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Abstract Thisexperiencepapersummarizesthekey lessons
we learnedthroughoutthedesignandimplementationof the
Aurorastreamprocessingengine.For thepasttwo years,we
have built � ve stream-basedapplicationsusingAurora. We
�rst describein detailtheseapplicationsandtheir implemen-
tation in Aurora. We then re�ect on the designof Aurora
basedon thisexperience.Finally, wediscussour initial ideas
onafollow-onproject,calledBorealis,whosegoalis to elim-
inatethelimitationsof Aurora,aswell asto addressnew key
challengesandapplicationsin thestreamprocessingdomain.
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1 Intr oduction and History

Over thelastseveralyears,a greatdealof progresshasbeen
madein the areaof streamprocessingengines(SPEs)[7,9,
15]. Threebasic tenetsdistinguishSPEsfrom currentdata
processingengines.First, they must supportprimitives for
streamingapplications.Unlike OLTP, which processesmes-
sagesin isolation,streamingapplicationsentail time series
operationson streamsof messages.Although a time series
“blade” wasaddedto the Illustra Object-RelationalDBMS,
generallyspeaking,time seriesoperationsarenot well sup-
portedby currentDBMSs. Second,streamingapplications
entail a real-timecomponent.If oneis contentto seeanan-
swer later, thenonecanstoreincomingmessagesin a data
warehouseand run a historical query on the warehouseto
�nd informationof interest.This tacticdoesnot work if the

answermustbeconstructedin real time. Realtime alsodic-
tatesa fundamentallydifferentstoragearchitecture.DBMSs
universallystoreandindex datarecordsbeforemakingthem
availablefor queryactivity. Suchoutboundprocessing, where
datais storedbeforebeingprocessedcannotdeliverreal-time
latency, as requiredfrom SPEs.To meetmorestringentla-
tency requirements,SPEsmustadoptanalternatemodel,in-
boundprocessing, wherequeryprocessingis performeddi-
rectly on incoming messagesbefore(or insteadof) storing
them.Lastly, anSPEmusthavecapabilitiesto gracefullydeal
with spikesin messageload.Fundamentallyincomingtraf�c
is bursty, andit is desirableto selectively degradetheperfor-
manceof theapplicationsrunningonanSPE.

TheAurorastreamprocessingengine,motivatedby these
threetenets,is currentlyoperational.It consistsof some100K
lines of C++ and Java and runs on both Unix- and Linux-
basedplatforms.It wasconstructedwith the cooperationof
studentsandfacultyatBrown, Brandeis,andM.I.T. Thefun-
damentaldesignof the enginehas beenwell documented
elsewhere:thearchitectureof theengineis describedin [7],
while the schedulingalgorithmsare presentedin [8]. Load
sheddingalgorithmsarepresentedin [18], andour approach
to high availability in a multi-siteAurora installationis cov-
eredin [10,13]. Lastly, we havebeeninvolvedin acollective
effort to de�ne a benchmarkthatdescribedthesortof mon-
itoring applicationsthat we have in mind. The resultof this
effort is calledLinearRoad,andis describedin [4].

Recently, we have usedAurorato build � ve differentap-
plication systems.Throughoutthe process,we have learned
agreatdealaboutthekey requirementsof streamingapplica-
tions.In this paper, we re�ect on thedesignof Aurorabased
on this experience.

The�rst applicationis anAuroraimplementationof Lin-
earRoad,mentionedabove. In additionto Linear Road,we
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Fig. 1 AuroraGraphicalUserInterface

have implementeda pilot applicationthatdetectslatearrival
of messagesin a �nancial-servicesfeed-processingenviron-
ment.Furthermore,oneof our collaborators,a military med-
ical researchlaboratory[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 monitoring in a hostile
environment.Lastly, we have usedAurora to build Medusa,
a distributedversionof Aurorathatis intendedto beusedby
multiple enterprisesthatoperatein differentadministratedo-
mains.Medusausesaninnovativeagoricmodelto dealwith
crosssystemresourceallocation,and is describedin more
detail in [5].

We startwith a shortreview of theAuroradesignin Sec-
tion 2. Following this, we discussthe � ve casestudiesmen-
tionedabove in detail in Section3, so the readercanunder-
standthe context for the retrospectionthat follows. In Sec-
tion 4, we presentthelessonswe have learnedon thedesign
of SPEs.Theseincludethenecessityof supportingstoredta-
bles,the requirementof synchronizationprimitivesto main
consistency of storeddata in a streamingenvironment,the
needfor supportingprimitives for late arriving or missing
messages,therequirementfor a myriadof adaptorsfor other
feed formats,and the needfor globally-accessiblecatalogs
anda programmingnotationto specifyAurora networks (in
additionto the “boxesandarrows” GUI). Sincestreampro-
cessingapplicationsareusuallytimecritical, wealsodiscuss
the importanceof light-weight schedulingandquantify the
performanceof thecurrentAurora prototypeusinga micro-

benchmarkon basicstreamoperators.Aurora performance
on theLinearRoadbenchmarkis documentedelsewhere[4].

The currentAurora prototypeis beingtransferredto the
commercialdomain,with venturecapitalbacking.As such,
theacademicprojectis hardat work on a completeredesign
of Aurora,which we call Borealis.The intent of Borealisis
to overcomesomeof theshortcomingsof Aurora,aswell as
makeamajorleapforwardin severalareas.Hence,in Section
5,wediscusstheideaswehavefor Borealisin severalnew ar-
easincludingmechanismsfor dynamicmodi�cation of query
speci�cationandqueryresults,andadistributedoptimization
framework thatoperatesacrossserverandsensornetworks.

2 Aurora Ar chitecture

Aurorais basedonadata�ow-style“boxesandarrows” para-
digm.Unlike otherstreamprocessingsystemsthatuseSQL-
style declarative queryinterfaces(e.g.,STREAM [15]), this
approachwaschosenbecauseit allows queryactivity to be
interspersedwith messageprocessing(e.g.,cleaning,corre-
lation,etc.).Systemsthatonly performthequerypiecemust
ping-pongbackandforth to anapplicationfor therestof the
work, therebyaddingto systemoverheadandlatency. An Au-
rora network canbe spreadacrossany numberof machines
to achievehighscalabilityandavailability characteristics.

In Aurora, a developerusesthe GUI to wire togethera
network of boxesandarcsthatwill processstreamsin aman-
ner that producesthe outputsnecessaryto his or her appli-
cation.A screenshotof the GUI usedto createAurora net-
worksis shownin Figure1: theblackboxesindicateinputand
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Fig. 2 AuroraOperators

outputstreamsthat connectAurora with the streamsources
and applications,respectively. The other boxes are Aurora
operatorsand the arcsrepresentdata�o w amongthe oper-
ators.Userscandrag-and-dropoperatorsfrom thepaletteon
theleft andconnectthemby simplydrawing arrowsbetween
them.It shouldbenotedthata developercannamea collec-
tion of boxesandreplaceit with a “superbox”.This “macro-
de�nition” mechanismdrasticallyeasesthe developmentof
big networks.

The Aurora operatorsarepresentedin detail in [3] and
aresummarizedin Figure2. Aurora's operatorchoiceswere
in�uenced by numeroussystems.ThebasicoperatorsFilter,
Map and Union are modeledafter the Select,Project and
Unionoperationsof therelationalalgebra.Join'suseof adis-
tancemetricto relatejoinableelementson opposingstreams
is reminiscentof the relationalbandjoin [12]. Aggregate's
slidingwindow semanticsis ageneralizedversionof theslid-
ing window constructsof SEQ[17] andSQL-99(with gen-
eralizationsincludingallowancefor disorder(SLACK), time-
outs,value-basedwindowsetc.).TheASSUMEORDERclause
(usedin AggregateandJoin),whichde�nesa resultin terms
of anorderwhichmayor maynotbemanifested,is borrowed
from AQuery[14].

Eachinputmustobey aparticularschema(a�x ednumber
of �x edor variablelength�elds of thestandarddatatypes).
Every output is similarly constrained.An Aurora network
acceptsinputs,performsmessage�ltering, computation,ag-
gregation,andcorrelation,andthendeliversoutputmessages
to applications.Moreover, every outputis optionally tagged
with a Quality of Service(QoS)speci�cation.This speci�-
cationindicateshow muchlatency theconnectedapplication
can tolerate,as well as what to do if adequateresponsive-
nesscannotbe assuredunderoverloadsituations.Note that

theAuroranotionof QoSis differentfrom thetraditionalQoS
notionthattypically implieshardperformanceguarantees,re-
sourcereservationsandstrict admissioncontrol.

