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Abstract

We propose, implementand evaluate three admission
modelsfor computationalGrids. Themodelstake the ex-
pecteddemandinto accountand offer a speci�c perfor-
manceguarantee. Themain issueaddressedis how users
andprovidersshouldmakethetradeoff betweena besteffort
(low guarantee)spotmarket and an admissioncontrolled
(high guarantee)reservationmarket. Using a realistically
modeledhigh performancecomputingworkloadandutility
modelsof userpreferences,we run experimentshighlight-
ing the conditionsunder which different markets and ad-
missionmodelsareef�cient. Theexperimentalresultsshow
that providerscanmake large ef�ciency gainsif theadmis-
sionmodelis chosendynamicallybasedonthecurrentload,
likewiseweshowthatusershaveanopportunityto optimize
their job performanceby carefully picking theright market
basedon thestateof thesystem,and thecharacteristicsof
theapplicationto berun. Finally, weprovidesimplefunc-
tional expressionsthat canguidebothusers andproviders
whenmakingdecisionsaboutguaranteelevelsto requestor
offer.

1. Intr oduction

In large-scale shared systems, such as cross-
organizationalGrids, the best-effort provisioning model
hasdominatedbecauseof its scalability, high utilization,
andhigh availability. Elasticapplicationsthat cantolerate
variability in performancethrive in this model. Examples
includebatch-processingapplicationslikedatamining,and
data warehousing. Other, inelastic applicationsrequire
morestringentquality-of-service(QoS)assurancesfor their

users. Examplesof theseare interactive applicationslike
web applications,and mediaservers. Theseapplications
requirean admissioncontrol mechanismto prevent high
load from violating QoSassurances.However, admission
control reducesscalability, reliability, and utilization and
introducestherisk of beingrejectedadmittance.

The key differencebetweenbest-effort and admission
control is that best-effort imposesmorecosts(in the elas-
ticity requirement)on applicationswhereasadmissioncon-
trol imposesmore costs(in scalability, reliability, utiliza-
tion, andrejections)on the systemprovider. Nonetheless,
for many applications,the cost to implementelasticity is
high. As a result, maximizing systemef�ciency requires
bothmodels,but alsoincentivesfor applicationsto usethe
best-effort model.Economicsystems(e.g.,[12], [27], [23],
[8], [18]) usepaymentas the incentive. This encourages
applicationsthatcanimplementelasticityto usebest-effort
while alsoaccommodatingthosethat cannot. In addition,
admissioncontrol in a pricedsystemprovidesan opportu-
nity for theprovider to do pricediscriminationandthereby
sustainits pro�tability .

We examine such a hybrid system (based on the
Tycoon[18] market-basedresourceallocator)in this paper.
Having two resourcemodelsin a systemintroducesseveral
questions:

What service model should an application use?Most
applicationsareneitherpurely elasticnor purely inelastic.
Instead,a typicalapplicationhasaspeci�c tolerancefor de-
lay. How easily the systemcan meetdelay requirements
variesover time asthesystemloadchanges.Moreover, an
applicationmustbalanceits delay tolerancewith its will-
ingnessto pay for performanceandthe currentcostof re-
sources,which constantlychangesin a market-basedsys-
tem.



How much of a resourceshoulda serviceprovider al-
locate to eachmodel? Thegoalof theserviceprovider is
to maximizeits pro�ts. It doesthisby packagingits limited
resourcesin a ratio of best-effort andadmissioncontrol at
pricesthat aredesirableto applications.The ratio andthe
priceschangeover time asapplicationscomeandgo. The
provider mustalsoincreasethe price of admissioncontrol
resourcesto includetheexpectedopportunitycostof future
rejectedadmissions.

Previousstudiesof admissioncontrolhave beenin non-
economicsystems,beentied to a speci�c schedulingdis-
cipline, and focusedon simulationsdriven by simpli�ed
distributional models. Instead,we focuson the admission
controlproblemin aneconomicsystemandourwork is in-
dependentof scheduling.Moreover, we constructanduse
workload modelsderived from a HPC productioncluster
andwe evaluateanadmissioncontrolbroker in a live com-
putationalmarket cluster, usingall the componentsof the
productionsystem.

Our key contribution is a setof admissioncontrolmod-
els basedon statisticalpropertiesof the demand.Admis-
sion decisionsrely both on expectedrisk of future rejec-
tions, andexisting commitments.The risk estimatoruses
recentpricehistoryto calculatea statisticalbound(Cheby-
chev upperbound)on the likelihoodof a certaindeviation
from the averagedemand. The price for a reservation is
thusfully dynamicandcorrelatedwith the demand,while
inelasticapplicationsstill obtainhighguarantees.

In our experiments,we measureeconomicef�ciency,
which is theratio of theutility obtainedto theoptimalutil-
ity (with a theoreticaladmissionmodelthathasfull knowl-
edgeof futurejobs). We show thattheeconomicef�ciency
of a systemthat only providesbest-effort is 80 per centat
low load, but only 55 per cent at high load. In the high
load scenario,inelasticapplicationshave only 35 per cent
ef�ciency, while elasticapplicationshave 90 per centef�-
ciency. In contrast,anadmissioncontrolmodelofferingab-
soluteguaranteesis 75 percentef�cient, regardlessof load
andapplicationelasticity. Hence,providershave anincen-
tive to chooseandpartition theadmissionmodelbasedon
resourcecontention,andusershave anincentive to pick an
admissionmodelthat �ts their job preferences.Theresults
presentedin thispaperaidboththeproviderandtheuserin
makingthesedecisionsdynamically.

