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Abstract

Recentadvancesin computingandcommunicationhave
given rise to the computationalgrid notion. The core of
thiscomputingparadigmis thedesignof a systemfor draw-
ing computepowerfroma confederationof geographically
dispersedheterogeneousresources,seamlesslyandubiqui-
tously. If high-performancelevelsare to beachieved,data
locality mustbe identifiedandmanaged. In this paper, we
considerthe effect of serverside staging on the behavior
of a classof wide area “task farming” applications. We
showthat staging improvestaskthroughputmainlythrough
theincreasedparallelismratherthanthereductionin over-
all turnaroundtimepertask.Wederivea modelfor farming
applicationswith andwithoutserversidestagingandverify
themodelthroughlive experimentsaswell assimulations.

1. Introduction

The computationalgrid [9] hasrecentlyevolved into a
powerful paradigmfor the utilization of distributed com-
putational resources. Projectssuch as Globus [8], Le-
gion [10,11], NetSolve [4], Condor[7, 16], Ninf [12,14]
andEveryWare[17] arebut a few of themany projectsthat
attemptto harnessthepowerof thecomputationalgrid. By
definition, the computationalgrid encompassesresources
that spana wide geographical(andnetwork) distance.As
such,the issueof datalocality plays an importantrole in
enhancingtheperformanceof distributedapplicationsrun-
ningon thegrid.�
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Locality hasalwaysbeenanimportantelementin reduc-
ing dataaccessoverhead,whetherat theprocessorlevel or
in a distributedsetting. While it is generallyacceptedthat
stagingdatanearwhereit is consumed(caching)improves
generalapplicationperformance,thenatureof suchan im-
provementdependsonthetypeof theapplicationandonits
ability to effectively usetheavailabledata.

Parametersweep(or farming)aplicationsis aclassof ap-
plicationswith attractive scalabilityproperties,which ren-
dersit suitablefor grid implementation.Theseembarrass-
ingly parallel applicationsdivide a (potentially huge)pa-
rameterspaceinto regions. A worker applicationis then
assignedthe task of searchingone suchregion for points
thatmatchthesearchcriteriasetby theapplication.A sub-
classof suchapplicationsaredata independentparameter
sweeps, wheretheinputdatasetis sharedbetweenall work-
ers. The structuralpropertiesof this sub-classsuggestthe
useof compute-sidedatastagingto reduceinputdatafetch-
ing communicationdelay. Theresultingreductionin over-
headshouldincreaseapplicationthroughput(expressedin
termsof thenumberof regionssearchedperunit time).

In thispaper, westudythestagingbehavior of wide-area
data-independentparametersweepapplications. We base
our computingmodelon NetSolve [4], andour stagingus-
ing theIBP storagesystem[13]. We first derive ananalyti-
cal modelfor predictingperformancein suchsystems,and
then run experimentsin a wide-areasettingto determine
how well themodelfaresin a real implementation.Finally,
we show resultsof a simulationof thesesystemsso that a
wider classof parameterscanbeanalyzed.

Fromthis work, we concludethat in theseapplications,
stagingimprovesthroughputby reducingthepurelysequen-
tial portion of the overall applicationthroughthe overlap-
ping of the datatransfersignal of a task with the initiat-
ing control signalof subsequenttasks. This increasesjob
initiaition rateandapplicationparallelism. Our analytical
modelshows that this improvementcouldbe adverselyaf-
fectedby the computationalservers’ sharingof bandwidth
to thestagingpoint,which increasesdatatransfertimeupto
the point wherethe additionof morecomputeserverscan
leadto deteriorationin applicationperformance.
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Figure 1. Farming model with an IBP Staging
Point

2. Applications

We focus on parametersweep,or “f arming,” applica-
tions, which have beenthe focusof much initial work on
grid computing[1, 2,5,6,15]. As describedabove, these
areparallelapplicationswherelittle or no communication
is performedbetweensub tasksin a larger computational
process.An exampleis MCell, a microphysiologyapplica-
tion thatuses3-D Monte-Carlosimulationto studymolecu-
lar bio-chemicalinteractionswithin living cells[6]. In fact,
almostall Monte-Carlosimulationsbelongto this classof
applications.

Theapplicationsthatwe studyhave the following char-
acteristics:

� Large input data set. Theinput datasetis largerela-
tive to any controlparametersthatdeterminetheman-
nerin which thedatasetis processed.