On variousarcsin anAuroranetwork, thedevelopercan
notethat Aurora shouldrememberhistoricalmessages.The
amountof historyto bekeptby such“connectionpoints”can
be speci�ed by a time rangeor a messagecount.The his-
torical storageis achieved by extendingthe basicmessage-
queuemanagementmechanism.New boxescanbeaddedto
anAuroranetwork at connectionpointsat any time. History
is replayedthroughthe addedboxes,andthenconventional
Auroraprocessingcontinues.Thisprocessingcontinuesuntil
theextraboxesaredeleted.

The Aurora optimizer can rearrangea network by per-
formingboxswappingwhenit thinkstheresultwill befavor-
able.Suchbox swappingcannotoccuracrossa connection
point; henceconnectionpointsarearcsthat restrict the be-
havior of theoptimizeraswell asrememberhistory.

When a developeris satis�ed with an Aurora network,
heor shecancompileit into an intermediateform, which is
storedin anembeddeddatabase.At run time this datastruc-
tureis readinto virtual memoryanddrivesa real-timesched-
uler. Theschedulermakesdecisionsbasedon theform of the
network, the QoS speci�cationspresent,and the length of
thevariousqueues.Whenqueuesover�ow thebuffer pool in
virtual memory, they arespooledto theembeddeddatabase.
More detailedinformationon thesevarioustopicscanbeob-
tainedfrom thereferencedpapers[3,7,8,18].

3 Aurora CaseStudies

In this section,we present� ve casestudiesof applications
built usingtheAuroraengineandtools.
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Fig. 3 AuroraQueryNetwork for theAlarm CorrelationApplication

3.1 FinancialServicesApplication

Financialserviceorganizationspurchasestock ticker feeds
from multiple providersandneedto switch in real time be-
tweenthesefeedsif they experiencetoo many problems.We
worked with a major �nancial servicescompany on devel-
oping an Aurora applicationthat detectsfeedproblemsand
triggerstheswitchin realtime.In thissection,wesummarize
the application(as speci�ed by the �nancial servicescom-
pany) andits implementationin Aurora.

An unexpecteddelayin thereportingof new pricesis an
exampleof a feedproblem.Eachsecurityhasanexpectedre-
porting interval andtheapplicationneedsto reportanalarm
if a reporting interval exceedsits expectedvalue. Further-
more, if more thansomenumberof alarmsare recorded,a
moreseriousalarmis raisedthatcouldindicatethatit is time
to switch feeds.The delaycanbe causedby the underlying
exchange(e.g.,NYSE, NASDAQ) or by the feed provider
(e.g.,Comstock,Reuters).If it is theformer, switchingto an-
otherproviderwill nothelpsotheapplicationmustbeableto
rapidlydistinguishbetweenthesetwo cases.

Ticker information is provided as a real-timedatafeed
from oneor moreprovidersandafeedtypically reportsmore
thanoneexchange.As an example,let us assumethat there
are500securitieswithin a feedthatupdateat leastonceev-
ery 5 secondsandthey arecalled“f astupdates”.Let usalso

assumethatthereare4000securitiesthatupdateat leastonce
every60secondsandthey arecalled“slow updates”.

If a tickerupdateis notseenwithin its updateinterval, the
monitoringsystemshouldraisea low alarm. For example,if
MSFT is expectedto updatewithin 5 seconds,and5 seconds
or moreelapsesincethelastupdate,a low alarmis raised.

Sincethesourceof theproblemcouldbein thefeedor the
exchange,themonitoringapplicationmustcountthenumber
of low alarmsthatarefoundin eachexchangeandthenumber
of low alarmsthatarefound in eachfeed.If thenumberfor
eachof thesecategoriesexceedsa threshold(100 in the fol-
lowing example),a high alarm is raised.Theparticularhigh
alarmwill indicatewhatactionshouldbetaken.Whenahigh
alarmis raised,thelow alarmcountis resetandthecounting
of low alarmsbeginsagain.In this way, thesystemproduces
a highalarmfor every100low alarmsof a particulartype.

Furthermore,thepostingof ahighalarmis aseriouscon-
dition andlow alarmsaresuppressedwhenthe thresholdis
reachedto avoid distractingtheoperatorwith a largenumber
of low alarms.

Figure 3 presentsour solution realizedwith an Aurora
querynetwork. We assumefor simplicity that the securities
within eachfeedarealreadyseparatedinto the 500 fastup-
datingtickersandthe4000slowly updatingtickers.If this is
not thecase,thentheseparationcanbeeasilyachievedwith
a lookup.Thequerynetwork in Figure3 actuallyrepresents
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six differentqueries(onefor eachoutput).Notice thatmuch
of theprocessingis shared.

Thecoreof thisapplicationis in thedetectionof latetick-
ers.Boxes1, 2, 3, and4 areall Aggregateboxesthatperform
thebulk of thiscomputation.An Aggregateboxgroupsinput
tuplesby commonvalueof oneor moreof their attributes,
thuseffectively creatinga sub-streamfor eachpossiblecom-
binationof theseattributevalues.In this case,theaggregates
are groupingthe input on commonvalueof ticker symbol.
For eachgroupingor sub-stream,a window is de�ned that
demarcatesinterestingrunsof consecutive tuplescalledwin-
dows. For eachof the tuplesin oneof thesewindows,some
memoryis allocatedandan aggregatingfunction (e.g.,Av-
erage)is applied.In this example,the window is de�ned to
be every consecutive pair (e.g.,tuples1 and2, tuples2 and
3, etc.)andtheaggregatingfunctiongeneratesoneoutputtu-
ple perwindow with a boolean�ag calledAlarm, which is a
onewhenthesecondtuplein thepair is delayed(call this an
Alarmtuple), anda zerowhenit is on time.

Aurora's operatorshave beendesignedto reactto imper-
fectionssuchas delayedtuples.Thus, the triggering of an
Alarmtupleisaccomplisheddirectlyusingthisbuilt-in mech-
anism.Thewindow de�ned on eachpair of tupleswill time-
outif thesecondtupledoesnotarrivewithin thegiventhresh-
old (5 secondsin this case).In otherwords,theoperatorwill
produceonealarmeachtimeanew tuplefails to arrivewithin
� veseconds,asthecorrespondingwindow will automatically
timeoutandclose.Thehigh-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 areFilters that eliminatethe normal
outputs,therebyletting only the Alarm tuplesthrough.Box
9 is a Union operatorthatmergesall ReutersAlarmsontoa
singlestream.Box 10performsthesameoperationfor Com-
stock.

Therestof thenetwork determineswhena largenumber
of Alarms is occurringand what the causeof the problem
mightbe.

Boxes11 and15 countReutersAlarmsandraisea high
alarmwhenathreshold(100)is reached.Until thattime,they
simply passthroughthenormal(low) alarms.Boxes14 and
18 do the samefor Comstock.Note that the boxes labeled
Count100areactuallyMap boxes.Map takesa user-de�ned
functionasaparameterandappliesit to eachinputtuple.That
is, for eachtuple t in the input stream,a Map box parame-
terizedby a function f , producesthe tuple f (x). In this ex-
ample,Count100simplyappliesthefollowing user-supplied
function (written in pseudocode)to eachtuple that passes
through:

F (x:tuple) = cnt++
if (cnt % 100 != 0)

if !suppress
emit lo-alarm

else
emit drop-alarm

else
emit hi-alarm
set suppress = true

Boxes12, 13, 16, and17 separatethe alarmsfrom both
ReutersandComstockinto alarmsfrom NYSE andalarms
from NASDAQ.ThisisachievedbyusingFiltersto takeNYSE
alarmsfrom bothfeedsources(Boxes12 and13) andmerg-
ing themusinga Union (Box 16). A similar pathexists for
NASDAQ Alarms. The resultsof eachof thesestreamsare
countedand�ltered asexplainedabove.

In summary, this exampleillustratesthe ability to share
computationamongqueries,theability to extendfunctional-
ity throughuser-de�ned AggregateandMap functions,and
theneedto detectandexploit streamimperfections.

