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Abstract

Thelong-runningnature of continuougjueriesposesew
scalability challengesfor data ow processing CQ systems
executepipelineddata owsthat maybe shaedacrossmul-
tiple queries.Thescalabilityof thesedata owsis limited by
their constituentstatefuloperators — e.g. windowedjoins
or groupingopemtors. To scalesud operators, a natural
solutionis to partition themacrossa shaed-nothingplat-
form. Butin the CQ context, traditional, static techniques
for partitioned parallelism can exhibit detrimentalimbal-
ancesas workload and runtime conditionsevolve Long-
running CQ data ows mustcontinueto functionrobustlyin
thefaceof theseémbalances.

To addressthis challenge, weintroducea data ow oper
ator called Flux that encapsulateadaptivestatepartition-
ing anddata ow routing Flux is placedbetweerproducer
consumestagesin a data ow pipelineto repartition state-
ful operatorswhilethepipelineis still executing We present
theFlux architecture, alongwith repartitioningpoliciesthat
can be usedfor CQ operators under shifting processing
and memoryloads. We showthat the Flux medanismand
thesepolicies can provide several factors improvementin
throughputand orders of magnitudeimprovementin aver
age latencyoverthestaticcase

1. Intr oduction

Continuous query (CQ) systems break the traditional
paradigmof a request-responsayle systemin which a -

nite answersetis computedfor eachquery Instead,users
registerqueriesthat specifytheir interestsover unbounded,
streamingdata sources. Basedon thesequeries,a query
enginecontinuously lters and synthesizesncoming data
from thesourcesanddeliversunboundedstreamingesults
to theappropriataisers.Thesesystemsave beenproposed
for avarietyof personalizatiomandcritical monitoringtasks.
For example they canbeusedto deliver up-to-dateperson-
alizednews, monitorstockquotes, lter incomingemailfor
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spammonitortraf ¢ for accidentsandcongestionpr mon-
itor the network for troubleshooting@ndintrusiondetection.

Thesedemandingapplicationsplace several scalability
requirementon continuousquery systems. First, a typi-
cal servicecould have millions of userseachwith several
queriesregistered. Second,resultsneedto be computed
from incomingdatauponarrival, sofastresponsd¢imesand
high datathroughputare essential. Finally, since queries
rangeover endlessstreamf data,a CQ systemmay need
to managedataoveralargehistoryto procesghesequeries.
Previousapproachebave addressethesescalabilityissues
in two ways. Onethrusthasbeento leveragehecommonal-
ity amongstjuerieq6, 16, 7, 2] andindex queriedik e data
in atraditionaldatabassystem.Anotherdirectionhasbeen
to exploit wealer semanticsandsacri ce resultquality for
casesdn which the systemcannotbe scaledto matchpeak
workloads[18, 4]. While this previous work hasfocused
on single-siteimplementationsye presenttomplementary
techniquedor parallelizingCQ data ows thatcanoffer in-
creasedscalabilityto any CQ system.

1.1 Parallelism and Adaptive Partitioning

PipelinedCQ data ows are fundamentallylimited by the
scalabilityof their constituenstreaminglookup-basea@p-
erators. The traditional approachfor scaling operators
is to partition them acrossa shared-nothingluster Of-
tenreferredto asintra-operatoror partitionedparallelism,
this approachallows lookup-basedCQ operatordik e win-
dowedjoinsandgroup-by-aggrgate which mayeasilyout-
grow asingle-sites mainmemory to utilize aggreyatemain
memoryand other resources.Sharednothing clusterscan
scaleto thousandsof computers,scaling available main
memory processorsdisk spaceand bandwidthalong the
way[8, 28, 29|, andtherebyprovide the potentialfor high
throughputand low latencies. Yet, to date, the shared-
nothingapproacthasbeenoverlookedfor CQ systems.
CQ systemsstraintraditional data ow parallelismtech-
niques becausehey requireadaptive onlinerepartitioning
of lookup-basedperators.This requiremengrisesin CQ
systemdor two reasons.First, CQ systemgypically han-
dle multi-userworkloadsthat placeunpredictablalemands
on resources.As additionalqueriesarrive, newv data ows



may be instantiated causingvariationsin load and mem-
ory usageto ariseacrossa cluster Second,sinceby def-
inition continuousqueriesrun inde nitely, CQ operators
will encounterchangesn systemandworkload properties
in the middle of ongoingqueries.For suchqueriesto con-
tinue running ef ciently, their constituentdata ow opera-
torsmustbeableto adaptonthe y to changesn theruntime
ervironment. For lookup-basedperatorsJoad and mem-
ory usageat eachsitein a clusteris largely determinecdby
the datapartitioning. Thus, the systemmust adjustintra-
operatodatapartitioningonthe y to balanceresourceuti-
lization,andhenceoptimizeperformance.

1.2 Flux

Weintroduceanencapsulatedata ow operatoicalledFlux,
Fault-tolerantoad-balancingeXchange.In this paper we
focusonits load-balancingeatureshatadaptvely reparti-
tion the stateof lookup-baseaperatorswe deferthefault-
tolerancediscussionto future work. Flux is interposed
betweena partitionedproducerconsumelpair in a paral-
lel data ow pipelineto provide adaptie repartitioningfor
lookup-basedperatorson the consumerside. In addition
to providing theencapsulatedatapartitioningfoundin tra-
ditional parallel data ow systemg12], Flux providestwo
mainadaptvity mechanisms:

1. To maskshort-termimbalancesklux providesa buffer-
ing andreorderingnechanisnthatabsorbgransientjo-
calizedperturbations.

2. To adapto long-termimbalancesklux encapsulatethe
logic for detectingimbalancesacrossa cluster andfor
triggeringandenablingonlinerepartitioningof stateac-
cumulatedn lookup-base@perators.

Thisparallelrepartitioningmechanisntanalsobeexploited
to allow in-core, streamingoperatorgo “spill” to disk, re-
lieving the operatomriter of thatburden.

In this paperwe presenthegenericFlux load-balancing
mechanismand also somespeci ¢ parallel repartitioning
policies that handle different causesof imbalance. We
presengpolicy to handleloadimbalancesluringsituations
with ample memory resourcesa policy to handlemem-
ory utilization imbalancesn a memory-constraineénvi-
ronment,anda hybrid thatis effective in bothcasesWhile
Flux canbe usedwith a wide rangeof lookup-baseaper
ators,in this paperwe focuson its applicationto operators
foundin data-streanprocessingystemdik e Telegraph[5]
and Aurora [4]. In this contet, we shav that the imbal-
ancesoutlined above can severely degradethe maximum
sustainablethroughputand the averageresponsegime of
statically-partitionedookup-basedperators.By contrast,
we show thatFlux canachieve severalfactorsimprovement
in throughputandordersof magnitudemprovementin av-
erageresponsé¢ime overthe staticcase.

