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Abstract

In hetepgeneouservironmentsdynamicscedulingal-
gorithmsare a powerfultool towardsperformancemprove-
mentof scientificapplicationsvia load balancing In gen-
eral, thesetechniqguesemployheuristicsthat require a pri-
ori knowledg about workload via profiling resulting in
higher overheadas problemsizesand numberof proces-
sorsincrease In addition, variationsin work load mayap-
pear only at run-timg making profiling work tediousand
sometimegvenobsolete Recentlydynamicloop schedul-
ing schemessud as Factoring Fractiling, and Weighted
Factoring provedto be extremelyinstrumentalin scientific
applicationssud asMonte-CarlosimulationsN-Bodysim-
ulations,radar applications,andothers. Thispaperreports
onperformanceémprovement®btainedbyintegratinga dy-
namicloop schedulingtechniquethat evolvesfrom earlier
schemesand addressegheseconcernsthe AdaptiveFac-
toring, into a scientificapplicationthat invlovescomputa-
tional field simulationon unstructued grids. Reportedex-
perimentalresultsconfirmthe benefitof usingthis method-
ology, andemphasizés high potentialfor a successfuhte-
grationin otherscientificapplicationsthat exhibit substan-
tial performancealegradationdueto load imbalance

1. Introduction

In large scientific applicationsperformanceis signifi-
cantlyaffectedby thevariancan workload,variancen pro-
cessomerformanceduring execution,variancein network
lateng/, and other systemicfactors. Processoimbalances
might be generatedy applicationandalgorithmiceffects,
aswell assystemeffects, suchasdataaccesdateny and
operatingsysteminterference. In heterogeneousrviron-
mentssuchasnetwork of workstationgdNOW), clustersof
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NOW, andclustersof SMPs,the potentialof theseimbal-
ancesbecomingperformancebottlenecksincreasessince
variousapplicationanight alsounexpectedlybeinitiatedor
removed. Dynamicschedulingschemesattempto maintain
balancedoadsby assigningwork to idle processorst run
time. In this way, they accommodateystemicaswell as
algorithmicvariances Adaptingto the varianceof multiple
factors suchastheonesdescribedabove, requiresdynamic
work assignmentln heterogeneousnvironmentsdynamic
schedulingalgorithmsare a powerful tool towardsperfor
manceimprovementof scientificapplicationsvia load bal-
ancing. Traditionally, theseschedulingtechniquesemploy
heuristicsthatrequireprior knowledgeaboutworkloadvia
profiling, and load balancingis achieved via repetitive or
iterative static partitioning [36][12][32][34][40]. This ap-
proachresultsn higheroverheadsproblemsizesandnum-
ber of processorincrease.However, load imbalancemay
appeamonly atrun-time,makingprofiling work tediousand
sometimeseven obsolete. A numberof newly developed
dynamicstratgiesto addressheabove concerndave been
proposedandoftenincorporatednto softwarelibrariesand
packageg24][8]. They addresdoadimbalanceson parti-
tions dueto applicationandarchitecturairregularitiesthat
are known, or could be predicted,and omit the onesthat
may occurduring execution(i.e., dueto variationsin net-
work lateng andload). Theseconcerngaisethe needfor
afully dynamicloadbalancingapproachhataddresseap-
plicationandsystemirregularitiesat run-time.

Dynamic loop schedulingschemessuch as Factoring,
Fractiling, Weighted Factoring, and Adaptive Weighted
Factoring have recently been proposed and success-
fully implemented in the parallelization of, Monte-
Carlo simulations[21], N-body simulations[3][5], radar
applications[1§ and computationalfluid dynamics|[6],
respectiely. Theseschemesare basedon a probabilis-
tic analysis, and therefore can accommodatdoad im-
balancescausedby predictableand unpredictablephe-
nomena. The performanceof computational simula-
tion codesover other competitve techniqueswas con-



