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Abstract. Sincewebworkloadsareknown to vary dynamicallywith time, in this
paperwe amguethatdynamicresourceallocationtechniquesrenecessario pro-
vide guaranteeso web applicationsrunningon shareddatacenters.To address
thisissue we usea systemarchitecturehatcombinesonline measurementsith
predictionandresourceallocationtechniquesTo capturethe transientbehaior
of the applicationworkloads,we modela sener resourceusing a time-domain
descriptionof a generalizegrocessosharing(GPS)sener. This modelrelates
applicationresourceequirementso their dynamicallychangingworkloadchar
acteristicsTheparametersf thismodelarecontinuouslyupdatedisinganonline
monitoringand predictionframework. This framavork usestime seriesanalysis
techniquedo predictexpectedworkloadparameterérom measuregystemmet-
rics. We thenemploy a constrainedhon-linearoptimizationtechniqueto dynam-
ically allocatethe sener resourcesdasedon the estimatedapplicationrequire-
ments.The main advantageof our techniquess that they capturethe transient
behaior of applicationswhile incorporatingnonlinearityin the systemmodel.
We evaluateourtechniquesisingsimulationswith syntheticaswell asreal-world
web workloads.Our resultsshaw that thesetechniquesanjudiciously allocate
systenresourcesgspeciallyundertransientoverloadconditions.

1 Intr oduction

1.1 Motivation

The growing popularity of the World Wide Web hasled to the adwent of Internetdata
centergthat hostthird-partyweb applicationsandservices A typical web application
consistof afront-endwebsenerthatserviceHTTP requestsaJavaapplicationsener
thatcontainsthe applicationlogic, anda baclenddatabaseener. In mary casessuch
applicationsare housedon manageddata centerswherethe applicationowner pays
for (rents)sener resourcesandin return,the applicationis provided guarantee®n
resourceavailability and performanceTo provide suchguaranteeshe datacenter—
typically a clusterof seners—mustprovision sufcient resource$o meetapplication

? Thisresearclwassupportedn partby NSFgrantsCCR-998403@ndEIA-0080119.



needsSuchprovisioning canbe basedeitheron a dedicatecbr a sharedmodel.In the
dedicatednodel,somenumberof clusternodesarededicatedo eachapplicationand
the provisioning techniguemustdeterminehonv mary nodesto allocateto the appli-
cation.In the sharedmodel,which we considerin this paper anapplicationcanshare
noderesourcesvith otherapplicationsandthe provisioning techniqueneedsto deter
mine how to partitionresource®n eachnodeamongcompetingapplications’

Sincenoderesourcesresharedproviding guaranteeo applicationsn theshared
datacentermodelis morecomplex. Typically suchguaranteeareprovided by reserv-
ing a certainfractionof noderesource¢CPU, network, disk) for eachapplication.The
fraction of the resourcesllocatedto eachapplicationdependn the expectedwork-
loadandthe QoSrequirement®f theapplication.Theworkloadof webapplicationss
known to vary dynamicallyover multiple time scaleg14] andit is challengingto es-
timate suchworkloadsa priori (sincetheworkloadcanbein uenced by unanticipated
externalevents—suchasa breakingnews story—thatcancausea suigein the number
of requestaccessing web site). Consequentlystaticallocationof resourceso appli-
cationsis problematic—whileover-provisioning resourcepasedon worst casework-
load estimatesanresultin potentialunderutilizationof resourcesynderprovisioning
resourceganresultin violation of guaranteesiAn alternateapproactis to allocatere-
sourcedo applicationsdynamicallybasedon the variationsin their workloads.In this
approacheachapplicationis givenacertainminimumsharebasecdn coarse-graimsti-
matesof its resourceneedstheremainingsener capacityis dynamicallysharecamong
variousapplicationshasedon their instantaneouseedsTo illustrate,considertwo ap-
plicationsthat sharea sener and are allocated30% of the sener resourcegach;the
remainingd0%is thendynamicallysharedatrun-timesoasto meettheguaranteepro-
videdto eachapplication. Suchdynamicresourcesharingcanyield potentialmultiplex-
ing gains,while allowing the systemto reactto unanticipatedncreasesn application
load and therebymeetQoS guaranteesDynamic resourceallocationtechniqueghat
canhandlechangingapplicationworkloadsin shareddatacentersis the focus of this
paper

1.2 Reseach Contrib utions

In this paper we presenttechniquedor dynamicresourceallocationin sharedweb
seners.We modelvarioussener resourcesisinggenerlizedprocessosharing(GPS)
[29] andassuméhat eachapplicationis allocateda certainfraction of aresourcels-
ing a combinationof online measuremenpredictionand adaptationour techniques
candynamicallydetermineheresourceshareof eachapplicationbasedon (i) its QoS
(responsg¢ime) needsand(ii) theobsenedworkload.The maingoalof ourtechniques
is to reactto transientsystemoverloadsby incorporatingonline systemmeasurements.
We malke threespeci ¢ contributionsin this paper First, in orderto capturethe
transienbehaior of applicationworkloadswe modelthe senerresourcaisingatime-
domainqueuingmodel This model dynamicallyrelatesthe resourcerequirementf
eachapplicationto its workload characteristicsThe adwantageof this modelis that it

