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Abstract

This paper investigatesthe question of scheduling
tasksaccomding to a usercentric value metric—called
yield or utility. Uservalueis an attractivebasisfor allo-
catingshaedcomputingesouces,andis fundamentato
economicappmacesto resouce mangementin linked
clustes or grids. Evenso, commonlyusedbatc sched-
ulersdonotyetsupportvalue-baseddceduling andthere
hasbeernlittle studyof its usein a market-basedyrid set-
ting. In part thisis becauseschedulingto maximizetime-
varyingvalueis a dif cult problemwhere evensimplefor-
mulationsare intractable

We presentimproved heuristicsfor value-basedask
schedulingusinga simplebut rich formulation of value
in which a task’s yield decayslinearly with its waiting
time We also showthe role of value-basedsdceduling
heuristicsin a frameavork for market-basedidding and
admissiorcontol, in which clientsnegotiatefor taskser
vicesfrom multiple grid sites. Our approad follows an
investmenmmetaphor: the heuristicsbalancethe risk of
future costsagainstthe potentialfor gainsin 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-
creasinglysharedamonglarge numbersof differentuser
groups.Linking clustersogetheiin gridscanimprovere-
sourceef ciency; consolidatingsmallprivateclustergnto
cluster utilities can reducemanagementost 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.lt is thereforeessentiafor gridsto arbitratere-

sourceusageacrossompetingdemand$n awaythatbal-

ancesthe collective needfor effective global use of the

resourcesvith eachusers needfor fairness predictable
performanceandcontrolovertherelative priority of their

jobs. Economiocor market-base@dpproacheareattractive

for this purpose.

Today's batchsystemsaddresghis needwith a com-
bination of approachedncluding userpriority, weighted
proportionalsharing, and servicelevel agreementshat
set upperand lower boundson the resourcesavailable
to eachuseror group[17,21]. Theseschedulingmecha-
nismshave largely beentranslatedwith few adaptations,
for useon the grid. Market-basedpproachese ne this
capabilityby enablingusergo exposetherelative urgengy
or costof their tasks,subjectto constraintson their re-
sourceusage. In value-based3, 8] or usercentric [10]
schedulingusersassigrvalue(alsocalledyield or utility)
to their jobs, andthe systemschedulego maximizeag-
gregatevalueratherthanto meetdeadlineconstraintsor
a system-wideperformancebjective suchasthroughput
or meanresponsdime. In economicterms, value cor
respondgo curreng: users‘bid” for resourcesand pay
for them accordingto their uservalue; the systemsells
resourcedo the highestbidderin orderto maximizeits
prot. Thisapproachs afoundationfor market-basede-
sourcemanagemernh federatedcervironments.

This paperfocuseson market-basedchedulingn grid
servicesitesbasedon userbids that specifyvalueacross
arangeof servicequality levels. Representationsf task
value createa meansto dynamicallyadjustrelative job
priority accordingto the work ow of the organization,
e.g.,giving jobs higherpriority whenotheractvities de-
pendon their completion. For example,the resultsof a

ve-hourbatchjob thatis submittedsix hoursbeforea
deadlineareworthlesdn sevenhours.Theschedulemust
balancehelengthof ataskwith bothits presentalueand



its opportunitycost;in short,it mustbalancetherisk of
deferringataskwith therewardof schedulingt.

This paperextendsthe treatmentof task scheduling
for linearly decayingvalue functionsin the Millennium
economicclustermanagemt Berkeley [9, 10]. Fromthat
startingpoint, we shov how ataskservicesite cansched-
ule astreanof arriving tasksto accounfor importantrisk
and reward factors. Next, we shav how to use value-
basedschedulingin a framework for market-basedid-
ding and admissioncontrol, in which clients negotiate
for task servicesfrom multiple grid sites. We present
a risk/reward heuristicthat extendsclassicalscheduling
heuristicsto a computationaéconomy

This paperis organizedasfollows. Section2 givesan
overview of the premisesand goalsof our work. Sec-
tion 3 discusseghe formulation of value functions,and
Section4 summarizeghe resulting schedulingproblem
and our evaluationmethodology Section5 developsa
con gurable schedulingheuristicto balancerisk andre-
ward, and Section6 appliesthe heuristicto task accep-
tanceandcontracinegotiation.Section7 discussegelated
work, andSection8 concludes.

2 Overview

We considera servicemarket in which eachsite sells

the serviceof executingtasks,ratherthanraw resources.