3.2 TheLinearRoadBenchmark

Linear Roadis a benchmarkfor streamprocessingengines
[2,4]. This benchmarksimulatesan urbanhighway system
thatuses“variabletolling” (alsoknown as“congestionpric-
ing”) [11,1,16],wheretolls aredeterminedaccordingto such
dynamicfactorsascongestion,accidentproximity, andtravel
frequency. As a benchmark,LinearRoadspeci�esinput data
schemasandworkloads,a suiteof continuousandhistorical
queriesthatmustbesupported,andperformance(queryand
transactionresponsetime) requirements.

Variabletolling is becomingincreasinglyprevalentin ur-
bansettingsbecauseit is effectiveat reducingtraf�c conges-
tion andbecauserecentadvancesin micro-sensortechnology
make it feasible.Traf�c congestionin majormetropolitanar-
easis an increasingproblemasexpresswayscannotbebuilt
fastenoughto keeptraf�c �o wing freelyatpeakperiods.The
ideabehindvariabletolling is to issuetolls thatvary accord-
ing to time-dependentfactorssuchascongestionlevels and
accidentproximity with the motivation of charging higher
tolls during peaktraf�c periodsto discouragevehiclesfrom
using the roadsandcontributing to the congestion.Illinois,
California,andFinlandareamongthehighway systemsthat
havepilot programsutilizing this concept.

Thebenchmarkitself assumesa�ctional metropolitanarea
(called“Linear City”) thatconsistsof 10expresswaysof 100
mile-longsegmentseach,and1,000,000vehiclesthat report
theirpositionsvia GPS-basedsensorsevery30seconds.Tolls
mustbe issuedon a per-segmentbasisautomatically, based
on statisticsgatheredover the previous 5 minutesconcern-
ing averagespeedandnumberof reportingcars.A segment's



6 Hari Balakrishnanetal.

tolls areoverriddenwhenaccidentsaredetectedin thevicin-
ity (an accidentis detectedwhenmultiple carsreportclose
positionsat thesametime),andvehiclesthatusea particular
expresswayoftenareissued“frequenttraveler” discounts.

TheLinearRoadbenchmarkdemandssupportfor 5 quer-
ies: two continuousandthreehistorical.The�rst continuous
querycalculatesandreportsa segmenttoll every time a ve-
hicle entersa segment.This toll mustthenbechargedto the
vehicle's accountwhenthe vehicleexits that segmentwith-
out exiting the expressway. Again, tolls are basedon cur-
rent congestionconditionson the segment,recentaccidents
in the vicinity, and the frequency of useof the expressway
for thegivenvehicle.Thesecondcontinuousqueryinvolves
detectingandreportingaccidentsandadjustingtolls accord-
ingly. The historical queriesinvolve requestingan account
balanceor a day's total expenditurefor a given vehicleon
a givenexpressway, anda predictionof travel time between
two segmentson thebasisof averagespeedson thesegments
recordedpreviously. Eachof the queriesmustbe answered
with aspeci�edaccuracy andwithin aspeci�edresponsetime.
Thedegreeof successfor thisbenchmarkismeasuredin terms
of thenumberof expresswaysthesystemcansupport,assum-
ing 1000positionreportsissuedpersecondperexpressway,
while answeringeachof the 5 querieswithin the speci�ed
latency bounds.

An earlyAurora implementationof this benchmarksup-
portingoneexpresswaywasdemonstratedat SIGMOD2003
[2].

3.3 BattalionMonitoring

Wehaveworkedcloselywith amajordefensecontractorona
battle�eld monitoringapplication.In this application,anad-
vancedaircraft gathersreconnaissancedataand sendsit to
monitoringstationson the ground.This dataincludesposi-
tionsandimagesof friendly andenemyunits.At somepoint,
theenemyunitscrossa givendemarcationline andmove to-
wardthefriendly unitstherebysignalinganattack.

Commandersin thegroundstationsmonitorthis datafor
analysisandtacticaldecisionmaking.Eachgroundstationis
interestedin particularsubsetsof the data,eachwith differ-
ing priorities.In therealapplication,the limiting resourceis
thebandwidthbetweentheaircraftandtheground.Whenan
attackis initiated, the priorities for the dataclasseschange.
More databecomescritical, and the bandwidthlikely satu-
rates.In this case,selective droppingof datais allowed in
orderto servicethemoreimportantclasses.

For our purposes,we built a simpli�ed versionof this
applicationto testour load sheddingtechniques.Insteadof
modelingbandwidth,we assumethat the limited resourceis
theCPU.Weintroduceloadsheddingasawayto savecycles.

Aurora supportstwo kinds of load shedding.The �rst
techniqueinsertsrandomdropboxesinto thenetwork. These

Fig. 4 AuroraQueryNetwork for theBattle®eldMonitoringAppli-
cation

boxesdiscardafractionof theirinputtupleschosenrandomly.
Thesecondtechniqueinsertssemantic,predicate-baseddrop
�lters into thenetwork.BasedonQoSfunctions,systemstatis-
tics(likeoperatorcostandselectivity), andinputrates,oural-
gorithmschoosethebestdroplocations,andthedropamount
asindicatedby a droprate(randomdrop)or a predicate(se-
manticdrop).Dropinsertionplansareconstructedandstored
in a table in advance.As load levels change,dropsareau-
tomatically insertedand removed from the query networks
basedon theseplans[18].

Oneof the querynetworks that we usedin this studyis
shown in Figure4.Therearefour queriesin thisnetwork.The
Analysisquerymergesall tuplesaboutpositionsof all units
for analysisandarchiving. Thenext two querieslabeledEn-
emyTanksandEnemyAircraft selectenemytankandenemy
aircraft tuplesusingpredicateson their ids. The last query,
AcrossTheLine, selectsall theobjectsthathave crossedthe
demarcationline towardsthefriendly side.

Eachqueryhasa value-basedQoSfunction attachedto
its output.A value-basedQoSfunction mapsthe tuple val-
uesobserved at an output to utility valuesthat expressthe
importanceof a givenresulttuple.In this example,thefunc-
tions arede�ned on the x-coordinateattribute of the output
tuplewhich indicateswhereanobjectis positionedhorizon-
tally. Thefunctionstakevaluesin therange[0, 500],of which
350 correspondsto the positionof the vertical demarcation
line. Initially all friendly unitsareon[0, 350]sideof this line
whereasenemyunits are on the [350, 500] side.The QoS
functionsare speci�ed by an applicationadministratorand
re�ect the basicfact that tuplesfor enemyobjectsthat have
crossedthedemarcationline aremoreimportantthanothers.

We ran this querynetwork with tuplesgeneratedby the
Aurora workload generatorbasedon a battle scenariothat
we got from thedefensecontractor. We fed the input tuples
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Fig. 5 Comparisonof VariousLoad SheddingApproaches(%ex-
cessloadvs.% valueutility loss)

at different ratesto createspeci�c levels of overloadin the
network; thenwe let theloadsheddingalgorithmremovethe
excessloadby insertingdropsto thenetwork.Figure5 shows
the result. We comparethe performanceof three different
load sheddingalgorithmsin termsof their valueutility loss
(i.e., theaveragedegradationin theQoSprovidedby thesys-
tem)acrossall outputsat increasinglevelsof load.

We makethefollowing importantobservations:First,our
semanticloadsheddingalgorithm,which dropstuplesbased
on attributevalues,achievesthe leastvalueutility lossat all
loadlevels.Second,our randomloadsheddingalgorithmin-
sertsdropsof the sameamountsat the samenetwork loca-
tionsasthesemanticloadshedder. Sincetuplesaredropped
randomly, however, loss in valueutility is highercompared
to the semanticload shedder. As excessload increasesthe
performanceof thetwo algorithmsbecomessimilar. Therea-
sonis thatathigh loadlevels,oursemanticloadshedderalso
dropstuplesfrom the high utility value ranges.Lastly, we
compareboth of our algorithmsagainsta simpleadmission
controlalgorithmwhich shedsrandomtuplesat thenetwork
inputs.Both our algorithmsachieve lower utility losscom-
paredto this algorithm.Our load sheddingalgorithmsmay
sometimesdecideto insertdropson inner arcsof the query
network. On networkswith box sharingamongqueries(e.g.,
theunion box is sharedamongall four queriesin Figure4),
inner arcsmay be preferableto avoid utility loss at multi-
ple queryoutputs.On theotherhand,at very high load lev-
els,sincedropsat innerarcsbecomeinsuf�cient to save the
neededCPUcycles,our algorithmsalsoinsertdropscloseto
thenetwork inputs.Hence,all algorithmstendto convergeto
thesameutility losslevelsatveryhigh loads.

