore
thanone exchange As an example,let us assumehatthere
are500 securitieswithin a feedthatupdateat leastonceev-
ery 5 secondsaandthey arecalled“fastupdates”Let usalso

assumehatthereare4000securitieghatupdateatleastonce
every 60 secondsaindthey arecalled“slow updates”.

If aticker updates notseerwithin its updatanterval, the
monitoringsystemshouldraisea low alarm. For example,if
MSFT is expectedo updatewithin 5 secondsand5 seconds
or moreelapsesincethelastupdate alow alarmis raised.

Sincethesourceof theproblemcouldbein thefeedor the
exchangethe monitoringapplicationmustcountthe number
of low alarmsthatarefoundin eachexchangeandthenumber
of low alarmsthatarefoundin eachfeed.If the numberfor
eachof thesecateyoriesexceedsa threshold(100in thefol-
lowing example),a high alarm is raised.The particularhigh
alarmwill indicatewhatactionshouldbetaken.Whenahigh
alarmis raisedthelow alarmcountis resetandthe counting
of low alarmsbeginsagain.In this way, the systemproduces
ahighalarmfor every 100low alarmsof a particulartype.

Furthermorethe postingof a high alarmis a seriouscon-
dition andlow alarmsare suppresseavhenthe thresholdis
reachedo avoid distractingthe operatomvith alargenumber
of low alarms.

Figure 3 presentsour solution realizedwith an Aurora
query network. We assumefor simplicity thatthe securities
within eachfeed are alreadyseparatednto the 500 fastup-
datingtickersandthe 4000slowly updatingtickers.If thisis
not the case thenthe separatiorcanbe easilyachiezed with
alookup. The querynetwork in Figure3 actuallyrepresents
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six differentqueries(onefor eachoutput).Notice thatmuch
of the processings shared.

Thecoreof thisapplicationis in thedetectiorof latetick-
ers.Boxesl, 2, 3, and4 areall Aggregateboxesthatperform
thebulk of thiscomputationAn Aggregatebox groupsinput
tuplesby commonvalue of one or more of their attributes,
thuseffectively creatinga sub-streanfior eachpossiblecom-
binationof theseattribute values In this casethe aggreyates
are groupingthe input on commonvalue of ticker symbol.
For eachgroupingor sub-streama window is de ned that
demarcategiterestingrunsof consecutie tuplescalledwin-
dows For eachof the tuplesin oneof thesewindows, some
memoryis allocatedand an aggreating function (e.g., Av-
erage)is applied.In this example,the window is de ned to
be every consecutie pair (e.g.,tuples1 and?2, tuples2 and
3, etc.)andthe aggreyatingfunctiongeneratesneoutputtu-
ple perwindow with abooleanag calledAlarm, whichis a
onewhenthe seconduplein the pair is delayed(call thisan
Alarmtuple), andazerowhenit is ontime.

Aurora’s operatordave beendesignedo reactto imper
fectionssuchas delayedtuples. Thus, the triggering of an
Alarmtupleis accomplishedirectly usingthisbuilt-in mech-
anism.Thewindow de ned on eachpair of tupleswill time-
outif thesecondupledoesnotarrive within thegiventhresh-
old (5 secondsn this case)In otherwords,the operatomwill
produceonealarmeachtime anew tuplefailsto arrive within

ve secondsasthecorrespondingvindow will automatically
timeoutandclose.The high-level speci cationof Aggregate
boxes1 through4 is:

Aggregate(Group by ticker,
Order on arrival,
Window (Size = 2 tuples,
Step = 1 tuple,
Timeout = 5 sec))

Boxes5 through8 are Filters that eliminatethe normal
outputs,therebyletting only the Alarm tuplesthrough.Box
9 is a Union operatorthat mergesall ReutersAlarmsontoa
singlestreamBox 10 performsthe sameoperatiorfor Com-
stock.

Therestof the network determinesvhena large number
of Alarms is occurringand what the causeof the problem
mightbe.

Boxes 11 and 15 countReutersAlarms andraisea high
alarmwhenathreshold100)is reachedUntil thattime, they
simply passthroughthe normal(low) alarms.Boxes14 and
18 do the samefor Comstock.Note that the boxes labeled
Countl00areactuallyMap boxes.Map takesa userde ned
functionasaparameteandappliest to eachinputtuple.That
is, for eachtuplet in the input stream,a Map box parame-
terizedby afunctionf , produceghetuplef (x). In this ex-
ample,Count100simply appliesthefollowing usersupplied
function (written in pseudocode)to eachtuple that passes
through:

5
F (x:tuple) = cnt++
if (cnt % 100 != 0)
if Isuppress
emit lo-alarm
else
emit drop-alarm
else
emit hi-alarm
set suppress = true

Boxes12, 13, 16, and 17 separatehe alarmsfrom both
Reutersand Comstockinto alarmsfrom NYSE and alarms
from NASDAQ. Thisis achiezedby usingFilterstotake NYSE
alarmsfrom bothfeedsourceqBoxes12 and13) andmeigy-
ing themusinga Union (Box 16). A similar path exists for
NASDAQ Alarms. The resultsof eachof thesestreamsare
countedand Itered asexplainedabove.

In summary this exampleillustratesthe ability to share
computatioramongqueriesthe ability to extendfunctional-
ity throughuserde ned Aggregateand Map functions,and
theneedto detectandexploit streamimperfections.

3.2 TheLinear RoadBendhmark

Linear Roadis a benchmarkfor streamprocessingengines
[2,4]. This benchmarksimulatesan urbanhighway system
thatuses‘variabletolling” (alsoknown as“congestionpric-
ing”) [11,1,16], wheretolls aredeterminediccordingo such
dynamicfactorsascongestionaccidentproximity, andtravel
frequeng. As abenchmarklLinearRoadspeci esinputdata
schemasndworkloads,a suite of continuousandhistorical
queriesthat mustbe supportedand performancequeryand
transactiorresponsgime) requirements.

Variabletolling is becomingincreasinglyprevalentin ur-
bansettingshecausdt is effective at reducingtraf c conges-
tion andbecauseecentadvancesn micro-sensotechnology
malke it feasible.Traf c congestiorin majormetropolitanar-
easis anincreasingproblemasexpressvayscannotbe built
fastenoughto keeptraf ¢ o wing freely at peakperiods.The
ideabehindvariabletolling is to issuetolls thatvary accord-
ing to time-dependentactorssuchas congestiorlevels and
accidentproximity with the motivation of chaging higher
tolls during peaktraf c periodsto discouragevehiclesfrom
using the roadsand contrikbuting to the congestionlllinois,
California, andFinlandareamongthe highway systemghat
have pilot programautilizing this concept.