In the next section,we brie y outline the traditionalap-
proachfor parallelizingdata ows, its de ciencies,andour
contribution. Section3 describeshe methodologyusedfor
evaluatingFlux. Section4 describeshe Flux buffering and
reorderingmechanismSection5 describeghe statemove-
mentmechanismandrepartitioningpolicy to balancdoad
in low memorypressureonditions.Section6 describeshe
memory-constrainechechanismand repartitioningpolicy,
andthe hybrid policy. Section7 surweys the relatedwork,
andSection8 summarizesandpresentsuture work.

2. Background and Contrib ution

In this section,we describeprevious approachesor opti-
mizing and executing parallel query plans, delineatetheir
inadequaciesn the CQ contet, and outline our contri-
bution. For this work, we assumea shared-nothing[28]
or clusterbasedparallel computingarchitecturein which
eachprocessingiode(or site) hasa private CPU, memory
and disk, andis connectedo all other nodesvia a high-
bandwidth Jow-lateng network.

2.1 Previous Approach

A popularapproacHor paralleldatabasgueriesconsistof
two phaseg14]. First,aqueryoptimizergenerates static,
sequentiabueryplan basedon x ed costmodelsandpre-
viously computedstatistics.Secondat executiontime, this
planis parallelizedbasecdon the currentruntimecharacter
istics of the system.In the secondbhasethe degreeof par
allelism (or declusteringpf operatords determinedanda
correspondinghumberof instanceof the operatorarecre-
ated,with eachinstanceresponsibldor a certainportionor
partition of the input data. The sitesin a clusterfor each
of theseinstancess chosenandoperatorsaretheninstanti-
atedto executethequeryplan. Exceptfor someconstrained
casegliscussedh Section7, thepartitioningof theseopera-
torstraditionallyremainsx eduntil thequeryis completed.

2.2 The Problem of Changing Loads

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-blockingoperatorsandthe edgesrepresenthe di-
rectionin which datais processed.A stege in a data ow
pipelineis aproducerconsumepperatopairandthemech-
anismghatconnecthemtogether

It is possibleto use traditional parallelizationand ex-
ecution techniquesto improve the performanceof CQ
data ows. Like parallelquery plans,one cantake all the
operatorsn a CQ data ow andhorizontally partitionthem
acrossthe sitesin a cluster However, since continuous
queriesareby de nition unboundedthe optimal partition-
ing of the stateandinput datastreamof ary particularoper
atoris likely to changeover time. If the partitioningis not
adjusted,operatorswill performpoorly dueto imbalances
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thatdevelopamongthesites.

Changesn the workloadareone classof variationsthat
cancauseémbalancesOnesuchchangss in theinput data
distribution. For example,in a network monitoring sce-
nario, the geographidias of client connectionamay vary
dependingon thetime of day. Or in a web-logprocessing
scenariothepopularityof pagesnayvarydependingnthe
time of day. One-timesamplingis inapplicablen theseset-
tings sincestreamsare unboundedandtime-varying. An-
othersuchchangeis in the systemworkload. The system
mayscheduleadditionaldata ows or addoperatorgo exist-
ing data ows, creatingboth CPU andmemorycontention.
Sincea CQ operatorunsfor anunboundedmountof time,
it cannotpin down a large amountof memoryforever. So,
its main memory usagealso must be e xible over time.
Theoperatomustreactto variationsin memoryavailability
bothonasinglesiteandacrosshecluster

Variationsin the underlyingruntimeernvironmentarean-
other potentialcauseof problems. Heterogeneitiesn the
underlyinghardware platform canleadto unexpectedper
formance. For example,disk readbandwidthperformance
canvary dependingon the track being read[23]. Unex-
pectedCPU utilizationscanalsoarise,e.g.dueto theactiv-
ities of daemorprocesses.

Finally, theseproblemsare exacerbatedn a parallelset-
ting. As describedn Section4, a slovdown in justasingle
machinecancauseall instance®f a partitionedoperatorto
equallyunderperform. Sincea data ow pipelineis only as
fastasits slowestoperatorthe entirepipelinemay suffer.

2.3 Exchange

In a paralleldatabasean Exchangd12] operatotis usedto
connecta stagein a pipeline wherethe producers output
needsto be repartitionedfor the consumingoperator For
example,if arelationis notpartitionedon thejoin key, then
the relationscanis connectedo a hashjoin consumewia
anExchangeThe Exchangeensureproperroutingof data
betweerthe producerandconsumeinoperators.

Although Exchanges conceptualize@dsa singleopera-

tor, it is actually composedf two intermediateoperators,
Ex-ConsandEx-Prod(seeFigurel). An Ex-Consinstance
supportsthe traditional getNext()  interface,and when
invokedsimply pollsits inputsin around-robinfashionand
returnstheincomingdatato its consumepperatolinstance.
An Ex-Prodinstanceconnecteachproducerinstanceo all
consumeinstancewvia Ex-Cons.Ex-Prodencapsulatethe
routinglogic. It callsgetNext()  ontheproduceinstance
androutesthe outputtuplesto the appropriateconsumein-
stancebasedon the tuple's contentandthe partitioning of
the consumemperator For example,for a hash-join,Ex-
Prodwould usethe hashof the join key to determinethe
destinatiorof thetuple. We call this type of routing content
sensitive since the destinationis determinedby the con-
tentsof thetuple. Rangepartitioningis anothemvell-known
content-sensitie partitioningstrateyy.

In aniteratorarchitecturg13], thereis typically athread
boundaryat the Exchange so the producerand consumer
operatorinstancesare scheduledindependentlyin sepa-
ratethreads(seeFigure 1). The bene ts of Exchangeare
twofold. First, the operatomwriter canwrite relationaloper
atorswhile beingagnosticasto whetherthey will be used
in a parallel or single-sitesetting. Second,since a pro-
ducerinstanceis generatingoutputfor mary consumein-
stancesandvice-versa,placingthe producerandconsumer
instancedn differentthreadsallowsacertaindegreeof over-
lappedexecutionamongtheinstancesThelargerthequeue
betweenEx-Prodandary of its Ex-Consdestinationsthe
more overlappedexecutionthatis possible. If ary of the
outgoingqueuesof an Ex-Prodis full, it mustblock until
thereis availablespacefor the next tuple.

2.4, RiverDQ

The distributed queue(RiverDQ) abstractionin the River
[23] systemaddresseshe load-balancingproblemsfor a
constrainedset of operators: those for which the parti-
tioning of the input streamcan be content-insensitive.e.
ary tuplein the input streamcan be sentto ary instance
of the consumeroperator This includesconsumerssuch
asselectionsprojections,anddistributive aggreyates.The
RiverDQ architecturds the sameasthe Exchangeexcept
that the routing logic in Ex-Prodis modi ed. Insteadof
content-sensitie routing, a tuple is routedto a randomly
choserconsumeinstanceveightedby theemptines®f the
queueto that instance. Thus, slower consumetinstances
will have alargerbacklogandarelesslikely to receve the
next input. This mechanismhowever, is inapplicableto op-
eratorghatrequirecontent-sensitiveoutinglik e hash-based
groupby-aggrgatesor joins becausee-routingtheinputre-
quiresmoving thecorrespondingtateneededo processt.