8 This requirements true evenin a dedicatednodelwhereservicedifferentiationbetweerdif-
ferentcustomerdor the sameapplicationmaybedesirable.



doesnot make steady-stat@ssumptionsaboutthe system(unlike someprevious ap-
proacheq10,24]) andadaptsto changingapplicationbehaior. To achieve a feasible
resourcellocationevenin the presencef transientoverloadswe employ anon-linear
optimizationtechniquethat employs the proposedjueuingmodel. An importantfea-
ture of our optimization-base@pproachis thatit canhandlenon-linearityin system
behaior unlike someapproachethatassumdinearity [1, 25].

Determiningresourcesharesf applicationsusingsuchanonline approachs cru-
cially dependenbn anaccurateestimationof the applicationworkloadcharacteristics.
A seconctontrikution of ourwork is apredictionalgorithmthatestimatesheworkload
parametersf applicationsn thenearfutureusingonlinemeasurement®ur prediction
algorithmusegtime seriesanalysigechniquedor workloadestimation.

Third, we useboth syntheticworkloadsandreal-world web tracesto evaluatethe
effectivenessf our online predictionandallocationtechniquesOur evaluationshavs
thatourtechniquesidaptio changingvorkloadsfairly effectively, especialljundertran-
sientoverloadconditions.

Therestof the papeiis structuredasfollows. We formulatethe problemof dynamic
resourceallocationin sharedvebsenersin Section2. In Section3, we presentatime-
domaindescriptionof a resourcequeuingmodel,and describeour online prediction
and optimization-basedechniquedor dynamicresourceallocation.Resultsfrom our
experimentakvaluationarepresenteéh Sectiord. We discusgelatedwork in Sections
andpresenbur conclusionsandfuturework in Section6.

2 Problem Formulation and SystemModel

In this sectionwe rst presen@anabstractGPS-basedhodelfor a sener resourceand
thenformulatetheproblemof dynamicresourcellocationin suchaGPS-basedystem.

2.1 ResourceModel

We modelasenerresourcaisinga systemof n queueswhereeachqueuecorresponds
to a particularapplication(or a classof applicationsyunningon the sener. Requests
within eachqueueareassumedo besenedin FIFO orderandtheresourcecapacityC
is sharecamongthequeuesisingGPS.To do so,eachqueuds assigned weightandis
allocatedaresourceshardan proportionto its weight.Speci cally, aqueuewith aweight
w; is allocatedashare | = PW—' (i.e.,allocated ; C) unitsof theresourceapacity

whenall queuesare backlogged)Sa/eraI practicalinstantiationsof GPSexist—such
asweightedfair queuing(WFQ)[15], self-clocledfair queuing[18], andstart-timefair
queuing[19]—andary suchschedulingalgorithm sufces for our purpose We note
thattheseGPSschedulerarework-conserving—irthe eventa queuedoesnot utilize
its allocatedshare the unusedcapacityis allocatedfairly amongbackloggedjueues.
Our abstracimodelis applicableto mary hardwareandsoftwareresourcesoundon a
sener; hardware resourcesnclude the network interfacebandwidth,the CPU andin
somecasesthe disk bandwidth,while softwareresourcencludesoclet acceptqueues
in awebsener servicingmultiple virtual domaing25, 30].



2.2 Problem De nition

Considera sharedsener that runs multiple third-party applications Eachsuchappli-
cationis assumedo specifya desiredquality of service(QoS)requirementherewe
assumehatthe QoSrequirementsrespeci edin termsof atargetresponse¢ime. The
goalof thesystermis to ensurghatthemeanresponséime (or somepercentileof there-
sponsdime) seernby applicationrequestss no greaterthanthe desiredtargetresponse.
In general,eachincomingrequestis servicedby multiple hardware and software re-
sourceson the sener, suchasthe CPU, NIC, disk, etc. We assumehat the speci ed
targetresponsdime is split up into multiple resource-speci aesponsdimes,onefor
eachsuchresourceThus,if eachrequestspendsno morethanthe allocatedtargeton
eachresourcethenthe overall targetresponsdime for thesenerwill bemet?

Sinceeachresourcés assumedo be scheduledisingGPS thetargetresponsd¢ime
of eachapplicationcanbe met by allocatinga certainshareto eachapplication.The
resourceshareof anapplicatiorwill dependhotonly onthetargetresponséime butalso
ontheloadin eachapplication.As theworkloadof anapplicationvariesdynamically
sowill its resourceshare.In particular we assumehat eachapplicationis allocated
gcertammmlmum share MM of the resourcecapacity;the remainingcapacity(1

) is dynamlcallyallocatedto variousapplicationsdependingon their current

workloads(suchthattheir targetresponséime will bemet). Formally, if d; denoteghe
targetresponséime of applicationi andT; is its obseredmeanrespons¢ime, thenthe
applicationshouldbeallocatedashare ;, ; m'“ ,suchthatT; d;.