Thebenchmarltself assumea ctional metropolitararea
(called“Linear City”) thatconsistof 10 expressvaysof 100
mile-long sgmentseach,and1,000,000vehiclesthatreport
theirpositionsvia GPS-basedensorgvery 30secondsTolls
mustbe issuedon a persegmentbasisautomatically based
on statisticsgatheredover the previous 5 minutesconcern-
ing averagespeedandnumberof reportingcars.A segments



tolls areoverriddenwhenaccidentsaredetectedn thevicin-
ity (an accidentis detectedvhen multiple carsreportclose
positionsat the sametime), andvehiclesthatusea particular
expressvay oftenareissued‘frequenttraveler” discounts.

ThelLinearRoadbenchmarldemandsupportfor 5 quer-
ies:two continuousandthreehistorical. The rst continuous
querycalculatesandreportsa segmenttoll every time a ve-
hicle entersa sggment.This toll mustthenbe chaigedto the
vehicle's accountwhenthe vehicle exits that segmentwith-
out exiting the expressvay. Again, tolls are basedon cur
rent congestionconditionson the segment,recentaccidents
in the vicinity, andthe frequeng of useof the expressvay
for the givenvehicle.The secondcontinuousqueryinvolves
detectingandreportingaccidentsandadjustingtolls accord-
ingly. The historical queriesinvolve requestingan account
balanceor a day's total expenditurefor a given vehicle on
a given expressvay, anda predictionof travel time between
two sggmentsonthe basisof averagespeed®nthe sggments
recordedpreviously. Eachof the queriesmustbe answered
with aspeci edaccurag andwithin aspeci edresponséime.
Thedegreeof succes$or thisbenchmarks measureéh terms
of thenumberof expressvaysthesystencansupportassum-
ing 1000positionreportsissuedper secondper expressvay,
while answeringeachof the 5 querieswithin the speci ed
latengy bounds.

An early Auroraimplementatiorof this benchmarksup-
portingoneexpressvay wasdemonstratedt SIGMOD 2003

2.

3.3 BattalionMonitoring

We have workedcloselywith amajordefenseontractorona
battle eld monitoringapplication.In this application,anad-
vancedaircraft gathersreconnaissancdataand sendsit to
monitoring stationson the ground.This dataincludesposi-
tionsandimagesof friendly andenemyunits. At somepoint,
theenemyunits crossa givendemarcatiorine andmove to-
wardthefriendly unitstherebysignalinganattack.

Commanderé the groundstationsmonitorthis datafor
analysisandtacticaldecisionmaking.Eachgroundstationis
interestedn particularsubsetf the data,eachwith differ-
ing priorities. In the realapplication the limiting resources
thebandwidthbetweerthe aircraftandthe ground.Whenan
attackis initiated, the priorities for the dataclasseschange.
More databecomecritical, and the bandwidthlikely satu-
rates.In this case,selectve droppingof datais allowed in
orderto servicethe moreimportantclasses.

For our purposeswe built a simpli ed versionof this
applicationto testour load sheddingtechniqueslinsteadof
modelingbandwidth we assumehatthe limited resourceas
theCPU.Weintroduceloadsheddingasawayto save cycles.

Aurora supportstwo kinds of load shedding.The rst
techniquansertsrandomdropboxesinto the network. These
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Fig. 4 AuroraQueryNetwork for the Battle®eldMonitoring Appli-
cation

boxesdiscardafractionof theirinputtupleschoserrandomly
The secondechniqueansertssemanticpredicate-basedrop
lters intothenetwork. Basedbn QoSfunctions systenstatis-
tics (like operatorcostandselectvity), andinputratesoural-
gorithmschoosehebestdroplocationsandthedropamount
asindicatedby a droprate (randomdrop) or a predicate(se-
manticdrop).Dropinsertionplansareconstructecndstored
in a tablein adwance.As load levels changedropsare au-
tomatically insertedand removed from the query networks
basedntheseplans[18].

One of the query networks that we usedin this studyis
shavnin Figure4. Therearefour queriesn thisnetwork. The
Analysisquerymergesall tuplesaboutpositionsof all units
for analysisandarchving. The next two querieslabeledEn-
emyTanksandEnemyAircraft selectenemytankandenemy
aircraft tuplesusing predicateson their ids. The last query
AcrossThelLine, selectsall the objectsthathave crossedhe
demarcatiotine towardsthefriendly side.

Eachqueryhasa value-basedosS function attachedo
its output. A value-basedoS function mapsthe tuple val-
uesobsened at an outputto utility valuesthat expressthe
importanceof a givenresulttuple.In this example,thefunc-
tions are de ned on the x-coodinate attribute of the output
tuple which indicateswherean objectis positionedhorizon-
tally. Thefunctionstake valuesin therang€0, 500], of which
350 correspondso the position of the vertical demarcation
line. Initially all friendly unitsareon|[0, 350] sideof thisline
whereasenemyunits are on the [350, 500] side. The QoS
functionsare speci ed by an applicationadministratorand
re ect the basicfactthattuplesfor enemyobjectsthat have
crossedhedemarcatioine aremoreimportantthanothers.

We ran this query network with tuplesgeneratedy the
Aurora workload generatomasedon a battle scenariothat
we got from the defensecontractor We fed the input tuples
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Fig. 5 Comparisornof VariousLoad SheddingApproacheq%oex-
cesdoadvs. % valueutility loss)

at differentratesto createspeci c levels of overloadin the
network; thenwe let theload sheddingalgorithmremove the
excesdoadby insertingdropsto thenetwork. Figure5 shawvs
the result. We comparethe performanceof three different
load sheddingalgorithmsin termsof their value utility loss
(i.e.,theaveragedegradationn the QoSprovidedby the sys-
tem)acrossll outputsatincreasingevelsof load.

We make thefollowing importantobsenations:First, our
semantidoad sheddingalgorithm,which dropstuplesbased
on attribute values,achievesthe leastvalue utility lossatall
loadlevels.Secondpur randomload sheddingalgorithmin-
sertsdropsof the sameamountsat the samenetwork loca-
tions asthe semantidoad shedderSincetuplesaredropped
randomly however, lossin value utility is highercompared
to the semanticload shedderAs excessload increaseshe
performancef thetwo algorithmsbecomesimilar. Therea-
sonis thatathigh loadlevels,our semantidoad sheddealso
dropstuplesfrom the high utility value ranges.Lastly, we
compareboth of our algorithmsagainsta simple admission
controlalgorithmwhich shedsrandomtuplesat the network
inputs. Both our algorithmsachieve lower utility loss com-
paredto this algorithm.Our load sheddingalgorithmsmay
sometimeglecideto insertdropson inner arcsof the query
network. On networkswith box sharingamongqueries(e.g.,
the unionbox is sharedamongall four queriesin Figure4),
inner arcsmay be preferableto avoid utility loss at multi-
ple queryoutputs.On the otherhand,at very high load lev-
els, sincedropsat innerarcsbecomensufcient to sase the
neededCPUcycles,our algorithmsalsoinsertdropscloseto
thenetwork inputs.Hence all algorithmstendto corvergeto
thesameutility losslevelsatvery highloads.