� Large number of tasks. Thenumberof tasksis large
andis not usuallyknown in advance.Theapplication
sweepsthrougha (possiblyinfinite) parameterspace
definedthroughthecontrolparameters.Taskthrough-
put is the paramountmeasureof overall application
performance.

� Task independence. Eachtaskis completelydefined
throughits control datasetand the global input data
set. No dependenciesexist betweentasksin the pa-
rametersweepapplication.

3 Computing Model

We adopt the computing model supportedby Net-
Solve[4]. Thisis abrokeredRPCmodel,sometimestermed
the“client-agent-server” model.A client submitsproblems
to computationalservers through an intermediateagent,
which actsasa resourcebroker andperformancemonitor
for all computationalservers that are registeredwith this
agent.Theclient runningtheapplicationqueriestheagent
for a list of serverscapableof solvingtheproblemat hand.
Theclient thenproceedsto submitinstancesof theparam-
etersweepapplicationto serversin thatlist until no servers
areleft unused.The client thenproceedsto monitor com-
pletionof taskson active servers,submittingmoretasksto
theserver(s)thatcompletetheir tasks.

The introductionof staginginto this environmentleads
to thedifferentiationof thecontrolanddatastreamswithin
theapplication.Without staging,theclient marshalsall in-
puts to the computationalproblemto the server whenever
an instanceof the problemis instantiated. With staging,
the input datais prepositionedon a storageserver, perhaps
nearthecomputationalservers,anda pointerto thedatais
sentto theserversontaskinstantiation.Theserversretrieve
the datafrom the storageafter their tasksare instantiated.
This separatesthepathof thecontroldatafrom thatof the
(larger)input dataasseenin Figure1. We assumethatnet-
work storageexistsfor staging,suchasthestorageprovided
by theInternetBackplaneProtocol(IBP) [2].

To analyzethe effect staginghason the throughputin
a parametersweepapplication,we make the following as-
sumptions:

� Pureexecutiontime of individual taskson computa-
tional serversis constant.Moreover, eachserver exe-
cutesonetaskat a time.

� Tasksare introducedinto the computationalenviron-
mentoneata time. Thereasoningbehindthisassump-
tion is twofold. Thesimultaneousintroductionof tasks
from theclient sideto multiple computationalservers
imposesheavy demandson bandwidthfor problems
involving large data sets. Such usageof available
bandwidthmay not be acceptableto many organiza-
tions.Thesecondreasonis thatin someenvironments
(e.g.NetSolve),theintroductionof aprobleminstance
into the environmentaltersthe configurationin such
a way asto affect the decisionsinvolved in assigning
future instancesto servers. While devising a scheme
for the simultaneousschedulingof multiple problem
instancesis feasible,it is beyondthescopeof this re-
search.

� No server failuresoccurduringcomputations.



� The outputdatasize is negligible. It follows that no
significanttime elapsesbetweena taskterminatingon
a server andthe client’s recognitionof this event and
thelaunchof anotherinstanceon thesameserver.

In analyzingthethroughputof parametersweepapplica-
tions,wedefinethefollowing variables:

- ��� : Taskforking time. Thisis thetimeto selectacom-
putationalserver andstarta processon it. It includes
network latenciesandprotocol overhead,but not the
time to transmitinput data.

- ��� : Inputdatatransmissiontime.
- ��� : Taskcomputationaltime, oncethe input hasbeen

received.
- � : A sufficiently large time interval usedto measure

throughput.
- � : Total numberof identicalcomputationalservers.
- ��� : Effectivenumberof computationalservers.
- � : Numberof completedtasksin � seconds.