Sinceeachresourcenasa nite capacityandtheappllcatlonworkloadscanexceed
capacityduring periodsof heary transientoverloads,the abore goal can not always
be met. To achiare feasibleallocationduring overload scenarioswe usethe notion
of utility functionsto representhe satisfiction of an applicationbasedon its current
allocation.While differentkinds of utility functionscanbeemplo/ed,we de ne utility
in thefollowing manneP We assumehatanapplicationremainssatis edsolong asits
allocation ; yieldsameanresponsdéime T; nogreatetthanthetamgetd; (i.e.,T;  d;).
But the discontenbf anapplicationgrows asits responséime deviatesfrom thetarget
di . Thisdiscontenfunctioncanberepresentedsfollows:

Di(Ti) = (Ti  di)*; 1)

wherex* representmax(0; x). In thisscenariothediscontengrows linearlywhenthe
obseredresponséime exceedshe speci edtargetd; . Theoverall systemgoalthenis
to assigna share  to eachappljgation, i min " suchthat the total system-wide
discontentj.e.,thequantityD = =, Di(T;) is 'minimized.

We usethis problemde nition to derive our dynamicresourceallocationmecha-
nism,whichis describechext.

4 The problemof how to split the speci®edsener responsédime into resource-speci®@sponse
timesis beyond the scopeof this paper In this paper we assumehat suchresource-speci®c
targetresponsdéimesaregivento us.

5 Differentkindsof utility functionscanbeemplo/edto achiere differentgoalsduringoverload,
suchasfairnessjsolation,etc.
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Fig. 1. DynamicResourceéllocation

To performdynamicresourcellocationbasedntheabove formulation,eachGPS-
scheduledesourceon the sharedsener will needto employ threecomponents(i) a
monitoring modulethat measureshe workload and the performancemetricsof each
application(suchasits requestarrival rate,averageresponseime T;, etc.), (ii) a pre-
diction modulethat usesthe measurementom the monitoring moduleto estimate
theworkloadcharacteristicin the nearfuture,and(iii) anallocationmodulethatuses
theseworkloadestimates$o determineesourcesharesuchthattheoverallsystem-wide
discontenis minimized.Figurel depictsthesethreecomponents.

In whatfollows, we rst presenianoverviev of the monitoringmodulethatis re-
sponsiblefor performingonline measurement&Ve follow this with atime-domainde-
scriptionof the resourcequeuingmodel,andformulationof a non-linearoptimization
problemto performresourceallocationusingthis model.Finally, we presenthe pre-
diction techniquesisedto estimatethe parametergor this modeldynamically

3.1 Online Monitoring and Measurement

The online monitoring moduleis responsiblefor measuringvarious systemand ap-
plicationmetrics. Thesemetricsareusedto estimatethe systemmodelparameterand
workloadcharacteristicsSThesemeasurementrebasednthefollowing timeintervals
(seeFigure?):

— Measuemeninterval(l): | istheinterval overwhichvariousparametersf interest
are sampled.For instance the monitoring moduletracksthe numberof request
arrivals(n;) in eachintenal I andrecordshis value.



Fig. 2. Time intervalsusedfor monitoring,predictionandallocation

Thechoiceof aparticularmeasuremenhterval depend®nthedesiredesponsie-
nessfrom the system.If the systemneedsto reactto workloadchangeona ne
time-scalethena smallvalueof | (e.g.,] = 1 second}shouldbechosenOn the
otherhand,f thesystemmeedgo adapto longtermvariationsin theworkloadover
time scalesof hoursor days,thena coarse-graimeasuremerihterval of minutes
or tensof minutesmaybe chosen.

— History (H): The historyrepresents sequencef recordedvaluesfor eachparam-
eterof interest.Our monitoringmodulemaintainsa nite history consistingof the
mostrecentH valuesfor eachsuchparameterthesemeasurement®rm the basis
for predictingthe future valuesof theseparameters.

— AdaptationWwindow (W): The adaptatiorwindow is the time interval betweenwo
successie invocationsof theadaptatioralgorithm.Thusthepastmeasurementre
usedto predicttheworkloadfor thenext W time units,andthe systemadaptsover
this time interval. As we would seein the next section,our time-domainqueuing
modeldescriptionconsidersa time period equalto the adaptationvindow to es-
timatethe averageresponsdime T; of an application,andthis modelis updated
every W time units.

Thehistoryandthe adaptatiorwindow areimplementedassliding windows.