In aservicemarket, clientsandsenersnegotiatecontracts
thatincorporatesomemeasureof servicequality andas-
suranceaswell asprice. For example,clients may pay
morefor betterservice,andsenersmay incur a penalty
if they fail to honorthe commitmentsfor servicequal-
ity negotiatedin their contracts.This paperconsiderghe
mechanismso assignvalueto the service,andthe poli-

ciesto negyotiateservicepricesandservicequality levels.
We focus on the simplesttype of service: a batchtask
service.Our approachis basedn threekey premises:

Tasksarebatchjobsthatconsumeesourcedut de-
liver novalueuntil they complete.

A job submissionspeci es a resourcerequest(ser
vice demand)o run the job, andcorrectlyspeci es
thejob's durationif its resourceequesis met.

Eachtaskis associatedvith a userspeci ed value
function(utility function)thatgivesthe task’s value
to theuserasafunctionof its completiontime. Sec-
tion 3 discussedhesevalue functions, which are
usedto specifybidsandservicecontracts.

Figure 1 illustratesthe context for our work. Each
sener site selectsbuyersfor resourceshasedon client
bids for submittedtasks,which are given asvalue func-
tions. If the seneragreedo accepta client's bid, it pro-
posesanexpectedcompletiontime andpricederivedfrom

Bid (value function, service demand)

Reject

Task Service Sites

Figure 1. A client or broker negotiating with three
taskservicesitesto determinevhele to run a task.

thevaluefunction. Theclientthenselectsa senerto run
the taskby choosingamongthe setof grid sitesthatre-
spondedo its bid. Sincethe bid speci esvalueacrossa
rangeof servicequality levels(completiontimes),the ne-
gotiation protocol betweenthe buyer andthe sellermay
consistof just this onepair of exchangesA broker could
coordinatethis negotiationprocessasin Mariposa[20].

Oncethe customerandthe site agreeon the expected
completiontime andvalue,acontractis formed.If thesite
delaysthe task beyond the negotiatedcompletiontime,
thenthe value function associatedvith the contractde-
terminesthe reducedprice or penalty As aresult,sener
sitesmustconsidettherisksinherentin eachcontractand
schedulingchoice.

Our work focuseson the policy choicesmadeby grid
sitesto maximizetheirgainsin acomputationaéconomy
Thecontributionof thiswork is aframewnork andheuristic
for taskbidding, negotiation,acceptanceandscheduling
at a grid site. We shav how eachsite canusethe value
measures$o balancerisk andrewardin bidding for tasks
and schedulingtasksacceptednto its task mix. Other
aspect®f marketdynamics—suclaspricing systemsin-
centvemechanisntesignandclientbiddingstratgies—
arebeyondthe scopeof this paper In particular:

We proposea meango negotiateandformulatecon-
tracts, but we do not specify mechanismgor pay-
mentor contractenforcement.ln particular we as-
sumethatbuyershave anexternalsupplyof curreny
in arbitraryunits, but we do notde ne how the cur-
reng is replenishedor regycled throughthe econ-
omy. We ervision that eachuseror group is as-
signeda budget to spendon computingserviceover
eachtimeinterval, asin previouseconomicesource



managerge.g.,[4,19,20,22,24]). Curreny maybe
distributedanddelegatedin a decentralizedr hier
archicalfashionto meetglobalgoals[22,23].

We focus on the policiesto determinethe winning
bidsandto schedulesenerresourceshut we do not
specify pricing mechanisms.n practice,it may be
usefulto chagepricesbelow thebid priceto provide
incentvesfor buyersto bid truthfully. For example,
single-commodityickrey auctionschagethe win-
ner a price derived from the second-highedbid for
this purposeandareusedin Spavn [22] andothers.

Our bidding and negotiation protocol usessealed
bids,andwe do notincludemechanismgo adwertise
pricesignalsto buyersin orderto balancesupplyand
demand.Givensufcient market volume,it maybe
sufcient to publishsummarie®f recentcontractsas
abasisfor competitve bidding.

Althoughwe focuson a servicemarket, our approach
shavshow ataskserviceprovidercanuserisk andreward
measureso quantifyits gainsfrom the underlyingcom-
putationaresourceshathostthetaskservice.We suggest
thata serviceprovider may usethesemeasureasthe ba-
sisfor a bidding strateyy for raw resource$n acomputa-
tional resourcemarket (e.g.,[4,5,13,22,24]). Thus,our
approachs complementaryo previouswork in market-
basedgrids that sell resourcess opposedo application
service(seeSection?).

3 Value Functions

Eachsener site makesadmissiorcontrolandschedul-
ing decisionsbasedon the task value functions. These
functionsgive an explicit mappingof servicequality to
value,exposinginformationthatallows eachsiteto prior-
itize tasksmoreeffectively. Value-basedchedulings an
alternative to schedulingfor deadlineconstraintswhich
give the systemiittle guidanceon how to proceedf there
is nofeasiblescheduléhatmeetsheconstraintse.g.,due
to unexpecteddemandsumgesor resourcdailures.

