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Abstract

Recentadvancesn computingand communicatiorhave
givenrise to the computationalgrid notion. The core of
this computingparadigmis thedesignof a systenfor draw-
ing computepowerfroma confedeation of geographically
dispessedhetengeneougesouces,seamlesshand ubiqui-
tously If high-performancdevelsare to be achieved,data
locality mustbe identifiedand managed. In this paper we
considerthe effect of serverside staging on the behavior
of a classof wide area “task farming” applications. e
showthat staging improvestaskthroughputmainlythrough
theincreasedarallelismratherthanthereductionin over-
all turnaroundtime pertask.We derivea modelfor farming
applicationswith andwithoutserversidestaging andverify
the modelthroughlive experimentsaswell as simulations.

1. Introduction

The computationabrid [9] hasrecentlyevolvedinto a
powerful paradigmfor the utilization of distributed com-
putational resources. Projectssuch as Glohus [8], Le-
gion [10, 11], NetSole [4], Condor[7, 16], Ninf [12,14]
andEveryWare[17] arebut a few of the mary projectsthat
attemptto harnesshe power of the computationagrid. By
definition, the computationalgrid encompassegsources
that spana wide geographica(and network) distance.As
such,the issueof datalocality plays an importantrole in
enhancinghe performanceof distributedapplicationsrun-
ning onthegrid.

*This materialis baseduponwork supportedby the National Science
FoundationundergrantsACI-9876895,EIA-9818334and EIA-9975015,
the Departmentof Enegy under grant DE-FC0299ER25396and the
Mathematicsnformation and ComputationalScience<Office, Office of
AdvancedScientific ComputingResearchQffice of Science,U. S. De-
partmentof Enegy, undercontractNo. DE-AC05-000R22725%vith UT-
Battelle,LLC.

T Distributed ComputingGroup, Oak Ridge National Lab Oak Ridge,
TN 37831,USA

iDepartment of Computer Science, University of Tennessee,
Knoxville, TN 37996,USA

JamesS. Plank?

Rich Wolski

[ pl ank, rich] @s. ut k. edu

Locality hasalwaysbheenanimportantelemenin reduc-
ing dataaccesoverheadwhetherat the processotevel or
in a distributedsetting. While it is generallyacceptedhat
stagingdatanearwhereit is consumedcaching)improves
generalapplicationperformancethe natureof suchanim-
provementdepend®nthetypeof theapplicationandonits
ability to effectively usethe availabledata.

Parametesweep(or farming)aplicationds aclassof ap-
plicationswith attractize scalability propertieswhich ren-
dersit suitablefor grid implementation.Theseembarrass-
ingly parallel applicationsdivide a (potentially huge) pa-
rameterspaceinto regions. A worker applicationis then
assignedhe task of searchingone suchregion for points
thatmatchthe searctcriteriasetby the application.A sub-
classof suchapplicationsare dataindependenparameter
sweepswheretheinputdatasetis sharedetweerall work-
ers. The structuralpropertiesof this sub-classuggesthe
useof compute-sidelatastagingto reduceinputdatafetch-
ing communicatiordelay Theresultingreductionin over-
headshouldincreaseapplicationthroughput(expressedn
termsof the numberof regionssearchegberunit time).

In this paperwe studythe stagingbehavior of wide-area
data-independentarameteisweepapplications. We base
our computingmodelon NetSole [4], andour stagingus-
ing the IBP storagesystem[13]. We first derive ananalyti-
cal modelfor predictingperformancen suchsystemsand
then run experimentsin a wide-areasettingto determine
how well the modelfaresin arealimplementationFinally,
we shaw resultsof a simulationof thesesystemsso thata
wider classof parametersanbeanalyzed.

