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Abstract

We propose implementand evaluate three admission
modelsfor computationalGrids. The modelstake the ex-
pecteddemandinto accountand offer a speci c perfor
manceguarantee Themainissueaddresseds how uses
andprovidersshouldmalethetradeof betweera besteffort
(low guarantee)spotmarket and an admissioncontolled
(high guarantee)reservationmarket. Using a realistically
modelecdhigh performancecomputingworkloadand utility
modelsof user prefeenceswe run experimentshighlight-
ing the conditionsunder which different markets and ad-
missionmodelsare ef cient. Theexperimentaresultsshow
that providers can male large ef ciency gainsif theadmis-
sionmodelis choserdynamicallybasednthecurrentload,
likewisewe showthat uses havean opportunityto optimize
their job performanceby carefully picking theright market
basedon the stateof the systemand the characteristicsof
the applicationto be run. Finally, we provide simplefunc-
tional expressionghat can guideboth uses and providers
whenmakingdecisionsaboutguaranteelevelsto requesbr
offer.

1. Intr oduction

In large-scale shared systems, such as cross-
organizationalGrids, the best-efort provisioning model
hasdominatedbecauseof its scalability high utilization,
andhigh availability. Elastic applicationgthatcantolerate
variability in performancehrive in this model. Examples
includebatch-processingpplicationdik e datamining, and
data warehousing. Other, inelastic applicationsrequire
morestringentquality-of-servic€QoS)assurancefor their

users. Examplesof theseare interactve applicationslike
web applications,and media seners. Theseapplications
require an admissioncontrol mechanisnto prevent high
load from violating QoS assurancesHowever, admission
control reducesscalability reliability, and utilization and
introducegherisk of beingrejectedadmittance.

The key differencebetweenbest-efort and admission
control is that best-efort imposesmore costs(in the elas-
ticity requirementpn applicationsvhereasadmissiorcon-
trol imposesmore costs(in scalability reliability, utiliza-
tion, andrejections)on the systemprovider. Nonetheless,
for mary applications,the costto implementelasticity is
high. As a result, maximizing systemef ciency requires
bothmodels,but alsoincentivesfor applicationsto usethe
best-efort model. Economicsystemge.g.,[12], [27], [23],
[8], [18]) usepaymentasthe incentive. This encourages
applicationghatcanimplementelasticityto usebest-efort
while also accommodatinghosethat cannot. In addition,
admissioncontrolin a priced systemprovidesan opportu-
nity for the providerto do price discriminationandthereby
sustairits pro tability .

We examine such a hybrid system (based on the
Tycoon[1§ market-basedesourceallocator)in this paper
Having two resourcenodelsin a systemintroducesseveral
questions:

What serwice model should an application use?Most
applicationsare neitherpurely elasticnor purely inelastic.
Insteadatypical applicationhasa speci c tolerancefor de-
lay. How easily the systemcan meetdelay requirements
variesover time asthe systemload changes Moreover, an
applicationmustbalanceits delay tolerancewith its will-
ingnessto pay for performanceandthe currentcostof re-
sourceswhich constantlychangesn a market-basedsys-
tem.



How much of a resourceshould a sewvice provider al-
locateto eachmodel? The goal of the serviceprovideris
to maximizeits pro ts. It doesthis by packagingts limited
resourcesn aratio of best-efort andadmissioncontrol at
pricesthat aredesirableto applications.Theratio andthe
priceschangeover time asapplicationscomeandgo. The
provider mustalsoincreasehe price of admissioncontrol
resourceso includethe expectedopportunitycostof future
rejectedadmissions.

Previous studiesof admissiorcontrolhave beenin non-
economicsystems beentied to a speci ¢ schedulingdis-
cipline, and focusedon simulationsdriven by simpli ed
distributional models. Instead we focuson the admission
controlproblemin aneconomicsystemandourwork is in-
dependenbf scheduling.Moreover, we constructand use
workload modelsderived from a HPC productioncluster
andwe evaluateanadmissiorncontrolbrokerin alive com-
putationalmarket cluster usingall the componentsf the
productionsystem.

Our key contribution is a setof admissioncontrol mod-
els basedon statisticalpropertiesof the demand. Admis-
sion decisionsrely both on expectedrisk of future rejec-
tions, and existing commitments. The risk estimatoruses
recentprice historyto calculatea statisticalbound(Cheby-
chev upperbound)on the likelihood of a certaindeviation
from the averagedemand. The price for a resenation is
thusfully dynamicand correlatedwith the demandwhile
inelasticapplicationsstill obtainhigh guarantees.