With no staging, tasksare startedas depictedin Fig-
ure 2(a). The task turnaroundtime is ��� ��� � ��� � � �
Sec/Task. Sincea new taskcannotbe starteduntil all data
from the previous task hasbeentransmitted,the task ini-
tiation rate is !#"$�%��� � ��� � Tasks/Sec.. It follows that, the
maximumnumberof tasksthat can be startedbeforethe
first taskterminatesis givenby

� �'& �%��� � ��� � ��� � !� �(� � � ��)+*#,-*�"/.1032405*#687:9�;5)+*#,
A new task initiated after completionof the first task

does not increasethe number of simultaneouslyactive
servers.By startingthis new taskon thesameserverwhere
the recentlyterminatedtaskwasassigned,we get the sce-
nario depictedin Figure 2. It should be noted that this
choiceis possiblebecauseof theassumptionthatall servers
areidentical,which makesit immaterialwhich server gets
to processany given task. It follows that, regardlessof
the numberof availableservers, the maximumnumberof
serversthat canbe kept simultaneouslybusy ( � � , for “ef-
fective” numberof servers)dependson ����� � ��� � . In Fig-
ure2(a), � � equalsthree.Assuming� �=< � , then

� & �>� ��4� � ��� � ���@? �%�>� ? ! �
& � ? � �� �(� � � (1)

With staging,we addprimesto all variables.Note that�(A� & �4� and �(A� & ��� . However �(A� will differ from �B� ,
dependingon thelocationof thestagingpoint. As depicted
in Figure2(b),a taskneednotwait for its inputbeforestart-
ing, but rather, begins fetching its inputs from the staging
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Figure 2. Task launc hing in parameter sweeps

point assoonasit is initiated. The result is that tasksare
ableto fetch their inputs in parallelup to the point where
thebandwidthconsumedby all tasksin their fetchphaseis
equalto thecapacityof thenetwork link. This increasesthe
effectivenumberof servers(to ninein Figure2(b)),andwill
alsoshortentaskturnaroundtime if �(A�(x � � . It followsthat

� A� & ��� � � A� � ���� � ��)+*#,-*�"/.1032405*#687:9�;5)+*#,
And assuming� A� < � , then

� A & � A� ��4� � � A� � ���1? �%� A� ? ! �
& � ? � A� ? ���� � (2)

Fromequations1 and2

� A� & � ? � � ? � A�� ? � � � �(� � �� � (3)

For sufficiently large � , � ? ���zy � A� . Then

��A� { ! � � �� � (4)

Equation4 shows thattheimprovementwe seefrom the
useof stagingdoesnotdependontransmissiontime( � A� ) up
to thepoint of link saturation.

The stagingperformancemodeledabove assumesthe
numberof available servers exceedsthe maximumnum-
ber of effective servers that a client can use,and that the
slowdown of input transfercausedby link saturationis neg-
ligible. The improvementin performanceis dueto the re-
ductionin transmissiontime andthe enhancedparallelism



achieved through overlappingtask instantiationand data
transmission. To isolate the effect of staging,let � x| 0}2~�%� �:� � A� � . In thisscenario,wefind that

� & � �� �(� � �4� � �1? ��� ? ! � (5)

� A & � �� �(� � A� � � � ? �%� ? ! � (6)

For sufficiently large � , � ? !�� � �� �(� �4��� � � � . It

followsthat

��A� { � �(� � �4� � ���� � � A� � ��� (7)

For a server sidestagingpoint, we have � A� � �4� � �4� .
Then

� A� { ! � �B�� �(� � � (8)

For a client sidestagingpoint, � A� & �B� and � A "�� { ! .
In the vastmajority of scientific farmingapplications,the
computationaltime � � dominatesdatatransmissiontime � � .
This is in contrastto web cachingapplications,wherethe
oppositeis generallytrue. Hence,it canbe seenfrom the
above model that as the numberof computationalservers
available decreasesfrom that numberneededto keepthe
stagingpipelinefull, thethroughputgainadvantagethrough
stagingdiminishesandeventuallyvanisheswith sufficiently
long runningtasksand/orfew servers.

4. Sharing of bandwidth to staging point

In the modeldescribedabove, the transmissiontime � A�
wasassumedto be independentof the numberof simulta-
neousconnectionsbetweenthestagingpoint andthecom-
putationalservers. This assumption,in effect, indicates
theavailability of separateandindependentconnectionsbe-
tweenthe staginghostandthe computationalservers. For
mostreal situations,the stagingserver hasonly onecom-
munication link that is sharedamongall connectionsto
thecomputationalservers. This meansthatasmoresimul-
tanousconnectionsaremadeto thestagingserver, thetime
to transferthe stageddataon eachconnectionis affected.
Thiscausestheeffectivebandwidth����� betweenthestag-
ingserverandthecomputationalserverstobedifferentfrom
thenominalbandwidth��� of theconnectinglink. In what
follows,we derive a formula for theupperboundof ��� � .
Wemaintaintheassumptionsthatthetotalnumberof avail-
ablecomputationalserversis largeenoughto keeptheclient
from beingidle betweentasks.

