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Abstract

Thelong-runningnatureof continuousqueriesposesnew
scalabilitychallengesfor data�ow processing. CQ systems
executepipelineddata�owsthatmaybesharedacrossmul-
tiple queries.Thescalabilityof thesedata�owsis limitedby
their constituent,statefuloperators – e.g. windowedjoins
or groupingoperators. To scalesuch operators, a natural
solutionis to partition themacrossa shared-nothingplat-
form. But in the CQ context, traditional, static techniques
for partitioned parallelism can exhibit detrimentalimbal-
ancesas workload and runtime conditionsevolve. Long-
runningCQdata�owsmustcontinueto functionrobustlyin
thefaceof theseimbalances.

To addressthis challenge, weintroducea data�ow oper-
ator calledFlux that encapsulatesadaptivestatepartition-
ing anddata�ow routing. Flux is placedbetweenproducer-
consumerstagesin a data�ow pipelineto repartitionstate-
ful operatorswhilethepipelineis still executing. Wepresent
theFlux architecture, alongwith repartitioningpoliciesthat
can be usedfor CQ operators under shifting processing
andmemoryloads. We showthat theFlux mechanismand
thesepoliciescan provide several factors improvementin
throughputand orders of magnitudeimprovementin aver-
age latencyover thestaticcase.

1. Intr oduction
Continuous query (CQ) systems break the traditional
paradigmof a request-responsestylesystemin which a �-
nite answersetis computedfor eachquery. Instead,users
registerqueriesthatspecifytheir interestsoverunbounded,
streamingdatasources. Basedon thesequeries,a query
enginecontinuously�lters and synthesizesincoming data
from thesources,anddeliversunbounded,streamingresults
to theappropriateusers.Thesesystemshavebeenproposed
for avarietyof personalizationandcriticalmonitoringtasks.
For example,they canbeusedto deliverup-to-dateperson-
alizednews,monitorstockquotes,�lter incomingemailfor
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spam,monitortraf�c for accidentsandcongestion,or mon-
itor thenetwork for troubleshootingandintrusiondetection.

Thesedemandingapplicationsplaceseveral scalability
requirementson continuousquery systems. First, a typi-
cal servicecould have millions of userseachwith several
queriesregistered. Second,resultsneedto be computed
from incomingdatauponarrival, sofastresponsetimesand
high datathroughputare essential. Finally, sincequeries
rangeover endlessstreamsof data,a CQ systemmayneed
to managedataovera largehistoryto processthesequeries.
Previousapproacheshaveaddressedthesescalabilityissues
in two ways.Onethrusthasbeento leveragethecommonal-
ity amongstqueries[6, 16, 7, 2] andindex querieslike data
in a traditionaldatabasesystem.Anotherdirectionhasbeen
to exploit weaker semanticsandsacri�ce resultquality for
casesin which the systemcannotbe scaledto matchpeak
workloads[18, 4]. While this previous work hasfocused
on single-siteimplementations,we presentcomplementary
techniquesfor parallelizingCQ data�ows thatcanoffer in-
creasedscalabilityto any CQsystem.

1.1. Parallelism and AdaptivePartitioning

PipelinedCQ data�ows are fundamentallylimited by the
scalabilityof their constituentstreaming,lookup-basedop-
erators. The traditional approachfor scaling operators
is to partition them acrossa shared-nothingcluster. Of-
ten referredto as intra-operatoror partitionedparallelism,
this approachallows lookup-basedCQ operatorslike win-
dowedjoinsandgroup-by-aggregate,whichmayeasilyout-
grow asingle-site'smainmemory, to utilize aggregatemain
memoryandother resources.Sharednothingclusterscan
scale to thousandsof computers,scaling available main
memory, processors,disk spaceand bandwidthalong the
way[8, 28, 29], andtherebyprovide the potentialfor high
throughputand low latencies. Yet, to date, the shared-
nothingapproachhasbeenoverlookedfor CQsystems.

CQ systemsstraintraditionaldata�ow parallelismtech-
niques,becausethey requireadaptive, onlinerepartitioning
of lookup-basedoperators.This requirementarisesin CQ
systemsfor two reasons.First, CQ systemstypically han-
dle multi-userworkloadsthatplaceunpredictabledemands
on resources.As additionalqueriesarrive, new data�ows
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may be instantiated,causingvariationsin load andmem-
ory usageto ariseacrossa cluster. Second,sinceby def-
inition continuousqueriesrun inde�nitely, CQ operators
will encounterchangesin systemandworkloadproperties
in themiddleof ongoingqueries.For suchqueriesto con-
tinue running ef�ciently , their constituentdata�ow opera-
torsmustbeabletoadaptonthe�y to changesin theruntime
environment. For lookup-basedoperators,load andmem-
ory usageat eachsite in a clusteris largely determinedby
the datapartitioning. Thus, the systemmust adjustintra-
operatordatapartitioningon the�y to balanceresourceuti-
lization,andhenceoptimizeperformance.

1.2. Flux
Weintroduceanencapsulateddata�ow operatorcalledFlux,
Fault-tolerantLoad-balancingeXchange.In this paper, we
focuson its load-balancingfeaturesthatadaptively reparti-
tion thestateof lookup-basedoperators;we deferthefault-
tolerancediscussionto future work. Flux is interposed
betweena partitionedproducer-consumerpair in a paral-
lel data�ow pipelineto provide adaptive repartitioningfor
lookup-basedoperatorson the consumerside. In addition
to providing theencapsulateddatapartitioningfoundin tra-
ditional paralleldata�ow systems[12], Flux providestwo
mainadaptivity mechanisms:

1. To maskshort-termimbalances,Flux providesa buffer-
ing andreorderingmechanismthatabsorbstransient,lo-
calizedperturbations.

2. To adaptto long-termimbalances,Flux encapsulatesthe
logic for detectingimbalancesacrossa cluster, andfor
triggeringandenablingonlinerepartitioningof stateac-
cumulatedin lookup-basedoperators.

Thisparallelrepartitioningmechanismcanalsobeexploited
to allow in-core,streamingoperatorsto “spill” to disk, re-
lieving theoperatorwriter of thatburden.

In this paper, we presentthegenericFlux load-balancing
mechanism,and also somespeci�c parallel repartitioning
policies that handle different causesof imbalance. We
presentapolicy to handleloadimbalancesduringsituations
with ample memory resources,a policy to handlemem-
ory utilization imbalancesin a memory-constrainedenvi-
ronment,anda hybrid thatis effective in bothcases.While
Flux canbe usedwith a wide rangeof lookup-basedoper-
ators,in this paperwe focuson its applicationto operators
foundin data-streamprocessingsystemslike Telegraph[5]
and Aurora [4]. In this context, we show that the imbal-
ancesoutlined above can severely degradethe maximum
sustainablethroughputand the averageresponsetime of
statically-partitionedlookup-basedoperators.By contrast,
we show thatFlux canachieveseveralfactorsimprovement
in throughput,andordersof magnitudeimprovementin av-
erageresponsetime over thestaticcase.

