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Abstract

Internetdatacentershost multiple Web applicationson sharedhardware resources.Thesedatacentersare
typically provisionedto meettheexpectedpeakdemandsof thehostedapplicationsbasedon normaltime-of-day
effects. Suchan over-provisioning approachis not robust to �ash crowd scenarios,wherethe load increaseof
somehostedapplicationsis muchhigherthantheir expectedpeakloads.In suchscenarios,datacenterscanutilize
their resourcesbetterby employing dynamicresourceallocation.In this paper, we presenta prototypedatacenter
implementationthat we useto study the effectivenessof dynamicresourceallocationfor handling�ash crowds
with differentcharacteristics.This prototypeimplementsa multi-tieredserver architecturealongwith mechanisms
for monitoring,loaddetection,loadbalancinganddynamicallocation.Our experimentswith this prototypeshow
thata carefullydesigneddynamicallocationschemecanbeeffective for handling�ash crowds. We show that in
orderto handlevery sharpgrowth in loads,a dynamicallocationschememustbe eitherextremelyresponsive or
employ low overheadmechanismssuchasusinghot spareservers. On theotherhand,graduallyincreasing�ash
crowdscanbehandledequallywell with largeroverheadsandslower reactiontimes.Wealsoshow thatevenin the
presenceof largeallocationoverhead,it is possibleto achievethesameapplicationperformanceby eitherallocating
multipleserverssimultaneouslyor allocatinga few serversoften.Usingour results,we concludethatevenwithout
large-scaleover-provisioning,it is possibleto effectively handle�ash crowd conditionsusinga dynamicallocation
schemethatrespondsquickly to workloadchanges,andthatcanmasklargeallocationoverheadseitherby deploying
a few readyserversor by allocatingmultipleserverssimultaneously.

1 Intr oduction

Internetdatacentershostmultiple Webapplicationson a commonhardwareplatform. Theworkloadsof thehosted
applicationsvary over time dueto long-termperiodic trendssuchas time-of-dayeffects(e.g.,morepeoplesur�ng
thewebduringlunchhours),andalsodueto �ash crowds(e.g.,“Slashdoteffect” or a breakingnews story). Several
techniqueshave beenproposedto predict long-termtime-of-daykind of workloadvariations[12, 26, 32] andmost
datacentersarewell-provisionedto handlesuchvariations.However, ¯ashcrowds aregenerallyunpredictableand
havecharacteristicsdifferentfrom typical time-of-dayload¯uctuations.For instance,onSeptember11,2001,theload
on theCNN websitedoubledevery 7 minutesto reacha peakof almost20 timesthenormalload[18]. In particular,
thetransientloadandthedurationof ¯ashcrowdsis dif�cult to predictfor long-termprovisioning,andthesystemhas
to belargely reactiveto thearrival of a ¯ashcrowd relyingonextremelyshort-termpredictions[17].

To handle¯ashcrowds,datacenterscaneitherresortto high levels of over-provisioning,or employ dynamicre-
sourceallocation,whereinresourcescanbeborrowedfromunusedserversorunderutilizedapplicationstoservicē ash
crowds. While over-provisioningof resourcesis a simpleapproach,it hastwo maindrawbacks.First of all, by their
very de�nition, ¯ashcrowdsareunpredictableandit is not easyto predicttheir peakload,soany imperfectlyprovi-
sionedsystemis likely to fail undersustainedoverloadconditions.Theotheralternativeof massiveover-provisioning
can lead to severeunder-utilization of resourcesandexcessive power usageduring the normaloperationalperiod.
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Recentstudieshaveshown thestatisticalmultiplexing bene�tsof dynamicresourceallocationoverover-provisioning
in a datacenter[3, 7]. Thesedrawbacksof over-provisioningmake it lucrative to usedynamicresourceallocationto
handlethe relatively uncommoneventsof ¯ashcrowd conditions. As a result,several dynamicresourceallocation
schemeshave beenproposedto betterutilize theresourcesin suchscenarios[5, 6, 8, 20,24]. Thesedynamicalloca-
tion schemesreactto changingapplicationloadsby reallocatingresourcesto overloadedapplications,borrowing these
resourcesfrom otherunder-utilizedapplicationsif necessary.

While mostof therecentstudieshavefocusedontheresourceutilizationandprovisioninggainsof dynamicalloca-
tion, therehasbeenlittle investigationof theeffect of dynamicallocationon applicationperformancein thepresence
of ¯ashcrowd conditions.Therehasbeennode�niti vestudyof how muchtheapplicationperformancesuffersdueto
theoverheadsandreactiontimeof dynamicallocation.

In particular, thefollowing questionsneedto beanswered.

� How effective is dynamicallocationin maintainingapplicationperformanceunder¯ashcrowd conditions?

� Whatcharacteristicsandparametersmustadynamicallocationschemeemploy to meetapplicationperformance
needs?

In this paper, we make the following contributions. First of all, we presenta prototypedatacenterthat we have
implementedto conductanexperimentalstudyfor answeringthesequestions.In thisprototype,wehaveimplemented
a multi-tieredserver architecturealongwith mechanismsfor online monitoring,load detection,load balancingand
dynamicallocation.This infrastructureprovidesuswith theability to systematicallyvary theparametersof anonline
dynamicallocationscheme.In addition,it enablesusto generaterealInternetapplicationworkloadsandprovidesus
with theability to studyapplicationperformancemetricsunderdifferentloadconditions.

As our experimentalmethodology, we generatēashcrowd conditionsfor an Internetapplicationbenchmarkand
performonlinereallocationof server resources.In our experiments,we systematicallyvary theparametersandover-
headsof dynamicallocationto studytheir impacton applicationperformance.Basedon our experimentalresults,we
show thatdynamicresourceallocationis effectivein handling¯ashcrowdsif it usesappropriateallocationparameters.
Theseparametersincludefastresponsivenessto workloadchanges,andanability to masklargeallocationoverheads
by allocatinga few readyserversor multipleserverssimultaneously.

The remainderof this paperis organizedas follows. In Section2, we provide backgroundon datacentersand
dynamicresourceallocation,andde�ne thecharacterizationof ¯ashcrowd scenarios.Wethendescribeourprototype
datacenterimplementationin Section3 followedby ourexperimentalresultsin Section4. Wediscussrelatedwork in
Section5 and�nally presentourconclusionsandfuturework in Section6.

2 Backgr ound

In this section,we �rst providebackgroundon Internetdatacenters,followedby adescriptionof theparametersused
for dynamicresourceallocationin suchdatacenters.Finally, we formally de�ne acharacterizationof ¯ashcrowds.