2.5. Flux Contrib utions

Flux is a generalizatiorof ExchangeandRiverDQthaten-
capsulatethelogic for onlinerepartitioningof awide range



of content-sensitie operatorsFlux is insertedn adata ow
stagefor which the consumeroperatoris a potentialbot-
tleneck. The key designfeatureof encapsulationinspired
by Exchangerelievesthe operatordeveloperof the burden
of implementingthis logic for eachquery operator The
data ow APIs to content-sensitie operatorshat use Flux
needsomemodi cation to allow statemovement,but we
endeaor to make this API asleanaspossible.

3. Experimental Methodology

In this section,we describethe experimentalmethodology
usedto illustratethe bene tsof Flux mechanisms.

Throughoutthis paper we usea hash-basedyindowed
group-by-aggrgateoperatoras an example. It is similar
to atraditionalhash-basedroup-by-aggrgateoperator3]
exceptthatit maintainsa history of the mostrecentlypro-
cesseduplesfor eachgroup.In the CQ context, this opera-
tor takesa streamgsplitsit into multiple logical streamgone
per group),andcomputesa statisticover the recenthistory
of the extractedstreams.Suchan operatorcanbe used for
example,in a network monitoringscenariato computethe
averagepacletsizeperclientoverthemostrecent paclets
receved. Variantsof this operatorexist [31] whereboththe
statisticcomputedandthe notionof recenthistory canvary.

To isolateand illustrate the effects of Flux, we restrict
oursehesto a simplehash-basewindowed group-bythat,
on every new tuple, computesa statisticover a x ed size
history. In termsof resourceuse,the salientcharacteristics
of this operatoraresimilar to oneswith moresophisticated
de nitions of history It hasboundedbut non-neligible
state,andthe pertuple processindimeis non-trivial.

To evaluateour mechanismsye built asimulationof this
operatoron a shared-nothingluster Eachsimulatednode
in this clusterhasa 1000 MIPS CPU, with a single 80GB
disk, and1 GB of mainmemory The nodesareconnected
by a gigabitethernenetwork. We modelthe network con-
nectionbetweereachpair of machinessa x edsizequeue
thatholdstwo 1K paclets,andeachpaclethasalateng of
70 s. Thenetwork is notthe bottleneckfor mostof our ex-
amples.Sounlessotherwisespeci ed, we assumehe net-
work hasin nite bandwidth.We simulatea disk with read
andwrite bandwidthof 20 MB/s andaverageseektime of 5
+/- 0.2 ms. We modelthe pertuple in-memoryprocessing
time of ourwindowedgroup-byusinga normaldistribution
with ameanof 45+/- 3 s. Ona1000MIPS machine this
accountdor thetime to probethe hashtableandupdatethe
history of the group; it also allows for modestadditional
processingor computingthe next aggrejate,e.g. standard
deviation.

Our simulatoris basedn the Telegraphsystem[27], and
the simulationof eachnodeis a hybrid betweenoperators
in the Telegraphcodebaseand a discrete-gent simulator
Thus,we have a working implementatiorof the Flux APls
describedn this paper Only the hardware,aggreyatefunc-
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tion evaluation,and underlyingschedulerare simulatedto
allow usto easilycontrolandscaleour experiments.

Thebaselingfor all our experimentss asingleproducer
consumestage. This stageis partitionedacrossa 32-node
clusterand composedusing a traditional Exchange. The
consumenpperatois ourwindowedgroup-bythatmaintains
a history for 16K groupsthat are partitionedevenly across
the cluster Eachmachinealsohasa producerinstancethat
generatean 80 bytetuplein 0.5 sonevery getNext()
call. Thus,producerinstancegeneratduplesasfastasthe
consumeiperatorcanprocesghemallowing usto assess
the consumer maximum sustainableperformance. Un-
lessotherwisenoted,eachproducerinstancegeneratesu-
plesuniformly distributedacrosg¢he 16K groups.At steady
state,the aggrayatethroughputof the consumeroperator
i.e. thetotal acrossall instancesijs tuples/sec.
This setuphasa cross-sectionatommunicatiorbandwidth
requiremenbf 450mbps,well underthe capacityof gigabit
ethernet.

4. Short-Term Imbalances

In this section, we describea buffering and reordering
mechanismthat allows Flux to handle short-termimbal-
ancedetterthanExchangdor content-sensiieconsumers.
Flux extendsthe Exchangedesign,andanalogouslyits in-
termediateoperatorsarecalledFlux-ProdandFlux-Cons.
In a stagewith an Exchange thereis typically all-to-
all communicatiorbetweenthe Ex-Prodand Ex-Consin-
stances.In sucha case,a slowdown in a single consumer
instancecan causea slowdown of the entire stage,an ef-
fect thatis a resultof head-of-lineblocking. Imaginethe
input from eachproducerinstances distributed uniformly
acrosgheconsumeinstancesThen,all Ex-Prodinstances
are forcedto produceat the rate of the slowestconsumer
instancebecausavhena queueto thatinstanceis lled, an
Ex-Prodinstancemustblock until that queuehasavailable
space.This effectsthe delivery rateto the otherconsumers
causingeachconsumeilinstanceto proceedonly asfastas
the slowestandtherebyslowdown the entireoperator
Short-termimbalancesacrossthe cluster or transient
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skew cancausehead-of-lineblockingin anExchangestage,
resulting in potentially severe performancedegradation.
This situation can arise for variousreasons. One source
of transientskew is dataarrival order For example,even
thoughthe produceroperatormay generateuplesfrom a
uniformdistribution, it maydistributethesevaluesunevenly
overtime — e.g.,it may generatduplesin batcheshat rst
goto machineA, thenmachineB, thenmachineC, etc. A
similar effect canariseif short-termprocessindoad cycles
throughthe machinesin a clusterin round-robinfashion.
Suchload may occur, for example,whena centralmonitor
cyclesthroughthe machinesn a clusterprobingfor statis-
tics. In this case,every oneof theseperturbationgmpacts
all producetinstancesn a serialfashion.

The alertreademay have noticedthatwhenan Ex-Prod
instanceblocksasa resultof transientskew, theremay be

amplequeuingspacen the connectiongo othermachines.

