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Abstract

This paper investigatesthe question of scheduling
tasksaccording to a user-centric value metric—called
yield or utility. Uservalueis an attractivebasisfor allo-
catingsharedcomputingresources,andis fundamentalto
economicapproachesto resource managementin linked
clusters or grids. Evenso,commonlyusedbatch sched-
ulersdonotyetsupportvalue-basedscheduling, andthere
hasbeenlittle studyof its usein a market-basedgrid set-
ting. In part this is becauseschedulingto maximizetime-
varyingvalueis a dif�cult problemwhereevensimplefor-
mulationsare intractable.

We presentimproved heuristicsfor value-basedtask
schedulingusinga simplebut rich formulationof value,
in which a task's yield decayslinearly with its waiting
time. We also showthe role of value-basedscheduling
heuristicsin a framework for market-basedbidding and
admissioncontrol, in which clientsnegotiatefor taskser-
vicesfrom multiple grid sites. Our approach follows an
investmentmetaphor: the heuristicsbalancethe risk of
future costsagainst the potential for gains in accepting
and schedulingtasks. In particular, we showthe impor-
tanceof opportunitycost,and the impactof risk due to
uncertaintyin thefuture job mix.

1 Intr oduction

The usesof grid computingcontinueto expandfrom
the core goal of harnessingthe power of distributed
resourcesfor large-scalecomputation. Grids are in-
creasinglysharedamonglargenumbersof differentuser
groups.Linking clusterstogetherin gridscanimprovere-
sourceef�ciency; consolidatingsmallprivateclustersinto
clusterutilities can reducemanagementcost and bring
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morecomputepower to eachuseron demand.Although
usersbene�t from resourcesharing,thesebene�ts come
at the price of yielding somelocal control over the re-
sources.It is thereforeessentialfor grids to arbitratere-
sourceusageacrosscompetingdemandsin awaythatbal-
ancesthe collective needfor effective global useof the
resourceswith eachuser's needfor fairness,predictable
performance,andcontrolovertherelativepriority of their
jobs.Economicor market-basedapproachesareattractive
for thispurpose.

Today's batchsystemsaddressthis needwith a com-
binationof approachesincluding userpriority, weighted
proportionalsharing,and servicelevel agreementsthat
set upperand lower boundson the resourcesavailable
to eachuseror group[17,21]. Theseschedulingmecha-
nismshave largely beentranslated,with few adaptations,
for useon thegrid. Market-basedapproachesre�ne this
capabilityby enablingusersto exposetherelativeurgency
or cost of their tasks,subjectto constraintson their re-
sourceusage. In value-based[3,8] or user-centric [10]
scheduling,usersassignvalue(alsocalledyield or utility)
to their jobs, andthe systemschedulesto maximizeag-
gregatevalueratherthanto meetdeadlineconstraintsor
a system-wideperformanceobjective suchasthroughput
or meanresponsetime. In economicterms,value cor-
respondsto currency: users“bid” for resourcesandpay
for them accordingto their uservalue; the systemsells
resourcesto the highestbidder in order to maximizeits
pro�t. Thisapproachis a foundationfor market-basedre-
sourcemanagementin federatedenvironments.

Thispaperfocusesonmarket-basedschedulingin grid
servicesitesbasedon userbids thatspecifyvalueacross
a rangeof servicequality levels. Representationsof task
value createa meansto dynamicallyadjustrelative job
priority accordingto the work�o w of the organization,
e.g.,giving jobshigherpriority whenotheractivities de-
pendon their completion. For example,the resultsof a
� ve-hourbatchjob that is submittedsix hoursbeforea
deadlineareworthlessin sevenhours.Theschedulermust
balancethelengthof ataskwith bothits presentvalueand



its opportunitycost; in short, it mustbalancethe risk of
deferringa taskwith therewardof schedulingit.

This paperextendsthe treatmentof task scheduling
for linearly decayingvalue functionsin the Millennium
economicclustermanagerat Berkeley [9,10]. Fromthat
startingpoint,weshow how ataskservicesitecansched-
uleastreamof arriving tasksto accountfor importantrisk
and reward factors. Next, we show how to usevalue-
basedschedulingin a framework for market-basedbid-
ding and admissioncontrol, in which clients negotiate
for task servicesfrom multiple grid sites. We present
a risk/reward heuristic that extendsclassicalscheduling
heuristicsto a computationaleconomy.

This paperis organizedasfollows. Section2 givesan
overview of the premisesand goalsof our work. Sec-
tion 3 discussesthe formulationof value functions,and
Section4 summarizesthe resultingschedulingproblem
and our evaluationmethodology. Section5 developsa
con�gurableschedulingheuristicto balancerisk andre-
ward, andSection6 appliesthe heuristicto taskaccep-
tanceandcontractnegotiation.Section7 discussesrelated
work, andSection8 concludes.