The restof the paperis structuredas follows. In Sec-
tion 2 we describethe workloadmodelusedin the exper-
iments. The admissionmodelsarepresentedin Section3.
Section4 discussestheexperiments,Section5 analyzesthe
experimentresults,Section6 comparesour approachto re-
lated research,and �nally Section7 provides concluding
remarks.

2. Workload Model

The goal of the workloadmodel is twofold. It should
be representative of workloadsobserved in a sharedclus-
ter productionsystem,andit shouldenableef�cient study
of parameterspacesin our system. All jobs areallocated
andconsumerealsystemresourcesin a full deploymentof
a computationalmarket. Therefore,theworkloadsmustbe
shortenoughto make the resultseasilyreproduciblewhile
capturingasmuchof thestatisticaltraitsof theoriginaltrace
aspossible.Puresimulations1 areeasierto evaluatestatis-
tically, but our maincontribution in this work is theevalua-
tion of a real,distributeddeployment.

Insteadof usingover-simpli�ed assumptionsandgener-
alizingbehavior acrossdifferentclustersandsites,wechose
to captureindividual tracesin moreprecisemodels. Here
wepresenttheresultsfrom usingtheSDSC(SanDiegoSu-
percomputerCenter)Blue Horizonclustertracefrom April
2000to January2003,containing223402jobs[11].

Distributional models for job inter-arrival time (IAT),
runtime(RUN), andnumberof CPUsusedper job (CPU)
were constructeddirectly from the trace. The techniques
usedto modeldistributionsareverygenericandcanbeap-
plied to a wide rangeof workloadtraces.We choseto fo-
cussolely on the SDSCtracefor threereasons.First, the
traceis the longestone available from the parallel work-
loadsarchive, and thusgivesus the beststatisticalstabil-
ity. Second,our main interestis in studyingtheparameter
spaceof different admissionpolicies undervarying load,
andhenceutilizing a singleworkloadmodelsimpli�es the
matrix of con�gurationsto beinvestigated.Third, thetrace
showcasescharacteristicsthathave beenobservedin many
otherHPCtraces[11].

To synthesizeworkloadswith thesamestatisticalproper-
tiesastheoriginaltrace,weconstructafunctionalrepresen-
tationof theinverseof thecumulativedistribution function
(CDF), sometimescalledthe percentpoint function (PPF)
or the quantilefunction. Many distributions, suchas the
Normalor Gaussiandistributiondonothavesimpleanalyti-
cal representationsof thePPF, whichalsoeffectsourchoice
of model. To generatethedesiredworkloadthePPFis ap-
plied to a seriesof uniformly distributedrandomvariables
in theinterval (0; 1).
Inter -Arri val Time. The inter-arrival times were found
to follow two differentregimes. This bimodality wasalso
foundby just studyingthe last1=10 of the traceaswell as
in parallelarchiveworkloadtracesfrom KTH andOSC,not
presentedhere. Thepatternfoundwasthat jobssubmitted
within about10secondsof eachotherwereoverrepresented
andfollowed a separatedistribution comparedto all other
jobs. Standarddistributional modelsdo not handlemulti-
modalityandwethereforehadto representthis distribution

1see [25] for asimilar simulation-basedevaluation



with a mixturemodel.Eachdistribution in themixturewas
�t to thedatausingastandardmaximum-likelihoodestima-
tion (MLE) algorithm. Theresultingmodel,which we call
hyperlog-weibull (HypWeib), is representedasfollows:

Z = �X + (1 � � )eY (1)

where Z is the random variable of the IAT dis-
tribution, and � was found to be 0:29. Fur-
thermore, if X � W eibull (16:1489; 1:3462) and
Y � W eibull (5:93123; 4:95969) thenZ � H ypWeib.
TheWeibull CDFis easyto invertarithmeticallyinto aPPF,
andthereforeourHypWeibdistribution is alsoeasilyrepre-
sentableasaPPF, whichcanbeusedto generateasynthetic
IAT workload.
Runtime. Theruntimedatawasalsofoundto bebimodal.
Jobswith runtimeslessthan30 secondsfolloweda differ-
entdistribution thantherest. Sincethesejobsareunlikely
to have producedany usefulwork andconstitutelessthan
7 percentof thedata,we donot representthemin our run-
time model. No standarddistribution was found with the
maximum-likelihoodalgorithmthat approximatedthe em-
pirical CDF satisfactorily, thereforewe useda polynomial
linear least-squares�t of the CDF. To simplify the arith-
meticinversioninto a PPFwe useda 2nd orderpolynomial
asfollows:

CDF (x) = � 0:0125x2 + 0:3018x � 0:8184: (2)

Wecall this �t thePolyLin distributionin thediscussionbe-
low.
Job Size. From the densityfunction of numberof CPUs
perjob (CPU)it wasapparentthatvalueswith base2 were
overrepresented.Only about1 percentof the jobsdid not
follow this pattern.We thereforeneglect thesejobs in our
modelfor simplicity. Again thelog base2 transformedval-
uesdonot follow a standardCDF well, but sinceit is a dis-
cretevariableandthenumberof differentvalueswith more
than3 percentdensityareonly six, thedistribution which
we call Binary Bin (BinBin) canbe easilyandaccurately
representedasa histogramasfollows:

Z = 2X +2 (3)

where Z is the random variable in the CPU distribu-
tion, X is distributed as the histogramdensity function
p(x i ) = vi , where x is the vector f 1::6g and v is the
vectorf 0:508; 0:144; 0:126; 0:137; 0:048; 0:035g. Alterna-
tively, this declinein binaryexponentscanbemodeledasa
Zipf(1.4), with a slightly worse�t but with oneinsteadof
six parameters.
Model Evaluation. To obtain quantitative statisticsfor
how well the models�t the datawe utilize the Two-sided
Kolmogorov-Smirnov (KS) test. A bootstraptechnique[9]
is usedto mimic theexperimentsetupof small representa-
tive sampleruns. We draw 100 randomsamplesfrom the

empiricalandour synthesizedworkloads,beforecompari-
son. For eachpair of sampleswe calculatethe KS value
(maxabsolutedifferencebetweenCDFs),andtestthenull
hypothesisthat the two samplesaredrawn from the same
distribution at a 5 per cent signi�cance level. We then
recordthesuccess-rate,wherethenull hypothesiscouldnot
berejected,andtheaverageKS valuesfor thesampletests
aswell asa KS testperformedon theentiredatasets.As a
benchmarkwe alsoperformthehypothesisteston thetrace
with itself. It is commonlyassumedthat the job submis-
sionsfollow aPoissonprocess(submissionsarespreaduni-
formly andindependentlyover sometime interval), which
resultsin theIAT beingexponentiallydistributed.As anad-
ditional comparisonwe thereforealsomodelthe IAT with
an MLE �tted Exponential(Exp) distribution with mean
378:648. Similarly power-law distributionshave beenob-
servedfor processruntimessowealso�t theruntimedatato
aPareto(Par)distributionwith locationparameter1:77332,
scaleparameter213:171 andthresholdparameter0, again
obtainedusingMLE. Table1 summarizesthegoodness-of-
�t results.Fromtheseresultswecanconcludethatourthree
models,HypWeib, PolyLin, andBinBin, all provide accu-
rate�ts to theSDSCtracedata.TheKS testclearlyrejects
theExpmodelasa goodrepresentationof theIAT distribu-
tion. Furthermore,we calculatethecoef�cient of variance
(CV = � =� ) of the IAT datato be 3:86, which alsorules
outa Poissonprocess,whichhasanexpectedCV of 1. The
Par modelis a good�t to theruntimedata,but not asgood
asthePolyLin �t. PolyLin providesaslightly worse�t than
HypWeibandBinBin mostlikely dueto thefactthatwe ig-
nored7 percentof theshortestrunningjobs for simplicity
reasons.To summarize,whentaking 1000samples(with
replacement)of 100valueseachfrom thesynthesizeddis-
tribution we canget representativevalues,accordingto the
KS statisticat a 5 percentsigni�cancelevel, in 87 percent
of thesamplesor morefor all of ourmodels.
Job Value. No informationaboutuser-speci�ed job valua-
tions areavailablein the tracethat we study. Therefore,a
setof standarddistribution modelsareused. Threedistri-
butions,equalimportance(Equal),normal(Norm), pareto
power-law (Pareto)aremodeled.Equal importancedistri-
butionsoccurwhenall jobsandall usershavethesameim-
portance.This modelis exempli�ed in the PlanetLabnet-
work. A normaldistribution is themostcommonassump-
tion asit canrepresentall populationsproducedby aggre-
gating individually independentrandomvariableswith �-
nitemeanandvariance,in accordancewith thecentrallimit
theorem.Finally, theParetodistributionwasoriginally used
to modelthedistributionof incomes,andsimilarpower-law
relationshipshavebeenobservedin variouslarge-scalenet-
work metrics,suchaspopularityof websites.
Corr elations. Supercomputerjobs are known to exhibit
long-term correlations(or long memory) over time that



Table 1. Goodness-of-�tResultsusingKolmogorov-Smirnov testsagainsttheTracedata.
KS Data1 KS Data2 KS success-rate KS completedata KS samplemean
TraceIAT TraceIAT 0:948 0 0:1161
HypWeib TraceIAT 0:897 0:0557 0:1337

