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Abstract

Utility computinghas beenanticipatedto be the next
geneamtion of computingusage. Users havethe freedonto
easilyswitch to any commecial computingserviceto com-
pletejobswhener the needarisesand simplypayonly on
usage, withoutanyinvestmentosts.A commecial comput-
ing servicehowever has certain objectivesor goalsthat it
aimsto achieve In thispaperweidentifythreeessentiabb-
jectivesfor a commecial computingservice: (i) meetSLA,
(i) maintainreliability, and (iii) earnprot. Thisleadsto
the problemof whethera resouce manayementpolicy im-
plementedn the commecial computingserviceis able to
meetthe required objectivesor not. So, we also develop
two evaluation methodsthat are simpleand intuitive: (i)
sepagte and (ii) integratedrisk analysisto analyzethe ef-
fectivenes®f resouce manajementpolicies in achieving
the required objectives. Evaluationresultsbasedon ve
policiessuccessfullglemonstate the applicability of sepa-
rate andintegratedrisk analysisto assespoliciesin terms
of therequired objectives.

1. Intr oduction

The next eraof computingis ervisionedto employ the
utility model [28], where usersno longer needto invest
heavily to maintaintheir own computingresources. In-
stead,usersoutsourcegobs to dedicatedccommercialcom-
puting servicego be completedandthusonly payfor what
they usewheneer they want. With the advanceof parallel
anddistributedtechnologiessuchasclustercomputing/18]
andgrid computing[10] thatenableresourcesharingacross
various organizations,commercialvendorssuch as Ama-
zon [2], HP [3], IBM [4], and Sun Microsystemg5] are
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now progressingaggresaiely towardsproviding a service
marketthat providesdynamicservicedelivery.

A commercialcomputingserviceis initiated to achieve
certain objectves which are very different from that of
a non-commerciakomputingservice. The most distinct
objectve betweenthem is that a commercialcomputing
serviceaimsto earnpro t asReturnOn Investment(ROI)
for running the service,since commercialcomputingser
vicesarebusinessedrivenby monetaryperformanceEven
though monetary performanceis the ultimate objective,
therearealsootherusercentricobjectves.Oneusercentric
objectie is to meetthe ServiceLevel Agreement(SLA)
that have beennegotiatedand agreedupon with the user
asthe userpaysfor the expectedserviceto be delivered.
Anotherusercentric objective is to maintainreliability so
that usersare not disappointedvith the poor servicequal-
ity, otherwisethey will switch to other commercialcom-
petitors.Theseusercentricobjectvesareimportantsincea
commerciakomputingservicefocuseson providing value-
addedservicedor userswho thenin turn payfor usingthe
services.

Our work focuseson evaluatingsuitableresourceman-
agementpolicies for a commercial computing service,
in particular with respectto its required objectives.
As there are numerous resource managementpolicies
[16][17][13][12][20][25][27][26] available,it is non-trivial
to identify the bestpolicy thattruly meetsthe requiredob-
jectives of the commercialcomputingservice. Therefore,
the contributionsfor this paperare:

Identifying threeessentiabbjectivesfor acommercial
computingservice: (i) meetSLA, (ii) maintainrelia-
bility, and(iii) earnpro t.

Developing two evaluation methodsthat are simple
andintuitive: (i) separatend(ii) integratedrisk anal-
ysisto analyzethe effectivenesf resourcemanage-
mentpoliciesin achieving therequiredobjecties.



Providing comprehensie performanceanalysisof ve
policies (FCFS-BE EDF-BF, Libra, LibraRisk, and
FirstRavard) thru trace-basedimulationto revealthe
bestpolicy for variousobjecties.

Evaluationresultsdemonstrat¢he applicability of separate
andintegratedrisk analysishasedon variousscenariogin-
cluding varying workload, job mix, deadline,budget,and
penalty)to assesgoliciesin termsof the requiredobjec-
tives. Thesemethodscanthushelp commercialcomputing
serviceprovidersto identify andimplementresourceman-
agemenpoliciesthatsuit their objecties.