2 Overview

We considera servicemarket in which eachsite sells
theserviceof executingtasks,ratherthanraw resources.
In aservicemarket,clientsandserversnegotiatecontracts
that incorporatesomemeasureof servicequality andas-
suranceaswell asprice. For example,clientsmay pay
morefor betterservice,andserversmay incur a penalty
if they fail to honor the commitmentsfor servicequal-
ity negotiatedin their contracts.This paperconsidersthe
mechanismsto assignvalueto the service,andthe poli-
ciesto negotiateservicepricesandservicequality levels.
We focus on the simplesttype of service: a batchtask
service.Ourapproachis basedon threekey premises:

� Tasksarebatchjobsthatconsumeresourcesbut de-
livernovalueuntil they complete.

� A job submissionspeci�es a resourcerequest(ser-
vice demand)to run the job, andcorrectlyspeci�es
thejob'sdurationif its resourcerequestis met.

� Eachtask is associatedwith a user-speci�ed value
function(utility function) thatgivesthe task's value
to theuserasa functionof its completiontime. Sec-
tion 3 discussesthesevalue functions, which are
usedto specifybidsandservicecontracts.

Figure 1 illustratesthe context for our work. Each
server site selectsbuyers for resourcesbasedon client
bids for submittedtasks,which aregiven asvaluefunc-
tions. If theserver agreesto accepta client's bid, it pro-
posesanexpectedcompletiontimeandpricederivedfrom
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Figure 1. A client or broker negotiatingwith three
taskservicesitesto determinewhere to run a task.

thevaluefunction. Theclient thenselectsa server to run
the taskby choosingamongthe setof grid sitesthat re-
spondedto its bid. Sincethebid speci�esvalueacrossa
rangeof servicequality levels(completiontimes),thene-
gotiationprotocolbetweenthe buyer andthe sellermay
consistof just this onepair of exchanges.A brokercould
coordinatethis negotiationprocess,asin Mariposa[20].

Oncethecustomerandthesiteagreeon theexpected
completiontimeandvalue,acontractis formed.If thesite
delaysthe task beyond the negotiatedcompletiontime,
then the value function associatedwith the contractde-
terminesthereducedpriceor penalty. As a result,server
sitesmustconsidertherisksinherentin eachcontractand
schedulingchoice.

Our work focuseson thepolicy choicesmadeby grid
sitesto maximizetheirgainsin acomputationaleconomy.
Thecontributionof thiswork is aframeworkandheuristic
for taskbidding,negotiation,acceptance,andscheduling
at a grid site. We show how eachsite canusethe value
measuresto balancerisk andreward in bidding for tasks
and schedulingtasksacceptedinto its task mix. Other
aspectsof marketdynamics—suchaspricingsystems,in-
centivemechanismdesign,andclientbiddingstrategies—
arebeyondthescopeof this paper. In particular:

� We proposeameansto negotiateandformulatecon-
tracts,but we do not specify mechanismsfor pay-
mentor contractenforcement.In particular, we as-
sumethatbuyershaveanexternalsupplyof currency
in arbitraryunits,but we do not de�ne how thecur-
rency is replenishedor recycled throughthe econ-
omy. We envision that eachuser or group is as-
signeda budget to spendon computingserviceover
eachtime interval, asin previouseconomicresource



managers(e.g.,[4,19,20,22,24]). Currency maybe
distributedanddelegatedin a decentralizedor hier-
archicalfashionto meetglobalgoals[22,23].

� We focuson the policies to determinethe winning
bidsandto scheduleserver resources,but we do not
specifypricing mechanisms.In practice,it may be
usefulto chargepricesbelow thebid priceto provide
incentivesfor buyersto bid truthfully. For example,
single-commodityVickrey auctionschargethewin-
ner a price derived from the second-highestbid for
this purpose,andareusedin Spawn [22] andothers.

� Our bidding and negotiation protocol usessealed
bids,andwedonot includemechanismsto advertise
pricesignalsto buyersin orderto balancesupplyand
demand.Givensuf�cient market volume,it maybe
suf�cient to publishsummariesof recentcontractsas
a basisfor competitivebidding.

Althoughwe focuson a servicemarket, our approach
showshow ataskserviceprovidercanuserisk andreward
measuresto quantify its gainsfrom the underlyingcom-
putationalresourcesthathostthetaskservice.Wesuggest
thata serviceprovidermayusethesemeasuresastheba-
sisfor a biddingstrategy for raw resourcesin a computa-
tional resourcemarket (e.g.,[4, 5,13,22,24]). Thus,our
approachis complementaryto previouswork in market-
basedgrids that sell resourcesasopposedto application
service(seeSection7).