Fromthis work, we concludethatin theseapplications,
stagingmprovesthroughpuby reducingthepurelysequen-
tial portion of the overall applicationthroughthe overlap-
ping of the datatransfersignal of a taskwith the initiat-
ing control signal of subsequentasks. This increasegob
initiaition rate and applicationparallelism. Our analytical
modelshaows that this improvementcould be adwerselyaf-
fectedby the computationakeners’ sharingof bandwidth
to the stagingpoint, which increaseslatatransfertime upto
the point wherethe addition of more computesenerscan
leadto deterioratiorin applicationperformance.
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Figure 1. Farming model with an IBP Staging
Point

2. Applications

We focus on parametersweep,or “farming; applica-
tions, which have beenthe focus of muchinitial work on
grid computing[1, 2,5,6,15]. As describedabore, these
are parallelapplicationswherelittle or no communication
is performedbetweensub tasksin a larger computational
processAn exampleis MCell, a microphysiologyapplica-
tion thatuses3-D Monte-Carlosimulationto studymolecu-
lar bio-chemicainteractionswithin living cells[6]. In fact,
almostall Monte-Carlosimulationsbelongto this classof
applications.

The applicationghatwe studyhave the following char
acteristics:

e Largeinput data set. Theinputdatasetis largerela-
tive to ary controlparametershatdeterminghe man-
nerin whichthe datasetis processed.

e Largenumber of tasks. The numberof tasksis large
andis not usuallyknown in advance.The application
sweepsghrougha (possiblyinfinite) parameteispace
definedthroughthe control parametersTaskthrough-
put is the paramountmeasureof overall application
performance.

e Task independence. Eachtaskis completelydefined
throughits control datasetandthe global input data
set. No dependenciesxist betweentasksin the pa-
rametersweepapplication.

3 Computing Model

We adopt the computing model supportedby Net-
Solve[4]. Thisis abrokeredRPCmodel,sometimesermed
the“client-agent-sergr’ model. A clientsubmitsproblems
to computationalseners through an intermediateagent,
which actsas a resourcebroker and performancemonitor
for all computationalseners that are registeredwith this
agent. The client runningthe applicationqueriesthe agent
for alist of senerscapableof solvingthe problemat hand.
The client thenproceedgo submitinstance®f the param-
etersweepapplicationto senersin thatlist until no seners
areleft unused.The client thenproceedgo monitor com-
pletion of taskson active seners,submittingmoretasksto
thesener(s)thatcompletetheir tasks.

The introductionof staginginto this environmentleads
to thedifferentiationof the controlanddatastreamswithin
the application.Without staging,the client marshalsall in-
putsto the computationabroblemto the sener whenever
an instanceof the problemis instantiated. With staging,
theinput datais prepositionedn a storagesener, perhaps
nearthe computationakeners,anda pointerto the datais
sentto thesenersontaskinstantiation.Thesenersretrieve
the datafrom the storageafter their tasksare instantiated.
This separateshe pathof the control datafrom that of the
(larger)input dataasseenin Figurel. We assumehatnet-
work storageexistsfor staging,suchasthestorageprovided
by the InternetBackplaneProtocol(IBP) [2].

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

e Pureexecutiontime of individual taskson computa-
tional senersis constant.Moreover, eachsener exe-
cutesonetaskatatime.

e Tasksare introducedinto the computationaknviron-
mentoneatatime. Thereasoningehindthis assump-
tion is twofold. Thesimultaneountroductionof tasks
from the client sideto multiple computationakeners
imposesheary demandson bandwidthfor problems
involving large data sets. Such usageof available
bandwidthmay not be acceptabldo mary organiza-
tions. The secondeasornis thatin someernvironments
(e.g.NetSolwe), theintroductionof a probleminstance
into the ervironmentaltersthe configurationin such
a way asto affect the decisionsinvolvedin assigning
future instancedo seners. While devising a scheme
for the simultaneousschedulingof multiple problem
instancess feasible,it is beyond the scopeof this re-
search.

e No senerfailuresoccurduringcomputations.



e The outputdatasizeis negligible. It follows that no
significanttime elapsedetweenra taskterminatingon
a sener andthe client’s recognitionof this eventand
thelaunchof anotherinstanceon the samesener.

In analyzingthethroughpubf parametesweepapplica-
tions,we definethefollowing variables:

- T: Taskforking time. Thisis thetimeto seleciacom-
putationalsener andstarta proceson it. It includes
network latenciesand protocol overhead but not the
timeto transmitinput data.

- T;: Inputdatatransmissiorime.

- T,: Taskcomputationatime, oncethe input hasbeen
receved.