In thenext section,we brie�y outline the traditionalap-
proachfor parallelizingdata�ows, its de�ciencies,andour
contribution. Section3 describesthemethodologyusedfor
evaluatingFlux. Section4 describestheFlux bufferingand
reorderingmechanism.Section5 describesthestatemove-
mentmechanismsandrepartitioningpolicy to balanceload
in low memorypressureconditions.Section6 describesthe
memory-constrainedmechanismandrepartitioningpolicy,
andthe hybrid policy. Section7 surveys the relatedwork,
andSection8 summarizesandpresentsfuturework.

2. Background and Contribution
In this section,we describeprevious approachesfor opti-
mizing andexecutingparallel queryplans,delineatetheir
inadequaciesin the CQ context, and outline our contri-
bution. For this work, we assumea shared-nothing[28]
or cluster-basedparallel computingarchitecturein which
eachprocessingnode(or site)hasa privateCPU,memory,
and disk, and is connectedto all other nodesvia a high-
bandwidth,low-latency network.

2.1. PreviousApproach
A popularapproachfor paralleldatabasequeriesconsistsof
two phases[14]. First,a queryoptimizergeneratesa static,
sequentialqueryplan basedon �x ed costmodelsandpre-
viously computedstatistics.Second,at executiontime, this
plan is parallelizedbasedon thecurrentruntimecharacter-
isticsof thesystem.In thesecondphase,thedegreeof par-
allelism(or declustering)of operatorsis determined,anda
correspondingnumberof instancesof theoperatorarecre-
ated,with eachinstanceresponsiblefor a certainportionor
partition of the input data. The sitesin a clusterfor each
of theseinstancesis chosen,andoperatorsaretheninstanti-
atedto executethequeryplan.Exceptfor someconstrained
casesdiscussedin Section7, thepartitioningof theseopera-
torstraditionallyremains�x eduntil thequeryis completed.

2.2. The Problemof ChangingLoads
Continuousquery systemslike [16, 7, 4] are essentially
a collection of pipelined data�ows, a generalizationof
pipelined query plans, that are sharedacrossnumerous
queries.A data�ow pipelineis a DAG in which the nodes
arenon-blockingoperators,andtheedgesrepresentthedi-
rection in which datais processed.A stage in a data�ow
pipelineis aproducer-consumeroperatorpairandthemech-
anismsthatconnectthemtogether.

It is possibleto use traditional parallelizationand ex-
ecution techniquesto improve the performanceof CQ
data�ows. Like parallelqueryplans,onecan take all the
operatorsin a CQ data�ow andhorizontallypartitionthem
acrossthe sites in a cluster. However, since continuous
queriesareby de�nition unbounded,theoptimalpartition-
ing of thestateandinputdatastreamof any particularoper-
ator is likely to changeover time. If thepartitioningis not
adjusted,operatorswill performpoorly dueto imbalances
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Figure 1. ExchangeandRiverDQArchitecture

thatdevelopamongthesites.
Changesin theworkloadareoneclassof variationsthat

cancauseimbalances.Onesuchchangeis in theinput data
distribution. For example, in a network monitoring sce-
nario, the geographicbiasof client connectionsmay vary
dependingon the time of day. Or in a web-logprocessing
scenario,thepopularityof pagesmayvarydependingonthe
timeof day. One-timesamplingis inapplicablein theseset-
tings sincestreamsareunboundedandtime-varying. An-
othersuchchangeis in the systemworkload. The system
mayscheduleadditionaldata�owsor addoperatorsto exist-
ing data�ows, creatingboth CPU andmemorycontention.
SinceaCQoperatorrunsfor anunboundedamountof time,
it cannotpin down a largeamountof memoryforever. So,
its main memory usagealso must be �e xible over time.
Theoperatormustreactto variationsin memoryavailability
bothonasinglesiteandacrossthecluster.

Variationsin theunderlyingruntimeenvironmentarean-
other potentialcauseof problems. Heterogeneitiesin the
underlyinghardwareplatform canleadto unexpectedper-
formance.For example,disk readbandwidthperformance
can vary dependingon the track being read[23]. Unex-
pectedCPUutilizationscanalsoarise,e.g.dueto theactiv-
ities of daemonprocesses.

Finally, theseproblemsareexacerbatedin a parallelset-
ting. As describedin Section4, a slowdown in just a single
machinecancauseall instancesof a partitionedoperatorto
equallyunder-perform.Sincea data�ow pipelineis only as
fastasits slowestoperator, theentirepipelinemaysuffer.

2.3. Exchange

In a paralleldatabase,anExchange[12] operatoris usedto
connecta stagein a pipeline wherethe producer's output
needsto be repartitionedfor the consumingoperator. For
example,if a relationis notpartitionedon thejoin key, then
the relationscanis connectedto a hashjoin consumervia
anExchange.TheExchangeensuresproperroutingof data
betweentheproducerandconsumeroperators.

Although Exchangeis conceptualizedasa singleopera-

tor, it is actuallycomposedof two intermediateoperators,
Ex-ConsandEx-Prod(seeFigure1). An Ex-Consinstance
supportsthe traditional getNext() interface,and when
invokedsimplypolls its inputsin a round-robinfashionand
returnstheincomingdatato its consumeroperatorinstance.
An Ex-Prodinstanceconnectseachproducerinstanceto all
consumerinstancesvia Ex-Cons.Ex-Prodencapsulatesthe
routinglogic. It callsgetNext() ontheproducerinstance
androutestheoutputtuplesto theappropriateconsumerin-
stancebasedon the tuple's contentandthe partitioningof
the consumeroperator. For example,for a hash-join,Ex-
Prodwould usethe hashof the join key to determinethe
destinationof thetuple.We call this typeof routingcontent
sensitive, since the destinationis determinedby the con-
tentsof thetuple.Rangepartitioningis anotherwell-known
content-sensitivepartitioningstrategy.

In aniteratorarchitecture[13], thereis typically a thread
boundaryat the Exchange,so the producerandconsumer
operatorinstancesare scheduledindependently, in sepa-
rate threads(seeFigure1). The bene�ts of Exchangeare
twofold. First, theoperatorwriter canwrite relationaloper-
atorswhile beingagnosticasto whetherthey will be used
in a parallel or single-sitesetting. Second,since a pro-
ducerinstanceis generatingoutputfor many consumerin-
stancesandvice-versa,placingtheproducerandconsumer
instancesin differentthreadsallowsacertaindegreeof over-
lappedexecutionamongtheinstances.Thelargerthequeue
betweenEx-Prodandany of its Ex-Consdestinations,the
more overlappedexecutionthat is possible. If any of the
outgoingqueuesof an Ex-Prodis full, it mustblock until
thereis availablespacefor thenext tuple.

2.4. RiverDQ

The distributed queue(RiverDQ) abstractionin the River
[23] systemaddressesthe load-balancingproblemsfor a
constrainedset of operators: those for which the parti-
tioning of the input streamcanbe content-insensitive, i.e.
any tuple in the input streamcan be sentto any instance
of the consumeroperator. This includesconsumerssuch
asselections,projections,anddistributive aggregates.The
RiverDQ architectureis the sameas the Exchangeexcept
that the routing logic in Ex-Prodis modi�ed. Insteadof
content-sensitive routing, a tuple is routedto a randomly
chosenconsumerinstanceweightedby theemptinessof the
queueto that instance. Thus, slower consumerinstances
will have a largerbacklogandarelesslikely to receive the
next input. Thismechanism,however, is inapplicableto op-
eratorsthatrequirecontent-sensitiveroutinglikehash-based
groupby-aggregatesor joinsbecausere-routingtheinputre-
quiresmoving thecorrespondingstateneededto processit.