3 ValueFunctions

Eachserversitemakesadmissioncontrolandschedul-
ing decisionsbasedon the task value functions. These
functionsgive an explicit mappingof servicequality to
value,exposinginformationthatallowseachsiteto prior-
itize tasksmoreeffectively. Value-basedschedulingis an
alternative to schedulingfor deadlineconstraints,which
give thesystemlittle guidanceon how to proceedif there
is nofeasibleschedulethatmeetstheconstraints,e.g.,due
to unexpecteddemandsurgesor resourcefailures.

A valuefunction speci�es the valueof the serviceto
theuserfor arangeof servicequality levels—inthiscase,
expectedtaskcompletiontimes.Thekey drawbackof the
user-centricapproachis thatit placesaburdenonusersto
value their requestsaccuratelyandprecisely. The more
preciselyuserscan specify the value of their jobs, the
moreeffectively thesystemcanscheduletheir tasks.

The formulation of value functions must be simple,
rich, andtractable.We adopta generalizationof the lin-
ear decayvaluefunctionsusedin Millennium [9,10], as
illustratedin Figure2. Eachtask
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Figure2. Anexamplevaluefunction.Thejob earns
a maximumvalue if it executesimmediatelyand
completeswithin its minimumrun time. Thevalue
decayslinearly with queuingdelay. Thevaluemay
decayto a negative number, indicating a penalty.
Thepenaltymayor maynotbebounded.
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Thesevalue functions createa rich spaceof policy
choicesby capturingthe importanceof a task(its maxi-
mumvalue)andits urgency (decay)asseparatemeasures.
Jobsaremoreurgentif expensiveresources(suchaspeo-
ple) arewaiting for themto complete,or if they mustbe
�nished beforereal-world deadlines.Theframework can
generalizeto valuefunctionsthatdecayat variablerates,
but thesecomplicatetheproblemsigni�cantly.

Our framework for a market-basedgrid allows for a
penalty if a task is delayedbeyond the point at which
its value goesto zero. Penaltiesprovide a disincentive
for a site to accepttoo much work or violate its con-
tractualobligationsby discardinganacceptedtaskif cir-
cumstancespreventthesitefrom completingthetaskin a
timely fashion.Thevaluefunction mayspecifya bound
on the penalty. If a task

�

's penalty is bounded,then
�+*',

�

�

�

 is its expiration time—the time when

�

's value
functionstopsdecaying.Valuefunctionsareboundedat
zero in Millennium; the systemincursno costeven if it
discardsanexpiredtaskandnevercompletesit.



4 Value-basedScheduling

A scheduleris driven by a sequenceof task arrival
times(releasetimes) -
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5 andtaskcom-
pletion/departures.It maintainsa queueof tasksawait-
ing dispatch,and selectsfrom them accordingto some
schedulingheuristic. Once the systemstartsa task, it
runs to completionunlesspreemptionis enabledand a
higher-priority task arrives to preemptit. 687:9
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resentstask
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's expectedRemainingProcessingTime—
initially its �
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Two commonschedulingalgorithmsare First Come

FirstServed(FCFS), whichorderstasksby �
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 , and
ShortestRemainingProcessingTime (SRPT), which or-
dersby 687:9


 . Thesebaselinealgorithmsdonotconsider
user-centric measuresof value. We considerthe value-
basedschedulingproblemunderthe following simplify-
ing assumptions:

� Theprocessorsor nodeswithin eachgrid sitearein-
terchangeable.If preemptionis enabled,thena sus-
pendedtaskmayberesumedonany otherprocessor.
Context switchtimesarenegligible.

� The systemnever schedulesa job with lessthanits
full resourcerequest,e.g., jobs are always gang-
scheduledusing common back�lling algorithms
with the requestednumberof processors.For sim-
plicity weassumethattheresourcerequestisasingle
processoror node.

� The predicted run times �

	����

���

��
 are accurate.
Thereis no interferenceamongrunningtasks,e.g.,
dueto contentionon the network, memory, or stor-
age.We do not considerI/O costs[2] or exceedance
penaltiesfor underestimatedruntimesat thisstagein
our research.

A candidatescheduledeterminesthe expectednext
starttime ;

�<�

�

�

 andcompletiontime for eachtask
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. The
completiontime is givenas ;
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 assumingthe
taskis notpreempted.Thustheexpectedvalue �
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 in a candidatescheduleis givenby Equation1 and
thedelayfor theexpectedcompletiontime:
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Schedulingbasedon linearly decayingvalue func-
tionsis relatedto well-known schedulingproblems.Total
WeightedTardiness(TWT) seeksto minimize B
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where �


 is theweight (or decay)and 9


 is the tardiness
of job

�

. A job
�

is tardy if it �nishes after a speci�ed
deadline. We focus on the variant in which eachjob's
deadlineis equal to its minimum run time, so that any
delayincurssomecost. If penaltiesareunbounded,then

thisproblemreducesto TotalWeightedCompletionTime
(TWCT), whichseeksto minimize B
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�CD
 where�


 is a
job'sweight(equivalentto decay)and C 
 is itscompletion
time in theschedule[1].