Section?2 discusseselatedwork. Section3 describes
three possible objectives that a commercial computing
serviceaims to achiese and how they can be measured.
Section4 developstwo evaluationmethodgo facilitatethe
comparisonof selectedresourcemanagemenpolicies in
achieving the requiredobjectves. Section5 describeghe
evaluationmethodologyto assesshesepolicies. Section6
analyzeghe effectivenessof thesepolicieswith regardsto
therequiredobjectives.Section7 concludes.

2. Related Work

Therearemary ResourceManagemengystemgRMS)
[24][11][19][6][2 3] available, providing different policies
to allocatejobs. However, acommerciacomputingservice
neecdto considemtherserviceparameterssuchasthedead-
line to completethe job, the budget the user will pay
for its completion,and the penaltyfor ary deadlinevio-
lation. So, several new policies[21][12][13][20][25][27]
have beenproposedto supportquality-driven computing
servicessuchasusingan admissioncontrol to selectvely
acceptew jobsbasedn certainserviceparameters.

However, thereis no work doneto identify essentiabb-
jectivesthat a commercialcomputingserviceis aiming to
achieve, whichis whatwe areaddressingn this paper We
alsoproposeseparateandintegratedrisk analysismethods
to evaluatewhetherpoliciesareableto achiese therequired
objectves.

Various works [14][15][12][20] have addressedsome
form of risk in computingjobs. In [12] and[20], the risk
of payingpenaltieso compensatesersis minimizedsoas
notto reducethepro t of serviceproviders. Computation-
at-Risk (CaR) [14][15] determineghe risk of completing
jobs laterthanexpectedbasedon eitherthe makespan(re-
sponsetime) or the expansionfactor (slovdown). GridIS
[25] shaws that a conserative provider earnsmuch less
prot dueto acceptingtoo few jobsto run, as compared
to anaggressie providerwho earnmorepro t eventhough
morejobsresultin deadlineviolations.In contrastwe pro-
vide away to evaluatethesepolicieswith respecto there-
quiredobjecties.

3. Objectives of a Commercial Computing
Sewice

A commercialcomputingserviceoperatesasedon ob-
jectivesthat it aimsto achieve. This sectionexplainsthe
importanceof achieving threepossibleobjecties: (i) meet
SLA, (ii) maintainreliability, and(iii) earnprot, andhow
they canbemeasured.

Since various users have different requirementsand
needdfor runningtheir jobs, they specifyspeci ¢ SLA for
completingtheir jobs. An exampleof SLA requirements
the deadlinewithin which a job needsto be completedn.
Usersexpecttheir speci ed SLA requirementgo be ful-
lled asthey are payingfor the requiredservice. Users
whoalwayshavejobsbeingrejecteccaneasilyoptfor other
serviceproviders,thusincreasingcompetitionanddemand
for SLA satishction. So,therelevantobjective of the com-
mercialcomputingservicewill beto meetSLA. The SLA
metric can be computedas the percentagef ns A jobs
with SLA fullled (in this case,completedwithin dead-
lines), out of the total numberof m jobs submittedto the
computingservice:

SLA = IS8 409 )
m

With usersspeci ng the level of servicethey required
thru SLA, the commercialcomputingserviceneedsto en-
surethatit canreally deliverthe negotiatedservice.Other
wise, userscansimply switchto othercompetitorsoffering
betterservice.So,anotherobjective is to maintainreliabil-
ity. Thereliabil ity metriccanbecalculatedasthepercent-
ageof ng a jobswith SLA ful lled, outof the numberof
n jobsthatareacceptedy the computingservice:

SLA

reliabil ity = ”T 100 @)

The mostimportantobjective for acommerciakcomput-
ing serviceis to earnprot ascommercialbusinessesire
alwaysdrivenby monetaryperformance The prof it met-
ric canbe setasthe percentagef total utility earnedrom
n jobs acceptedy the computingservice,out of the total
maximumbudgetof m jobsthatare submittedto the com-
putingservice:

P util ity
o i=1 i
profit = IW 100 3)

4. Risk Analysis

An effective evaluationmethodis essentiato determine
whethera commerciakomputingserviceis ableto meetits
objectives.Thissectiondevelopstwo methoddasednrisk
managemertechniques(i) separatand(ii) integratedrisk
analysis.