2.5. Flux Contrib utions

Flux is a generalizationof ExchangeandRiverDQthaten-
capsulatesthelogic for onlinerepartitioningof awiderange
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of content-sensitiveoperators.Flux is insertedin adata�ow
stagefor which the consumeroperatoris a potentialbot-
tleneck. The key designfeatureof encapsulation, inspired
by Exchange,relievestheoperatordeveloperof theburden
of implementingthis logic for eachquery operator. The
data�ow APIs to content-sensitive operatorsthat useFlux
needsomemodi�cation to allow statemovement,but we
endeavor to make this API asleanaspossible.

3. Experimental Methodology
In this section,we describethe experimentalmethodology
usedto illustratethebene�tsof Flux mechanisms.

Throughoutthis paper, we usea hash-based,windowed
group-by-aggregateoperatoras an example. It is similar
to a traditionalhash-basedgroup-by-aggregateoperator[3]
exceptthat it maintainsa history of themostrecentlypro-
cessedtuplesfor eachgroup.In theCQ context, this opera-
tor takesastream,splitsit into multiplelogicalstreams(one
pergroup),andcomputesa statisticover the recenthistory
of theextractedstreams.Suchanoperatorcanbeused,for
example,in a network monitoringscenarioto computethe
averagepacketsizeperclientoverthemostrecent� packets
received.Variantsof this operatorexist [31] whereboththe
statisticcomputedandthenotionof recenthistorycanvary.

To isolateand illustrate the effects of Flux, we restrict
ourselvesto a simplehash-basedwindowedgroup-bythat,
on every new tuple, computesa statisticover a �x ed size
history. In termsof resourceuse,thesalientcharacteristics
of this operatoraresimilar to oneswith moresophisticated
de�nitions of history. It hasboundedbut non-negligible
state,andtheper-tupleprocessingtime is non-trivial.

To evaluateourmechanisms,webuilt asimulationof this
operatoron a shared-nothingcluster. Eachsimulatednode
in this clusterhasa 1000MIPS CPU,with a single80GB
disk, and1 GB of mainmemory. Thenodesareconnected
by a gigabitethernetnetwork. We modelthenetwork con-
nectionbetweeneachpairof machinesasa�x edsizequeue
thatholdstwo 1K packets,andeachpackethasa latency of
70� s. Thenetwork is not thebottleneckfor mostof ourex-
amples.Sounlessotherwisespeci�ed,we assumethenet-
work hasin�nite bandwidth.We simulatea disk with read
andwrite bandwidthof 20MB/s andaverageseektimeof 5
+/- 0.2 ms. We modeltheper-tuple in-memoryprocessing
timeof ourwindowedgroup-byusinganormaldistribution
with a meanof 45 +/- 3 � s. On a 1000MIPS machine,this
accountsfor thetime to probethehashtableandupdatethe
history of the group; it also allows for modestadditional
processingfor computingthenext aggregate,e.g. standard
deviation.

Oursimulatoris basedon theTelegraphsystem[27], and
the simulationof eachnodeis a hybrid betweenoperators
in the Telegraphcodebaseanda discrete-event simulator.
Thus,we have a working implementationof theFlux APIs
describedin this paper. Only thehardware,aggregatefunc-
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tion evaluation,andunderlyingscheduleraresimulatedto
allow usto easilycontrolandscaleourexperiments.

Thebaselinefor all ourexperimentsis asingleproducer-
consumerstage.This stageis partitionedacrossa 32-node
clusterand composedusing a traditional Exchange. The
consumeroperatorisourwindowedgroup-bythatmaintains
a history for 16K groupsthatarepartitionedevenly across
thecluster. Eachmachinealsohasa producerinstancethat
generatesan80 bytetuple in 0.5 � s on every getNext()
call. Thus,producerinstancesgeneratetuplesasfastasthe
consumeroperatorcanprocessthemallowing us to assess
the consumer's maximum sustainableperformance. Un-
lessotherwisenoted,eachproducerinstancegeneratestu-
plesuniformly distributedacrossthe16K groups.At steady
state,the aggregatethroughputof the consumeroperator,
i.e. the total acrossall instances,is ��� ���	��

� tuples/sec.
This setuphasa cross-sectionalcommunicationbandwidth
requirementof 450mbps,well underthecapacityof gigabit
ethernet.

4. Short-Term Imbalances
In this section, we describea buffering and reordering
mechanismthat allows Flux to handleshort-termimbal-
ancesbetterthanExchangefor content-sensitiveconsumers.
Flux extendstheExchangedesign,andanalogously, its in-
termediateoperatorsarecalledFlux-ProdandFlux-Cons.

In a stagewith an Exchange,there is typically all-to-
all communicationbetweenthe Ex-Prodand Ex-Consin-
stances.In sucha case,a slowdown in a singleconsumer
instancecan causea slowdown of the entire stage,an ef-
fect that is a result of head-of-lineblocking. Imaginethe
input from eachproducerinstanceis distributeduniformly
acrosstheconsumerinstances.Then,all Ex-Prodinstances
are forced to produceat the rate of the slowestconsumer
instancebecausewhena queueto that instanceis �lled, an
Ex-Prodinstancemustblock until thatqueuehasavailable
space.This effectsthedelivery rateto theotherconsumers
causingeachconsumerinstanceto proceedonly asfastas
theslowestandtherebyslowdown theentireoperator.

Short-term imbalancesacrossthe cluster or transient
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skew cancausehead-of-lineblockingin anExchangestage,
resulting in potentially severe performancedegradation.
This situationcan arise for variousreasons. One source
of transientskew is dataarrival order. For example,even
thoughthe produceroperatormay generatetuplesfrom a
uniformdistribution,it maydistributethesevaluesunevenly
over time – e.g.,it maygeneratetuplesin batchesthat �rst
go to machineA, thenmachineB, thenmachineC, etc. A
similar effect canariseif short-termprocessingloadcycles
throughthe machinesin a cluster in round-robinfashion.
Suchloadmayoccur, for example,whena centralmonitor
cyclesthroughthemachinesin a clusterprobingfor statis-
tics. In this case,every oneof theseperturbationsimpacts
all producerinstancesin a serialfashion.

Thealert readermayhave noticedthatwhenanEx-Prod
instanceblocksasa resultof transientskew, theremay be
amplequeuingspacein theconnectionsto othermachines.
To mollify thehead-of-lineblockingeffect,weneedamore
�e xible datastructureto take advantageof theextra space.
Insteadof placingthebuffer spacein theconnections,Flux-
Produsesa buffer interposedbetweenit andthe producer
operatorinstance. This buffer, called the transientskew
buffer, supportsthe retrieve(int PartID) method
thatreturnsthenext availabletupleintendedfor aparticular
machine(seeFigure2), anda insert(tuple T, int
PartID) methodfor queuingupatuplefor thedestination
PartID .