siderably improved in both, distributed shared address
spaceervironments[3][21], and distributed messag@ass-
ing ervironments [5][18].  The algorithms employed
derive from recent theoretical advancesin researchon
schedulingparallel loop iterations with variable running
times [22][28][27][30][29][25][37][38][19][20].  These
loop schedulingtechniquesallow loop iterationsto be ex-
ecutedin decreasingize chunks. The chunk-sizesare se-
lectedsuchthatthey have a high probability of beingcom-
pletedby the processorbeforethe optimaltime.
AdaptiveFactoringis analgorithmthatevolvesfrom the
above methodologyandits mathematicafoundationshave
beenpresentedn [4] An integration of this algorithmin
an implementationof a parallel computationafield simu-
lation applicationusingunstructuredyrids of varioussizes,
andexperimentafkesultson SuperMSRRC (attheNational
SciencdroundationEngineeringResearciCenterfor Com-
putationalSystems NSF ERC - at MississippiStateUni-
versity) arereportedhere. The benefitsof usingthis tech-
niguein computationafield simulationproblemsusingun-
structuredgridsover otherearlierdevelopedoadbalancing
techniquesreconfirmedby experimentalwork, andunder
scoretheadvantage®f usingthis techniqueto improve the
performancef otherscientificapplications Theresultsin-
dicatea high potentialfor future integrationof this method
in applicationsinvolving comple< and irregular domains
wherefluctuationsin numberof datapointsandin work-
load per data point cannotbe predictedfrom the domain
structureonly, andsimplestaticevaluationof workloads.
The paperis organizedasfollows. Section§2 describes
recentadvancesn schedulingechniquegor loadbalancing
scientificapplicationswith emphasi®nthedevelopmenbf
loop schedulingstratgies over time. Section§3 givesan
overview of the adaptve factoringmethodand a descrip-
tion of integratingthis techniqueanto a computationafield
simulationapplicationusingunstructuredyrids. Section§4
discussesxperimentalresultsand the scalability of cur-
rentimplementatiorwith respecto othercompetitve tech-
nigues. Section§5 presentghe benefitsof extendingthe
useof thistechniqudor aneffective parallelizationof other
scientificapplicationsn heterogeneousrnvironments.

2. Related Work

Researchon load balancing methods for scientific
computationson homogeneouss well as heterogeneous
systemshas been extensiely sureyed in the literature
[11][39][13][33]. In general,in scientificapplicationsthat
usefinite elementand finite volume methods,scheduling
techniquesisethe mostrecentadvancesn graphpartition-
ing algorithmsfollowedby staticschedulingto addresper
formancedegradationdueto load imbalance. To adaptto
variablework loadsfrom onestepto anotheysomeapplica-

tionsuseaniterative staticapproachyherefor eachrepar
titioning stepthe computationon eachpartition segmentis
performeduntil completion[9][26][34][40]. Thesetech-
niguesareeffectivein applicationsvherethefluctuationsn
the numberof datapointsandthe workload per datapoint
canbewell predictedrom aprior evaluationof thecompu-
tation space.Someof thesetechniquesave beengathered
into softwarepackagesvidely used,which includea num-
berof algorithmsthatoffer the userchoicesregardingpref-
erencesn performanceradeofs, relatedto thecharacteris-
ticsof theirparticularapplications However, in someappli-
cationsin additionto change$n numberof pointsin various
regionsof the computationspace the amountof work per
datapoint cannotbe anticipatedirom a simple staticanal-
ysis. For theseapplicationsJoad balancingstrategiesthat
useaniterative staticapproactarenot effective.

A numberof newly developeddynamic stratgies at-
temptto addressheabove concerndy providing tuningpa-
rametergo addresdothapplicationandarchitecturathar
acteristics[24] and [8]. However, they only addressap-
plication and architecturalrregularitiesthat are known, or
could be predictedprior to startingthe executionof atime
step[8][24][36][12][32]. Thesestratagyies also fail to ad-
dresgpartitionirregularitiesthatoccurduringthe execution
(for instance,“within” a time stepof the computationas
opposedo “between’time steps).

In otherscientificapplications suchasN-body simula-
tions[7][2][15][1] performanceagainsfrom the parallelex-
ecution[16][23][17] arealsodifficult to obtaindueto load
imbalance.Theimbalancemay be causedy theirregular
ity of datadistribution (particles)andby the differentpro-
cessingrequirementf datapointsin interior versusnear
the computationspaceboundary In addition,the distribu-
tion of particlesvariesat eachtime step.