The off-line instancesof TWT and TWCT areboth
NP-hard.Thispaperconsiderson-lineheuristicsandtheir
useby server sitesfor value-basedscheduling[3,8] in a
computationaleconomy. A key differencein this context
is thateachtaskhasavalueaswell asaweight.Tardiness
problemsignorevalueonthepremisethatthescheduleris
constrainedto executeeveryarriving task;in thiscasethe
valuesarenotsigni�cant, andtheonly goalis to minimize
lossof valueasgiven by the weights. For example,the
bestknownheuristicfor TWCT isShortestWeightedPro-
cessingTime(SWPT). SWPT prioritizestasksaccording
to the task's �'E�F�6:7:9�E , and is optimal for TWCT if all
tasksarriveat thesametime.

However, with admissioncontrol (as in a grid econ-
omy)orboundedpenalties(asin Millennium),serversites
have the option to reject or abandonany given job. In
thesecasesthe schedulermust also considerreward or
the valueto be earnedby executingthe job. For exam-
ple, the Millennium FirstPriceheuristicprioritizestasks
greedily accordingto the expectedyield per unit of re-
sourceper unit of processingtime ( �

�

�+�

�
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 ). We
referthis valueasunit gain or utility sinceit is a measure
of yield perunit of resourceperunit of time. TheMillen-
nium studyrefersto it asthetask's price in theschedule,
althoughtheactualpricechargedin aneconomymaybe
lower.

Note that it is alsoimportantto considerrisk, weight,
or decay. For example,if a taskis preemptedanddelayed
further, its yield declinesaccordingto �

�������

 , andhence

its unit gainor pricedrops.Importantly, thesystemearns
thelowerunit gainevenon theresourcesalreadyinvested
in the task. Thus running a task is a risky investment:
if the taskis delayedat somelater time thenthe gain is
lower thanexpected. Our approachfollows this invest-
mentmetaphor:the heuristicsdiscountfuture gainsand
consideropportunitycostto obtainacon�gurablebalance
of risk andreward.

4.1 Experimental Methodology

To explore theeffectivenessof the schedulingheuris-
tics, we built a simulatorfor a bidding and taskservice
economywith linear valuefunctions. The simulatorin-
cludesa schedulingmodulethat could run directly in a
grid-basedbatchengine.

In our experimentswe usesynthetictracesconsisting
of a mix of single-processorcomputejobs. The traces
are representative of real batchworkloadsas character-
ized in previous tracestudies[12,16,18]. Thesestudies
show thatexponentiallydistributedinter-arrival timesare



commonin batchworkloads.While job durationsarenot
always exponential,recentresearchindicatesthat dura-
tions rarely affect the relative rankingof schedulingal-
gorithms[16]. Most experimentsuseexponentiallydis-
tributed inter-arrival times and job durations,thoughin
somecaseswe usenormaldistributionsto reproduceand
compareto resultsfrom theMillennium study.

Previousstudiesgive no guidanceon how usersvalue
their jobs, since no tracesfrom deployed user-centric
batch schedulingsystemsare available. This is unfor-
tunatebecausethe distribution of maximumvaluesand
penaltieshasasigni�cant impactontheresults.Wechose
the samebimodal distributions for value as the Millen-
nium study. The value assignmentsare normally dis-
tributed within high and low classes:unlessotherwise
speci�ed,20%of jobshavea high ������	 ��


F��

	����

���

��
 and
80%havealow �����
	���


F��

	����

���

��
 . Theratioof themeans
for high-valueandlow-valuejob classesis thevalueskew
ratio. The Millennium studydid not investigatethe be-
havior of jobmixeswith varyingdecayrates,butwechose
to adoptasimilarbimodaldistributionfor thedecayrates.
Thedecayratesareassignedin a similar fashionparame-
terizedby a decayskew ratio.

We limit our investigationto relativeperformanceand
basic insightsabout schedulingusing value and decay.
Many interactingcharacteristicsof thejob mixesplaykey
roles in determiningthe results. For example,the mag-
nitudeof all resultsis dependenton the load factor, i.e.,
thetotalrequestedwork overany interval,dividedby total
capacity. Higher load factorsincreasethe importanceof
effective scheduling.Most experimentshold loadfactors
constantandcloseto saturation(loadfactorone),forcing
the systemto delayor rejectsometasksbut allowing it
to completeandearnvalueon a majority of tasks.Other
tracepropertiesthataffectresultsincludethedistributions
of value,decay, job duration,andinter-arrival times.

5 Risk/Reward Heuristics

This sectiondevelopsa parameterizedheuristiccalled
FirstReward for valueschedulingwith linearvaluefunc-
tions. We �rst considerthe problemof schedulinga se-
quenceof arriving tasksto maximizevalue. Section6
shows how to usetheheuristicasa basisfor negotiation
andadmissioncontrol(taskrejection).

