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Abstract. Sincewebworkloadsareknown to varydynamicallywith time,in this
paper, wearguethatdynamicresourceallocationtechniquesarenecessaryto pro-
vide guaranteesto web applicationsrunningon shareddatacenters.To address
this issue,weusea systemarchitecturethatcombinesonlinemeasurementswith
predictionandresourceallocationtechniques.To capturethe transientbehavior
of the applicationworkloads,we modela server resourceusinga time-domain
descriptionof a generalizedprocessorsharing(GPS)server. This modelrelates
applicationresourcerequirementsto their dynamicallychangingworkloadchar-
acteristics.Theparametersof thismodelarecontinuouslyupdatedusinganonline
monitoringandpredictionframework. This framework usestime seriesanalysis
techniquesto predictexpectedworkloadparametersfrom measuredsystemmet-
rics.We thenemploy a constrainednon-linearoptimizationtechniqueto dynam-
ically allocatethe server resourcesbasedon the estimatedapplicationrequire-
ments.The main advantageof our techniquesis that they capturethe transient
behavior of applicationswhile incorporatingnonlinearityin the systemmodel.
Weevaluateourtechniquesusingsimulationswith syntheticaswell asreal-world
web workloads.Our resultsshow that thesetechniquescanjudiciously allocate
systemresources,especiallyundertransientoverloadconditions.

1 Intr oduction

1.1 Moti vation

Thegrowing popularityof theWorld Wide Webhasled to theadventof Internetdata
centersthat hostthird-partyweb applicationsandservices.A typical web application
consistsof afront-endwebserverthatservicesHTTPrequests,aJavaapplicationserver
thatcontainstheapplicationlogic, anda backenddatabaseserver. In many cases,such
applicationsare housedon manageddatacenterswherethe applicationowner pays
for (rents)server resources,and in return, the applicationis provided guaranteeson
resourceavailability andperformance.To provide suchguarantees,the datacenter—
typically a clusterof servers—mustprovision suf�cient resourcesto meetapplication
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needs.Suchprovisioningcanbebasedeitheron a dedicatedor a sharedmodel.In the
dedicatedmodel,somenumberof clusternodesarededicatedto eachapplicationand
the provisioning techniquemustdeterminehow many nodesto allocateto the appli-
cation.In thesharedmodel,which we considerin this paper, anapplicationcanshare
noderesourceswith otherapplicationsandtheprovisioning techniqueneedsto deter-
minehow to partitionresourcesoneachnodeamongcompetingapplications.3

Sincenoderesourcesareshared,providing guaranteesto applicationsin theshared
datacentermodelis morecomplex. Typically suchguaranteesareprovidedby reserv-
ing a certainfractionof noderesources(CPU,network, disk) for eachapplication.The
fractionof the resourcesallocatedto eachapplicationdependson theexpectedwork-
loadandtheQoSrequirementsof theapplication.Theworkloadof webapplicationsis
known to vary dynamicallyover multiple time scales[14] andit is challengingto es-
timatesuchworkloadsa priori (sincetheworkloadcanbein�uencedby unanticipated
externalevents—suchasa breakingnews story—thatcancausea surgein thenumber
of requestsaccessinga website).Consequently, staticallocationof resourcesto appli-
cationsis problematic—whileover-provisioning resourcesbasedon worst casework-
loadestimatescanresultin potentialunderutilizationof resources,under-provisioning
resourcescanresultin violation of guarantees.An alternateapproachis to allocatere-
sourcesto applicationsdynamicallybasedon thevariationsin their workloads.In this
approach,eachapplicationis givenacertainminimumsharebasedoncoarse-grainesti-
matesof its resourceneeds;theremainingservercapacityis dynamicallysharedamong
variousapplicationsbasedon their instantaneousneeds.To illustrate,considertwo ap-
plicationsthat sharea server andareallocated30% of the server resourceseach;the
remaining40%is thendynamicallysharedatrun-timesoasto meettheguaranteespro-
videdto eachapplication.Suchdynamicresourcesharingcanyield potentialmultiplex-
ing gains,while allowing thesystemto reactto unanticipatedincreasesin application
load and therebymeetQoSguarantees.Dynamic resourceallocationtechniquesthat
canhandlechangingapplicationworkloadsin shareddatacentersis the focusof this
paper.

1.2 Research Contrib utions

In this paper, we presenttechniquesfor dynamicresourceallocationin sharedweb
servers.Wemodelvariousserver resourcesusinggeneralizedprocessorsharing(GPS)
[29] andassumethateachapplicationis allocateda certainfractionof a resource.Us-
ing a combinationof online measurement,predictionandadaptation,our techniques
candynamicallydeterminetheresourceshareof eachapplicationbasedon (i) its QoS
(responsetime) needsand(ii) theobservedworkload.Themaingoalof our techniques
is to reactto transientsystemoverloadsby incorporatingonlinesystemmeasurements.