2.1 Dynamic Resour ce Allocation in Data Center s

Sincedatacentershostmultipleapplicationsonacommonserverplatform,they candynamicallyreallocateresources
amongdifferentapplications.Severalallocationschemeshavebeenproposed[5, 6,8,20,26] thatperformreallocation
on suchplatforms.Most of theseschemesusea measure-detect-allocatecycle for reallocation,whereinthey monitor
the applicationworkloads,detectany overloadconditions,and then allocateresourcesto overloadedapplications.
However, differentschemesvaryin theirunderlyingarchitecture,resultingin adifferencein theallocationmechanisms
they employ. For instance,Oceano[5] allocateswholeserver machinesamongapplications,while MUSE [8] allows
multiple applicationsto be co-hostedon the sameserver. Cluster-On-Demand[20] is a hybrid schemethat allows
clustersto beallocatedto virtual datacentersthatfurthersharetheserversamongmultipleapplications.
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In this paper, we focuson dedicateddatacenterarchitectureslike Oceanowherewholeserver machinesareallo-
catedto individual applications,Thesearchitecturesexhibit thewidestchoiceof valuesfor theallocationparameters
thatwe investigatein this paper(describedbelow) to answerthequestionsraisedin theprevioussection1. Dedicated
architecturespartition their serversinto differentserver pools,so that at any given time, theseserversarein useby
multiplehostedapplicationsin thefollowing manner.

� Private pool: Eachapplicationhasits own set of pre-provisionedservers, that are statically allocatedto it.
Theseserversguaranteea minimum level of applicationperformanceandensureperformanceisolationfrom
otheroverloadedapplications.

� Borrowedpool: Eachapplicationcanaddsomeserversto its pooldynamicallybasedon its load.Theseservers
arenotguaranteedto stayin asingleapplicationpool,andcanmovebetweendifferentapplicationpools.These
serversareusefulfor meetingoverloadconditions.

� Freepool: This is a setof server machinesthat arenot currentlyallocatedto any application. Thesecanbe
dynamicallyallocatedto any applicationwhentheneedarises.

In whatfollows,wereferto anapplicationto whichaserver is allocatedastherecipient, while anapplicationfrom
which a server is deallocatedis referredto asthe donor. A dynamicallocationalgorithmreallocatesresourcesby
moving serversbetweenthefreepoolandtheborrowedpoolsof differentapplications,or betweenborrowedpoolsof
applicationsif thefreepool is empty.A serverallocatedto theborrowedpoolof arecipientapplicationcanbeclassi�ed
to bein oneof thefollowing statesbasedonwhichpool it comesfrom.

� Hot spare: A hotspareis aserverthatalreadyhastherecipientapplicationrunningandreadyto receiverequests.
Suchserverscanbeallocatedby simply redirectingloadto them,andhencecanbebroughtonlinequickly. A
hot sparecould be a server alreadyin the recipient's borrowed pool2, or a recentlyfreedmachinefrom the
recipientborrowedpool thatstill hastheapplicationrunning.

� Cleanspare: A cleanspareis anunusedserver in thefreepool,but it is not readyto run a speci�c application.
Suchserverscouldbepoweredoff to savepower, or they mightbeupandrunning,waiting to beassignedto an
overloadedapplication.To allocatea cleanspareto anapplication,we needto install therecipientapplication
on theserverandbring it to a runningstatusbeforeloadcouldberedirectedto it.

� Dirty spare: A dirty spareis a server thatis currentlyservingrequestsfrom anotherapplication.It thusresides
in theborrowedpoolof adonorapplicationat thetimeof reallocation.A dirty spareis typically usedonly when
the free pool is emptyandthe donorapplicationis suf�ciently under-utilized. Reallocationof sucha server
involvesgracefullyshuttingdown thecurrentlyrunningapplicationon theserver, clearingits applicationstate
(whichmight involve actionssuchasdisk scrubbing),rebooting,installationof thenew applicationandgetting
thenew applicationto a readystate.

As we will see,the server stateat the time of allocationplaysan importantrole in determiningthe effectiveness
of an allocationscheme.Next, we describea setof parametersthat canbe usedto characterizedynamicallocation
schemeswithin theabove framework.

2.2 Characterizing a Dynamic Resour ce Allocation Scheme

The effectivenessof a dynamicresourceallocationschemedependson a large numberof factors,suchas the re-
sourceallocationalgorithm,thegranularityof allocation,theallocationoverheads,etc.[7]. In our study, we take an
algorithm-independentapproachin describingadynamicallocationscheme.Wede�ne asetof orthogonalparameters
to characterizeanallocationscheme,whichwedescribenext. Theseparametersareillustratedin Figure1.

1Sharedandhybrid architecturesexhibit severalotherinterestingfeaturesthatarebeyondthescopeof thispaper.
2Thehotspareallocationis implicit in thiscase.Here,therecipientserverpoolwouldbeableto absorbsomeof the¯ashcrowd loadbefore

gettingoverloaded.
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Figure 1: Characteristicsof adynamicallocationscheme

Figure 2: FlashCrowd Characteristics

Responsiveness (R)

Responsivenessis de�ned asthe durationit takesfor the allocationschemeto detecta load changeanddetermine
the new allocation. The responsivenessof an allocationschemecould dependon several factors– the frequency of
monitoringthe resources,theoverheadof collectingmonitoringstatisticsandloaddetection,andthe runtimeof the
allocationalgorithm.For instance,asimplethreshold-basedloaddetectionschemewouldhavemuchsmalleroverhead
comparedto a schemethatusesa complex functionof multiple loadmetricsto determineloadchanges.In a periodic
allocationscheme,responsivenesswouldcorrespondto thereallocationinterval.

Allocation Overhead (A)

This is the amountof time it takesto actuallybring the new resourcesonline oncethe allocationdecisionhasbeen
taken. This overheadcould includesuchcostsasde-allocatinganotherapplication's server (in caseof dirty spares),
redirectingnew requeststo thenew server, etc.

Basedon our de�nition of theserver statesin Section2.1, we seethat theallocationoverheaddiffers for various
server states.For instance,theoverheadof allocatinga hot spareis of theorderof a few milliseconds.On theother
hand,allocationoverheadfor acleanspareis of theorderof severalseconds,while thatfor adirty sparecanbein the
orderof severalminutes.