4.1. Separate Risk Analysis

To evaluatean objective, we analyzethe risk involved
for thatobjectivethruits correspondingnetricasde nedin
Section3. Risk analysisrequirestwo parameters{(i) per
formanceand(ii) volatility thatcanbe computedbasedon
the resultsobtainedin a particularscenario.For example,
in thescenaricof varyingworkload,a total of n resultscan
be obtainedfor a speci ¢c metric(eg. SLA ) usingeachdif-
ferentworkload,whereagherestof the experimentsettings
remainghesame.

Thus,we cancomputeperformance sep of apolicy for
anobjective asthemeanof all n resultsobtainedn thesce-
nario:

P n
iz result;

perf ormance; sep = .

(4)

Volatility sep of thepolicy for the objective canthenbe
derivedby the standardieviation of thesen results:
S

'J
", (resultj)?
n

(s)® (5

volatil ity ; sep =

A highervolatility meansthat the resultsof the policy
uctuatesmore,thusincreasingherisk thatthe policy does
not alwaysreturnthe sameperformanceindervariouscon-
ditions. So, giventwo policieswith the sameperformance,
apolicy with lower volatility is preferredover the onewith
highervolatility.

4.2. Integrated Risk Analysis

As separateisk analysisonly examinesa single objec-
tive, we needto be ableto examinea combinationof objec-
tives. Moreover, thereis often morethanoneobjectie for
a commercialcomputingservice,soit is critical to be able
to assessall theseobjectivesin anintegratedfashion.

Giventhatthereis atotal of n objectivesto examine the
performance i; andvolatility iy of theintegratedrisk
analysiscanbe computedusingthe performance sep; and
volatility sep; measurefrom theseparateisk analysisor
eachobjectivei:

X
perf ormance; it = Wi  sep; (6)
i=1
X
volatil ity ; it = Wi sep;i (1)
i=1
wherew; is aweightto denotetheimportanceof a particu-
lar objective with respecto otherobjectves. For instance,
for our experimentswe treatall objectvesasequal,mean-
ing thatall w; arethe same. So, for the resultsin Section
6.2,w; is 0.5for two objectvesandw; is 0.33for all three
objecties.

Table 1. Policy parameter consideration.

Policy Arrival  Deadline Budget
‘ H time with penalty
FCFS-BF X
EDF-BF X
Libra X
LibraRisk X
FirstRevard X

5. Performance Evaluation
5.1. Resource Managemen t Policies

We examine veresourcenanagemerpolicies,namely:
(i) FCFS-BF (i) EDF-BF (iii) Libra, (iv) LibraRisk, and
(v) FirstRavard. Tablel lists the differencedetweerthese
policiesthru the parametershey considerin allocatingre-
sourcego jobs.

FCFS-BFand EDF-BF are back lling policies which
prioritize jobsbasednarrivaltime (FirstComeFirstSene)
and deadline(Earliest DeadlineFirst) respectiely. Both
policies adopt EASY back lling [16][17] to increasere-
sourceutilization. A queueis usedto storeincomingjobs
asonly a singlejob canrun on aprocessoatary time (i.e.
space-shared)Wheninsufcient numberof processorss
available for the rst job (highestpriority) in the queue,
EASY back lling assignstheseunusedprocessorgo the
next waiting jobs in the queuebasedon their runtime es-
timates, provided that they do not delaythe rst job. In
otherwords,jobsthatskipaheadnust nish beforethetime
whenthe requirednumberof processordy the rst job is
expectedo beavailable.