Exp TraceIAT 0:034 0:2406 0:2901
TraceRUN TraceRUN 0:944 0 0:1174

PolyLin TraceRUN 0:869 0:0718 0:1371
Par TraceRUN 0:818 0:1075 0:1565

TraceCPU TraceCPU 0:989 0 0:0861
BinBin TraceCPU 0:982 0:0165 0:0880

Zipf TraceCPU 0:974 0:0644 0:1040

couldleadto periodsof anomalouslyhighload[16]. A met-
ric often usedto quantify the correlationis the Hurst [13]
and Mandelbrot[20] R/S statisticor Hurst exponent. A
memorylessprocess(such as white noise) would have a
Hurst exponentof 0:5 whereasprocessesexhibiting long
memorywould have exponentscloseto 1. Exponentsless
than0:5 indicateanti-correlation, i.e. a pasttrendis likely
to be reversed. We measureda Hurst exponentof 0:735
for the IAT seriesin the SDSCdata, indicatingmoderate
long termcorrelations,which correspondswell to previous
work [16]. To adequatelyrepresenta givenHurstexponent
in synthesizeddata,avery largenumberof datapointsneed
to be generated,which makesit impracticalfor our exper-
iments. Insteadwe run our experimentsundera coupleof
differentloadandIAT con�gurationsto representbothreg-
ular operationperiodsandhigh load periods. We alsoran
someexperimentswhereweinducedshort-termtimecorre-
lationsin the IAT valueserieswith a simplesort andper-
mutealgorithm,andfoundthat theresultswerelargely the
same,with theexceptionthata purelystatisticaladmission
model performedslightly better, asexpected. We further
note that no signi�cant cross-correlationswere found be-
tweentheinter-arrival time,runtimeandjob sizeproperties.
Due to spacelimitations andthecomplexity of a thorough
treatment,the correlationissueis left out-of scopeandas
thefocusof futurework.

3. Admission Models

In this section three different admissionmodels are
described,best effort (BE), statistical admissioncontrol
(SAC), andcapacityadmissioncontrol (CAC). All of these
modelstake a contractrequestand produceeither an ac-
ceptedor a rejectedcontract.Thecontractrequesthastwo
parts,servicelevelrequirementsandresourcerequirements.
The servicelevel requirementscontainthe budgeta con-
sumeris willing to pay for the resources,as well as to-
tal numberof work units (CPU cycles in our experiment)
neededper node,parallelism(numberof nodes),deadline
andtype of contract(BE, SAC or CAC). The resourcere-

quirementsspecifydetailedminandmaxboundpreferences
for resourcessuchasCPU,memory, disk, andbandwidth.
The resourcerequirementsare enforcedand continuously
evaluatedby themarket-basedresourceallocator(Tycoon's
Xenvirtualizationlayer),andtheservicelevel requirements
areenforcedatsubmissiontimeandevaluatedatcompletion
timeby theadmissionmodelimplementation.An approved
contractcontainsa list of nodesselectedto run the job and
their individual fundinglevels.
Best Effort. In the besteffort model the contractis only
rejectedif the currentspotmarket price is too high to get
theresourcesspeci�ed in theresourcerequirementspartof
thecontract.Theservicelevel part is only usedto validate
the contracta posteriori. Existing jobs canbe preempted
by new arrivals that pay more. Note that preemptionhere
refersto performanceor resourcesharedegradationonly,
not necessarilythat the preemptedjob is stopped.The re-
sourceshareobtainedis:

q =
b

b+ c
(4)

wherebis thespendingrate(e.g.$/s)derivedfrom thebud-
get and the deadline,andc is the currentcostor price of
the resourcede�ned as: c =

P
i bi wherebi is thecurrent

spendingrateof consumeri .
Statistical AdmissionControl. In thestatisticaladmission
control model the contractis rejectedif the budgetis less
than an estimatedfuture percentileof the price, or if the
current spot market price is too high to get the required
resources.Existing jobs canbe preempted.The resource
shareobtainedwith this model will not drop below qmin

with a statisticalguaranteeg where

qmin =
b

b+ F � 1(g)
(5)

and F � 1(g) is an estimateof the inverseof the cumula-
tivepricedistributionfunctionfor aguaranteein theinterval
(0::1). As anapproximationof F � 1 we usetheChebychev
boundfor agivenmeanandstandarddeviationof theprice.
Moredetailson this techniquecanbefoundin [24].



Capacity Admission Control. The capacityadmission
controlmodelperformsthesamestatisticalcheckasin the
SAC modelto ensurethataminimumpricewhich is higher
thanthespotmarket price is paid for a capacitycontrolled
contract. If the statisticalcheck succeeds,an additional
checkis madeto ensurethat no currentlyactive contracts
areviolated. A contractviolation is detectedby checking
theresourcesharesobtainedfor all runningjobsif thenew
job wereto be admitted. If the shareis below what is re-
quired to processthe total numberof work units for any
job, the contractof that job is violated. Existing jobs can
thus not be preemptedin this model. The admissiontest
(which mustbe true for a contractrequestto be accepted)
is:

8s 2 S :
nX

h

bh (s)
bh (s) + bh (r ) + c

� qs (6)

whereS is thesetof all existing contractsincludingthere-
questedcontract,n is thenumberof hosts,bh (s) is thebid
on host h in contracts, bh (r ) is the bid on host h in the
requestedcontractr , andqs is the minimum performance
sharepromisedin contracts. Enforcementmay be done
on a hostby hostbasisor acrossall hostsin the contract.
Wechosethelatterin ourexperimentsto allow hostswith a
higherthanpromisedperformancetocompensatefor slower
hostsin the samecontract,andtherebycausefewer rejec-
tions.

4. Experiments

4.1. Con�guration and Setup

Eachjob runs a CPU intensive benchmarkapplication
until theruntimehasexpiredor thejob hascompleted.Each
usergetsa budgetof $100to split amongits jobs,accord-
ing to relativevalue,runtime,andsize(CPUs).After thejob
has�nished werecordthenumberof work unitscompleted,
which is directly proportionalto total numberof CPU cy-
clesconsumed.The SAC andCAC admissioncontrollers
both usethe 60 per centChebychev boundasprice rejec-
tion threshold(userswho arenot willing to pay moreare
rejected).