In our experiments,we measureeconomicefciency,
which s theratio of the utility obtainedto the optimal util-
ity (with atheoreticaladmissiormodelthathasfull knowl-
edgeof futurejobs). We shaow thatthe economicef ciency
of a systemthat only providesbest-efort is 80 per centat
low load, but only 55 per centat high load. In the high
load scenario,nelasticapplicationshave only 35 per cent
efciency, while elasticapplicationshave 90 per centef -
cieng. In contrastanadmissiorcontrolmodeloffering ab-
soluteguaranteess 75 percentef cient, regardlesof load
andapplicationelasticity Henceprovidershave anincen-
tive to chooseand partition the admissionrmodelbasedon
resourcecontention andusershave anincentive to pick an
admissiormodelthat ts their job preferencesTheresults
presentedh this paperaid boththe providerandtheuserin
makingthesedecisiongdynamically

The restof the paperis structuredasfollows. In Sec-
tion 2 we describethe workload modelusedin the exper
iments. The admissionmodelsare presentedn Section3.
Sectiond discusseshe experimentsSection5 analyzeghe
experimentresults,Section6 compare®ur approacho re-
lated researchand nally Section7 provides concluding
remarks.

2.Workload Model

The goal of the workload modelis twofold. It should
be representatie of workloadsobseredin a sharedclus-
ter productionsystem,andit shouldenableef cient study
of parametespacesdn our system. All jobs are allocated
andconsumeeal systemresourcesn a full deploymentof
a computationamarket. Therefore the workloadsmustbe
shortenoughto make the resultseasilyreproduciblewhile
capturingasmuchof thestatisticakraitsof theoriginaltrace
aspossible.Puresimulations® areeasierto evaluatestatis-
tically, but our maincontributionin this work is the evalua-
tion of areal, distributeddeployment.

Insteadof usingover-simpli ed assumptionandgener
alizingbehavior acrosdlifferentclustersandsites,we chose
to captureindividual tracesin more precisemodels. Here
we presentheresultsfrom usingthe SDSC(SanDiego Su-
percomputeCenter)Blue Horizon clustertracefrom April
2000to January?2003,containing223402jobs[11].

Distributional modelsfor job inter-arrival time (IAT),
runtime (RUN), and numberof CPUsusedperjob (CPU)
were constructeddirectly from the trace. The techniques
usedto modeldistributionsarevery genericandcanbe ap-
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 thus gives us the beststatisticalstabil-
ity. Secondpour maininterestis in studyingthe parameter
spaceof differentadmissionpolicies undervarying load,
andhenceutilizing a singleworkload modelsimpli es the
matrix of con gurationsto beinvestigatedThird, thetrace
shavcasesharacteristicshathave beenobseredin mary
otherHPCtraceq11].

To synthesizevorkloadswith thesamestatisticalproper
tiesastheoriginaltrace,we constructfunctionalrepresen-
tation of the inverseof the cumulative distribution function
(CDF), sometime<alledthe percentpoint function (PPF)
or the quantilefunction. Many distributions, suchasthe
Normalor Gaussiarlistribution donothave simpleanalyti-
calrepresentationsf the PPFE which alsoeffectsour choice
of model. To generatehe desiredworkloadthe PPFis ap-
plied to a seriesof uniformly distributed randomvariables
in theintenal (0; 1).

Inter-Arri val Time. The inter-arrival times were found
to follow two differentregimes. This bimodality wasalso
found by just studyingthe last 1=10 of the traceaswell as
in parallelarchive workloadtracedrom KTH andOSC,not
presentedhere. The patternfound wasthat jobs submitted
within about10 second®f eachotherwereoverrepresented
andfollowed a separatalistribution comparedo all other
jobs. Standarddistributional modelsdo not handlemulti-
modalityandwe thereforehadto representhis distribution

1see [25] for asimilar simulation-basedvaluation



with a mixture model. Eachdistributionin the mixturewas

t tothedatausingastandardnaximum-likelihoodestima-
tion (MLE) algorithm. The resultingmodel,which we call
hyperlog-weikull (HypWeib), is representedsfollows:

Z=X +(@1 )e' 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 HypWeib.
TheWeibull CDFis easyto invertarithmeticallyinto aPPFE
andthereforeour HypWeib distribution is alsoeasilyrepre-
sentableasa PPF whichcanbeusedto generatea synthetic
IAT workload.

Runtime. Theruntimedatawasalsofoundto be bimodal.
Jobswith runtimeslessthan30 seconddollowed a differ-
entdistribution thanthe rest. Sincethesejobs areunlikely
to have producedary usefulwork and constitutelessthan
7 percentof thedata,we do notrepresenthemin our run-
time model. No standarddistribution was found with the
maximum-likelihoodalgorithmthat approximatedhe em-
pirical CDF satishctorily, thereforewe useda polynomial
linear least-squaregs of the CDFE To simplify the arith-
meticinversioninto a PPFwe useda 2" orderpolynomial
asfollows:

CDF(x) = 0:01252+ 0:301&% 0:8184 (2)

We callthis t thePolyLin distributionin thediscussiorbe-

low.