A valuefunction speci es the value of the serviceto
theuserfor arangeof servicequality levels—inthis case,
expectedaskcompletiontimes. The key dravbackof the
usercentricapproachs thatit placesaburdenon userso
value their requestsaccuratelyand precisely The more
preciselyuserscan specify the value of their jobs, the
moreeffectively the systemcanschedulegheirtasks.

The formulation of value functions must be simple,
rich, andtractable.We adopta generalizatiorof the lin-
ear decayvaluefunctionsusedin Millennium [9, 10], as
illustratedin Figure2. Eachtask earnsamaximumvalue

if it completesatits minimumruntime ;
if thejobis delayedthenthevaluedecaydinearlyatsome

Maximum Value Runtime

Decay at constant rate d

Value

Time

\ Penalty

Figure 2. An examplevaluefunction.Thejob earns
a maximumvalue if it executesimmediatelyand
completeswithin its minimumrun time Thevalue
decaydinearly with queuingdelay Thevaluemay
decayto a negative numbey indicating a penalty
Thepenaltymayor maynotbebounded.

constanidecayrate (or for short). Thusif task
is delayedfor time unitsin someschedulethen
its valueor yield is givenby:

1)

Thesevalue functions createa rich spaceof policy
choicesby capturingthe importanceof a task(its maxi-
mumvalue)andits urgeng (decay)asseparaténeasures.
Jobsaremoreurgentif expensieresourcegsuchaspeo-
ple) arewaiting for themto complete or if they mustbe

nished beforereal-world deadlines The framavork can
generalizéo valuefunctionsthatdecayat variablerates,
but thesecomplicatethe problemsigni cantly.

Our framework for a market-basedyrid allows for a
penaltyif a taskis delayedbeyond the point at which
its value goesto zero. Penaltiesprovide a disincentve
for a site to accepttoo much work or violate its con-
tractualobligationsby discardingan acceptedaskif cir-
cumstancepreventthe sitefrom completingthetaskin a
timely fashion. The valuefunction may specifya bound
on the penalty If atask 's penaltyis bounded,then

is its expiration time—the time when 's value
function stopsdecaying.Valuefunctionsare boundedat
zeroin Millennium; the systemincursno costevenif it
discardsaanexpiredtaskandnever completest.



4 Value-basedScheduling

A scheduleris driven by a sequenceof task arrival
times(releasdimeg andtaskcom-
pletion/departureslt maintainsa queueof tasksawait-
ing dispatch,and selectsfrom them accordingto some
schedulingheuristic. Once the systemstartsa task, it
runsto completionunlesspreemptionis enabledand a
higherpriority task arrives to preemptit. rep-
resentstask 's expectedRemainingProcessinglime—
initially its .

Two commonschedulingalgorithmsare First Come
FirstSened(FCFS), which orderstasksby , and
ShortestRemainingProcessingime (SRPT), which or-
dershy . Thesebaselinealgorithmsdo not consider
usercentric measure®f value. We considerthe value-
basedschedulingproblemunderthe following simplify-
ing assumptions:

Theprocessorsr nodeswithin eachgrid sitearein-
terchangeablelf preemptions enabledthena sus-
pendedaskmayberesumednary otherprocessar
Context switchtimesarenegligible.

The systemnever schedules job with lessthanits
full resourcerequest,e.g., jobs are always gang-
scheduledusing common back lling algorithms
with the requestedchumberof processors.For sim-
plicity we assuméhattheresourceequests asingle
processoor node.

The predictedrun times are accurate.
Thereis no interferenceamongrunningtasks,e.g.,
dueto contentionon the network, memory or stor
age.We do not considen/O costs[2] or exceedance
penaltiedor underestimateduntimesatthis stagen
ourresearch.

A candidatescheduledeterminesthe expectednext
starttime andcompletiontime for eachtask . The
completiontimeis givenas assuminghe
taskis not preemptedThusthe expectedvalue for

in a candidateschedulds givenby Equationl and
thedelayfor the expectedcompletiontime:

)

Schedulingbasedon linearly decayingvalue func-
tionsis relatedto well-known schedulingoroblems . Total
WeightedTardiness(TWT) seeksto minimize
where is theweight(or decay)and s thetardiness
of job . A job istardy if it nishes aftera specied
deadline. We focus on the variantin which eachjob's
deadlineis equalto its minimum run time, so that ary
delayincurssomecost. If penaltiesareunboundedthen

this problemreducego Total WeightedCompletionTime
(TWCT), which seek€o minimize where isa
job'sweight(equivalenttodecay)and isits completion
timein thescheduld1].