ConsiderFig.3, which shows task instantiatingusinga
stagingserver. Let � bethesizeof thedatafile thatis staged
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Figure 3. Sharing of band width to staging
server

andwhich is transmittedevery time a new task is started.
For simplicity, assumethat the stageddatafile transmis-
sion time � A� is given by � A� & | �4� for someinteger| . Considerthe first task startedon �>§ , during time in-
terval �¨§ (which is equal to ��� ), task on �>§ hasexeclu-
siveaccessto thecommunicationlink to thestagingserver.
Hence,theamountof datatransferredduring ��§ is givenby� § & ���©� � .

As anew taskis startedon ��ª , it sharesthecommunica-
tion link to thestaginghostwith the taskon � § (assuming� § x � ). Hence,theamountof datatransferredto � § dur-
ing time interval �4ª is givenby �4ª & �%���«� �¬� "/­

Similarly for tasksstartedon �¯® and �¨° , eachnew task
reducesthe amountof bandwidthavailable to � § . This
processcontinuesuntil time interval �4± duringwhich data
transmissionfor �>§ terminates. During time interval � ± ,2 simultaneousconnectionssharethe communicationlink
to the stagingserver. During time interval � ±/² § , taskrun-
ningonprocessor� ±³² § startstransferringits instanceof the
stageddatafile, thusthecommunicationlink continuestobe
sharedamong2 or moretransmissionsassumingthenum-
berof availablecomputationalserversis largeenough.All
subsequenttransmissionswill have an effective bandwidth���´� < ���z"#2 . The inequalitystemsfrom the fact that
taskstartedon �¯ª will not necessarilyfinish transferringits
input during time interval �4±/² § (sinceit startedwith only
half thenominalbandwidth).This allows yet moretasksto
start, further reducingthe bandwidthavailable to any one
server. Then,we canwrite

� & � � ��� � � � ���­ �¶µ·µ¸µD� � � ���2
& � � ��� ±¹ º

» § ! 0 (9)

Thenfor � A� & � � , we have � & � � ��� and ���´� &��� . For � A� & ­�� � we have � &½¼ "/­�� � ��� and���´� < ���z"/­ . For largervaluesof � A� , we canwrite

� { � � ���¿¾ À%2~��2 ���ÂÁ8Ã (10)



Complexity Ä8Å ÄÇÆ ÄÉÈÆ Ä-Ê ÄÉÈÊ Ë�Ì Ë ÈÌ Í Í È
(sec) (sec) (sec) (sec) (sec) Calc. Act. Calc. Act. Calc. Act. Calc. Act.ÎÇÏ Ð Ñ 2.8 7.5 0.2 15.6 9.84 2.5 1.5 4.6 3.4 1050 1047 3895 3758ÎÇÏ Ð Ò 3.4 7.8 0.2 37.7 26.81 4.3 3.3 8.9 7.4 963 953 3168 2984ÎÇÏ Ð Ó 4.7 6.2 0.2 90.7 82.68 9.3 8.3 18.6 17.3 980 983 2280 2257Î Ï Ð Ô 6.6 6.0 0.2 257.2 243.18 21.3 22.4 37.7 33.2 833 851 1478 1462Î4ÕÖÐ Ï 6.7 8.0 0.2 737.4 744.80 51.1 33.4 111.7 34.4 469 390 469 452Î4ÕÖÐ Õ 7.1 8.5 0.2 1458.8 1471.71 94.5 33.8 207.7 34.5 222 230 222 247

Table 1. Experimental results (1). � = 35, � = 3 hour s

Complexity Ä8Å ÄÇÆ Ä ÈÆ Ä-Ê Ä ÈÊ Ë�Ì Ë ÈÌ Í Í È
(sec) (sec) (sec) (sec) (sec) Calc. Act. Calc. Act. Calc. Act. Calc. Act.ÎÇÏ Ð Ñ 2.6 7.2 0.2 10.9 10.6 2.1 1.1 5.2 4.0 1104 1100 4198 4095Î Ï Ð Ò 2.6 7.3 0.2 30.4 29.6 4.0 3.0 12.0 5.4 1075 1071 1989 1978Î Ï Ð Ó 2.7 7.7 0.2 89.8 85.0 9.7 5.3 32.3 5.8 642 639 733 736ÎÇÏ Ð Ô 2.8 7.7 0.2 257.6 254.8 25.5 5.7 93.0 5.9 237 239 247 248Î4ÕÖÐ Ï 2.9 8.1 0.4 757.7 895.7 70.3 5.9 279.0 6.0 79 82 67 69Î4ÕÖÐ Õ 3.2 8.5 0.2 1515.8 1560.6 130.0 5.9 484.2 6.0 37 42 36 39