3.4 ErvironmentaMonitoring

We have alsoworkedwith amilitary medicalresearctabora-
tory on an applicationthatinvolvesmonitoringtoxinsin the

water This applicationis fed streamf dataindicating sh

behaior (e.g.,breathingrate) and water quality (e.g.,tem-
perature pH, oxygenationandconductvity). Whenthe sh

behae abnormallyanalarmis sounded.

Input datastreamswere suppliedby the army laboratory
asatext le. Thesingledatale interleaved sh obsenations
with waterquality obsenations.The alarmmessagemitted
by Aurora contains elds describingthe sh behaior, and
two differentwater quality reports:the water quality at the
time the alarm occurredandthe water quality from the last
time the sh behaed normally. The water quality reports
containnot only the simple measurementdut also the 1-
[2-14-hoursliding window deltasfor thosevalues.

The applications Aurora processingnetwork is showvn
in Figure 6 (snapshotaken from the Aurora GUI): Thein-
put port (1) shovs wheretuplesenterAurora from the out-
sidedatasourceln this casejt is the applications C++ pro-
gramthatreadsin thesensoiog le. A Unionbox(2) senes
merelyto split the streaminto two identicalstreamsA Map
box (3) eliminatesall tuple elds exceptthoserelatedto wa-
ter quality. Eachsuperbox4) calculateshe sliding window
statisticsfor oneof the waterquality attributes.The parallel
paths(5) form abinaryjoin network thatbringstheresultsof
(4)'s sub-netwrksbackinto a singlestream.Thetop branch
in (6) hasall thetupleswherethe sh actoddly, andthe bot-
tom branchhasthe tupleswherethe sh act normally For
eachof the tuplessentinto (1) describingabnormal sh be-
havior, (6) emitsan alarm messageuple. This outputtuple
hasthe sliding window water quality statisticsfor both the
momentthe sh actedoddly, andfor themostrecentprevious
momentthatthe sh actednormally. Finally the outputport
(7) shavs whereresulttuplesaremadeavailableto the C++-
basedmonitoringapplication.Overall, the entireapplication
endedup consistingof 3400lines of C++ code(primarily for

le-parsing anda simplemonitoringGUI) anda 53-operator
Auroraquerynetwork.

During the developmentof the application,we obsened
that Aurora's streammodel proved very corvenientfor de-
scribingtherequiredsliding-window calculationsFor exam-
ple, asingleinstanceof the aggreyateoperatorcomputedhe
4-hoursliding-window deltasof watertemperature.

Aurora’'s GUI for designingquery networks also proved
invaluable As thequerynetwork grew largein thenumberof
operatorsused,therewas greatpotentialfor overwhelming
comple«ity. The ability to manuallyplacethe operatorsand
arcson a workspacehowever, permitteda visual represen-
tation of “subroutine”boundarieghatlet uscomprehendhe
entirequerynetwork aswere ned it.

We found that small changesin the operatorlanguage
designwould have greatly reducedour processingnetwork
compleity. For example,Aggregateboxesapply somewin-
dow function (suchasDELTA(water-pH) ), to the tuples
in asliding window. Had an Aggregatebox beencapableof
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Fig. 6 AuroraQueryNetwork for the EnvironmentalContaminatiorDetectionApplications(GUI snapshot)

evaluatingmultiple functionsat the sametime on a single
window (suchasDELTA(water-pH) andDELTA(water-
temp) ), wecouldhave usedsigni cantly fewerboxes.Many
of thesechangesave sincebeenmadeto Aurora's operator
language.

The easewith which the processingo w could be exper
imentallyrecon guredduringdevelopmentwhile remaining
comprehensibleyassurprising.It appearshatthis wasonly
possibleby having bothawell-suitedoperatoriset,anda GUI
tool thatlet us visualizethe processinglt seemdikely that
this applicationwas developedat leastas quickly in Aurora
asit wouldhave beenwith standargroceduraprogramming.

We notethat, for this particularapplication real-timere-
sponseavasnotrequired ThemainvalueAuroraaddedn this
casewastheeaseof developingstream-orientedpplications.

3.5 Medusa:Distributed StreamProcessing

Medusais a distributedstream-processingystembuilt using
Aurora as the single-sitequery processingengine.Medusa

takesAuroragueriesanddistributesthemacrossnultiplenodes.

Thesenodescanall be underthe control of oneentity or can
beorganizedasalooselycoupledfederatiorunderthecontrol
of differentautonomougparticipants.

A distributed stream-processingystemsuchas Medusa
offersseveralbene ts:

1. It allows streamprocessingto be incrementallyscaled
over multiple nodes.

2. It enableshigh-availability becaus¢he processinghodes
can monitor andtake over for eachotherwhen failures
occut

3. It allows the compositionof streamfeedsfrom different
participantsto produceend-to-endservices,andto take
adwantageof thedistributioninherentn mary streampro-
cessingapplications(e.qg., climate monitoring, nancial
analysisgtc.).

4. It allows participantsto copewith load spikes without
individually having to maintainandadministerthe com-
puting, network, andstorageresourcesequiredfor peak
operation.When organizedas a loosely coupledfeder
atedsystemJoad movementdetweerparticipantdased
onpre-de nedcontractansigni cantly improve perfor
mance.

Figure7 shows the software structureof a Medusanode.
Therearetwo componentsn additionto the Aurora query
processarThe Lookupcomponents aclient of aninter-node
distributedcatalogthatholdsinformationonstreamsschemas,
andqueriesrunningin the system.The Brain handlesquery
setupoperationsand monitorslocal load using information
aboutthe queues(I0OQueue} feeding Aurora and statistics
on box load. The Brain usesthis information asinput to a
bounded-pricaistributedload managemenmechanisnhat
convergesef ciently to goodloadallocationg5].

Thedevelopmenbf Medusgromptedwo importantchan-
gesto theAuroraprocessingngine First,it becamepparent
thatit would be usefulto offer Aurora not only asa stand-
alonesystem but alsoasa library that could easily be inte-
gratedwithin alargersystem Secondywe felt theneedfor an
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Fig. 7 MedusaSoftwareArchitecture

Aurora API, summarizedn Table 1. This APl is composed
of threetypesof methodsi(1) methodsto setup queriesand
pushor pull tuplesfrom Aurora,(2) methodgo modify query
networks at runtime (operatoradditionsand removals) and
(3) methodgyiving accesgo performancénformation.