To mollify thehead-of-lineblockingeffect, we needamore
e xible datastructureto take advantageof the extra space.
Insteadof placingthebuffer spacen the connectionsk-lux-
Produsesa buffer interposedetweenit andthe producer
operatorinstance. This buffer, called the transientskew
buffer, supportsthe retrieve(int PartID)  method
thatreturnsthenext availabletupleintendedor a particular
machine(seeFigure2), andainsert(tuple T, int
PartID) methodfor queuingup atuplefor thedestination
PartID

The buffer is implementedas a hashtablekeyed on the
destinationof the tuple, and pins down a x ed amountof
memoryfor thathashtable.lt is similar to the Juggle[22]
operatoy exceptit doesnot spill tuplesto disk. Flux-Prod
drainstuplesfrom the buffer for only the connectionghat
canacceptanothettuple. Flux-Prod rst callsgetNext()
on the producerinstanceif the buffer hasspaceto hold an-
othertuple, insertsthe returnedtuple into the buffer based
on its destination,and then extractsand forwardsa tuple
from the buffer for anunblockeddestinationf oneexists.

This enhancemergermitsreorderingof theinputtuples.
It allows the Flux-Prodto continueto forwardtuplesin the
buffer intendedfor otherdestinationseven whenthe con-
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nectionto a particulardestinationis blocked. With this de-
sign,thebuffer spacas e xibly allocatedo thedestinations
ondemandasopposedo dividing thespaceamongthedes-
tinationsbeforehandlf the buffer is large enoughto absorb
the type of transientskew describecabove, thenthe Flux-
Prodinstanceswill be affectedby the largestof the pertur
bations,andnot eachoneindividually. In the next section,
we describehow the transientskew buffer is also usedto
avoid blocking Flux-Prodduring statemovement.

We modi ed our baselinecon gurationto useFlux-Prod
with a transientskew buffer and comparedt to Exchange
with anequialentamountof spacen the outgoingqueues.
We introduceda load that goesround-robinon the ma-
chines, lasting sec. on eachmachine. We simulate
the load by introducinga processthat consumegrocess-
ingtime of 100 sandsleepdor 50 s.Onasinglemachine
with awindowedgroup-byrunningat steadystate theaddi-
tional processlegradeshroughputof the operatorinstance
by about57%. We arti cially warmedup the buffer at the
start,andran the parallelsimulationwith the rotatingload
for 16 sec.(32 machinesc 0.5sec.)of simulatedime. Fig-
ure3 plotstheaverageaggreyatethroughpufor eachrunas
we variedthe buffer size. With no buffer, throughputof the
entire stagedropsto abouthalf of the unloadedcase,even
thoughonly a singlemachineis overloadedat any time. As
buffer sizeis increasedFlux quickly beatsExchangeand
approachethethroughpuiof theunloadedcase.

5. Long-Term Processingmbalance

Long-termload imbalancesventuallyoverloadary x ed-

sized buffer, so the previous techniqueis only suitedfor

short-termimbalancesAs mentionedbefore,somesources
of long-termimbalanceinclude changesn both the query
mix andthe underlyingdatadistribution which can make

content-sensitie operatorsseserely underperform. Thus,

we describea mechanismto adjustthe partitioning of an

operatoronthe y anddescribepoliciesfor decidingwhen

andhow to repartitionthem.



5.1 Flux Repartitioning Mechanism

Lik e the RiverDQ, we needthe ability to repartitionthein-
put streamto rebalancehework for a content-sensitie op-
erator In this case,repartitioningthe input also requires
moving the accumulatedperatorstatenecessaryor pro-
cessingheinput. For example,in our windowedgroup-by
if theinputstreanfor aparticulargroupis shiftedto another
machine thenthe group’s history needgo berelocatedac-
cordingly. To allow repartitioningof the stateof a content-
sensitve operatoywe malke afew changego our design.

We rst introducealevel of indirection.Insteadf having
apartitionperconsumeimstanceasin Exchangeweinstan-
tiate numerous‘'mini”-partitions, so that the total number
of partitionsis much larger than the degree of decluster
ing of theconsumepperator Creatingnumerougartitions
for handlingskew is a well known technique[10]. These
numeroussmallpartitionsaredistributedamongsthe con-
sumeroperatoltinstancestinitializationtime, andthosein-
stancesreresponsibldor processinghe correspondingn-
put.

To permitreallocatinghesepartitionsfor load-balancing
purposesthe consumeroperatormustimplement,in ad-
dition to the traditional iterator interface, the getPar-
titionState() andinstallPartitionState()
methodsfor extracting and installing the stateassociated
with aparticularpartition. ThegetPartitionState()
methodextracts the partition statefrom the internal data
structuresandmarshallghe partition stateinto a machine-
independenform. The installPartitionState()
methodunmarshallghe partition state,andinstallsit into
the operatorsinternaldatastructuresThesemethodsoper
ateon alist of pageshatcontainthe partition state. These
extraction and installation methodsare invoked only by
Flux-Cons.

Becauseve addeda level of indirectionandpermitstate
movement,a given partition can potentially be locatedon
ary one of the sitesof the content-sensitie operator So,
the routing logic in Flux-Prodneedsto change. The rout-
ing functionmustreturna partitionid insteadof a machine
id. In addition,Flux-Prodmaintainsa mappingbetweerthe
partitionsandtheir sitesto determinghedestinatiorof atu-
ple (seeFigure?). Also, the transientskew buffer is keyed
onpartitionid insteadof machined to avoid blocking Flux-
Prodduringstatemovementasdescribedn thenext section.
Flux-Prodnow cyclesthroughonly the partitionsfor which
the destinatiorconnectionsreunblocled.

We alsomodify Flux-Consto maintainstatisticsaaboutthe
executionandto coordinatestatemovement. We rst de-
scribethe addedmechanismdor coordinatingstatemove-
mentdepictedin Figure4. EachFlux-Consinstancemain-
tains a reverseconnectionto all Flux-Prodinstancesand
a bi-directionalconnectionto a centralController located
on a separatededicatedmachine. The Controller is re-

sponsiblefor collecting the runtime information from the
Flux-Consinstancesand issuing movementdecisionsfor

load-balancing Also shawn in Figure4, is the StateMawer
thread. It is responsiblefor asynchronouslytransferring
stateor receving stateasinstructedby Flux-Cons. Each
Flux-Consinstancecommunicatesvith alocal StateMwer
threadthrougha shared-memorglatastructure EachState-
Mover threadmaintainsa connectiorto all the other State-
Mover threadsat the other sites. Note, the StateMwer
threadandControllercanbe sharedoy multiple Fluxenin a
data ow?.

A Flux-Consinstancemaintainstwo statisticsthat the
Controllerusesto determindf repartitioningwill be effec-
tive. First, it keepsa countof the numberof tuplespro-
cessedper partition. Second,it estimateshe amountof
time the instancehasspentidle. Idle time is the amount
of time the Flux-Consinstancewaits on theincomingcon-
nectionsfor a tuple, andis usedto determineutilization of
the consumeinstance Becausave needaway to estimate
idle time, we requireFlux-ConsandFlux-Prodto be sched-
uledin separat¢hreadsIn apolling-basedmplementation
of Flux-Cons,it canestimateidle time by the time spent
“sleeping”while waiting for input to arrive. The betterthe
estimatethe more effective the load-balancingolicy is in
improving theaggregateperformancef a content-sensitie
operator

5.2 StateMovementProtocol

For a content-sensitie operatorlike our windowed group-
by, the stateof a partition dependsupon the sequencenf
tuplesit hasprocessed.Thus, moving a partition requires
the partition stateto be consistentwith respectto the se-
quenceof tuplesdeliveredto it. In orderto ensurethis con-
sisteng, our statemovementprotocolneedsto quiescethe
input streamto the partition beforeit is transferred.More-
over, to avoid blocking during statemovement,Flux needs
to buffer theinputfor thein- ight partitionswhile still con-
tinuing to procesgheinputfor stationarypartitions.Below,
we detailthe statemovementprotocolandmechanismshat
achieve boththesecriteria.