2.3 Characterizing Flash Crowd Scenarios

Having describedparametersof dynamicallocationin adatacenter, wenow describehow to characterizēashcrowd
conditions.Flashcrowdsarecharacterizedby anatypicalincreasein load.Further, theseloadslastfor relatively short
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Machine Hardware Operating Application
type con®guration System

Client 1 GHz/512MB Linux Redhat7.2 httperf
kernelv2.4.20

LoadBalancer 2.8GHz/1GB Linux Redhat7.3 ktcpvs
kernelv2.4.20 v0.0.14

WebServer 864MHz/256MB Linux Redhat7.2 Apache
kernelv2.4.7 v1.3.28

DatabaseServer 2.8GHz/512MB Linux Redhat7.3 Mysql
kernelv2.4.20 v max-3.23.57

Table 1: ClusterCon�guration

durationsof time (comparedto the normaloperationalperiodof an application). However, ¯ashcrowds candiffer
from eachother in several respects.For instance,some¯ashcrowds exhibit very sharpgrowth rates,while some
arecomparatively long-livedandsomehave very high magnitudepeaks.We characterizea ¯ashcrowd basedon the
following de�ning characteristics,thatareillustratedin Figure2.

� Loadgrowthrate(λ): Thisis therateatwhichtheloadincreasesbeforethe¯ashcrowd conditioneithersubsides
or stabilizes.An abnormalincreasein therateof workloadarrival for anapplicationmightbeusedto detectthe
arrival of the¯ashcrowd. This parameterrelatesto thespeedat which thedatacenterneedsto detectandreact
to the¯ashcrowd. λ couldbemeasuredusingunitssuchasuser-sessions/secondor requests/second.

� Peakload (P ): This is themaximumload imposedby the ¯ashcrowd. It canbeexpressedin workloadunits
(suchasnumberof usersessions),or in termsof server resources(for instance,numberof servers)requiredto
serviceit. It relatesto themaximumresourcecapacityrequiredto successfullyhandlethe¯ashcrowd.

� Flashcrowdduration (T ): This is thedurationfor which the¯ashcrowd conditionlasts.This is the lengthof
the time periodfrom thearrival of thecrowd till the loadgoesdown to normal. This would correspondto the
durationof “abnormality” for the application. A very large valueof T (for example,of the orderof days,or
severalhours)could indicatea basicshift in theapplicationworkloadlevels,andmight necessitatelong-term
re-provisioningof resources.

Having providedbackgroundon datacentersandcharacterizedvariousallocationparametersand¯ashcrowd con-
ditions,wenow presentourprototypedatacenterimplementation.

3 Prototype Data Center Implementation

In this section,we describetheimplementationof our prototypedatacenteron a testbedcluster. Theclusterconsists
of 16 Pentiummachinesconnectedby a 1Gbpsethernetswitch. We divide theclusterinto two sets— a client setto
generateWebworkloads,anda datacenterthathostsInternetapplicationsservicingtheseworkloads.We have im-
plementedamulti-tieredserverarchitecturein ourdatacenterprototypealongwith onlinemonitoring,loadbalancing
anddynamicallocationmechanisms.Table1 shows thehardwareandsoftwarecon�gurationof themachinesin the
cluster. Next, wedescribethesecomponentsin moredetail.

3.1 Multi­tiered Server Architecture

Figure3 shows theserverarchitectureof ourprototypedatacenterthatenablesit to hostmulti-tieredInternetapplica-
tions.Ourdatacenteremploys thefollowing componentservers:

� Load balancer: The load balancerin a datacenterenvironmentis typically a layer-4 (IP layer) or a layer-
7 (applicationlayer) switch. It is responsiblefor redirectingincomingrequeststo differentback-endservers
basedoncriteriasuchastheback-endserver loads,therequestedURL, theclient IP address,etc.
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Figure 3: Multi-tieredServerArchitecture

In our implementation,we useKernel TCP Virtual Server(ktcpvs)version0.0.14[16] as the front-endload
balancer. Ktcpvsis anopen-sourcelayer-7 loadbalancerthat forwardsincominguserconnectionsto back-end
serversusingseparateTCPconnections.

� WebServer:Theloadbalancerhandsoff requeststo Webserversthathandlefunctionssuchashttp processing
andserveupstaticcontentsuchasimagesandstaticwebpages.

In our implementation,we usedApacheversion1.3.28[4] asour Webserver. Apachewasenabledwith SSL
andPHPsupportandhadaMaxClientlimit setto 256.

� ApplicationServer:Applicationserversrun behindtheWebserver tier andexecutedynamicscriptsservingup
dynamiccontent.Theseserverscouldberunningsmallscriptsor largeenterpriseapplicationserverprograms.

In our experiments,we useda PHP-enabledInternetapplication(describedlater)thatrandynamicPHPscripts
on the Apacheserver machines.In this scenario,the Web and the applicationservers ran on the samema-
chines,andtherewasno physicalseparationof thetwo tiers. In therestof thepaper, we referto thecombined
Web/applicationserverssimplyasWebservers.

� DatabaseServer:Thelasttier in thearchitectureconsistsof databaseserversthatstoremostof theapplication
dataandprocessqueriesfrom the applicationserversfor the executionof dynamicscripts. We usedMySQL
versionmax-3.23.57[22] — a popularopen-sourcedatabaseserver — astheback-enddatabaseserver in our
prototype.

Dynamicresourceallocationcanbeperformedwithin eachof thesetiers individually, becauseof their functional
differencesand also becausetheir bottleneckresourcescan be different. For instance,the network bandwidthor
numberof connectionsis morelikely to becomethebottleneckon theWebservers,while thedisk bandwidthmight
bethebottleneckfor thedatabaseservers.Also, thedegreeof replicationandreallocationmechanismsdiffer between
differenttiers. In our experimentalstudy, we employ dynamicresourceallocationon the Web server tier. Through
experimentalevaluation,wecon�rm theWebservertier to bethebottlenecktier. Wenext describetheimplementation
of dynamicresourceallocationin ourdatacenter.

3.2 Dynamic Resour ce Allocation

In this section,we describeour implementationof dynamicresourceallocationon the datacentercon�guration we
describedabove. Dynamicresourceallocationrequiresmonitoringof server resources,overloaddetectionandreallo-
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cation.Wedescribeeachof thesein detailbelow.

3.2.1 Monitoring and Load detection

We installeda Linux-basedmonitoringsoftware– sar version4.0.1[27] – on all theclustermachines.Saris partof
anopen-sourcesystemmonitoringpackagecalledsysstat,thatcanperiodicallymeasurevarioussystemmetricslike
CPU usage,run queuelength,memoryusage,numberof opensockets,network traf�c, etc. We useda monitoring
periodof 10secondsin ourexperiments.