The buffer is implementedas a hashtablekeyed on the
destinationof the tuple, andpins down a �x ed amountof
memoryfor that hashtable.It is similar to the Juggle[22]
operator, exceptit doesnot spill tuplesto disk. Flux-Prod
drainstuplesfrom the buffer for only the connectionsthat
canacceptanothertuple.Flux-Prod�rst callsgetNext()
on theproducerinstanceif thebuffer hasspaceto hold an-
othertuple, insertsthe returnedtuple into the buffer based
on its destination,and then extractsand forwardsa tuple
from thebuffer for anunblockeddestinationif oneexists.

This enhancementpermitsreorderingof theinput tuples.
It allows theFlux-Prodto continueto forwardtuplesin the
buffer intendedfor otherdestinationseven when the con-
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nectionto a particulardestinationis blocked. With this de-
sign,thebuffer spaceis �e xibly allocatedto thedestinations
ondemand,asopposedto dividing thespaceamongthedes-
tinationsbeforehand.If thebuffer is largeenoughto absorb
the type of transientskew describedabove, thenthe Flux-
Prodinstanceswill beaffectedby the largestof thepertur-
bations,andnot eachoneindividually. In thenext section,
we describehow the transientskew buffer is also usedto
avoid blockingFlux-Prodduringstatemovement.

We modi�ed our baselinecon�gurationto useFlux-Prod
with a transientskew buffer andcomparedit to Exchange
with anequivalentamountof spacein theoutgoingqueues.
We introduceda load that goesround-robinon the ma-
chines, lasting 
���� sec. on eachmachine. We simulate
the load by introducinga processthat consumesprocess-
ing timeof 100� sandsleepsfor 50� s. Onasinglemachine
with awindowedgroup-byrunningatsteadystate,theaddi-
tional processdegradesthroughputof theoperatorinstance
by about57%. We arti�cially warmedup thebuffer at the
start,andran theparallelsimulationwith the rotatingload
for 16sec.(32machinesx 0.5sec.)of simulatedtime. Fig-
ure3 plotstheaverageaggregatethroughputfor eachrunas
we variedthebuffer size.With no buffer, throughputof the
entirestagedropsto abouthalf of theunloadedcase,even
thoughonly a singlemachineis overloadedat any time. As
buffer size is increased,Flux quickly beatsExchangeand
approachesthethroughputof theunloadedcase.

5. Long-Term ProcessingImbalance

Long-termload imbalanceseventuallyoverloadany �x ed-
sizedbuffer, so the previous techniqueis only suited for
short-termimbalances.As mentionedbefore,somesources
of long-termimbalanceincludechangesin both the query
mix and the underlyingdatadistribution which can make
content-sensitive operatorsseverely under-perform. Thus,
we describea mechanismto adjust the partitioning of an
operatoron the�y anddescribepoliciesfor decidingwhen
andhow to repartitionthem.
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5.1. Flux Repartitioning Mechanism

Like theRiverDQ,we needtheability to repartitionthein-
put streamto rebalancethework for a content-sensitiveop-
erator. In this case,repartitioningthe input also requires
moving the accumulatedoperatorstatenecessaryfor pro-
cessingtheinput. For example,in our windowedgroup-by,
if theinputstreamfor aparticulargroupis shiftedto another
machine,thenthegroup'shistoryneedsto berelocatedac-
cordingly. To allow repartitioningof thestateof a content-
sensitiveoperator, we makea few changesto ourdesign.

We�rst introducealevelof indirection.Insteadof having
apartitionperconsumerinstanceasin Exchange,weinstan-
tiate numerous“mini”-partitions, so that the total number
of partitions is much larger than the degreeof decluster-
ing of theconsumeroperator. Creatingnumerouspartitions
for handlingskew is a well known technique[10]. These
numerous,smallpartitionsaredistributedamongstthecon-
sumeroperatorinstancesat initializationtime,andthosein-
stancesareresponsiblefor processingthecorrespondingin-
put.

To permitreallocatingthesepartitionsfor load-balancing
purposes,the consumeroperatormust implement, in ad-
dition to the traditional iterator interface, the getPar-
titionState() and installPartitionState()
methodsfor extracting and installing the stateassociated
with aparticularpartition.ThegetPartitionState()
methodextracts the partition statefrom the internal data
structures,andmarshallsthepartitionstateinto a machine-
independentform. The installPartitionState()
methodunmarshallsthe partition state,and installs it into
theoperator's internaldatastructures.Thesemethodsoper-
ateon a list of pagesthatcontainthepartitionstate.These
extraction and installation methodsare invoked only by
Flux-Cons.

Becausewe addeda level of indirectionandpermitstate
movement,a given partition canpotentiallybe locatedon
any oneof the sitesof the content-sensitive operator. So,
the routing logic in Flux-Prodneedsto change.The rout-
ing functionmustreturna partitionid insteadof a machine
id. In addition,Flux-Prodmaintainsamappingbetweenthe
partitionsandtheirsitesto determinethedestinationof atu-
ple (seeFigure2). Also, thetransientskew buffer is keyed
onpartitionid insteadof machineid to avoid blockingFlux-
Prodduringstatemovementasdescribedin thenext section.
Flux-Prodnow cyclesthroughonly thepartitionsfor which
thedestinationconnectionsareunblocked.

WealsomodifyFlux-Consto maintainstatisticsaboutthe
executionandto coordinatestatemovement. We �rst de-
scribethe addedmechanismsfor coordinatingstatemove-
mentdepictedin Figure4. EachFlux-Consinstancemain-
tains a reverseconnectionto all Flux-Prodinstances,and
a bi-directionalconnectionto a centralController, located
on a separatededicatedmachine. The Controller is re-

sponsiblefor collecting the runtime information from the
Flux-Consinstancesand issuingmovementdecisionsfor
load-balancing.Also shown in Figure4, is theStateMover
thread. It is responsiblefor asynchronouslytransferring
stateor receiving stateas instructedby Flux-Cons. Each
Flux-Consinstancecommunicateswith a local StateMover
threadthroughashared-memorydatastructure.EachState-
Mover threadmaintainsa connectionto all theotherState-
Mover threadsat the other sites. Note, the StateMover
threadandControllercanbesharedby multipleFluxenin a
data�ow1.

A Flux-Consinstancemaintainstwo statisticsthat the
Controllerusesto determineif repartitioningwill beeffec-
tive. First, it keepsa count of the numberof tuplespro-
cessedper partition. Second,it estimatesthe amountof
time the instancehasspentidle. Idle time is the amount
of time theFlux-Consinstancewaitson the incomingcon-
nectionsfor a tuple,andis usedto determineutilization of
theconsumerinstance.Becausewe needa way to estimate
idle time,werequireFlux-ConsandFlux-Prodto besched-
uledin separatethreads.In a polling-basedimplementation
of Flux-Cons,it can estimateidle time by the time spent
“sleeping”while waiting for input to arrive. Thebetterthe
estimate,themoreeffective the load-balancingpolicy is in
improving theaggregateperformanceof acontent-sensitive
operator.