Job Size. From the densityfunction of numberof CPUs
perjob (CPU)it wasapparenthatvalueswith base2 were
overrepresentedOnly aboutl percentof the jobs did not

follow this pattern. We thereforeneglectthesejobsin our

modelfor simplicity. Againthelog base? transformed/al-

uesdo notfollow a standardCDF well, but sinceit is a dis-

cretevariableandthe numberof differentvalueswith more
than3 percentdensityareonly six, the distribution which

we call Binary Bin (BinBin) canbe easily and accurately
representedsa histogramasfollows:

z=2"" ®3)

where Z is the random variable in the CPU distribu-
tion, X is distributed as the histogramdensity function
p(xi) = vi, wherex is the vectorf1::6g and v is the
vectorf 0:508 0:144; 0:126, 0:137; 0:048; 0:035g. Alterna-
tively, this declinein binary exponentsanbemodeledasa
Zipf(1.4), with a slightly worse t but with oneinsteadof
six parameters.

Model Evaluation. To obtain quantitatve statisticsfor
how well the models t the datawe utilize the Two-sided
Kolmogoros-Smirnor (KS) test. A bootstrapechnique9]
is usedto mimic the experimentsetupof small representa-
tive sampleruns. We drav 100 randomsamplesrom the

empiricalandour synthesizedvorkloads,beforecompari-
son. For eachpair of sampleswe calculatethe KS value
(max absolutedifferencebetweenCDFs),andtestthe null
hypothesighat the two samplesare dravn from the same
distribution at a 5 per cent signi cance level. We then
recordthesuccess-ratayherethenull hypothesicouldnot
berejected andthe averageKs valuesfor the sampletests
aswell asaKS testperformedon the entiredatasets.As a
benchmarkwve alsoperformthe hypothesigestonthetrace
with itself. It is commonlyassumedhat the job submis-
sionsfollow a Poissorprocesgsubmissionsrespreadini-
formly andindependentlyover sometime interval), which
resultsin thel AT beingexponentiallydistributed. As anad-
ditional comparisorwe thereforealsomodelthe IAT with
an MLE tted Exponential(Exp) distribution with mean
378648 Similarly powerlaw distributionshave beenob-
senedfor processuntimessowealso t theruntimedatato
aPareto(Par) distribution with locationparametef.: 77332
scaleparametef13171 andthresholdparameteB, again
obtainedusingMLE. Table1 summarizeshe goodness-of-
t results.Fromtheseresultswe canconcludethatourthree
models,HypWeib, PolyLin, andBinBin, all provide accu-
rate ts tothe SDSCtracedata. The KS testclearlyrejects
the Exp modelasa goodrepresentatioof the IAT distribu-
tion. Furthermorewe calculatethe coefcient of variance
(CV = =) of thelAT datato be 3:86, which alsorules
outa Poissomrocessyhich hasanexpectedCV of 1. The
Par modelis agood t to theruntimedata,but notasgood
asthePolyLin t. PolyLin providesaslightlyworset than
HypWeib andBinBin mostlikely dueto thefactthatwe ig-
nored? percentof the shortestunningjobs for simplicity
reasons.To summarize whentaking 1000 sampleqwith
replacementpf 100 valueseachfrom the synthesizedlis-
tribution we cangetrepresentatie values,accordingto the
KS statisticata 5 percentsigni cancelevel, in 87 percent
of thesampler morefor all of our models.

Job Value. No informationaboutuserspeci edjob valua-
tions areavailablein thetracethatwe study Therefore,a
setof standarddistribution modelsare used. Threedistri-
butions, equalimportance(Equal), normal (Norm), pareto
power-law (Pareto)are modeled. Equalimportancedistri-
butionsoccurwhenall jobsandall usershave the samem-
portance.This modelis exempli ed in the PlanetLabnet-
work. A normaldistribution is the mostcommonassump-
tion asit canrepresentll populationsproducedby aggre-
gatingindividually independentandomvariableswith -
nite meanandvariancejn accordancevith thecentrallimit
theorem Finally, the Paretodistribution wasoriginally used
to modelthedistribution of incomesandsimilar powerlaw
relationshipsrave beenobsenedin variouslarge-scalenet-
work metrics,suchaspopularityof websites.
Correlations. Supercomputejobs are known to exhibit
long-term correlations(or long memory) over time that



Table 1. Goodness-of- tResultsusingKolmogora-Smirnor testsagainstthe Tracedata.

| KSDatal | KSData2 | KSsuccess-rat¢ KS completedata| KS samplemean |

TracelAT | TracelAT 0:948
HypWeib | TracelAT 0:897
Exp TracelAT 0:.034
TraceRUN | TraceRUN 0:944
PolyLin TraceRUN 0:869
Par TraceRUN 0:818
TraceCPU | TraceCPU 0:989
BinBin TraceCPU 0:982
Zipf TraceCPU 0:974