Thesetwo variationsof EASY back lling policy are
choserfor performancevaluationbecaus&ASY back II-
ing is currently the mostwidely usedpolicy for schedul-
ing paralleljobsin commerciaklusterbatchscheduler$9].
We nd thatthesepolicies without job admissioncontrol
performmuchworse,especiallywhendeadlinef jobsare
short. So, we implementan admissioncontrol that checks
whethera job shouldbe rejectedbasedon two conditions
beforerunningit: (i) thejob is predictedo exceedits dead-
line basedon its runtime estimate and (ii) the job hasal-
readyexceededts deadlinevhile waitingin thequeue.This
generousdmissiorcontrolenables-CFS-BFandEDF-BF
to selecttheir highestpriority job at the latesttime, while
ensuringthat earlier jobs whosedeadlineshave lapseddo
notincur propagatedielayfor laterjobs.

Libra [21] usesdeadline-basegroportionalprocessor
sharewith job admissioncontrol to enforcethe deadlines
of jobs. A minimum processotime shareis computedfor
eachjob i asruntime j=deadine; usingruntime estimate
sothatjobi is acceptednly if therearesufcient required
numberof processorwith thefreeminimumprocessotime



share. This meansthat multiple jobs canrun on a proces-
soratary time, usingits allocatedminimumprocessotime
share(i.e. time-shared)Unlike the above back lling poli-
cies,no queueis maintainedsoanew job is checledduring
submissiomandrejectedimmediatelyif its deadlineis not
expectedto beful lled. Libra choosesuitableprocessors
basedonthebestt stratgy, i.e. processorshat have the
leastavailable processotime left with the new job will be
selectedrst sothateveryprocessors saturatedo its maxi-
mum. Any remainingfreeprocessotimeis thendistributed
amongall jobson the processoaccordingto the processor
time shareof eachjob.

LibraRisk[27] is animprovementof Libra andusesthe
samedeadline-baseproportionalprocessoshare.Thedif-
ferenceis thatLibraRisk considergherisk of deadlinede-
lay whenselectingsuitablenodesfor anew job. Nodesare
selectedor anew job only if they have zerorisk of deadline
delay Thisenabled.ibraRiskto manageherisk of inaccu-
rate runtime estimategnore effectively thanLibra. Given
that actualruntime estimatedrom tracesare quite inaccu-
rate,LibraRiskis ableto completemorejobswith deadline
ful lled andachieve lower averageslovdown thanLibra.

FirstRevard [12] determinespossiblefuture earnings
PV, with possibleopportunitycostpenaltiexost; basedn
estimatedemainingruntimeRPT; of ajobi. Thereward
reward; isthencalculatedhrua -weightingfunctionas:
reward, = (( PV) (1 ) cost))=RPT,. Theearn-
ingsPV, of ajobi is computedas: PV, = budgeti=(1 +
(discount_rate RPT;)). For unboundegenaltiegasin
the caseof our simulation),the penaltycostcost; of ajob
i is the sumof pengltyfor all othern acceptedobs based
onRPT;: cost = ?:O;jei(penalty_ratej RPT;). The
admissiorcontrolof FirstRevardcomputesheslackslack;
of anew job i during submissionand rejectsthe job im-
mediatelyif slack; is lessthana speci ed slackthreshold:
slack = (PV; cost)=penaly rate;. Theslackthresh-
old determineghe balanceof earningsandpenaltiesvhere
a high thresholdavoids future commitmentshat canresult
in possiblepenalties. Settingthe correctslack threshold
is not trivial asthe ideal slack thresholdchangeslepend-
ing on the workload. After testingvariousslack thresh-
old valuesfor our simulatedworkload, we derive the fol-
lowing ideal simulationsettingsfor FirstReavard: is 1,
the discountrateis 1%, andthe slackthresholdis 25. We
have also extendedthe FirstRevard to considermultiple-
processoparalleljobsfor our simulationsincethe original
oneonly considerssingle-processgobs. However, we do
notmake FirstRevardto supportack 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 generatedrom a subsetof the last 5000 jobs in the
SDSC SP2trace (April 1998to April 2000) version 2.2
from Feitelsons Parallel WorkloadArchive [1].