For experimentsin this section,theschedulerreceives
a traceof 5000jobsrepresentative of theworkloadchar-
acteristics,andthe experimentrunsuntil the systemhas
completedall jobs. Theseexperimentsareconservative
in that the traceparametersarestablethroughtheexper-
iment and the schedulermust run all tasks,rather than
usingits heuristicsto selecttasksfrom themix.
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relativeto FirstPricefor variantsof a taskmixused
in theMillenniumstudy, with load factor 1. At dis-
count rate 0 PV is equivalentto FirstPrice. Yield
improvesfor modestincreasesin thediscountrate
along the * -axis. The improvementis larger for
workloadswith a highervariancein taskvalue.

5.1 DiscountingFutur eGains

We �rst extendthenotionof yield andunit gainto ac-
countfor therisk of gainsdeferredto thefuture. For ex-
ample,given two taskswith the sameunit gain andur-
gency, it may be preferableto run the shortertask �rst,
sinceit carriesa lower risk of preemptionby a newly ar-
riving taskbeforethe investmentpaysoff. Evenwithout
preemption,theshortertaskcarriesa lower risk of delay-
ing a valuableor urgenttask that arriveslater. In either
case,a risk-averseschedulermight evenchooseto run a
lower-yield taskif it canrealizeits gainsquickly.

Our approachis basedon the notion of presentvalue
in �nance. Thepresentvalueof a task

�

is de�ned as:
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This formulais standardfor thepresentvalueof anin-
vestmentinstrumentwith facevalue�
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 thatmaturesin
time 6:7:9
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���<� is a tunableparam-
eter: higherdiscountratescausethe systemto discount
futuregainsmoreaggressively, makingthesystemmore
risk-averse.We introduceaheuristiccalledPresentValue
or PV that selectsjobs in order of discountedunit gain
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 .
Figure3 shows the yield improvementof PV relative

to FirstPricefor astandardtaskmix from theMillennium
study, with varying value skew ratio. The inter-arrival



timesandjob durationsarenormallydistributed,with 16
jobssubmittedin abatchoneacharrival. Thedecayrates
are the sameacrossall tasksin eachmix, andpenalties
areboundedat zero.Preemptionis enabled.

As we increasethediscountrate,Figure3 shows that
the PV heuristicimprovesyield modestlyeven for these
stableworkloads. Discountingfuture gainsis more im-
portant with higher value skew ratios, which imply a
higherrisk thathigher-valuejobsarriveafterresourcesare
committedto a long job but beforethejob completes.

5.2 Opportunity Cost

Next, weextendtherewardheuristicto considerlosses
from theopportunitycostto selecta giventask

�

instead
anotherqueuedtask M , causingM 's yield to decay. If task

M is moreurgentthan
�

, i.e., its valuedecaysmorerapidly,
thenit maybebetterto prefertaskM evenif it hasa lower
unit gain. A task's opportunitycostdependsonly on the
urgency of competingtasks. If theschedulermusteven-
tually completeall tasks,thenit shouldconsideronly cost
andignoregainscompletely:it will obtainthe full yield
for eachtask,minusthecostfor any delayit incursin the
schedule.More generally, the systemcansafelydefera
lessurgenttaskwith a low decayrate � , even if it hasa
high valueor a high unit gain. This is theessenceof the
well-known SWPT heuristicdiscussedin Section4.

The opportunitycost �$J
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 to starta candidatetask
�

at somepoint in the scheduleis given by the aggregate
declinein yield of all competingtasksover time 6:7:9
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If penaltiesareboundedandtasksexpire, thenit takes
Z

"��?( time to computethecostfor any taskin a setof �

tasks,andtheschedulercan�nd the least-costtaskin at
most

Z

"
��[�( time. If penaltiesareunbounded,thenwecan
simplify theformulato computea per-unit cost:
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Sincethe�rst termis aconstantfor all tasksin themix,
eachschedulingstepbecomes

Z

"
�?( at worst, andit can
take

Z

"
\2]�^_�?( time if thecurrentscheduleis represented
as a heap. Schedulingto minimize this per-unit cost is
equivalentto SWPT.