0 0:1161
0:0557 0:1337
0:2406 0:2901

0 0:1174
0:0718 0:1371
0:1075 0:1565

0 0:0861
0:0165 0:0880
0:0644 0:1040

couldleadto periodsof anomaloushhighload[16]. A met-
ric often usedto quantify the correlationis the Hurst [13]
and Mandelbrot[20] R/S statistic or Hurst exponent. A
memorylesgprocess(such as white noise) would have a
Hurst exponentof 0:5 whereasprocessexhibiting long
memorywould have exponentscloseto 1. Exponentdess
than0:5 indicateanti-correlation, i.e. a pasttrendis likely
to be reversed. We measureda Hurst exponentof 0:735
for the IAT seriesin the SDSCdata, indicating moderate
long term correlationswhich correspondsvell to previous
work [16]. To adequatelyepresent givenHurstexponent
in synthesizedlata,averylargenumberof datapointsneed
to be generatedywhich makesit impracticalfor our exper
iments. Insteadwe run our experimentsundera coupleof
differentloadandIAT con gurationsto represenbothreg-
ular operationperiodsand high load periods. We alsoran
someexperimentsvherewe inducedshort-termtime corre-
lationsin the IAT value serieswith a simple sortand per
mutealgorithm,andfoundthattheresultswerelargely the
samewith the exceptionthata purely statisticaladmission
model performedslightly better as expected. We further
note that no signi cant cross-correlationsvere found be-
tweentheinter-arrival time, runtimeandjob sizeproperties.
Dueto spacdimitations andthe compleity of a thorough
treatmentthe correlationissueis left out-of scopeandas
thefocusof futurework.

3. Admission Models

In this section three different admission models are
described,best effort (BE), statistical admissioncontrol
(SAC), andcapacityadmissiorcontrol (CAC). All of these
modelstake a contractrequestand produceeither an ac-
ceptedor arejectedcontract. The contractrequesthastwo
parts servicelevelrequirrmentandresoucerequirements
The servicelevel requirementxontainthe budgeta con-
sumeris willing to pay for the resourcesas well as to-
tal numberof work units (CPU cyclesin our experiment)
neededoer node, parallelism(numberof nodes),deadline
andtype of contract(BE, SAC or CAC). The resourcere-

guirementspecifydetailedmin andmaxboundpreferences
for resourcesuchas CPU, memory disk, andbandwidth.
The resourcerequirementsare enforcedand continuously
evaluatedby the marlet-basedesourcellocator(Tycoon's
Xenvirtualizationlayer),andtheservicelevel requirements
areenforcedatsubmissiortime andevaluatecatcompletion
time by theadmissiormodelimplementationAn approved
contractcontainsa list of nodesselectedo runthejob and
theirindividual fundinglevels.
Best Effort. In the besteffort modelthe contractis only
rejectedif the currentspotmarket price is too high to get
theresourcespeci edin theresourcaequirementpart of
the contract. The servicelevel partis 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 preemptedob is stopped.There-
sourceshareobtaineds:
b

9= pi e (4)
wherebis thespendingate(e.g. $/s)derivedfrom thebud-
getandthe deadline,andc i%the currentcostor price of
theresourcede nedas:c = Iy wherel is the current
spendingateof consumer.
Statistical Admission Control. In the statisticaladmission
control modelthe contractis rejectedif the budgetis less
than an estimatedfuture percentileof the price, or if the
currentspot market price is too high to get the required
resources.Existing jobs canbe preempted.The resource
shareobtainedwith this modelwill not drop belon QGnin
with a statisticalguaranteg where

b
Gn = BT F 1(g) 5)
andF 1(g) is an estimateof the inverseof the cumula-
tive pricedistribution functionfor aguaranteén theintenal
(0::1). As anapproximatiorof F ! we usethe Chebyche
boundfor agivenmeanandstandardieviation of the price.
More detailson thistechniquecanbefoundin [24].



Capacity Admission Control. The capacity admission
controlmodelperformsthe samestatisticalcheckasin the
SAC modelto ensurghata minimumpricewhichis higher
thanthe spotmarket price is paid for a capacitycontrolled
contract. If the statisticalcheck succeedsan additional
checkis madeto ensurethat no currently active contracts
areviolated. A contractviolation is detectedby checking
theresourceshareobtainedfor all runningjobsif the new
job wereto be admitted. If the shareis below whatis re-
quiredto processthe total numberof work units for ary
job, the contractof thatjob is violated. Existing jobs can
thus not be preemptedn this model. The admissiontest
(which mustbe true for a contractrequestto be accepted)
is:
X
852 S: B (5)
BCENORE

whereS is the setof all existing contractsncludingthere-
guestectontract,n is the numberof hosts,b, (s) is the bid
on hosth in contracts, b, (r) is the bid on hosth in the
requestectontractr, andgs is the minimum performance
sharepromisedin contracts. Enforcementmay be done
on a hostby hostbasisor acrossall hostsin the contract.
We chosethelatterin our experimentdo allow hostswith a
higherthanpromisedperformanceo compensatéor slover
hostsin the samecontract,andtherebycausefewer rejec-
tions.

s (6)

4. Experiments

4.1. Conguration and Setup

Eachjob runsa CPU intensive benchmarkapplication
until theruntimehasexpiredor thejob hascompleted Each
usergetsa budgetof $100to split amongits jobs, accord-
ingtorelativevalue,runtime,andsize(CPUs).After thejob
has nished we recordthe numberof work unitscompleted,
which is directly proportionalto total numberof CPU cy-
clesconsumed.The SAC and CAC admissioncontrollers
both usethe 60 per centChebychg boundas price rejec-
tion threshold(userswho are not willing to pay more are
rejected).

