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Abstract

Utility computinghas beenanticipatedto be the next
generation of computingusage. Users havethefreedomto
easilyswitch to anycommercial computingserviceto com-
pletejobswhenever theneedarisesandsimplypayonlyon
usage, withoutanyinvestmentcosts.A commercial comput-
ing servicehowever hascertain objectivesor goalsthat it
aimsto achieve. In thispaper, weidentifythreeessentialob-
jectivesfor a commercial computingservice:(i) meetSLA,
(ii) maintainreliability, and (iii) earn pro�t. This leadsto
theproblemof whethera resourcemanagementpolicy im-
plementedin the commercial computingserviceis able to
meetthe required objectivesor not. So, we also develop
two evaluationmethodsthat are simpleand intuitive: (i)
separateand(ii) integratedrisk analysisto analyzetheef-
fectivenessof resource managementpolicies in achieving
the required objectives. Evaluationresultsbasedon �ve
policiessuccessfullydemonstratetheapplicability of sepa-
rateandintegratedrisk analysisto assesspoliciesin terms
of therequiredobjectives.

1. Intr oduction

The next eraof computingis envisionedto employ the
utility model [28], where usersno longer needto invest
heavily to maintain their own computingresources. In-
stead,usersoutsourcejobs to dedicatedcommercialcom-
putingservicesto becompletedandthusonly payfor what
they usewhenever they want. With theadvanceof parallel
anddistributedtechnologies,suchasclustercomputing[18]
andgrid computing[10] thatenableresourcesharingacross
variousorganizations,commercialvendorssuchas Ama-
zon [2], HP [3], IBM [4], and Sun Microsystems[5] are
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now progressingaggressively towardsproviding a service
market thatprovidesdynamicservicedelivery.

A commercialcomputingserviceis initiated to achieve
certain objectives which are very different from that of
a non-commercialcomputingservice. The most distinct
objective betweenthem is that a commercialcomputing
serviceaimsto earnpro�t asReturnOn Investment(ROI)
for running the service,sincecommercialcomputingser-
vicesarebusinessesdrivenby monetaryperformance.Even
though monetaryperformanceis the ultimate objective,
therearealsootheruser-centricobjectives.Oneuser-centric
objective is to meet the ServiceLevel Agreement(SLA)
that have beennegotiatedand agreedupon with the user
as the userpaysfor the expectedserviceto be delivered.
Anotheruser-centricobjective is to maintainreliability so
thatusersarenot disappointedwith thepoor servicequal-
ity, otherwisethey will switch to other commercialcom-
petitors.Theseuser-centricobjectivesareimportantsincea
commercialcomputingservicefocusesonproviding value-
addedservicesfor userswho thenin turn payfor usingthe
services.

Our work focuseson evaluatingsuitableresourceman-
agementpolicies for a commercial computing service,
in particular with respect to its required objectives.
As there are numerous resourcemanagementpolicies
[16][17][13][12][20][25][27][26] available,it is non-trivial
to identify thebestpolicy that truly meetstherequiredob-
jectivesof the commercialcomputingservice. Therefore,
thecontributionsfor this paperare:

� Identifying threeessentialobjectivesfor a commercial
computingservice: (i) meetSLA, (ii) maintainrelia-
bility, and(iii) earnpro�t.

� Developing two evaluation methodsthat are simple
andintuitive: (i) separateand(ii) integratedrisk anal-
ysis to analyzethe effectivenessof resourcemanage-
mentpoliciesin achieving therequiredobjectives.



� Providing comprehensiveperformanceanalysisof � ve
policies (FCFS-BF, EDF-BF, Libra, LibraRisk, and
FirstReward) thru trace-basedsimulationto revealthe
bestpolicy for variousobjectives.

Evaluationresultsdemonstratetheapplicabilityof separate
andintegratedrisk analysisbasedon variousscenarios(in-
cluding varying workload, job mix, deadline,budget,and
penalty)to assesspolicies in termsof the requiredobjec-
tives.Thesemethodscanthushelpcommercialcomputing
serviceprovidersto identify andimplementresourceman-
agementpoliciesthatsuit their objectives.