Moving a partitionfrom oneinstanceo anothelinvolves
the following steps: quiescingthe input to the partition,
marshallinghestateinto machinendependenfiorm andre-
moving it from theinternaldatastructurestransferringthe
state,unmarshallingthe stateandinstalling it into the re-
cewving instanceandrestartingthe partition's input stream.
We walk throughthe stepsof how a partitionis movedfrom
onesite to anotherto illustrate the detailsof eachof these
steps.

State movementis initiated by the Controller which
startsthe quiescingphase After receving statisticfrom all
the Flux-Consinstancesthe Controllerconsultsthe repar

1We pluralizeFlux in thesamemanneras“ox” or “VAX”.



titioning policy and generates list of partitionsto move.
Themovesarethensentto boththeoriginatinganddestina-
tion Flux-Consinstancedor eachpartitionto be shifted. A
Flux-Consinstancepnceinvokedby theconsumeinstance
(throughgetNext() ), rst checksfor messagefrom the
Controller Whena move requests receved by the desti-
nation Flux-Cons,it queuesup a receve requestwith the
StateMwer thread. When a move requestis receved by
the originatingFlux-Cons,it broadcasts pauserequeson
the relevant partition to all Flux-Prodinstancesandthen
continuesto processormally. Whena Flux-Prodinstance
receves a pauserequest,it marksthat partition as stalled
and stopsdraining tuplesfor that partition from the tran-
sientskew buffer. It thenimmediatelysendsan acknawl-
edgemento the originating Flux-Consinstance. Assum-
ing orderedmessagelelivery, once the originating Flux-
Consinstancerecevesall acknavledgementsall in- ight
tuplesfor the candidatepartition have beenreceved and
processedAt this point, the candidatepartitionis success-
fully quiesced.

Next, the originating Flux-Cons extracts the partition
statefrom theconsumeinstancevia thegetPartition-
State() method,andpassesheresultto the StateMwer
threadto transferthe state. Oncethe statehasbeentrans-
ferred,the StateMwer threadat the destinatiorsite noti es
thelocal Flux-Consinstance ThedestinatiorFlux-Consin-
vokestheinstallPartitionState() methodonthe
consumeinstanceandthensendsarestartmessagen the
relevant partition to all Flux-Prodinstancesand the con-
troller. Whentherestartmessagés receved,the Flux-Prod
instancesupdatetheir map for the partitions,and resume
draining tuplesfor the stalledpartition. Note, during this
protocol,statetransferacrosamachinesoccursin the back-
groundwhile Flux-ConsandFlux-Prodcontinueprocessing
for partitionsnot beingmoved.

We madetwo important designdecisionsto facilitate
statemovement.First, althoughquiescingcausestransient
delayonasingle(mini-)partition,we cantake advantageof
thetransienskew bufferto allow Flux-Prodto stalltheinput
for in- ight partitionswithout blocking. The buffer holds
the input for the stalled partitionswhile permitting Flux-
Prodto continueforwardingtuplesfor otherpartitions. If
we hadplacedthe buffer spacento the destinationrconnec-
tionslike Exchangethenwhenatuplefor a stalledpartition
arrived, Flux-Prodwould be forcedto block to avoid for-
wardingthattuple. Moreover, by limiting the buffer space
betweenFlux-Prodand Flux-Consinstancesye minimize
thenumberof in- ight tuples,andhencethetime it takesto
guiescea partition.

Secondbecausehe extractionandinstallationmethods
are calledonly by Flux-Cons,we areableto simplify the
implementatiorof theseroutines.Sincedata ow operators
are typically single-threadedno internal stateis concur

\ | 5 1 4 [3]2]1 m
!

Ve 48 i 7]6] m
\ ¥

O\ EENTIE s

e 18 12 w4

Figure 5. Partition movementsn a singleround

rentlybeingmodi ed oncecontrolhaspassedo Flux-Cons.
Thus,implementingthe extractionandinstallationmethods
requiresonly slight modi cation to existing operatorawith-

outintroducingadditionalsynchronizatioroverheadduring

normalprocessing.

5.3 Load-Balancing Policy

The goal of the Flux load-balancingolicy is to repartition
the consumeroperatorto improve aggreyate performance
for thatstage.Sinceit is dif cult to predictfuturebehaior,
the aim of our policy is to reactto existing conditionsand
avoid thrashingj.e., repeatedlynakingbaddecisionsaus-
ing the operatorto make no progressBecausenoving state
hasa signi cant cost,this policy triesto maximizethebene-
t of rebalancingvhile minimizingthenumberof partitions
moved. In this section,we assumehatthereis amplemain
memoryto accommodatéhe stateof the consumeiopera-
tor. Underthis assumptionaveragdatencg pertupleis just
the in-memoryprocessindateng of the tuple. Thus,the
metricfor whichto optimizeis throughput.

The policy for load-balancingoroceedsn rounds. Each
round consistsof two phases:a statisticscollectionphase,
and a move phase. At the beginning of eachround, the
Controllersendsa messagéo all Flux-Consinstanceghat
senesasa signalto begin collectingstatistics.Within that
messagés aduration indicatinghow longaFlux-Consin-
stanceshouldaccruestatisticsbeforeit returnstheinforma-
tion to the Controller When time passesgachFlux-Cons
instance, , returnstheamountof time spentidle, , during
thecollectionphaseandthenumberof tuplesprocesseger
partition, . The Controllercomputeghe utilization of
eachsite (or instance), —, andsortsthe sitesby
decreasingitilization. For eachsite, it sortsthe partitions
in descendingrderof the numberof tuplesprocessedand
calculateghetotal tuplesprocessed, . Thesiteswith uti-
lizationabovetheaverage, , areconsideredin descending
order)for sheddindoad.