We useda reactiveallocationschemethatrelieson thecurrentworkloadarrival rateto detectoverloadconditions.
Note thatsucha schemeis differentfrom a proactiveallocationscheme,asthereis no active predictionbeingdone
for future time intervals. A reactive schemeis essentialto handle¯ashcrowds, becausetheir long-termprediction
is dif�cult. We measuredthe incomingworkloadrateby monitoringthe numberof userconnectionsbeingopened
at the front-endload balancer. Using a sequenceof workloadmeasurements,we did overload/underloaddetection
periodicallyandperformedreallocationaccordingly. We emulatedtheallocationparameterof responsivenessR (as
de�ned in Section2.2) by varying the frequency with which this overloaddetectionwasdone. Thus,thehigherthe
overloaddetectionfrequency, themoreresponsiveoursystemwasto changingworkloadlevels.

To detectoverloadsand underloadsin the system,we useda threshold-basedschemethat was usedto trigger
dynamicallocation. The goal of this schemewasto maintainthe averageload on the allocatedWeb serversunder
a thresholdvalue. Theway this loaddetectionworkedwasasfollows. Basedon thecurrentload, the loaddetector
computedtheminimumnumberof serversrequiredto maintaintheaverageloadon theseserversunderthethreshold.
If thenumberof currentlyallocatedserverswaslessthanthis value,thenthe requisitenumberof additionalservers
wasallocated.On theotherhand,if thecurrentlyallocatedserversexceededtherequirement,thentheextra servers
weredeallocated.In ourexperiments,weuseda thresholdvalueof 50%.Thus,for instance,if theloadon thesystem
was200%,it implied a systemrequirementof 4 serversfor handlingtheloadat anaverageloadof 50%each.If the
actualnumberof allocatedserverswas2, thenwe allocated2 extra servers,while if the actualnumberwas6, we
deallocated2 servers.Notethatby usingdifferentvaluesfor theoverloadandunderloadthresholds,it is easyto build
hysteresisin serverallocationto avoid oscillationsunderrapidload¯uctuations.

3.2.2 Resour ce Allocation and Load Balancing

We implementeda centralizedallocationschemeat the load balancer. The load balancingsoftwarektcpvsallows
addingandremoving servers to a list of availableserversusingusercommands.The load balancerthenforwards
incomingusersessionsand requestsonly to the serverson its available list. We usedthis facility for performing
dynamicresourceallocation.Wemaintaineda list of currentlyallocatedandfreeservers.Whenever theloaddetector
signaledanoverloadcondition,theallocationschemeaddedtherequisitenumberof serversfrom thefreeserver list
to theloadbalancer's list of availableservers.Similarly, in anunderloadedcondition,deallocationwasperformedby
removing serversfrom the loadbalancer's availableserver list andaddingthembackto the free list. To emulatethe
allocationoverheadparameter∆, we introducedawait timebeforeaddingor removing aserver from theavailablelist
of theloadbalancer.

For balancingtheloadon theWebservers,we useda least-loadedloadbalancingscheme,whereloadwasde�ned
asthenumberof connectionsopento eachWebserver. Weusedsucha loadbalancingschemeasopposedto locality-
awareschemessuchasLARD [23], becauseourworkloadconsistedpredominantlyof dynamicrequestsandwasthus
lesssensitive to cachingeffects. In additionto distributing incomingsessionsequallyamongthe back-endservers,
the least-loadedschemehastheadditionaladvantageof quickly diverting loadto a newly allocatedWebserver, thus
bringingit onlinefast.We show experimentallythat this indeedwasthecaseandtheloadbalancerdid not affect the
reallocationresultsadversely(for instance,by causinghotspotsamongtheallocatedservers).
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3.3 Hosted Application and Workload generator

Having describedthecomponentsof thedatacenterprototype,wenow describetheapplicationwehostedon thedata
centerandtheworkloadgeneratorweusedon theclientsto generatetheWebworkload.

As our hostedapplication,we usedRUBiS [2] — an open-sourceWeb applicationbenchmarkthat emulatesan
auctioningwebsitelikeEbay[11]. RUBiS is amulti-tieredapplicationthatusesaWebserver, anapplicationserverand
adatabaseservertier (asdescribedin Section3.1),andhence,is fairly representativeof commonInternetapplications.
We usedthePHPversionof RUBiS that implicitly combinestheWebserver andtheapplicationserver physically on
the samemachine. RUBiS hasthe notion of usersessions,whereeachusersessionemulatesthe actionsof a user
accessinganauctioningwebsite.Theseactionsincludeaccessingthehomepage,registeringasa user, placinga bid
on anitem,sellinganitem,etc. Eachsessionconsistsof a sequenceof requestsseparatedby userthink-times.These
requestsarea combinationof staticaswell asdynamicrequeststhatareservicedusingtheRUBiS applicationdata
maintainedonaback-enddatabase.

In our experiments,we �rst generatedof¯ine tracesof RUBiS usersessions.Theuserthink-timesweregenerated
usinganegativeexponentialdistributionwith ameanof 2 seconds.Thisthink-timedistributionis speci�edin theTPC-
W speci�cations[29] (WeemployedthisdistributionasTPC-Wis apopulare-commercebenchmarkspeci�cationand
emulatescloselytheuserbehavior for e-commerceapplications).

Finally, we replayedthesetracesusinghttperf [21] — anopen-sourceWebworkloadgenerator— runningon the
clientmachines,to generatetheworkloadduringtheexperiments.Httperfallowsvaryingvariousworkloadparameters
suchastherateof sessiongeneration,numberof requestspersession,the requesttimeoutvalues,etc. With httperf,
wewereableto generatedifferentkindsof ¯ashcrowd conditionsusingtheRUBiS sessiontraces.

4 Experimental Stud y

In thissection,wepresenttheresultsof ourexperimentalstudyto measuretheeffectivenessof variousdynamicalloca-
tion parameterson ¯ashcrowdswith varyingcharacteristics.We begin by describingour experimentalmethodology,
followedby theresultsfrom ourstudy.

4.1 Experimental Methodology

As describedin the previous section,we usea setof client machinesrunninghttperf to generatethe workloadfor
RUBiS application.This applicationis hostedon a multi-tiereddatacenterwhich employs online monitoring,load
detectionandreallocationmechanisms.