5.2. StateMovementProtocol

For a content-sensitive operatorlike our windowedgroup-
by, the stateof a partition dependsupon the sequenceof
tuplesit hasprocessed.Thus,moving a partition requires
the partition stateto be consistentwith respectto the se-
quenceof tuplesdeliveredto it. In orderto ensurethis con-
sistency, our statemovementprotocolneedsto quiescethe
input streamto thepartitionbeforeit is transferred.More-
over, to avoid blockingduringstatemovement,Flux needs
to buffer theinput for thein-�ight partitionswhile still con-
tinuing to processtheinput for stationarypartitions.Below,
wedetailthestatemovementprotocolandmechanismsthat
achieveboththesecriteria.

Moving apartitionfrom oneinstanceto anotherinvolves
the following steps: quiescingthe input to the partition,
marshallingthestateinto machineindependentform andre-
moving it from theinternaldatastructures,transferringthe
state,unmarshallingthe stateand installing it into the re-
ceiving instance,andrestartingthepartition's input stream.
Wewalk throughthestepsof how apartitionis movedfrom
onesite to anotherto illustratethedetailsof eachof these
steps.

State movement is initiated by the Controller, which
startsthequiescingphase.After receiving statisticsfrom all
theFlux-Consinstances,theControllerconsultsthe repar-

1WepluralizeFlux in thesamemanneras“ox” or “VAX”.
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titioning policy andgeneratesa list of partitionsto move.
Themovesarethensentto boththeoriginatinganddestina-
tion Flux-Consinstancesfor eachpartitionto beshifted.A
Flux-Consinstance,onceinvokedby theconsumerinstance
(throughgetNext() ), �rst checksfor messagesfrom the
Controller. Whena move requestis received by the desti-
nation Flux-Cons,it queuesup a receive requestwith the
StateMover thread. When a move requestis received by
theoriginatingFlux-Cons,it broadcastsa pauserequeston
the relevant partition to all Flux-Prodinstances,and then
continuesto processnormally. Whena Flux-Prodinstance
receivesa pauserequest,it marksthat partition asstalled
and stopsdraining tuplesfor that partition from the tran-
sientskew buffer. It then immediatelysendsan acknowl-
edgementto the originating Flux-Consinstance. Assum-
ing orderedmessagedelivery, once the originating Flux-
Consinstancereceivesall acknowledgements,all in-�ight
tuples for the candidatepartition have beenreceived and
processed.At this point, thecandidatepartition is success-
fully quiesced.

Next, the originating Flux-Cons extracts the partition
statefromtheconsumerinstancevia thegetPartition-
State() method,andpassestheresultto theStateMover
threadto transferthe state. Oncethe statehasbeentrans-
ferred,theStateMover threadat thedestinationsitenoti�es
thelocalFlux-Consinstance.ThedestinationFlux-Consin-
vokestheinstallPartitionState() methodon the
consumerinstance,andthensendsa restartmessageon the
relevant partition to all Flux-Prod instancesand the con-
troller. Whentherestartmessageis received,theFlux-Prod
instancesupdatetheir map for the partitions,and resume
draining tuplesfor the stalledpartition. Note, during this
protocol,statetransferacrossmachinesoccursin theback-
groundwhile Flux-ConsandFlux-Prodcontinueprocessing
for partitionsnotbeingmoved.

We made two important designdecisionsto facilitate
statemovement.First,althoughquiescingcausesatransient
delayonasingle(mini-)partition,wecantakeadvantageof
thetransientskew buffer to allow Flux-Prodtostall theinput
for in-�ight partitionswithout blocking. The buffer holds
the input for the stalledpartitionswhile permitting Flux-
Prodto continueforwardingtuplesfor otherpartitions. If
we hadplacedthebuffer spaceinto thedestinationconnec-
tionslikeExchange,thenwhenatuplefor astalledpartition
arrived, Flux-Prodwould be forced to block to avoid for-
wardingthat tuple. Moreover, by limiting thebuffer space
betweenFlux-ProdandFlux-Consinstances,we minimize
thenumberof in-�ight tuples,andhencethetime it takesto
quiescea partition.

Second,becausethe extractionandinstallationmethods
arecalledonly by Flux-Cons,we areable to simplify the
implementationof theseroutines.Sincedata�ow operators
are typically single-threaded,no internal stateis concur-
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Figure 5. Partition movementsin a singleround

rentlybeingmodi�ed oncecontrolhaspassedto Flux-Cons.
Thus,implementingtheextractionandinstallationmethods
requiresonly slightmodi�cation to existingoperatorswith-
out introducingadditionalsynchronizationoverheadduring
normalprocessing.

5.3. Load-BalancingPolicy
Thegoalof theFlux load-balancingpolicy is to repartition
the consumeroperatorto improve aggregateperformance
for thatstage.Sinceit is dif�cult to predictfuturebehavior,
theaim of our policy is to reactto existing conditionsand
avoid thrashing,i.e.,repeatedlymakingbaddecisionscaus-
ing theoperatorto makenoprogress.Becausemoving state
hasasigni�cant cost,thispolicy triesto maximizethebene-
�t of rebalancingwhile minimizingthenumberof partitions
moved. In this section,we assumethatthereis amplemain
memoryto accommodatethe stateof the consumeropera-
tor. Underthis assumption,averagelatency pertupleis just
the in-memoryprocessinglatency of the tuple. Thus, the
metricfor which to optimizeis throughput.

Thepolicy for load-balancingproceedsin rounds.Each
roundconsistsof two phases:a statisticscollectionphase,
and a move phase. At the beginning of eachround, the
Controllersendsa messageto all Flux-Consinstancesthat
servesasa signalto begin collectingstatistics.Within that
messageis aduration� indicatinghow longaFlux-Consin-
stanceshouldaccruestatisticsbeforeit returnstheinforma-
tion to theController. When � time passes,eachFlux-Cons
instance,� , returnstheamountof timespentidle, ��� , during
thecollectionphase,andthenumberof tuplesprocessedper
partition, ���	��
 . TheControllercomputestheutilization of
eachsite (or instance),�

��

�������

� , andsortsthesitesby
decreasingutilization. For eachsite, it sortsthe partitions
in descendingorderof thenumberof tuplesprocessed,and
calculatesthetotal tuplesprocessed,�

� . Thesiteswith uti-
lizationabovetheaverage, �� , areconsidered(in descending
order)for sheddingload.

Our policy aimsto equalizetheutilization of eachof the
sitesas well as possiblein the fewest numberof moves.
Startingfrom themostutilizedsite(thedonorsite),wepair
it with theleastutilizedsite(thereceiving site),andrepeat-
edly pair sitesat the endsaswe work toward the middle.
Figure 5 shows an examplewith four sites,sortedin de-
scendingorderof utilization. Thesizeof eachpartitionrep-
resentsthe amountof processingtime eachpartition con-
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sumedin the round. We pair site 1 with 4 andsite 2 with
3. For eachpair, we considermoving a partition from the
donorto thereceiver. We �rst applya thresholdtest. If the
donor's utilization, � 
 is lessthantheaverage, �� , or if the
utilization ratio (i.e. imbalance)of thetwo sitesis lessthan
somethresholdfactor ��� ����� or if the receiver's utilization,

��� , is above a threshold, ���
	�� ��
 , then we do not consider
thosesites for any statemovement. Otherwise,we walk
down the sortedlist of partitionsandschedulea move for
the �rst partitionin thedonor's list thatwill reducetheuti-
lization imbalancebetweenthedonorandreceiver.