The SDSCSP2traceis choserbecausé hasthehighest
resourceutilization of 83.2%amongothertracesto ideally
modeltheheary workloadscenaridor acomputingservice.
This 5000job subsetbasedon the last 3.75 monthsof the
SDSCSP2tracerequiresan averageof 17 processorand
hasanaveragenter arrival time of 1969second$32.8min-
utes)andaverageruntimeof 8671second$2.4hours).The
computingservicethatis simulatedresembleshe IBM SP2
at SanDiego SupercomputeCenter(SDSC)with 128com-
putationnodesgachhaving a SPECratingof 168.

However, jobs submittedto a commercialcomputing
service needto have three other signi cant parameters
(deadline budget,and penalty)which is unfortunatelyun-
availablein this traceandfrom anactualcommercialcom-
putingservice.Therefore we adopta similar methodology
in [12] to modeltheseparametershroughtwo job classes:
() highurgeng and(ii) low urgeng.

Each job in the high urgency class has a dead-
line of low deadiinej=runtime; value, budget of
high budgeti=f (runtime;) value, and penalty of
high penalty;=g(runtime ;) value. f (runtime;) and
g(runtime ;) are functions to representthe minimum
budgetand penaltythatthe userwill quotewith respecto
runtime ;. Corversely eachjob in the low urgencyclass
hasa deadlineof high deadline;=runtime ; value,budget
of low budget;=f (runtime ;) value, and penalty of low
penalty;=g(runtime ;). This modelis realisticsincea user
who submitsa more urgentjob to be completedwithin a
shorterdeadlines lik ely to offer a higherbudgetfor thejob
to be nished on time andalsospecify a higher penaltyif
thejob is delayedbeyondits deadline Thearrival sequence
of jobs from the high urgeng andlow urgeng classeds
randomlydistributed.

Valuesarenormally distributedwithin eachof the three
parameters.The ratio of the meansfor eachparametes
high-value and low-value is thus known as the high:low
ratio. So, a higher deadlinehigh:low ratio indicatesthat
low urgeng jobshave longerdeadlineghanthatof alower
ratio. For instance,a deadlinehigh:low ratio of 8 means
the deadline;=runtime ; meanof low urgeng jobsis two
timesmorethanthatof a deadlinehigh:low ratio of 4. On
theotherhand,ahigherbudgetor penaltyhigh:low ratiode-
notesthat high urgeng jobs have larger budgetor penalty
thanthatof alower ratio.

Sincethe deadline pudgetandpenaltyrateof a job will
now always be setas a larger factor of runtime, we in-
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Figure 1. Impact of penalty function on utility .

troducea bias parametewvalue. A deadlinebias means
that a job i with longer runtime; (more than the aver
ageruntime) hasdeadline; = deadline;=deadine _bias;
(i.e. shorterdeadline). But if job i hasshorterruntime
(lessthanthe averageruntime), thenit hasdeadline; =
deadline; deadline_bias; (i.e. longerdeadline). This
workslikewisefor budgetandpenaltybias.

Differentlevelsof workloadaremodeledhruthearrival
delay factor which setsthe arrival delay of jobs basedon
theinterarrival time from thetrace.For example,anarrival
delayfactorof 0.1 meansa job with 600 secondf inter
arrival time from thetracenow hasa simulatednter arrival
time of 60 secondsHence,alower delayfactorrepresents
higherworkloadby shorteningheinterarrival time of jobs.

For our experiments the runtime estimatesof jobs are
taken from the actualruntime estimatesvailablefrom the
trace. A point to noteis that actualruntime estimatesare
highly inaccurateandoftenover estimated.

