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Abstract

Interestin Grid computinghasgrownsigni�cantly over the
past �ve years. Managementof distributedclusterresources
is a key issuein Grid computing. Central to managementof
resourcesis the effectivenessof resource allocation,as it de-
terminestheoverall utility of thesystem.In thispaper, wepro-
poseanewGrid systemthatconsistsofGrid FederationAgents
which coupletogetherdistributedclusterresourcesto enable
a cooperative environment. Theagentsusea computational
economymethodology, that facilitates QoSscheduling, with
a cost-timeschedulingheuristicbasedon a scalable, shared
federationdirectory. Weshowbysimulation,whilesomeusers
thatare local to popularresourcescanexperiencehighercost
and/or longer delays,theoverall users' QoSdemandsacross
the federation are bettermet. Also, the federation's average
casemessagepassingcomplexity is seento bescalable, though
somejobsin thesystemmayleadto largenumbersof messages
before beingscheduled.

1 Intr oduction

Clusters of computers have emerged as main-
stream parallel and distributed platforms for high-
performance, high-throughput and high-availability
computing. Grid [13] computingextendsthe cluster
computingideato wide-areanetworks. A Grid consists
of clusterresourcesthatareusuallydistributedovermul-
tiple administrative domains,managedand owned by
different organizationshaving different resourceman-
agementpolicies. With the large scalegrowth of net-
works and their connectivity, it is possibleto couple
theseclusterresourcesasa part of onelarge Grid sys-
tem.Suchlargescaleresourcecouplingandapplication
managementis acomplex undertaking,asit introducesa
numberof challengesin thedomainof security, resource
andpolicy heterogeneity, resourcediscovery, fault toler-
ance,dynamicresourceavailability andunderlyingnet-
work conditions.

Existingapproachesto resourceallocationin a Grid
environmentarenon-coordinated.In a non-coordinated

system,applicationschedulers(e.g. a ResourceBro-
kering System[2]) perform schedulingrelatedactivi-
ties independentof the otherschedulersin the system.
They directly submit their applicationsto the underly-
ing resourceswithout taking into accountthe current
load,priorities,utilizationscenariosof otherapplication
level schedulers.Clearly, thiscanleadtoover-utilization
or bottleneckof somevaluableresourceswhile leaving
otherslargely underutilized.Furthermore,thesebroker-
ing systemsdonothaveaco-ordination(or cooperative)
mechanismandthisexacerbatestheloadsharinganduti-
lization problemsof distributedresourcesbecausesub-
optimalschedulesarelikely to occur.

Theresourceson a Grid (e.g. clusters,supercomput-
ers)aremanagedby localresourcemanagementsystems
(LRMSes)suchas Condor [18] and PBS [5]. These
resourcescanalsobe looselycoupledto form campus
Grids usingmulti-clusteringsystemssuchasSGE[14]
thatallow sharingof clustersownedby thesameorgani-
zation. In otherwords,thesesystemsdo not allow their
combinationin the sameway that autonomoussystem
supportto createanenvironmentfor cooperativefeder-
ation of clusters,which we refer asGrid-Federationin
restof thepaper.

Furthermore, end-usersor their application-level
schedulerssubmit jobs to the LRMS without having
the knowledge about responsetime or serviceutility.
Sometimesthesejobsarequeuedfor relatively excessive
times before being actually processed,leading to de-
gradedQoS.To mitigatesuchlongprocessingdelayand
enhancethevalueof computation,aschedulingstrategy
canuseprioritiesfrom competinguserjobsthatindicate
varying levels of importance.This is a widely studied
schedulingtechnique(e.g.usingpriority queues)[4]. To
be effective, the schedulersrequireknowledgeof how
usersvaluetheir computationsin termsof QoSrequire-
ments,which usually varies from job to job. LRMS
schedulerscanprovide a feedbacksignal that prevents
theuserfrom submittingunboundedamountsof work.

Currently, system-centricapproachessuch as Le-
gion [10, 23], Condor, NetSolve [9], Punch[17], PBS
and SGE provide limited support for QoS driven re-
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sourcesharing. Thesesystem-centricschedulers,allo-
cateresourcesbasedonparametersthatenhancesystem
utilization or throughput.The schedulereitherfocuses
onminimizingtheresponsetime(sumof queuetimeand
actualexecutiontime) or maximizing overall resource
utilization of the systemand thesearenot speci�cally
appliedon a per-userbasis(useroblivious). They treat
all resourceswith thesamescale,asif they areworththe
sameand the resultsof differentapplicationshave the
samevalue;while in reality the resourceprovider may
value his resourcesdifferently and hasa different ob-
jective function. Similarly, the resourceconsumermay
valuevariousresourcesdifferentlyandmaywantto ne-
gotiatea particularpricefor usinga resource.Usersare
unableto expresstheir valuationof resourcesandQoS
parameters.Furthermore,thesystem-centricschedulers
do not provide any mechanismfor resourceownersto
de�ne what is shared,who is given the accessandthe
conditionsunderwhichsharingoccurs.