3.4 EnvironmentalMonitoring

Wehavealsoworkedwith amilitary medicalresearchlabora-
tory on anapplicationthat involvesmonitoringtoxins in the

water. This applicationis fed streamsof dataindicating�sh
behavior (e.g.,breathingrate) andwater quality (e.g., tem-
perature,pH, oxygenation,andconductivity). Whenthe �sh
behaveabnormally, analarmis sounded.

Input datastreamsweresuppliedby thearmy laboratory
asatext �le. Thesingledata�le interleaved�sh observations
with waterquality observations.Thealarmmessageemitted
by Aurora contains�elds describingthe �sh behavior, and
two differentwater quality reports:the waterquality at the
time the alarmoccurredandthe waterquality from the last
time the �sh behaved normally. The water quality reports
containnot only the simple measurements,but also the 1-
/2-/4-hourslidingwindow deltasfor thosevalues.

The application's Aurora processingnetwork is shown
in Figure6 (snapshottaken from the Aurora GUI): The in-
put port (1) shows wheretuplesenterAurora from the out-
sidedatasource.In this case,it is theapplication'sC++ pro-
gramthatreadsin thesensorlog �le. A Unionbox(2) serves
merelyto split thestreaminto two identicalstreams.A Map
box (3) eliminatesall tuple�elds exceptthoserelatedto wa-
ter quality. Eachsuperbox(4) calculatesthesliding window
statisticsfor oneof thewaterquality attributes.Theparallel
paths(5) form abinaryjoin network thatbringstheresultsof
(4)'s sub-networksbackinto a singlestream.Thetop branch
in (6) hasall thetupleswherethe�sh actoddly, andthebot-
tom branchhasthe tupleswherethe �sh act normally. For
eachof the tuplessentinto (1) describingabnormal�sh be-
havior, (6) emitsan alarmmessagetuple. This output tuple
hasthe sliding window water quality statisticsfor both the
momentthe�sh actedoddly, andfor themostrecentprevious
momentthat the �sh actednormally. Finally theoutputport
(7) showswhereresulttuplesaremadeavailableto theC++-
basedmonitoringapplication.Overall, theentireapplication
endedupconsistingof 3400linesof C++ code(primarily for
�le-parsing anda simplemonitoringGUI) anda 53-operator
Auroraquerynetwork.

During thedevelopmentof theapplication,we observed
that Aurora's streammodelproved very convenientfor de-
scribingtherequiredsliding-window calculations.For exam-
ple,a singleinstanceof theaggregateoperatorcomputedthe
4-hoursliding-window deltasof watertemperature.

Aurora's GUI for designingquerynetworks alsoproved
invaluable.As thequerynetwork grew largein thenumberof
operatorsused,therewas greatpotentialfor overwhelming
complexity. The ability to manuallyplacethe operatorsand
arcson a workspace,however, permitteda visual represen-
tationof “subroutine”boundariesthat let uscomprehendthe
entirequerynetwork aswere�ned it.

We found that small changesin the operatorlanguage
designwould have greatly reducedour processingnetwork
complexity. For example,Aggregateboxesapplysomewin-
dow function (suchasDELTA(water-pH) ), to the tuples
in a sliding window. HadanAggregatebox beencapableof
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Fig. 6 AuroraQueryNetwork for theEnvironmentalContaminationDetectionApplications(GUI snapshot)

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

Theeasewith which theprocessing�o w couldbeexper-
imentallyrecon�guredduringdevelopment,while remaining
comprehensible,wassurprising.It appearsthatthis wasonly
possibleby having bothawell-suitedoperatorset,andaGUI
tool that let us visualizethe processing.It seemslikely that
this applicationwasdevelopedat leastasquickly in Aurora
asit wouldhavebeenwith standardproceduralprogramming.

We notethat,for this particularapplication,real-timere-
sponsewasnotrequired.ThemainvalueAuroraaddedin this
casewastheeaseof developingstream-orientedapplications.

3.5 Medusa:DistributedStreamProcessing

Medusais a distributedstream-processingsystembuilt using
Aurora as the single-sitequery processingengine.Medusa
takesAuroraqueriesanddistributesthemacrossmultiplenodes.
Thesenodescanall beunderthecontrolof oneentity or can
beorganizedasalooselycoupledfederationunderthecontrol
of differentautonomousparticipants.

A distributedstream-processingsystemsuchasMedusa
offersseveralbene�ts:

1. It allows streamprocessingto be incrementallyscaled
overmultiple nodes.

2. It enableshigh-availability becausetheprocessingnodes
canmonitor and take over for eachotherwhen failures
occur.

3. It allows the compositionof streamfeedsfrom different
participantsto produceend-to-endservices,and to take
advantageof thedistributioninherentin many streampro-
cessingapplications(e.g., climate monitoring, �nancial
analysis,etc.).

4. It allows participantsto copewith load spikes without
individually having to maintainandadministerthecom-
puting,network, andstorageresourcesrequiredfor peak
operation.When organizedas a loosely coupledfeder-
atedsystem,loadmovementsbetweenparticipantsbased
onpre-de�nedcontractscansigni�cantly improveperfor-
mance.

Figure7 shows thesoftwarestructureof a Medusanode.
Thereare two componentsin addition to the Aurora query
processor. TheLookupcomponentis aclientof aninter-node
distributedcatalogthatholdsinformationonstreams,schemas,
andqueriesrunningin thesystem.TheBrain handlesquery
setupoperationsandmonitorslocal load using information
about the queues(IOQueues) feedingAurora and statistics
on box load. The Brain usesthis information as input to a
bounded-pricedistributedloadmanagementmechanismthat
convergesef�ciently to goodloadallocations[5].

Thedevelopmentof Medusapromptedtwo importantchan-
gesto theAuroraprocessingengine.First,it becameapparent
that it would be useful to offer Aurora not only asa stand-
alonesystem,but alsoasa library that could easilybe inte-
gratedwithin a largersystem.Second,wefelt theneedfor an
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Fig. 7 MedusaSoftwareArchitecture

Aurora API, summarizedin Table1. This API is composed
of threetypesof methods:(1) methodsto setup queriesand
pushor pull tuplesfrom Aurora,(2) methodsto modify query
networks at runtime (operatoradditionsand removals) and
(3) methodsgiving accessto performanceinformation.

Load movement.To moveoperatorswith arelatively low
effort andoverheadcomparedto full- blown processmigra-
tion, Medusaparticipantsuseremotede�nitions. A remote
de�nition mapsanoperatorde�ned at a nodeontoanopera-
tor de�nedatanother. At runtime,whenapathof operatorsin
theboxes-and-arrowsdiagramneedsto bemovedto another
node,all thatis requiredis for thecorrespondingoperatorsto
be instantiatedremotelyandfor the incomingstreamsto be
divertedto theappropriatelynamedinputson thenew node.

For someoperators,internaloperatorstatemay needto
bemovedwhenataskmovesbetweenmachines,unlesssome
“amnesia”is acceptableto the application.Our currentpro-
totyperestartsoperatorprocessingaftera move from a fresh
stateand the most recentposition of the input streams.To
supportthe movementof operatorstate,we areaddingtwo
new functionsto theAuroraAPI andaremodifying theAu-
rora engine.The �rst methodfreezesa query network and
removesanoperatorwith its stateby performingthefollow-
ing sequenceof actionsatomically: stop all processing,re-
move a box from a querynetwork, extract theoperator's in-
ternalstate,subscribeanoutsideclient to whatusedto bethe
operator's input streams,and re- start processing.The sec-
ondmethodperformstheconverseactionsatomically. It stops
processing,addsa box to a query network, initializes the
box'sstate,andre-startsprocessing.To minimizetheamount
of statemoved,we areexploring freezingoperatorsaround
the windows of tupleson which they operate,ratherthanat
randominstants.WhenMedusamovesanoperatoror agroup
of operators,it handlestheforwardingof tuplesto their new
locations.