We make threespeci�c contributions in this paper. First, in order to capturethe
transientbehavior of applicationworkloads,wemodeltheserver resourceusingatime-
domainqueuingmodel. This modeldynamicallyrelatesthe resourcerequirementsof
eachapplicationto its workloadcharacteristics.Theadvantageof this modelis that it

3 This requirementis trueevenin a dedicatedmodelwhereservicedifferentiationbetweendif-
ferentcustomersfor thesameapplicationmaybedesirable.



doesnot make steady-stateassumptionsaboutthe system(unlike someprevious ap-
proaches[10,24]) andadaptsto changingapplicationbehavior. To achieve a feasible
resourceallocationevenin thepresenceof transientoverloads,weemploy anon-linear
optimizationtechniquethat employs the proposedqueuingmodel.An importantfea-
ture of our optimization-basedapproachis that it canhandlenon-linearityin system
behavior unlikesomeapproachesthatassumelinearity [1,25].

Determiningresourcesharesof applicationsusingsuchanonlineapproachis cru-
cially dependenton anaccurateestimationof theapplicationworkloadcharacteristics.
A secondcontributionof ourwork is apredictionalgorithmthatestimatestheworkload
parametersof applicationsin thenearfutureusingonlinemeasurements.Ourprediction
algorithmusestimeseriesanalysistechniquesfor workloadestimation.

Third, we useboth syntheticworkloadsandreal-world web tracesto evaluatethe
effectivenessof our onlinepredictionandallocationtechniques.Our evaluationshows
thatourtechniquesadapttochangingworkloadsfairly effectively, especiallyundertran-
sientoverloadconditions.

Therestof thepaperis structuredasfollows.Weformulatetheproblemof dynamic
resourceallocationin sharedwebserversin Section2. In Section3, wepresenta time-
domaindescriptionof a resourcequeuingmodel,anddescribeour online prediction
andoptimization-basedtechniquesfor dynamicresourceallocation.Resultsfrom our
experimentalevaluationarepresentedin Section4.Wediscussrelatedwork in Section5
andpresentourconclusionsandfuturework in Section6.

2 ProblemFormulation and SystemModel

In this section,we �rst presentanabstractGPS-basedmodelfor a server resourceand
thenformulatetheproblemof dynamicresourceallocationin suchaGPS-basedsystem.

2.1 ResourceModel

Wemodelaserver resourceusingasystemof n queues,whereeachqueuecorresponds
to a particularapplication(or a classof applications)runningon the server. Requests
within eachqueueareassumedto beservedin FIFOorderandtheresourcecapacityC
is sharedamongthequeuesusingGPS.To doso,eachqueueis assignedaweightandis
allocatedaresourcesharein proportionto its weight.Speci�cally, aqueuewith aweight
wi is allocatedashare� i = w iP

j w j
(i.e.,allocated(� i � C) unitsof theresourcecapacity

whenall queuesarebacklogged).Several practicalinstantiationsof GPSexist—such
asweightedfair queuing(WFQ)[15], self-clockedfair queuing[18], andstart-timefair
queuing[19]—andany suchschedulingalgorithmsuf�ces for our purpose.We note
that theseGPSschedulersarework-conserving—intheeventa queuedoesnot utilize
its allocatedshare,the unusedcapacityis allocatedfairly amongbackloggedqueues.
Our abstractmodelis applicableto many hardwareandsoftwareresourcesfoundon a
server; hardwareresourcesincludethe network interfacebandwidth,the CPU andin
somecases,thedisk bandwidth,while softwareresourceincludesocket acceptqueues
in awebserverservicingmultiplevirtual domains[25,30].



2.2 ProblemDe�nition

Considera sharedserver that runsmultiple third-partyapplications.Eachsuchappli-
cationis assumedto specifya desiredquality of service(QoS)requirement;herewe
assumethattheQoSrequirementsarespeci�ed in termsof a targetresponsetime.The
goalof thesystemis to ensurethatthemeanresponsetime(or somepercentileof there-
sponsetime)seenby applicationrequestsis nogreaterthanthedesiredtargetresponse.
In general,eachincomingrequestis servicedby multiple hardwareandsoftwarere-
sourceson the server, suchasthe CPU,NIC, disk, etc.We assumethat the speci�ed
target responsetime is split up into multiple resource-speci�cresponsetimes,onefor
eachsuchresource.Thus,if eachrequestspendsno morethantheallocatedtargeton
eachresource,thentheoverall targetresponsetime for theserverwill bemet.4