Table 2. Experimental results (2). � = 6, � = 3 hour s

where Á is known as the Euler-Mascheroni constantand
is approximatelyequal to ×-Ø�ÙÛÚ³Ú³­$!#Ù/Ü³Ü³ÝÛÞ . It has been
shown [18] that the error in the above approximationis
boundby theformula

!­-�%2 � ! � x ±¹ß » §
!,à? ¾ À�2~��2 ���ÂÁBÃ x !­�2 (11)

Notethat theapproximationin equation10 canbeusedfor
all valuesof 2 , subjectto the error constraintsdefinedin
equation11. Solvingequation10 for 2 , we get

2 { 7 áâäã�å-æèç8é
(12)

equation12 shows that theeffective bandwidthconnecting
thecomputationalserversto thestagingpointdecreasesex-
ponentiallyasthe stageddatasizeincreasesrelative to the
maximumamountof datathatcanbe transmittedfrom the
stagingserver in time interval � � . If 2 is not limited by
thenumberof availableservers, ����� coulddecreaseto the
point wherevirtually no progressis madein the farming
applicationasall instantiatedtaskstry to simultaneouslyre-
trieve their commoninput dataset. We explore this effect
furtherthroughsimulationsin section6.

5. Experimental Results

In this section,we presentthe resultsof runninga wide
areadistributedfarmingapplication.Thegoalof thispartis
to testthevalidity of themodeldevelopedin section3 under

real network andserver loadingconditions(computational
servers running in work stealingmode). We developeda
simplesyntheticalgorithmthatallowsusto controltherun-
ning time of computationaltasksthroughinput parameters.
Multiple instancesof thisalgorithmwerespawnedonanet-
work of computationalserversfrom aremoteclient.

5.1. The testing environment

Theexperimentsusingthesyntheticalgorithmwereper-
formedusingthefollowing experimentalsetup:� Client: The client is a SUN ULTRA-2 machinerun-

ningat PrincetonUniversity.� Servers: Thecomputationalserversareselectedfrom
apoolof 41machinesrunningattheUniversityof Ten-
nessee,Knoxville. Of these,12machinesaredual167-
MHz UltraSPARC-1 processormachineswith 256-
MB of memory. Theremaining29 machineshavesin-
gle 143-MHzUltraSPARC processorwith 256-MB of
memory.� NetSolve agent: TheNetSolveagentwaslaunchedon
one of the computationalservers usedin the experi-
ment.� Staging Point: The staging point is implemented
by an IBP server [13] running on an Internet2ma-
chine dedicatedto servingstorageto network appli-
cations[3]. This machineis housedat the University
of Tennessee.
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Figure 4. Completed tasks in each experi-
ment.

� Experimental setup: All reportedexperimentswere
performedbetweenthe hoursof 8:00 AM and11:00
PM (EDT) during the monthsof May andJune2000.
All componentsof theexperimentswererunningin a
work-stealingmode,with a nicevalueof !:Ù .

The farminginterface[5] in NetSolve wasusedto launch
tasksandassignthemto computationalservers. However,
this interfacewas instrumentedto allow for bettercontrol
over the maximumnumberof hoststhat canbesimultane-
ouslyusedby a client, andto addvarioustracingandper-
formancemeasurementcode.

5.2. Results

In thissection,wepresentresultsfrom two experiments.
In bothexperiments,Thedurationof eachtaskis setto bea
functionof theinput datasize 2 . Thesefunctionsareof the
form 2�î , andin our tests,we vary ï from 0.6 to 1.1. In the
first experiment,the numberof computationalservers( � )
is fixedat ¼ Ù In thesecondexperiment,� is six. Thegoal
of theseexperimentsis to testthevalidity of themodelsde-
velopedin section3 aswell asthesimulatorcodedescribed
later. All runswereconductedfor aperiod � of ¼ hours.In-
put datasizefor theseexperimentis ð ¼ ­ KB. Tables1 and
2 summarizetheresultsof theseexperiments.