Load movement.To moveoperatorsvith arelatively low
effort and overheadcomparedo full- blown processmigra-
tion, Medusaparticipantsuseremotede nitions. A remote
de nition mapsanoperatorde ned ata nodeontoanopera-
tor de ned atanotherAt runtime,whenapathof operatorsn
the boxes-and-arrvs diagramneedso be movedto another
node,all thatis requiredis for the correspondingperatorso
be instantiatedemotelyandfor the incomingstreamgo be
divertedto the appropriatelynamednputson thenew node.

For someoperatorsjnternal operatorstatemay needto
bemovedwhenataskmovesbetweermachinesyunlesssome
“amnesia”is acceptabldo the application.Our currentpro-
totyperestartoperatorprocessingftera move from afresh
stateand the mostrecentposition of the input streams.To
supportthe movementof operatorstate,we are addingtwo
new functionsto the Aurora APl andaremodifying the Au-
rora engine.The rst methodfreezesa query network and
removesan operatowith its stateby performingthe follow-
ing sequencef actionsatomically: stop all processingre-
move a box from a querynetwork, extractthe operatorsin-
ternalstate subscribeanoutsideclientto whatusedto bethe
operators input streamsand re- start processingThe sec-
ondmethodperformsthecorverseactionsatomically It stops
processingaddsa box to a query network, initializes the
box's state andre-startprocessingTo minimizetheamount
of statemoved, we are exploring freezingoperatorsaround
the windows of tupleson which they operate ratherthanat
randominstantsWhenMedusamovesanoperatoor agroup
of operatorsit handleshe forwardingof tuplesto their new
locations.

Medusaemploys an agoric systemmodel to createin-
centvesfor autonomougarticipantsto handleeachother's
load. Clientsoutsidethe systempay Medusaparticipantsfor

Table1 Overview of a Subsebf the AuroraAPI

start and shutdown : Respectiely starts processingand
shutsdown acompletequery-network.

modifyNetwork : At runtime, adds or removes schemas,
streamsandoperatorboxesfrom a querynetwork processedby
asingleAuroraengine.

typecheck : Validates(part of) a query network. Computes
propertiesof intermediateandoutputstreams.

enqueue and dequeue : Push and pull tuples on named
streams.

listEntities and describe(Entity)
mationon entitiesin the currentquerynetwork.

. Provide infor-

getPerfStats  : Providesperformancendloadinformation.

processingheir queriesand Medusaparticipantspay each
otherto handldoad.Paymentsandloadmovementsarebased
onpairwisecontractsnegotiatedof ine betweerparticipants.
Thesecontractssettightly boundedoricesfor migratingeach
unit of load andspecifythe setof tasksthateachparticipant
is willing to executeon behalfof its partner Contractscan
alsobe customizedwith availability, performanceandother
clauses.Our mechanismgalled the bounded-pricemeda-
nism thus allows participantsto managetheir excessload
throughprivateandcustomizederviceagreementshemech-
anismalso achieves a low runtime overheadby bounding
pricesthroughof ine negotiations.

Figure8 shavsthesimulationresultsof a995-nodeMedu-
sasystenrunningthebounded-pricéoadmanagemennech-
anism.Figure 8(a) shavs that corvergencefrom an unbal-
ancedload assignmento an almostoptimal distribution is
fastwith our approachFigure8(b) shavsthe excesdoadre-
mainingatvariousnodedor increasinghumbersf contracts.
A minimum of just seven contractsper nodein a network
of 995 nodesensureghat all nodesoperatewithin capac-
ity when capacityexists in the system.The key adwantages
of our approachover previous distributedload management
schemesare (1) lower runtime overhead,(2) possibility of
servicecustomizatiorandprice discrimination,and(3) rela-
tively invariantpricesthata participantpaysanotheffor pro-
cessinga unit of load.

High availability. We are also currently exploring the
runtime overheadand recovery time tradeofs betweendif-
ferentapproacheso achiese high-availability (HA) in dis-
tributedstreamprocessingin the context of MedusaandAu-
rora* [4]. Theseapproachesangefrom classicalTandem
style process-pair$6] to using upstreamnodesin the pro-
cessingo w asbackupfor their downstreamrmeighborsDif-
ferentapproacheslso provide differentrecosery semantics
whereeither: (1) sometuplesare lost, (2) sometuplesare
re-processedyr (3) operationdake-over preciselywherethe
failure happenedWe discussthesealgorithmsin more de-
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tail in [13]. An importantHA goalfor the futureis handling
network partitionsin additionto individual nodefailures.

4 Lessond earned
4.1 Supportfor Historical Data

Fromour work on a variety of streamingapplicationsijt be-
cameapparenthateachrequiredmaintainingandaccessing
a collectionof historicaldata.For example,the Linear Road
benchmarkwhich representarealisticapplicationrequired
maintainingtenweeksof toll historyfor eachdriver, aswell
asthe currentpositionsof every vehicleandthe locationsof
accidentstying up traf c. Historical datamight be usedto
supporthistorical queries(e.g., tell me how muchdriver X
hasspenton tolls on expressvay Y over the past10 weeks),
or sene asinputsto hybrid queriesinvolving both streaming
andhistoricaldata(e.qg.,reportthe currenttoll for vehicle X
basednits currentposition(streamedlata)andthepresence
of any accidentsn its vicinity (historicaldata)).

In theapplicationsve have lookedat, historicaldatatakes
threedifferentforms. Theseformsdiffer by their updatepat-
terns the meansby which incoming streamdatais usedto
updatethecontentof ahistoricalcollection. Theseformsare
summarizedelow.

1. Open Windows (Connection Points): Linear Roadre-
quiresmaintainingthe last 10 weeksworth of toll data
for eadh driver to supportboth historicalqueriesandin-
tegratedqueries.This form of historical dataresembles
awindow in its FIFO-basedipdatepattern,but mustbe
sharedby multiple queriesandthereforeopenlyaccessi-
ble.
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2. AggregateSummaries(Latches). Linear Roadrequires
maintainingsuchaggreyatedhistorical dataas: the cur-
renttoll balancdor everyvehicle(SUM(Toll) ), thelast
reportedpositionof everyvehicle(MAX(Time) ), andthe
averagespeedn agivensegmentoverthe pastS minutes
(AVG(Speed) ). In all casesthe updatepatternsnvolve
maintainingdataby key value (e.g.,vehicle or segment
id) and using incoming tuplesto updatethe aggreyate
valuethathastheappropriatekey. As with openwindows,
aggregatesummariesnustbe sharedoy multiple queries
andthereforemustbe openlyaccessible.