Sinceeachresourceis assumedto bescheduledusingGPS,thetargetresponsetime
of eachapplicationcanbe met by allocatinga certainshareto eachapplication.The
resourceshareof anapplicationwill dependnotonlyonthetargetresponsetimebutalso
on theloadin eachapplication.As theworkloadof anapplicationvariesdynamically,
so will its resourceshare.In particular, we assumethat eachapplicationis allocated
a certainminimum share� min

i of the resourcecapacity;the remainingcapacity(1 �P
j � min

j ) is dynamicallyallocatedto variousapplicationsdependingon their current
workloads(suchthattheir targetresponsetimewill bemet).Formally, if di denotesthe
targetresponsetimeof applicationi and �Ti is its observedmeanresponsetime,thenthe
applicationshouldbeallocatedashare� i , � i � � min

i , suchthat �Ti � di .
Sinceeachresourcehasa �nite capacityandtheapplicationworkloadscanexceed

capacityduring periodsof heavy transientoverloads,the above goal cannot always
be met. To achieve feasibleallocationduring overloadscenarios,we usethe notion
of utility functionsto representthe satisfactionof an applicationbasedon its current
allocation.While differentkindsof utility functionscanbeemployed,wede�ne utility
in thefollowing manner.5 Weassumethatanapplicationremainssatis�edsolongasits
allocation� i yieldsameanresponsetime �Ti nogreaterthanthetargetdi (i.e., �Ti � di ).
But thediscontentof anapplicationgrows asits responsetime deviatesfrom thetarget
di . Thisdiscontentfunctioncanberepresentedasfollows:

D i ( �Ti ) = ( �Ti � di )+ ; (1)

wherex+ representsmax(0; x). In thisscenario,thediscontentgrowslinearlywhenthe
observedresponsetime exceedsthespeci�edtargetdi . Theoverall systemgoalthenis
to assigna share� i to eachapplication,� i � � min

i , suchthat the total system-wide
discontent,i.e., thequantityD =

P n
i =1 D i ( �Ti ) is minimized.

We usethis problemde�nition to derive our dynamicresourceallocationmecha-
nism,which is describednext.

4 Theproblemof how to split thespeci®edserver responsetime into resource-speci®cresponse
timesis beyond thescopeof this paper. In this paper, we assumethatsuchresource-speci®c
targetresponsetimesaregivento us.

5 Differentkindsof utility functionscanbeemployedto achievedifferentgoalsduringoverload,
suchasfairness,isolation,etc.
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Fig.1. DynamicResourceAllocation

To performdynamicresourceallocationbasedontheaboveformulation,eachGPS-
scheduledresourceon the sharedserver will needto employ threecomponents:(i) a
monitoringmodulethat measuresthe workloadandthe performancemetricsof each
application(suchasits requestarrival rate,averageresponsetime �Ti , etc.),(ii) a pre-
diction modulethat usesthe measurementsfrom the monitoring moduleto estimate
theworkloadcharacteristicsin thenearfuture,and(iii) anallocationmodulethatuses
theseworkloadestimatesto determineresourcesharessuchthattheoverallsystem-wide
discontentis minimized.Figure1 depictsthesethreecomponents.

In what follows, we �rst presentanoverview of themonitoringmodulethat is re-
sponsiblefor performingonlinemeasurements.We follow this with a time-domainde-
scriptionof theresourcequeuingmodel,andformulationof a non-linearoptimization
problemto performresourceallocationusingthis model.Finally, we presentthe pre-
diction techniquesusedto estimatetheparametersfor thismodeldynamically.

3.1 Online Monitoring and Measurement

The online monitoring moduleis responsiblefor measuringvarioussystemand ap-
plicationmetrics.Thesemetricsareusedto estimatethesystemmodelparametersand
workloadcharacteristics.Thesemeasurementsarebasedonthefollowing timeintervals
(seeFigure2):

– Measurementinterval(I): I is theinterval overwhichvariousparametersof interest
are sampled.For instance,the monitoring moduletracksthe numberof request
arrivals(n i ) in eachinterval I andrecordsthisvalue.
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Fig.2. Time intervalsusedfor monitoring,predictionandallocation

Thechoiceof aparticularmeasurementinterval dependsonthedesiredresponsive-
nessfrom the system.If the systemneedsto reactto workloadchangeson a �ne
time-scale,thena small valueof I (e.g.,I = 1 second)shouldbechosen.On the
otherhand,if thesystemneedsto adaptto longtermvariationsin theworkloadover
time scalesof hoursor days,thena coarse-grainmeasurementinterval of minutes
or tensof minutesmaybechosen.

– History (H): Thehistoryrepresentsa sequenceof recordedvaluesfor eachparam-
eterof interest.Our monitoringmodulemaintainsa �nite historyconsistingof the
mostrecentH valuesfor eachsuchparameter;thesemeasurementsform thebasis
for predictingthefuturevaluesof theseparameters.

– AdaptationWindow(W): Theadaptationwindow is thetime interval betweentwo
successiveinvocationsof theadaptationalgorithm.Thusthepastmeasurementsare
usedto predicttheworkloadfor thenext W timeunits,andthesystemadaptsover
this time interval. As we would seein thenext section,our time-domainqueuing
modeldescriptionconsidersa time periodequalto the adaptationwindow to es-
timatethe averageresponsetime �Ti of an application,andthis model is updated
everyW timeunits.

Thehistoryandtheadaptationwindow areimplementedasslidingwindows.

3.2 Allocating ResourceSharesto Applications

The allocationmoduleis invoked periodically (every adaptationwindow) to dynam-
ically partition the resourcecapacityamongthe variousapplicationsrunning on the
sharedserver. Tocapturethetransientbehavior of applicationworkloads,we�rst present
a time-domaindescriptionof a resourcequeuingmodel.This model is usedto deter-
mine the resourcerequirementsof anapplicationbasedon its expectedworkloadand
responsetimegoal.