In our experiments,we vary the ¯ashcrowd characteristicsby controlling httperf parameterssuchas the total
numberof usersessionsandtherateof sessiongeneration.Sinceweareinvestigatingtheeffectof dynamicallocation
on applicationperformance,we studyonly a singlehostedapplication,but thesamescenariocouldberecreatedfor
multiple applications.Themostimportant¯ashcrowd characteristicfor studyingtheeffect on a singleapplicationis
theloadgrowth rate(λ) describedin Section2.3.Thisparameterdeterminestheeffectivenessof allocationparameters
suchasresponsivenessandallocationoverhead.We useλ valuesof 20 and60 sessions/minutein our experimentsto
measuretheeffectontheseallocationparameters.Ontheotherhand,thepeakloadP only playsarole in determining
themaximumnumberof serversthatneedto beallocated,andthedurationT is importantin determiningtheamount
of overlapwith otherco-hostedapplicationsin thedatacenter. In our experiments,we usea peakloadvalueof 500
sessionsthatcorrespondsto anidealrequirementof 4 serversin our datacenterimplementation.Finally, we keepthe
total timeT of the¯ashcrowd �x edatonehour.

To studytheeffectivenessof differentallocationschemes,we vary theparametersof responsiveness(R) andallo-
cationoverhead(A). for each¯ashcrowd, asdescribedin theprevioussection.Thevaluesof responsivenesswere
variedbetween10seconds(representingahighly responsiveallocationscheme)and15minutes(representingaslowly
respondingscheme).Similarly, thevaluesof allocationoverheadwerevariedbetween0 and15minutes,whereavalue
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Figure 4: Flashcrowdsgeneratedwith varyingratesof workloadincrease.
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Figure 5: Application performancewith varying responsivenessand allocationoverhead,̄ ashcrowd λ=60 ses-
sions/min

of 0 representsahotspareallocation,avalueof 1-5minutesrepresentsallocationoverheadof acleanspare,while that
of 5-15minuteswasusedfor adirty spareallocation.

Usingthesevaryingparametervalues,wethenmeasurevariousapplicationperformancemetricsin ourexperiments.
Theperformancemetricsweusearesessionlengths,replyratesandnumberof connectiontimeouts.While thenumber
of connectiontimeoutsand reply ratesrepresentthe performanceof the applicationin termsof admitting clients,
sessionlengthsmeasuretheperformancein termsof theservicereceivedby theadmittedclients.Weusethesemetrics
to measuretheapplicationperformanceunderdifferentallocationschemes.

4.2 Experimental Results

4.2.1 Effect of responsiveness and allocation overhead

Figures4 (a) and(b) show theworkloadof two ¯ashcrowdswith meanpeakgrowth ratesof 60 and20 sessions/min
respectively. Eachof thesē ashcrowdshasa total durationof 1 hour, andapeakloadof 500sessions.

In Figure5,weplot theeffectof varyingtheallocationscheme'sresponsiveness(R) andallocationoverhead(A) on
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Figure 6: Application performancewith varying responsivenessand allocationoverhead,̄ ashcrowd λ=20 ses-
sions/min

theapplicationperformancemetrics.Figure5 (a)showsthenumberof sessiontimeoutspersessionaswevaryrespon-
sivenesson thex-axis.Differentcurveson thegraphcorrespondto differentvaluesof allocationoverhead.Thevalue
of sessiontimeoutscorrespondsto thenumberof usersessionsrejectedby theapplication.This �gure shows thatas
thevalueof responsivenessincreasesfrom 0 to 15minutes,thetimeoutratesteadilyincreasesby about0.1-0.15time-
outs/sessionfor eachvalueof allocationoverhead.Figure5 (b) plotsanotherapplicationperformancemetric,namely,
the95th-percentilevalueof sessionlength. Thesessionlengthsarecomputedonly over thesuccessfulconnections,
hencethismetriccorrespondsto theperformanceof theservicedrequests.As theplot shows,the95th-percentilevalue
of sessionlengthremainsnearlysteadybetween120 and160 seconds(with some¯uctuations),andthereis only a
small relative increasein its valueaswe increasethe valueof eitherresponsivenessor allocationoverhead.These
resultstogetherimply thatwhile theadmissionrateof usersessionsdecreasesaswemake theallocationschemeless
responsiveor increasetheoverheadof allocationmechanisms,theperformanceof thesuccessfullyservicedsessions
is largelyunaffected.

Figure6 showssimilar resultsfor the¯ashcrowd with λ=20sessions/minute.However, thevaluesof timeoutrates
aresmallerfor the correspondingvaluesof responsivenessandallocationoverheadin this casecomparedto those
for the ¯ashcrowd with λ=60 sessions/min.In fact, ascanbe seenfrom Figure6 (a), the numberof timeoutsis 0
for responsivenessvaluesaslarge as10 minuteswhenallocationoverhead=0,andsimilarly for allocationoverhead
valuesaslargeas5 minutesfor responsiveness=10sec.This impliesthatwith a more slowlygrowing�ash crowd,an
allocationschemethat is notveryresponsiveor useslargeoverheadmechanismscanalsoperformwell. However, we
still needto ensurethatat leastoneof thetwo parametersof responsivenessandallocationoverheadis small.

4.2.2 Variation in application perf ormance with time

To understandour resultsbetter, we also look at the variation in the applicationperformancewith time for given
combinationsof allocationparameters.Figures7(a)and(b) plot time seriesshowing thedatacenterserver allocation
and the applicationperformancefor differentvaluesof responsiveness.This �gure shows the resultsfor the ¯ash
crowd with λ=60 requests/min.We keepthe allocationoverheadvalue �x ed at 0 (that correspondsto a hot spare
allocation),andcomparetheallocationschemeswith responsivenessvaluesof 10secondsand5 minutes.

Figure7(a)showsthenumberof serversallocatedfor eachresponsivenessvalue,while Figure7(b)showsthereply
ratesfor thecorrespondingresponsivenessvaluesat correspondingtimes. As canbeseenfrom the�gures, themore
responsive scheme(responsiveness=10sec)is ableto allocatetherequisitenumberof serversquickly, andis ableto
matchtheworkloadrequirements.On theotherhand,theslower respondingscheme(responsiveness=5min) lagsin
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Figure 7: Timeseriesof serverallocationandapplicationperformancewith differentallocationschemes

theallocationof servers. For instance,at time 500seconds,while thefasterschemeis ableto allocate4 servers,the
slowerschemeis ableto allocateonly 2 servers.As aresult,theslowerschemeshowsadegradationin theapplication
performanceduringthetransientstageof the¯ashcrowd. For instance,theslower schemeis ableto serviceonly 400
requests/secondbetweentime 500and700secondsascomparedto 500requests/secondfor thefasterschemeduring
thesameperiod.