- T: A suficiently large time interval usedto measure
throughput.

- P: Total numberof identicalcomputationateners.

- P,: Effective numberof computationakeners.

- N: Numberof completedasksin T' seconds.

With no staging, tasksare startedas depictedin Fig-
ure 2(a). The task turnaroundtime is (T + T; + T¢)
Sec/ask Sincea new taskcannotbe starteduntil all data
from the previous task hasbeentransmitted the taskini-
tiation rateis 1/(Ty + T;) Tasks/Sec.lt follows that, the
maximumnumberof tasksthat can be startedbeforethe
first taskterminatess givenby

P.=T;+T,+T,) Tasks/Finished task

1
Tf + T

A new task initiated after completionof the first task
does not increasethe number of simultaneouslyactive
seners. By startingthis new taskon the samesener where
the recentlyterminatedtask was assignedwe getthe sce-
nario depictedin Figure 2. It should be noted that this
choiceis possiblebecaus®f theassumptiorthatall seners
areidentical,which makesit immaterialwhich sener gets
to processary given task. It follows that, regardlessof
the numberof available serves, the maximumnumberof
senersthat can be kept simultaneoushbusy (7., for “ef-
fective” numberof seners)dependson (T + T3). In Fig-
ure2(a), P, equalsthree.AssumingP, < P,then

T
Ty + T, + T.
T.

= 1
Tf-l-Tt @)

N = P, —(P,-1)
T -

With staging,we add primesto all variables.Note that
T; = Ty andT, = T.. However T} will differ from T3,
dependingon thelocationof the stagingpoint. As depicted
in Figure2(b),ataskneednotwait for its inputbeforestart-
ing, but rather begins fetchingits inputs from the staging
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Figure 2. Task launc hing in parameter sweeps

point assoonasit is initiated. The resultis thattasksare
ableto fetch their inputsin parallelup to the point where
thebandwidthconsumedy all tasksin their fetchphases
equalto thecapacityof thenetwork link. Thisincreaseshe
effectivenumberof seners(to ninein Figure2(b)), andwill

alsoshortertaskturnaroundimeif 7} < T;. It followsthat

P =
e Tf

Tasks/Finished task

And assumingP, < P,then
T

N = P ——— (P -1
€ Tf +TtI+Tc ( e )
T-T-T.
= -t ¢ 2
T; @
Fromequationdl and2
N T-T.-T{ Ty +T, 3)
N T-T. Ty
For sufiiciently largeT, T — T. > T;. Then
N’ T;
~ 1 — 4
~ + T (@)

Equation4 shawvs thattheimprovementwe seefrom the
useof stagingdoesnotdependntransmissiorime (7}) up
to thepoint of link saturation.

The staging performancemodeledabove assumeghe
numberof available seners exceedsthe maximum num-
ber of effective senersthat a client can use,andthat the
slowdown of inputtransfercausedy link saturatioris neg-
ligible. Theimprovementin performances dueto there-
ductionin transmissiortime andthe enhancegarallelism



achieved through overlappingtask instantiationand data
transmission. To isolate the effect of staging,let P <
min(P,., P.). In this scenariowe find that

T
N = P——— —(P-1 5
Tf+Tt+Tc ( ) ()

T
N = P— — —(P-1 6
Tf+Tt'+TC ( ) ()
For sufficiently largeT, P —1 « P T It

y large 1, Tf‘i‘TTz‘i‘Tc.
followsthat

N' N T+ Ty + T )
N 7 T;+T+T.
For a sener sidestagingpoint, we have T}, <« Ty + T..
Then
NI
— = 1+ T
N Ty + T

(8)

For aclientsidestagingpoint,7; = T; andN'/N = 1.
In the vast majority of scientificfarmingapplications the
computationatime 7T, dominateslatatransmissionime 7;.
This is in contrastto web cachingapplicationswherethe
oppositeis generallytrue. Hence,it canbe seenfrom the
abose modelthat asthe numberof computationakeners
available decrease$rom that numberneededto keepthe
stagingpipelinefull, thethroughpugainadwantagehrough
stagingdiminishesandeventuallyvanisheswith sufficiently
long runningtasksand/orfew seners.