A work plan generatedusing the workload model de-
scribedin Section2 senesasinputto eachexperimentrun.
The work plan containsparametergor eachjob to be run
including: job id, IAT, runtime, CPUs,value, model,and
userid. The model parameteis besteffort (BE), statisti-
caladmissiorcontrol (SAC), or capacityadmissiorcontrol
(CAC).

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

traceis runwith theBE, SAC, andCAC admissiormodels.
In orderto make statisticalclaimsaboutdifferencesamong
theadmissiorpolicies,eachexperimentunis repeateavith

verandontracegyenerateavith thesameworkloadmodel
con guration. The rationalebehindthis setupis to capture
both aleatory (randomnesswvithin a distributional model)
andepistemiqvariationsdueto externalfactorsjn ourcase
live systembehaior notcapturedn our model)uncertainty
commonin risk modeling[21].

Theresultsfrom ve differentworkloadmodelcon gu-
rationsare presentedelow: Paretojob value distribution
underlow load, Paretojob value distribution under high
load, equaljob valuesunderhigh load, Normal job value
distribution underhigh load, and nally a randomadmis-
sionbenchmarlcon gurationunderhighload. A singlerun
of all the experimentsncluding epistemicrepetitions thus
took about150hours(6 daysand6 hours),which explains
why we limited therepetitiongo ve.

The differentload levels were obtainedby generating
traceswith minimum/mean AT 90=15366, and 30=92:36
seconddor low, andhigh load respectiely. Theload lev-
elsweresetto resultin moderateand extensie contention
for resourcesAs the moderatecontentionworkloadis less
sensitve to the job characteristicsh generaland the job
valuationin particular we only presentheresultsfrom the
Paretodistribution underlow loadhere.

4.2. Metrics

We aremainly interestedn the economicef ciency and
fairnessof the system put somebasicpropertieof the ad-
missioncontrollermustbe met. In particularanadmission
controllerwhichrejectsoo mary requestsvill causaunder
utilization of resources Similarly, an admissioncontroller
thatdoesnot decreas¢he numberof contractviolationsis
of little value.We thereforecomparecontractviolations,re-
sourceutilization andcontractrejectionsassystemmetrics
independentf the economiametrics.

Violations. This metricmeasuretheratio betweerthejobs
that have beenadmittedto thosethat meettheir deadlines.
Miolations = ’— wherej ¢ is the numberof jobs that suc-
cessfullymeettheir deadlinesandj , is thenumberof jobs
thatareadmitted.

Utilization. Utilization is calculatedasthe averagework
unitsprocessegersecondcomparedo atheoreticalmaxi-
mumultilizationif noresourcesvereidle atary pointduring
theexperimentrun. Utilization = -, wherew is thenum-
ber of work units completedin the experiment,andw is
thetheoreticaimaximum.
RejectionsTherejectionmetricis calculatedastheratio of
jobsin the experimentto jobs being rejectedat admission
time. Rejections= J]T wherej; is the numberof jobs be-
ing rejectedandj is thetotal numberof jobs.



DemandCorr elation. As ameasuref globalfairnessye
considetthecorrelationof thedemandandtheprice,seeras
costby theuserandpro t by theprovider. Becauséhebest
effort modeldoesnotrejectjobsatadmissiortime with our
experimentalworkloads,it is usedasasan approximation
for demand.DemandCorrelation=x .y, where x.y is
the Pearsorcorrelationcoefcient of therandomvariables
X andY, X isthetime seriesof 5min averagef the price
in the besteffort run, andY is the correspondindime se-
ries of theadmissiormechanisnbeingmeasureqSAC, or
CAC).

Ef ciency. As anaid to measuringeconomiaef ciency, the
utility function quanti es the payof a usergetsfrom run-
ning a job. The rst partof the utility functionrepresents
usersvhodo notgetary payof unlesghejob is fully com-
pleted.We call this theinelasticutility.

v p ifwg w

Ui (wq; p;Vv) = )
|(Wd pV) p if wg < w

(7)

where wy is theamountof work completedatthedeadline,
p is the price paidfor runningthejob, v is the valuationof
the job (mone bid on job), andw is the work requested
in the performancecontract. The secondpart of the util-
ity functionrepresentsisersvho getanincrementapayof
basedon how muchwork they completed.We call this the
elasticutility.