5.3 BalancingGainsand Opportunity Cost

It is risky to defergainsfrom a high-valuetaskon the
basisof opportunitycost alone. FirstReward usesa re-
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Figure 4. Improvementof FirstReward over First-
Price asthe ` parametervaries,for job mixeswith
boundedpenaltiesand varying decayskew ratios.
It is more importantto considercost(low ` ) than
gains in this case, and the importanceof cost in-
creaseswith thevariability of thedecayrates.The
hybrid heuristicworksbestoverall, and is mostef-
fectivearound `

�bac0 d .

wardmetricthatcombineseachtask'sexpectedgainwith
its opportunitycostperunit of resourceperunit of time,
weightedby a tunableparameter̀ :
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The ` parametercontrols the degree to which the
systemconsidersexpectedgains. With `

� I and
�

�

;

��J�	����

�

���<�b�ja , the heuristicreducesto PV. With
`

�ba it reducesto avariantof SWPT. Thegeneralform
considersdiscountedfuturegainsandopportunitycostto
varyingdegreesto balancerisk andreward,givenappro-
priatesettingsfor �

�

;

��J�	����

�

���<� and ` .
Figure4 shows theeffect of varying ` for threetraces

with boundedpenaltiesanddifferentdecayskew ratios.
We hold the valueskew ratio constantat 2; the discount
rate is 1%. Although the best ` dependson the proper-
ties of the taskmix, otherexperimentshave shown that
generallythe ideal is `lk

ac0nm . Interestingly, SWPT
( `

�oa ) is a goodapproximationto minimize costeven
with boundedpenalties.However, gainis alsoagoodpre-
dictor of costwhenpenaltiesarebounded:with high `

the heuristicbiasesagainstlow-value jobs, which have
the leastvalue to lose. Sincedecayratesarenot corre-
lated with value, the low-value jobs tend to reachtheir
boundsandexpire faster;oncea taskhasexpired it may
bedeferredto theendof theschedulewith nofurthercost.

In contrast,Figure5 shows that thereis little bene�t
to consideringgainwhenthepenaltiesareunbounded.In
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Figure 5. This experimentis identical to Figure 4,
but thepenaltiesareunbounded.In thiscase, where
thesystemmustacceptandcompleteall jobs, it is
neverusefulto considergains,only cost.Notethat
themagnitudeof theimprovementrelativeto First-
Price is much larger with unboundedpenalties.

thesecases,therelativeadvantageof a cost-basedheuris-
tic canbe an orderof magnitudeor moredependingon
the urgency anddecayskew in the taskmix. Again, in
theseexperimentsthescheduleris constrainedto execute
all submittedtasks. The next sectionconsidersuseof
theseheuristicsfor serverbiddingandadmissioncontrol,
whereit is alwaysimportantto balancerisk andreward.

6 Negotiationand Admission Control

We proposea market-basedtask service in which
clientssubmit taskbids to server sitesor brokers,spec-
ifying eachtask

�

's expectedrun time andits valuefunc-
tion asa tuple "
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( . Each

sitemaychooseto acceptor rejectany submittedtask. If
it acceptsthe task, it negotiatesto establisha price and
expectedcompletiontime.

Eachsite maintainsa pool of tasksit is contractedto
run, anda candidateschedulefor its � pendingtasks. It
executesthefollowing procedurefor eachproposedtask:

� Integratethe task into the currentcandidatesched-
ule accordingto theheuristic(e.g.,FirstReward), as
describedin Section5.

� Determinetheexpectedyield for the taskif it is ac-
cepted,by evaluatingits value function for its ex-
pectedcompletiontime in thecandidateschedule.

� Apply an acceptanceheuristic to determineif it is
worthwhile to acceptthe task into the currenttask
mix, asdescribedbelow.

� If thetaskis worthwhile,thenaccepttheclient'sbid
andissuea server bid to the client. The server bid
representstheexpectedcompletiontime for thetask
in thecandidateschedule,andtheexpectedprice to
run the task. Our site policiesact as if the price is
deriveddirectlyfrom theoriginalvaluefunction,i.e.,
client bid value and price are equivalent, although
a pricing strategy may proposea differentprice as
discussedin Section2.

� If the contractis acceptedby the client, thenincor-
poratethetaskinto thescheduleandexecuteit. It is
possiblethat later arrivals will delayits completion
time, in which casethesitereceivesa lowerpriceor
paysa penaltyasdescribedin Section3.
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Figure 6. Admissioncontrol allows sitesto select
taskswith high reward and low risk in the current
candidateschedule. Thegraph givesthe yield per
unit of time for taskstreamswith increasingloads
along the * -axis, and different valuesof ` in the
FirstReward heuristic.

Theacceptanceheuristicshouldconsiderboththepo-
tentialrewardandthedegreeto whichthetaskwouldcon-
strainacceptanceof future tasksinto themix. For exam-
ple, urgent tasksincur more risk becausethey increase
theopportunitycostto run any new high-yield tasksthat
arrive later, andso decreasetheir reward. We proposea
simpleacceptanceheuristicbasedon theslack for a sub-
mittedtask

�

—theamountof additionaldelay(beyondits
placein the candidateschedule)that the task can incur
beforeits rewardfalls below someyield threshold.With-
out lossof generality, we take the yield thresholdequal
to zero,i.e., the point at which the tasklosesthesystem
money, eitherby incurringa penaltyor by delayingother
acceptedtasks. The slack is computedfrom the current
point in thecandidateschedule:
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Thecostof runningthe taskis an estimateof the im-
pact on thosetasks M that are behind