3.2 Allocating Resouice Sharesto Applications

The allocationmoduleis invoked periodically (every adaptatiorwindow) to dynam-
ically partition the resourcecapacityamongthe variousapplicationsrunning on the
sharedsener. To capturehetransienbehaior of applicationvorkloadswe rst present
a time-domaindescriptionof a resourcequeuingmodel. This modelis usedto deter

mine the resourcerequirement®f an applicationbasedon its expectedworkloadand
responségime goal.

Time-domain Queuing Model As describedabore, the adaptationalgorithmis in-
vokedevery W time units.Let ¢ denotethe queudengthat the beginning of anadap-
tation window. Let "i denotethe estimatedrequestarrival rateand ; denotethe es-
timatedserviceratein the next adaptatiorwindow (i.e., over the next W time units).
We would shav later how thesevaluesareestimatedThen,assuminghe valuesof *;
and”; areconstantthelengthof the queueat ary instantt within the next adaptation



window is givenby
h iy
N

gt)y= o+ 5 ANt 2

Intuitively, the amountof work queuedup at instantt is the sumof the initial queue
lengthandthe amountof work arriving in this interval minusthe amountof work ser
vicedin this duration.Further the queudengthcannotbe negative.

Sincethe resourceis modeledasa GPSsener, the servicerate of an application
is effectively ( ; C), where ; is theresourceshareof the applicationandC is the
resourcecapacity andthis rateis continuouslyavailableto a backloggedapplicationin
ary GPSsystemHence therequesservicerateis

i C
A o= | .
= ®3)
where$; is the estimatedneanservicedemandper request(suchas numberof bytes
perpaclet,or CPUcyclesperCPUrequestgetc.).

Note that, dueto the work conservingnatureof GPS,if someapplicationsdo not
utilize their allocatedsharesthen the utilized capacityis fairly redistrituted among
backloggedapplications.Consequentlythe queuelength computedin Equation2 as-
sumesaworst-casecenariovhereall applicationsarebackloggedndeachapplication
recevesno morethanits allocatedshare(the queuewould be smallerif theapplication
recevedadditionalunutilizedsharefrom otherapplications).

GivenEquation2, theaveragequeudengthovertheadaptatiorwindow is givenby:

Zw

_ 1
9= a0 )

Dependingon the particularvaluesof ¢°, the arrival rate " andthe servicerate
i, the queuemay becomeemptyoneor moretimesduring an adaptatiorwindow. To
includeonly the non-emptyperiodsof the queuewhencomputingg;, we considerthe
following scenariosbasecbn the assumptiorof constant’; and”;:

1. Queuegrowth: If A; < *;, thenthe applicationqueuewill grow duringthe adapta-

tion window andthe queuewill remainnon-emptythroughouthe adaptatiorwin-

dow.
2. Queuedepletion:If A > ™, thenthe queuestartsdepletingduringthe adaptation
0
window. Theinstantt, atwhichthe queuebecomesmptyis givenby to = 3

If to < W, thenthequeuebecomegmptywithin theadaptatiorwindow, otherwise
thequeuecontinuedo depletebut remainsnon-emptythroughouthewindow (and
is projectedo becomeemptyin a subsequenwindow).

3. Constantqueuelength: If A = ", thenthe queuelengthremains x ed (= )
throughouthe adaptatiorwindow. Hence the non-emptyqueueperiodis eitherO
or W dependingon thevalueof ¢f.

Let us denotethe durationwithin the adaptatiorwindow for which the queueis
non-emptyby W; (W; equalseitherW orty dependingpnthevariousscenarios)Then,



Equation4 canberewritten as

1 Zw,
9= W , G (t)dt (5)
_ Wi 0 Wi N A,
= W qg + o i (6)

Having determinedhe averagequeuelengthover the next adaptatiorintenal, we
derive the averageresponsdime T; over the sameinterval. Here,we areinterestedn
theaverageresponsdime in the nearfuture. Othermetricssuchasalong termaverage
responséime couldalsobe consideredT; is estimatedasthe sumof themeanqueuing
delayandtherequesservicetime over the next adaptationinterval. We useLittle' s law
to derive the queuingdelayfrom the meanqueudength® Thus,

+1
I
Substitutingequation3 in this expressionwe get
S'
T= —= (q+1) (8)

i C

whereq is given by equation6. The valuesof ¢°, ~;, " and$ areobtainedusing
measuremerdandpredictiontechniquesliscussedn the next section.
Thistime-domainmodeldescriptiorhasthefollowing salientfeatures:

— The parametersf the model dependon its currentworkload characteristicg ',
§) andthe currentsystemstate(q®). Consequentlythis modelis applicablein an
online settingfor reactingto dynamicchangesn theworkload,anddoesnot make
ary steadystateassumptions.

— As shawvn in Equation8, the modelassumes non-linearrelationshipbetweerthe
responséime T; andtheresourceshare . This assumptions moregeneralthan
linearsystemassumptionmadein somescenarios.