A work plan generatedusing the workload model de-
scribedin Section2 servesasinput to eachexperimentrun.
The work plan containsparametersfor eachjob to be run
including: job id, IAT, runtime,CPUs,value,model,and
userid. The modelparameteris besteffort (BE), statisti-
cal admissioncontrol(SAC), or capacityadmissioncontrol
(CAC).

An experimentrun comprisesa 2 hour traceof 50 jobs
executedon a market-basedcluster of 15 hosts and 30
CPUs. 10 userssubmit5 jobs eachwith 4-10 CPUs/job,
2-16minruntime/job,and30s-8minIAT/job. An identical

traceis runwith theBE, SAC, andCAC admissionmodels.
In orderto makestatisticalclaimsaboutdifferencesamong
theadmissionpolicies,eachexperimentrunis repeatedwith
� verandomtracesgeneratedwith thesameworkloadmodel
con�guration. Therationalebehindthis setupis to capture
both aleatory(randomnesswithin a distributional model)
andepistemic(variationsdueto externalfactors,in ourcase
livesystembehavior notcapturedin ourmodel)uncertainty
commonin risk modeling[21].

Theresultsfrom � ve differentworkloadmodelcon�gu-
rationsarepresentedbelow: Paretojob valuedistribution
under low load, Pareto job value distribution underhigh
load, equaljob valuesunderhigh load, Normal job value
distribution underhigh load, and �nally a randomadmis-
sionbenchmarkcon�gurationunderhighload.A singlerun
of all theexperimentsincludingepistemicrepetitions,thus
took about150hours(6 daysand6 hours),which explains
why we limited therepetitionsto � ve.

The different load levels were obtainedby generating
traceswith minimum/meanIAT 90=153:66, and30=92:36
secondsfor low, andhigh load respectively. The load lev-
elsweresetto resultin moderateandextensive contention
for resources.As themoderatecontentionworkloadis less
sensitive to the job characteristicsin generaland the job
valuationin particular, we only presenttheresultsfrom the
Paretodistributionunderlow loadhere.

4.2. Metrics

We aremainly interestedin theeconomicef�ciency and
fairnessof thesystem,but somebasicpropertiesof thead-
missioncontrollermustbemet. In particularanadmission
controllerwhichrejectstoomany requestswill causeunder-
utilization of resources.Similarly, an admissioncontroller
thatdoesnot decreasethenumberof contractviolationsis
of little value.Wethereforecomparecontractviolations,re-
sourceutilization andcontractrejectionsassystemmetrics
independentof theeconomicmetrics.
Violations. Thismetricmeasurestheratiobetweenthejobs
thathave beenadmittedto thosethatmeettheir deadlines.
Violations = j s

j a
, wherej s is the numberof jobs that suc-

cessfullymeettheir deadlines,andj a is thenumberof jobs
thatareadmitted.
Utilization. Utilization is calculatedas the averagework
unitsprocessedpersecond,comparedto atheoreticalmaxi-
mumutilizationif noresourceswereidle atany pointduring
theexperimentrun. Utilization = w

w � , wherew is thenum-
ber of work units completedin the experiment,andw� is
thetheoreticalmaximum.
RejectionsTherejectionmetricis calculatedastheratioof
jobs in the experimentto jobs beingrejectedat admission
time. Rejections= j r

j t
, wherej r is thenumberof jobsbe-

ing rejected,andj t is thetotalnumberof jobs.



DemandCorr elation. As a measureof globalfairness,we
considerthecorrelationof thedemandandtheprice,seenas
costby theuserandpro�t by theprovider. Becausethebest
effort modeldoesnot rejectjobsatadmissiontimewith our
experimentalworkloads,it is usedasasan approximation
for demand.DemandCorrelation = � X ;Y , where� X ;Y is
thePearsoncorrelationcoef�cient of the randomvariables
X andY, X is thetimeseriesof 5minaveragesof theprice
in the besteffort run, andY is the correspondingtime se-
riesof theadmissionmechanismbeingmeasured(SAC, or
CAC).
Ef�ciency . As anaid to measuringeconomicef�ciency, the
utility function quanti�es the payoff a usergetsfrom run-
ning a job. The �rst part of the utility function represents
userswhodonotgetany payoff unlessthejob is fully com-
pleted.We call this theinelasticutility.

Ui (wd; p;v) =

(
v � p if wd � w

� p if wd < w
(7)

where,wd is theamountof work completedat thedeadline,
p is thepricepaidfor runningthe job, v is thevaluationof
the job (money bid on job), and w is the work requested
in the performancecontract. The secondpart of the util-
ity functionrepresentsuserswhogetanincrementalpayoff
basedon how muchwork they completed.We call this the
elasticutility.

Ue(wd; p;v) = min (wd=w; 1)v � p (8)

A weightedlinear combinationof (7) and (8) is then the
�nal utility function

U = �U i + (1 � � )Ue (9)

Taking the sum of all utilities acrossall jobs, j , givesus
a metricof thesocialwelfare, which comparedto theopti-
malutility (with off-line knowledge)canbeseenastheeco-
nomicef�ciency of thesystem.Ef�ciency = 1

J

P J
j

U ( j )
U � ( j ) ,

whereU � is a theoreticaloptimal utility obtainedfrom an
off-line admissioncontrolstrategy with no chargesapplied
to (9). More elaborateutility functionscould have been
used,suchastime-decayingutility, or any otherquasi-linear
utility transformation.We did run someexperimentswith
time-decayingutility aswell but found that it complicated
the modelwithout providing additionalqualitative results.
Our main point is to show the differencebetweenelastic
andinelasticapplicationswith differentmarketmodels,and
we found the above functionsto capturethis aspectin the
simplestandmostaccurateway.