To overcometheseshortcomingsof non-coordinated,
system-centricschedulingsystems,we proposea new
distributed resourcemanagementmodel, called Grid-
Federation.Our Grid-Federationsystemis de�ned asa
largescaleresourcesharingsystemthatconsistsof aco-
operative federation(thetermis alsousedin theLegion
systemandshouldnot beconfusedwith our de�nition),
of distributedclustersbasedon policiesde�ned by their
owners(shown in Fig.1).Fig.1showsanabstractmodel
of ourgrid-federationoverasharedfederationdirectory.
To enablepolicy basedtransparentresourcesharingbe-
tweentheseclusters,we de�ne andmodela new RMS
system,which we call Grid FederationAgent (GFA).
Currently, we assumethat the directory information is
sharedusingsomeef�cient protocol(e.g.apeer-to-peer
protocol[19, 15]). In this casetheP2Psystemprovides
adecentralizeddatabasewith ef�cient updatesandrange
querycapabilities.Systemslike CondorFlock [12] are
basedon manuallycon�gured static resourceinforma-
tion andthis is asigni�cant disadvantagewhenbuilding
largegrid systems.IndividualGFAs accessthedirectory
informationusingtheinterfaceshown in Fig.1,i.e. sub-
scribe,quote,unsubscribe,query. In this paper, we are
not concernedwith thespeci�csof theinterface(which
canbe found in [20]) althoughwe do considerthe im-
plicationsof therequiredmessage-passing,i.e. themes-
sagessentbetweenGFAs to undertake the scheduling
work.

Our approachconsiderstheemerging computational
economymetaphor[2, 21, 22] for Grid-Federation.In
this caseresourceowners: can clearly de�ne what is
sharedin theGrid-Federationwhile maintaininga com-
plete autonomy, can dictate who is given accessand
get incentives for leasingtheir resourcesto federation
users. We adopt the market basedeconomicmodel
from [2] for resourceallocationin our proposedframe-
work. Otheruser-centricmodelsaredescribedin [11]
and are targetedat clusters. Someof the commonly
used economicmodels [6] in resourceallocation in-
cludesthe commoditymarket model, the postedprice

model,thebargainingmodel,thetendering/contract-net
model,theauctionmodel,thebid-basedproportionalre-
sourcesharingmodel, the community/coalitionmodel
andthemonopolymodel.We mainly focuson thecom-
moditymarketmodel[24]. In thismodelevery resource
hasa price,which is basedon the demand,supplyand
valuein theGrid-Federation.Economymodeldrivenre-
sourceallocationmethodologyfocuseson: (i) optimiz-
ing resourceprovider's objective functions,(ii) increas-
ing end-user's perceivedQoSvaluebasedon QoSlevel
indicators[20] andQoSconstraints.

The key contribution of the paperincludesour pro-
posed new distributed resourcemanagementmodel,
called Grid-Federation,which provides: (i) decentral-
ization via a sharedfederationdirectory that givessite
autonomyandscalability; (ii) ability to co-ordinatere-
sourcemanagement;(iii) incentivesfor resourcesown-
ersto sharetheir resourcesaspartof federation;(iv) ac-
cessto a larger pool of resourcesfor all users. In this
paperwedemonstrate,by simulation,thefeasibilityand
effectivenessof ourproposedGrid-Federation.

The rest of the paper is organizedas follows. In
Section2 we summarizeour Grid-FederationandSec-
tion 3 dealswith variousexperimentsthatweconducted
to demonstratethe utility of our work. We endthe pa-
per with someconcludingremarksand future work in
section4.

2 Grid-Federationmodels

This sectionprovides comprehensive details about
our proposedGrid-Federation,including modelsused
for budgetanddeadlinecalculationsin the simulations
of thenext section.

2.1 General Grid­Federation schedulingtech­
nique

We de�ne our Grid-Federation(shown in Fig.1) as
an architecturalframework that enableslogical cou-
pling of cluster resources. The Grid-Federationsup-
portspolicy basedtransparentsharingof resourcesand
QoS [16] basedapplicationscheduling. We also pro-
posea new computationaleconomymetaphorfor the
Grid-Federation. Computationaleconomy[2, 21, 22]
enablesthe regulation of supply and demandof re-
sources,offersincentive to theresourceownersfor leas-
ing, andpromotesQoSbasedresourceallocation.This
framework consistsof cluster owners as the resource
providersandtheend-usersasthe resourceconsumers.
The End-usersare also likely to be topologically dis-
tributed,having differentperformancegoals,objectives,
strategiesanddemandpatterns.We focuson optimiz-
ing the resourceprovider's objective andresourcecon-
sumer'sutility functionsby usingaquotingmechanism.