The off-line instancesof TWT and TWCT are both
NP-hard.This paperconsidersn-lineheuristicsandtheir
useby sener sitesfor value-basedcheduling3, 8] in a
computationabconomy A key differencein this context
is thateachtaskhasa valueaswell asaweight. Tardiness
problemsgnorevalueonthepremisehattheschedulers
constrainedo executeevery arriving task;in this casethe
valuesarenotsigni cant, andtheonly goalis to minimize
lossof valueasgiven by the weights. For example,the
bestknown heuristicfor TWCT is ShortestVeightedPro-
cessinglime (SWPT). SWPT prioritizestasksaccording
to the task’s , andis optimal for TWCT if all
tasksarrive atthe sametime.

However, with admissioncontrol (asin a grid econ-
omy)or boundedenaltiegasin Millennium), senersites
have the option to reject or abandonary given job. In
thesecasesthe schedulemust also considerreward or
the valueto be earnedby executingthe job. For exam-
ple, the Millennium FirstPrice heuristicprioritizestasks
greedily accordingto the expectedyield per unit of re-
sourceper unit of processingime ( ). We
referthis valueasunit gain or utility sinceit is ameasure
of yield perunit of resourceperunit of time. The Millen-
nium studyrefersto it asthetask's price in the schedule,
althoughthe actualprice chagedin aneconomymay be
lower.

Notethatit is alsoimportantto considerrisk, weight,
or decay For example,if ataskis preemptec&nddelayed
further, its yield declinesaccordingto , andhence
its unit gainor price drops.Importantly the systemearns
thelower unit gainevenontheresourceslreadyinvested
in the task. Thusrunninga taskis a risky investment:
if the taskis delayedat somelater time thenthe gainis
lower than expected. Our approachfollows this invest-
mentmetaphor:the heuristicsdiscountfuture gainsand
considerpportunitycostto obtainacon gurablebalance
of risk andreward.

4.1 Experimental Methodology

To explore the effectivenesof the schedulingheuris-
tics, we built a simulatorfor a bidding andtask service
economywith linear valuefunctions. The simulatorin-
cludesa schedulingmodulethat could run directly in a
grid-basedatchengine.

In our experimentswe usesynthetictracesconsisting
of a mix of single-processocomputejobs. The traces
are representatie of real batchworkloadsas character
izedin previoustracestudies[12,16,18]. Thesestudies
shav thatexponentiallydistributedinter-arrival timesare



commonin batchworkloads.While job durationsarenot
always exponential,recentresearchindicatesthat dura-
tions rarely affect the relative ranking of schedulingal-
gorithms[16]. Most experimentsuseexponentiallydis-
tributed inter-arrival times and job durations,thoughin
somecasesve usenormaldistributionsto reproduceand
compareo resultsfrom the Millennium study

Previous studiesgive no guidanceon how usersvalue
their jobs, since no tracesfrom deployed usercentric
batch schedulingsystemsare available. This is unfor-
tunatebecauseahe distribution of maximumvaluesand
penaltieshasa signi cant impactontheresults.We chose
the samebimodal distributions for value as the Millen-
nium study The value assignmentsre normally dis-
tributed within high and low classes: unlessotherwise
speci ed,20%of jobshave a high and
80%havealow . Theratioof themeans
for high-valueandlow-valuejob classess thevalueskew
ratio. The Millennium study did not investigatethe be-
havior of job mixeswith varyingdecayrates putwe chose
to adopta similar bimodaldistributionfor thedecayrates.
Thedecayratesareassignedn a similar fashionparame-
terizedby a decayskew ratio.

We limit ourinvestigationto relative performanceand
basicinsights about schedulingusing value and decay
Many interactingcharacteristicsf thejob mixesplay key
rolesin determiningthe results. For example,the mag-
nitudeof all resultsis dependenon the load factor, i.e.,
thetotalrequestedvork overary interval, dividedby total
capacity Higherload factorsincreasethe importanceof
effective scheduling.Most experimentshold loadfactors
constantandcloseto saturationloadfactorone),forcing
the systemto delay or reject sometasksbut allowing it
to completeandearnvalueon a majority of tasks. Other
tracepropertieghataffectresultsincludethedistributions
of value,decayjob duration,andinter-arrival times.

5 Risk/Reward Heuristics

This sectiondevelopsa parameterizetieuristiccalled
FirstRevard for valueschedulingwith linear valuefunc-
tions. We rst considerthe problemof schedulinga se-
guenceof arriving tasksto maximizevalue. Section6
shavs how to usethe heuristicasa basisfor negotiation
andadmissiorcontrol (taskrejection).