Ue(Wg; p;Vv) = min (wg=w;1)v p (8)

A weightedlinear combinationof (7) and (8) is thenthe
nal utility function

U= U;+(1 )Ue 9)

Taking the sum of all utilities acrossall jobs, j, givesus
ametric of the social welfare, which comparedo the opti-
mal utility (with off-line knowledge)canbeseerBsthee.co—
nomicef ciency of the system.Ef ciency = Ji ]J ij(éi))'
whereU is a theoreticaloptimal utility obtainedfrom an
off-line admissiorncontrol stratgy with no chagesapplied
to (9). More elaborateutility functionscould have been
used suchastime-decayingutility, or arny otherquasi-linear
utility transformation.We did run someexperimentswith
time-decayingutility aswell but foundthatit complicated
the modelwithout providing additionalqualitative results.
Our main point is to shav the differencebetweenelastic
andinelasticapplicationswith differentmarketmodels,and
we found the above functionsto capturethis aspectin the
simplestandmostaccuratevay.

To determinethe reliability of the results,we performa
statisticaltestbasednthe meanandthe standardleviation
of the metrics. Sinceonly 5 repetitions(experimentsam-
ples)canbe usedbecausef time constraintsghe standard

z-test(e.g] 1:96 ; + 1:96 ] asthe5 percentsigni -
cancecon dencebound)cannotbe performedandwe have
to resortto thepairwiset-studentestwith sampledstandard
deviation.

4.3. Results

All thegraphspresentedh this sectionshav theaverage
acrosghe veexperimentrepetitionswith onestandarale-
viation markedwith errorbars.Non-overlappingerrorbars
thusgive avisualindicationof asigni cant result.
SystemMetrics. Figurel shavsthattheBE modelviolates
a large portion of the contractsas a resultof heary load.
SAC addressethis problembut still causesa sizeablepor-
tion of violations,whereas<CAC hasvirtually no violations
(asmallportionof violationsmaystill occurbecausef our
choiceto baseheadmissiortestontheoverallperformance
of ajob asopposedo ona pernodebasis).The Paretoand
Normal value distributions causemore violations for both
BE andSAC comparedo whenall jobsarevaluedequally
CAC ontheotherhandis lesssensitve to valuedistribution.
Contrastinghis resultwith Figure1(b), we cannotseeary
clear evidencethat the utilization is signi cantly effected
neitherby the valuedistributions, the load, nor the admis-
sion model used. However, the variationin utilization is
higherwith a Paretovaluedistribution underhigh loadthan
with otherexperimentsetups. Further the rejectionratios
in Figurel(c)cannoffully explainthesigni cant difference
in contractviolations. For example,in the high-loadPareto
valuedistribution experiment37 per centof the jobs were
rejectedwith CAC, comparedto nonefor BE, but 61 per
centof the contractsvereviolatedwith BE, comparedo 1
percentwith CAC. It is alsoimportantto pointoutthatboth
CAC andSAC rejectfewer contractaunderlow load,which
provesthatthe admissiordecisionsadaptto the currentde-
mand.

A quantitatve summaryof the signi cance of thesere-
sultsis presentedn Table2. It shaovs a pairwiset-student
testat a 5 per centsigni cant level, and four degreesof
freedom(critical t-value 2:1318 with the null hypothesis
that the meanvalue of the metrics(violations and utiliza-
tion) arethe same. A rejectionof the null hypothesis(a
signi cant differenceexists)is markedin bold.

Basedon theseresultsthe main conclusionis that SAC

and CAC improved contractful llment signi cantly with-
out causingsigni cant underutilization.
Economic Metrics. Turning to the economicmetrics of
fairnessandef ciency, we canseein Figure 1(d) thatthe
demanctorrelationcoefcient is high for boththe SAC and
CAC models(about0:6  0:8 for all experiments).Thisre-
sultindicatesthatthe admissioncontrol modelsare not bi-
asedowardsthe consumenor theprovider, in their pricing
structureandcanthusbeconsideredjlobally fair. Theef-



cieng/ graphsin Figure2 show the sensitvity to the elastic
versusinelasticutility models. Typically a consumemith
a completelyinelastic( = 1) utility would choosethe
CAC or possiblythe SAC model. We seethat the admis-
sion modelsshaved no signi cant differencein ef ciency
underlow load. However, whenthereis high contentiorfor
theresourcesindthereis highvariability in thevaluationof
jobs(Paretoor Norm),the BE modelef ciency deteriorates
signi cantly with anincreasingportion of inelasticutility.
SAC doesnot suffer as much from ef ciency lossasBE,
but it hasthe samedecreasingrend,whereasCAC is com-
pletelyindependentf the utility modelchosen(As seerby
thestraightlinesin thegraphs).We furthernotethatthe ef-
ciency of the SAC andBE modelsdo not declineasmuch
whenall jobshave equalvalue,comparedo whenthey have
Paretoor Normalvaluedistributions.

The utility functionusedto calculateef ciency bene ts
high-valuedjobswith low cost. Comparing-igure2(a)with
Figure2(b), we canseethatthe CAC modelandto someex-
tentalsothe SAC modelmaintaineda high level of service
for high-valuedjobswhenthesystemwentfrom low to high
resourceontentionatypicaltrait of agoodadmissiorcon-
trol model.

