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Abstract

Internetdata centershost multiple Web applicationson sharedhardware resources. Thesedatacentersare
typically provisionedto meetthe expectedpeakdemandof the hostedapplicationshasedon normaltime-of-day
effects. Suchan over-provisioning approachis not robustto ash crownd scenarioswherethe load increaseof
somehostedapplicationds muchhigherthantheir expectedpeakloads.In suchscenariosgatacenterscanutilize
their resourcedetterby employing dynamicresourceallocation. In this paper we presenta prototypedatacenter
implementatiorthat we useto studythe effectivenessof dynamicresourceallocationfor handling ash crowds
with differentcharacteristicsThis prototypeimplementsa multi-tieredsener architecturealongwith mechanisms
for monitoring,load detection Joad balancinganddynamicallocation. Our experimentswith this prototypeshov
thata carefully designeddynamicallocationschemecanbe effective for handling ash cronds. We shaw thatin
orderto handlevery sharpgrowth in loads,a dynamicallocationschememustbe eitherextremelyresponsie or
employ low overheadmechanismsuchasusinghot spareseners. On the otherhand,graduallyincreasing ash
crowdscanbehandledequallywell with largeroverheadsaindslower reactiontimes. We alsoshav thatevenin the
presencef largeallocationoverheadit is possibleto achieve the sameapplicationperformancéoy eitherallocating
multiple senerssimultaneouslyr allocatinga few senersoften. Usingour resultswe concludethatevenwithout
large-scaleover-provisioning, it is possibleto effectively handle ash crowd conditionsusinga dynamicallocation
schemehatrespondsjuickly to workloadchangesandthatcanmasklargeallocationoverheaditherby deploying
afew readysenersor by allocatingmultiple senerssimultaneously

1 Introduction

Internetdatacentershostmultiple Web applicationson a commonhardware platform. The workloadsof the hosted
applicationsvary over time dueto long-termperiodic trendssuchastime-of-dayeffects (e.g., more peoplesur ng
thewebduringlunchhours),andalsodueto ash crowds(e.g.,"Slashdoteffect” or a breakingnews story). Sereral
techniqguedhave beenproposedo predictlong-termtime-of-daykind of workload variations[12, 26, 32] and most
datacentersare well-provisionedto handlesuchvariations. However, ashcrowds are generallyunpredictableand
have characteristicdifferentfrom typicaltime-of-dayload uctuations For instancepn Septembet1,2001,theload
onthe CNN websitedoubledevery 7 minutesto reacha peakof almost20 timesthe normalload[18]. In particular
thetransienioadandthedurationof ashcrowdsis dif cult to predictfor long-termpraovisioning,andthesystemhas
to belargely reactiveto thearrival of a ashcrowd relying on extremelyshort-termpredictiong17].

To handle ashcrowds, datacenterscaneitherresortto high levels of over-provisioning, or employ dynamicre-
sourceallocationwhereinresourcesanbeborrovedfrom unusedsenersor underutilizedapplicationgo service ash
crowds. While over-provisioning of resourcess a simpleapproachit hastwo maindravbacks.First of all, by their
very de nition, ashcrowds areunpredictableandit is not easyto predicttheir peakload, so ary imperfectlyprovi-
sionedsystemis lik ely to fail undersustaineaverloadconditions.The otheralternatve of massve over-provisioning
canleadto severe underutilization of resourcesand excessve power usageduring the normal operationalperiod.



Recenttudieshave shavn the statisticalmultiplexing bene ts of dynamicresourceallocationover over-provisioning
in adatacenter[3, 7]. Thesedravbacksof over-provisioningmale it lucrative to usedynamicresourceallocationto
handlethe relatively uncommoneventsof “ashcrowd conditions. As a result, several dynamicresourceallocation
schemedave beenproposedo betterutilize the resourcesn suchscenariogs, 6, 8, 20, 24]. Thesedynamicalloca-
tion schemeseactto changingapplicationloadsby reallocatingesource$o overloadedapplicationsborraving these
resourcesrom otherunderutilized applicationsf necessary

While mostof therecentstudieshave focusedon theresourcautilization andprovisioninggainsof dynamicalloca-
tion, therehasbeenlittle investigation of the effect of dynamicallocationon applicationperformancen the presence
of “ashcrowd conditions.Therehasbeenno de niti ve studyof how muchtheapplicationperformanceuffersdueto
the overheadsndreactiontime of dynamicallocation.

In particular the following questionsieedto beanswered.

How effective is dynamicallocationin maintainingapplicationperformanceainder ashcrowvd conditions?

Whatcharacteristicandparametermustadynamicallocationschemeamploy to meetapplicationperformance
needs?

In this paper we make the following contrikutions. First of all, we presenta prototypedatacenterthat we have
implementedo conductanexperimentaktudyfor answeringhesequestionsin this prototype we have implemented
a multi-tiered sener architecturealongwith mechanismdgor online monitoring, load detection,load balancingand
dynamicallocation.Thisinfrastructureprovidesuswith the ability to systematicallywary the parametersf anonline
dynamicallocationschemeln addition,it enableaisto generateeal Internetapplicationworkloadsandprovidesus
with the ability to studyapplicationperformancemetricsunderdifferentload conditions.