Section2 discussesrelatedwork. Section3 describes
three possible objectives that a commercial computing
serviceaims to achieve and how they can be measured.
Section4 developstwo evaluationmethodsto facilitatethe
comparisonof selectedresourcemanagementpolicies in
achieving the requiredobjectives. Section5 describesthe
evaluationmethodologyto assessthesepolicies. Section6
analyzestheeffectivenessof thesepolicieswith regardsto
therequiredobjectives.Section7 concludes.

2. RelatedWork

Therearemany ResourceManagementSystems(RMS)
[24][11][19][6][23] available, providing different policies
to allocatejobs.However, acommercialcomputingservice
needto considerotherserviceparameters,suchasthedead-
line to complete the job, the budget the user will pay
for its completion,and the penalty for any deadlinevio-
lation. So, several new policies [21][12][13][20][25][27]
have beenproposedto supportquality-driven computing
services,suchasusingan admissioncontrol to selectively
acceptnew jobsbasedoncertainserviceparameters.

However, thereis no work doneto identify essentialob-
jectivesthat a commercialcomputingserviceis aiming to
achieve,which is whatwe areaddressingin this paper. We
alsoproposeseparateandintegratedrisk analysismethods
to evaluatewhetherpoliciesareableto achievetherequired
objectives.

Various works [14][15][12][20] have addressedsome
form of risk in computingjobs. In [12] and[20], the risk
of payingpenaltiesto compensateusersis minimizedsoas
not to reducethepro�t of serviceproviders.Computation-
at-Risk (CaR) [14][15] determinesthe risk of completing
jobs later thanexpectedbasedon eitherthemakespan(re-
sponsetime) or the expansionfactor (slowdown). GridIS
[25] shows that a conservative provider earnsmuch less
pro�t due to acceptingtoo few jobs to run, as compared
to anaggressiveproviderwhoearnmorepro�t eventhough
morejobsresultin deadlineviolations.In contrast,we pro-
vide a way to evaluatethesepolicieswith respectto there-
quiredobjectives.

3. Objectives of a Commercial Computing
Service

A commercialcomputingserviceoperatesbasedon ob-
jectives that it aims to achieve. This sectionexplains the
importanceof achieving threepossibleobjectives: (i) meet
SLA, (ii) maintainreliability, and(iii) earnpro�t, andhow
they canbemeasured.

Since various users have different requirementsand
needsfor runningtheir jobs, they specifyspeci�c SLA for
completingtheir jobs. An exampleof SLA requirementis
the deadlinewithin which a job needsto be completedin.
Usersexpect their speci�ed SLA requirementsto be ful-
�lled as they are paying for the requiredservice. Users
whoalwayshavejobsbeingrejectedcaneasilyopt for other
serviceproviders,thusincreasingcompetitionanddemand
for SLA satisfaction.So,therelevantobjectiveof thecom-
mercialcomputingservicewill be to meetSLA. TheSLA
metric can be computedas the percentageof nSLA jobs
with SLA ful�lled (in this case,completedwithin dead-
lines), out of the total numberof m jobs submittedto the
computingservice:

SLA =
nS LA

m
� 100 (1)

With usersspeci�ng the level of servicethey required
thru SLA, the commercialcomputingserviceneedsto en-
surethat it canreally deliver thenegotiatedservice.Other-
wise,userscansimply switchto othercompetitorsoffering
betterservice.So,anotherobjective is to maintainreliabil-
ity. Thereliabil ity metriccanbecalculatedasthepercent-
ageof nSLA jobswith SLA ful�lled, out of thenumberof
n jobsthatareacceptedby thecomputingservice:

r eliabil ity =
nS LA

n
� 100 (2)

Themostimportantobjective for a commercialcomput-
ing serviceis to earnpro�t as commercialbusinessesare
alwaysdrivenby monetaryperformance.Theprof it met-
ric canbesetasthepercentageof total utility earnedfrom
n jobs acceptedby the computingservice,out of the total
maximumbudgetof m jobsthataresubmittedto thecom-
putingservice:

prof it =

P n
i =1 util ity iP m
i =1 budgeti

� 100 (3)

4. Risk Analysis

An effectiveevaluationmethodis essentialto determine
whetheracommercialcomputingserviceis ableto meetits
objectives.Thissectiondevelopstwo methodsbasedonrisk
managementtechniques:(i) separateand(ii) integratedrisk
analysis.