The distributed information sharing in the Grid-
Federationis facilitatedthrougha federationdirectory.
We assumethat the the directoryinformationis shared
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Figure 1. Grid­Federation

usingsomeef�cient protocol(e.g.a peer-to-peerproto-
col [19, 15]). Thefederationdirectorymaintainsquotes
or advertisedcostsfrom eachGFA in the federation.
Eachquoteconsistsof a resourcedescriptionR i , for
clusteri , anda cost for using that resourceci , con�g-
uredby respective clusterowners. Using R i andci , a
GFA candeterminethecostof executinga job in clus-
ter i andthe time taken,assumingthat clusteri hasno
load. The actualload of the clusterneedsto be deter-
mineddynamicallyandthe loadcanleadto changesin
time taken (for job completion). In this paper, we as-
sumethat ci remainsstaticthroughoutthe simulations.
EachGFA canquerythefederationdirectoryto �nd the
k-th fastestclusteror the k-th cheapestcluster. We as-
sumethe query processis optimal, i.e. that it takes
O(log n) messages[8] toquerythedirectory, whenthere
aren GFAs in the system. In this paper, we consider
thenumberof additionalmessagesthatareusedto sat-
isfy our Grid-Federationschedulingprocess. We also
modelGrid Bank[3] asanentity thatprovidesservices
for creditmanagementin theGrid-Federation.

In Fig.1 a userwho is local to GFA 3 is submitting
a job. If the user's job QoS can't be satis�ed locally
then GFA 3 queriesthe federationdirectory to obtain
the quoteof the 1-st fastestor 1-st cheapestcluster. In
this case,the federationdirectoryreturnsthe quotead-
vertisedby GFA 2. Following this,GFA 3 sendsanego-
tiatemessage(enquiryaboutQoSguaranteein termsof
responsetime) to GFA 2. If GFA hastoomuchloadand
cannotcompletethe job within the deadlinethenGFA
3 queriesthe federationdirectory for the 2-nd cheap-
est/fastestGFA andsoon. Thequery-negotiateprocess

is repeateduntil GFA 3 �nds a GFA that canschedule
the job (in this examplethe job is �nally scheduledon
cluster4).

Every federationuserhasto expresshow muchheis
willing to pay, called a budget, and requiredresponse
time, called a deadline, for his job numberj . In this
work, we saythat a job's QoShasbeensatis�ed if the
job is completedwithin budgetanddeadline,otherwise
it is not satis�ed. Every cluster in the federationhas
its own resourcesetR i which containsthede�nition of
all resourcesownedby the clusterandreadyto be of-
fered. Ri can include information aboutthe CPU ar-
chitecture,numbero f processors,RAM size,secondary
storagesize,operatingsystemtype, etc. In this work,
Ri = (pi ; � i ; 
 i ) which includesthenumberof proces-
sors,pi , theirspeed,� i andunderlyinginterconnectnet-
work bandwidth,
 i . We assumethat there is always
enoughRAM andcorrectoperatingsystemconditions,
etc. The clusterowner chargesci per unit time or per
unit of million instructions(MI) executed,e.g.per1000
MI.

A job consistsof thenumberof processorsrequired,
pi;j ;k , thejob length,l i;j ;k (in termsof instructions),the
budget,bi;j ;k , thedeadlineor maximumdelay, di;j ;k and
thecommunicationoverhead,� i;j ;k . We write J i;j ;k to
representthe i -th job from the j -th userof the k-th re-
source.

To capturethenatureof parallelexecutionwith mes-
sagepassingoverheadinvolved in the real application,
weconsideredapartof total executiontimeasthecom-
munication overheadand remainingas the computa-
tional time. In this work, we considerthenetwork com-
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municationoverhead� i;j ;k for a parallel job J i;j ;k to
be randomly distributed over the processes.In other
words, we don't considerthe casee.g. when a paral-
lel programwrittenfor ahypercubeis mappedto amesh
architecture.We assumethat the communicationover-
headparameter� i;j ;k would scalethe sameway over
all theclustersdependingon 
 i . The total datatransfer
involvedduringaparalleljob executionis givenby

�( J i;j ;k ; Rk ) = � i;j ;k � 
 k (1)

The time for job J i;j ;k =
(pi;j ;k ; l i;j ;k ; bi;j ;k ; di;j ;k ; � i;j ;k ) to execute on re-
sourceRm is

D (J i;j ;k ; Rm ) =
l i;j ;k

� m pi;j ;k
+

�( J i;j ;k ; Rk )

 m

(2)

andtheassociatedcostis

B (J i;j ;k ; Rm ) = cm
l i;j ;k

� m pi;j ;k
: (3)

If si;j ;k is thetime thatJ i;j ;k is submittedto thesys-
tem then the job must be completedby time si;j ;k +
di;j ;k .

2.2 QoS dri ven resource allocation algorithm
for Grid­Federation

We consider a deadline and budget constrained
(DBC) schedulingalgorithm,or cost-timeoptimization
scheduling.The federationusercanspecifyany oneof
thefollowing optimizationstrategiesfor their jobs:

� optimizationfor time (OFT) – give minimumpos-
sibleresponsetimewithin thebudgetlimit;

� optimizationfor cost(OFC)– give minimumpos-
siblecostwithin thedeadline.