As our experimentaimethodologywe generateashcrowd conditionsfor anInternetapplicationbenchmarkand
performonlinereallocationof senerresourcesln our experimentswe systematicallyary the parameterandover
headsof dynamicallocationto studytheirimpacton applicationperformanceBasedon our experimentakesults we
shav thatdynamicresourcellocationis effective in handling ashcrowdsif it usesappropriatellocationparameters.
Theseparameterincludefastresponsienesgo workloadchangesandanability to masklarge allocationoverheads
by allocatinga few readysenersor multiple senerssimultaneously

The remainderof this paperis organizedasfollows. In Section2, we provide backgroundon datacentersand
dynamicresourceallocation,andde ne the characterizationof ashcrowd scenariosWe thendescribeour prototype
datacenterimplementationn Section3 followedby our experimentakesultsin Section4. We discusgelatedwork in
Section5 and nally presenbur conclusionsandfuturework in Section6.

2 Background

In this sectionwe rst provide backgroundn Internetdatacentersfollowedby a descriptionof the parametersised
for dynamicresourceallocationin suchdatacenters Finally, we formally de ne a characterizatioof ashcrowds.

2.1 Dynamic Resource Allocation in Data Centers

Sincedatacentershostmultiple applicationson acommonsener platform,they candynamicallyreallocateesources
amongdifferentapplications Severalallocationschemesave beenproposeds, 6, 8, 20, 26] thatperformreallocation
on suchplatforms.Most of theseschemesisea measue-detect-allocateycle for reallocationwhereinthey monitor
the applicationworkloads,detectany overloadconditions,and then allocateresourcedo overloadedapplications.
However, differentschemesaryin theirunderlyingarchitecturetesultingin adifferencen theallocationmechanisms
they emplgy. For instanceOceand5] allocatesvhole sener machinesamongapplicationswhile MUSE [8] allows
multiple applicationsto be co-hostedon the samesener. ClusterOn-Demand?20] is a hybrid schemethat allows
clustergto beallocatedo virtual datacenterghatfurthersharethe senersamongmultiple applications.



In this paper we focuson dedicateddatacenterarchitecturesike Oceanovherewhole sener machinesareallo-
catedto individual applications,Thesearchitecturegxhibit the widestchoiceof valuesfor the allocationparameters
thatwe investicatein this paper(describedelan) to answerthe questiongaisedin the previous sectiort. Dedicated
architecturegartition their senersinto differentsener pools,sothatat ary giventime, thesesenersarein useby
multiple hostedapplicationsn the following manner

Private pool: Eachapplicationhasits own setof pre-pravisionedseners, that are statically allocatedto it.
Thesesenersguaranteex minimum level of applicationperformanceand ensureperformancesolationfrom
otheroverloadedapplications.

Borrowedpool: Eachapplicationcanaddsomesenersto its pool dynamicallybasednits load. Theseseners
arenotguaranteedb stayin asingleapplicationpool,andcanmove betweerdifferentapplicationpools. These
senersareusefulfor meetingoverloadconditions.

Freepool: Thisis a setof sener machineghat are not currently allocatedto ary application. Thesecanbe
dynamicallyallocatedo arny applicationwhenthe needarises.

In whatfollows, we referto anapplicationto which a seneris allocatedastherecipient while anapplicationfrom
which a sener is deallocateds referredto asthe donor. A dynamicallocationalgorithmreallocategesourcesdy
moving senershetweerthefree pool andthe borroved poolsof differentapplicationspr betweerborraved poolsof
applicationsf thefreepoolis emptyA senerallocatedo theborravedpool of arecipientapplicationcanbeclassi ed
to bein oneof thefollowing statesbasedon which poolit comesfrom.

Hot spae: A hotspards asenerthatalreadyhastherecipientapplicationrunningandreadyto receverequests.
Suchsenerscanbe allocatedoy simply redirectingloadto them,andhencecanbe broughtonline quickly. A
hot sparecould be a sener alreadyin the recipients borroved pooP, or a recentlyfreed machinefrom the
recipientborroved pool thatstill hasthe applicationrunning.

Cleanspake: A cleanspareis anunusedsenerin thefreepool, but it is not readyto run a speci ¢ application.
Suchsenerscouldbe poweredoff to save power, or they might beup andrunning,waiting to beassignedo an
overloadedapplication.To allocatea cleanspareto anapplication,we needto install the recipientapplication
onthesenerandbringit to arunningstatushbeforeload couldberedirectedo it.

Dirty spake: A dirty spareis asenerthatis currentlyservingrequestgrom anotherapplication.It thusresides
in theborraovedpool of adonorapplicationatthetime of reallocation. A dirty spards typically usedonly when
the free pool is empty andthe donorapplicationis sufciently underutilized. Reallocationof sucha sener
involvesgracefullyshuttingdown the currentlyrunningapplicationon the sener, clearingits applicationstate
(whichmight involve actionssuchasdisk scrubbing) rebooting,installationof the new applicationandgetting
thenew applicationto areadystate.

As we will see,the sener stateat the time of allocationplaysanimportantrole in determiningthe effectiveness
of anallocationscheme.Next, we describea setof parametershat canbe usedto characterizalynamicallocation
schemesvithin theabove framework.

2.2 Characterizing a Dynamic Resour ce Allocation Scheme

The effectivenessof a dynamicresourceallocationschemedependson a large numberof factors,suchasthe re-
sourceallocationalgorithm,the granularityof allocation,the allocationoverheadsetc.[7]. In our study we take an
algorithm-independeratpproachn describingadynamicallocationschemeWe de ne asetof orthogonaparameters
to characterizenallocationschemewhich we describenext. Theseparametersreillustratedin Figurel.