4.1. Separate Risk Analysis

To evaluatean objective, we analyzethe risk involved
for thatobjectivethru its correspondingmetricasde�ned in
Section3. Risk analysisrequirestwo parameters:(i) per-
formanceand(ii) volatility thatcanbecomputedbasedon
the resultsobtainedin a particularscenario.For example,
in thescenarioof varyingworkload,a total of n resultscan
beobtainedfor a speci�c metric(eg. SLA ) usingeachdif-
ferentworkload,whereastherestof theexperimentsettings
remainsthesame.

Thus,we cancomputeperformance� sep of a policy for
anobjectiveasthemeanof all n resultsobtainedin thesce-
nario:

perf ormance; � sep =

P n
i =1 r esult i

n
(4)

Volatility � sep of thepolicy for theobjectivecanthenbe
derivedby thestandarddeviationof thesen results:

volatil ity ; � sep =

s P n
i =1 (r esult i )2

n
� (� sep )2 (5)

A highervolatility meansthat the resultsof the policy
�uctuatesmore,thusincreasingtherisk thatthepolicy does
notalwaysreturnthesameperformanceundervariouscon-
ditions. So,giventwo policieswith thesameperformance,
a policy with lower volatility is preferredover theonewith
highervolatility.

4.2. In tegrated Risk Analysis

As separaterisk analysisonly examinesa singleobjec-
tive,weneedto beableto examineacombinationof objec-
tives. Moreover, thereis oftenmorethanoneobjective for
a commercialcomputingservice,so it is critical to beable
to assessall theseobjectivesin anintegratedfashion.

Giventhatthereis a totalof n objectivesto examine,the
performance� int andvolatility � int of the integratedrisk
analysiscanbecomputedusingtheperformance� sep;i and
volatility � sep;i measuresfrom theseparaterisk analysisfor
eachobjective i :

perf ormance; � int =
nX

i =1

wi � � sep;i (6)

volatil ity ; � int =
nX

i =1

wi � � sep;i (7)

wherewi is aweightto denotetheimportanceof aparticu-
lar objective with respectto otherobjectives. For instance,
for our experiments,we treatall objectivesasequal,mean-
ing that all wi arethe same.So, for the resultsin Section
6.2,wi is 0.5 for two objectivesandwi is 0.33for all three
objectives.

Table 1. Polic y parameter consideration.
Policy Arrival Deadline Budget

time with penalty

FCFS-BF X
EDF-BF X

Libra X
LibraRisk X

FirstReward X

5. PerformanceEvaluation

5.1. Resource Managemen t Policies

Weexamine� veresourcemanagementpolicies,namely:
(i) FCFS-BF, (ii) EDF-BF, (iii) Libra, (iv) LibraRisk, and
(v) FirstReward.Table1 lists thedifferencesbetweenthese
policiesthru theparametersthey considerin allocatingre-
sourcesto jobs.

FCFS-BFand EDF-BF are back�lling policies which
prioritizejobsbasedonarrival time(FirstComeFirstServe)
and deadline(EarliestDeadlineFirst) respectively. Both
policies adopt EASY back�lling [16][17] to increasere-
sourceutilization. A queueis usedto storeincomingjobs
asonly a singlejob canrun on a processorat any time (i.e.
space-shared).Wheninsuf�cient numberof processorsis
available for the �rst job (highestpriority) in the queue,
EASY back�lling assignstheseunusedprocessorsto the
next waiting jobs in the queuebasedon their runtimees-
timates,provided that they do not delay the �rst job. In
otherwords,jobsthatskipaheadmust�nish beforethetime
whenthe requirednumberof processorsby the �rst job is
expectedto beavailable.