As previously mentioned,lower utilization and fewer
contractviolations may be explainedas an inherentresult
of morerejections,as opposedto a featureof the admis-
sioncontrolmodel. To studyto whatextentthe behaior of
the SAC andCAC modelscanbeexplainedby thisinherent
effect, we modify the SAC modelto just randomlyreject
asmary requestsasin the Paretohigh-loadCAC scenario
(about37 per cent). If we rst comparethe CAC model
to therandomadmissiorncontrolmodel (RAC) in Figure 3,
we seethat the contractviolations are considerablyhigher
with the randommodelalthoughthe numberof rejections
arethe same. This shows thatthe CAC modelmakesbet-
ter decisiongregardingwhich jobsto reject. The utilization
andthe demandcorrelation(market fairness)are however
similar. Looking at the efciency it is clearthat the ran-
dommodel,which doesnot considerthe valuationof jobs,
performsworseboththantheoriginal SAC implementation
andCAC, for both elasticandinelasticjobs. We thuscon-
cludethattheinherenteffectof rejectionscannotexplainthe
contractviolation or ef ciency propertiesof the admission
control modelsthat we have implemented. We notethat
it is customaryto investigateequilibria of the systemwhen
makingclaimsaboutef ciency in economics.n anexper
imentwhich mimicsreal usage with randomlycon gured
batchjobs enteringandleaving the systemcontinuouslyit
is very hardto obsere andreproducesuchstablestates As
an alternatve we derived our claimsfrom statisticallysta-
ble statesusingtechniquesuchasthet-studentest. In the
following sectionwe will complementhe statisticalveri -
cationwith ananalyticalveri cation of theresults.
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Table 2. T-studentest(t-values)of mean-aluedifference
for contractviolations and utilization. Signi cant differ-
ences(at a 5% level) aremarked in bold. Positive values
indicatethatthemeanof the rst seriescompareds 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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5. ResultsAnalysis

First,we explainthedifferencan ef ciency betweerad-
missioncontrolandbesteffort with inelasticutility analyti-
cally. Letpy 2 [0;1]; pa 2 [0;1]; bethe probability of ful-
ling the contract,andthe probability of admittinga job,
respectiely. Using the inelasticutility functionin (7) we
obtainU = pa(pw(v ¢ (1 pw)Cc). We now study
two caseslUp, whereall requestareadmittedattheexpense
of somenot ful lling their contracts(e.g. besteffort), i.e.
pa = 1, andUg whereall jobsful Il their contractat the
expenseof somebeingrejected(e.g. capacityadmission
control), i.e. py = 1. Now by comparing

U(pa=1)= U= pu(v ©) c(I pw)=pwVv c (10)

and
U(pw = 1)= Ug = pa(v 0 (11)
we get
Ug>Up, Pav paC pwv+cCc>0 (12)
Settingg = c=vwe have
Pw 4.
Ug > Ub 1 pa > (1 q) . (13)

Usingthe experimentalaluesof therunsfrom Figure2 we
for instancenave for

(a):
0:90 0:10
0:80< < 010 0:89) Up> Uy (14)
(b: 0:39 0:14
0:63> ———— 0:29) Ug> Uy (15)

1 014

(c):

0:56 0:12
0:71> T o3 - 0:5) Ug> Up (16)
and(d):
0:33 0:10
0:60> < 010 0:26) Ug > Uyt a7)

This analyticalresult explains and mimics the relative
positionsof the CAC andBE curvesin Figure2 verywell
for highvaluesof (inelasticutility). With a similarline of
reasoningandsettingpy = wg=w (work completionratio),
we canshow that

Pa Q
1 9

whenusingthe elasticutility functionin (8).

To summarizethe analyticaland experimentalresults,
poorwork completion(low valuesof p,, andpg) andhigh
cost(high valuesof q) contributeto a higheref ciency of
theadmissiorcontrol stratggiescomparedo the besteffort
stratgy if the numberof rejectionsarekeptlow (high pa,),
which correspondsvell to intuition.

Basedon theseresultsa userwith aninelasticjob could
comparethe cost for a resourceon a resenation market
(SAC or CAC) andon a spotmarket (BE) to the valuation
of the job to getq, andcalculateor estimatethe lik elihood
of ful lling thecontracton the spotmarket (p,,) versusthe
likelihoodof gettingrejectedonthereserationmarlket(py).
The two probabilitiesmay be measuredy the user made
availableby a3 party monitoringserviceor the provider
itself. Now if py > H submittingthejob to theresena-
tion marketis moreef cient.