!sharedandhybrid architecturesxhibit several otherinterestingfeatureshatarebeyondthe scopeof this paper
2Thehotspareallocationis implicit in this case Here therecipientsener pool would be ableto absorbsomeof the “ashcrowd loadbefore
gettingoverloaded.
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Responsiveness (R)

Responsienesss de ned asthe durationit takesfor the allocationschemeto detecta load changeand determine
the new allocation. The responsienessf an allocationschemecould dependon several factors— the frequeng of

monitoringthe resourcesthe overheadof collectingmonitoringstatisticsandload detection,andthe runtime of the

allocationalgorithm.For instanceasimplethreshold-baseldaddetectionrschemevould have muchsmalleroverhead
comparedo a schemehatusesa complex functionof multiple load metricsto determindoad changesin a periodic
allocationschemeresponsienessvould correspondo thereallocationinterval.

Allocation Overhead (A)

This is the amountof time it takesto actuallybring the new resource®nline oncethe allocationdecisionhasbeen
taken. This overheadcould include suchcostsasde-allocatinganotherapplications sener (in caseof dirty spares),
redirectingnew requestso thenew sener, etc.

Basedon our de nition of the sener statesin Section2.1, we seethatthe allocationoverheaddiffers for various
sener states.For instancethe overheadof allocatinga hot spareis of the orderof a few milliseconds.On the other
hand,allocationoverheador a cleanspareis of the orderof seseralsecondswhile thatfor a dirty sparecanbein the
orderof severalminutes.

2.3 Characterizing Flash Crowd Scenarios

Having describegarametersf dynamicallocationin a datacenter we now describehow to characterizeashcrowd
conditions.Flashcrowdsarecharacterizethy anatypicalincreasen load. Further thesdoadslastfor relatively short
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Machine Hardware Operating Application
type con®guration System
Client 1 GHz/512MB Linux Redhatr.2 httperf
kernelv2.4.20
LoadBalancer 2.8GHz/1GB Linux Redhat7.3 ktcpvs
kernelv2.4.20 v0.0.14
WebSener 864MHz/256MB | Linux Redhatr.2 Apache
kernelv2.4.7 v1.3.28
Databas&ener | 2.8GHz/512MB | Linux Redhat7.3 Mysql
kernelv2.4.20 v max-3.23.57

Table 1: ClusterCon guration

durationsof time (comparedo the normaloperationalperiod of an application). However, “ashcrowds candiffer
from eachotherin several respects.For instance,some ashcrowds exhibit very sharpgrowth rates,while some
arecomparatrely long-lived andsomehave very high magnitudepeaks.We characterize ashcrowd basedon the
following de ning characteristicghatareillustratedin Figure2.

Loadgrowthrate()): Thisistherateatwhichtheloadincreaseseforethe ashcrowd conditioneithersubsides
or stabilizes An abnormaincreasen therateof workloadarrival for anapplicationmight be usedto detectthe
arrival of the ashcrowd. This parameterelatesto the speedat which the datacentemeedso detectandreact
to the ashcrowd. )\ couldbe measuredisingunitssuchasusersessions/secorat requests/second.

Peakload (P): Thisis the maximumloadimposedby the ashcrowd. It canbe expressedn workloadunits
(suchasnumberof usersessions)or in termsof sener resourcegfor instance numberof seners)requiredto
serviceit. It relatesto the maximumresourcecapacityrequiredto successfulljhandlethe ashcrowd.

Flash crowdduration (T'): Thisis the durationfor which the ashcrowd conditionlasts. This is the lengthof
thetime periodfrom the arrival of the crowd till theload goesdown to normal. This would correspondo the
durationof “abnormality” for the application. A very large value of 7" (for example,of the orderof days,or
sevseral hours)could indicatea basicshift in the applicationworkloadlevels, and might necessitatéong-term
re-provisioningof resources.

Having provided backgroundn datacentersandcharacterizedariousallocationparameterand ashcrowd con-
ditions,we now presenbur prototypedatacenterimplementation.

3 Prototype Data Center Implementation

In this section,we describehe implementatiorof our prototypedatacenteron a testbedcluster The clusterconsists
of 16 Pentiummachinesonnectedy a 1Gbpsetherneswitch. We divide the clusterinto two sets— a client setto
generatéMeb workloads,anda data centerthat hostsInternetapplicationsservicingtheseworkloads. We have im-
plementeda multi-tieredsener architecturen our datacenterprototypealongwith onlinemonitoring,loadbalancing
anddynamicallocationmechanismsTable 1 shavs the hardwareandsoftwarecon guration of the machinesn the
cluster Next, we describehesecomponentin moredetail.

3.1 Multi-tiered Server Architecture

Figure3 shavs the sener architectureof our prototypedatacenterthatenablest to hostmulti-tieredinternetapplica-
tions. Our datacenteremploys thefollowing componenseners:

Load balancer: The load balancerin a datacenterervironmentis typically a layer4 (IP layer) or a layer
7 (applicationlayer) switch. It is responsiblé€or redirectingincomingrequestdo differentback-endseners
basedon criteriasuchasthe back-endsenerloads,therequestedJRL, theclient IP addressetc.
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Figure 3: Multi-tiered Sener Architecture

In our implementationwe useKernel TCP Virtual Server(ktcpvs)version0.0.14[16] asthe front-endload
balancerKtcpvsis anopen-sourcéayer7 load balancethatforwardsincominguserconnectiongo back-end
senersusingseparatd CP connections.

Web Server: Theload balancethandsoff requestdo Web senersthathandlefunctionssuchashttp processing
andsene up staticcontentsuchasimagesandstaticweb pages.

In our implementationwe usedApadie version1.3.28[4] asour Web sener. Apachewasenabledwith SSL
andPHPsupportandhada MaxClientlimit setto 256.