3. Tables Linear Roadrequiresmaintainingtablesof his-
torical datawhoseupdatepatternsare arbitrary and de-
terminedby the valuesof streamingdata.For example,
atablemustbe maintainedhatholdsevery accidentthat
hasyet to be cleared(suchthat an accidentis detected
when multiple vehiclesreport the sameposition at the
sametime). This tableis usedto determinetolls for sey-
mentsin the vicinity of the accidentandto alertdrivers
approachinghe sceneof the accident.The updatepat-
ternfor this tableresemblesieitheran openwindow nor
anaggregatesummaryRather accidentsnustbedeleted
from thetablewhenanincomingtuplereportsthattheac-
cidenthasbeencleared.This requiresthe declarationof
anarbitraryupdatepattern.

Whereasopenwindows and aggreyate summarieshave
x edupdatepatternstablesrequireupdatepatterngo be ex-
plicitly speci ed.ThereforetheAuroraqueryalgebra(SQuAI)
includesan“Updatebox” thatpermitsanupdatepatternto be
speci edin SQL. This box hastheform,

UPDATE (Assume O, SQL U, Report t)
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suchthatU is an SQL updateissuedwith everyincomingtu-
ple,andincludingvariableshatgetinstantiatedwvith theval-
uescontainedn thattuple.O speci estheassumedardering
of inputtuples,andt speci esatupleto outputwheneeran
updatetakesplace.Further becausell threeformsof histor
ical collectionsrequirerandomaccessSQuAlalsoincludesa
“Readbox” thatinitiatesa queryover storeddata(alsospec-
i ed in SQL)andreturnstheresultasa stream.This box has
theform,

READ (Assume O, SQL Q)

suchthatQ is an SQL queryissuedwith every incomingtu-
ple,andincludingvariableshatgetinstantiatedvith theval-
uescontainedn thattuple.

In short, the streamingapplicationswe have looked at
sharethe needfor maintainingandrandomlyaccessingol-
lectionsof historical data. Thesecollections,usedfor both
historicalandhybrid queries,are of threeformsdiffering by
their updatepatterns.To supporthistorical datain Aurora,
we include an updateoperation(to updatetableswith user
speci ed updatepatterns)anda readoperation(to readary
of theformsof historicaldata).

4.2 Syntronization

As continuougjueries streamapplicationsnherentlyrely on
shareddataandcomputationSharedlatamightbe contained
in atablethatonequeryupdatesandanotherqueryreadsFor
example,the Linear Road applicationrequiresthat vehicle
positiondatabe usedto updatestatisticson highway usage
whichin turn arereadto determingolls for eachsegmenton
thehighway. Alternatively, box outputcanbe sharedy mul-
tiple queriesto exploit commonsub-epressionsor evenby a
singlequeryasa way of meging intermediatecomputations
afterparallelization.

Transactionsrerequiredin traditionaldatabasebecause
datasharingcanleadto datainconsistenciesdn equialent
synchronizationrmechanisnis requiredin streamingsettings,
asdatasharingin this settingcanalsoleadto inconsistencies.
For example,if atoll chagecanexpire,thenatoll assessment
to agivenvehicleshouldbedelayeduntil anew toll chageis
determinedThe needfor synchronizatiorwith datasharing
is achievedin SQuUAIvia the “WaitFor box” whosesyntaxis
shown below:

WaitFor (P: Predicate, T: Timeout)

This binary operatotbufferseachtuplet ononeinput stream
until a tuple arrives on the secondinput streamthat with t
satis es P (or until the timeout expires,in which caset is
discarded)If a Readoperationmustfollow a given Update
operationthena WaitFor canbuffer the Readreques{tuple)
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until a tuple outputby the Updatebox (andinput to the sec-
ond input of WaitFor) indicatesthat the Readoperationcan
proceed.

In short,the inherentsharingpossiblein streamingervi-
ronmentsmakesit sometimesecessaryo synchronizeop-
erationsto ensuredataconsisteng. We currentlyimplement
synchronizatiorin SQuAIlwith a dedicatedperator

4.3 Resiliencdo UnpredictableStreamBehavior

Streamsareby their natureunpredictableMonitoring appli-
cationsrequirethe systemto continueoperationeven when
the unpredictablehappensSometimesthe only way to do
this is to produceapproximateanswersObviously, in these
casesthe systemshouldtry to minimize errors.

We have seenexamplesof streamghatdo notbehae as
expectedThe nancial servicesapplicationthatwe described
earlierrequiresthe ability to detecta problemin the arrival
rate of a stream.The military applicationmust fundamen-
tally adjustits processingo t theavailableresourcesluring
timesof stressln both of thesecasesAurora primitivesfor
unpredictablestreambehaior were broughtto bearon the
problem.

Aurora makes no assumptionghat a datastreamarrive
in ary particularorderor with ary temporalregularity. Tu-
plescanbelate or out of orderdueto the natureof the data
sourcesthenetwork thatcarriesthe streamsor dueto thebe-
havior of the operatorghemseles. Accordingly, our opera-
tor setincludesuserspeci ed parametershatallow handling
such“damaged”streamggracefully

For mary of the operatorsaninput streamcanbe speci-
ed to obey anexpectedorder If out-of-orderdatais known
to the network designemot to be of relevance,the operator
will simply drop suchdatatuplesimmediately Nonetheless,
Aurora understandshat this may at times be too drastica
constraintandprovidesanoptionalslackparameteto allow
for sometolerancein the numberof datatuplesthatmayar
rive out of order A tuplethatarrivesout-of-orderwithin the
slackboundswill beprocessedasif it hadarrivedin ordet

With respecto possibleirregularity in the arrival rate of
datastreamsthe Aurora operatorset offers all windowed-
operatoranoptionaltimeoutparameterThetimeoutparam-
etertellsthe operatothow long to wait for the next datatuple
to arrive. This hastwo bene ts: it preventsblocking (i.e. no
output)whenonestreamis stalled,andit offersanothemway
for thenetwork designeto characterizéhevalueof datathat
arriveslaterthanit should,asin the nancial servicesappli-
cationin which thetimeoutparametewasusedto determine
whena particulardatapaclet arrivedlate.
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4.4 XML and Other FeedFormatsAdaptorRequied

Auroraprovidesa network protocolthat may be usedto en-
queueanddequeuduplesvia Unix or TCPsoclets.The pro-
tocol is intentionally very low-level: to eliminatecopiesand
improve throughput,the tuple format is closelytied to the
format of Aurora's internal queueformat. For instance the
protocol requiresthat eachpaclet containa x ed amount
of paddingresened for bookkeeping,and that integer and
oating-point elds in thepacletmatchthearchitecturesna-
tive format.

While we anticipatehatperformance-criticapplications
will useourlow-level protocol wealsorecognizehatthefor-
matsof Aurora'sinputstreamsnaybeoutsidetheimmediate
controlof the Aurorauseror administratorg.g.,stockquote
dataarriving in XML formatfrom a third-partyinformation
source Also, evenif thestreamsarebeinggeneratedr con-
sumedby an applicationwithin an organizations control,in
somecasegrotocolstability andportability (e.g.,notrequir
ing the client to be aware of the endian-nes®f the sener
architecturejpreimportantenoughto justify a minor perfor
manceoss.