Time-domain Queuing Model As describedabove, the adaptationalgorithm is in-
vokedevery W time units.Let q0

i denotethequeuelengthat thebeginningof anadap-
tation window. Let �̂ i denotethe estimatedrequestarrival rateand �̂ i denotethe es-
timatedserviceratein the next adaptationwindow (i.e., over the next W time units).
We would show laterhow thesevaluesareestimated.Then,assumingthevaluesof �̂ i

and�̂ i areconstant,the lengthof thequeueat any instantt within thenext adaptation



window is givenby

qi (t) =
h
q0

i +
�

�̂ i � �̂ i

�
� t

i +
; (2)

Intuitively, the amountof work queuedup at instantt is the sumof the initial queue
lengthandtheamountof work arriving in this interval minustheamountof work ser-
vicedin thisduration.Further, thequeuelengthcannotbenegative.

Sincethe resourceis modeledasa GPSserver, the servicerateof an application
is effectively (� i � C), where� i is the resourceshareof the applicationandC is the
resourcecapacity, andthis rateis continuouslyavailableto abackloggedapplicationin
any GPSsystem.Hence,therequestservicerateis

�̂ i =
� i � C

ŝi
; (3)

whereŝi is the estimatedmeanservicedemandper request(suchasnumberof bytes
perpacket,or CPUcyclesperCPUrequest,etc.).

Note that,dueto the work conservingnatureof GPS,if someapplicationsdo not
utilize their allocatedshares,then the utilized capacityis fairly redistributed among
backloggedapplications.Consequently, the queuelengthcomputedin Equation2 as-
sumesaworst-casescenariowhereall applicationsarebackloggedandeachapplication
receivesnomorethanits allocatedshare(thequeuewouldbesmallerif theapplication
receivedadditionalunutilizedsharefrom otherapplications).

GivenEquation2, theaveragequeuelengthovertheadaptationwindow is givenby:

�qi =
1

W

Z W

0
qi (t)dt (4)

Dependingon the particularvaluesof q0
i , the arrival rate �̂ i and the servicerate

�̂ i , thequeuemaybecomeemptyoneor moretimesduringanadaptationwindow. To
includeonly thenon-emptyperiodsof thequeuewhencomputing�qi , we considerthe
following scenarios,basedon theassumptionof constant̂� i and�̂ i :

1. Queuegrowth: If �̂ i < �̂ i , thentheapplicationqueuewill grow duringtheadapta-
tion window andthequeuewill remainnon-emptythroughouttheadaptationwin-
dow.

2. Queuedepletion:If �̂ i > �̂ i , thenthequeuestartsdepletingduringtheadaptation

window. Theinstantt0 atwhich thequeuebecomesemptyis givenby t0 = q0
i

�̂ i � �̂ i
:

If t0 < W , thenthequeuebecomesemptywithin theadaptationwindow, otherwise
thequeuecontinuesto depletebut remainsnon-emptythroughoutthewindow (and
is projectedto becomeemptyin asubsequentwindow).

3. Constantqueuelength: If �̂ i = �̂ i , then the queuelength remains�x ed (= q0
i )

throughouttheadaptationwindow. Hence,thenon-emptyqueueperiodis either0
or W dependingon thevalueof q0

i .

Let us denotethe durationwithin the adaptationwindow for which the queueis
non-emptyby Wi (Wi equalseitherW or t0 dependingonthevariousscenarios).Then,



Equation4 canberewrittenas

�qi =
1

W

Z W i

0
qi (t)dt (5)

=
�

Wi

W

� �
q0

i +
Wi

2

�
�̂ i � �̂ i

� �
(6)

Having determinedtheaveragequeuelengthover thenext adaptationinterval, we
derive theaverageresponsetime �Ti over thesameinterval. Here,we areinterestedin
theaverageresponsetime in thenearfuture.Othermetricssuchasa long termaverage
responsetimecouldalsobeconsidered.�Ti is estimatedasthesumof themeanqueuing
delayandtherequestservicetimeover thenext adaptationinterval. WeuseLittle' s law
to derive thequeuingdelayfrom themeanqueuelength.6 Thus,

�Ti =
( �qi + 1)

�̂ i
(7)

SubstitutingEquation3 in thisexpression,weget

�Ti =
�

ŝi

� i � C

�
� ( �qi + 1); (8)

where �qi is given by equation6. The valuesof q0
i , �̂ i , �̂ i and ŝi areobtainedusing

measurementandpredictiontechniquesdiscussedin thenext section.
This time-domainmodeldescriptionhasthefollowing salientfeatures:

– The parametersof the modeldependon its currentworkloadcharacteristics(�̂ i ,
ŝi ) andthecurrentsystemstate(q0

i ). Consequently, this modelis applicablein an
onlinesettingfor reactingto dynamicchangesin theworkload,anddoesnotmake
any steadystateassumptions.