Medusaemploys an agoric systemmodel to createin-
centivesfor autonomousparticipantsto handleeachother's
load.ClientsoutsidethesystempayMedusaparticipantsfor

Table 1 Overview of a Subsetof theAuroraAPI

start and shutdown : Respectively starts processingand
shutsdown a completequery-network.
modifyNetwork : At runtime, adds or removes schemas,
streamsandoperatorboxesfrom a querynetwork processedby
a singleAuroraengine.
typecheck : Validates(part of) a query network. Computes
propertiesof intermediateandoutputstreams.
enqueue and dequeue : Push and pull tuples on named
streams.
listEntities and describe(Entity) : Provide infor-
mationon entitiesin thecurrentquerynetwork.
getPerfStats : Providesperformanceandloadinformation.

processingtheir queriesand Medusaparticipantspay each
otherto handleload.Paymentsandloadmovementsarebased
onpairwisecontractsnegotiatedof�ine betweenparticipants.
Thesecontractssettightly boundedpricesfor migratingeach
unit of loadandspecifythesetof tasksthateachparticipant
is willing to executeon behalfof its partner. Contractscan
alsobecustomizedwith availability, performance,andother
clauses.Our mechanism,called the bounded-pricemecha-
nism, thus allows participantsto managetheir excessload
throughprivateandcustomizedserviceagreements.Themech-
anism also achieves a low runtime overheadby bounding
pricesthroughof�ine negotiations.

Figure8 showsthesimulationresultsof a995-nodeMedu-
sasystemrunningthebounded-priceloadmanagementmech-
anism.Figure 8(a) shows that convergencefrom an unbal-
ancedload assignmentto an almostoptimal distribution is
fastwith ourapproach.Figure8(b)showstheexcessloadre-
mainingatvariousnodesfor increasingnumbersof contracts.
A minimum of just seven contractsper nodein a network
of 995 nodesensuresthat all nodesoperatewithin capac-
ity whencapacityexists in the system.The key advantages
of our approachover previous distributedload management
schemesare (1) lower runtime overhead,(2) possibility of
servicecustomizationandpricediscrimination,and(3) rela-
tively invariantpricesthata participantpaysanotherfor pro-
cessingaunit of load.

High availability . We are also currently exploring the
runtime overheadand recovery time tradeoffs betweendif-
ferent approachesto achieve high-availability (HA) in dis-
tributedstreamprocessing,in thecontext of MedusaandAu-
rora* [4]. Theseapproachesrangefrom classicalTandem-
style process-pairs[6] to using upstreamnodesin the pro-
cessing�o w asbackupfor their downstreamneighbors.Dif-
ferentapproachesalsoprovide differentrecovery semantics
whereeither: (1) sometuplesare lost, (2) sometuplesare
re-processed,or (3) operationstake-overpreciselywherethe
failure happened.We discussthesealgorithmsin more de-
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tail in [13]. An importantHA goal for thefuture is handling
network partitionsin additionto individualnodefailures.

4 LessonsLearned

4.1 Supportfor Historical Data

Fromour work on a varietyof streamingapplications,it be-
cameapparentthateachrequiredmaintainingandaccessing
a collectionof historicaldata.For example,theLinearRoad
benchmark,which representsa realisticapplication,required
maintainingtenweeksof toll history for eachdriver, aswell
asthecurrentpositionsof every vehicleandthe locationsof
accidentstying up traf�c. Historical datamight be usedto
supporthistorical queries(e.g.,tell me how muchdriver X
hasspenton tolls on expressway Y over thepast10 weeks),
or serve asinputsto hybrid queriesinvolving bothstreaming
andhistoricaldata(e.g.,reportthecurrenttoll for vehicleX
basedonits currentposition(streameddata)andthepresence
of any accidentsin its vicinity (historicaldata)).

In theapplicationswehavelookedat,historicaldatatakes
threedifferentforms.Theseformsdiffer by their updatepat-
terns: the meansby which incomingstreamdatais usedto
updatethecontentsof ahistoricalcollection.Theseformsare
summarizedbelow.

1. Open Windows (Connection Points): Linear Roadre-
quiresmaintainingthe last 10 weeksworth of toll data
for each driver to supportbothhistoricalqueriesandin-
tegratedqueries.This form of historicaldataresembles
a window in its FIFO-basedupdatepattern,but mustbe
sharedby multiple queriesandthereforeopenlyaccessi-
ble.

2. AggregateSummaries(Latches): LinearRoadrequires
maintainingsuchaggregatedhistoricaldataas: the cur-
renttoll balancefor everyvehicle(SUM(Toll) ), thelast
reportedpositionof everyvehicle(MAX(Time) ), andthe
averagespeedonagivensegmentoverthepast5 minutes
(AVG(Speed) ). In all cases,theupdatepatternsinvolve
maintainingdataby key value(e.g.,vehicleor segment
id) and using incoming tuples to updatethe aggregate
valuethathastheappropriatekey. As with openwindows,
aggregatesummariesmustbesharedby multiple queries
andthereforemustbeopenlyaccessible.

3. Tables: Linear Roadrequiresmaintainingtablesof his-
torical datawhoseupdatepatternsarearbitraryandde-
terminedby the valuesof streamingdata.For example,
a tablemustbemaintainedthatholdseveryaccidentthat
hasyet to be cleared(suchthat an accidentis detected
when multiple vehiclesreport the sameposition at the
sametime). This tableis usedto determinetolls for seg-
mentsin the vicinity of the accidentandto alert drivers
approachingthe sceneof the accident.The updatepat-
ternfor this tableresemblesneitheranopenwindow nor
anaggregatesummary. Rather, accidentsmustbedeleted
from thetablewhenanincomingtuplereportsthattheac-
cidenthasbeencleared.This requiresthedeclarationof
anarbitraryupdatepattern.

Whereasopenwindows and aggregatesummarieshave
�x edupdatepatterns,tablesrequireupdatepatternsto beex-
plicitly speci�ed.Therefore,theAuroraqueryalgebra(SQuAl)
includesan“Updatebox” thatpermitsanupdatepatternto be
speci�edin SQL.Thisbox hastheform,

UPDATE(Assume O, SQL U, Report t)
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suchthatU is anSQLupdateissuedwith every incomingtu-
ple,andincludingvariablesthatgetinstantiatedwith theval-
uescontainedin thattuple.O speci�estheassumedordering
of input tuples,andt speci�esa tupleto outputwheneveran
updatetakesplace.Further, becauseall threeformsof histor-
ical collectionsrequirerandomaccess,SQuAlalsoincludesa
“Readbox” thatinitiatesa queryoverstoreddata(alsospec-
i�ed in SQL) andreturnstheresultasa stream.This box has
theform,

READ (Assume O, SQL Q)

suchthatQ is anSQL queryissuedwith every incomingtu-
ple,andincludingvariablesthatgetinstantiatedwith theval-
uescontainedin thattuple.

In short, the streamingapplicationswe have looked at
sharethe needfor maintainingandrandomlyaccessingcol-
lectionsof historical data.Thesecollections,usedfor both
historicalandhybrid queries,areof threeformsdiffering by
their updatepatterns.To supporthistorical data in Aurora,
we includean updateoperation(to updatetableswith user-
speci�ed updatepatterns)anda readoperation(to readany
of theformsof historicaldata).

4.2 Synchronization

As continuousqueries,streamapplicationsinherentlyrely on
shareddataandcomputation.Shareddatamightbecontained
in atablethatonequeryupdatesandanotherqueryreads.For
example,the Linear Roadapplicationrequiresthat vehicle
positiondatabe usedto updatestatisticson highway usage
which in turnarereadto determinetolls for eachsegmenton
thehighway. Alternatively, boxoutputcanbesharedby mul-
tiple queriesto exploit commonsub-expressions,or evenby a
singlequeryasa way of merging intermediatecomputations
afterparallelization.

Transactionsarerequiredin traditionaldatabasesbecause
datasharingcanleadto datainconsistencies.An equivalent
synchronizationmechanismis requiredin streamingsettings,
asdatasharingin thissettingcanalsoleadto inconsistencies.
For example,if atoll chargecanexpire,thenatoll assessment
to agivenvehicleshouldbedelayeduntil anew toll chargeis
determined.The needfor synchronizationwith datasharing
is achievedin SQuAl via the“WaitFor box” whosesyntaxis
shown below:

WaitFor (P: Predicate, T: Timeout)

This binaryoperatorbufferseachtuplet ononeinput stream
until a tuple arriveson the secondinput streamthat with t
satis�es P (or until the timeoutexpires, in which caset is
discarded).If a Readoperationmust follow a given Update
operation,thena WaitFor canbuffer theReadrequest(tuple)

until a tupleoutputby theUpdatebox (andinput to thesec-
ond input of WaitFor) indicatesthat the Readoperationcan
proceed.