For eachjob that arrivesat a GFA, called the local
GFA, thefollowing is done:

1. Setr = 1.

2. If OFT is requiredfor thejob thenquerythefeder-
ationdirectoryfor the r -th fastestGFA; otherwise
OFCis requiredandthequeryis madefor ther -th
cheapestGFA. Refer to the resultof the queryas
theremoteGFA.

3. ThelocalGFA sendsamessageto theremoteGFA,
requestinga guaranteeon thetime to completethe
job.

4. If theremoteGFA con�rms theguaranteethenthe
job is sent,otherwiser := r + 1 andthe process
iteratesthroughstep2.

Recall that we assumeeachquery takes O(log n)
messagesandhencein this work we usesimulationto
studyhow many timesthe iterationis undertaken,on a
per job basisandon a perGFA basis.TheremoteGFA
makesa decisionimmediatelyuponreceiving a request
as to whetherit canacceptthe job or not. If the job's
QoSparameterscannotbesatis�ed(afteriteratingup to
thegreatestr suchthatGFA couldfeasiblycompletethe
job) thenthejob is dropped.

Effectively, for job J i;j ;k that requires OFC
then GFA m with Rm is chosen such that
B (J i;j ;k ; Rm ) = min1<m 0� n f B (J i;j ;k ; Rm 0)g,
and D(J i;j ;k ; Rm ) � si;j ;k + di;j ;k . Simi-
larly, for OFT then GFA m is chosen such that
D(J i;j ;k ; Rm ) = min1<m 0� n f D (J i;j ;k ; Rm 0)g, and
B (J i;j ;k ; Rm ) � bi;j ;k .

2.3 Userbudgetand deadline

While our simulationsin the next sectionusetrace
datafor job characteristics,the tracedatadoesnot in-
cludeuserspeci�ed budgetsanddeadlineson a per job
basis.In this caseweareforcedto fabricatethesequan-
titiesandwe includethemodelshere.

For a user, j , we allow eachjob from thatuserto be
givenabudget(usingEq. 3),

bi;j ;k = 2 � B (J i;j ;k ; Rk ): (4)

In otherwords,the total budgetof a userover simu-
lation is unboundedandwe areinterestedin computing
thebudgetthatis requiredto scheduleall of thejobs.

Also, we let thedeadlinefor job i (usingEq. 2) be

di;j ;k = 2 � D(J i;j ;k ; Rk ): (5)

In otherwords,we assigntwo timesthevalueof to-
tal budgetanddeadlinefor the given job, ascompared
to the expectedbudgetspentandresponsetime on the
originatingresource.

3 Experimentsand analysis

3.1 Workload and resourcemethodology

Weusedtracebasedsimulationto evaluatetheeffec-
tivenessof the proposedsystemandthe QoSprovided
by the resourceallocation algorithm. The workload
tracedatawasobtainedfrom [1]. The tracecontained
realtimeworkloadof variousresources/supercomputers
that are deployed at the Cornell Theory Center(CTC
SP2), SwedishRoyal Institute of Technology(KTH
SP2),Los AlamosNationalLab (LANL CM5), LANL
Origin 2000Cluster(Nirvana)(LANL Origin), NASA
Ames (NASA iPSC) and San-Diego Supercomputer
Center(SDSCPar96,SDSCBlue,SDSCSP2)(SeeTa-
ble 1). Theworkloadtraceis a recordusagedataabout
collectionof parallel jobs that weresubmittedto vari-
ous resourcefacilities. Every job arrives, is allocated
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Table 1. Workload and Resour ce Con�guration
Index Resource /

ClusterName
TraceDate Processors MIPS

(rat-
ing)

Jobs Quote(Price) Network
Bandwidth
(Gb/Sec)

1 CTCSP2 June96-May97 512 850 79,302 4.84 2
2 KTH SP2 Sep96-Aug97 100 900 28,490 5.12 1.6
3 LANL CM5 Oct94-Sep96 1024 700 201,387 3.98 1
4 LANL Origin Nov99-Apr2000 2048 630 121,989 3.59 1.6
5 NASA iPSC Oct93-Dec93 128 930 42,264 5.3 4
6 SDSCPar96 Dec95-Dec96 416 710 38,719 4.04 1
7 SDSCBlue Apr2000-Jan2003 1152 730 250,440 4.16 2
8 SDSCSP2 Apr98-Apr2000 128 920 73,496 5.24 4

oneor moreprocessorsfor a periodof time, and then
leaves the system. Further, every job in the workload
hasassociatedarrival time, indicatingwhenit wassub-
mittedto theschedulerfor consideration.As theexper-
imentaltracedata[1] doesnot includedetailsaboutthe
network communicationoverheadinvolved for differ-
ent jobs, we arti�cially introducedthe communication
overheadelementas10%of thetotalparalleljob execu-
tion time. The simulatorwasimplementedusingGrid-
Sim [7] toolkit that allows modelingandsimulationof
distributedsystementitiesfor evaluationof scheduling
algorithms.To enableparallelworkloadsimulationwith
GridSim,we extendedexisting GridSim's Alloc Policy
andSpaceSharedentities.