4. Sharing of bandwidth to staging point

In the modeldescribedabove, the transmissiortime T}
wasassumedo be independenbf the numberof simulta-
neousconnectiondetweenhe stagingpoint andthe com-
putationalseners. This assumption,in effect, indicates
theavailability of separat@ndindependentonnectionbe-
tweenthe staginghostandthe computationakeners. For
mostreal situations,the stagingsener hasonly one com-
municationlink that is sharedamongall connectionsto
the computationakeners. This meanghatasmoresimul-
tanousconnectionaremadeto the stagingsener, thetime
to transferthe stageddataon eachconnectionis affected.
This causesheeffective bandwidthBW, betweerthestag-
ing senerandthecomputationasenersto bedifferentfrom
thenominalbandwidthBW of theconnectindink. In what
follows, we derive a formulafor the upperboundof BW..
We maintainthe assumptionshatthe total numberof avail-
ablecomputationasenersis largeenoughto keeptheclient
from beingidle betweentasks.

ConsiderFig.3, which shaws taskinstantiatingusinga
stagingsener. Let S bethesizeof thedatafile thatis staged

~U 30 50 =0

&0 0

T T, Ty T,

Figure 3. Sharing of bandwidth to staging
server

andwhich is transmittedevery time a new taskis started.
For simplicity, assumethat the stageddatafile transmis-
siontime T} is givenby T} = mT} for someinteger
m. Considerthe first task startedon Py, during time in-
terval 77 (which is equalto Ty), taskon P; hasexeclu-
sive accesgo thecommunicatiorlink to the stagingsener.
Hence theamountof datatransferrediuring7; is givenby
S1 = BW Ty.

As anew taskis startedon P, , it sharegshecommunica-
tion link to the staginghostwith thetaskon P; (assuming
S1 < S). Hence theamountof datatransferredo P, dur-
ing time interval T is givenby So = (BW T%)/2

Similarly for tasksstartedon P; and Py, eachnew task
reducesthe amountof bandwidthavailableto P;. This
processcontinuesuntil time interval T, duringwhich data
transmissiorfor P; terminates. During time interval T,
n simultaneougonnectionsharethe communicationink
to the stagingsener. During time intenal T, 1, taskrun-
ningonprocessoP, ;; startstransferringts instanceof the
stagediatafile, thusthecommunicationink continuego be
sharedamongn or moretransmissiongassuminghe num-
ber of availablecomputationakenersis large enough.All
subsequentransmissionsvill have an effective bandwidth
BW, < BW/n. Theinequalitystemsfrom the factthat
taskstartedon P, will not necessarilfinish transferringts
input duringtime interval T,, 1 (sinceit startedwith only
half the nominalbandwidth).This allows yet moretasksto
start, further reducingthe bandwidthavailable to any one
sener. Then,we canwrite

B B
S = TfBW+TfTW+"'+TfTW
"1
= T:B - 9
1 W;:l:i ©)

Thenfor T} = Ty, wehareS = Ty BW andBW, =
BW. ForT; = 2TywehaeS = 3/2 T; BW and
BW, < BW/2. For largervaluesof T}, we canwrite

S = Ty BW([in(n) + ] (10)



Complity | Ty T: T/ T, T! P, P! N N’
(sec)| (sec) (sec)| (sec) (sec) || Calc. | Act. | Calc. | Act. || Calc.| Act. | Calc. | Act.
n"® 28| 75 02 15.6 9.84 25 15 46 341 1050 1047 | 3895 3758
n’7 34| 78 02 37.7 26.81 43 33 89 7.4 963 953 3168 2984
'8 47| 62 02 90.7 82.68 93 83| 186 173 980 983 2280 2257
n°Y 66| 6.0 02| 2572 243.18]| 21.3 224 377 332 833 851 1478 1462
nt? 67| 80 02| 7374 744380]| 51.1 33.4| 111.7 34.4| 469 390| 469 452
n' 71| 85 0.2 1458.8 1471.71| 945 33.8| 207.7 345| 222 230| 222 247