Next we describehow this modelis usedin dynamicresourceallocation.

Optimization-basedResource Allocation As explainedearlier the shareallocatedo
anapplicationdepend®nits speci edtargetrespons¢ime andtheestimatedvorkload.
We now presentan online optimization-baseépproachto determineresourceshares
dynamically

As describedn section2, the allocationmoduleneedsto dgterminethe resource
share ; for eachapplicationsuchthatthetotal discontenD = inzl Di(T;) is mini-
mized.This problemtranslatego thefollowing constraineaptimizationproblem:

X
min Di (Ti)
9o
5 Note that the applicationof Little's Law in this scenariois an approximation that is more
accuratewhenthe size of the adaptationwindow is large comparedo the averagerequest
servicetime.



subjectto the constraints

Here,D; is afunctionthatrepresentshe discontenof a classbasedon its current
responséime T;. Thetwo constraintspecifythat (i) thetotal allocationacrossall ap-
plicationsshouldnot exceedtheresourceapacityand(ii) theshareof eachapplication
canbe no smallerthanits minimumallocation ™" andno greaterthanthe resource
capacity

In generalthe natureof thediscontenfunctionD; hasanimpactontheallocations

i for eachapplication.As shavn in Equationl, a simple discontentfunctionis one
wherethe discontengrows linearly astheresponsdime T; exceedghetamgetd;. Such
aDj, shavn in Figure3, however, is non-diferentiable To male our constraineapti-
mizationproblemmathematicallytractable we approximatethis piece-wisdinearD;
by a continuouslydifferentiablefunction:

1 9 —
Di(Ti) = E[(Ti d)+ (Ti d)2+K];

wherek > 0 is a constantEssentiallythe abore functionis a hyperbolawith the two
piece-wisdinearportionsasits asymptotesndtheconstank governshow closelythis
hyperbolaapproximateghe piece-wisdinear function. Figure 3 depictsthe natureof
theabove function.

We note that the optimizationis with respectto the resourcesharesf g, while
the discontenfunctionis representeth termsof the responsdimesf T;g. We usethe
relationbetweenT; and ; from Equation8 to obtainthe discontenfunctionin terms
of theresourceshared ;g.

Discontent function

Differentiable fn
Piecewise linear fn ——-——

Discontent
w

0 2 4 6 8 10
Response time

Fig. 3. Two differentvariantsof the discontenfunction. A piecavise linearfunctionanda con-
tinuouslydifferentiablecorvex functionsare showvn. The targetresponsdime is assumedo be
di = 5.



The resulting optimization problem can be solved using the Lagrangemultiplier
method[9]. In thistechniquethe constraineaptimizationproblemis transformednto
an unconstraineaptimization problemwherethe original discontentfunction is re-
placedby the objective function:

X X
L(f ig )= Di(T) ( i 1) )
i=1 i=1
Theobjective functionL is thenminimizedsubjectto theboundconstraint®n ;. Here
is calledthe Lagrangemultiplier andit denoteshe shadav price for the resource.
Intuitively, eachapplicationis chaged a price of  per unit resourceit uses.Thus,
eachapplicationattemptsto minimize the price it paysfor its resourceshare,while
maximizingthe utility it derivesfrom thatshare This leadsto the minimizationof the
original discontenfunctionsubjectto the satishctionof theresourceconstraint.
Minimization of the objective functionL in the Lagrangemultiplier methodleads
to solvingthefollowing systemof algebraicequations.

@;
@;

= ; 8 =1::;n (20)

and
Q _
@

Equation10 determineghe optimal solution,asit correspondso the equilibrium
point whereall applicationshave the samevalue of diminishingreturns(or ). Equa-
tion 11 satis estheresourceconstraint.

Thesolutionto this systenof equationsderivedeitherusinganalyticalor numerical
methodsyieldsthe shares ; thatshouldbe allocatedto eachapplicationto minimize
the system-widediscontentWe usea numericalmethodfor solving theseequations
to accountfor the non-differentiablefactorpresentn the time-domainqueuingmodel
(Equation2).

Having describedhe monitoringandallocationmoduleswe now describethe pre-
diction modulethatusesthe measuredystemmetricsto estimatethe workloadparam-
etersthatareusedby the optimization-basedllocationtechnique.

0 (11)

3.3 Workload Prediction Techniques

Theonline optimization-basedllocationtechniquedescribedn the previoussectionis
crucially dependentn anaccuratesstimationof theworkloadlik ely to appeaiin each
applicationclass.In this section,we presenttechniqueghat usepastobsenrationsto
estimatehe futureworkloadfor anapplication.

The workloadseenby an applicationcanbe characterizedy two complementary
distributions:therequestrrival processandthe servicedemandistribution. Together
thesedistributionsenableus to capturethe workloadintensity andits variability. Our
techniquameasuresghevariousparametergoverningthesedistributionsover a certain
time periodanduseghesaneasurements predicttheworkloadfor thenext adaptation
window.