ApplicationServer:Applicationsenersrun behindthe Web sener tier andexecutedynamicscriptsservingup
dynamiccontent.Thesesenerscould berunningsmallscriptsor large enterpriseapplicationsener programs.

In our experimentswe useda PHP-enablednternetapplication(describedater) thatran dynamicPHPscripts
on the Apachesener machines. In this scenariothe Web and the applicationsenersran on the samema-
chines,andtherewasno physical separatiorof thetwo tiers. In therestof the paper we referto the combined
Web/applicatiorsenerssimply asWebseners.

DatabaseServer: Thelasttier in the architectureconsistof databassenersthatstoremostof the application
dataandprocesgueriesfrom the applicationsenersfor the executionof dynamicscripts. We usedMySQL
versionmax-3.23.5722] — a popularopen-sourcelatabasesener — asthe back-enddatabaseenerin our
prototype.

Dynamicresourceallocationcanbe performedwithin eachof thesetiers individually, becausef their functional
differencesand also becauseheir bottleneckresourcesxan be different. For instance the network bandwidthor
numberof connectionss morelikely to becomethe bottleneckon the Web seners,while the disk bandwidthmight
bethebottleneckfor thedatabasseners. Also, the degreeof replicationandreallocatiormechanismgliffer between
differenttiers. In our experimentalstudy we employ dynamicresourceallocationon the Web sener tier. Through
experimentakvaluation,we con rm theWebsenertier to bethebottlenecktier. We next describeheimplementation
of dynamicresourceallocationin our datacenter

3.2 Dynamic Resour ce Allocation

In this section,we describeour implementatiorof dynamicresourceallocationon the datacentercon guration we
describedhbore. Dynamicresourcellocationrequiresmonitoringof sener resourcespverloaddetectionandreallo-
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cation.We describesachof thesean detailbelow.

3.2.1 Monitoring and Load detection

We installeda Linux-basedmonitoringsoftware— sar version4.0.1[27] — on all the clustermachines.Saris part of
an open-sourceystemmonitoring packagecalled sysstatthat canperiodicallymeasurevarioussystemmetricslik e
CPU usage run queuelength, memoryusage humberof opensoclets, network traf c, etc. We useda monitoring
periodof 10 secondsn our experiments.

We usedareactiveallocationschemehatrelieson the currentworkloadarrival rateto detectoverloadconditions.
Note that sucha schemes differentfrom a proactiveallocationschemeasthereis no active predictionbeingdone
for future time intenals. A reactive schemes essentiato handle ashcrowds, becauseheir long-termprediction
is dif cult. We measuredhe incomingworkloadrate by monitoringthe numberof userconnectionseingopened
at the front-endload balancer Using a sequencef workload measurementsye did overload/underloadietection
periodicallyand performedreallocationaccordingly We emulatedhe allocationparametenf responsienessi (as
de ned in Section2.2) by varying the frequeng with which this overloaddetectionwasdone. Thus,the higherthe
overloaddetectionfrequeng, the moreresponsie our systermwasto changingworkloadlevels.

To detectoverloadsand underloadsn the system,we useda threshold-basedchemethat was usedto trigger
dynamicallocation. The goal of this schemewasto maintainthe averageload on the allocatedWeb senersunder
athresholdvalue. The way this load detectionworked wasasfollows. Basedon the currentload, the load detector
computedhe minimumnumberof senersrequiredto maintainthe averageload on thesesenersunderthethreshold.
If the numberof currentlyallocatedsenerswaslessthanthis value,thenthe requisitenumberof additionalseners
wasallocated.On the otherhand,if the currentlyallocatedsenersexceededhe requirementthenthe extra seners
weredeallocatedIn our experimentsye usedathresholdvalueof 50%. Thus,for instancejf theloadon thesystem
was200%,it implied a systemrequiremenbdf 4 senersfor handlingthe load at anaverageload of 50% each.If the
actualnumberof allocatedsenerswas 2, thenwe allocated?2 extra seners, while if the actualnumberwas6, we
deallocate@ seners.Notethatby usingdifferentvaluesfor the overloadandunderloadhresholdsit is easyto build
hysteresisn sener allocationto avoid oscillationsunderrapidload uctuations.

3.2.2 Resour ce Allocation and Load Balancing

We implementeda centralizedallocationschemeat the load balancer The load balancingsoftware ktcpvs allows
addingandremoving senersto a list of available senersusingusercommands.The load balancerthen forwards
incoming usersessionsand requestonly to the senerson its available list. We usedthis facility for performing
dynamicresourceallocation.We maintainedalist of currentlyallocatedandfree seners.Wheneer theloaddetector
signaledan overloadcondition, the allocationschemeaddedthe requisitenumberof senersfrom the free sener list
to theloadbalancess list of availableseners. Similarly, in anunderloadedondition,deallocationvasperformedoy
removing senersfrom the load balancers availablesener list andaddingthembackto the freelist. To emulatethe
allocationoverheacparameter\, we introduceda wait time beforeaddingor removing asenerfrom theavailablelist
of theloadbalancer

For balancingtheload on the Web seners,we useda least-loadedoad balancingschemewhereloadwasde ned
asthenumberof connection®pento eachWebsener. We usedsuchaloadbalancingschemeasopposedo locality-
awareschemesuchasLARD [23], becaus®urworkloadconsistegoredominanthyof dynamicrequestandwasthus
lesssensitve to cachingeffects. In additionto distributing incoming sessiongquallyamongthe back-endseners,
the least-loadedchemeéhasthe additionaladvantageof quickly divertingloadto a newly allocatedWeb sener, thus
bringingit online fast. We shov experimentallythatthis indeedwasthe caseandtheload balancedid not affect the
reallocatiorresultsadwersely(for instancepy causinghot spotsamongthe allocatedseners).