Table 1. Experimental results (1). P =35,7T =3 hours

Compleity | T T, T/ T. T! P, P! N N’
(sec) | (sec) (sec)| (sec) (sec) | Calc. [ Act. | Calc. [ Act. || Calc. | Act. | Calc. | Act.
" 26| 72 02 10.9 10.6 21 11 52 4.0/ 1104 1100]| 4198 4095
'’ 26| 73 02 30.4 29.6 40 30| 120 54/ 1075 1071| 1989 1978
n’® 271 77 02 89.8 85.0 97 53| 323 58| 642 639 733 736
n’? 28| 77 02| 2576 2548 255 57| 93.0 59| 237 239| 247 248
n'? 29| 81 04| 7577 895.7| 703 5.9]279.0 6.0 79 82 67 69
't 32| 85 02] 15158 1560.6| 130.0 5.9]| 484.2 6.0 37 42 36 39

Table 2. Experimental results (2). P =6,T =3 hours

where~ is known as the Euler-Masdheroni constantand
is approximatelyequal to 0.5772156649. It has been
shavn [18] that the error in the above approximationis
boundby theformula

1 "1 1
ST < ;—:1 r —ln(m)+9] < 5 (1)
Notethatthe approximationn equationl0 canbe usedfor
all valuesof n, subjectto the error constraintsdefinedin
equationll. SolvingequationlOfor n, we get

S5 ___
n ~ eTrw " (12)
equationl12 shavs that the effective bandwidthconnecting
the computationakenersto the stagingpoint decreaseex-
ponentiallyasthe stageddatasizeincreaseselative to the
maximumamountof datathatcanbe transmittedrom the
stagingsener in time interval T¢. If n is not limited by
thenumberof availableseners, BW, coulddecreas¢o the
point wherevirtually no progressis madein the farming
applicationasall instantiatedaskstry to simultaneouslye-
trieve their commoninput dataset. We explore this effect
furtherthroughsimulationsin section6.

5. Experimental Results

In this section,we presenthe resultsof runninga wide
areadistributedfarmingapplication.The goalof this partis
totestthevalidity of themodeldevelopedn section3 under

real network andsener loading conditions(computational
senersrunningin work stealingmode). We developeda
simplesyntheticalgorithmthatallows usto controltherun-
ning time of computationatasksthroughinput parameters.
Multiple instance®f thisalgorithmwerespavnedonanet-
work of computationakenersfrom aremoteclient.

5.1. Thetesting environment

The experimentasingthe syntheticalgorithmwereper
formedusingthefollowing experimentaketup:

e Client: Theclientis a SUN ULTRA-2 machinerun-
ning at PrincetonUniversity.

e Servers. Thecomputationakenersareselectedrom
apoolof 41 machinesunningattheUniversityof Ten-
nesseeknoxville. Of these12machinesiredual167-
MHz UltraSFARC-1 processormachineswith 256-
MB of memory Theremaining29 machinesave sin-
gle 143-MHz UltraSFARC processowith 256-MB of
memory

e NetSolveagent: The NetSohe agentwaslaunchecn
one of the computationakenersusedin the experi-
ment.

e Staging Point: The staging point is implemented
by an IBP sener [13] running on an Internet2 ma-
chine dedicatedto servingstorageto network appli-
cations[3]. This machineis housedat the University
of Tennessee.



4000 —a— P = 35, with staging

---a-- P =35, no staging

3000 —+— P = 6, with staging
---- P =6, no staging
Z 2000
10004 %:=::3%...
0

T T T T *—
06 07 08 09 10 11
Complexity Exponent

Figure 4. Completed tasks in each experi-
ment.

e Experimental setup: All reportedexperimentswere
performedbetweenthe hoursof 8:00 AM and11:00
PM (EDT) duringthe monthsof May and June2000.
All component®f the experimentswererunningin a
work-stealingmode,with a nicevalueof 15.

The farminginterface[5] in NetSohe wasusedto launch
tasksandassignthemto computationakeners. However,

this interfacewas instrumentedo allow for bettercontrol

over the maximumnumberof hoststhat canbe simultane-
ously usedby a client, andto addvarioustracingand per

formancemeasuremertode.