To determinethereliability of the results,we performa
statisticaltestbasedonthemeanandthestandarddeviation
of the metrics. Sinceonly 5 repetitions(experimentsam-
ples)canbe usedbecauseof time constraintsthe standard

z-test(e.g[� � 1:96� ; � + 1:96� ] asthe5 percentsigni�-
cancecon�dencebound)cannotbeperformedandwe have
to resortto thepairwiset-studenttestwith sampledstandard
deviation.

4.3. Results

All thegraphspresentedin thissectionshow theaverage
acrossthe� veexperimentrepetitions,with onestandardde-
viation markedwith errorbars.Non-overlappingerrorbars
thusgivea visualindicationof asigni�cant result.
SystemMetrics. Figure1 showsthattheBE modelviolates
a large portion of the contractsas a result of heavy load.
SAC addressesthis problembut still causesa sizeablepor-
tion of violations,whereasCAC hasvirtually no violations
(asmallportionof violationsmaystill occurbecauseof our
choiceto basetheadmissiontestontheoverallperformance
of a job asopposedto ona pernodebasis).TheParetoand
Normal valuedistributionscausemoreviolationsfor both
BE andSAC comparedto whenall jobsarevaluedequally.
CAC ontheotherhandis lesssensitiveto valuedistribution.
Contrastingthis resultwith Figure1(b), we cannotseeany
clear evidencethat the utilization is signi�cantly effected
neitherby thevaluedistributions,the load,nor the admis-
sion model used. However, the variation in utilization is
higherwith aParetovaluedistributionunderhigh loadthan
with otherexperimentsetups.Further, the rejectionratios
in Figure1(c)cannotfully explainthesigni�cant difference
in contractviolations.For example,in thehigh-loadPareto
valuedistribution experiment37 per centof the jobs were
rejectedwith CAC, comparedto nonefor BE, but 61 per
centof thecontractswereviolatedwith BE, comparedto 1
percentwith CAC. It is alsoimportantto pointout thatboth
CAC andSAC rejectfewercontractsunderlow load,which
provesthattheadmissiondecisionsadaptto thecurrentde-
mand.

A quantitative summaryof the signi�canceof thesere-
sultsis presentedin Table2. It shows a pairwiset-student
test at a 5 per cent signi�cant level, and four degreesof
freedom(critical t-value2:1318) with the null hypothesis
that the meanvalueof the metrics(violationsandutiliza-
tion) are the same. A rejectionof the null hypothesis(a
signi�cant differenceexists)is markedin bold.

Basedon theseresultsthemain conclusionis thatSAC
andCAC improvedcontractful�llment signi�cantly with-
out causingsigni�cant underutilization.
Economic Metrics. Turning to the economicmetricsof
fairnessandef�ciency, we canseein Figure1(d) that the
demandcorrelationcoef�cient is high for boththeSAC and
CAC models(about0:6 � 0:8 for all experiments).This re-
sult indicatesthat theadmissioncontrolmodelsarenot bi-
asedtowardstheconsumernor theprovider, in theirpricing
structure,andcanthusbeconsideredglobally fair. Theef�-



ciency graphsin Figure2 show thesensitivity to theelastic
versusinelasticutility models. Typically a consumerwith
a completelyinelastic (� = 1) utility would choosethe
CAC or possiblythe SAC model. We seethat the admis-
sion modelsshowed no signi�cant differencein ef�ciency
underlow load.However, whenthereis highcontentionfor
theresourcesandthereis highvariability in thevaluationof
jobs(Paretoor Norm),theBE modelef�ciency deteriorates
signi�cantly with an increasingportion of inelasticutility.
SAC doesnot suffer asmuch from ef�ciency lossasBE,
but it hasthesamedecreasingtrend,whereasCAC is com-
pletelyindependentof theutility modelchosen(As seenby
thestraightlinesin thegraphs).We furthernotethattheef-
�ciency of theSAC andBE modelsdonotdeclineasmuch
whenall jobshaveequalvalue,comparedto whenthey have
Paretoor Normalvaluedistributions.

Theutility functionusedto calculateef�ciency bene�ts
high-valuedjobswith low cost.ComparingFigure2(a)with
Figure2(b),wecanseethattheCAC modelandto someex-
tentalsotheSAC modelmaintaineda high level of service
for high-valuedjobswhenthesystemwentfrom low to high
resourcecontention,atypical trait of agoodadmissioncon-
trol model.