Estimating the Arri val Rate The requestarrival processcorrespondgo the work-
loadintensityfor anapplication.Thecrucialparameteof interestthatcharacterizethe
arrival processs therequestarrival rate ;. An accurateestimateof ; allowsthetime-
domainqueuingmodelto estimatethe averagequeuelength for the next adaptation
window.

To estimate ;, the monitoringmodulemeasureshe numberof requestarrivals a;
in eachmeasuremerinterval | . The sequencef thesevaluesf a" g forms a time se-
ries. Usingthis time seriesto represena stochastigprocessA;, our predictionmodule
attemptsto predictthe numberof arrivals f; for the next adaptatiorwindow. The ar

rival ratefor the window, ; is thenapproximatedas W' whereW is the window

length.We represenf\; atary time by thesequencéal;::: ;al! g of valuesfrom the
measuremerttistory,

To predictn; , wemodeltheprocessasanAR(1) proces$7] (autoregressiveof order
1). Thisis asimplelinearregressiormodelin which a samplevalueis predictedbased
ontheprevioussamplevalue

Usingthe AR(1) model,asamplevalueof A; is estimatedhs

4 =a+ () @ a)+d; (12)
where, | anda; aretheautocorrelatiofunctionandmeanof A; respectiely, and_e! is

a white noisecomponentWe assumee! to be O, anda{ to be estimatedvaluesal for
j H + 1. Theautocorrelatiorfunction ; is de nedas

j j+1
= ElE ) @ a

aj
where, ,, is the standarddeviation of A; andl is the lag betweensamplevaluesfor

whichtheautocorrelatioris computed.
Thus,if theadaptatiorwindow sizeis M intenals(i.e.,M = W=l), then,we rst

estimatea "t ;::: ;4 M usingequatiogl2. Then, the estimatechumberof arrivals
in theadaptatiorwindow is givenby fi; = F:+HM+1 &l and nally , theestimatedarrival

rate,”} = fi |
7 | W

Estimating the Sevice Demand The servicedemandof eachincomingrequestrep-
resentgheloadimposedby thatrequesbn theresourceTwo applicationswith similar
arrival ratesbut differentservicedemandqe.g., different paclet sizes,differentper
requestCPUdemandetc.)will needto beallocateddifferentresourceshares.

To estimatethe servicedemandor anapplication the predictionmodulecomputes
theprobabilitydistribution of the perrequesservicedemandsThis distribution is rep-
resentecby a histogramof the perrequestservicedemandsUpon the completionof
eachrequestthis histogramis updatedwith the servicedemandof that request.The
distributionis usedto determinghe expectedrequesservicedemands; for requestsn
the next adaptatiorwindow. §; could be computedasthe mean,the median,or a per
centileof thedistribution obtainedrom the histogram For our experimentsyve usethe
meanof the distribution to representhe servicedemancdf applicationrequests.



Measuring the Queue Length A nal parameterequiredby the allocationmodel
is the queuelength of eachapplicationat the beginning of eachadaptationwindow.
Sincewe areonly interestedn theinstantaneougueueengthg? andnotmeanvalues,
measuringhis parameteis trivial—the monitoringmodulesimply recordsthe number
of outstandingequestsn eachapplicationqueueat the beginning of eachadaptation
window.

4 Experimental Evaluation

We demonstratehe ef cacy of our dynamicresourceallocationtechniquesusing a
simulationstudy In what follows, we rst presentour simulationsetupandthenour
experimentakesults.

4.1 Simulation Setupand Workload Characteristics

1200 45

1000
800

600 [

400 |

Request arrival rate (reg/min)
Average request size (KB)

5

0
200 b

5

0

0

0 200 400 600 800 1000 1200 1400 1600 0 200 400 600 800 1000 1200 1400 1600
Time (min) Time (min)

(a) Requesarrival rate (b) Averagerequessize

Fig. 4. 24-hourportionof the World Cup98trace

Our simulatormodelsa sener resourcewith multiple application-speci cqueues;
the experimentsreportedin this paperspeci cally modelthe network interfaceon a
sharedsener. Requestsacrossvariousqueuesarescheduledisingweightedfair queu-
ing [15]—a practicalinstantiationof GPS.Our simulatoris basedon the NetSimli-
brary [22] and DASSFsimulation package[23]; togetherthesecomponentssupport
network elementsuchasqueuestraf c sourcesetc.,andprovide usthenecessargab-
stractiondor implementingour simulator Theadaptatiorandthe predictionalgorithms
areimplementedisingthe Matlab packagd28] (which providesvariousstatisticalrou-
tines and numericalnon-linearoptimizationalgorithms);the Matlab codeis invoked
directly from the simulatorfor predictionandadaptation.