5.3. Settings, Scenarios, and Metrics

For the experimentswe considerunboundegenaltyas
shavn in Figurel. Thepenaltyfunctionpenalizeghecom-
puting serviceby reducingthe budgetof a job over time
after the lapseof its deadline. For simplicity, we model
the penaltyfunction aslinear, asin other previous works
[8][12][20]. For everyjob i, thecomputingserviceearnsa
utility util ity ; dependingnits penaltyratepenalty r ate;
anddelaydelay;:

util ity; = budgeti (delay; penalty _rate;) (8)
Jobi hasadelaydelay; if it needsalongertimeto com-
pletethanits givendeadlinedeadline;:

delay; = (f inish _time; submit_time;) deadline; (9)

Table 2. Default simulation settings.
ParameterH Defaultvalue

SetA | SetB
% of high urgeng jobs 20 | same
% of low urgeng 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.
ScenarioH Varyingvalue

SetA | SetB
Workload 0.02 | same
(arrival delayfactor) 0.10
0.25
0.50
0.75
1.00
Jobmix 0 | same
(% of highurgeny 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; is the time whenjob i is submit-
ted into the computingserviceand f inish _time; is the
time whenjob i is completed. Thus, job i hasno delay
(i.e. delay; = 0) if it nishes beforethe deadlineandthe
computingserviceearnsthe full budgetbudget; as utility

util ity . But, if thereis adelay(i.e. delay; > 0), util ity ;

dropslinearly until it turnsnegative (i.e. exceedsbudget;)

andbecomes penalty(i.e. util ity; < 0). The penaltyis
unboundedill thetime whenthejob is nally completed.
This model implies that a commercialcomputingservice
mustbe carefulaboutacceptinghew jobsto ensurethattoo
mary jobsarenotaccepteduchthatheaily penalizedobs
dramaticallyerodepreviously earnedutility .

We usetwo setsof experiments: (i) SetA and (ii) Set
B to betterexaminehow eachdifferentpolicy performsfor
differentexperimentsettings. Table 2 lists the default 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-BFand EDF-BF have over other
policiesfor SetA sincejobswith the shortestruntimealso
hasthe shortestleadlineandis thusalwaysassignedrst in
EASY back lling.

We rst executethe policiesfor eachof these ve dif-
ferentscenarios(i) varyingworkload,(ii) varyingjob mix,
(i) varyingdeadlinebias,(iv) varyingbudgetbias,and(v)
varying penaltybias. Table 3 shaws the six varyingvalues
in eachscenariothus deriving six resultsfor a particular
metric in eachscenario. The three metrics (as described
in Section3) are: (i) SLA, (ii) reliability, and (iii) pro t.
We thenapplythetwo proposedvaluationmethodg(intro-
ducedin Sectiord) to assesshepolicieswith respecto the
objectives: (i) separateisk analysis(Section6.1) and (ii)
integratedrisk analysis(Section6.2).

6. Performance Results

6.1. Separate Risk Analysis

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

For SLA objective (Figure2(a) and2(b)), LibraRisk is
the bestpolicy asit returnsthe mostnumberof jobs with
deadlineful lled. However, it is alsomore volatile com-
paredto theotherpolicies.EDF-BFis theleastvolatile pol-
icy to achieve the highesthumberof jobsasmostdeadlines
aresetasa largerfactorbasedon runtime,so shortesjobs
alsohasshortdeadlines.We canalsonotice that both Li-
braandLibraRiskarelessvolatilein SetB thanSetA. This
shavs thatLibra andLibraRiskareableto exploit changes
in deadlinedor betteroutcome.

Figure 2(c) and 2(d) shows the risk analysisfor Relia-
bility objectve. Both FCFS-BFand EDF-BF hasall jobs

(100%) that are accepteccompletewithin their deadlines,
dueto thegenerousidmissiorcontrolthatwe implemented.
So,they areimmuneagainstheinaccurag of runtimeesti-
mates.FirstRevardis alsomorevolatile for SetB thanSet
A asmoreshorterdeadlinejobs arebeingdelayed,dueto
their lower penaltyrates.