In short,the inherentsharingpossiblein streamingenvi-
ronmentsmakesit sometimesnecessaryto synchronizeop-
erationsto ensuredataconsistency. We currentlyimplement
synchronizationin SQuAlwith adedicatedoperator.

4.3 Resilienceto UnpredictableStreamBehavior

Streamsareby their natureunpredictable.Monitoring appli-
cationsrequirethe systemto continueoperationeven when
the unpredictablehappens.Sometimes,the only way to do
this is to produceapproximateanswers.Obviously, in these
cases,thesystemshouldtry to minimizeerrors.

We have seenexamplesof streamsthatdo not behave as
expected.The�nancial servicesapplicationthatwedescribed
earlier requiresthe ability to detecta problemin the arrival
rate of a stream.The military applicationmust fundamen-
tally adjustits processingto �t theavailableresourcesduring
timesof stress.In bothof thesecases,Auroraprimitivesfor
unpredictablestreambehavior were broughtto bearon the
problem.

Aurora makesno assumptionsthat a datastreamarrive
in any particularorderor with any temporalregularity. Tu-
plescanbe lateor out of orderdueto thenatureof thedata
sources,thenetwork thatcarriesthestreams,or dueto thebe-
havior of the operatorsthemselves.Accordingly, our opera-
tor setincludesuser-speci�edparametersthatallow handling
such“damaged”streamsgracefully.

For many of theoperators,an input streamcanbespeci-
�ed to obey anexpectedorder. If out-of-orderdatais known
to the network designernot to be of relevance,the operator
will simply dropsuchdatatuplesimmediately. Nonetheless,
Aurora understandsthat this may at times be too drastica
constraint,andprovidesanoptionalslackparameterto allow
for sometolerancein thenumberof datatuplesthatmayar-
rive out of order. A tuple thatarrivesout-of-orderwithin the
slackboundswill beprocessedasif it hadarrivedin order.

With respectto possibleirregularity in thearrival rateof
datastreams,the Aurora operatorset offers all windowed-
operatorsanoptionaltimeoutparameter. Thetimeoutparam-
etertells theoperatorhow long to wait for thenext datatuple
to arrive. This hastwo bene�ts: it preventsblocking (i.e. no
output)whenonestreamis stalled,andit offersanotherway
for thenetwork designerto characterizethevalueof datathat
arriveslater thanit should,asin the �nancial servicesappli-
cationin which thetimeoutparameterwasusedto determine
whena particulardatapacketarrivedlate.
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4.4 XML andOtherFeedFormatsAdaptorRequired

Auroraprovidesa network protocolthatmaybeusedto en-
queueanddequeuetuplesvia Unix or TCPsockets.Thepro-
tocol is intentionallyvery low-level: to eliminatecopiesand
improve throughput,the tuple format is closely tied to the
format of Aurora's internalqueueformat. For instance,the
protocol requiresthat eachpacket contain a �x ed amount
of paddingreserved for bookkeeping,and that integer and
�oating-point �elds in thepacketmatchthearchitecture'sna-
tive format.

Whileweanticipatethatperformance-criticalapplications
will useourlow-levelprotocol,wealsorecognizethatthefor-
matsof Aurora'sinputstreamsmaybeoutsidetheimmediate
controlof theAurorauseror administrator;e.g.,stockquote
dataarriving in XML format from a third-partyinformation
source.Also, evenif thestreamsarebeinggeneratedor con-
sumedby anapplicationwithin anorganization'scontrol, in
somecasesprotocolstabilityandportability (e.g.,not requir-
ing the client to be aware of the endian-nessof the server
architecture)areimportantenoughto justify a minor perfor-
manceloss.

Oneapproachto addresstheseconcernsis to simply re-
quire the userto build a proxy applicationthat acceptstu-
plesin theappropriateformat,convertsthemto Aurora's in-
ternal format,andpipestheminto the Aurora process.This
approach,while simple,con�icts with oneof Aurora's key
designgoals-tominimize thenumberof boundarycrossings
in the system-sincetheproxy applicationwould be external
to Auroraandhencelive in its own addressspace.

We resolve this problemby allowing theuserto provide
plug-inscalledconverter boxes. Converterboxesareshared
librariesthataredynamicallylinkedinto theAuroraprocess
space;hencetheir useincursno boundarycrossings.A user-
de�ned input converterbox providesa hook that is invoked
whendataarrive over thenetwork. Theimplementationmay
examinethedataandinjecttuplesinto theappropriatestreams
in the Aurora network. This may be as simple as consum-
ing �x ed-lengthpacketsandenforcingthecorrectbyte-order
on �elds, or ascomplex astransformingfully-formed XML
documentsinto tuples.An outputconverterboxperformsthe
inversefunction: it acceptstuplesfrom streamsin Aurora's
internal format and converts them into a byte streamto be
consumedby anexternalapplication.

Input and output converter boxesare powerful connec-
tivity mechanisms:they provide a high level of �e xibility in
dealingwith externalfeedsandsinkswithout incurringaper-
formancehit. Thiscombinationof �e xibility andhighperfor-
manceis essentialin a streamingdatabasethatmustassimi-
latedatafrom awide varietyof sources.

4.5 ProgrammaticInterfacesandGlobally-Accessible
Catalogsarea GoodIdea

Initially, Aurora networks were createdusing the GUI and
all Aurora metadata(i.e., catalogs)werestoredin an inter-
nal representation.Our experiencewith the Medusasystem
quickly madeusrealizethat,in orderfor Aurorato beeasily
integratedwithin a larger system,a higher-level, program-
maticinterfaceis neededto scriptAuroranetworksandmeta-
dataneedto begloballyaccessibleandupdatable.

Althoughweinitially assumedthatonlyAuroraitself (i.e.,
theruntimeandtheGUI) wouldneeddirectaccessto thecat-
alogrepresentation,we encounteredseveralsituationswhere
thisassumptiondid nothold.For instance,in orderto manage
distribution operationacrossmultiple Auroranodes,Medusa
requiredknowledgeof the contentsof nodes'catalogsand
the ability to selectively move partsof catalogsfrom node
to node.Medusaneededto be ableto createcatalogobjects
(schema,streams,andboxes)withoutdirectaccessto theAu-
roracatalogdatabase,whichwouldhaveviolatedabstraction.
In otherwords,relyingontheAuroraruntimeandGUI asthe
solesoftwarecomponentsableto examineandmodify cata-
log structuresturnedout to beanunworkablesolutionwhen
we tried to build sophisticatedapplicationson the Aurora
platform. We concludedthat we neededa simple,transpar-
ent,catalogrepresentationthatis easilyreadableandwritable
by externalapplications.This would make it mucheasierto
write higher-level systemsthatuseAurora(suchasMedusa)
andalternativeauthoringtoolsfor catalogs.

To thisend,Auroracurrentlyincorporatesappropriatein-
terfacesandmechanisms(seeSection3.5) to make it easyto
develop externalapplicationsto inspectandmodify Aurora
querynetworks.A universallyreadableandwritablecatalog
representationis crucial in an environmentwheremultiple
applicationsmayoperateonAuroracatalogs.

4.6 PerformanceCritical

Duringthedevelopmentof Aurora,ourprimarytool for keep-
ingperformancein mindwasaseriesof “micro-benchmarks”.
Eachof thesebenchmarksmeasuredthe performanceof a
smallpartof oursystem,suchasasingleoperator, or theraw
performanceof themessagebus.Thesebenchmarksallowed
us to measurethe meritsof changesto our implementation
quickly andeasily.