Our simulation environment models the following
basicentitiesin additionto existingentitiesin GridSim:

� local userpopulation– modelsthe workload ob-
tainedfrom tracedata;

� GFA – generalizedRMSsystem;

� GFA queue– placeholderfor incomingjobs from
localuserpopulationandthefederation;

� GFA sharedfederationdirectory– simulatesanef-
�cient distributed query processsuchas peer-to-
peer.

For evaluating the QoS driven resourceallocation
algorithm, we assignedsyntheticQoS speci�cation to
eachresourceincludingtheQuotevalue(Pricethatclus-
terownerchargesfor service),having varyingMIPSrat-
ing andunderlyingnetwork communicationbandwidth.
The simulationexperimentswere conductedby utiliz-
ing workloadtracedataover thetotalperiodof two days
(in simulationunits) at all the resources.We consider
following resourcesharingenvironmentfor our experi-
ments:

� independentresource– Experiment1;

� federationwithouteconomy– Experiment2;

� federationwith economy– Experiments3, 4 and5.

3.2 Experiment 1 – independentresources

In this experimenttheresourcesweremodeledasan
independententity (without federation). All the work-
load submittedto a resourceis processedandexecuted
locally (if possible).In Experiment1 and2 weconsider,
if the userrequestcan not be served within requested
deadline,thenit is rejectedotherwiseit isaccepted.Dur-
ing Experiment1 and 2, we evaluatethe performance
of a resourcein termsof averageresourceutilization
(amountof real work that resourcedoesover the sim-
ulation periodexcluding the queueprocessingandidle
time), job acceptancerate (total percentageof job ac-
cepted)andconverselythe job rejectionrate(total per-
centageof job rejected).The resultof this experiment
canbefoundin Table2.

3.3 Experiment 2 – with federation

In this experiment,we analyzedthe workload pro-
cessingstatisticsof various resourceswhen they are
partof theGrid-Federationbut do not useaneconomic
model. In this casetheworkloadassignedto a resource
canbeprocessedlocally. In casea local resourceis not
availablethenonlineschedulingis performedthatcon-
siderstheresourcesin thefederationin decreasingorder
of their computationalspeed.We alsoquantifythejobs
dependingon whetherthey areprocessedlocally or mi-
gratedto the federation.Table3 describesthe resultof
thisexperiment.

3.4 Experiment 3 – with federation and econ­
omy

In thisexperiment,westudythecomputationalecon-
omy metaphorin theGrid-Federation.In orderto study
economybasedresourceallocationmechanism,it was
necessaryto fabricateuserbudgetsand job deadlines.
As the tracedatadoesnot indicatetheseQoSparame-
ters,sowe assignedthemusingEqs. 4,5 to all the jobs
acrosstheresources.We performedtheexperimentun-
derthreescenarios:

� all usersseekOFC;

� 50%seekOFC50%seekOFT;
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Table 2. Workload Processing Statistics (Without Federation)
Index Resource /

ClusterName
Average
Resource
Utilization
(%)

Total Job Total Job Ac-
cepted(%)

Total Job Re-
jected(%)

1 CTCSP2 53.492 417 96.642 3.357
2 KTH SP2 50.06438 163 93.865 6.134
3 LANL CM5 47.103 215 83.72 16.27
4 LANL Origin 44.55013 817 93.757 6.24
5 NASA iPSC 62.347 535 100 0
6 SDSCPar96 48.17991 189 98.941 1.058
7 SDSCBlue 82.08857 215 57.67 42.3255
8 SDSCSP2 79.49243 111 50.45 49.54

� all usersseekOFT.

Fig.3and4 describestheresultof thisexperiment.

3.5 Experiment 4 – messagecomplexity with
respectto jobs

In this experiment,we considertotal incomingand
outgoingmessagesat all GFA's. The variousmessage
type includes negotiate, reply, job-submission(mes-
sagescontainingactualjob) and job-completion(mes-
sagecontainingjob output). We quantify the number
of local messages(sentfrom a GFA to undertake a lo-
cal job scheduling)andremotemessages(receivedat a
GFA to schedulea job belongingto aremoteGFA in the
federation).Theexperimentwasconductedfor thesame
userpopulationsasexplainedin experiment3. Fig.5de-
scribestheresultof thisexperiment.

3.6 Experiment 5 – messagecomplexity with
with respectto systemsize

This experimentmeasuresthesystem's performance
in terms of the total messagecomplexity involved as
the systemsizegrows from 10 to 50. In this case,we
considertheaverage,maxandmin numberof messages
(sent/recv)perJobbasis.Notethat,in casen messages
areundertakento schedulea job thenit involvestravers-
ing (if n > 2 then(n� 2)=2, elsen=2) entriesof theGFA
list. To accomplishlargersystemsize,wereplicatedour
existing resourcesaccordingly(shown in Table1). The
experimentwasconductedfor thesameuserpopulations
asexplainedin experiment-3.Fig.6and7 describesthe
resultof thisexperiment.TheJavabasedsimulationtool
prohibitedusfrom scalingthesystemfurther.