Anotherinterestingregionin the�gures is thetimeperiodbetween750and1250seconds.Here,thelessresponsive
schemeendsup over-allocatingresourcesby 2 serversandits reply ratealsoincreasesupto600requests/secbrie¯y.
This happensdueto the usersessionbacklogthat accumulatesin the transientperiod. This illustratesthat the less
responsive schemeis alsomoreunstablethanthefasterrespondingschemein termsof theapplicationperformance.
Finally, bothschemesperformequallywell oncethe¯uctuationsdiedown andthe¯ashcrowd settlesdown in asteady
state.

Theseresultsimply thatfasterrespondingandlow overheadallocationschemescanrespondbetterto thetransient
periodsof ¯ashcrowd load increasesascomparedto slower schemes.Moreover, the lessresponsiveschemesare
lessstablein applicationperformancedueto the backlogcreatedduring the transientperiodresultingin temporary
overallocationof resources.

4.2.3 Variation in server load with time

Having looked at the applicationperformanceasthe workloadandthe server allocationchangewith time, we now
examinetheloadontheserversasa functionof time. In Figure8, weplot theloadvariationonthevariousdatacenter
serversfor the¯ashcrowd with λ=60 sessions/minute.Theresponsivenessandallocationoverheadof theallocation
schemewereeachset to 5 minutesin this experiment(correspondingto the dottedcurve in Figures7(a) and(b)).
Figure8(a)plotstheCPUusageof Webserversin thesystemasthey areallocatedone-by-onewith theloadvariation,
while Figure8(b)plotstheCPUusageon theloadbalancerandthedatabaseserver.

As canbe seenfrom Figure8(a), the load on the initially allocatedWeb serversgrows to almost100%by time
750 seconds.This is due to the lag in allocationof new servers. However, 3 new serversarestartedat time 700
seconds,which quickly bringsdown the loadon the individual serversto about40%,and�nally , in thesteadystate,
all serversmaintaina load of about50%. Note that 2 serversweredeallocatedat time about1500seconds,asthe
servershadbecomeunderloaded.The interestingpoint to be notedfrom this �gure is the effectivenessof the load
balancing.Recall from Section3.2.2that we useda least-loadedload balancingstrategy. This �gure con�rms the
effectivenessof this strategy in thepresenceof dynamicworkloadwhencachingeffectsarenot very important.Also,
Figure8(b)showsthattheloadontheloadbalancerandthedatabaseserverarenegligible. Thiscon�rms ourassertion
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Figure 9: Comparisonof a slow proactive anda fast reactive allocationschemein the presenceof high allocation
overhead.

in Section3.1thatWebserver tier is thebottlenecktier for ourexperimentalworkload.

4.2.4 Comparison of Slow Pro­active and Fast Reactive Allocation

Anotheraspectof resourceallocationwe consideris theability to allocateserverspro-actively asagainstallocating
themreactively. In thecaseof aproactivescheme,thereis anearlyallocationof serversin anticipationof loadincrease.
This couldbebasedon somekind of short-termpredictionusingrecentlyobservedworkloadmetrics. On theother
hand,a reactive schemewould allocateresourcessolelyon thebasisof currentloadon thesystem.Theadvantageof
usinga pro-active allocationschemewouldbemostpronouncedwhentheallocationoverheadof new serversis high.
In thatcase,multiple serverscanbepre-allocatedandwould beexpectedto bereadyto handlethe loadby the time
it increasesto higherlevels. Here,we conductanexperimentto studytheconditionsunderwhich a reactive scheme
mightbeableto emulatetheperformanceof apro-activescheme.

To studythis aspect,we generateda ¯ashcrowd with peakgrowth rateof 120 sessions/minuteandpeakload of
about1800sessions.Thedurationof the¯ashcrowd was30minutes.Theseparametersemulatedafast-growing ¯ash
crowd requiringlargenumberof serversto handlethepeakload.
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In Figure9(a)and(b), weplot theserverallocationandtheapplicationperformanceusingtwo allocationschemes.
Oneis a pro-active allocationschemewith a responsivenessof 5 minutes. It accuratelypredictsthe expectedload
during this time period and allocatesenoughservers to handlethis load. On the other hand, the secondscheme
allocatesindividual serversasthe load increasesbasedon thecurrentload. This schemeis moreresponsive, with a
responsivenessof 10 seconds.In this experiment,theallocationoverheadis 5 minutesfor eachscheme,so that the
serverstake 5 minutesto get ready. As shown in Figure9(a), theserver allocationof thepro-active schemeis more
aggressive in thatit is ableto allocatemultipleserversat thesametime. On theotherhand,thereactiveschemereacts
in a more incrementalmannerallocating1 server at a time. Despitethis difference,their server allocationsmatch
closely, andtheir client reply ratesalsomatchcloselywith a few ¯uctuations,asshown in Figure9(b).

Theseresultsimply that in caseof rapidly increasingloads,a highly responsive reactive schemecanperformas
well asa lessresponsive pro-active scheme,so that it is possibleto meetsimilar applicationperformanceby either
allocatingmultipleserverssimultaneouslyor a few servers frequently.

4.3 Implications of our results

In thissection,to summarizetheexperimentalresultswepresentedin Section4.2.Our resultsindicatethat

1. Using a moreresponsive allocationscheme,or usinglessoverheadallocationmechanismssuchasusinghot
sparesor cleansparesis preferable.

2. Slower allocationmechanismsandschemesaresusceptibleto instability in applicationperformanceandcan
resultin temporaryover-allocation.

3. Evenwith slowermechanisms,theapplicationperformanceis degradedonly duringthetransientperiodof ¯ash
crowd loadgrowth, andin steadystate,theperformanceis comparableto thatof fastermechanisms.

4. A highly responsive reactive allocationschemecan match the performanceof a less responsive pro-active
schemein thepresenceof fast-increasingworkloads.

5. A simple least-loadedload balancingstrategy can work well when the workload is primarily dynamicand
cachingeffectsarenotpredominant.

Theaboveresults(particularlyresult3) indicatethatit is possibleto useslowermechanismssuchasdirty sparesin
¯ashcrowd conditions,if theschemecanmaintaina few hot sparesto servicetheloadduringthetransientperiodof
server preparation.This is an importantobservation,becausein many ¯ashcrowd conditions,theallocationscheme
might have to fall backon cleananddirty sparesaftera while, if the ¯ashcrowd is large in magnitudeor duration.
Undersuchconditions,it is possibleto pro-actively start allocatingthe slower spares,andpressthe more readily
availableserversinto servicefor theinterveningduration.Further, result4 impliesthatfor apurelyreactivescheme,it
is importantto behighly responsive,in whichcaseit is ableto emulatealessresponsivepro-activescheme.Moreover,
whatthis resultindicatesis thatevenwith largeallocationoverhead,it is possibleto meetapplicationrequirementsby
eitherallocatingmultiple serverssimultaneously(asdoneby a slow pro-active scheme)or by allocatingserversoften
(asdoneby a fastreactivescheme).