– As shown in Equation8, themodelassumesa non-linearrelationshipbetweenthe
responsetime �Ti andtheresourceshare� i . This assumptionis moregeneralthan
linearsystemassumptionmadein somescenarios.

Next wedescribehow thismodelis usedin dynamicresourceallocation.

Optimization-basedResourceAllocation As explainedearlier, theshareallocatedto
anapplicationdependsonits speci�edtargetresponsetimeandtheestimatedworkload.
We now presentan online optimization-basedapproachto determineresourceshares
dynamically.

As describedin section2, the allocationmoduleneedsto determinethe resource
share� i for eachapplicationsuchthat thetotal discontentD =

P n
i =1 D i ( �Ti ) is mini-

mized.Thisproblemtranslatesto thefollowing constrainedoptimizationproblem:

min
f � i g

nX

i =1

D i ( �Ti )

6 Note that the applicationof Little' s Law in this scenariois an approximation,that is more
accuratewhen the size of the adaptationwindow is large comparedto the averagerequest
servicetime.



subjectto theconstraints

nX

i =1

� i � 1;

� min
i � � i � 1; 1 � i � n:

Here,D i is a functionthat representsthediscontentof a classbasedon its current
responsetime �Ti . Thetwo constraintsspecifythat(i) thetotal allocationacrossall ap-
plicationsshouldnotexceedtheresourcecapacity, and(ii) theshareof eachapplication
canbeno smallerthanits minimumallocation� min

i andno greaterthanthe resource
capacity.

In general,thenatureof thediscontentfunctionD i hasanimpactontheallocations
� i for eachapplication.As shown in Equation1, a simplediscontentfunction is one
wherethediscontentgrows linearlyastheresponsetime �Ti exceedsthetargetdi . Such
a D i , shown in Figure3, however, is non-differentiable.To make our constrainedopti-
mizationproblemmathematicallytractable,we approximatethis piece-wiselinearD i

by acontinuouslydifferentiablefunction:

D i ( �Ti ) =
1
2

[( �Ti � di ) +
q

( �Ti � di )2 + k];

wherek > 0 is a constant.Essentially, theabove function is a hyperbolawith thetwo
piece-wiselinearportionsasits asymptotesandtheconstantk governshow closelythis
hyperbolaapproximatesthe piece-wiselinear function.Figure3 depictsthe natureof
theabove function.

We note that the optimizationis with respectto the resourcesharesf � i g, while
thediscontentfunction is representedin termsof theresponsetimesf �Ti g. We usethe
relationbetween�Ti and� i from Equation8 to obtainthediscontentfunction in terms
of theresourcesharesf � i g.
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tinuouslydifferentiableconvex functionsareshown. The target responsetime is assumedto be
di = 5.



The resultingoptimizationproblemcan be solved using the Lagrangemultiplier
method[9]. In this technique,theconstrainedoptimizationproblemis transformedinto
an unconstrainedoptimizationproblemwherethe original discontentfunction is re-
placedby theobjective function:

L (f � i g; � ) =
nX

i =1

D i ( �Ti ) � � � (
nX

i =1

� i � 1): (9)

TheobjectivefunctionL is thenminimizedsubjectto theboundconstraintson� i . Here
� is calledthe Lagrangemultiplier and it denotesthe shadow price for the resource.
Intuitively, eachapplicationis charged a price of � per unit resourceit uses.Thus,
eachapplicationattemptsto minimize the price it paysfor its resourceshare,while
maximizingtheutility it derivesfrom thatshare.This leadsto theminimizationof the
originaldiscontentfunctionsubjectto thesatisfactionof theresourceconstraint.

Minimization of theobjective functionL in theLagrangemultiplier methodleads
to solvingthefollowing systemof algebraicequations.

@D i

@� i
= � ; 8i = 1; : : : ; n (10)

and

@L
@�

= 0 (11)

Equation10 determinesthe optimal solution,asit correspondsto the equilibrium
point whereall applicationshave thesamevalueof diminishingreturns(or � ). Equa-
tion 11satis�estheresourceconstraint.

Thesolutionto thissystemof equations,derivedeitherusinganalyticalor numerical
methods,yields theshares� i thatshouldbeallocatedto eachapplicationto minimize
the system-widediscontent.We usea numericalmethodfor solving theseequations
to accountfor thenon-differentiablefactorpresentin the time-domainqueuingmodel
(Equation2).

Having describedthemonitoringandallocationmodules,wenow describethepre-
dictionmodulethatusesthemeasuredsystemmetricsto estimatetheworkloadparam-
etersthatareusedby theoptimization-basedallocationtechnique.

3.3 Workload Prediction Techniques

Theonlineoptimization-basedallocationtechniquedescribedin theprevioussectionis
crucially dependenton anaccurateestimationof theworkloadlikely to appearin each
applicationclass.In this section,we presenttechniquesthat usepastobservationsto
estimatethefutureworkloadfor anapplication.