For Prot objectve (Figure 2(e) and 2(f)), all policies
experiencehigh volatility for both SetA andB. However,
performancevariesgreatlybetweerSetA andB. FCFS-BF
and EDF-BF achievesthe highestpro t in SetA, whereas
LibraRisk achievesthe highestpro t in SetB. LibraRisk
hassimilar prot asLibrain SetA, but is ableto perform
muchmoreeffectively whendeadlinebiasis highin SetB.
This provesthat FCFS-BFandEDF-BF areableto achiere
highestpro t in SetA, largely dueto theadwerseunfairness
in their generousadmissiorcontrols.

FirstRevard has the lowest performancefor all three
SLA, Reliability, andPro t objectves.Thisis possiblydue
to FirstRevard not saturatingthe processorso their max-
imum, unlike the back lling policiesandLibra that maxi-
mizesthe utilization of the processors.

6.2. Integrated Risk Analysis

Figure3 presentghe integratedrisk analysisresultsfor
eachcombinationof two objectves using Set A and B,
while Figure4 showvstheintegratedrisk analysisresultsfor
all threeobjectives.

For SLA and Reliability objectvesin Figures3(a) and
3(b), LibraRisk hasthe bestperformancendvolatility for
bothSetA andB, while FCFS-BFEDF-BFandLibra per
formsaboutthe same.

Figure 3(d) shavs LibraRisk performsa lot betterfor
SLA andProt objectvesin SetB dueto its high perfor
mancein SLA objective, asseenthru a convex shapeof its
plot. Other policies performnot aswell as seenthru the
concae shape®f their plots.

For Reliability and Pro t objectivesin Figure 3(e) and
3(f), all the policies appearto perform someavhat similar
in SetB, exceptLibraRisk and FirstRevard having higher
volatility. In SetA, FCFS-BFand EDF-BF performsbest,
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-
verseadwantageboth policies have whendeadlinesare al-
wayssetaslargerfactorsof runtimes. LibraRiskis ableto
meetSLA andearnprot moreeffectively by considering
therisk of deadlinedelaywhenruntimeestimatesareinac-
curate We canseethatLibraRiskemepgeastheoverallbest
policy for SetB. LibraRiskalsoperformsquitewell for Set
A with only slightly lower performancendhighervolatil-
ity thanFCFS-BFandEDF-BF, eventhoughLibraRiskob-
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risk analysis for two objectives.



100 T T T T T T

40 g

Performance (%)
<

FCFS-BF ——
B EDF-BF i
% LibraRisk --------
Libra -
. FirstRelward

0 1 1 1
0 5 10 15 20 25 30 35

Volatility (Standard Deviation)
(a) SetA: SLA + Reliability + Pro t

100 . . : : . .
80 u_‘ .'~A~‘ |
e \ ,é’
X /o
& £ LA b
g 60f *!,/ “ |
2 L4
c
IS
£
o 40 |
5]
* FCFS-BF ——
20 EDF-BF i
LibraRisk --------
Libra e
FirstReward
0 L I ! . A
0 5 10 15 20 25 30 35

Volatility (Standard Deviation)
(b) SetB: SLA + Reliability + Pro t

Figure 4. Integrated risk analysis for all three objectives.

tains about20% lower pro t than FCFS-BFand EDF-BF
in SetA. This highlightstheimportanceof consideringall

objectives,ratherthana single objective to truly identify a
resourceananagemenpolicy thatcanmeetall the required
objectves.

7.Conclusion

This paperdiscusseseveral important objectives that
needto be consideredy a commercialcomputingservice.
Two evaluationmethodscalledseparatendintegratedrisk
analysisarethenproposed.Evaluationresultshave shovn
that both separateand integratedrisk analysisare able to
determinehow differentresourcenanagemerpoliciesper
form with respectto a single objectve anda combination
of objectvesrespectiely. In particular anobjective thatis
notachiezedcanseverelyimpactontheoverallachiezement
of otherobjectives. This work hasthusaddressedhe im-
portantneedof identifying and analyzingthe achieazement
of key objectvesby resourcemanagemenpoliciesimple-
mentedn acommerciatomputingservice.
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