Thesetwo variationsof EASY back�lling policy are
chosenfor performanceevaluationbecauseEASY back�ll-
ing is currently the most widely usedpolicy for schedul-
ing paralleljobsin commercialclusterbatchschedulers[9].
We �nd that thesepolicies without job admissioncontrol
performmuchworse,especiallywhendeadlinesof jobsare
short. So,we implementan admissioncontrol that checks
whethera job shouldbe rejectedbasedon two conditions
beforerunningit: (i) thejob is predictedto exceedits dead-
line basedon its runtimeestimate,and(ii) the job hasal-
readyexceededitsdeadlinewhile waitingin thequeue.This
generousadmissioncontrolenablesFCFS-BFandEDF-BF
to selecttheir highestpriority job at the latesttime, while
ensuringthat earlier jobs whosedeadlineshave lapseddo
not incurpropagateddelayfor laterjobs.

Libra [21] usesdeadline-basedproportionalprocessor
sharewith job admissioncontrol to enforcethe deadlines
of jobs. A minimumprocessortime shareis computedfor
eachjob i asruntime i =deadline i usingruntimeestimate
sothat job i is acceptedonly if therearesuf�cient required
numberof processorswith thefreeminimumprocessortime



share.This meansthat multiple jobs canrun on a proces-
soratany time,usingits allocatedminimumprocessortime
share(i.e. time-shared).Unlike theabove back�lling poli-
cies,noqueueis maintainedsoanew job is checkedduring
submissionandrejectedimmediatelyif its deadlineis not
expectedto be ful�lled. Libra choosessuitableprocessors
basedon the best�t strategy, i.e. processorsthat have the
leastavailableprocessortime left with thenew job will be
selected�rst sothateveryprocessoris saturatedto its maxi-
mum.Any remainingfreeprocessortimeis thendistributed
amongall jobson theprocessoraccordingto theprocessor
time shareof eachjob.

LibraRisk [27] is an improvementof Libra andusesthe
samedeadline-basedproportionalprocessorshare.Thedif-
ferenceis thatLibraRiskconsiderstherisk of deadlinede-
lay whenselectingsuitablenodesfor a new job. Nodesare
selectedfor anew job only if they havezerorisk of deadline
delay. ThisenablesLibraRiskto managetherisk of inaccu-
rateruntimeestimatesmoreeffectively thanLibra. Given
that actualruntimeestimatesfrom tracesarequite inaccu-
rate,LibraRiskis ableto completemorejobswith deadline
ful�lled andachieve loweraverageslowdown thanLibra.

FirstReward [12] determinespossiblefuture earnings
PVi with possibleopportunitycostpenaltiescosti basedon
estimatedremainingruntimeRPTi of a job i . The reward
rewardi is thencalculatedthru a � -weightingfunctionas:
rewardi = (( � � PVi ) � ((1� � ) � costi ))=RPTi . Theearn-
ings PVi of a job i is computedas: PVi = budgeti =(1 +
(discount rate � RPTi )) . For unboundedpenalties(asin
thecaseof our simulation),thepenaltycostcosti of a job
i is thesumof penaltyfor all othern acceptedjobs based
onRPTi : costi =

P n
j =0; j 6= i (penalty ratej � RPTi ). The

admissioncontrolof FirstRewardcomputestheslackslacki

of a new job i during submissionand rejectsthe job im-
mediatelyif slacki is lessthana speci�ed slackthreshold:
slacki = (PVi � costi )=penalty ratei . Theslackthresh-
old determinesthebalanceof earningsandpenaltieswhere
a high thresholdavoids futurecommitmentsthatcanresult
in possiblepenalties. Setting the correct slack threshold
is not trivial as the ideal slack thresholdchangesdepend-
ing on the workload. After testingvariousslack thresh-
old valuesfor our simulatedworkload,we derive the fol-
lowing ideal simulationsettingsfor FirstReward: � is 1,
the discountrateis 1%, andthe slackthresholdis 25. We
have also extendedthe FirstReward to considermultiple-
processorparalleljobsfor our simulationsincetheoriginal
oneonly considerssingle-processorjobs. However, we do
notmakeFirstRewardto supportback�lling, sodelaysmay
occurdueto waiting for therequirednumberof processors.

5.2. Evaluation Metho dology

Our evaluation usesa discreteevent simulator called
GridSim [7][22] to run the experiments.The experiments
are generatedfrom a subsetof the last 5000 jobs in the
SDSC SP2 trace (April 1998 to April 2000) version 2.2
from Feitelson'sParallelWorkloadArchive [1].