Oneapproacho addresgheseconcernds to simply re-
quire the userto build a proxy applicationthat acceptstu-
plesin the appropriatdormat, corvertsthemto Aurora'sin-
ternalformat, and pipestheminto the Aurora processThis
approachwhile simple, con icts with one of Aurora's key
designgoals-tominimize the numberof boundarycrossings
in the system-sincehe proxy applicationwould be external
to Auroraandhencdivein its own addresspace.

We resole this problemby allowing the userto provide
plug-inscalled corverter boxes Corverterboxesare shared
librariesthataredynamicallylinkedinto the Auroraprocess
spacehencetheir useincursno boundarycrossingsA user
de ned input corverter box providesa hook that is invoked
whendataarrive over the network. Theimplementatiommay
examinethedataandinjecttuplesinto theappropriatestreams
in the Aurora network. This may be as simple as consum-
ing x ed-lengthpacletsandenforcingthe correctbyte-order
on elds, or ascomple astransformingfully-formed XML
documentsnto tuples.An outputcorverterboxperformsthe
inversefunction: it acceptsuplesfrom streamsn Aurora's
internal format and corvertstheminto a byte streamto be
consumedy anexternalapplication.

Input and output corverter boxes are powerful connec-
tivity mechanismsthey provide a high level of e xibility in
dealingwith externalfeedsandsinkswithoutincurringaper
formancehit. Thiscombinatiorof e xibility andhigh perfor
manceis essentialn a streamingdatabasé¢hat mustassimi-
late datafrom awide variety of sources.
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4.5 Programmaticlnterfacesand Globally-Accessible
Catalogsare a Goodldea

Initially, Aurora networks were createdusing the GUI and
all Aurora metadatdi.e., catalogs)were storedin an inter
nal representationOur experiencewith the Medusasystem
quickly madeusrealizethat,in orderfor Aurorato beeasily
integratedwithin a larger system,a highetrlevel, program-
maticinterfaceis neededo scriptAuroranetworksandmeta-
dataneedto beglobally accessiblandupdatable.

Althoughweinitially assumedhatonly Auroraitself (i.e.,
theruntimeandthe GUI) would needdirectaccesso thecat-
alogrepresentationye encounteredereral situationswhere
thisassumptiomid nothold. For instancejn orderto manage
distribution operationacrosamultiple Auroranodes Medusa
requiredknowledge of the contentsof nodes'catalogsand
the ability to selectvely move partsof catalogsfrom node
to node.Medusaneededo be ableto createcatalogobjects
(schemastreamsandboxes)withoutdirectaccesso the Au-
roracatalogdatabaseyhichwould have violatedabstraction.
In otherwords,relying onthe AuroraruntimeandGUI asthe
sole softwarecomponentableto examineand modify cata-
log structuredurnedout to be anunworkablesolutionwhen
we tried to build sophisticatedapplicationson the Aurora
platform. We concludedthat we neededa simple,transpar
ent,catalogrepresentatiothatis easilyreadablendwritable
by externalapplicationsThis would make it mucheasierto
write higherlevel systemghatuseAurora(suchasMedusa)
andalternatve authoringtoolsfor catalogs.

To thisend,Auroracurrentlyincorporategppropriaten-
terfacesandmechanismgseeSection3.5)to make it easyto
develop external applicationsto inspectand modify Aurora
querynetworks. A universallyreadableandwritable catalog
representations crucial in an ervironmentwhere multiple
applicationamay operateon Auroracatalogs.

4.6 PerformanceCritical

Duringthedevelopmenbf Aurora,our primarytool for keep-
ing performancén mindwasaserieof “micro-benchmarks”.
Each of thesebenchmarkaneasuredhe performanceof a
smallpartof our systemsuchasa singleoperatoyor theraw
performancef the messagéus. Thesebenchmarksllowed
us to measurethe merits of changeso our implementation
quickly andeasily

Fundamentalo an SPEis a high performancémessage
bus”. This is the systemthat movestuplesfrom one opera-
tor to the next, storingthemtemporarily aswell asin to and
out of the querynetwork. Sinceevery tupleis passedn the
bus a numberof times, this is de nitely a performancebot-
tleneck.Evensuchtrivial optimizationsaschoosingheright
memcpy() implementationgave substantiaimprovements
to thewhole system.
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Table2 Micro-benchmarkesults
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Query(q) # Dequers(d)| Batchsize(b) | AveragelLateny

A NULL 0 1 1211ns
B NULL 0 10 176ns
C NULL 0 100 70ns

D NULL 0 1000 60ns

E NULL 1 10 321ns
F NULL 1 100 204ns
G NULL 1 1000 191ns
H NULL 5 1000 764ns
| NULL 10 1000 1748ns
J FILTER 1 1000 484ns
K UNION 1 1000 322ns
L | UNION-CHAIN 1 1000 858ns

Secondo the messagéus, the scheduleiis the coreel-
ementof an SPE.The scheduletis responsiblefor allocat-
ing processotime to operatorslt is temptingto decoratehe
schedulemith all sortsof high level optimization,suchas
intelligentallocationof processotime or real-timepro ling
of queryplans.But it is importantto remembethat sched-
uler overheadcanbe substantialn networkswherethereare
mary operatorsandthattheschedulemakesno contribution
to the actualprocessingAll additionof schedulefunction-
ality mustbe greetedwith skepticism,andshouldbe aggres-
sively pro led.

Oncethe core of the enginehasbeenaggressiely op-
timized, the remaininghot spotsfor performanceareto be
foundin the implementatiorof the operatorsin our imple-
mentationgachoperatorhasa “tight loop”, which processes
batchesof input tuples. This loop is a prime target for op-
timization. We make surenothingotherthannecessaryro-
cessingccursn theloop. In particular houseleepingof data
structuresuchasmemoryallocationsanddeallocatiomeeds
to be doneoutsideof this loop, sothatits costcanbe amor
tizedacrosamary tuples.

Datastructuresareanotheropportunityfor operatoropti-
mization.Many of our operatorsare stateful;they retainin-
formationor evencopiesof previousinput. Becauseheseop-
eratorsareaslkedto processandstorelargenumbersf tuples,
efciency of thesedatastructuress important.ldeally, pro-
cessingof eachinputtupleis accomplishedn constantime.
In our experience processinghatis linearin the amountof
statestoredis unacceptable.

In additionto the operatoreghemseles,ary partsof the
systemthat are usedby thoseoperatorsin the tight loops
mustbe carefully examined.For example,we have a small
languagausedto specifyexpressiongor Map operatorsBe-
causeheseexpressiong@reevaluatedn suchtight loops,op-
timizing themwas important. The addition of an expensve
compilationstepmay evenbeappropriate.