Previously, variousmethodshave beenemployedto bal-
anceprocessotioads, aswell asto exploit locality in N-
Body simulations.They only addressilgorithmicvariances,
anduseprofiling by gatheringnformationonthework load
from a previous time stepin orderto estimatethe optimal
assignmenof work to bedistributedduringthecurrenttime
step. However, the cost of thesemethods(i.e., orthogo-
nalrecursvebisectioncostzoneamethodshashedct-tree,
randomassignmentsincreasesith the numberof proces-
sorsand datasize [35][41][14], andthey employ a static
assignmenbf work load to processorsluring a time step.
Unfortunately for large problems,load imbalancesoften
occurduring a time step, sinceprocessofoad imbalances
areinducednotonly by applicationandalgorithmiceffects,
but alsoby systemeffects(i.e., dataaccesdateny andop-
eratingsysteminterference).Adapting to algorithmicand
systemnducedioadimbalancesequiresdynamicwork as-
signment. Dynamic schedulingschemesattemptto main-
tain balancedoadsbhy assigningwork to idle processorsat



runtime. In this way, they accommodatsystemicaswell
asalgorithmicvariances.

Scientific applicationscontain loops with large num-
ber of iterationswhich could be expressedndependently
thus easily amenablefor parallelization. In applications
suchas computationalfluid dynamics,Monte Carlo sim-
ulations, sparsematrix computationsjterationsexecution
times could vary due to, for instance,conditional state-
ments. Evenin applicationswherethereis no algorithmic
variancein iterationlengths,loop iterationexecutiontimes
mayvary dueto interferencdrom otheriterations otherap-
plications,or theoperatingsystem.Thecumulative effect of
variancesn loop iterationexecutiontimescould ultimately
leadto processordoad imbalanceand thereforeto severe
performancealegradationof parallelapplications. A funda-
mentaltrade-of in schedulingparallelloopiterationsis that
of balancingprocessofoadswhile minimizing scheduling
overhead.

In homogeneousystems,in additionto problemsen-
counterediueto applicationirregularities thedifferencein
processospeedsarchitectureandmemorycapacitiecan
significantlyimpactperformanceMoreover, in caseof het-
erogeneounetworksof workstations|oadsandavailability
of theworkstationsareunpredictableandthusit is difficult
to know in advancewhat the effective speedof eachma-
chinewill be.

Algorithms that derive from theoreticaladvancesn re-
searchon schedulingparallelloop iterationswith variable
runningtimes[22][28] [25][38][21], have extensiely been
studiedfor dynamicallyload balancingscientific applica-
tions. Recently dynamicloop schedulingalgorithmsbased
on a probabilisticanalysishave beenproposed,and suc-
cessfullyimplementedfor a numberof scientific applica-
tions [21][18][3][5]. In Monte-Carlosimulations,N-body
simulations,and Radarapplications,dynamic scheduling
schemesbasedon Factoring [21], have been proposed.
They derive from recentadvancesin researcton schedul-
ing parallelloopswith variablerunningtimes,andaccom-
modatdoadimbalancesausedy predictablephenomena,
suchasirregulardata,aswell asunpredictablgghenomena,
suchasdata-acceskteny andoperatingsysteminterfer
ence.In thesealgorithmsJoopiterationsareexecutedn de-
creasingsizechunks sothatearlierlargerchunkshaverela-
tively little overheadandtheirunevennesganbesmoothed
over by later smallerchunks. The selectionof chunksizes
requiresthat they have a high probability of being com-
pleted by the processordeforethe optimal time. These
schemesllow thescheduledatche®f chunksof iterations
to befixedportionsof thoseremaining(eachbatchcontains
P chunkswhereP is thenumberof processors).

One of the methodsbasedon Factoringis Fractiling,
a combinedschedulingtechniquethat balancesprocessor
loads and maintainslocality by exploiting self-similarity

propertiesof fractals.It hassuccessfullypeenimplemented
for N-Body simulationsn distributedsharecaddresspace,
aswell asmessag@assingernvironmentg3][5].

As the heterogeneityin processorgperformancecould
lead to severe load imbalance,a Weighted Factoring ap-
proachwas proposedwherethe decreasingchunkssizes
areproportionalto the relative processospeedg18]. Ex-
perimentsinvolving networks of workstationshave shavn
thatweightedfactoringsignificantlyoutperformecrevious
methodsaswell aswork-stealing a schemean which work
is dynamicallymigratedfrom heavily loadedprocessorso
lightly loadedones[10][31]. In ervironmentswherepro-
cessomworkloadsdynamicallyvary, mary scientificappli-
cationswhosesolutionsrequirea numberof iterationsover
the computationspacewould benefitfrom a dynamicad-
justmentof weights after eachiteration. To addressthis
concern,the Adaptive Weighted Factoring techniquehas
beenproposedsuccessfullyimplementedand reportedin
[6]. In weightedfactoringand adaptive weightedfactor
ing, weightsare statically assignedo processorsand are
consideredo remainunchangeckitherthroughoutthe en-
tire computation,or throughoutrunning the algorithm for
oneiterationoverthe computatiorspacerespectiely. This
characteristicesultsin performancdimitations of applica-
tions wherehighly unpredictablémbalancesccurat run-
time. The following sectiondescribeshe Adaptive Fac-
toring schemewherethis limitation is addressedandthe
dynamicassignmenof work for eachprocessocloselyfol-
lows its rateof changen load.