To estimatethepost-repartitioningutilizationof eachsite,
weassumethatthenumberof tuplesprocessedby eachpar-
tition andtheprocessingrateof eachconsumerinstance(or
site) remains�x ed acrossrounds. Given a partition to be
moved that processed��� tuples,the donor's new utiliza-

tion is estimatedas ���





 � 


�

� �����

����� . Likewise, the re-

ceiver'snew utilization is estimatedas ���

�



�

�

�

���
�

�

���
� .

The secondterm in both equationsis an estimateof the
changein utilizationgiventhecurrentprocessingrateof the
consumerinstances.If the receiver becomesoverutilized,

���

���

� , thenwe donotschedulethemove.
Figure 5 shows an examplein which the partitionsare

sortedby the numberof tuplesprocessed.Partition 5 is
movedto site 4, andpartition8 is movedto site 3 because
moving 9 would increasetheimbalancebetweensites2 and
3. Only a singlepartition is movedfor every pair duringa
round.We continuedown our list of machinepairsuntil all
pairshave beenconsideredor somepair fails thethreshold
test. During any round at most  "!$# partitionsare moved
where  is the degreeof declusteringfor theoperator, and
eachsitemovesor receivesatmostonepartition.

Once the moves have beendetermined,the Controller
sendsout themove ordersto theappropriateFlux-Consin-
stancesandstartsa timer. Onceall the moveshave com-
pletedtheroundis �nished, andwe usethetimer to record
the durationof the move phase.The durationof the next
collectionphase� is setto the lengthof thepreviousmove
phase. This heuristicensuresthat even if we make poor
movementdecisions,at mosthalf the time is spentstalling
and repartitioning. In effect, this heuristic dampensthe
load-balancingpolicy andpreventsit from overreacting.In
caseno partitionsweremoved,we set � to half its previous
value.Ourcollectionphaselengthis subjectto aminimum,

�%� �'& . In thenext section,weshow thisminimumcollection
phasedurationallows thesystemto becon�gured to avoid
excessivemovementswhenpartitionsizesaresmall.

5.4. Experimentsw/ ProcessingLoad

To show theeffectivenessof our load-balancingpolicy, we
ran a numberof simulationsof the windowed group-by
operatorusingFlux. We instantiate64 partitionsper ma-
chine, with eachpartition holding a history of 10,000tu-
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Figure 6. BalancingProcessingload

ples, or 800KB. In this example, even though the entire
stateof the windowed groupby can �t onto 2 machines,
we utilize the clusterfor improved throughput.Eachpro-
ducerinstancegeneratestuplesuniformly distributedacross
16K groups.Unlessotherwisespeci�ed, for all subsequent
experiments,the Flux-Prodtransientskew buffer is set to
160KB (2048 tuples). Also, we charge 0.2 � s per tuple
for quiescingandinstallingpartitions. To approximatethe
bandwidthlimitations of a gigabitethernetnetwork during
the move phase,we assumethat the maximumavailable
cross-sectionalbandwidthis 500mbpsfor partition move-
ment,andmaximumpoint-to-pointbandwidthis 250mbps.
For theload-balancingpolicy, weusedthefollowingparam-
etervalues�%� �'&



��
)(+* , ��� �����



� � # , ���

	��
��





�� � .

Our �rst experimentexamineshow quickly the load-
balancingpolicy reactsto a load perturbationby introduc-
ing an external load on a single machine. As before,an
extra processthat computesfor 100� s andsleepsfor 50� s
is usedto exert the load. The top line in Figure6 shows
performancethe with no machinesperturbed.The bottom
curveshowstheperformancewith load-balancingturnedoff
andload introducedat �



� sec. We reporttheaggregate

throughputcomputedover onesecondintervals. Theeffect
of additionalload is felt only after �



� sec.:head-of-line

blockingensueswhenthetransientskew buffer �lls, afford-
ing usabout4 sec. of slack. Likewise,our load-balancing
policy feelstheeffect of the imbalanceat thesametime as
shown in themiddlecurve. However, it beginsto movepar-
titions to reactto this perturbation.It reachessteadystate
after of�oading 32 partitionsat �



�%, sec., � sec. from

whenit beganrebalancing.The minimum time neededto
transferthesepartitionsis # sec. The dilation in reaction
time is a resultof two factors. Oneis the time to process
anddrainin-�ight tuplesbeforepartitionmovementoccurs,
andanotheris the collectionphasewhich waits aslong as
thepreviousmovephase.

Our secondexperimentdisplayshow aggregateperfor-
mancedegradeswith increasingexternal load. We per-
turbeda randomsubsetof themachinesin theclusterwith
the sameexternal load andreportthe averagesteadystate
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Figure 7. GracefulDegradation

aggregatethroughputof the consumeroperator, i.e., after
the load is felt in the staticcase,andafter rebalancinghas
completedin the load-balancingcase. The bottomline in
Figure7 showstheperformancewithout theload-balancing
policy. As expected,a resultof the head-of-lineblocking
phenomenondescribedbefore,the throughputof theentire
stagedropsoncea singlemachineis perturbedandremains
there.Ontheotherhand,theload-balancingpolicy manages
to rebalancethe partitionsthusexhibiting a smooth,linear
degradationpro�le.

Finally, wepresentexperimentsin whichthepolicy over-
reactsandexhibits suboptimalperformance,andwe show
how increasingthe minimum collection time parameter

�%� �'& can prevent it from overreacting. We modi�ed the
producerinstancesto generatetuplesaccordingto an80/20
distribution across16K groups. Using this workload and
no externalload,we initially rantwo typesof experiments,
with andwithout the load-balancingpolicy. For all experi-
ments,weranthesimulationfor 60sec.of simulationtime,
computedtheaggregatethroughputin onesecondintervals,
and report the averageof the 60 values. Figure 8 shows
at small valuesof �

� ��& the load-balancingpolicy achieves
half thethroughputof thestaticcase.In this skewedwork-
load,thereareafew partitionsthatreceivemostof thework
andarethebottleneck.Sincethepartitionsaresmall,move-
menttime is short,causingthecollectionphaseto beshort.
During collection,the controlleronly receivesan accurate
sampleof processingloadon machineswith popularparti-
tions; hence,it keepsshifting popularpartitions. As ��� �'&

is increased,it dampensthe frequency of movements,and
at � � ��&



# � 
 ms, the load-balancingpolicy outperforms

the unloaded,staticcase. We reranthe sameexperiments
with thesameexternalload introducedon 8 machines,en-
suringthat thesite initially with themostpopularpartition
was also overloaded. As expected,in the static case,the
throughputdropsandtheload-balancingpolicy is still inef-
fectiveatsmall �

� ��& . As �
� �'& is increased,its performance

quickly improves, and it outperformsthe static unloaded
caseat �%� ��&



� � 
 ms. Surprisingly, thepolicy worksbet-

ter (i.e., it requiresa smaller �%� �'& ) in the loadedcasethan
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Figure 8. VaryingCollectionTime, � � �'&

in theunloadedcase.In the loadedcase,thepolicy moves
popularpartitionsonto unloadedsitesquickly becausethe
imbalancebetweensitesis larger, and the load imbalance
preventsthepartitionsfrom beingmovedback. Of course,
aswe notedearlier, the trade-off for increasingthecollec-
tion phasedurationis that it takeslongerto rebalance.Be-
causethe policy is sensitive to its parameters,autotuning
of thesevaluesis aninterestingandnecessarydirectionfor
futurework.