Our policy aimsto equalizethe utilization of eachof the
sitesaswell as possiblein the fewest numberof moves.
Startingfrom themostutilized site (the donorsite), we pair
it with theleastutilized site (thereceving site),andrepeat-
edly pair sitesat the endsaswe work toward the middle.
Figure 5 shovs an examplewith four sites, sortedin de-
scendingorderof utilization. Thesizeof eachpartitionrep-
resentshe amountof processingime eachpartition con-



sumedin the round. We pair site 1 with 4 andsite 2 with
3. For eachpair, we considermoving a partition from the
donorto therecever. We rst apply athresholdtest. If the
donor's utilization, s lessthanthe average, , orif the
utilization ratio (i.e. imbalancef thetwo sitesis lessthan
somethresholdfactor or if therecever's utilization,
, is above a threshold, , thenwe do not consider
thosesitesfor ary statemovement. Otherwise,we walk
down the sortedlist of partitionsand schedulea move for
the rst partitionin thedonor'slist thatwill reducethe uti-
lizationimbalancebetweerthe donorandrecever.

To estimatehepost-repartitioningitilization of eachsite,
we assumehatthenumberof tuplesprocessethy eachpar
tition andthe processingateof eachconsumeinstanceor
site) remains x ed acrossrounds. Given a partition to be
moved that processed tuples,the donor's new utiliza-

tion is estimatedas — . Likewise, there-

cever'snew utilizationis estimatedas —

The secondterm in both equationsis an estimateof the

changen utilization giventhe currentprocessingateof the

consumerinstances.If the recevver becomesverutilized,
, thenwe do not schedulehemove.

Figure 5 shavs an examplein which the partitionsare
sortedby the numberof tuples processed. Partition 5 is
movedto site 4, andpartition 8 is movedto site 3 because
moving 9 would increasgheimbalancebetweersites2 and
3. Only asinglepartition is movedfor every pair duringa
round. We continuedown our list of machinepairsuntil all
pairshave beenconsideredr somepair fails the threshold
test. During ary round at most partitionsare moved
where is the degreeof declusteringor the operatoy and
eachsite movesor receivesat mostonepartition.

Oncethe moves have beendetermined,the Controller
sendsout the move ordersto the appropriaté-lux-Consin-
stancesand startsa 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 the previousmove
phase. This heuristicensureghat even if we make poor
movementdecisionsat mosthalf the time is spentstalling
and repartitioning. In effect, this heuristic dampensthe
load-balancingolicy andpreventsit from overreacting.In
caseno partitionsweremoved,we set  to half its previous
value.Our collectionphasdengthis subjectto a minimum,

. In thenext sectionwe shav this minimumcollection
phasedurationallows the systemto be con guredto avoid
excessie movementsvhenpartitionsizesaresmall.

5.4. Experimentsw/ Processing.-oad
To shaw the effectivenesf our load-balancingpolicy, we
ran a numberof simulationsof the windowed group-by

operatorusing Flux. We instantiate64 partitionsper ma-
chine, with eachpatrtition holding a history of 10,000tu-

800000+

600000~

400000+

—— No Load / Static
——Load /LB
—=— Load / Static

200000~

Throughput (tuples/sec)

T T T
5 10 15 20 25

Time (secs)
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ples, or 800KB. In this example, even thoughthe entire
stateof the windowed groupbycan t onto 2 machines,
we utilize the clusterfor improved throughput. Eachpro-
ducerinstancegeneratesuplesuniformly distributedacross
16K groups.Unlessotherwisespeci ed, for all subsequent
experiments the Flux-Prodtransientskew buffer is setto
160KB (2048 tuples). Also, we chage 0.2 s per tuple
for quiescingandinstalling partitions. To approximatehe
bandwidthlimitations of a gigabitethernemnetwork during
the move phase,we assumethat the maximum available
cross-sectionabandwidthis 500mbpsfor partition move-
ment,andmaximumpoint-to-pointbandwidthis 250mbps.
Fortheload-balancingpolicy, we usedthefollowing param-
etervalues , , .

Our rst experimentexamineshow quickly the load-
balancingpolicy reactsto a load perturbationby introduc-
ing an externalload on a single machine. As before,an
extra procesghat computedor 100 s andsleepsfor 50 s
is usedto exert the load. The top line in Figure 6 shavs
performancehe with no machinesperturbed. The bottom
curveshavstheperformancevith load-balancingurnedoff
andload introducedat sec. We reportthe aggreate
throughputtomputedover onesecondntenvals. The effect
of additionalloadis felt only after sec.:head-of-line
blockingensuesvhenthetransientskew buffer lls, afford-
ing us about4 sec. of slack. Likewise, our load-balancing
policy feelsthe effect of the imbalanceat the sametime as
shavn in themiddlecurve. However, it beginsto move par
titions to reactto this perturbation. It reachesteadystate
after of oading 32 partitionsat sec., sec. from
whenit beganrebalancing. The minimum time neededo
transferthesepartitionsis  sec. The dilation in reaction
time is a resultof two factors. Oneis the time to process
anddrainin- ight tuplesbeforepartitionmovementoccurs,
andanotheris the collection phasewhich waits aslong as
thepreviousmove phase.

Our secondexperimentdisplayshow aggreyate perfor
mancedegradeswith increasingexternal load. We per
turbeda randomsubsebf the machinesn the clusterwith
the sameexternalload and reportthe averagesteadystate
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aggreyatethroughputof the consumeroperator i.e., after
theload s felt in the static case,andafter rebalancinghas
completedin the load-balancingzase. The bottomline in
Figure7 shavs the performancevithout theload-balancing
policy. As expected,a resultof the head-of-lineblocking
phenomenonlescribetefore,the throughputof the entire
stagedropsoncea singlemachines perturbedandremains
there.Ontheotherhandtheload-balancingpolicy manages
to rebalanceahe partitionsthus exhibiting a smooth,linear
degradationpro le.

Finally, we presenexperimentdn whichthe policy over-
reactsand exhibits suboptimalperformanceandwe shov
how increasingthe minimum collection time parameter

can prevent it from overreacting. We modi ed the
producerinstanceso generateuplesaccordingto an80/20
distribution across16K groups. Using this workload and
no externalload, we initially rantwo typesof experiments,
with andwithout the load-balancingolicy. For all experi-
ments we ranthesimulationfor 60 sec.of simulationtime,
computedheaggregatethroughpuin onesecondntervals,
and report the averageof the 60 values. Figure 8 shavs
at small valuesof theload-balancingolicy achieres
half the throughputof the staticcase.In this skewedwork-
load,thereareafew partitionsthatreceive mostof thework
andarethebottleneck.Sincethe partitionsaresmall, move-
menttime is short,causingthe collectionphaseto be short.
During collection, the controlleronly recevesan accurate
sampleof processingoad on machineswith popularparti-
tions; hence,it keepsshifting popularpartitions. As
is increasedit dampenghe frequeng of movementsand
at ms, the load-balancingpolicy outperforms
the unloaded static case. We reranthe sameexperiments
with the sameexternalload introducedon 8 machinesgn-
suringthatthe site initially with the mostpopularpartition
was also overloaded. As expected,in the static case,the
throughputdropsandtheload-balancingpolicy is still inef-
fectiveatsmall . As is increasedits performance
quickly improves, and it outperformsthe static unloaded
caseat ms. Surprisingly the policy worksbet-
ter (i.e., it requiresa smaller ) in theloadedcasethan
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in the unloadedcase.In the loadedcase the policy moves
popularpartitionsonto unloadedsitesquickly becausehe
imbalancebetweensitesis larger, andthe load imbalance
preventsthe partitionsfrom beingmovedback. Of course,
aswe notedearlier, the trade-of for increasingthe collec-
tion phasedurationis thatit takeslongerto rebalance Be-

causethe policy is sensitve to its parametersautotuning
of thesevaluesis aninterestingandnecessargirectionfor

futurework.