�

in the candidate
schedule,i.e., thosetasksthatwill bedelayedmorethan
expectedby acceptingthis new task
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The acceptancepolicy rejectstaskswhoseslack falls
below someslack threshold. Under higher load, with
moretasksqueued,new taskswill tendto be placedfur-
therbackin theschedule,andwill alsotendto havemore
tasksbehindthem. Thushigh load tendsto both reduce
thepotentialyield andincreasethecostof eachnew task,
both of which reduceits slack. The slackalsocaptures
therisk of acceptingthetask,asdeterminedby its decay
rate and its position in the schedule. Acceptinga low-
slacktaskconstrainsthe site's �e xibility to acceptother
higher-valuetasksin the future,sincethegainsfor those
taskswould be partially offset by the additionaloppor-
tunity cost to run them, i.e., the yield lossandpotential
penaltyfor thelow-slacktask.Thisopportunitycostmay
forcethesiteto rejectotherpro�table taskslaterbecause
thecostof delayinganurgenttaskis toohigh.

Figure6 shows theeffect of admissioncontrolon the
value earnedper unit time. Each point is for a repre-
sentative traceof 5000submittedjobswith exponentially
distributedtaskdurationsandinter-arrival times,andun-
boundedpenalties.Thevalueskew ratio is 3, andthede-
cayskew ratiois 5. Thejobsarriveovershortertimeinter-
valsasloadfactorincreasesalongthe * -axis.Thesystem
runsuntil the schedulercompletesall acceptedjobs; we
thenobtaintheaverageyield perunit timeover theactive
interval. The lines on the graphshow the effect of dif-
ferentsettingsfor ` , which controlsthedegreeto which
FirstReward considersgains(high ` ) vs. cost (low ` ).
Thediscountrateis 1%,andtheslackthresholdis 180.

Wecanseefrom Figure6 thatadmissioncontrolis crit-
ical to maintaintheyield rateunderheavy load. Without
admissioncontrol,thesystemis forcedto accepttoomany
tasks,anddelaysandpenaltieseatawayatgains.With ad-
missioncontrolweseethatincreasingloadfactorinitially
increasestheyield perunit time, sincetheschedulerhas
moretasksto choosefrom andis free to rejectthe tasks
that are leastworthwhile—relative to its currentmix—
withoutpenalty. Notethattheadmissioncontrolheuristic
considersbothgainsanddecayratein its computationof
slacktime. Evenso, in this unboundedpenaltycaseit is
still moreimportantto ordersubmittedtasksin the can-
didatescheduleto minimizetheir costsbeforecomputing
their slacktime.
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Figure 7. The admissioncontrol (slack) threshold
hasa peakthatbalancesrisk andreward for a given
load factor. It is more important to set the slack
thresholdcorrectlyat higherload levels.

Our last experiment,Figure 7, shows how the slack
thresholdaffects value earnedby a schedule. The task
mixesaresimilar to Figure6, but we vary theadmission
control (slack) thresholdalong the * -axis, for selected
load factors. Higher load offers the potentialfor higher
yields, sincethe server can “cherry pick” the task mix;
however, higher load alsopresentshigherrisk if the ad-
missioncontrolheuristicis ineffective. Thegraphshows
that the ideal slack thresholdchangesdependingon the
load factor: higher load requiresa more risk-aversead-
missioncontrolpolicy thatappliesa higherslackthresh-
old. Settingthethresholdis a balanceof risk andreward;
a high thresholdpreventscommitmentsthat could incur
penaltieswhile a low thresholdcommits to potentially
costlytasks.

7 RelatedWork

Cluster batch schedulers. Commonbatchschedulers
suchas GridEngine[21] and LSF [17] supportvariants
of priority FCFS scheduling.LSF, asan example,pro-
videshierarchicalgroupingandproportionalsharemech-
anisms. Theseweightingandpriority mechanismsmay
beviewedascoarse-grainedassignmentsof valueto jobs.
User-centricschedulingenables�ne-grainedassignments
of valueandurgency for customersbidding for taskser-
vice in a computationaleconomy. Millenium [9,10] ap-
plied this ideato a clusterbatchscheduler, in which the
scheduleris constrainedto acceptall jobs from its user
community. Stoica et. al. [19] consideredeconomic
schedulingfor paralleljobs.

Job scheduling. The literatureon schedulingalgo-
rithms is too large to survey here. Karp �rst proposed



theJobSchedulingwith Deadlines(JSD)problemin 1972
[14]. JSD was proved to be NP-completein the num-
ber of jobs by reductionfrom the a

F

I -Knapsackprob-
lem. Theproblemwe considerhasno deadlines,but im-
posesvariablecostsfor any delay, which is amenableto
heuristicsolutions. As discussedin Section4, the prob-
lem may be viewed as an extensionof Total Weighted
CompletionTime[1] incorporatingvalueaswell asdecay
weights. Relatedforms of value-basedschedulinghave
alsoappearedin real-timesystems[3,8]. We applysim-
ple heuristicsbasedon a �nancial metaphorof risk and
reward,andshow how to applythemin a grid economy.