3.3 Hosted Application and Workload generator

Having describedhe component®f the datacentemrototype we now describeheapplicationwe hostedon thedata
centerandtheworkloadgeneratowe usedon the clientsto generatehe Webworkload.

As our hostedapplication,we usedRUBIS [2] — an open-sourcéNeb applicationbenchmarkhat emulatesan
auctioningwebsitelike Ebay[11]. RUBIS is amulti-tieredapplicationthatusesa Websener, anapplicationsenerand
adatabassenertier (asdescribedn Section3.1),andhencejs fairly representatie of commoninternetapplications.
We usedthe PHPversionof RUBIS thatimplicitly combineshe Web sener andthe applicationsener physically on
the samemachine. RUBIS hasthe notion of usersessionswhereeachusersessioremulateshe actionsof a user
accessingn auctioningwebsite. Theseactionsincludeaccessinghe homepage registeringasa user placinga bid
onanitem, sellinganitem, etc. Eachsessiorconsistof a sequencef requestseparatedby userthink-times. These
requestsarea combinationof staticaswell asdynamicrequestghat are servicedusingthe RUBIS applicationdata
maintainedn a back-enddatabase.

In our experimentswe rst generatedf ine tracesof RUBIS usersessionsThe userthink-timesweregenerated
usinganegative exponentialdistributionwith ameanof 2 secondsThisthink-timedistributionis speci edin the TPC-
W speci cations[29] (We employedthis distributionasTPC-Wis apopulare-commercdenchmarlspeci cationand
emulatesloselythe userbehaior for e-commercapplications).

Finally, we replayedthesetracesusinghttperf[21] — an open-sourcéVeb workloadgenerator— runningon the
clientmachinesto generateheworkloadduringthe experiments Httperfallows varyingvariousworkloadparameters
suchastherateof sessiorgenerationnumberof requestper sessionthe requestimeoutvalues,etc. With httperf,
we wereableto generatalifferentkindsof ashcrowd conditionsusingthe RUBIS sessiortraces.

4 Experimental Study

In thissectionwe presentheresultsof ourexperimentabktudyto measurgheeffectivenes®f variousdynamicalloca-
tion parametersn ashcrowdswith varying characteristicsWe begin by describingour experimentaimethodology
followedby theresultsfrom our study

4.1 Experimental Methodology

As describedn the previous section,we usea setof client machinesunning httperfto generatehe workload for
RUBIS application. This applicationis hostedon a multi-tiered datacenterwhich employs online monitoring,load
detectiomandreallocatiormechanisms.

In our experiments,we vary the ashcrowd characteristicdy controlling httperf parametersuch as the total
numberof usersessiongndtherateof sessiorgenerationSincewe areinvestigatingthe effect of dynamicallocation
on applicationperformancewe studyonly a single hostedapplication,but the samescenariocould be recreatedor
multiple applications.The mostimportant ashcrowd characteristidor studyingthe effect on a singleapplicationis
theloadgrowth rate()\) describedn Section2.3. This parametedetermineshe effectivenes®f allocationparameters
suchasresponsienessandallocationoverhead We use ) valuesof 20 and60 sessions/minuti our experimentgo
measurdhe effect ontheseallocationparametersOntheotherhand thepeakioad P only playsarolein determining
the maximumnumberof senersthatneedto be allocatedandthe durationT is importantin determininghe amount
of overlapwith otherco-hostedapplicationsn the datacenter In our experimentswe usea peakload value of 500
sessionshatcorrespond$o anidealrequirementf 4 senersin our datacenterimplementationFinally, we keepthe
totaltime T of the ashcrowd x edatonehour

To studythe effectivenessf differentallocationschemeswe vary the parametersf responsienesg R) andallo-
cationoverhead(A). for each ashcrowd, asdescribedn the previous section. The valuesof responsienessvere
variedbetweeril 0 secondgrepresenting highly responsie allocationschemepand15 minutes(representing slowly
respondingcheme)Similarly, thevaluesof allocationoverheadverevariedbetweerD and15 minutes whereavalue
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Figure 5: Application performancewith varying responsienessand allocation overhead, ashcrond A=60 ses-
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of O representa hotspareallocation,avalueof 1-5minutesrepresentsllocationoverheadf acleansparewhile that
of 5-15minuteswasusedfor a dirty spareallocation.

Usingthesevaryingparametevalueswethenmeasureariousapplicationperformancenetricsin ourexperiments.
Theperformancenetricswe usearesessionengths reply ratesandnumberof connectiortimeouts.While thenumber
of connectiontimeoutsand reply ratesrepresenthe performanceof the applicationin termsof admitting clients,
sessiodengthsmeasuréhe performancén termsof theservicerecevedby theadmittedclients. We usethesemetrics
to measurghe applicationperformanceinderdifferentallocationschemes.