6. Memory-Constrained Environment

In the previous sections,we only consideredrepartition-
ing in conditionswith ample aggreyate memory but for
content-sensitie operatorsoften memorycan be the criti-
cal resourceratherthanprocessingapacity For example,
if our windowed group-byis requiredto maintaina much
larger history or the numberof groupsincreasegramati-
cally, thenit could run short on physicalmemoryfor its
internal state. Or, the CQ runtime systemcould instanti-
ateanotheroperatoron the samemachinesforcing existing
operatordo releasesomeof their memory Whenphysical
memoryis exhaustecbn somesite, content-sensitie oper
atorslike our windowed group-byhave threechoices:shed
stateto disk, move stateto anothersite,or decreas¢he his-
tory sizemaintained.n certaincritical applicationdik e in-
trusiondetectionor monitoringstockquotesthelastoption
may not be acceptable.We focus on suchapplicationsin
which content-sensitie operatoranustadapttheir memory
usageby repartitioningto employ bothlocal disk andavail-
ablememoryacrosghecluster

Flux usesadual-destinatiomepartitioningmechanisnfior
memory-constraine@nvironments. Flux-Consleverages
the statemovementAPIs to provide alocal, persite mech-
anismfor spilling partitionsto disk. Sincestreamingoper
atorshave unboundednput, Flux usesa local round-robin
style policy that continually rotatesthroughon-disk parti-
tionsto avoid accruinginputtuplesinde nitely. Dueto lack
of spacewereferthereadetto thefull papef26] for details
of thelocal mechanisnandpolicy.

Whenanoperatorstartsspilling, boththroughputandav-



eragelateng pertuplearedegraded.Throughputs dimin-
ishedbecausd/O is performed,andlateng risesbecause
inputtuplesfor on-diskpartitionsmustbespilledto diskand
processedater Thus,imbalancesn memoryusageacross
a clustercanleadto suboptimalaggreyateperformancen
bothrespectsWe modify theControllerto provideaglobal-
level repartitioningpolicy that avoids or postponedocal
disk useandef ciently usesaggreatemainmemoryacross
the clusterto improve boththroughputandaverageateng.

6.1 Global Memory-Constrained Repartitioning

Lik e the casewith loadimbalancesgven a singleinstance
thatexhaustanemoryandspills to disk canhampethe per

formanceof the entire consumeroperator To detectsuch
imbalancesinderheary memorypressuresi-lux needsad-

ditionalinterfacesto theconsumepperatoito determinats

memory usagecharacteristics. The idle time metric fails

to accuratelyre ect imbalancesvhenavailablememoryis

exhaustedecausehe local Flux-Consmechanismis busy
performingl/O, soit rarely exhibitsidle 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 spaceavailableto
the operator By using thesenew interfaces,the Flux-
Consoperatorreturnsto the Controllerinformation about
memoryavailability and partition sizes. Sinceit alsohan-
dles spilling, Flux-Consalso indicateswhetherpartitions
arememoryresident,andthe size of their unprocesseth-
put. The Controllerimplementsa globalrepartitioningpol-
icy that attemptsto balancememory usageamongstma-
chinesandbalancedisk usagewhen aggrejatememoryis
exhausted.

To dealwith thememory-constrainechsewe modify the
policy in Section5.3to usethe memoryusagenformation
directly for repartitioning. The policy continuego proceed
in roundswith a collectionphaseand move phase but in-
steadof consideringdle time, theControllerdetermineshe
excessmemory capacity _ - - ,
of eachsite (or consumelinstance).Sitesaresortedin in-
creasingorder of excessmemorycapacity For eachsite,
the partitionsaresortedin decreasingrderof size,with in-
memorypartitionslisted or prioritized beforeon-diskparti-
tions, becausehe latter requirel/O andprocessingpilled
input beforemovement.Lik e theload-balancingolicy, we
selectpartitionsto move by pairingsiteswith lessexcessca-
pacityto siteswith moreexcesscapacity For eachpair, we
traversedown thelist of partitionsandmovethe rst thatre-
ducegheimbalancen excesscapacitybetweerthetwo. In
thethresholdtest,we remove the utilization restrictionsfor
the recever, becausalthoughmemorymay be exhausted,
movementwould balancehe numberof on-diskpartitions.
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6.2 Experimentsw/ Memory Pressue

Toillustratetheef cacy of thememory-constraineceparti-
tioning policy, we ran a numberof simulationexperiments
andanalyzedheir behaior with respecto throughputand
averagelateng pertuple. We de ne lateng thetime a tu-
ple entershe Flux-Consoperatorto thetimeit is processed
by the consumeperator We continuewith our simulation
of thewindowedgroup-byoperatomusingthe boththelocal
and global mechanismand policy. The size of eachparti-
tion is increasedo 6MB andwe createl28 partitionsper
machine.Thus,at eachsite, 768MB out of 1GBiis initially
occupied.We simulatesynchronouslisk I/O for spilling to
disk duringwhich a Flux-Consinstances blocked andnot
processingncomingrequests.

In the rst experimentshavnin FiguresO and10, we ex-
aminehow quickly therepartitioningpolicy reactso mem-
ory pressure.We ranthe simulationandintroducedmem-
ory pressureon a single machineby reducingthe avail-
ablememoryfrom 1GBto 512MB. We reporttheaggreyate
throughputandaveragdateng pertuplecomputedverone
secondintervals. At sec.,available memoryis re-
ducedandFlux beginsto extractandspill partitionsto disk.
It needdo extractandwrite 256MB to disk, whichtakesap-
proximately sec.tocomplete Duringthattime,theFlux-
Consoperatoris completelystalled,causingthe producers
to block and grinding throughputto a halt. In the static
caseat sec.the overloadednachinebeginsto pro-
cessncomingtuplesagainata muchreducedate,because
it is cycling throughthe on-disk partitions(seeFigure 9).
Onthe otherhand,whentherepartitioningpolicy in effect,
while somepartitionsare beingtransferredo disk, others
are concurrentlytransferredto other machines. Thus, we
obsene someminute throughputduring the stalledphase.
At sec.,the overloadedmachinestartsprocessing
incomingtuplesagainandthe repartitioningpolicy contin-
uesto of oad on-diskpartitionsto othermachines.During
thistime, averagdatenciesarehigh (seeFigure10) because
activated partitions are processingheir previously spilled
input. Onceall the partitionsarein memoryat sec.,
the throughputof the stagereacheghe unloadedcase,and
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averagelateng returnsto thein-memorylateng.