As previously mentioned,lower utilization and fewer
contractviolationsmay be explainedasan inherentresult
of more rejections,as opposedto a featureof the admis-
sioncontrolmodel.To studyto whatextentthebehavior of
theSAC andCAC modelscanbeexplainedby this inherent
effect, we modify the SAC model to just randomlyreject
asmany requestsasin the Paretohigh-loadCAC scenario
(about37 per cent). If we �rst comparethe CAC model
to therandomadmissioncontrolmodel(RAC) in Figure3,
we seethat thecontractviolationsareconsiderablyhigher
with the randommodelalthoughthe numberof rejections
arethe same.This shows that the CAC modelmakesbet-
ter decisionsregardingwhich jobsto reject.Theutilization
andthe demandcorrelation(market fairness)arehowever
similar. Looking at the ef�ciency it is clear that the ran-
dommodel,which doesnot considerthevaluationof jobs,
performsworseboththantheoriginalSAC implementation
andCAC, for bothelasticandinelasticjobs. We thuscon-
cludethattheinherenteffectof rejectionscannotexplainthe
contractviolation or ef�ciency propertiesof theadmission
controlmodelsthatwe have implemented. We notethat
it is customaryto investigateequilibriaof thesystemwhen
makingclaimsaboutef�ciency in economics.In anexper-
imentwhich mimics realusage,with randomlycon�gured
batchjobsenteringandleaving thesystemcontinuously, it
is veryhardto observeandreproducesuchstablestates.As
an alternative we derivedour claimsfrom statisticallysta-
ble statesusingtechniquessuchasthet-studenttest. In the
following sectionwe will complementthestatisticalveri�-
cationwith ananalyticalveri�cation of theresults.
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Figure 1. Violations, Utilization, Rejections and
Demand Correlation with different Value Distributions
(Pareto/Equal/Normal)andLoad(High/Low)
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Figure 2. Ef�ciency with different Value Distributions
andLoad

Table 2. T-studenttest(t-values)of mean-valuedifference
for contractviolations and utilization. Signi�cant differ-
ences(at a 5% level) aremarked in bold. Positive values
indicatethatthemeanof the�rst seriescomparedis higher.

BE/SAC Par(L) Par(H) Equal Norm
Violations 2:48 2:08 2:82 3:94
Utilization 4:52 1:67 2:06 1:79
BE/CAC Par(L) Par(H) Equal Norm
Violations 2:99 4:90 4:39 7:09
Utilization 6:30 2:05 3:33 3:74
SAC/CAC Par(L) Par(H) Equal Norm
Violations 1:71 3:25 2:20 5:91
Utilization 2:35 0:72 1:89 2:60
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Figure 3. RandomAdmissionControlcomparedto Best
Effort andCapacityAdmissionControl

5. ResultsAnalysis

First,weexplainthedifferencein ef�ciency betweenad-
missioncontrolandbesteffort with inelasticutility analyti-
cally. Let pw 2 [0; 1]; pa 2 [0; 1]; betheprobabilityof ful-
�lling the contract,andthe probability of admittinga job,
respectively. Using the inelasticutility function in (7) we
obtainU = pa(pw (v � c) � (1 � pw )c). We now study
two cases,Ub whereall requestsareadmittedat theexpense
of somenot ful�lling their contracts(e.g. besteffort), i.e.
pa = 1, andUg whereall jobs ful�ll their contractat the
expenseof somebeing rejected(e.g. capacityadmission
control), i.e. pw = 1. Now by comparing

U(pa = 1) = Ub = pw (v� c) � c(1� pw ) = pw v� c (10)

and
U(pw = 1) = Ug = pa(v � c) (11)

weget

Ug > Ub , pav � pac � pw v + c > 0 (12)

Settingq = c=vwehave

Ug > Ub , pa >
pw � q
(1 � q)

: (13)

Usingtheexperimentalvaluesof therunsfrom Figure2 we
for instancehave for
(a):

0:80 <
0:90� 0:10

1 � 0:10
� 0:89 ) Ub > Ug (14)

(b):

0:63 >
0:39� 0:14

1 � 0:14
� 0:29 ) Ug > Ub (15)

(c):

0:71 >
0:56� 0:12

1 � 0:12
= 0:5 ) Ug > Ub (16)

and(d):

0:60 >
0:33� 0:10

1 � 0:10
� 0:26 ) Ug > Ub: (17)

This analytical result explains and mimics the relative
positionsof theCAC andB E curvesin Figure2 verywell
for highvaluesof � (inelasticutility). With asimilar line of
reasoningandsettingpd = wd=w (work completionratio),
wecanshow that

Ug > Ub , pa >
pd � q
(1 � q)

(18)

whenusingtheelasticutility functionin (8).
To summarizethe analyticaland experimentalresults,

poorwork completion(low valuesof pw andpd) andhigh
cost(high valuesof q) contribute to a higheref�ciency of
theadmissioncontrolstrategiescomparedto thebesteffort
strategy if thenumberof rejectionsarekept low (high pa),
whichcorrespondswell to intuition.

Basedon theseresultsa userwith aninelasticjob could
comparethe cost for a resourceon a reservation market
(SAC or CAC) andon a spotmarket (BE) to thevaluation
of the job to getq, andcalculateor estimatethe likelihood
of ful�lling thecontracton thespotmarket (pw ) versusthe
likelihoodof gettingrejectedonthereservationmarket(pa).
The two probabilitiesmay be measuredby the user, made
availableby a 3r d partymonitoringserviceor theprovider
itself. Now if pa > pw � q

(1 � q) submittingthejob to thereserva-
tion market is moreef�cient.