We usetwo typesof workloadsin our study—syntheti@ndtrace-drien. Our syn-
theticworkloadsusePoissorrequestrrivalsanddeterministicequessizes Ourtrace-
driven workload is basedon the World Cup Soccer'98 sener logs [4]—a publicly



availablewebsener trace.Here,we presentesultsbasedn a 24-hourlong portion of
the tracethat containsa total of 755,705requestsat a meanrequestarrival rate of 8.7
requests/se@ndameanrequessizeof 8.47KB. Figures4 (a) and(b) shav therequest
arrival rateandtheaveragerequessizerespectiely for this portionof thetrace We use
this traceworkloadto evaluatethe ef cacy of our predictionandallocationtechniques.
Dueto spaceconstraintsye omit resultsrelatedto our predictiontechniqueandthose
basedon longerportionsof thetrace.More detailedresultscanbefoundin atechnical
report[11].

4.2 Dynamic ResourceAllocation

In this section,we evaluateour dynamicresourceallocationtechniquesWe conduct
two experimentspnewith a syntheticwebworkloadandthe otherwith thetracework-

load and examinethe effectivenessof dynamicresourceallocation.For purposesof

comparisonwe repeateachexperimentusinga staticresourceallocationschemeand
comparehebehaior of thetwo systems.
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Fig. 5. Comparisorof staticanddynamicresourceallocationsfor a syntheticwebworkload.

SyntheticWebWorkload To demonstratéhebehaior of oursystemwe considetwo
webapplicationghatsharea sener. Thebene tsof dynamicresourceallocationaccrue
whenthe workloadtemporarilyexceedshe allocationof anapplication(resultingin a
transienbverload).In suchascenariothedynamicresourceallocationtechniqués able
to allocateunusedcapacityto the overloadedapplication,andtherebymeetits QoSre-
quirementsTo demonstratéhis property we conducteda controlledexperimentusing
synthetiowebworkloads.Theworkloadfor eachapplicationwasgeneratedisingPois-
sonarrivals. The meanrequestatefor the two applicationsveresetto 100 requests/s
and200requests/Betweertimet=100and110sec weintroducedatransienpverload
for the rst applicationasshawvn in Figure 5(a). Thetwo applicationswvereinitially al-
locatedresourcesn the proportion1:2, which correspondso the averagerequestates



of thetwo applications. i, wassetto 20% of the capacityfor bothapplicationsand
thetargetdelaysweresetto 2 and10s,respectiely. Figure5(b) depictsthetotal discon-
tentof thetwo applicationsn the presencef dynamicandstaticresourceallocations.
As canbeseerfrom the gure, thedynamicresourceallocationtechniqueprovidesbet-
ter utility to thetwo applicationsvhencomparedo staticresourceallocationandalso
recoversfasterfrom thetransientoverload.
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Trace-driven Web Workloads Our secondexperimentconsideredwo web applica-
tions. In this casewe usethe World Cup traceto generataequestdor the rst web
application.The secondapplicationrepresents backgroundoad for the experiment;



its workloadwasgeneratedising Poissorarrivals and deterministicrequestizes.For
this experiment, i, waschoserto be 30%for both applicationsandthe initial allo-
cationsare setto 30% and 70% for the two applicationg(the allocationsremain x ed
for the staticcaseandtendto vary for the dynamiccase) We presentesultsfrom only
that partof the experimentwheretransientoverloadsoccurin the systemandresultin
behaior of interest.

Figure 6(a) shavs the workload arrival rate (as a percentagef the resourceser
vice rate) for the two applications,and also the total load on the system.As canbe
seerfrom the gure, therearebrief periodsof overloadin the systemFigure6(b) plots
theresourcesharesallocatedo thetwo applicationsy our allocationtechniquewhile
Figures7(a)and(b) shav the systemdiscontentvaluesfor the dynamicandthe static
resourcallocationscenariosAs canbeseerfromthe gures, transienpverloadsesult
in temporarydeviationsfrom thedesiredesponséimesin bothcasesHowever, thedy-
namicresourcellocationtechniqueyieldsasmallersystem-wideliscontentjndicating
thatit is ableto usethe systemcapacitymorejudiciouslyamongthetwo applications.

Togethertheseexperimentsdemonstratehe effectivenesof our dynamicresource
allocationtechniquein meetingthe QoSrequirement®of applicationsin the presence
of varyingworkloads.

5 RelatedWork

Several researchefforts have focusedon the designof adaptve systemshat canre-
act to workload changesn the context of storagesystemg3, 26], generaloperating
systemd32], network serviceq8], webseners[6,10,13,21,25,30] andInternetdata
centerg2, 31]. In this paperwe focusedon anabstracimodelof a sener resourcewith
multiple class-speci cqueuesand presentedechniquedor dynamicresourcealloca-
tion; our modelandallocationtechniquesare applicableto mary scenariosvherethe
underlyingsystemor resourcecanbe abstractedisinga GPSsener.