For experimentdn this section the schedulereceves
atraceof 5000jobsrepresentatie of the workloadchar
acteristicsandthe experimentrunsuntil the systemhas
completedall jobs. Theseexperimentsare conserative
in thatthe traceparametersire stablethroughthe exper
iment and the schedulemust run all tasks,ratherthan
usingits heuristicso selecttasksfrom the mix.
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Figure 3. Yield improvemenfor Presentvalue (PV)
relativeto FirstPricefor variantsof a taskmix used
in the Millennium study with load factor 1. At dis-
countrate 0 PV is equivalentto FirstPrice Yield
improvesfor modestncreasesn the discountrate
along the -axis. Theimprovementis larger for
workloadswith a highervariancein taskvalue

5.1 Discounting Future Gains

We rst extendthe notionof yield andunit gainto ac-
countfor therisk of gainsdeferredto the future. For ex-
ample, given two taskswith the sameunit gain and ur-
geng, it may be preferableto run the shortertask rst,
sinceit carriesa lower risk of preemptiorby a newly ar
riving taskbeforethe investmenipaysoff. Evenwithout
preemptionthe shortertaskcarriesa lower risk of delay-
ing a valuableor urgenttaskthat arriveslater In either
case,a risk-averseschedulemight even chooseto run a
lower-yield taskif it canrealizeits gainsquickly.

Our approachs basedon the notion of presentvalue
in nance. Thepresenvalueof atask isde nedas:

- ®3)

This formulais standardor the presentalueof anin-
vestmentnstrumentvith facevalue thatmaturesn

time : anassetvith value earningsimpleinter-
estat _ maturegoyield apayof after
a period . The - is atunableparam-

eter: higherdiscountratescausethe systemto discount
future gainsmore aggressiely, makingthe systemmore
risk-averse.We introducea heuristiccalledPresen¥alue
or PV that selectsjobs in order of discountedunit gain

Figure 3 shows the yield improvementof PV relative
to FirstPricefor a standardaskmix from the Millennium
study with varying value skew ratio. The inter-arrival



timesandjob durationsarenormally distributed,with 16

jobssubmittedn abatchon eacharrival. Thedecayrates
arethe sameacrossall tasksin eachmix, and penalties
areboundedat zero. Preemptioris enabled.

As we increasehe discountrate, Figure 3 shaws that
the PV heuristicimprovesyield modestlyeven for these
stableworkloads. Discountingfuture gainsis moreim-
portant with higher value skew ratios, which imply a
higherrisk thathighervaluejobsarrive afterresourcesre
committedto along job but beforethejob completes.

5.2 Opportunity Cost

Next, we extendtherewardheuristicto considefosses
from the opportunitycostto selecta giventask instead
anotherqueuedask , causing 'syield to decay If task

is moreurgentthan , i.e.,its valuedecayanorerapidly,
thenit maybebetterto prefertask evenif it hasalower
unit gain. A task’s opportunitycostdependonly on the
urgeng of competingtasks. If the schedulemusteven-
tually completeall tasksthenit shouldconsideronly cost
andignoregainscompletely:it will obtainthe full yield
for eachtask,minusthe costfor any delayit incursin the
schedule.More generally the systemcansafely defera
lessurgenttaskwith a low decayrate , evenif it hasa
high valueor a high unit gain. This is the essenc®f the
well-known SWPT heuristicdiscussedn Section4.

The opportunity cost to starta candidatetask
at somepoint in the scheduleis given by the aggreyate
declinein yield of all competingtasksover time ,
startingfrom thatpoint:

(4)

If penaltiesareboundedandtasksexpire, thenit takes
time to computethe costfor ary taskin a setof
tasks,andthe scheduleican nd theleast-costaskin at
most time. If penaltiesareunboundedthenwe can
simplify theformulato computea perunit cost:

()

Sincethe rst termis aconstanfor all tasksin themix,
eachschedulingstepbecomes at worst, andit can
take time if the currentschedules represented
asa heap. Schedulingto minimize this perunit costis
equialentto SWPT.

5.3 Balancing Gainsand Opportunity Cost

It is risky to defergainsfrom a high-valuetaskon the
basisof opportunitycostalone. FirstRavard usesa re-
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Figure 4. Improvementof FirstRevard over First-
Price asthe parametervaries,for job mixeswith
boundedpenaltiesand varying decayskew ratios.
It is more importantto considercost(low ) than
gainsin this case and the importanceof costin-
creaseswith the variability of the decayrates. The
hybrid heuristicworksbestoverall, andis mostef-
fectivearound

ward metricthatcombinesachtask’s expectedgainwith
its opportunitycostper unit of resourceper unit of time,
weightedby atunableparameter :

(6)

The parametercontrols the degree to which the

system considersexpectedgains. With and

- , the heuristicreducesto PV. With

it reducego avariantof SWPT. Thegeneraform

considergliscounteduture gainsandopportunitycostto

varying degreesto balancerisk andreward, givenappro-
priatesettingsfor - and .