6. Memory-Constrained Envir onment
In the previous sections,we only consideredrepartition-
ing in conditionswith ample aggregatememory, but for
content-sensitive operatorsoften memorycanbe the criti-
cal resourceratherthanprocessingcapacity. For example,
if our windowed group-byis requiredto maintaina much
larger history or the numberof groupsincreasesdramati-
cally, then it could run short on physicalmemory for its
internal state. Or, the CQ runtime systemcould instanti-
ateanotheroperatoron thesamemachines,forcingexisting
operatorsto releasesomeof their memory. Whenphysical
memoryis exhaustedon somesite, content-sensitive oper-
atorslike our windowedgroup-byhave threechoices:shed
stateto disk,movestateto anothersite,or decreasethehis-
tory sizemaintained.In certaincritical applicationslike in-
trusiondetectionor monitoringstockquotes,thelastoption
may not be acceptable.We focuson suchapplicationsin
which content-sensitiveoperatorsmustadapttheir memory
usageby repartitioningto employ bothlocaldiskandavail-
ablememoryacrossthecluster.

Fluxusesadual-destinationrepartitioningmechanismfor
memory-constrainedenvironments. Flux-Cons leverages
thestatemovementAPIs to provide a local, per-sitemech-
anismfor spilling partitionsto disk. Sincestreamingoper-
atorshave unboundedinput, Flux usesa local round-robin
style policy that continually rotatesthroughon-diskparti-
tionsto avoid accruinginput tuplesinde�nitely. Dueto lack
of space,wereferthereaderto thefull paper[26] for details
of thelocalmechanismandpolicy.

Whenanoperatorstartsspilling, boththroughputandav-
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eragelatency pertuplearedegraded.Throughputis dimin-
ishedbecauseI/O is performed,andlatency risesbecause
inputtuplesfor on-diskpartitionsmustbespilledto diskand
processedlater. Thus,imbalancesin memoryusageacross
a clustercanleadto suboptimalaggregateperformancein
bothrespects.Wemodify theControllerto provideaglobal-
level repartitioningpolicy that avoids or postponeslocal
diskuseandef�ciently usesaggregatemainmemoryacross
theclusterto improveboththroughputandaveragelatency.

6.1. Global Memory-Constrained Repartitioning

Like thecasewith load imbalances,evena singleinstance
thatexhaustsmemoryandspills to diskcanhampertheper-
formanceof the entireconsumeroperator. To detectsuch
imbalancesunderheavy memorypressures,Flux needsad-
ditional interfacesto theconsumeroperatorto determineits
memoryusagecharacteristics.The idle time metric fails
to accuratelyre�ect imbalanceswhenavailablememoryis
exhaustedbecausethe local Flux-Consmechanismis busy
performingI/O, soit rarelyexhibits idle time.

Thus,we requirethe operatorexport to a getParti-
tionInfo() methodthat returnsa list of sizesfor in-
stalledpartitions. Moreover, Flux-Consneedsa hook into
the memorypool to determinethe free spaceavailable to
the operator. By using thesenew interfaces,the Flux-
Consoperatorreturnsto the Controller informationabout
memoryavailability andpartition sizes. Sinceit alsohan-
dles spilling, Flux-Consalso indicateswhetherpartitions
arememoryresident,andthesizeof their unprocessedin-
put. TheControllerimplementsa globalrepartitioningpol-
icy that attemptsto balancememoryusageamongstma-
chinesandbalancedisk usagewhenaggregatememoryis
exhausted.

To dealwith thememory-constrainedcase,wemodify the
policy in Section5.3 to usethememoryusageinformation
directly for repartitioning.Thepolicy continuesto proceed
in roundswith a collectionphaseandmove phase,but in-
steadof consideringidle time,theControllerdeterminesthe
excessmemorycapacity, �

�

���

�

*%��� ��� *����	� � (
��( �	�	�	�

�

,
of eachsite (or consumerinstance).Sitesaresortedin in-
creasingorder of excessmemorycapacity. For eachsite,
thepartitionsaresortedin decreasingorderof size,with in-
memorypartitionslistedor prioritizedbeforeon-diskparti-
tions, becausethe latter requireI/O andprocessingspilled
input beforemovement.Like theload-balancingpolicy, we
selectpartitionsto moveby pairingsiteswith lessexcessca-
pacityto siteswith moreexcesscapacity. For eachpair, we
traversedown thelist of partitionsandmovethe�rst thatre-
ducestheimbalancein excesscapacitybetweenthetwo. In
thethresholdtest,we remove theutilization restrictionsfor
the receiver, becausealthoughmemorymay be exhausted,
movementwould balancethenumberof on-diskpartitions.
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Figure 9. ThroughputduringMemoryBalancing

6.2. Experimentsw/ Memory Pressure
To illustratetheef�cacy of thememory-constrainedreparti-
tioning policy, we rana numberof simulationexperiments
andanalyzedtheir behavior with respectto throughputand
averagelatency per tuple. We de�ne latency the time a tu-
pleenterstheFlux-Consoperatorto thetime it is processed
by theconsumeroperator. We continuewith oursimulation
of thewindowedgroup-byoperatorusingtheboththelocal
andglobal mechanismandpolicy. The sizeof eachparti-
tion is increasedto 6MB andwe create128 partitionsper
machine.Thus,at eachsite,768MB out of 1GB is initially
occupied.We simulatesynchronousdisk I/O for spilling to
disk duringwhich a Flux-Consinstanceis blockedandnot
processingincomingrequests.

In the�rst experiment,shown in Figures9 and10,weex-
aminehow quickly therepartitioningpolicy reactsto mem-
ory pressure.We ran the simulationandintroducedmem-
ory pressureon a single machineby reducingthe avail-
ablememoryfrom 1GBto 512MB.Wereporttheaggregate
throughputandaveragelatency pertuplecomputedoverone
secondintervals. At �



� sec.,available memoryis re-

duced,andFlux beginsto extractandspill partitionsto disk.
It needsto extractandwrite 256MBto disk,whichtakesap-
proximately� , sec.to complete.Duringthattime,theFlux-
Consoperatoris completelystalled,causingtheproducers
to block and grinding throughputto a halt. In the static
case,at �



� � sec.,theoverloadedmachinebeginsto pro-

cessincomingtuplesagainat a muchreducedrate,because
it is cycling throughthe on-diskpartitions(seeFigure9).
On theotherhand,whentherepartitioningpolicy in effect,
while somepartitionsarebeingtransferredto disk, others
are concurrentlytransferredto other machines.Thus, we
observe someminute throughputduring the stalledphase.
At �



� � sec.,the overloadedmachinestartsprocessing

incomingtuplesagainandtherepartitioningpolicy contin-
uesto of�oad on-diskpartitionsto othermachines.During
thistime,averagelatenciesarehigh(seeFigure10)because
activatedpartitionsare processingtheir previously spilled
input. Onceall thepartitionsarein memoryat �



�	� sec.,
the throughputof thestagereachestheunloadedcase,and
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Figure 10. Avg. LatencyduringMemoryBalancing

averagelatency returnsto thein-memorylatency.
The repartitioningpolicy takes � � sec. to reachsteady

statewhile it shouldonly take � � � sec. to transferthepar-
titions andrebalance.This dilation in reactiontime occurs
becausethe local mechanismin Flux-Consspills partitions
to disk duringwhich time it cannotdispatchmove requests
or processcollectionrequests.Thiselongatesboththemove
andcollectionphasein a roundresultingin an increasein
reactiontime.