The repartitioningpolicy takes  sec. to reachsteady
statewhile it shouldonly take  sec. to transferthe par
titions andrebalance This dilation in reactiontime occurs
becausehelocal mechanismn Flux-Consspills partitions
to disk duringwhich time it cannotdispatchmove requests
or procesgollectionrequestsThiselongate®oththemove
andcollection phasein aroundresultingin anincreasen
reactiontime.

In a secondsetof experimentswe variedthe numberof
machinesperturbedwith the sameexternal memory pres-
sureto shov how thesystenmdegradesWe summarizehese
resultsdueto spaceconstraintd26]. The degradationpro-

le for thestaticcaseascomparedo therepartitioningpol-
icy is similar qualitatively to the onein Figure7. The av-
eragesteady-steadthroughputfor the staticcasedropsto

from tuples/semncea singlemachine

is perturbedand remainsthere. The memory-constrained
policy exhibits an almostlinear degradationpro le. The
steady-stateveragelateng for the staticcaseincreasedy
severalordersof magnituderom to with
onemachineperturbedandreaches with all ma-
chinesperturbed.This precipitousincreaseoccursbecause
onaperturbednachineathird of the partitionsareon disk,
andaveragdateng is proportionako thetimeit takesto ro-
tatethroughall thepartitions. Thememory-constrainegol-
icy manages$o maintainthein-memorylateng until
available aggregate memoryis exhausted after which the
averagdateng increasegxponentially

6.3 Hybrid Repartitioning Policy

We describea simple hybrid of our load-balancingand
memory-constrainecepartitioningpolicy thatachiezesthe
bene ts of both. If any operatorinstancehas partitions
spilled to disk, the hybrid policy resortsto the memory-
constrainedolicy to avoid high averagelatencies.If par

titions for all instancesare residentin memory it resorts
to theload-balancingpolicy to improve throughputsubject
to the constraintthat a partitionis movedonly if sufcient

memoryexistsatthe destinatiorsite.
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The hybrid policy outperformghe otherpoliciesundera
mixture of external CPU andmemaoryloadsbecausét can
leverageboth load imbalanceand memoryusagestatistics
directly. We referthereaderto [26] for experimentsshaw-
ing thehybrid'sbene ts.

7. RelatedWork

The relevantwork which inspiredFlux falls into two main
catgyories: recentadvancementsn continuousguery and
streamprocessingsystems,and previous work in parallel
queryprocessing.

Previous CQ systemshave dealtwith scalabilityrequire-
mentsby taking advantageof the commonalityamongst
queries.NiagraCQJ[7] andXFilter [2] areexamplesof CQ
systemsover streamingXML documents. CACQ [16] is
an adaptve systemfor relational-stylecontinuousqueries
overstreamingsensodata.PSouf6] extendsCACQto ac-
commodateadisconnectedperation.A key featureof these
systemds to treatquerieslik e dataandindex themto take
adwantageof their commonality The latter two systems
employ an Eddy [24] to dynamicallyadapta queryplanto
changingworkloadcharacteristics.

STREAM[18] is a datastreamprocessingrojectwhich
focuseson computingapproximateresultsand minimizing
thememoryfootprint of queriesoverdatastreamsThe Au-
rora [4] systemproposeso useuserspeci ed quality-of-
servicepro les sacri cing resultquality in the absenceof
sufcient resourcedor scalability In contrast,we believe
thatinexpensve shared-nothingarallelismis amorecom-
pelling approachto scalabilitythanspecializedechniques
that sacri ce resultquality, thougha combinationof these
is certainlynatural.

While noneof thesesystemshave explicitly considered
parallelismjntegratingFlux into systemghatarecomposed
of x eddata ows like NiagaraCQ XFilter, STREAM, and
Aurora, shouldbe straightforward. On the otherhand,Ed-
diestakeadramaticdeparturdrom traditionaldata ow pro-
cessingtechniguesandintegratingtheir mechanismsvith
Flux is a promisingfuturedirection.

We refer the readerto [13] for an overview of database
queryprocessingechniquesndhighlightthe mostrelevant
work on parallelqueryprocessingEarlywork concentrated
on parallelizingindividual, traditionalcontent-sensitie op-
eratordik e hybrid-hastjoin [25] andsort(e.g.,[11, 20, 1]).
The abstractionavhich inspired Flux, Exchange{12] and
RiverDQ [23], were proposedto composesuchoperators
into adata ow. In [10] and[9], theauthorgresenpractical
techniquedor handlingdataskew for ahashjoin andexter
nal sort, respectrely. Thesetechniquesely on samplinga
staticdataset,whichis infeasiblein thestreamingscenario.
Work in [17] and[21] describediow to accountfor current
CPU utilization, memoryusage,and I/O load to perform
site selectioranddeterminedegreeof declusteringor hash
joins. Noneof thesepreviousschemegonsiderepartition-



ing the join operatorduring execution. In [30] and[15],
the authorsdescribetechniquedo repartitiona traditional
hashjoin atonepointin time: betweerthe build andprobe
phaseof thejoin. Thesetechniquesare speci ¢ to anim-
plementatiorof the hashjoin operatoranddo not consider
continual,on-the- y repartitioningof stream-basedpera-
tors. The ConQuesf{19] systemtakesanapproactcomple-
mentaryto ours;it focuseon recon guringanentireparal-
lel queryplaninsteadof a singlepartitionedoperator

8. Conclusion

Pipelineddata owsin CQ systemsareboundto experience
uctuations in resourceavailability while executing. To

performef ciently whenparallelizedacrossa cluster their

constituenidata ow operatoramustadapton the y to im-

balanceshat arise. In this paper we proposea reusable
mechanismFlux, thatencapsulateadaptve repartitioning
for a wide rangeof content-sensitie operators. Flux ex-

tendsthe Exchangeoperatoito includemechanismshatal-

leviate short-termandlong-termimbalancesacrossa clus-

ter. Ourexperimentsshav thatboth CPUandmemoryload

imbalancescan causesevere performancedegradationand
we proposepoliciesto accommodateoth. WhenFlux em-

ploysthesepolicies,it outperformghestaticallypartitioned
caseby severalfactorsin throughputand ordersof magni-
tudein averageateng.

Given the Flux mechanismthereare a few fruitful di-
rectionsfor future research.As shavn in Section5.4, our
policies are sensitve to their parametervalues,e.g. the
minimum collection phaselength. A schemefor auto-
tuning theseparameterss necessaryo avoid placing the
burdenon an administratoror operatordesigner Investi-
gatinghow theseperoperatomolicieseffect global perfor
mancein a data ow with multiple Fluxenis alsoan inter-
estingdirection. Finally, we intendto integrateour load-
balancingmechanismsvith fault-tolerancenechanismso
provide controlleddegradatiorfor CQ data owsin theface
of machinefailures.
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