Someadaptve systemsmplg/ a control-theoretiadaptatiortechnique1, 25,27,
34]. Most of thesesystems(with the exceptionof [27]) usea pre-identi ed system
model.In contrastpurtechniquds basedn onlineworkloadcharacterizatiomandpre-
diction. Further thesetechniquesisea linearrelationshipbetweernthe QoS parameter
(like target delay) and the control parameter(such as resourceshare)that doesnot
changewith time. Thisis in contrastto our techniquethatemploys a non-linearmodel
derived usingthe queuingdynamicsof the system,andfurther, we updatethe model
parametersvith changingworkload.

Otherapproaches$or resourcesharingin web seners[10] ande-kbusinessrviron-
ments[24] have useda queuingmodelwith non-linearoptimization.The primary dif-
ferencebetweentheseapproachesnd our work is that they use steady-statejueue
behaviorto drive the optimization whereaave usetransientqueuedynamicgo control
theresourceshareof applicationsThus,ourgoalis to deviseasystenthatcanreactto
transientthangesn workload,while the queuingtheoreticapproactattemptgo sched-
ule requestdasedon the steady-statevorkload.A model-basedesourceprovisioning
schemehasbeenproposedecently[16] thatperformsresourceallocationbasecbn the



performancanodelingof the sener. This effort is similar to our approactof modeling
theresourcdo relatethe QoSmetricsandresourceshares.

Othertechniquedor dynamicresourceallocationhave also beenproposedn [5,
12]. Our work differs from thesetechniquesn somesigni cant ways.First of all, we
de ne an explicit modelto derive the relation betweenthe QoS metric and resource
requirementswhile a linear relation hasbeenassumedn theseapproachesThe ap-
proachin [5] usesa modi ed schedulingschemeo achieze dynamicresourcealloca-
tion, while our schemechiezesthe samegoalwith existing schedulersisinghigh-level
parameterizationThe approachdescribedn [12] usesan economicmodelsimilar to
our utility-basedapproachThis approactemplays a greedyalgorithmcoupledwith a
linearsystemmodelfor resourcellocation while we employ anon-linearoptimization
approactcoupledwith a non-linearqueuingmodelfor resourceallocation.

Predictiontechniquefiave beenproposedhatincorporatdime-of-dayeffectsalong
with time-seriesanalysismodelsinto their prediction[20, 33]. While thesetechniques
work well for online predictionat coarseime-granularitie®f severalminutesto hours,
the goalof our predictiontechniquess to predictworkloadsat shorttime granularities
of uptoafew minutesandto respondjuickly to transientoverloads.

Two recentefforts have focusedon workload-drizen allocationin dedicateddata
centerd17,31]. In theseefforts, eachapplicationis assumedo run on somenumberof
dedicatedsenersandthegoalis to dynamicallyallocateanddeallocatgentire)seners
to applicationgto handleworkload uctuations. Theseefforts focuson issuessuchas
how mary senersto allocateto an application,and how to migrateapplicationsand
data,andthusarecomplementaryo our presentvork on shaeddatacenters.

6 Conclusions

In this paper we amguedthat dynamicresourceallocationtechniquesare necessarnn
the presenceof dynamicallyvarying workloadsto provide guaranteeso web appli-
cationsrunning on shareddatacenters.To addresghis issue,we useda systemar
chitecturethat combinesonline measurementwith predictionandresourceallocation
techniquesTo capturethetransienbehaior of theapplicationworkloadswe modeled
a sener resourceusing a time-domaindescriptionof a generalizedprocessosharing
(GPS)sener. The parametersf this modelwerecontinuouslyupdatedusinganonline
monitoringand predictionframevork. This framewvork usedtime seriesanalysistech-
niguesto predict expectedworkload parametergrom measuredsystemmetrics. We
thenemployeda constrainedon-linearoptimizationtechniqueto dynamicallyallocate
the senerresourcedasedn the estimatedapplicationrequirementsThe mainadwan-
tageof our techniquess thatthey capturethe transientoehaior of applicationswhile
incorporatingnonlinearityin the systemmodel.We evaluatedourtechniquesisingsim-
ulationswith syntheticaswell asreal-world web workloads.Our resultsshaved that
thesetechniqueanjudiciously allocatesystemresourcesespeciallyundertransient
overloadconditions.

In future,we planto evaluatetheaccurag-ef ciency tradeof of usingmoresophis-
ticatedtime seriesanalysismodelsfor prediction.In addition,we planto investicate
theutility of ouradaptatiotechniquegor systemsmploying othertypesof schedulers



(e.g.,non-GPSschedulersuchasreseration-based)We would alsolike to explore
optimizationtechniquesusingdifferentutility functionsand QoSgoals.We alsoplan
to evaluatethesetechniqueswith differentkinds of workloadsandtraces Finally, we
intendto compareour allocationtechniqueswith otherdynamicallocationtechniques
to evaluatetheir relative effectiveness.
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