5.2. Results

In this sectionwe presentesultsfrom two experiments.
In bothexperimentsThedurationof eachtaskis setto bea
functionof theinputdatasizen. Thesefunctionsareof the
formn¥, andin our tests,we varyy from 0.6to 1.1. In the
first experiment,the numberof computationakeners(P)
is fixed at 35 In the secondexperiment,P is six. Thegoal
of theseexperimentds to testthevalidity of themodelsde-
velopedin section3 aswell asthe simulatorcodedescribed
later All runswereconductedor aperiodZ” of 3 hours.In-
put datasizefor theseexperimentis 832 KB. Tablesl and
2 summarizeheresultsof theseexperiments.

As thelasttwo columnsof eachtableindicate themodel
doesa very good task of predicting actualbehaior both
with and without staging. And asis demonstratednost
clearly in Table 1, the most notableimprovementdue to
stagingis the increasan P, — roughly a factorof two in
Table 1, and over a factor of threein Table2. However,
whentherearenot enoughprocessorgor P, processor$o
be keptbusy, asin thelasttwo rows of Table1 andthelast
four rows of Table2, the reducedransmissionime dueto
theinputbeingnearthesenershaslittle effect.

Below we make a few morecommentsrom the experi-
ments:

e ForkingtimeT: Theaverageforking time increases
asthenumberof computationasenersusedincreases.
Theincreasestemsfrom the needfor the client to ne-
gotiatewith the NetSole agentand senersto select
a suitablesener for every new task. As a result,the
averagestartingtime tendsto increaseas the num-
ber of available senersincreaseglueto the dynamic
sener selectionprocess. In all stagingexperiments,
T/ wasconsiderablylessthanT'; thusno bandwidth
sharingeffectswere obsened in the experimentswe
conducted.

e Transmission time T;: In NetSole, one can only
measuretotal task instantiationtime at the client.
Without staging,this is Ty + T;. With staging,it is
simply T}, sincethedatais downloadedrom IBP after
taskinstantiation. For thatreasonT; is calculatedio
bethetaskinstantiatiortime withoutstaging(T's +13),
minusthetaskinstantiatiortime with staging(T%).

e Execution TimeT,: Theexecutiontimeslistedin Ta-
bles 1 and 2 representhe time betweenthe end of
the client’s task instantiationand the time at which
the client detectstask completion. As a result, this
time may exceedthe actual executiontime, because
the client doesnot checkfor taskcompletionwhile in
the midst of forking a new task. As a result, execu-
tion time as seenat the client may exceedthe actual
executiontime by (T + T;) secondsvithout staging,
andby T’y secondswith staging.This accountgor the
differencesn T, andT? in thetables.

Finally, in Figure 4, we plot the numberof completed
tasksfor eachtest, both with and without staging. When
P, < P, thereducedaskforking time of the P = 6 tests
shov better performance. Additionally, when P, < P,
stagingagainshaws benefitdbecausdt increased,. When
P, reachesP, thebenefitsof stagingarefar lessdramatic.

6. Simulation Results

In this sectionwe reportfurtherresultsthatwe obtained
throughsimulation.Thesimulatoracceptshefollowing pa-
rameters:

o Probabilitydistributionsfor T, T¢., remotebandwidth
from the client to seners, andlocal bandwidthfrom
senersto their stagingpoints.

e TheinputdatasizeS, thenumberof senersP, andthe
applicationdurationT'.
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Figure 5. Simulation results, Ty = [3,7] Sec.

It then performsa stochasticsimulationof the farming
application, and returnsthe number of taskscompleted.
The purposethesesimulation testsis to explore the be-
havior of stagingwith respectto farming while varying
the behaior of parameterd-or the runs describedhere,
we sampleT, from a uniform distribution in the interval
[ —0.25 p, p + 0.25u], wherey is the meanvalueof T,
andvariedin thesetests. Remotebandwidthis uniformly
distributedin theinterval [0.25, 0.75] MB persecondLocal
bandwidthis uniformly distributedin theinterval [0.5, 1.5]
MB per second.We vary the input datasize S between5
MB and32 MB andthe numberof seners P betweerd0
and500. ApplicationdurationT is fixedat 24 hours.