Fundamentalto anSPEis a high performance“message
bus”. This is the systemthat movestuplesfrom oneopera-
tor to thenext, storingthemtemporarily, aswell asin to and
out of thequerynetwork. Sinceevery tuple is passedon the
bus a numberof times,this is de�nitely a performancebot-
tleneck.Evensuchtrivial optimizationsaschoosingtheright
memcpy() implementationgave substantialimprovements
to thewholesystem.
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Table2 Micro-benchmarkresults

Query(q) # Dequers(d) Batchsize(b) AverageLatency
A NULL 0 1 1211ns
B NULL 0 10 176ns
C NULL 0 100 70 ns
D NULL 0 1000 60 ns
E NULL 1 10 321ns
F NULL 1 100 204ns
G NULL 1 1000 191ns
H NULL 5 1000 764ns
I NULL 10 1000 1748ns
J FILTER 1 1000 484ns
K UNION 1 1000 322ns
L UNION-CHAIN 1 1000 858ns

Secondto the messagebus, the scheduleris the coreel-
ementof an SPE.The scheduleris responsiblefor allocat-
ing processortime to operators.It is temptingto decoratethe
schedulerwith all sortsof high level optimization,suchas
intelligentallocationof processortime or real-timepro�ling
of queryplans.But it is importantto rememberthat sched-
uler overheadcanbesubstantialin networkswherethereare
many operators,andthattheschedulermakesnocontribution
to the actualprocessing.All additionof schedulerfunction-
ality mustbegreetedwith skepticism,andshouldbeaggres-
sively pro�led.

Oncethe core of the enginehasbeenaggressively op-
timized, the remaininghot spotsfor performanceare to be
found in the implementationof the operators.In our imple-
mentation,eachoperatorhasa “tight loop”, which processes
batchesof input tuples.This loop is a prime target for op-
timization.We make surenothingotherthannecessarypro-
cessingoccursin theloop.In particular, housekeepingof data
structuressuchasmemoryallocationsanddeallocationneeds
to bedoneoutsideof this loop, so that its costcanbeamor-
tizedacrossmany tuples.

Datastructuresareanotheropportunityfor operatoropti-
mization.Many of our operatorsarestateful;they retainin-
formationor evencopiesof previousinput.Becausetheseop-
eratorsareaskedto processandstorelargenumbersof tuples,
ef�ciency of thesedatastructuresis important.Ideally, pro-
cessingof eachinput tupleis accomplishedin constanttime.
In our experience,processingthat is linear in theamountof
statestoredis unacceptable.

In additionto the operatorsthemselves,any partsof the
systemthat are usedby thoseoperatorsin the tight loops
mustbe carefully examined.For example,we have a small
languageusedto specifyexpressionsfor Map operators.Be-
causetheseexpressionsareevaluatedin suchtight loops,op-
timizing themwas important.The additionof an expensive
compilationstepmayevenbeappropriate.

To assesstherelativeperformanceof variouspartsof the
Aurorasystem,wedevelopedasimpleseriesof micro-bench-
marks.Eachmicro-benchmarkfollowsthefollowing pattern:

1. Initialize Aurorausinga querynetwork q.
2. Created dequeuersreceiving datafrom theoutputof the

querynetwork. (If d is 0, thentherearenodequeuers,i.e.,
tuplesarediscardedassoonasthey areoutput.)

3. Begin a timer.
4. Enqueuen tuplesinto thenetwork, in batchesof b tuples

at a time.Eachtupleis 64byteslong.
5. Wait until thenetwork is drained,i.e., every box is done

processingevery input tuple,andevery dequeuerhasre-
ceived every output tuple. Stop the timer. Let t be the
amountof time requiredto processeachinput tuple,i.e.,
thetotalamountof time passeddividedby n.

For thepurposesof thisbenchmark,we �x edn at2,000,-
000tuples.Weusedseveraldifferentcatalogs.Notethatthese
networksarefunctionally identical:every input tuple is out-
put to thedequeuers,andtheonly differenceis the typeand
amountof processingdoneto eachthe tuple.This is neces-
saryto isolatethe impactof eachstageof tuple processing;
if somenetworks returneda differentnumberof tuples,any
performancedifferentialmight be attributedsimply to there
beinglessor morework to dobecauseof thedifferentnumber
of tuplesto enqueueor dequeue.

– NULL: A catalogwith no boxes, i.e., input valuesare
passeddirectly to dequeuers.

– FILTER: A catalogwith a �lter box whoseconditionis
truefor eachtuple.

– UNION: A unionboxthatcombinestheinputstreamwith
anemptystream.

– UNION-CHAIN: A chain of � ve union boxes,eachof
whichcombinestheinputstreamwith anemptystream.

Table 2 shows the performanceof the benchmarkwith
varioussettingsof q, d, andb.
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Weobservethattheoverheadto enqueueatuplein Aurora
is highly dependentonthebatchsize,but for largebatchsizes
settlesto 60 ns.Dequeuersadda somewhathigheroverhead
(between130 ns (G-D) and 200 ns (I-H)/5] each)because
currentlyonecopy of eachtupleis madeperdequeuer. Com-
paringcasesG andK, or casesG andL, we seethatadding
a box on a tuple path incurs a delay of approximately130
ns per tuple; evaluatinga simplecomparisonpredicateon a
tupleaddsabout160ns(J-K).

Thesemicro-benchmarksmeasuretheoverheadinvolved
in passingtuplesinto andoutof Auroraboxesandnetworks;
they donotmeasurethetimespentin boxesperformingnon-
trivial operationssuchasjoining andaggregation.Messaging
passingoverhead,however, can be signi�cant time sink in
streamingdatabases(asit wasin earlierversionsof Aurora).
Micro benchmarkingwasvery useful in eliminatingperfor-
mancebottlenecksin Aurora's message-passinginfrastruc-
ture. This infrastructureis now fast enoughin Aurora that
non-trivial boxoperationsaretheonly noticeablebottleneck;
i.e.,CPUtime is overwhelminglydevotedto usefulwork and
not simplyshuf�ing aroundtuples.

5 Futur ePlans:Borealis

TheAurorateamhassecuredventurecapitalbackingto com-
mercializethe currentcodeline. Someof the groupis mor-
phinginto pursuingthis venture.Becauseof this event,there
is no reasonfor theAurora teamto improve thecurrentsys-
tem. This sectionpresentsthe initial ideasthat we plan to
explore in a follow-on system,called Borealis,which is a
distributedstreamprocessingsystem.Borealisinheritscore
streamprocessingfunctionalityfrom Auroraanddistribution
functionality from Medusa.Borealis modi�es and extends
both systemsin non-trivial andcritical waysto provide ad-
vancedcapabilitiesthat are commonly requiredby newly-
emergingstreamprocessingapplications.

TheBorealisdesignis drivenby our experiencein using
Aurora andMedusa,in developingseveral streamingappli-
cationsincluding the Linear RoadBenchmark,and several
commercialopportunities.Borealiswill addressthe follow-
ing requirementsof newly-emergingstreamingapplications.

5.1 DynamicRevisionof QueryResults

In many real-world streams,correctionsor updatesto previ-
ouslyprocesseddataareavailableonly after thefact.For in-
stance,many populardatastreams,suchastheReutersstock
market feed,oftenincludemessagesthatallow thefeedorig-
inator to correcterrorsin previously reporteddata.Further-
more,streamsources(suchassensors),aswell astheir con-
nectivity, canbe highly volatile andunpredictable.As a re-
sult, datamayarrive lateandmissits processingwindow, or

may be ignoredtemporarilydueto an overloadsituation.In
all thesecases,applicationsareforcedto live with imperfect
results,unlessthe systemhasmeansto correctits process-
ing andresultsto take into accountnewly availabledataor
updates.

The Borealisdatamodel will extend that of Aurora by
supportingsuchcorrectionsby way of revision records.The
goal is to processrevisionsintelligently, correctingqueryre-
sultsthathave alreadybeenemittedin a mannerthat is con-
sistentwith thecorrecteddata.Processingof a revisionmes-
sagemustreplayaportionof thepastwith anew or modi�ed
value.Thus,to processrevisionmessagescorrectly, we must
makea querydiagram“replayable”.In theory, wecouldpro-
cesseachrevisionmessageby replayingprocessingfrom the
point of the revision to the present.In mostcases,however,
revisionson the input affect only a limited subsetof output
tuples,and to regenerateunaffectedoutput is wastefuland
unnecessary. To minimize run-time overheadand message
proliferation,we assumea closedmodelfor replaythatgen-
eratesrevisionmessageswhenprocessingrevisionmessages.
In otherwords,our modelprocessesandgenerates“deltas”
showing only the effectsof revisionsratherthan regenerat-
ing theentireresult.Theprimarychallengehereis to develop
ef�cient revision processingtechniquesthat can work with
boundedhistory.