In a secondsetof experimentswe variedthenumberof
machinesperturbedwith the sameexternal memorypres-
sureto show how thesystemdegrades.Wesummarizethese
resultsdueto spaceconstraints[26]. Thedegradationpro-
�le for thestaticcaseascomparedto therepartitioningpol-
icy is similar qualitatively to the onein Figure7. The av-
eragesteady-steadythroughputfor the staticcasedropsto

� � � � ��
 � from ��� � � ��
 � tuples/seconcea singlemachine
is perturbedand remainsthere. The memory-constrained
policy exhibits an almost linear degradationpro�le. The
steady-stateaveragelatency for thestaticcaseincreasesby
severalordersof magnitudefrom , � � * to # � , � ��

� � * with
onemachineperturbedandreaches���

�
� ��
�� � * with all ma-

chinesperturbed.This precipitousincreaseoccursbecause
onaperturbedmachine,a third of thepartitionsareondisk,
andaveragelatency is proportionalto thetimeit takesto ro-
tatethroughall thepartitions.Thememory-constrainedpol-
icy managesto maintainthe in-memorylatency , � � * until
availableaggregatememoryis exhausted,after which the
averagelatency increasesexponentially.

6.3. Hybrid Repartitioning Policy

We describea simple hybrid of our load-balancingand
memory-constrainedrepartitioningpolicy thatachievesthe
bene�ts of both. If any operatorinstancehas partitions
spilled to disk, the hybrid policy resortsto the memory-
constrainedpolicy to avoid high averagelatencies.If par-
titions for all instancesare residentin memory, it resorts
to theload-balancingpolicy to improvethroughput,subject
to theconstraintthata partition is movedonly if suf�cient
memoryexistsat thedestinationsite.

Thehybrid policy outperformstheotherpoliciesundera
mixtureof externalCPUandmemoryloadsbecauseit can
leverageboth load imbalanceandmemoryusagestatistics
directly. We refer thereaderto [26] for experimentsshow-
ing thehybrid'sbene�ts.

7. RelatedWork
Therelevantwork which inspiredFlux falls into two main
categories: recentadvancementsin continuousquery and
streamprocessingsystems,and previous work in parallel
queryprocessing.

PreviousCQ systemshave dealtwith scalabilityrequire-
mentsby taking advantageof the commonalityamongst
queries.NiagraCQ[7] andXFilter [2] areexamplesof CQ
systemsover streamingXML documents.CACQ [16] is
an adaptive systemfor relational-stylecontinuousqueries
overstreamingsensordata.PSoup[6] extendsCACQto ac-
commodatedisconnectedoperation.A key featureof these
systemsis to treatquerieslike dataandindex themto take
advantageof their commonality. The latter two systems
employ anEddy [24] to dynamicallyadapta queryplan to
changingworkloadcharacteristics.

STREAM [18] is a datastreamprocessingprojectwhich
focuseson computingapproximateresultsandminimizing
thememoryfootprintof queriesoverdatastreams.TheAu-
rora [4] systemproposesto useuserspeci�ed quality-of-
servicepro�les sacri�cing resultquality in the absenceof
suf�cient resourcesfor scalability. In contrast,we believe
that inexpensiveshared-nothingparallelismis a morecom-
pelling approachto scalability thanspecializedtechniques
that sacri�ce resultquality, thougha combinationof these
is certainlynatural.

While noneof thesesystemshave explicitly considered
parallelism,integratingFlux into systemsthatarecomposed
of �x eddata�ows like NiagaraCQ,XFilter, STREAM, and
Aurora,shouldbestraightforward. On theotherhand,Ed-
diestakeadramaticdeparturefrom traditionaldata�ow pro-
cessingtechniques,andintegratingtheir mechanismswith
Flux is a promisingfuturedirection.

We refer the readerto [13] for an overview of database
queryprocessingtechniquesandhighlight themostrelevant
work onparallelqueryprocessing.Earlywork concentrated
onparallelizingindividual, traditionalcontent-sensitiveop-
eratorslikehybrid-hashjoin [25] andsort(e.g.,[11, 20, 1]).
The abstractionswhich inspiredFlux, Exchange[12] and
RiverDQ [23], were proposedto composesuchoperators
into adata�ow. In [10] and[9], theauthorspresentpractical
techniquesfor handlingdataskew for ahashjoin andexter-
nal sort, respectively. Thesetechniquesrely on samplinga
staticdataset,which is infeasiblein thestreamingscenario.
Work in [17] and[21] describeshow to accountfor current
CPU utilization, memoryusage,and I/O load to perform
siteselectionanddeterminedegreeof declusteringfor hash
joins. Noneof thesepreviousschemesconsiderrepartition-
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ing the join operatorduring execution. In [30] and [15],
the authorsdescribetechniquesto repartitiona traditional
hashjoin at onepoint in time: betweenthebuild andprobe
phasesof the join. Thesetechniquesarespeci�c to an im-
plementationof thehashjoin operator, anddo not consider
continual,on-the-�y repartitioningof stream-basedopera-
tors.TheConQuest[19] systemtakesanapproachcomple-
mentaryto ours;it focuseson recon�guringanentireparal-
lel queryplaninsteadof asinglepartitionedoperator

8. Conclusion
Pipelineddata�ows in CQsystemsareboundto experience
�uctuations in resourceavailability while executing. To
performef�ciently whenparallelizedacrossa cluster, their
constituentdata�ow operatorsmustadapton the �y to im-
balancesthat arise. In this paper, we proposea reusable
mechanism,Flux, thatencapsulatesadaptive repartitioning
for a wide rangeof content-sensitive operators. Flux ex-
tendstheExchangeoperatorto includemechanismsthatal-
leviateshort-termandlong-termimbalancesacrossa clus-
ter. Ourexperimentsshow thatbothCPUandmemoryload
imbalancescancausesevereperformancedegradationand
we proposepoliciesto accommodateboth. WhenFlux em-
ploysthesepolicies,it outperformsthestaticallypartitioned
caseby several factorsin throughputandordersof magni-
tudein averagelatency.

Given the Flux mechanism,thereare a few fruitful di-
rectionsfor future research.As shown in Section5.4, our
policies are sensitive to their parametervalues,e.g. the
minimum collection phaselength. A schemefor auto-
tuning theseparametersis necessaryto avoid placing the
burdenon an administratoror operatordesigner. Investi-
gatinghow theseper-operatorpolicieseffect globalperfor-
mancein a data�ow with multiple Fluxen is alsoan inter-
estingdirection. Finally, we intend to integrateour load-
balancingmechanismswith fault-tolerancemechanismsto
providecontrolleddegradationfor CQdata�owsin theface
of machinefailures.
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