4.2 Experimental Results

4.2.1 Effect of responsiveness and allocation overhead

Figures4 (a) and(b) shav the workloadof two ashcrowdswith meanpeakgrowth ratesof 60 and20 sessions/min
respectiely. Eachof these ashcrowvdshasatotal durationof 1 hour, anda peakloadof 500sessions.
In Figure5, we plot theeffectof varyingtheallocationschemes responsienesg R) andallocationoverhead A) on
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theapplicationperformancenetrics.Figure5 (a) shavsthenumberof sessioriimeoutspersessioraswe vary respon-
sivenes®n the x-axis. Differentcurveson the graphcorrespondo differentvaluesof allocationoverhead.Thevalue
of sessiortimeoutscorrespondso the numberof usersessionsejectedby the application.This gure shavsthatas
thevalueof responsienessncrease$rom 0 to 15 minutes thetimeoutratesteadilyincreasedy about0.1-0.15time-
outs/sessiofor eachvalueof allocationoverhead Figure5 (b) plotsanotherapplicationperformancemetric,namely
the 95th-percentilevalue of sessioriength. The sessioriengthsare computedonly over the successfutonnections,
hencethis metriccorrespondso the performancef theservicedrequestsAs theplot shavs, the 95th-percentileralue
of sessiorlengthremainsnearly steadybetween120 and 160 secondgwith some uctuations)andthereis only a
small relative increasdn its value aswe increasehe value of eitherresponsienessor allocationoverhead. These
resultstogethelimply thatwhile the admissiorrate of usersessionslecieasesaswe male the allocation schemeless
responsiver increasethe overheadof allocation medanismsthe performanceof the successfullgervicedsessions
is largely unafected

Figure6 shaws similar resultsfor the ashcrowd with A=20 sessions/minutédowever, the valuesof timeoutrates
are smallerfor the correspondingraluesof responsienessand allocationoverheadin this casecomparedo those
for the “ashcrowd with A=60 sessions/minin fact, ascanbe seenfrom Figure 6 (a), the numberof timeoutsis 0
for responsienesssaluesaslarge as 10 minuteswhenallocationoverhead=0and similarly for allocationoverhead
valuesaslarge as5 minutesfor responsieness=18ec. Thisimpliesthatwith a more slowlygrowing ash crowd,an
allocationschemethatis notveryresponsiver usedarge overheadnetanismganalsoperformwell. However, we
still needto ensurethatat leastoneof thetwo parametersf responsienessandallocationoverheads small.

4.2.2 Variation in application performance with time

To understandur resultsbetter we alsolook at the variationin the applicationperformancewith time for given
combinationof allocationparameterskigures?7(a) and(b) plot time seriesshaving the datacentersener allocation
andthe applicationperformanceor differentvaluesof responsieness.This gure shaws the resultsfor the ash
crowvd with A=60 requests/min.We keepthe allocationoverheadvalue x ed at O (that correspondso a hot spare
allocation),andcomparetheallocationschemesvith responsienessaluesof 10 secondsnd5 minutes.
Figure7(a)shavsthenumberof senersallocatedor eachresponsienessalue,while Figure7(b) shovsthereply
ratesfor the correspondingesponsienesssaluesat correspondingimes. As canbe seenfrom the gures, themore
responsie schemgresponsieness=1@ec)is ableto allocatethe requisitenumberof senersquickly, andis ableto
matchthe workloadrequirementsOn the otherhand,the slover respondingschemgresponsieness=5nin) lagsin
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Figure 7: Time seriesof sener allocationandapplicationperformancevith differentallocationschemes

the allocationof seners. For instanceat time 500 secondswhile the fasterschemas ableto allocate4 seners,the
sloverschemas ableto allocateonly 2 seners.As aresult,theslover schemeshowvs a degradationin theapplication
performancealuringthetransientstageof the ashcrowd. For instancethe slower schemas ableto serviceonly 400
requests/seconoktweertime 500and700 secondsascomparedo 500 requests/secorfdr the fasterschemeduring
the sameperiod.

Anotherinterestingegionin the gures is thetime periodbetweery50and1250secondsHere,thelessresponsie
schemeendsup over-allocatingresourcedy 2 senersandits reply ratealsoincreasesipto 600 requests/sebrie .
This happengdueto the usersessiorbacklogthat accumulatesn the transientperiod. This illustratesthat the less
responsie schemes alsomoreunstablethanthe fasterrespondingschemdn termsof the applicationperformance.
Finally, bothschemegerformequallywell oncethe uctuationgdie down andthe ashcrowd settlesdown in asteady
state.

Theseesultsimply thatfasterrespondingandlow overheadallocationschemesanrespondetterto thetransient
periodsof ashcrowd load increasesas comparedo slower schemes.Moreover, the lessresponsiveschemesare
lessstablein applicationperformancedueto the backlogcreatedduring the transientperiodresultingin tempoary
overallocationof resouces.

4.2.3 Variation in server load with time

Having looked at the applicationperformanceasthe workload andthe sener allocationchangewith time, we now
examinetheloadonthesenersasafunctionof time. In Figure8, we plot theloadvariationonthevariousdatacenter
senersfor the ashcrowd with A=60 sessions/minuteThe responsienessandallocationoverheadof the allocation
schemewere eachsetto 5 minutesin this experiment(correspondindo the dottedcurve in Figures7(a) and (b)).
Figure8(a)plotsthe CPUusageof Websenersin the systemasthey areallocatedone-by-onewith theloadvariation,
while Figure8(b) plotsthe CPUusageon theloadbalanceiandthe databassener.