Theworkloadseenby anapplicationcanbecharacterizedby two complementary
distributions:therequestarrival processandtheservicedemanddistribution. Together
thesedistributionsenableus to capturethe workloadintensityandits variability. Our
techniquemeasuresthevariousparametersgoverningthesedistributionsover a certain
timeperiodandusesthesemeasurementsto predicttheworkloadfor thenext adaptation
window.



Estimating the Arri val Rate The requestarrival processcorrespondsto the work-
loadintensityfor anapplication.Thecrucialparameterof interestthatcharacterizesthe
arrival processis therequestarrival rate� i . An accurateestimateof � i allows thetime-
domainqueuingmodel to estimatethe averagequeuelength for the next adaptation
window.

To estimate� i , themonitoringmodulemeasuresthenumberof requestarrivalsai

in eachmeasurementinterval I . The sequenceof thesevaluesf am
i g forms a time se-

ries.Usingthis time seriesto representa stochasticprocessA i , our predictionmodule
attemptsto predictthe numberof arrivals n̂ i for the next adaptationwindow. The ar-

rival ratefor thewindow, �̂ i is thenapproximatedas
�

n̂i

W

�
whereW is thewindow

length.We representA i at any time by thesequencef a1
i ; : : : ; aH

i g of valuesfrom the
measurementhistory.

To predictn̂ i , wemodeltheprocessasanAR(1) process[7] (autoregressiveof order
1). This is a simplelinearregressionmodelin which a samplevalueis predictedbased
on theprevioussamplevalue

UsingtheAR(1) model,asamplevalueof A i is estimatedas

âj +1
i = �ai + � i (1) � (aj

i � �ai ) + ej
i ; (12)

where,� i and �ai aretheautocorrelationfunctionandmeanof A i respectively, andej
i is

a white noisecomponent.We assumeej
i to be0, andaj

i to beestimatedvaluesâj
i for

j � H + 1. Theautocorrelationfunction� i is de�ned as

� i (l ) =
E [(aj

i � �ai ) � (aj + l
i � �ai )]

� 2
a i

; 0 � l � H � 1;

where,� a i is the standarddeviation of A i andl is the lag betweensamplevaluesfor
which theautocorrelationis computed.

Thus,if theadaptationwindow sizeis M intervals(i.e.,M = W=I ), then,we �rst
estimatêaH +1

i ; : : : ; âH + M
i usingequation12. Then,theestimatednumberof arrivals

in theadaptationwindow is givenby n̂ i =
P H + M

j = H +1 âj
i and�nally , theestimatedarrival

rate,�̂ i =
n̂i

W
:

Estimating the Service Demand Theservicedemandof eachincomingrequestrep-
resentstheloadimposedby thatrequeston theresource.Two applicationswith similar
arrival ratesbut differentservicedemands(e.g.,differentpacket sizes,differentper-
requestCPUdemand,etc.)will needto beallocateddifferentresourceshares.

To estimatetheservicedemandfor anapplication,thepredictionmodulecomputes
theprobabilitydistributionof theper-requestservicedemands.Thisdistribution is rep-
resentedby a histogramof the per-requestservicedemands.Upon the completionof
eachrequest,this histogramis updatedwith the servicedemandof that request.The
distribution is usedto determinetheexpectedrequestservicedemand̂si for requestsin
thenext adaptationwindow. ŝi couldbecomputedasthemean,themedian,or a per-
centileof thedistributionobtainedfrom thehistogram.For ourexperiments,weusethe
meanof thedistribution to representtheservicedemandof applicationrequests.



Measuring the Queue Length A �nal parameterrequiredby the allocationmodel
is the queuelengthof eachapplicationat the beginning of eachadaptationwindow.
Sinceweareonly interestedin theinstantaneousqueuelengthq0

i andnotmeanvalues,
measuringthisparameteris trivial—themonitoringmodulesimply recordsthenumber
of outstandingrequestsin eachapplicationqueueat the beginning of eachadaptation
window.

4 Experimental Evaluation

We demonstratethe ef�cacy of our dynamicresourceallocationtechniquesusing a
simulationstudy. In what follows, we �rst presentour simulationsetupandthenour
experimentalresults.

4.1 Simulation Setupand Workload Characteristics
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Our simulatormodelsa server resourcewith multiple application-speci�cqueues;
the experimentsreportedin this paperspeci�cally model the network interfaceon a
sharedserver. Requestsacrossvariousqueuesarescheduledusingweightedfair queu-
ing [15]—a practicalinstantiationof GPS.Our simulatoris basedon the NetSimli-
brary [22] and DASSFsimulationpackage[23]; togetherthesecomponentssupport
network elementssuchasqueues,traf�c sources,etc.,andprovideusthenecessaryab-
stractionsfor implementingoursimulator. Theadaptationandthepredictionalgorithms
areimplementedusingtheMatlabpackage[28] (whichprovidesvariousstatisticalrou-
tinesandnumericalnon-linearoptimizationalgorithms);the Matlab codeis invoked
directly from thesimulatorfor predictionandadaptation.