Conversely, basedon historicaldata,theprovider could
map the currentdemand,approximatedby the measured
IAT, to valuesof pa and pw . A provider that would like
to optimizetheef�ciency without any biastowardselastic
or inelasticutility userscouldevaluate:pa > pw + pd� 2q

2(1 � q) . If
it evaluatesto false,theprovidermightwantto increasethe
spot-marketpartitioncomparedto thereservationpartition.
Whetherto useSAC or CAC guaranteeslargely depends
on the level of control the admissionbroker hasover the
resourceallocator, but alsoon the frequency of high con-
tentionperiods(whenCAC tendsto outperformSAC). Fur-
thermore,theprovider couldevaluatehow muchshouldbe
charged(q or c=v) for the capacityadmissioncontrol ser-
vicegivenacertainsystemstate(representedby pw , pa and
pd).

6. RelatedWork

Relatedwork fall into threebroadcategories,eachdis-
cussedin turnbelow, market-basedresourceschedulingand



allocation, IP traf�c engineering,and QoS enabledweb
servers.

ChunandCuller [4] presenta performanceanalysisof
threedifferentschedulingalgorithms,FirstPrice(priorities
paidfor oncentralizedauctionmarket),SJF(shortjobshave
priority), andPrioFIFO(threepriority queueswith different
pricessetstatically)basedon aggregateuserutility. First-
PriceoutperformsbothSJFandPrioFIFOsigni�cantly for
highly parallel jobs. PrioFIFOwassensitive to changesin
demandand deterioratedin performanceif the wait time
in the most expensive queuewas long. Our work differs
from this work in thatour resultsareindependentof which
schedulingalgorithmis used,our workloadis constructed
by carefully modelingreal traces,and our underlyingal-
location mechanismis a continuouslycleareddecentral-
ized spot market auction. Thesedifferencesare also ap-
parentin extensionsof Chun'sandCuller'swork [14, 22, 1]
that study more elaborateschedulingalgorithmsand util-
ity functions that take resourceprice and provider pro�t
into account.Thecombinationof reservationandspotmar-
ket pricing with statisticalguaranteesis novel andsetsthis
work apartfrom othermicroeconomicsystemsthatcontrol
job performancein sharedclustersfor parallel jobs, such
as[27, 26, 29, 6, 28, 15, 5].

Thereis a substantialbodyof work on InternetProtocol
quality-of-serviceenforcementor traf�c engineering,rep-
resentedby the two IETF speci�cationsIntServ [3], and
DiffServ [2]. The IntServspeci�cationtakestheapproach
of reservingpathsfor individual users,and thus doesnot
scaleaswell asthe DiffServ approach,which is basedon
marking individual packets with differentper-hop behav-
iors in a statelessand decentralizedarchitecture. We are
facingthesameissuesandtradeoffs whenallocatingcom-
putationalresourcesacrosslargedistributedsystems.How-
ever, new virtualizationtechnologyandthe fact that many
of the resourcesare localized(e.g. CPU, memory, disk)
makesit worthrevisiting thereservationconcepts.Knightly
andShroff [17] provide an evaluationof the differentad-
missioncontrol algorithmsavailablefor IP traf�c shaping.
Thedilemmaof choosingbetweendenying accessto �o ws
that might have beenserved and therebycauseunderuti-
lizationandservingrequeststhatmight breakexistingQoS
contractsmakesit hardto usecoarsestatisticalboundsand
too simpli�ed assumptionsabouttraf�c �o w distributions.
Putdifferently, bothaccuracy maximizationandrisk mini-
mizationaredesired.Again,ouradmissioncontroldecision
differsfrom theIP �o w one,in thatwecan,throughvirtual-
ization,moredirectlyenforcethatanadmittedrequeststays
within its bounds. Our decisionis thusmoreaboutmak-
ing surethattheproviderdoesnot loseoutonutilization or
pro�t by admittinglow priority tasksprematurely.

Admissioncontrol as a meansto avoid servicedegra-
dationof high priority tasksduringoverloadhasalsobeen

extensively studiedin thecontext of Webservers,asexem-
pli�ed in [10, 7, 19]. Prioritiesof individual requestsare
eithersetexplicitly in the server con�guration or inferred
implicitly by theadmissionalgorithm.Our admissioncon-
troller, ontheotherhand,givesusersanincentiveto specify
the priority truthfully themselves. Anotherkey difference
is that, in a Web server context, the focusis on optimizing
throughputandresponsetimeby applyingqueuingandcon-
trol theory, andestimatingexpectedservicetime. Our sys-
tem doesnot usecentralizedqueuesandthe servicetimes
arenot estimatedbut explicitly requestedby the users,as
they canvary greatly. In general,our approachof enforc-
ing contractsby meansof resourcevirtualizationprovides
much�ner -grainedcontrol over service-levels thanpurely
statisticalloadestimates.

7. Conclusions

Using a statisticallyaccurate,representative andrealis-
tic workload model, we have experimentallyshown how
a simple statisticaladmissioncontrol mechanismcan im-
prove contractful�llment without causingunderutilizition
during timeswith high resourcecontention.Basedon two
intuitiveutility functions,elasticandinelastic,wehavealso
shown that the systemremainsef�cient, i.e. exhibits high
socialwelfareor aggregateutility, even underheavy con-
tention and with variousjob valuationdistributions, such
asEqual,ParetoandNormal. The ef�ciency resultswere
analytically veri�ed and constraintson resourcecost, ad-
missionratio, andcontractviolation ratio werederived to
inform which admissionpolicy is bestfor differentutility
functionsgivenacertainsystemstate.
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