5 Related Work

A dynamicallocationtechniqueto handleunexpectedworkloadsurgeshasbeenproposedin a recentwork [17]. This
techniqueperformsdynamicallocationusingshort-termloadpredictioncoupledwith earlypre-allocationof resources.
Ourwork differsfrom thiswork in thefollowing aspects.Firstof all, weexaminenotjustasingleallocationtechnique,
but a rangeof allocationparametersto understandtheirutility underdifferentscenarios.Also, this techniqueassumes
�x edserver allocationoverheadsof about30 seconds,while we considera rangeof valuesrangingfrom very small
(0) to large (15 minutes)for the allocationoverheadthat correspondto serversbeingin differentstatesat the time
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of allocation. This is an importantparameter, as¯ashcrowds, by their very de�nition, canhave large magnitudes
necessitatingtheneedto allocateserverswith highallocationoverheads.

Therehave beenseveral proposalsfor managingoverloadin Web workloads.Many of theseapproachesemploy
differentformsof admissioncontrol [9, 13, 15, 31], traf�c shaping[14, 30] andscheduling[28]. Theseapproaches
usethe techniquesof workloadshapingandservicedifferentiationto meetthe applicationperformanceneeds.Our
approachof usingdynamicallocationunderoverloadscenariosis complementaryto theseapproaches,andcanbe
usedin conjunctionwith themto achievegoodapplicationperformancewhile admittinglargenumberof requests.For
instance,techniqueslikeadmissioncontrolor servicedifferentiationcouldbeemployedduringthetransientallocation
period,andthey canberelaxedoncetherequisitenumberof serversbecomeavailablefor service.

Recentstudies[3, 7] have examinedthe effect of allocationparameterson resourceprovisioning gains in data
centerenvironments.Thesestudiesaredifferentfrom our work in several respects.First of all, our work focuseson
theimpactof dynamicallocationon applicationperformanceasopposedto resourcesavingsthatwasthemainfocus
of thesestudies.Secondly, thesestudiesobtaintheir resultsby performingdataanalysisof real datacentertraces.
On theotherhand,we useanexperimentalmethodology, whereinwe employ a prototypedatacenterimplementation
with a real Internetapplicationbenchmarkto conductanexperimentalstudy. Sucha methodologyprovidesuswith
the ability to monitor server resourcesandapplicationperformanceundervaryingallocationparameters,while also
allowing usto systematicallyvary theworkloadparameters.

In this paper, we focusedon dedicateddatacenterarchitectures[5, 24]. However, severalotherdatacenterarchi-
tectureshavebeenproposed.TheseincludesharedarchitecturessuchasMUSE[8] thatcanhostmultipleapplications
on sharedservers,andhybrid architectureslike Cluster-on-Demand[20] that hierarchicallyallocatevirtual clusters
to a groupof applications.Anotherarchitecturemakesuseof virtual clustersto allocateresourcesacrossglobally
distributeddatacenters[25]. Someof thesearchitectureslike thehybrid onesharesomeaspectsof dedicatedarchi-
tectures(for instance,with respectto allocatingserversacrossvirtual clusters),andhence,someresultsof our study
aredirectly applicableto them.Sharedarchitecturesallow very fastre-provisioningof resourceswithing serversand
thusdisplayahighdegreeof responsivenessandlow allocationoverhead.However, otheraspectsof allocationin such
architectures,suchaswork-conservingnatureof server resourceschedulers,servercapacity, etc.,needto beexamined
in greaterdetail.

Several researchefforts have alsoproposedpredictionandworkloadcharacterizationtechniquesthat work well
for long-termseasonaltrendssuchas time-of-day-effects [12, 26, 32]. However, thesetechniquesarenot directly
applicablefor ¯ashcrowd scenarios,as¯ashcrowdsareinherentlyunpredictable,andthesetechniquesalsorequire
accessto a largedatarecordto make theirpredictions.

Severaldynamicresourceallocationtechniqueshavebeenproposedfor datacentersthatusemodelingtechniquesto
achieve resourceguarantees[1, 6, 10,19]. Thesetechniquesusemeasurementandpredictiontechniquesto reallocate
resourcesamongapplicationsbasedon their varyingworkload.Suchtechniquesarecomplementaryto our work and
canbeemployedonadatacenterimplementedwith appropriateallocationmechanisms.

6 Conc lusions

In this paper, we presenteda prototypedatacenterimplementationthatwe usesto studytheeffectivenessof dynamic
resourceallocationfor handling¯ashcrowdswith differentcharacteristics.This prototypeimplementsa multi-tiered
server architecturealongwith mechanismsfor monitoring, load detection,load balancinganddynamicallocation.
Ourexperimentswith this prototypeshowedthata carefullydesigneddynamicallocationschemecanbeeffective for
handling¯ashcrowds. We showedthat in orderto handlevery sharpgrowth in loads,a dynamicallocationscheme
mustbeeitherextremelyresponsiveor employ low overheadmechanismssuchasusinghotspareservers.Ontheother
hand,graduallyincreasinḡashcrowdscanbehandledequallywell with largeroverheadsandslower reactiontimes.
We alsoshowedthateven in thepresenceof largeallocationoverhead,it is possibleto achieve thesameapplication
performanceby eitherallocatingmultiple serverssimultaneouslyor allocatinga few serversoften. Usingour results,
weconcludethatevenwithout large-scaleover-provisioning,it is possibleto effectively handlē ashcrowd conditions
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usinga dynamicallocationschemethat respondsquickly to workloadchanges,andthat canmasklarge allocation
overheadseitherby deploying a few readyserversor by allocatingmultipleserverssimultaneously.

As partof futurework, wewould like to examineapplicationperformancein amultipleapplicationsetting.In such
a scenario,it would beinterestingto investigatetheeffect that thetime durationandpeakmagnitudeof ¯ashcrowds
have on theamountof correlationbetweenmultiple applicationdemands.This investigationwould alsosheda light
on how successfullya dynamicallocationschemecanbein preparingserversfor re-allocationwhentheneedarises.
In addition,we would like to examinemorecarefullytheeffectsof reallocationalgorithmsandpredictiontechniques
on thevariousallocationparametersandtheeffectivenessof dynamicallocationunder¯ashcrowd conditions.

7 Ackno wledg ements

Wewould like to thankPawanGoyal for severalinsightfuldiscussionsandcommentson thepaper.