TheSDSCSP2traceis chosenbecauseit hasthehighest
resourceutilization of 83.2%amongothertracesto ideally
modeltheheavy workloadscenariofor acomputingservice.
This 5000job subsetbasedon the last 3.75monthsof the
SDSCSP2tracerequiresan averageof 17 processorsand
hasanaverageinterarrival timeof 1969seconds(32.8min-
utes)andaverageruntimeof 8671seconds(2.4hours).The
computingservicethatis simulatedresemblestheIBM SP2
atSanDiegoSupercomputerCenter(SDSC)with 128com-
putationnodes,eachhaving aSPECratingof 168.

However, jobs submittedto a commercialcomputing
service need to have three other signi�cant parameters
(deadline,budget,andpenalty)which is unfortunatelyun-
availablein this traceandfrom anactualcommercialcom-
putingservice.Therefore,we adopta similar methodology
in [12] to modeltheseparametersthroughtwo job classes:
(i) highurgency and(ii) low urgency.

Each job in the high urgency class has a dead-
line of low deadline i =runtime i value, budget of
high budgeti =f (runtime i ) value, and penalty of
high penalty i =g(runtime i ) value. f (r untime i ) and
g(runtime i ) are functions to representthe minimum
budgetandpenaltythat theuserwill quotewith respectto
runtime i . Conversely, eachjob in the low urgencyclass
hasa deadlineof high deadline i =runtime i value,budget
of low budgeti =f (runtime i ) value, and penalty of low
penalty i =g(runtime i ). Thismodelis realisticsinceauser
who submitsa more urgent job to be completedwithin a
shorterdeadlineis likely to offer ahigherbudgetfor thejob
to be �nished on time andalsospecifya higherpenaltyif
thejob is delayedbeyondits deadline.Thearrival sequence
of jobs from the high urgency and low urgency classesis
randomlydistributed.

Valuesarenormallydistributedwithin eachof the three
parameters.The ratio of the meansfor eachparameter's
high-value and low-value is thus known as the high:low
ratio. So, a higher deadlinehigh:low ratio indicatesthat
low urgency jobshave longerdeadlinesthanthatof a lower
ratio. For instance,a deadlinehigh:low ratio of 8 means
thedeadline i =runtime i meanof low urgency jobs is two
timesmorethanthatof a deadlinehigh:low ratio of 4. On
theotherhand,ahigherbudgetor penaltyhigh:low ratiode-
notesthat high urgency jobs have larger budgetor penalty
thanthatof a lower ratio.

Sincethedeadline,budgetandpenaltyrateof a job will
now always be set as a larger factor of runtime, we in-
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Figure 1. Impact of penalty function on utility .

troducea bias parametervalue. A deadlinebias means
that a job i with longer runtime i (more than the aver-
ageruntime)hasdeadline i = deadline i =deadline biasi

(i.e. shorterdeadline). But if job i hasshorterruntime i

(less than the averageruntime), then it hasdeadline i =
deadline i � deadline biasi (i.e. longer deadline). This
workslikewisefor budgetandpenaltybias.

Differentlevelsof workloadaremodeledthruthearrival
delay factor which setsthe arrival delayof jobs basedon
theinterarrival time from thetrace.For example,anarrival
delay factorof 0.1 meansa job with 600 secondsof inter
arrival time from thetracenow hasa simulatedinterarrival
time of 60 seconds.Hence,a lower delayfactorrepresents
higherworkloadby shorteningtheinterarrival timeof jobs.

For our experiments,the runtime estimatesof jobs are
taken from theactualruntimeestimatesavailablefrom the
trace. A point to note is that actualruntimeestimatesare
highly inaccurateandoftenoverestimated.