As thelasttwo columnsof eachtableindicate,themodel
doesa very good task of predictingactualbehavior both
with and without staging. And as is demonstratedmost
clearly in Table 1, the most notableimprovementdue to
stagingis the increasein � � — roughly a factorof two in
Table 1, and over a factorof threein Table 2. However,
whentherearenot enoughprocessorsfor � � processorsto
bekeptbusy, asin thelast two rowsof Table1 andthelast
four rows of Table2, the reducedtransmissiontime dueto
theinputbeingneartheservershaslittle effect.

Below we make a few morecommentsfrom theexperi-
ments:

� Forking time ��� : Theaverageforking time increases
asthenumberof computationalserversusedincreases.
The increasestemsfrom theneedfor theclient to ne-
gotiatewith the NetSolve agentandservers to select
a suitableserver for every new task. As a result, the
averagestarting time tendsto increaseas the num-
ber of availableservers increasesdueto the dynamic
server selectionprocess. In all stagingexperiments,� A� wasconsiderablylessthan � � ; thusno bandwidth
sharingeffectswere observed in the experimentswe
conducted.� Transmission time � � : In NetSolve, one can only
measuretotal task instantiation time at the client.
Without staging,this is � �ñ� � � . With staging,it is
simply � � , sincethedatais downloadedfrom IBP after
taskinstantiation.For that reason,� � is calculatedto
bethetaskinstantiationtimewithoutstaging( ��� � ��� ),
minusthetaskinstantiationtimewith staging( ��� ).� Execution Time � � : Theexecutiontimeslistedin Ta-
bles 1 and 2 representthe time betweenthe end of
the client’s task instantiationand the time at which
the client detectstask completion. As a result, this
time may exceedthe actualexecutiontime, because
theclient doesnot checkfor taskcompletionwhile in
the midst of forking a new task. As a result, execu-
tion time asseenat the client may exceedthe actual
executiontime by ( ��� � �B� ) secondswithout staging,
andby � � secondswith staging.This accountsfor the
differencesin � � and �(A� in thetables.

Finally, in Figure 4, we plot the numberof completed
tasksfor eachtest, both with andwithout staging. When��� x � , the reducedtaskforking time of the � & Ü tests
show better performance. Additionally, when � � x � ,
stagingagainshowsbenefitsbecauseit increases� � . When� � reaches� , thebenefitsof stagingarefar lessdramatic.

6. Simulation Results

In this sectionwe reportfurtherresultsthatwe obtained
throughsimulation.Thesimulatoracceptsthefollowingpa-
rameters:� Probabilitydistributionsfor � � , � � , remotebandwidth

from the client to servers,and local bandwidthfrom
serversto their stagingpoints.� Theinputdatasize � , thenumberof servers � , andthe
applicationduration� .
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Figure 5. Simulation results, � � & ¾ ¼-� Ú Ã Sec.

It thenperformsa stochasticsimulationof the farming
application, and returns the numberof taskscompleted.
The purposethesesimulation tests is to explore the be-
havior of stagingwith respectto farming while varying
the behavior of parametersFor the runs describedhere,
we sample � � from a uniform distribution in the interval¾ û ? ×ÇØ ­ÛÙ�û � û � ×-Ø�­³Ù/û Ã , where û is themeanvalueof �4� ,
andvariedin thesetests. Remotebandwidthis uniformly
distributedin theinterval ¾ ×-Ø�­³Ù � ×ÇØ�Ú³Ù Ã MB persecond.Local
bandwidthis uniformly distributedin the interval ¾ ×-Ø�Ù � !³Ø�Ù Ã
MB per second.We vary the input datasize � between5
MB and32 MB andthe numberof servers � between40
and500.Applicationduration� is fixedat 24hours.

We usedtwo settingsfor � � to simulatetwo different
scenarios.In the first set of resultsshown in Fig. 5, we
use � � uniformly distributed in the interval ¾ ¼Ç� Ú Ã . This
settingsimulatesremotedynamicschedulingwheresignifi-
cantoverheadis usedin selectingcomputationalservers.In
the secondsetof resultsshown in Fig. 6, we use � � uni-
formly distributed in the interval ¾ ×-Ø ×ÛÙ � ×-Øü!:Ù Ã . This simu-
latesamorestaticshedulingapproachwherecomputational
serversareslectedin amoretime-eeficientmanner(e.g.us-
ing round-robinscheduling).