5.2 DynamicQueryModi�cation

In many streamprocessingapplications,it isdesirabletochan-
ge certainattributesof the queryat run time. For example,
in the �nancial servicesdomain,traderstypically wish to be
alertedof interestingevents,wherethede�nition of “interest-
ing” (i.e., thecorresponding�lter predicate)variesbasedon
currentcontext andresults.In network monitoring,the sys-
temmaywantto obtainmorepreciseresultsonaspeci�c sub-
network, if thereare signsof a potentialDenial-of-Service
attack.Finally, in a military streamapplicationthat MITRE
[19] explainedto us,they wishto switchto a“cheaper”query
whenthesystemis overloaded.For the�rst two applications,
it is suf�cient to simply alter the operatorparameters(e.g.,
window size,�lter predicate),whereasthe last onecalls for
altering the operatorsthat composethe running query. An-
othermotivatingapplicationcomesagainfrom the �nancial
servicescommunity. Universally, peopleworking on trading
engineswish to testout new tradingstrategiesaswell asde-
bug their applicationson historicaldatabeforethey go live.
As such,they wish to perform“time travel” on inputstreams.
Although this last examplecan be supportedin most cur-
rent SPEprototypes(i.e., by attachingthe engineto previ-
ouslystoreddata),amoreuser- friendly andef�cient solution
would obviouslybedesirable.

Two importantfeaturesthatwill facilitateon-linemodi�-
cationof continuousqueriesin Borealisarecontrol linesand
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timetravel. Control linesextendAurora'sbasicquerymodel
with theability to changeoperatorparametersaswell asop-
eratorsthemselveson the �y . Control lines carry messages
with revisedbox parametersandnew box functions.For ex-
ample,a control messageto a Filter box cancontaina ref-
erenceto a boolean-valuedfunction to replaceits predicate.
Similarly, a control messageto an Aggregatebox may con-
tainarevisedwindow sizeparameter. Additionally, eachcon-
trol messagemustindicatewhenthechangein boxsemantics
shouldtakeeffect.Changeis triggeredwhenamonotonically
increasingattributereceivedon thedataline attainsa certain
value.Hence,controlmessagesspecifyan< attribute,value>
pairfor thispurpose.For windowedoperatorslikeAggregate,
controlmessagesmustalsocontaina �ag to indicateif open
windows at the time of changemustbe prematurelyclosed
for a cleanstart.

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 order to supportthesecapabilities,we leveragethreead-
vancedmechanismsin Borealis:enhancedconnectionpoints,
connectionpoint versions,and revision messages.To facil-
itate time travel, we de�ne two new operationson connec-
tion points.The replayoperation replaysmessagesthat are
storedat a connectionpoint from anarbitrarymessagein the
past.Theoffsetoperation is usedto settheconnectionpoint
offset in time. Whenoffset into the past,a connectionpoint
delayscurrentmessagesbeforepushingthem downstream.
Whenoffsetinto thefuture,theconnectionpoint predictsfu-
turedata.Whenproducingfuturedata,variouspredictional-
gorithmscanbeusedbasedon theapplication.A connection
point versionis a distinctly namedlogical copy of a connec-
tion point.Eachnamedversioncanbemanipulatedindepen-
dently. It is possibleto shift a connectionpointversionback-
wardandforwardin time withoutaffectingotherversions.

To replayhistoryfrom a previouspoint in time t, we use
revisionmessages.Whenaconnectionpointreceivesareplay
command,it �rst generatesa set of revision messagesthat
deleteall themessagesandrevisionsthatoccurredsincet. To
avoid the overheadof transmittingone revision per deleted
message,we usea macromessagethatsummarizesall dele-
tions. Onceall messagesare deleted,the connectionpoint
producesa seriesof revisions that insert the messagesand
possiblytheir following revisionsbackinto thestream.Dur-
ing replay, all messagesand revisionsreceived by the con-
nectionpoint are buffered and processedonly after the re-
play terminatesthus ensuringthat simultaneousreplayson
any pathin thequerydiagramareprocessedin sequenceand
do not con�ict. Whenoffset into the future, time-offset op-
eratorspredictfuturevalues.As new databecomesavailable,
thesepredictorscan (but do not have to) producemoreac-
curaterevisionsto their pastpredictions.Additionally, when

a predictorreceivesrevision messages,possiblydueto time
travel into thepast,it canalsoreviseits previouspredictions.

5.3 DistributedOptimization

Currently, commercialstreamprocessingapplicationsarepop-
ular in industrialprocesscontrol(e.g.,monitoringoil re�ner-
ies andcerealplants),�nancial services(e.g.,feedprocess-
ing, trading enginesupportand compliance),and network
monitoring(e.g., intrusiondetection,fraud detection).Here
we seea server-heavyoptimizationproblem- the key chal-
lengeis to processhigh-volumedatastreamson a collection
of resource-rich“beefy” servers.Over thehorizon,we seea
very largenumberof applicationsof wirelesssensortechnol-
ogy (e.g.,RFID in retail applications,cell phoneservices).
Here,we seea sensor-heavyoptimizationproblem- thekey
challengesrevolve aroundextractingandprocessingsensor
datafrom a network of resource-constrained“tiny” devices.
Furtherover the horizon,we expectsensornetworks to be-
comefasterand increasein processingpower. In this case
theoptimizationproblembecomesmorebalanced,becoming
sensor-heavy/server-heavy. To datesystemshaveexclusively
focusedon either a server-heavy environment,or a sensor-
heavy environment.Off into the future, therewill be a need
for a more�e xible optimizationstructurethat candealwith
a very large numberof devicesand perform cross-network
sensor-heavy/server-heavy resourcemanagementandoptimi-
zation.

Thepurposeof theBorealisoptimizeris threefold.First,
it is intendedto optimizeprocessingacrossa combinedsen-
sor and server network. To the bestof our knowledge,no
previous work hasstudiedsucha cross-network optimiza-
tion problem.Second,QoS is a metric that is importantin
stream-basedapplications,andoptimizationmustdealwith
this issue.Third, scalability, size-wiseand geographical,is
becominga signi�cant designconsiderationwith the prolif-
erationof stream-basedapplicationsthatdealwith largevol-
umesof datageneratedby multiple distributed sensornet-
works. As a result,Borealisfacesa unique,multi-resource,
multi-metric optimizationchallengethat is signi�cantly dif-
ferentthanthoseexploredin thepast.Ourcurrentthinking is
thatBorealiswill rely onahierarchical,distributedoptimizer
thatrunsat differenttime-granularities.

Another part of the Borealisvision involvesaddressing
recovery and high availability issues.High availability de-
mandsthat nodefailure is masked by seamlesshandoff of
processingto an alternatenode.This is complicatedby the
fact that theoptimizerwill dynamicallyredistributeprocess-
ing, makingit moredif�cult to keepbackupnodessynchro-
nized.Furthermore,wide-areaBorealisapplicationsarenot
only vulnerableto nodefailuresbut alsoto network failures
andmoreimportantlyto network partitions.Wehaveprelimi-
naryresearchin thisareathatleveragesBorealismechanisms
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includingconnectionpointversions,revisiontuples,andtime
travel.

5.4 ImplementationPlans

We havestartedbuilding Borealis.As Borealisinheritsmuch
of its corestreamprocessingfunctionality from Aurora,we
caneffectively borrow many of theAuroramodules,includ-
ing the GUI, the XML representationfor query diagrams,
portionsof the run-time system,andmuch of the logic for
boxes.Similarly, weareborrowingsomenetworkinganddis-
tributionlogic from Medusa.With thisstartingpoint,wehope
to haveaworking prototypewithin a year.
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8. D. Carney, U. Çetintemel,A. Rasin,S. Zdonik, M. Cherniack,
and M. Stonebraker. OperatorSchedulingin a Data Stream
Manager. In VLDB Conference, Berlin, Germany, September
2003.

9. S. Chandrasekaran,A. Deshpande,M. Franklin,J. Hellerstein,
W. Hong, S. Krishnamurthy, S. Madden,V. Raman,F. Reiss,
andM. Shah. TelegraphCQ:ContinuousData¯ow Processing
for anUncertainWorld. In CIDRConference, January2003.

10. M. Cherniack,H. Balakrishnan,M. Balazinska,D. Carney,
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