References

[1] T. Abdelzaher, K. G. Shin,andN. Bhatti. PerformanceGuaranteesfor Web Server End-Systems:A Control-Theoretical
Approach.IEEETransactionsonParallel andDistributedSystems, 13(1),January2002.

[2] C.Amza,E.Cecchet,A. Chanda,A. Cox,S.Elnikety, R.Gil, J.Marguerite,K. Rajamani,andW. Zwaenepoel.Speci®cation
andImplementationof DynamicWebSiteBenchmarks.In Proceedingsof WWC-5, November2002.

[3] A. Andrzejak,M. Arlitt, andJ. Rolia. Boundingthe ResourceSavings of Utility ComputingModels. TechnicalReport
HPL-2002-339,HPLabs,December2002.

[4] ApacheHTTPServerProject.http://httpd.apache.org.

[5] K. Appleby, S. Fakhouri, L. Fong, M. K. G. Goldszmidt,S. Krishnakumar, D. Pazel, J. Pershing,and B. Rochwerger.
Oceano- SLA-basedManagementof a ComputingUtility. In Proceedingsof the IFIP/IEEE Symposiumon Integrated
NetworkManagement, May 2001.

[6] A. Chandra,W. Gong,andP. Shenoy. DynamicResourceAllocation for SharedDataCentersUsingOnlineMeasurements.
In Proceedingsof EleventhInternationalWorkshoponQualityof Service(IWQoS2003), June2003.

[7] A. Chandra,P. Goyal, andP. Shenoy. QuantifyingtheBene®tsof ResourceMultiplexing in On-DemandDataCenters.In
FirstWorkshoponAlgorithmsandArchitecturesfor Self-ManagingSystems, June2003.

[8] J.Chase,D. Anderson,P. Thakar, A. Vahdat,andR. Doyle. ManagingEnergy andServerResourcesin HostingCenters.In
Proceedingsof theEighteenthACM SymposiumonOperatingSystemsPrinciples(SOSP), pages103±116,October2001.

[9] L. Cherkasova andP. Phaal.Session-BasedAdmissionControl: A Mechanismfor PeakLoadManagementof Commercial
WebSites.IEEETransactionsonComputers, 51(6):669±685,June2002.

[10] R. Doyle, J. Chase,O. Asad,W. Jin, andAmin Vahdat.Model-BasedResourceProvisioning in a WebServiceUtility. In
Proceedingsof USITS'03, March2003.

[11] Ebay.http://www.ebay.com.

[12] J.Hellerstein,F. Zhang,andP. Shahabuddin. A StatisticalApproachto Predictive Detection.ComputerNetworks, January
2000.

[13] R. Iyer, V. Tewari, andK. Kant. OverloadControlMechanismsfor WebServers. In Workshopon PerformanceandQoSof
Next GenerationNetworks, November2000.

[14] H. Jamjoom,J.Reumann,andK. Shin.QGuard:ProtectingInternetserversfrom overload.TechnicalReportCSE-TR-427-
00,Departmentof ComputerScience,Universityof Michigan,2000.

[15] V. KanodiaandE.Knightly. Multi-classlatency-boundedwebservers.In Proceedingsof InternationalWorkshoponQuality
of Service(IWQoS'00), June2000.

[16] KernelTCPVirtual Server. http://www.linuxvirtualserver.org/software/ktcpvs/ktcpvs.html.

15



[17] E. Lassettre,D. Coleman,Y. Diao,S.Froelich,J.Hellerstein,L. Hsiung,T. Mummert,M. Raghavachari,G. Parker, L. Rus-
sell, M. Surendra,V. Tseng,N. Wadia, and P. Ye. Dynamic Surge Protection: An Approachto Handling Unexpected
WorkloadSurgeswith ResourceActions that have LeadTimes. In First Workshopon Algorithmsand Architectures for
Self-ManagingSystems, June2003.

[18] W. LeFebvre. CNN.com:FacingaWorld Crisis,June2002. InvitedTalk, USENIX AnnualTechnicalConference.

[19] Z. Liu, M. Squillante,andJ. Wolf. On Maximizing Service-Level-AgreementPro®ts. In Proceedingsof the 3rd ACM
conferenceonElectronicCommerce, 2001.

[20] J.Moore,D. Irwin, L. Grit, S.Sprenkle,andJ.Chase.ManagingMixed-UseClusterswith Cluster-on-Demand.Technical
report,Departmentof ComputerScience,Duke University, November2002.

[21] David MosbergerandTai Jin. httperf± A Tool for MeasuringWebServerPerformance.In Proceedingsof theSIGMETRICS
Workshopon InternetServerPerformance, June1998.

[22] MySQL. http://www.mysql.com.

[23] V. Pai,M. Aron,G.Banga,M. Svendsen,P. Druschel,W. Zwaenepoel,, andE.Nahum.Locality-AwareRequestDistribution
in Cluster-basedNetwork Servers. In Proceedingsof the8th ACM Conferenceon Architectural Supportfor Programming
LanguagesandOperatingSystems, October1998.

[24] S. Ranjan,J. Rolia, H. Fu, andE. Knightly. Qos-drivenserver migrationfor internetdatacenters.In Proceedingsof the
TenthInternationalWorkshoponQualityof Service(IWQoS2002), May 2002.

[25] J.Rolia,S.Singhal,andR. Friedrich.Adaptive internetdatacenters.In Proceedingsof SSGRR2000, July2000.

[26] J.Rolia,X. Zhu,M. Arlitt, andA. Andrzejak.StatisticalServiceAssurancesfor Applicationsin Utility Grid Environments.
TechnicalReportHPL-2002-155,HPLabs,December2002.

[27] Sysstatpackage.http://freshmeat.net/projects/sysstat.

[28] B. SchroederandM. Harchol-Balter. Webserversunderoverload:How schedulingcanhelp. In Proceedingsof the18th
InternationalTeletraf�c Congress, 2003.

[29] W. Smith. TPC-W: BenchmarkingAn EcommerceSolution.http://www.tpc.org/information/other/techarticles.asp.

[30] T. Voigt, R. Tewari, D. Freimuth,andA. Mehra.Kernelmechanismsfor servicedifferrentiationin overloadedwebservers.
In Proceedingsof USENIXAnnualTechnicalConference, June2001.

[31] M. WelshandD. Culler. Adaptive OverloadControlfor BusyInternetServers. In Proceedingsof the4th USENIXConfer-
enceon InternetTechnologiesandSystems(USITS'03), March2003.

[32] F. ZhangandJ. L. Hellerstein. An approachto on-line predictive detection. In Proceedingsof MASCOTS2000, August
2000.

16