5.3. Settings, Scenarios, and Metrics

For theexperiments,we considerunboundedpenaltyas
shown in Figure1. Thepenaltyfunctionpenalizesthecom-
puting serviceby reducingthe budgetof a job over time
after the lapseof its deadline. For simplicity, we model
the penaltyfunction as linear, as in other previous works
[8][12][20]. For every job i , thecomputingserviceearnsa
utility util ity i dependingon its penaltyratepenalty ratei
anddelaydelayi :

util ity i = budgeti � (delayi � penalty r atei ) (8)

Jobi hasadelaydelayi if it needsa longertime to com-
pletethanits givendeadlinedeadline i :

delayi = (f inish time i � submit time i ) � deadline i (9)

Table 2. Default sim ulation settings.
Parameter Default value

SetA SetB

% of high urgency jobs 20 same
% of low urgency jobs 80 same

Deadlinebias 1 14
Deadlinehigh:low ratio 4 same

Deadlinelow mean 4 same

Budgetbias 1 same
Budgethigh:low ratio 4 same

Budgetlow mean 4 same

Penaltybias 1 same
Penaltyhigh:low ratio 4 same

Penaltylow mean 4 same

Arrival delayfactor 1 same

Table 3. Scenario settings.
Scenario Varyingvalue

SetA SetB

Workload 0.02 same
(arrival delayfactor) 0.10

0.25
0.50
0.75
1.00

Jobmix 0 same
(% of high urgency jobs) 20

40
60
80

100

Deadlinebias 1 10
2 12
4 14
6 16
8 18

10 20

Budgetbias 1 same
2
4
6
8

10

Penaltybias 1 same
2
4
6
8

10



where submit time i is the time when job i is submit-
ted into the computingserviceand f inish time i is the
time when job i is completed. Thus, job i hasno delay
(i.e. delayi = 0) if it �nishes beforethe deadlineandthe
computingserviceearnsthe full budgetbudgeti asutility
util ity i . But, if thereis a delay(i.e. delayi > 0), util ity i

dropslinearly until it turnsnegative (i.e. exceedsbudgeti )
andbecomesa penalty(i.e. util ity i < 0). The penaltyis
unboundedtill the time whenthe job is �nally completed.
This model implies that a commercialcomputingservice
mustbecarefulaboutacceptingnew jobsto ensurethattoo
many jobsarenotacceptedsuchthatheavily penalizedjobs
dramaticallyerodepreviouslyearnedutility.

We usetwo setsof experiments:(i) SetA and(ii) Set
B to betterexaminehow eachdifferentpolicy performsfor
differentexperimentsettings.Table2 lists thedefault sim-
ulation settingsfor both SetA andB. The only difference
is that SetB hasa deadlinebiasof 14, whereasSetA has
a deadlinebiasof 1. So, the aim of SetB is to minimize
the advantagethat FCFS-BFandEDF-BF have over other
policiesfor SetA sincejobswith theshortestruntimealso
hastheshortestdeadlineandis thusalwaysassigned�rst in
EASY back�lling.

We �rst executethe policies for eachof these� ve dif-
ferentscenarios:(i) varyingworkload,(ii) varyingjob mix,
(iii) varyingdeadlinebias,(iv) varyingbudgetbias,and(v)
varyingpenaltybias. Table3 shows thesix varyingvalues
in eachscenario,thus deriving six resultsfor a particular
metric in eachscenario. The threemetrics(as described
in Section3) are: (i) SLA, (ii) reliability, and (iii) pro�t.
We thenapplythetwo proposedevaluationmethods(intro-
ducedin Section4) to assessthepolicieswith respectto the
objectives: (i) separaterisk analysis(Section6.1) and(ii)
integratedrisk analysis(Section6.2).

6. PerformanceResults

6.1. Separate Risk Analysis

Figure2 showstheseparaterisk analysisresultsfor each
objective(SLA, Reliability, andPro�t) usingSetA andB.

For SLA objective (Figure2(a) and2(b)), LibraRisk is
the bestpolicy as it returnsthe mostnumberof jobs with
deadlineful�lled. However, it is alsomorevolatile com-
paredto theotherpolicies.EDF-BFis theleastvolatilepol-
icy to achievethehighestnumberof jobsasmostdeadlines
aresetasa larger factorbasedon runtime,soshortestjobs
alsohasshortdeadlines.We canalsonoticethat both Li-
braandLibraRiskarelessvolatile in SetB thanSetA. This
shows thatLibra andLibraRiskareableto exploit changes
in deadlinesfor betteroutcome.