3.7 Resultsand observations

During experiment1 we observedthat5 out of 8 re-
sourcesremainedunderutilized(lessthan60%).During
experiment2, we observedthatoverall resourceutiliza-
tion of mostof the resourcesincreasedascomparedto
experiment1 (when they were not part of the federa-
tion), for instanceresourceutilization of CTC SP2in-
creasedfrom 53.49%to 87.15%. The sametrendscan

(a)Averageresourceutilization (%) vs. resourcename

(b) No. of jobsvs. resourcename

Figure 2. Resour ce utilization and job mi­
gration plot
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Table 3. Workload Processing Statistics (With Federation)
Index Resource /

ClusterName
Average
Resource
Utilization
(%)

Total
Job

Total Job
Accepted(%)

Total
Job Re-
jected(%)

No. of
Jobs
Processed
Locally

No. of
Jobs Mi-
grated to
Federa-
tion

No. of
Remote
jobs
processed

1 CTCSP2 87.15 417 100 0 324 93 72
2 KTH SP2 68.69 163 99.38 0.61 110 52 35
3 LANL CM5 67.20 215 90.69 9.30 145 50 70
4 LANL Origin 77.62 817 98.89 1.10 733 75 81
5 NASA iPSC 78.73 535 99.81 0.18 428 106 129
6 SDSCPar96 79.17 189 100 0 143 46 30
7 SDSCBlue 90.009 215 98.60 1.39 105 107 77
8 SDSCSP2 87.285 111 97.29 2.70 54 54 89

be observed for other resourcestoo (refer to Fig.2(a)).
Therewas an interestingobservation regardingmigra-
tion of the jobsbetweentheresourcesin the federation
(load-sharing).This characteristicwasevidentat all the
resourcesincluding CTC SP2,KTH SP2,NASA iPSC
etc. At CTC, which hadtotal 417 jobs to schedule,we
observedthat324(refer to Table3 or Fig.2(b))of them
wereexecutedlocally while the remaining93 jobs mi-
gratedandexecutedat someremoteresourcein thefed-
eration. Further, CTC executed72 remotejobs, which
migratedfrom otherresourcesin thefederation.

The federationbasedload-sharingalsoleadto a de-
creasein thetotal job rejectionrate,thiscanbeobserved
in caseof resourceSDSCBlue wherethe job rejection
ratedecreasedfrom 42.32%to 1.39%.Notethat,theav-
eragejob acceptancerate,over all resourcesin the fed-
eration,increasedfrom 90.30%(without federation)to
98.61%(with federation).Thus,for thegivenjob trace,
it is preferableto make useof more resources,i.e. to
migratejobs. In otherwords,thejob traceshowsthepo-
tential for resourcesharingto increaseutilization of the
system.

In experiment 3, we measuredthe computational
economyrelatedbehavior of the systemin terms of
its supply-demandpattern,resourceowner's incentive
(earnings)and end-user's QoS constraintsatisfaction
(averageresponsetime andaveragebudgetspent)with
varying userpopulationdistribution pro�les. We study
the relationshipbetweenresourceowner's total incen-
tive andend-user's populationpro�le. The total incen-
tive earnedby different resourceownerswith varying
userpopulationpro�le canbeseenin Fig.3(b). There-
sult shows as expectedthat the owners(acrossall the
resources)got more incentive whenuserssoughtOFT
(Total Incentive2:31� 109 Grid Dollars)(scenario-3)as
comparedto OFC(Total Incentive2:12� 109 Grid Dol-
lars) (scenario-1).During OFT, we observed that there
wasa uniform distribution of the jobsacrossall the re-
sources(referto Fig.3(a))andevery resourceownergot
someincentive. While duringOFC,we observeda non-
uniform distribution of the jobs in the federation(refer
to Fig.3(a)). We observed that the resourcesincluding
CTCSP2,LANL CM5, LANL Origin, SDSCpar96and
SDSCBlue earnedsigni�cant incentives. This canalso

(a)Averageresourceutilization (%) vs. resourcename

(b) Total incentive (grid dollars)vs. resourcename

Figure 3. Suppl y and demand pattern plot
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beobserved in their resourceutilization statistics(refer
to Fig.3(a)). However, the fasterresources(e.g. KTH
SP2,NASA iPSCandSDSCSP2)remainedlargely un-
derutilizedanddid notgetsigni�cant incentives.This is
theworstcasescenarioin termsof theresourceowner's
incentiveacrossall theresources.