Grid scheduling. Many systemsscheduletasksacross
sitesin a federatedgrid. For example,theSuperscheduler
Architecture[18] selectsa server sitefor eachtaskbased
on estimatesof wait time, e.g.,underFCFS schedulesat
eachsite. Our approachenablesthe client or broker to
selecta server sitethatbalanceswait time andvalue,and
reorderstasksateachsitebasedonvalueandurgency. It is
anopenquestionhow to extendour approachto consider
I/O costsandtaskplacementfor I/O, asin BAD-FS [2].

Federated computational economies. Previous
worksoncomputationaleconomiesfor federatedresource
allocation include Spawn [22], Mariposa [20], the G-
commerceframework [24], andNimrod-G[4]. Our pro-
posalis similar in that it is basedon two-phasenegotia-
tionsbetweenserver sitesandbuyersendowedwith bud-
getsandknowledgeof their resourcedemands.

Several of theseworks have examineddynamicsof
computationalmarketsbasedon variouspricing andauc-
tion systems.For example,Spawn [22] wasa landmark
systembasedon second-priceVickrey auctions,an ap-
proachthat many othersystemshave followed. Pricing
andmarket dynamicsarebeyondthescopeof this paper,
althoughour heuristicsarecompatiblewith otherpricing
schemes.A key focusof our work is to extendtheseeco-
nomic approachesto incorporatepenaltiesfor violating
contractualobligations,andto developstrategiesthatbal-
ancerisk andrewardwith respectto currentcommitments
whenacceptingandschedulingtasks.

Service markets and service quality . In contrastto
mostof thesesystems,thesitesin our systemsell a ser-
vice rather than raw resourcessuch as blocks of CPU
time. Servicemarketsintroduceanew dimension:theser-
vice maybe providedat a rangeof quality levels. Mari-
posa[20] is similar in that it useseconomicbidding to
distribute queriesin a databasesystem,in which the lo-
cationof storeddatais signi�cant. Our approachfollows
Mariposain bidding for servicebasedon uservaluethat
decayswith servicedelays. Contractualagreementsfor
servicequality are essentialfor computingutilities and
thenext-generationgrid [11].

Onegoalof our work is to createa foundationfor ser-
vice providersto buy or sell raw resourcesin an under-

lying resourcemarket, basedon currentdemandfor the
servicethey provide. Our proposedtaskservicemayuse
its internalmeasuresof per-unitgainandrisk asabasisfor
its own pricingandbiddingstrategy in a resourcemarket.
Thatis, thetaskservicemayactasa resellerof resources
acquiredfrom asharedresourcepoolasenvisionedin our
previouswork on SHARP [13], Muse[6], andCluster-on-
Demand[7]. Ultimately, theserviceprovidermustestab-
lish a utility functioncapturingthevalueit assignsto the
resourcesit might acquire,basedon theimprovementsin
servicequality andyield that would result. Resourceal-
locationmaythenbeviewedasa biddingproblem[5] or
anoptimizationproblem[15].

8 Conclusion

This paperdevelopsheuristicsfor taskschedulingand
admissioncontrolin amarket-basedgrid taskservice,and
illustratestheir behavior underrepresentative conditions.
The foundationfor the market-basedapproachis user-
centricor value-basedscheduling,which prioritizestasks
accordingto a user-speci�ed measureof value. Since
uservaluecorrespondsto what the userwill pay for the
taskservice,schedulingto maximizeuservalueallows a
market-basedtaskserviceto maximizeits yield. Theur-
gency of a taskis capturedby the rateat which its value
decayswith increasingwait times.

Ourapproachis basedona �nancial metaphorfor rea-
soningaboutschedulingchoicesin a serviceeconomy.
WeproposeaschedulingheuristiccalledFirstReward that
is parameterizedto balancetherisk or costof a taskwith
therewardof completingit. Oneconclusionof our study
is thatcostandrisk areoftenmoreimportantthangainsin
determiningschedulingeffectiveness,althoughheuristics
that considergainsto somedegreearemoreeffective in
somecases,particularlywhenpenaltiesarebounded.

Thispaperis asteptowardsunderstandingthebalance
of risk andreward for schedulingbasedon �ne-grained
expressionsof value.Thecontributionsinclude:detailing
the differentareasof schedulingrisk, de�ning heuristics
to mitigatethoserisks,exploring theparameterspacefor
a generalschedulingheuristic,andshowing how value-
basedschedulerscandrive server biddingandadmission
controlin a computationaleconomy.
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