To assessgherelative performanceof variouspartsof the
Aurorasystemwe developedasimpleseriesof micro-bench-
marks.Eachmicro-benchmarkollowsthefollowing pattern:

1. Initialize Aurorausinga querynetwork g.

2. Created dequeuerseceving datafrom the outputof the
querynetwork. (If dis 0, thentherearenodequeuers,e.,
tuplesarediscardedassoonasthey areoutput.)

3. Begin atimer.

4. Enqueuen tuplesinto the network, in batchesf b tuples
atatime. Eachtupleis 64 byteslong.

5. Wait until the network is drained,i.e., every box is done
processingvery input tuple,andevery dequeuehasre-
ceived every output tuple. Stop the timer. Let t be the
amountof time requiredto processachinputtuple,i.e.,
thetotal amountof time passedlividedby n.

For the purpose®f thisbenchmarkwe x edn at2,000,-
000tuples.We usedseveraldifferentcatalogsNotethatthese
networks arefunctionally identical: every input tupleis out-
put to the dequeuersandthe only differenceis the type and
amountof processingloneto eachthetuple. This is neces-
saryto isolatethe impactof eachstageof tuple processing;
if somenetworks returneda differentnumberof tuples,ary
performanceifferential might be attributed simply to there
beinglessor morework to dobecausef thedifferentnumber
of tuplesto enqueuer dequeue.

— NULL: A catalogwith no boxes,i.e., input valuesare
passedlirectlyto dequeuers.

— FILTER: A catalogwith a Iter box whoseconditionis
truefor eachtuple.

— UNION: A unionboxthatcombinegheinputstreamwith
anemptystream.

— UNION-CHAIN: A chainof ve union boxes, eachof
which combinegheinput streamwith anemptystream.

Table 2 shaws the performanceof the benchmarkwith
varioussettingsof g, d, andb.
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We obsenethattheoverheado enqueuatuplein Aurora
is highly dependentnthebatchsize,butfor largebatchsizes
settlesto 60 ns.Dequeuersdda somavhathigheroverhead
(betweenl130 ns (G-D) and 200 ns (I-H)/5] each)because
currentlyonecopy of eachtupleis madeperdequeuerCom-
paringcasess andK, or casess andL, we seethatadding
a box on a tuple pathincurs a delay of approximately130
ns per tuple; evaluatinga simple comparisorpredicateon a
tupleaddsabout160ns (J-K).

Thesemicro-benchmarksneasurghe overheadnvolved
in passinguplesinto andout of Auroraboxesandnetworks;
they do not measurghetime spentin boxesperformingnon-
trivial operationsuchasjoining andaggreation.Messaging
passingoverhead however, can be signi cant time sink in
streamingdatabasegsit wasin earlierversionsof Aurora).
Micro benchmarkingvasvery usefulin eliminating perfor
mancebottlenecksin Aurora's message-passingfrastruc-
ture. This infrastructureis now fast enoughin Aurora that
non-trivial box operationsaretheonly noticeablebottleneck;
i.e.,CPUtimeis overwhelminglydevotedto usefulwork and
notsimply shufing aroundtuples.

5 Futur e Plans: Borealis

TheAurorateamhassecured/enturecapitalbackingto com-
mercializethe currentcodeline. Someof the groupis mor-
phinginto pursuingthis venture Becausef this event,there
is no reasorfor the Aurorateamto improve the currentsys-
tem. This sectionpresentghe initial ideasthat we plan to
explore in a follow-on system,called Borealis,which is a
distributed streamprocessingystem.Borealisinherits core
streamprocessindgunctionalityfrom Auroraanddistribution
functionality from Medusa.Borealis modi es and extends
both systemsn non-trivial and critical waysto provide ad-
vancedcapabilitiesthat are commonly required by newly-
emeging streamprocessin@pplications.

The Borealisdesignis drivenby our experiencen using
Aurora and Medusa,in developing several streamingappli-
cationsincluding the Linear Road Benchmark,and several
commercialopportunities Borealiswill addresghe follow-
ing requirement®f nevly-emeging streamingapplications.

5.1 DynamicRevisionof QueryResults

In mary real-world streamscorrectionsor updatego previ-
ouslyprocessediataareavailableonly afterthefact. For in-
stancemary populardatastreamssuchasthe Reutersstock
marketfeed,oftenincludemessagethatallow thefeedorig-
inator to correcterrorsin previously reporteddata.Further
more,streamsourcegsuchassensors)aswell astheir con-
nectvity, canbe highly volatile and unpredictableAs are-
sult, datamay arrive late and missits processingvindow, or
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may be ignoredtemporarilydueto an overloadsituation.In
all thesecasesapplicationsareforcedto live with imperfect
results,unlessthe systemhasmeansto correctits process-
ing andresultsto take into accountnewly available dataor
updates.

The Borealisdatamodelwill extendthat of Aurora by
supportingsuchcorrectionsby way of revision records.The
goalis to procesgevisionsintelligently, correctingqueryre-
sultsthat have alreadybeenemittedin a mannerthatis con-
sistentwith the correcteddata.Processingf a revision mes-
sagemustreplaya portionof the pastwith anew or modi ed
value.Thus,to procesgevision messagesorrectly we must
make a querydiagram‘replayable”.In theory we could pro-
cesseachrevision messagdy replayingprocessindrom the
point of therevision to the presentin mostcaseshowever,
revisionson the input affect only a limited subsetof output
tuples,andto regenerateunafectedoutputis wastefuland
unnecessarylo minimize run-time overheadand message
proliferation,we assumea closedmodelfor replaythatgen-
erategevisionmessagewhenprocessingevision messages.
In otherwords, our model processeandgeneratesdeltas”
shaving only the effects of revisionsratherthan regenerat-
ing theentireresult. Theprimarychallengehereis to develop
efcient revision processingechniqueghat canwork with
boundechistory.

5.2 DynamicQueryModi cation

In mary streanprocessingpplicationsit is desirabldo chan-
ge certainattributesof the query at run time. For example,
in the nancial serviceddomain,traderstypically wish to be
alertedof interestingevents wherethede nition of “interest-
ing” (i.e., thecorrespondinglter predicate)ariesbhasedon
currentcontext and results.In network monitoring, the sys-
temmaywantto obtainmorepreciseresultsonaspeci ¢ sub-
network, if thereare signsof a potential Denial-of-Service
attack.Finally, in a military streamapplicationthat MITRE
[19] explainedto us,they wishto switchto a“cheaper’query
whenthe systemis overloadedFor the rst two applications,
it is sufcient to simply alter the operatorparameterge.g.,
window size, Iter predicate) whereaghe last onecalls for
altering the operatorsthat composethe running query An-
othermotivating applicationcomesagainfrom the nancial
servicescommunity Universally peopleworking on trading
engineswish to testout new tradingstratgiesaswell asde-
bug their applicationson historicaldatabeforethey go live.
As such they wishto perform*“time travel” oninputstreams.
Although this last example can be supportedin most cur
rent SPE prototypes(i.e., by attachingthe engineto previ-
ouslystoreddata),amoreuser friendly andef cient solution
would obviously be desirable.