Furthermore,the resultsindicatean imbalancebe-
tween the resourcesupply and demandpattern. As
the demandwas high for the cost-effective resources
comparedto the time-effective resources,thesetime-
effective resourcesremainedlargely underutilized. In
this case,the majority of the jobs were scheduledon
thecost-effectivecomputationalresources(LANL CM5,
LANL Origin,SDSCPar96andSDSCBlue). Although,
with evenuserpopulationdistribution (duringscenario-
2) all theresourceownersacrossthefederationreceived
incentive (Total Incentive 2:16 � 109 Grid Dollars)and
hadbetterresourceutilization (refer to Fig.3(a)). This
scenarioshows a balancein theresourcesupplyandde-
mandpattern. Thus,we concludethat resourcesupply
(numberof resourceproviders)anddemand(numberof
resourceconsumersandQoSconstraintpreference)pat-
tern candeterminethe resourceowner's overall incen-
tiveandhis resourceusagescenario.

We measuredend-usersQoSsatisfactionin termsof
theaverageresponsetime andtheaveragebudgetspent
underOFCandOFT. Weobservedthattheend-usersre-
ceivedbetteraverageresponsetimes(excludingrejected
jobs)whenthey soughtOFT (scenario-3)for their jobs
ascomparedto OFC(scenario-1).At LANL Origin (ex-
cludingrejectedjobs) theaverageresponsetime for the
userswas7:865� 103 simulationseconds(scenario-1)
which reducedto 6:201� 103 for OFT. The end-users
spentmorebudgetin thecaseof OFTascomparedOFC
(referto Fig.4(b)).Thisshowsthatusersgetmoreutility
for theirQoSconstraintparameterresponsetime,if they
arereadyto spendmorebudget.

Note that, Fig.4(b) and 4(c) includesthe expected
budgetspentandresponsetime for therejectedjobsas-
sumingthey are executedon the originating resource.
Fig.4(a)depictsthenumberof jobsrejectedacrossvar-
iousresourcesduringeconomyscheduling.During this
experiment,we alsoconsidertheaverageresponsetime
andtheaveragebudgetspentatthefastest(NASA iPSC)
andthecheapestresource(LANL Origin) whenthey are
notpartof theGrid-Federation(without federation).We
observedthat theaverageresponsetime at NASA iPSC
was 1:268 � 103 (without federation)simulationsec-
ondsas comparedto 1:553 � 103 simulationseconds
during OFT (as part of federation)(refer to Fig.4(b)).
Accordingly, at LANL Origin theaveragebudgetspent
was 4:851 � 105 (without federation)Grid Dollars as
comparedto 5:189� 105 Grid DollarsduringOFC(as
part of the federation)(refer to Fig.4(c)). Clearly, this
suggeststhat althoughfederation-basedresourceshar-
ing leadsto betteroptimizationof objective functions
for the end-usersacrossall the resourcesin the feder-
ation, sometimesit may be a disadvantageto the users
who belongto themostef�cient resources(in termsof

(a)No. of JobsRejectedvs. resourcename

(b) Averageresponsetime (simulationunits)vs. resource
name

(c) Averagebudgetspent(grid dollars)vs. resourcename

Figure 4. Suppl y and demand pattern plot
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(a) No. of messages(All usersseekOFC) vs. resource
name

(b) No. of messages(50%seekOFCand50%seekOFT)
vs. resourcename

(c) No. of messages(All usersseekOFT) vs. resource
name

Figure 5. Local and Remote messa ge com­
plexity plot

timeor cost).
In experiment4, we measuredthe total numberof

messagessentandreceivedat variousGFA's in thefed-
eration with varying user population pro�les. Fig.5
shows theplot of thelocal andremotemessagecountat
variousGFAs in thefederationduringeconomyschedul-
ing. During (Scenario-1)when all usersseekOFC,
weobservedthatresourceLANL Origin receivedmaxi-
mumremotemessages(6:407� 103 messages)(referto
Fig.5(a))followedwith LANL CM5 ( thesecondcheap-
est). LANL Origin offers the leastcost,so in this case
every GFA in the federationattemptedto migratetheir
jobs to LANL Origin, henceleading to increasedin-
�o w of theremotemessages.While during(Scenario-3)
whenall usersseekOFT, we observedmaximumnum-
ber of remotemessagesat the resourceNASA iPSC
(refer to Fig.5(c)) followed by SDSC SP2 (the sec-
ondfastest).Since,theseresourcesweretime-ef�cient,
thereforeall the GFAs attemptedto transfertheir jobs
to them. The total messagesinvolved during this case
was 1:964 � 104 as comparedto 1:024 � 104 during
OFC.This happenedbecausetheresourcesLANL Ori-
gin andLANL CM5 had2048and1024computational
nodesandafewernumberof negotiationmessageswere
undertakenbetweenGFA's for thejob scheduling.Dur-
ing (Scenario-2)when 50% seekOFC and 50% seek
OFT, we observeduniform distribution of local andre-
motemessagesacrossthefederation(refer to Fig.5(b)).
Hence,this suggeststhat the resourcesupply and de-
mand patterndirectly determinesthe total numberof
messagesundertakenfor thejob schedulingin thecom-
putationaleconomybasedgrid-system.