As canbe seenfrom Figure 8(a), the load on the initially allocatedWeb senersgrows to almost100% by time
750 seconds.This is dueto the lag in allocationof newv seners. However, 3 new seners are startedat time 700
secondswhich quickly bringsdown the load on the individual senersto about40%, and nally, in the steadystate,
all senersmaintaina load of about50%. Note that2 senerswere deallocatedt time about1500secondsasthe
senershadbecomeunderloaded.The interestingpoint to be notedfrom this gure is the effectivenessof the load
balancing. Recallfrom Section3.2.2that we useda least-loadedoad balancingstratgy. This gure con rms the
effectivenessf this stratgy in the presencef dynamicworkloadwhencachingeffectsarenot veryimportant.Also,
Figure8(b) shavsthattheloadontheloadbalancerandthedatabasesenerarenggligible. Thiscon rms ourassertion
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Figure 9: Comparisorof a slow proactive and a fastreactize allocationschemen the presenceof high allocation
overhead.

in Section3.1thatWebsenertier is the bottlenecktier for our experimentaworkload.

4.2.4 Comparison of Slow Pro-active and Fast Reactive Allocation

Anotheraspectof resourceallocationwe consideris the ability to allocatesenerspro-actvely asagainstallocating
themreactvely. In thecaseof aproactve schemethereis anearlyallocationof senersin anticipationof loadincrease.
This could be basedon somekind of short-termpredictionusingrecentlyobsered workload metrics. On the other
hand,areactve schemewvould allocateresourcesolely on the basisof currentload on the system.The advantageof
usinga pro-actie allocationschemewvould be mostpronouncedvhenthe allocationoverheadf new senersis high.
In thatcase multiple senerscanbe pre-allocatecandwould be expectedto be readyto handlethe load by thetime
it increasego higherlevels. Here,we conductan experimentto studythe conditionsunderwhich a reactve scheme
might beableto emulatethe performancef a pro-actve scheme.

To studythis aspectwe generated ashcrowd with peakgrowth rate of 120 sessions/minutand peakload of
about1800sessionsThedurationof the ashcrowd was30 minutes. Theseparameteremulatechfast-graving ash
crowd requiringlarge numberof senersto handlethe peakload.
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In Figure9(a)and(b), we plot the sener allocationandthe applicationperformanceaisingtwo allocationschemes.
Oneis a pro-actve allocationschemewith a responsienessf 5 minutes. It accuratelypredictsthe expectedioad
during this time period and allocatesenoughsenersto handlethis load. On the other hand, the secondscheme
allocatesndividual senersasthe load increasedasedon the currentload. This schemds moreresponsie, with a
responsienessf 10 seconds.In this experiment,the allocationoverheads 5 minutesfor eachschemeso thatthe
senerstake 5 minutesto getready As shovn in Figure9(a), the sener allocationof the pro-actize schemds more
aggressie in thatit is ableto allocatemultiple senersat the sametime. Onthe otherhand,thereactve schemeaeacts
in a moreincrementaimannerallocatingl sener at a time. Despitethis difference,their sener allocationsmatch
closely andtheir clientreply ratesalsomatchcloselywith afew “uctuationsasshavn in Figure9(b).

Theseresultsimply thatin caseof rapidly increasingoads,a highly responsie reactive schemecanperformas
well asa lessresponsie pro-active schemesothatit is possibleto meetsimilar applicationperformancey either
allocatingmultiple serves simultaneouslyr a few serves frequently

4.3 Implications of our results
In this section to summarize¢he experimentakesultswe presentedn Sectiond.2. Ourresultsindicatethat

1. Using a moreresponsie allocationschemepr usinglessoverheadallocationmechanismsuchasusinghot
sparer cleansparess preferable.

2. Slower allocationmechanisma&and schemesre susceptibleo instability in applicationperformanceand can
resultin temporaryover-allocation.

3. Evenwith slower mechanismgheapplicationperformances degradedonly duringthetransienperiodof ash
crowd loadgrowth, andin steadystate the performancés comparabldo thatof fastermechanisms.

4. A highly responsie reactie allocation schemecan matchthe performanceof a lessresponsie pro-actve
scheman the presencef fast-increasingvorkloads.

5. A simple least-loadedoad balancingstratgy can work well when the workload is primarily dynamicand
cachingeffectsarenot predominant.

Theabove results(particularlyresult3) indicatethatit is possibleto useslover mechanismsuchasdirty sparesn
“ashcrowd conditions,if the schemecanmaintaina few hot sparedo servicethe load during the transientperiodof
sener preparation.This is animportantobsenation, becausén mary “ashcrowd conditions,the allocationscheme
might have to fall backon cleananddirty sparesaftera while, if the ashcrowd is large in magnitudeor duration.
Under suchconditions,it is possibleto pro-actvely startallocatingthe slower sparesand pressthe more readily
availablesenersinto servicefor theinterveningduration.Further result4 impliesthatfor a purelyreactive schemeit
isimportantto behighly responsie,in which caset is ableto emulatealessresponsie pro-actve schemeMoreover,
whatthis resultindicateds thatevenwith largeallocationoverheadit is possibleto meetapplicationrequirementdy
eitherallocatingmultiple senerssimultaneouslyf{asdoneby a slow pro-actve scheme)r by allocatingsenersoften
(asdoneby afastreactive scheme).

5 Related Work

A dynamicallocationtechniqueo handleunexpectedworkloadsuigeshasbeenproposedn arecentwork [17]. This
techniqueperformsdynamicallocationusingshort-ternmoadpredictioncoupledwith earlypre-allocatiorof resources.
Ourwork differsfrom thiswork in thefollowing aspectsFirst of all, we examinenotjustasingleallocationtechnique,
but arangeof allocationparameterso understandheir utility underdifferentscenariosAlso, thistechniqgueassumes
x ed sener allocationoverheadf about30 secondswhile we considera rangeof valuesrangingfrom very small
(0) to large (15 minutes)for the allocationoverheadthat correspondo senersbeingin differentstatesat the time
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of allocation. This is animportantparameteras ashcrowds, by their very de nition, canhave large magnitudes
necessitatinghe needto allocatesenerswith high allocationoverheads.