We usetwo typesof workloadsin our study—syntheticandtrace-driven.Our syn-
theticworkloadsusePoissonrequestarrivalsanddeterministicrequestsizes.Our trace-
driven workload is basedon the World Cup Soccer'98 server logs [4]—a publicly



availablewebserver trace.Here,we presentresultsbasedon a 24-hourlong portionof
the tracethatcontainsa total of 755,705requestsat a meanrequestarrival rateof 8.7
requests/sec,andameanrequestsizeof 8.47KB. Figures4 (a)and(b) show therequest
arrival rateandtheaveragerequestsizerespectively for thisportionof thetrace.Weuse
this traceworkloadto evaluatetheef�cacy of ourpredictionandallocationtechniques.
Dueto spaceconstraints,we omit resultsrelatedto our predictiontechniqueandthose
basedon longerportionsof thetrace.More detailedresultscanbefoundin a technical
report[11].

4.2 Dynamic ResourceAllocation

In this section,we evaluateour dynamicresourceallocationtechniques.We conduct
two experiments,onewith asyntheticwebworkloadandtheotherwith thetracework-
load and examinethe effectivenessof dynamicresourceallocation.For purposesof
comparison,we repeateachexperimentusinga staticresourceallocationschemeand
comparethebehavior of thetwo systems.
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Fig.5. Comparisonof staticanddynamicresourceallocationsfor asyntheticwebworkload.

SyntheticWebWorkload To demonstratethebehavior of oursystem,weconsidertwo
webapplicationsthatshareaserver. Thebene�tsof dynamicresourceallocationaccrue
whentheworkloadtemporarilyexceedstheallocationof anapplication(resultingin a
transientoverload).In suchascenario,thedynamicresourceallocationtechniqueisable
to allocateunusedcapacityto theoverloadedapplication,andtherebymeetits QoSre-
quirements.To demonstratethis property, we conducteda controlledexperimentusing
syntheticwebworkloads.Theworkloadfor eachapplicationwasgeneratedusingPois-
sonarrivals.Themeanrequestratefor the two applicationsweresetto 100requests/s
and200requests/s.Betweentimet=100and110sec,weintroducedatransientoverload
for the�rst applicationasshown in Figure 5(a).Thetwo applicationswereinitially al-
locatedresourcesin theproportion1:2,which correspondsto theaveragerequestrates



of thetwo applications.� min wassetto 20%of thecapacityfor bothapplicationsand
thetargetdelaysweresetto 2 and10s,respectively. Figure5(b)depictsthetotaldiscon-
tentof thetwo applicationsin thepresenceof dynamicandstaticresourceallocations.
As canbeseenfrom the�gure, thedynamicresourceallocationtechniqueprovidesbet-
ter utility to thetwo applicationswhencomparedto staticresourceallocationandalso
recoversfasterfrom thetransientoverload.
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Fig.6. The workloadand the resultingallocationsin the presenceof varying arrival ratesand
varyingrequestsizes.
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Fig.7. Comparisonof staticanddynamicresourceallocationsin the presenceof heavy-tailed
requestsizesandvaryingarrival rates.

Trace-driven Web Workloads Our secondexperimentconsideredtwo web applica-
tions. In this case,we usethe World Cup traceto generaterequestsfor the �rst web
application.The secondapplicationrepresentsa backgroundload for the experiment;



its workloadwasgeneratedusingPoissonarrivalsanddeterministicrequestsizes.For
this experiment,� min waschosento be30%for bothapplicationsandtheinitial allo-
cationsaresetto 30%and70%for the two applications(theallocationsremain�x ed
for thestaticcaseandtendto vary for thedynamiccase).We presentresultsfrom only
thatpartof theexperimentwheretransientoverloadsoccurin thesystemandresultin
behavior of interest.

Figure6(a) shows the workloadarrival rate (asa percentageof the resourceser-
vice rate) for the two applications,andalso the total load on the system.As canbe
seenfrom the�gure, therearebrief periodsof overloadin thesystem.Figure6(b)plots
theresourcesharesallocatedto thetwo applicationsby ourallocationtechnique,while
Figures7(a)and(b) show thesystemdiscontentvaluesfor thedynamicandthestatic
resourceallocationscenarios.As canbeseenfrom the�gures, transientoverloadsresult
in temporarydeviationsfrom thedesiredresponsetimesin bothcases.However, thedy-
namicresourceallocationtechniqueyieldsasmallersystem-widediscontent,indicating
thatit is ableto usethesystemcapacitymorejudiciouslyamongthetwo applications.

Togethertheseexperimentsdemonstratetheeffectivenessof our dynamicresource
allocationtechniquein meetingthe QoSrequirementsof applicationsin the presence
of varyingworkloads.

5 RelatedWork

Several researchefforts have focusedon the designof adaptive systemsthat can re-
act to workload changesin the context of storagesystems[3,26], generaloperating
systems[32], network services[8], webservers[6,10,13,21,25,30] andInternetdata
centers[2,31]. In thispaper, we focusedonanabstractmodelof aserver resourcewith
multiple class-speci�cqueuesandpresentedtechniquesfor dynamicresourcealloca-
tion; our modelandallocationtechniquesareapplicableto many scenarioswherethe
underlyingsystemor resourcecanbeabstractedusingaGPSserver.