In experiment5, wemeasuredtheproposedsystem's
scalability with increasingnumbersof resourcecon-
sumersandresourceproviders.The�rst partof this ex-
perimentis concernedwith measuringtheaveragenum-
berof messagesrequiredto schedulea job in thefeder-
ationasthesystemscales.Weobservedthatatasystem
sizeof 10,OFCschedulingrequiredanaverage5.55(re-
fer to Fig.6(a))messagesascomparedto 10.65for OFT
(referto Fig.6(c)).As thesystemscaledto 50resources,
the averagemessagecomplexity per job increasedto
17.38for OFCascomparedto 41.37duringOFT. This
suggeststhatOFCjob schedulingrequiredlessnumber
of messagesthanOFT job scheduling,thoughwe need
todomorework todeterminewhetherthisisduetoother
factorssuchasbudgets/deadlinesassignedto jobs.

From �gure 6, note that the averagemessagecount
grows relatively slowly to anexponentialgrowth in the
systemsize. Thus,we canexpectthat theaveragemes-
sagecomplexity of thesystemis scalableto a largesys-
tem size. More analysisis requiredto understandthe
messagecomplexity in this case. However, the maxi-
mummessagecountsuggeststhesomepartsof thesys-
tem arenot scalableandwe needto do morework to
avoid theseworstcases,e.g. by incorporatingmorein-
telligenceinto thesharedfederationdirectory.

Overall,weaveragedthebudgetspentfor all usersin
the federationduring OFC andwithout federation(in-
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(a) No. of messagesper job (All usersseekOFC)vs. system
size

(b) No. of messagesper job (50% seekOFC and 50%
seekOFT)vs. systemsize

(c) No. of messagesperjob (All usersseekOFT)vs. sys-
temsize

Figure 6. Average messa ge comple xity per
job with increasing system size

dependentresources).We observed that during OFC,
averagebudgetspentwas8:874� 105 grid dollars(we
includedthe expectedbudgetspentof rejectedjobs on
the originating resource)as comparedto 9:359 � 105

duringwithout federation.However, atmostpopularre-
source(LANL Origin) theaveragebudgetspentfor lo-
cal usersduringOFCwas5:189� 105 ascomparedto
4:851� 105 duringwithoutfederation.Similarly, weav-
eragedthe responsetime for all usersin the federation
during OFT andwithout federation. We observed that
duringOFT, averageresponsetimewas1:171� 104 sim-
ulation units (we includedthe expectedresponsetime
of rejectedjobs on the originating resource) as com-
paredto 1:207� 104 duringwithout federation.But at
themostpopularresource(NASA iPSC)theaveragere-
sponsetimefor localusersduringOFTwas1:553� 103

ascomparedto 1:268� 103 duringwithout federation.
Clearly, this suggeststhatwhile someusersthatarelo-
cal to the popularresourcescanexperiencehighercost
or longer delaysduring the federationbasedresource
sharingbut the overall users'QoSdemandsacrossthe
federationarebettermet.

4 Conclusion

We proposeda new computationaleconomybased
distributedclusterresourcemanagementsystemcalled
Grid-Federation.The federationusesagentsthatmain-
tainandaccessasharedfederationdirectoryof resource
information. A cost-timeschedulingalgorithmwasap-
plied to simulatethe schedulingof jobs using iterative
queriesto the federationdirectory. Our resultsshow
that,while theusersfrom popular(fast/cheap)resources
haveincreasedcompetitionandthereforahardertimeto
satisfy their QoS demands,in generalthe systempro-
videsan increasedability to satisfyQoSdemandsover
all users. The result of the QoS basedresourceallo-
cationalgorithmindicatesthat the resourcesupplyand
demandpatternaffects resourceprovider's overall in-
centive. Clearly, if all usersareseekingeither time or
costoptimizationthentheslowestor mostexpensive re-
sourceownerswill notbene�t asmuch.Howeverif there
is a mix of users,someseekingtime andsomeseeking
costoptimizationthenall resourceprovidersgain some
bene�t from the federation.In our futurework we will
studyto whatextenttheuserpro�le canchangeandhow
pricingpolicesfor resourcesleadsto variedutility of the
system. We will alsostudyhow the sharedfederation
directorycanbedynamicallyupdatedwith thesepricing
policieswhichcanleadto co-ordinatedQoSscheduling.

We analyzedhow the resourcesupply and demand
pattern affects the system scalability/performancein
termsof total messagecomplexity. In general,thecost-
timeschedulingheuristicdoesnotleadtoexcessivemes-
sages,i.e. to excessive directory accessesand we ex-
pectthesystemto bescalable.However it is clearthat
popularresourcescanbecomebottlenecksin thesystem
andsowe intendto researchwaysto avoid suchbottle-
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neckingbehavior, principally by usingcoordinationvia
the sharedfederationdirectory. Overall, the proposed
Grid-Federation,in conjunctionwith a scalable,shared,
federationdirectory, is a favourablemodelfor building
largescalegrid systems.
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