Resultsshown in Fig 5 and6 arethe averagesobtained
over ten independentruns of the simulator. The figures
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Figure 6. Simulation results, � � & ¾þØ ×ÛÙ � Øþ!#Ù Ã Sec.

show theresultsfor the throughputratio ( ��A�"�� ),thenum-
ber of finishedtasks( ��A , � ), andthe effective numberof
computationalservers used( � A� , � � ). The valueschosen
represntanenvironmentwith decentremotebandwidth(0.5
MByte/Sec)andlocal bandwidththat is twice thatamount.
The resultsreportedherewill be necessarilydifferent for
otherbandwidthvalues,but themodelandgeneralconclu-
sionsshouldremainvalid.

In Figure5, theresultsareshown for input datasizesof
5 MB and16 MB, and � & ­/×Û× . In thesegraphs,three
differentzonescanbe identifiedin termsof the individual
taskcomputationaltime � � :

Zone A Thiszoneextendsfrom � � & × to approximately� � & !:­/×Û× seconds. In this zone,neithermodel is able
to utilize all availablecomputationalservers. The staging
architectureis abletoutilizemoreserversdueto thereduced
total taskstartingtime.

Zone B This zonecoversthe interval ¾þ!:­³×³× � ¼ ­³×³× Ã for a
datasizeof 5 MB, and ¾ÿ!#­/×³× � ðÛ×³×³× Ã for a datasizeof 16
MB. In thiszone,thestagingarchitectureis makingfull use
of all availablecomputationalservers,while its no-staging
counterpartis makingpartialuseof them.It shouldbenoted
thattherangeof � � for whichthisconditionis trueincreases
asthedatasizeincreases.



Zone C This zonecoversthe interval � ��� ¼ ­/×Û× for a
datasizeof 5 MB, and � ��� ð³×³×Û× for adatasizeof 16MB.
For valuesof ��� in this zone,both architecturesaremak-
ing full useof all availableservers. For sufficiently large
runninginterval � , nosignificantdifferenceis observedbe-
tweenthetotal numberof finishedtasksin bothcases.For
this region,stagingdoesnot improvetaskthroughput.

It can be seenthat the preciseboundariesbetweenthe
threezonesdependon the particularconfigurationof the
problem solving environment (various bandwidthvalues
and numberof available servers) as well as propertiesof
the problemitself, namelyinput datasize. For instances
in zonesA andB, stagingis beneficialin improving task
throughput,while for zoneC, suchimprovementis not ob-
served.

In Figure6, simulationresultsareshown for a datasize
of 5 and32 MB using200and500computationalservers.
In thisscenario,theeffectsof bandwidthsharingcanbeob-
servedfor large input datasizesandsmall valuesof ��� . It
canbe seenthat for valuesof �4� lessthan5000seconds,
using 500 servers is actually yielding worseperformance
than the useof 200 computationalservers. The increase
in transfertime dueto the increasednumberof simultane-
ousconnectionsincreasestotal taskturnaroundtime to the
point thatnullifies the benefitsgainedfrom the extra com-
putationalservers. As � � increasesbeyond 5000seconds,
thepercentageof time spenttransferringdatais reducedto
thepoint thatwe startseeinggainsfrom theuseof the ex-
tra300servers(althoughthegainsaremodestin theshown
results).

7. Conclusion

In this paper, we have studiedthe performanceof wide
areadataindependentfarmingapplications.We developa
model for total task throughputwith andwithout staging.
Thestagingmodelaccountsfor sharingof bandwidthto the
stagingpointamongthecomputationalservers.Themodels
arevalidatedusingexperimentsandsimulations.Themod-
elsandsimulationresultssuggestthatany improvementin
taskthroughputthroughstagingis primarydueto increased
serverutilization throughreductionin individual taskstart-
ing time throughstaging.The effect of bandwidthsharing
amongthecomputationalserversis mostprofoundfor large
valuesof theratio �¨"-��� � ��� � , which couldaffect thede-
cisionto utilize moreserversin thefarmingapplication.
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