Figure4 shavs the effect of varying for threetraces
with boundedpenaltiesand differentdecayskew ratios.
We hold the value skew ratio constantat 2; the discount
rateis 1%. Althoughthe best dependon the proper
ties of the taskmix, otherexperimentshave shavn that
generallythe ideal is Interestingly SWPT
( ) is a goodapproximationto minimize costeven
with boundedbenaltiesHowever, gainis alsoagoodpre-
dictor of costwhen penaltiesare bounded:with high
the heuristic biasesagainstlow-value jobs, which have
the leastvalueto lose. Sincedecayratesare not corre-
lated with value, the low-value jobs tend to reachtheir
boundsand expire faster;oncea taskhasexpiredit may
bedeferredo theendof theschedulavith nofurthercost.

In contrast,Figure 5 shaws that thereis little bene t
to consideringgainwhenthe penaltiesareunboundedin
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Figure 5. This experimentis identical to Figure 4,
but thepenaltiesare unboundedIn thiscase whee
the systemmustacceptand completeall jobs, it is
never usefulto considergains,only cost. Notethat
the magnitudeof theimprovementelativeto First-
Priceis mud larger with unboundegenalties.

thesecasestherelative advantageof a cost-basedtheuris-
tic canbe an orderof magnitudeor more dependingon
the urgeny and decayskew in the taskmix. Again, in

theseexperimentgshe scheduleis constrainedo execute
all submittedtasks. The next sectionconsidersuse of

theseheuristicsfor sener biddingandadmissiorcontrol,
whereit is alwaysimportantto balancerisk andreward.

6 Negotiationand Admission Control

We proposea market-basedtask service in which
clients submittask bids to sener sitesor brokers, spec-
ifying eachtask 's expectedrun time andits valuefunc-
tion asatuple . Each
site may chooseo acceptor rejectarny submittedtask. If
it acceptsthe task, it negotiatesto establisha price and
expectedcompletiontime.

Eachsite maintainsa pool of tasksit is contractedo
run, anda candidatescheduleor its  pendingtasks. It
executeghefollowing procedurdor eachproposedask:

Integratethe taskinto the currentcandidatesched-
ule accordingto the heuristic(e.g.,FirstRavard), as
describedn Sections.

Determinethe expectedyield for the taskif it is ac-
cepted,by evaluatingits value function for its ex-
pectedcompletiontime in the candidateschedule.

Apply an acceptanceheuristicto determineif it is
worthwhile to acceptthe taskinto the currenttask
mix, asdescribedelow.

If thetaskis worthwhile,thenacceptheclient's bid
andissuea sener bid to the client. The sener bid
representshe expectedcompletiontime for thetask
in the candidatescheduleandthe expectedprice to
run the task. Our site policiesact asif the price is
deriveddirectly from theoriginalvaluefunction,i.e.,
client bid value and price are equivalent, although
a pricing stratgy may proposea differentprice as
discussedn Section2.

If the contractis acceptedy the client, thenincor-
poratethetaskinto the scheduleandexecuteit. It is
possiblethat later arrivals will delayits completion
time, in which casethe siterecevesa lower price or
paysa penaltyasdescribedn Section3.
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Figure 6. Admissioncontmol allows sitesto select

taskswith high reward and low risk in the current

candidateschedule Thegraph givesthe yield per

unit of time for task streamswith increasingloads

along the -axis, and differentvaluesof in the
FirstRaevard heuristic.

The acceptancéeuristicshouldconsideboththe po-
tentialrewardandthedegreeto whichthetaskwould con-
strainacceptancef future tasksinto the mix. For exam-
ple, urgenttasksincur more risk becausehey increase
the opportunitycostto run ary new high-yield tasksthat
arrive later, and so decreaseheir reward. We proposea
simpleacceptancéeuristicbasedon the slad for a sub-
mittedtask —theamountof additionaldelay(beyondits
placein the candidateschedule)hat the task canincur
beforeits rewardfalls belov someyield threshold.With-
out loss of generality we take the yield thresholdequal
to zero, i.e., the point at which the tasklosesthe system
money, eitherby incurringa penaltyor by delayingother
acceptedasks. The slackis computedfrom the current
pointin thecandidateschedule:



(7)

The costof runningthe taskis an estimateof the im-
pacton thosetasks thatarebehind in the candidate
schedulej.e., thosetasksthatwill be delayedmorethan
expectedby acceptinghis new task :

(8)

The acceptanceolicy rejectstaskswhoseslackfalls
belov somesladk threshold Under higher load, with
moretasksqueuednew taskswill tendto be placedfur-
therbackin thescheduleandwill alsotendto have more
tasksbehindthem. Thushigh load tendsto both reduce
thepotentialyield andincreasdhe costof eachnew task,
both of which reduceits slack. The slackalso captures
therisk of acceptinghetask,asdeterminedy its decay
rate and its positionin the schedule. Acceptinga low-
slacktask constrainghe site's e xibility to acceptother
highervaluetasksin the future, sincethe gainsfor those
taskswould be partially offset by the additional oppor
tunity costto run them,i.e., the yield loss and potential
penaltyfor the low-slacktask. This opportunitycostmay
forcethe siteto rejectotherpro table taskslaterbecause
the costof delayinganurgenttaskis too high.

Figure6 shaws the effect of admissioncontrol on the
value earnedper unit time. Eachpoint is for a repre-
sentatve traceof 5000submittedjobswith exponentially
distributedtaskdurationsandinter-arrival times,andun-
boundedenalties.The valueskew ratiois 3, andthede-
cayskew ratiois 5. Thejobsarriveovershortettimeinter
valsasloadfactorincreaseslongthe -axis. Thesystem
runsuntil the schedulercompletesall acceptedobs; we
thenobtaintheaverageyield perunit time overtheactive
interval. The lines on the graphshaow the effect of dif-
ferentsettingsfor , which controlsthe degreeto which
FirstRevard considersgains(high ) vs. cost(low ).
Thediscountrateis 1%, andthe slackthresholds 180.

We canseefrom Figure6 thatadmissiorcontrolis crit-
ical to maintaintheyield rateunderheary load. Without
admissiorcontrol,thesystenis forcedto acceptoo mary
tasksanddelaysandpenaltieeataway atgains.With ad-
missioncontrolwe seethatincreasingoadfactorinitially
increasesheyield perunit time, sincethe schedulehas
moretasksto choosefrom andis freeto rejectthe tasks
that are leastworthwhile—relative to its currentmix—
without penalty Notethatthe admissiorcontrolheuristic
considersdothgainsanddecayratein its computatiorof
slacktime. Evenso,in this unboundegenaltycaseit is
still moreimportantto ordersubmittedtasksin the can-
didateschedulgo minimizetheir costsbeforecomputing
their slacktime.
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Figure 7. The admissioncontmol (slad) threshold
hasa peakthatbalancesisk andreward for a given
load factor. It is more importantto setthe sladk
thresholdcorrectlyat higherload levels.

Our last experiment, Figure 7, shavs how the slack
thresholdaffects value earnedby a schedule. The task
mixesaresimilar to Figure6, but we vary the admission
control (slack) thresholdalong the -axis, for selected
load factors. Higher load offers the potentialfor higher
yields, sincethe sener can “cherry pick” the task mix;
however, higherload also presentshigherrisk if the ad-
missioncontrol heuristicis ineffective. The graphshowvs
that the ideal slack thresholdchangesdependingon the
load factor: higherload requiresa morerisk-aversead-
missioncontrol policy thatappliesa higherslackthresh-
old. Settingthethresholds a balanceof risk andreward;
a high thresholdpreventscommitmentghat could incur
penaltieswhile a low thresholdcommitsto 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. Theseweighting and priority mechanismsnay
beviewedascoarse-grainedssignmentsf valueto jobs.
Usercentricschedulingenablesne-grainedassignments
of valueandurgeng for customersidding for taskser
vice in a computationakconomy Millenium [9, 10] ap-
plied this ideato a clusterbatchschedulerin which the
schedulelis constrainedo acceptall jobs from its user
community Stoicaet. al. [19] consideredeconomic
schedulingor paralleljobs.