Corversely basedon historicaldata,the provider could
map the currentdemand,approximatedby the measured
IAT, to valuesof p, andpy. A provider that would like
to optimizethe ef ciency without arny biastowardselastic
or inelasticutility userscouldevaluate:p, > W If
it evaluatedo false the provider mightwantto increasehe
spot-marlet partitioncomparedo theresenation partition.
Whetherto use SAC or CAC guaranteesargely depends
on the level of control the admissionbroker hasover the
resourceallocator but also on the frequeng of high con-
tentionperiods(whenCAC tendsto outperformSAC). Fur
thermore the provider could evaluatehow muchshouldbe
chaged(q or c=V) for the capacityadmissioncontrol ser
vice givena certainsystemstate(representedly py, pa and

Pa)-

Pa > (18)

6. Related Work

Relatedwork fall into threebroadcategories,eachdis-
cussedn turnbelow, market-basedesourceschedulingand



allocation, IP trafc engineering,and QoS enabledweb
seners.

ChunandCuller [4] presenta performanceanalysisof
threedifferentschedulingalgorithms,FirstPrice(priorities
paidfor oncentralizedauctionmarket), SJF(shortjobshave
priority), andPrioFIFO(threepriority queueswith different
pricessetstatically) basedon aggreyateuserutility. First-
Priceoutperformsboth SJFandPrioFIFOsigni cantly for
highly paralleljobs. PrioFIFOwassensitve to changesn
demandand deterioratedn performancef the wait time
in the most expensve queuewas long. Our work differs
from this work in thatour resultsareindependenof which
schedulingalgorithmis used,our workloadis constructed
by carefully modelingreal traces,and our underlying al-
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 functionsthat take resourceprice and provider pro t
into account.Thecombinationof resenationandspotmar
ket pricing with statisticalguaranteess novel andsetsthis
work apartfrom othermicroeconomicsystemghat control
job performancen sharedclustersfor parallel jobs, such
as[27, 26, 29, 6, 28, 15, 5].

Thereis a substantiabody of work on InternetProtocol
quality-of-serviceenforcemenbr traf c engineeringrep-
resentedby the two IETF speci cationsIntServ [3], and
DiffServ[2]. ThelntServspeci cationtakesthe approach
of reservingpathsfor individual users,and thus doesnot
scaleaswell asthe DiffServapproachwhich is basedon
marking individual paclets with differentperhop behav-
iors in a statelessand decentralizedarchitecture. We are
facingthe sameissuesandtradeofs whenallocatingcom-
putationalresourcesicrosdargedistributedsystemsHow-
ever, new virtualizationtechnologyandthe factthat mary
of the resourcesare localized (e.g. CPU, memory disk)
malesit worth revisiting theresenationconceptsKnightly
and Shrof [17] provide an evaluationof the differentad-
missioncontrol algorithmsavailablefor IP traf ¢ shaping.
Thedilemmaof choosingbetweerderying accesto o ws
that might have beensened and therebycauseunderuti-
lization andservingrequestshat might breakexisting QoS
contractanakesit hardto usecoarsestatisticalboundsand
too simpli ed assumptiongbouttrafc o w distributions.
Putdifferently, both accurag maximizationandrisk mini-
mizationaredesired. Again,ouradmissiorcontroldecision
differsfromthelP o w one,in thatwe can,throughvirtual-
ization,moredirectly enforcethatanadmittedrequesstays
within its bounds. Our decisionis thus more aboutmak-
ing surethatthe provider doesnotloseout on utilization or
prot by admittinglow priority tasksprematurely

Admission control as a meansto avoid servicedegra-
dationof high priority tasksduring overloadhasalsobeen

extensvely studiedin the context of Web seners,asexem-
plied in [10, 7, 19]. Prioritiesof individual requestsare
eithersetexplicitly in the sener con guration or inferred
implicitly by theadmissioralgorithm. Our admissiorcon-
troller, ontheotherhand,givesusersanincentive to specify
the priority truthfully themseles. Anotherkey difference
is that,in a Web sener context, the focusis on optimizing
throughputaindresponséime by applyingqueuingandcon-
trol theory andestimatingexpectedservicetime. Our sys-
tem doesnot usecentralizedqueuesandthe servicetimes
are not estimatedbut explicitly requestedy the users,as
they canvary greatly In general,our approachof enforc-
ing contractsby meansof resourcevirtualizationprovides
much ner-grainedcontrol over service-l@els than purely
statisticalload estimates.

7.Conclusions

Using a statisticallyaccuraterepresentatie andrealis-
tic workload model, we have experimentallyshovn how
a simple statisticaladmissioncontrol mechanisncanim-
prove contractful Iment without causingunderutilizition
duringtimeswith high resourcecontention.Basedon two
intuitive utility functions,elasticandinelastic,we have also
shawvn that the systemremainsef cient, i.e. exhibits high
social welfare or aggreyateutility, even underheary con-
tention and with variousjob valuationdistributions, such
asEqual, Paretoand Normal. The ef ciency resultswere
analytically veri ed and constraintson resourcecost, ad-
missionratio, and contractviolation ratio were derivedto
inform which admissionpolicy is bestfor differentutility
functionsgivena certainsystemstate.
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