Two importantfeatureghatwill facilitateon-linemodi -
cationof continuousgueriesin Borealisarecontml linesand
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timetravel ControllinesextendAurora's basicquerymodel
with the ability to changeoperatomparameteraswell asop-
eratorsthemseleson the y . Control lines carry messages
with revisedbox parameterandnew box functions.For ex-
ample,a control messageo a Filter box can containa ref-
erenceto a boolean-aluedfunction to replaceits predicate.
Similarly, a control messagéo an Aggregatebox may con-
tainarevisedwindow sizeparameterAdditionally, eachcon-
trol messagenustindicatewhenthechangen boxsemantics
shouldtake effect. Changds triggeredwhena monotonically
increasingattribute recevedon the dataline attainsa certain
value.Hence controlmessagespecifyan< attribute,value>
pairfor this purposeFor windowedoperatordik e Aggregate,
controlmessagemustalsocontaina ag to indicateif open
windows at the time of changemustbe prematurelyclosed
for acleanstart.

Time travel allows multiple queries(differentqueriesor
versionsof the samequery) to be easily de ned and exe-
cutedconcurrently startingfrom differentpointsin the past
or “future” (typically by runninga simulationof somesort).
In orderto supportthesecapabilities,we leveragethreead-
vancednechanismi Borealis:enhancedonnectiorpoints,
connectionpoint versions,and revision messagesTo facil-
itate time travel, we de ne two new operationson connec-
tion points. The replay opemation replaysmessagethat are
storedat a connectiorpoint from anarbitrarymessagén the
past.The offsetopetation is usedto setthe connectiorpoint
offsetin time. Whenoffsetinto the past,a connectionpoint
delayscurrentmessagedefore pushingthem downstream.
Whenoffsetinto the future,the connectiorpoint predictsfu-
ture data.Whenproducingfuture data,variouspredictional-
gorithmscanbe usedbasedn the application. A connection
pointversionis a distinctly namedogical copy of a connec-
tion point. Eachnamedversioncanbe manipulatedndepen-
dently It is possibleto shift a connectiorpoint versionback-
wardandforwardin time without affectingotherversions.

To replayhistoryfrom a previouspointin timet, we use
revisionmessagesVhenaconnectiorpointrecevesareplay
command,t rst generates setof revision messageshat
deleteall themessageandrevisionsthatoccurredsincet. To
avoid the overheadof transmittingone revision per deleted
messagewe usea macromessagé¢hatsummarizesll dele-
tions. Onceall messagesire deleted,the connectionpoint
producesa seriesof revisionsthat insertthe messagesnd
possiblytheir following revisionsbackinto the stream Dur-
ing replay all messagesand revisionsreceved by the con-
nection point are buffered and processednly after the re-
play terminatesthus ensuringthat simultaneouseplayson
ary pathin the querydiagramareprocesseth sequencand
do not con ict. When offsetinto the future, time-offset op-
eratorspredictfuturevalues As new databecomeswvailable,
thesepredictorscan (but do not have to) producemore ac-
curaterevisionsto their pastpredictions Additionally, when
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a predictorreceivesrevision messagegossiblydueto time
travel into the past,it canalsoreviseits previouspredictions.

5.3 DistributedOptimization

Currently commerciabktreanprocessingpplicationsarepop-
ularin industrialprocessontrol(e.g.,monitoringoil re ner-
ies and cerealplants), nancial services(e.g.,feedprocess-
ing, trading engine supportand compliance),and network
monitoring (e.g., intrusion detection fraud detection).Here
we seea serverheavyoptimizationproblem- the key chal-
lengeis to processigh-volumedatastreamsn a collection
of resource-ricttbeefy” seners.Over the horizon,we seea
very largenumberof applicationf wirelesssensotechnol-
ogy (e.g.,RFID in retail applications,cell phoneservices).
Here,we seea sensotheavyoptimizationproblem- the key
challengesevolve aroundextracting and processingsensor
datafrom a network of resource-constraingtiny” devices.
Furtherover the horizon,we expectsensometworks to be-
comefasterandincreasein processingpower. In this case
theoptimizationproblembecomesnorebalancedbecoming
sensotheavy/serveheavy To datesystemsave exclusively
focusedon either a sener-heary ervironment,or a sensor
heary ervironment.Off into the future, therewill be a need
for a more e xible optimizationstructurethat candealwith
a very large numberof devicesand perform cross-netwrk
sensotheavy/senerheary resourcananagemerandoptimi-
zation.

The purposeof the Borealisoptimizeris threefold.First,
it is intendedto optimize processingacrossa combinedsen-
sor and sener network. To the bestof our knowledge,no
previous work has studiedsuch a cross-netwrk optimiza-
tion problem.Second, QoS is a metric that is importantin
stream-basedpplications.and optimizationmustdeal with
this issue.Third, scalability size-wiseand geographicaljs
becominga signi cant designconsideratiorwith the prolif-
erationof stream-basedpplicationghatdealwith largevol-
umesof datageneratedy multiple distributed sensornet-
works. As a result, Borealisfacesa unique, multi-resource,
multi-metric optimizationchallengethat is signi cantly dif-
ferentthanthoseexploredin the past.Our currentthinking is
thatBorealiswill rely onahierarchicaldistributedoptimizer
thatrunsat differenttime-granularities.

Another part of the Borealisvision involves addressing
recovery and high availability issues.High availability de-
mandsthat nodefailure is masled by seamlessandof of
processingo an alternatenode. This is complicatedby the
factthatthe optimizerwill dynamicallyredistrikute process-
ing, makingit moredif cult to keepbackupnodessynchro-
nized. Furthermorewide-areaBorealisapplicationsare not
only vulnerableto nodefailuresbut alsoto network failures
andmoreimportantlyto network partitions.We have prelimi-
naryresearctin this areathatleverage€Borealismechanisms
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includingconnectiorpointversionsrevisiontuples,andtime
travel.

5.4 ImplementatiorPlans

We have startedbuilding Borealis.As Borealisinheritsmuch
of its core streamprocessindunctionality from Aurora, we

caneffectively borrov mary of the Auroramodules jnclud-

ing the GUI, the XML representatiorior query diagrams,
portionsof the run-time system,and much of the logic for

boxes.Similarly, we areborroving somenetworking anddis-

tributionlogic from MedusaWith this startingpoint,we hope
to have aworking prototypewithin ayeat
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