Therehave beenseveral proposaldor managingoverloadin Web workloads. Many of theseapproachegmploy
differentforms of admissioncontrol[9, 13, 15, 31], traf ¢ shaping[14, 30] andscheduling28]. Theseapproaches
usethe techniquesf workload shapingand servicedifferentiationto meetthe applicationperformanceneeds.Our
approachof using dynamicallocationunderoverloadscenariods complementaryto theseapproachesand canbe
usedin conjunctionwith themto achieze goodapplicationperformanceavhile admittinglarge numberof requestsFor
instancetechniquedik e admissiorcontrolor servicedifferentiationcouldbeemployedduringthetransien@allocation
period,andthey canberelaxed oncetherequisitenumberof senersbhecomeavailablefor service.

Recentstudies[3, 7] have examinedthe effect of allocationparameter®n resourceprovisioning gainsin data
centerervironments.Thesestudiesaredifferentfrom our work in severalrespectsFirst of all, our work focuseson
theimpactof dynamicallocationon applicationperformanceasopposedo resourcesavingsthatwasthe mainfocus
of thesestudies. Secondly thesestudiesobtaintheir resultsby performingdataanalysisof real datacentertraces.
Ontheotherhand,we useanexperimentaimethodologywhereinwe employ a prototypedatacenterimplementation
with areal Internetapplicationbenchmarko conductan experimentalstudy Sucha methodologyprovidesuswith
the ability to monitor sener resourcesandapplicationperformanceaundervarying allocationparameterswhile also
allowing usto systematicallyary theworkloadparameters.

In this paper we focusedon dedicateddatacenterarchitecture$5, 24]. However, several otherdatacenterarchi-
tectureshave beenproposedThesencludesharedarchitecturesuchasMUSE [8] thatcanhostmultiple applications
on sharedseners,andhybrid architecturedik e Clusteron-Demand20] that hierarchicallyallocatevirtual clusters
to a group of applications. Anotherarchitecturemakes useof virtual clustersto allocateresourcesacrossglobally
distributeddatacenterg25]. Someof thesearchitecturedik e the hybrid onesharesomeaspectof dedicatedarchi-
tectureqfor instancewith respecto allocatingsenersacrossvirtual clusters)andhence someresultsof our study
aredirectly applicableto them. Sharedarchitecturesllow very fastre-provisioning of resourcesvithing senersand
thusdisplayahigh degreeof responsienessandlow allocationoverhead However, otheraspect®f allocationin such
architecturessuchaswork-conservinghatureof senerresourceschedulerssener capacity etc.,needto beexamined
in greaterdetail.

Several researclefforts have also proposedpredictionand workload characterizatiortechniqueghat work well
for long-termseasonatrendssuchastime-of-day-efects[12, 26, 32]. However, thesetechniquesare not directly
applicablefor ashcrowd scenariosas ashcrowds areinherentlyunpredictableandthesetechniqueslsorequire
accesgo alarge datarecordto malke their predictions.

Severaldynamicresourceallocationtechniqueiave beenproposedor datacenterghatusemodelingtechniqueso
achiere resourceguaranteefl, 6, 10, 19]. Thesetechniquesisemeasuremerandpredictiontechniquego reallocate
resourcemamongapplicationdhasedon their varyingworkload. Suchtechniquesrecomplementaryo our work and
canbeemplg/edon adatacenterimplementedvith appropriateallocationmechanisms.

6 Conclusions

In this paperwe presentec prototypedatacenterimplementatiorthatwe usesto studythe effectivenesof dynamic
resourceaallocationfor handling ashcrowdswith differentcharacteristicsThis prototypeimplementsa multi-tiered

sener architecturealongwith mechanismgor monitoring, load detection,load balancingand dynamicallocation.
Our experimentswith this prototypeshavedthata carefully designedlynamicallocationschemecanbe effective for

handling ashcrowds. We shavedthatin orderto handlevery sharpgrowth in loads,a dynamicallocationscheme
mustbeeitherextremelyresponsie or emplgy low overheadnechanismsuchasusinghotspareseners.Ontheother
hand,graduallyincreasing ashcrowds canbe handledequallywell with largeroverheadsindslower reactiontimes.

We alsoshavedthatevenin the presencef large allocationoverheadit is possibleto achieve the sameapplication
performanceéy eitherallocatingmultiple senerssimultaneouslyr allocatinga few senersoften. Usingourresults,
we concludethatevenwithoutlarge-scaleverprovisioning, it is possibleto effectively handle ashcrowd conditions
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using a dynamicallocationschemethat respondsquickly to workload changesandthat canmasklarge allocation
overhead®itherby deploying afew readysenersor by allocatingmultiple senerssimultaneously

As partof futurework, we would lik e to examineapplicationperformancen a multiple applicationsetting.In such
ascenariojt would beinterestingto investigatethe effect thatthe time durationandpeakmagnitudeof ashcrowds
have on the amountof correlationbetweermultiple applicationdemands.This investication would alsosheda light
on how successfullya dynamicallocationschemecanbein preparingsenersfor re-allocatiorwhenthe needarises.
In addition,we would like to examinemorecarefully the effectsof reallocationalgorithmsandpredictiontechniques
onthevariousallocationparameterandthe effectivenesof dynamicallocationunder ashcrowd conditions.
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