Job scheduling The literature on schedulingalgo-
rithms is too large to surwey here. Karp rst proposed



theJobSchedulingvith DeadlinegJSD)problemin 1972
[14]. JSD was proved to be NP-completein the num-
ber of jobs by reductionfrom the  -Knapsackprob-
lem. The problemwe considerhasno deadlinesput im-
posesvariablecostsfor ary delay which is amenabldo
heuristicsolutions. As discussedn Section4, the prob-
lem may be viewed as an extensionof Total Weighted
CompletionTime[1] incorporatingvalueaswell asdecay
weights. Relatedforms of value-basedchedulinghave
alsoappearedn real-timesystemd3, 8]. We applysim-
ple heuristicshasedon a nancial metaphorof risk and
reward,andshav how to applythemin agrid economy

Grid scheduling Many systemscheduldasksacross
sitesin afederatedyrid. For example,the Superscheduler
Architecture[18] selectsa sener site for eachtaskbased
on estimateof wait time, e.g.,underFCFS schedulest
eachsite. Our approachenableshe client or broker to
selecta sener sitethatbalancesvait time andvalue,and
reorderdasksateachsitebasednvalueandurgeng. It is
anopenquestiorhow to extendour approacho consider
I/O costsandtaskplacementor 1/O, asin BAD-FS[2].

Federated computational economies. Previous
worksoncomputationaéconomiedor federatedesource
allocation include Spavn [22], Mariposa[20], the G-
commercdrameavork [24], andNimrod-G [4]. Our pro-
posalis similar in thatit is basedon two-phasenegotia-
tionsbetweersener sitesandbuyersendavedwith bud-
getsandknowledgeof their resourcalemands.

Several of theseworks have examineddynamicsof
computationamarketsbasedon variouspricing andauc-
tion systems.For example,Spavn [22] wasa landmark
systembasedon second-priceVickrey auctions,an ap-
proachthat mary other systemshave followed. Pricing
andmarket dynamicsare beyondthe scopeof this paper
althoughour heuristicsarecompatiblewith otherpricing
schemesA key focusof ourwork is to extendtheseeco-
nomic approacheso incorporatepenaltiesfor violating
contractuabbligations,andto developstratgiesthatbal-
ancerisk andrewardwith respecto currentcommitments
whenacceptingandschedulingasks.

Sewice markets and service quality. In contrastto
mostof thesesystemsthe sitesin our systemsell a ser
vice ratherthan raw resourcessuch as blocks of CPU
time. Servicemarketsintroduceanew dimensiontheser
vice may be provided at a rangeof quality levels. Mari-
posal20] is similar in that it useseconomicbidding to
distribute queriesin a databasesystem,in which the lo-
cationof storeddatais signi cant. Our approactfollows
Mariposain bidding for servicebasedon uservaluethat
decayswith servicedelays. Contractualagreementsor
servicequality are essentiaffor computingutilities and
thenext-generatiorgrid [11].

Onegoalof ourwork is to createa foundationfor ser
vice providersto buy or sell raw resourcesn an under

lying resourcemarket, basedon currentdemandfor the
servicethey provide. Our proposedaskservicemayuse
its internalmeasuresf perunitgainandrisk asabasisfor
its own pricing andbiddingstratey in aresourcamarket.
Thatis, thetaskservicemayactasa resellerof resources
acquiredrom a sharedesourcepool aservisionedin our
previouswork on SHARP [13], Muse[6], andClusteron-
Demand7]. Ultimately, the serviceprovider mustestab-
lish a utility functioncapturingthe valueit assigngdo the
resourced mightacquire basedntheimprovementsn
servicequality andyield that would result. Resourceal-
locationmaythenbeviewedasa bidding problem[5] or
anoptimizationproblem[15].

8 Conclusion

This paperdevelopsheuristicsfor taskschedulingand
admissiorcontrolin amarket-basedyrid taskservice and
illustratestheir behavior underrepresentatie conditions.
The foundationfor the market-basedapproachis user
centricor value-basedchedulingwhich prioritizestasks
accordingto a userspeci ed measureof value. Since
uservalue correspondgo whatthe userwill pay for the
taskservice,schedulingo maximizeuservalueallows a
market-basedaskserviceto maximizeits yield. Theur-
geng of ataskis capturedby the rateat which its value
decaysawith increasingwait times.

Ourapproachs basedna nancial metaphorifor rea-
soningaboutschedulingchoicesin a serviceeconomy
We proposea schedulindheuristiccalledFir stRevard that
is parameterizetb balanceherisk or costof ataskwith
thereward of completingit. Oneconclusionof our study
is thatcostandrisk areoftenmoreimportantthangainsin
determiningschedulingeffectivenessalthoughheuristics
that considergainsto somedegreeare more effective in
somecasesparticularlywhenpenaltiesarebounded.

This paperis a steptowardsunderstandinghe balance
of risk andreward for schedulingbasedon ne-grained
expression®f value. Thecontributionsinclude: detailing
the differentareasof schedulingrisk, de ning heuristics
to mitigatethoserisks, exploring the parametespacefor
a generalschedulingheuristic,and shaving how value-
basedschedulergandrive sener biddingandadmission
controlin acomputationaéconomy
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