Someadaptive systemsemploy a control-theoreticadaptationtechnique[1,25,27,
34]. Most of thesesystems(with the exceptionof [27]) usea pre-identi�ed system
model.In contrast,our techniqueis basedononlineworkloadcharacterizationandpre-
diction.Further, thesetechniquesusea linearrelationshipbetweentheQoSparameter
(like target delay) and the control parameter(suchas resourceshare)that doesnot
changewith time.This is in contrastto our techniquethatemploys a non-linearmodel
derived usingthe queuingdynamicsof the system,andfurther, we updatethe model
parameterswith changingworkload.

Otherapproachesfor resourcesharingin webservers[10] ande-businessenviron-
ments[24] have useda queuingmodelwith non-linearoptimization.Theprimarydif-
ferencebetweentheseapproachesand our work is that they usesteady-statequeue
behaviorto drivetheoptimization,whereasweusetransientqueuedynamicsto control
theresourcesharesof applications.Thus,ourgoalis to deviseasystemthatcanreactto
transientchangesin workload,while thequeuingtheoreticapproachattemptsto sched-
ule requestsbasedon thesteady-stateworkload.A model-basedresourceprovisioning
schemehasbeenproposedrecently[16] thatperformsresourceallocationbasedon the



performancemodelingof theserver. This effort is similar to our approachof modeling
theresourceto relatetheQoSmetricsandresourceshares.

Other techniquesfor dynamicresourceallocationhave alsobeenproposedin [5,
12]. Our work differs from thesetechniquesin somesigni�cant ways.First of all, we
de�ne an explicit model to derive the relationbetweenthe QoSmetric andresource
requirements,while a linear relationhasbeenassumedin theseapproaches.The ap-
proachin [5] usesa modi�ed schedulingschemeto achieve dynamicresourcealloca-
tion,while ourschemeachievesthesamegoalwith existingschedulersusinghigh-level
parameterization.The approachdescribedin [12] usesan economicmodelsimilar to
our utility-basedapproach.This approachemploys a greedyalgorithmcoupledwith a
linearsystemmodelfor resourceallocation,while weemploy anon-linearoptimization
approachcoupledwith anon-linearqueuingmodelfor resourceallocation.

Predictiontechniqueshavebeenproposedthatincorporatetime-of-dayeffectsalong
with time-seriesanalysismodelsinto their prediction[20,33]. While thesetechniques
work well for onlinepredictionatcoarsetime-granularitiesof severalminutesto hours,
thegoalof our predictiontechniquesis to predictworkloadsat shorttime granularities
of uptoa few minutesandto respondquickly to transientoverloads.

Two recentefforts have focusedon workload-driven allocationin dedicateddata
centers[17,31]. In theseefforts,eachapplicationis assumedto runonsomenumberof
dedicatedserversandthegoalis to dynamicallyallocateanddeallocate(entire)servers
to applicationsto handleworkload�uctuations. Theseefforts focuson issuessuchas
how many servers to allocateto an application,andhow to migrateapplicationsand
data,andthusarecomplementaryto ourpresentwork onshareddatacenters.

6 Conclusions

In this paper, we arguedthatdynamicresourceallocationtechniquesarenecessaryin
the presenceof dynamicallyvarying workloadsto provide guaranteesto web appli-
cationsrunning on shareddatacenters.To addressthis issue,we useda systemar-
chitecturethatcombinesonlinemeasurementswith predictionandresourceallocation
techniques.To capturethetransientbehavior of theapplicationworkloads,wemodeled
a server resourceusinga time-domaindescriptionof a generalizedprocessorsharing
(GPS)server. Theparametersof thismodelwerecontinuouslyupdatedusinganonline
monitoringandpredictionframework. This framework usedtime seriesanalysistech-
niquesto predict expectedworkload parametersfrom measuredsystemmetrics.We
thenemployedaconstrainednon-linearoptimizationtechniqueto dynamicallyallocate
theserver resourcesbasedon theestimatedapplicationrequirements.Themainadvan-
tageof our techniquesis that they capturethe transientbehavior of applicationswhile
incorporatingnonlinearityin thesystemmodel.Weevaluatedourtechniquesusingsim-
ulationswith syntheticaswell asreal-world web workloads.Our resultsshowed that
thesetechniquescanjudiciously allocatesystemresources,especiallyundertransient
overloadconditions.

In future,weplanto evaluatetheaccuracy-ef�ciency tradeoff of usingmoresophis-
ticatedtime seriesanalysismodelsfor prediction.In addition,we plan to investigate
theutility of ouradaptationtechniquesfor systemsemploying othertypesof schedulers



(e.g.,non-GPSschedulerssuchasreservation-based).We would also like to explore
optimizationtechniquesusingdifferentutility functionsandQoSgoals.We alsoplan
to evaluatethesetechniqueswith differentkinds of workloadsandtraces.Finally, we
intendto compareour allocationtechniqueswith otherdynamicallocationtechniques
to evaluatetheir relativeeffectiveness.
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