We usedtwo settingsfor T to simulatetwo different
scenarios.In the first setof resultsshovn in Fig. 5, we
use Ty uniformly distributed in the interval [3,7]. This
settingsimulategemotedynamicschedulingvheresignifi-
cantoverheads usedin selectingcomputationaseners.In
the secondsetof resultsshovn in Fig. 6, we useT uni-
formly distributedin the interval [0.05,0.15]. This simu-
latesa morestaticshedulingapproactwherecomputational
senersareslectedn amoretime-eeficientmanner(e.g. us-
ing round-robinscheduling).

Resultsshavn in Fig 5 and6 arethe averagesobtained
over ten independentuns of the simulator The figures
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Figure 6. Simulation results, Ty = [.05,.15] Sec.

shaw the resultsfor the throughputratio (N'/N),the num-
ber of finishedtasks(N’, N), andthe effective numberof
computationalseners used(P., P,). The valueschosen
represninervironmentwith decentremotebandwidth(0.5
MByte/Sec)andlocal bandwidththatis twice thatamount.
The resultsreportedherewill be necessarilydifferentfor
otherbandwidthvalues,but the modelandgeneralconclu-
sionsshouldremainvalid.

In Figure5, theresultsareshavn for input datasizesof
5 MB and16 MB, and P = 200. In thesegraphs,three
differentzonescanbeidentifiedin termsof the individual
taskcomputationatime T

Zone A Thiszoneextendsfrom T, = 0 to approximately
T. = 1200 seconds.In this zone, neithermodelis able
to utilize all available computationakeners. The staging
architectures ableto utilize moresenersdueto thereduced
total taskstartingtime.

Zone B This zonecoverstheinterval [1200, 3200] for a
datasize of 5 MB, and[1200,8000] for a datasize of 16
MB. In this zone thestagingarchitecturas makingfull use
of all available computationakeners,while its no-staging
counterparis makingpartialuseof them. It shouldbenoted
thattherangeof T, for whichthisconditionis trueincreases
asthedatasizeincreases.



Zone C This zonecoverstheinterval 7., > 3200 for a
datasizeof 5 MB, and7, > 8000 for adatasizeof 16 MB.
For valuesof T, in this zone,both architecturesare mak-
ing full useof all available seners. For sufficiently large
runningintenal T, no significantdifferences obsenedbe-
tweenthe total numberof finishedtasksin both cases.For
thisregion, stagingdoesnotimprove taskthroughput.

It can be seenthat the preciseboundarieshetweenthe
three zonesdependon the particularconfigurationof the
problem solving environment (various bandwidth values
and numberof available seners) as well as propertiesof
the problemitself, namelyinput datasize. For instances
in zonesA andB, stagingis beneficialin improving task
throughputwhile for zoneC, suchimprovements not ob-
sened.

In Figure6, simulationresultsareshowvn for a datasize
of 5and32 MB using200and500 computationakeners.
In this scenariothe effectsof bandwidthsharingcanbeob-
senedfor large input datasizesandsmall valuesof T%. It
can be seenthat for valuesof T, lessthan 5000 seconds,
using 500 senersis actually yielding worse performance
than the use of 200 computationalseners. The increase
in transfertime dueto the increasechumberof simultane-
ousconnectiongncreasegotal taskturnaroundime to the
point that nullifies the benefitsgainedfrom the extra com-
putationalseners. As T, increasedeyond 5000 seconds,
the percentagef time spenttransferringdatais reducedo
the point thatwe startseeinggainsfrom the useof the ex-
tra 300seners(althoughthe gainsaremodestin theshavn
results).

7. Conclusion

In this paper we have studiedthe performanceof wide
areadataindependentarmingapplications.We developa
modelfor total task throughputwith and without staging.
Thestagingmodelaccountdor sharingof bandwidthto the
stagingpointamongthecomputationaseners. Themodels
arevalidatedusingexperimentsandsimulations.Themod-
elsandsimulationresultssuggesthatarny improvementin
taskthroughputhroughstagingis primarydueto increased
sener utilization throughreductionin individual taskstart-
ing time throughstaging. The effect of bandwidthsharing
amongthe computationasenersis mostprofoundfor large
valuesof theratio S/(Ty BW), which could affect the de-
cisionto utilize moresenersin thefarmingapplication.
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