Figure2(c) and2(d) shows the risk analysisfor Relia-
bility objective. Both FCFS-BFandEDF-BF hasall jobs

(100%)that areacceptedcompletewithin their deadlines,
dueto thegenerousadmissioncontrolthatweimplemented.
So,they areimmuneagainsttheinaccuracy of runtimeesti-
mates.FirstRewardis alsomorevolatile for SetB thanSet
A asmoreshorterdeadlinejobs arebeingdelayed,dueto
their lowerpenaltyrates.

For Pro�t objective (Figure 2(e) and 2(f)), all policies
experiencehigh volatility for both SetA andB. However,
performancevariesgreatlybetweenSetA andB. FCFS-BF
andEDF-BF achievesthehighestpro�t in SetA, whereas
LibraRisk achieves the highestpro�t in Set B. LibraRisk
hassimilar pro�t asLibra in SetA, but is ableto perform
muchmoreeffectively whendeadlinebiasis high in SetB.
This provesthatFCFS-BFandEDF-BFareableto achieve
highestpro�t in SetA, largelydueto theadverseunfairness
in their generousadmissioncontrols.

FirstReward has the lowest performancefor all three
SLA, Reliability, andPro�t objectives.This is possiblydue
to FirstReward not saturatingthe processorsto their max-
imum, unlike the back�lling policiesandLibra that maxi-
mizestheutilization of theprocessors.

6.2. In tegrated Risk Analysis

Figure3 presentsthe integratedrisk analysisresultsfor
eachcombinationof two objectives using Set A and B,
while Figure4 showstheintegratedrisk analysisresultsfor
all threeobjectives.

For SLA andReliability objectivesin Figures3(a) and
3(b), LibraRiskhasthebestperformanceandvolatility for
bothSetA andB, while FCFS-BF, EDF-BFandLibra per-
formsaboutthesame.

Figure 3(d) shows LibraRisk performsa lot better for
SLA andPro�t objectivesin SetB dueto its high perfor-
mancein SLA objective,asseenthru a convex shapeof its
plot. Other policies perform not as well as seenthru the
concaveshapesof their plots.

For Reliability andPro�t objectives in Figure3(e) and
3(f), all the policies appearto perform somewhat similar
in SetB, exceptLibraRisk andFirstReward having higher
volatility. In SetA, FCFS-BFandEDF-BFperformsbest,
followedby Libra andLibraRisk.

For all three objectives (SLA, Reliability, and Pro�t)
(Figure 4(a) and 4(b)), both FCFS-BFand EDF-BF per-
form well in SetA, but not in SetB, highlighting the ad-
verseadvantageboth policieshave whendeadlinesareal-
wayssetaslarger factorsof runtimes.LibraRisk is ableto
meetSLA andearnpro�t moreeffectively by considering
therisk of deadlinedelaywhenruntimeestimatesareinac-
curate.WecanseethatLibraRiskemergeastheoverallbest
policy for SetB. LibraRiskalsoperformsquitewell for Set
A with only slightly lower performanceandhighervolatil-
ity thanFCFS-BFandEDF-BF, eventhoughLibraRiskob-
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Figure 2. Separate Risk Anal ysis for one objective .
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(a) SetA: SLA + Reliability
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(b) SetB: SLA + Reliability
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(c) SetA: SLA + Pro�t
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Figure 3. Integrated risk analysis for two objectives.
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Figure 4. Integrated risk analysis for all three objectives.

tainsabout20% lower pro�t thanFCFS-BFandEDF-BF
in SetA. This highlightsthe importanceof consideringall
objectives,ratherthana singleobjective to truly identify a
resourcemanagementpolicy thatcanmeetall the required
objectives.

7. Conclusion

This paperdiscussesseveral important objectives that
needto beconsideredby a commercialcomputingservice.
Two evaluationmethodscalledseparateandintegratedrisk
analysisarethenproposed.Evaluationresultshave shown
that both separateand integratedrisk analysisare able to
determinehow differentresourcemanagementpoliciesper-
form with respectto a singleobjective anda combination
of objectivesrespectively. In particular, anobjective that is
notachievedcanseverelyimpactontheoverallachievement
of otherobjectives. This work hasthusaddressedthe im-
portantneedof identifying andanalyzingthe achievement
of key objectivesby resourcemanagementpoliciesimple-
mentedin a commercialcomputingservice.
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