3 AdaptiveFactoringand itsImplementation

The effectivenessof schedulingparallel loopswith in-
dependeniterationson sharecaddress-spadeomogeneous
multiprocessorsaswell ason networks of heterogeneous
workstationshasreceized considerablattentionin the sci-
entific community In generalthe schemesleriving from
Factoringandpresentedh Section§2 assumehatloopiter-
ations’ executiontimesareindependentandomvariables,
andthat their meanand standarddeviation are known and
do not changeduring applicationexecution. In real appli-
cations,theseassumptionslo not hold, sincetheloop iter-
ations’ executiontimes may vary, dueto both application
and systemirregularities that may occur during runtime.
A new, more generalizedechniquefor schedulingparal-
lel loopswith independentterations,Adaptive Factoring,
hasrecentlybeenintroduced andthemathematicalounda-
tionshave earlierbeenpresentedhn [4]. A theoreticalstudy
was also conductedundera more generalizedassumption
that valuesof meanand standarddeviation of loop itera-
tions’ executiontimes are unknavn and vary during run-
time. An analysisof work assignmenhasalso beenpre-
sented.TheAdaptiveFactoringalgorithmdynamicallyesti-



mateshe meansandvariance®f loop iterations’execution
times,andemploys a probabilisticandstatisticalmodelfor

thedynamicallocationof chunksof loop iterationsfor each
processarThesizesof chunksof loopiterationsaredynam-
ically computedand allocatedto processorsuchthat the
averagefinishing time for completionof all chunksoccurs
beforethe optimaltime with high probability. Thisinsures
amoreefficientmethodfor balancingorocessoworkloads,
highly tunedto therateof changen processospeeds.

The optimaltime canbe achiezedonly if the loop itera-
tions’ executiontimesare nonrandom.We adopta criteria
for schedulingloop iterationssuchthat the expectedexe-
cutiontime of a batchis lessthanthe optimaltime for all
the remainingloop iterationsto be executed. This criteria
is appliedto differentsituationswherefactoringschedul-
ing methodsareusedto balancerocessorsivorkloads(i.e.,
equalversusweightedprocessospeedsknown versusun-
known meansandstandardieviationsof iterationexecution
times)[4].

To studythe performanceof schedulingscientificappli-
cationswith the AdaptiveFactoring (AF), the solution of
heatconductionequationon anunstructuredyrid wascho-
sen. The heatsolver computesthe solution of the steady
heatconductionequation(Laplaceequation),using an it-
eratve method(Jacobimethod). During eachalgorithms’
iterationover the computationrspacethetemperatur@orm
valueis computedy solvingtheequatiorfor all theinterior
pointson the grid, andis comparedwith a giventolerance
value.

The adaptve factoring schemecan be implementedin

distributedcomputingervironmentusingthreeapproaches:

a centralizedmanagementa distributed managemenbr
a hierarchicalmanagemenapproach. Our currentimple-
mentationemploys the centralizedmanagemenapproach,

whichusesamasteprocessoandseveralslave processors.

Other possibleimplementationghat are presentlysought
are beyond the scopeof this paper Master/slae commu-
nication patternsin our implementationsre similar to the
onesdescribedn detailin [5]. In thisschemeonly themas-
ter hasthe authorityto accesandmodify sharedvariables
(suchas,chunksizesto dynamicallybe assignedo slaves,
andthethetotal amountof remainingwork to be computed
by the system). Thus, this schemeguaranteeslata con-
sisteny andlesscomplexity of programming.Eachslave
computesipdatedraluesfor themeansandthestandardie-
viationsof loop iterationsof recentlyfinishedchunks,and
sendthis informationto the master The masterthencom-
putesthe chunk sizesto next dynamically be assignedo
eachslave. All updatedvaluesare computedaccordingto
the algorithm describedn detail in [4]. Performancebot-
tlenecksmay thus occurwith increasingnumberof slaves
being controlledby a single master This problemcanbe
alleviatedby a hierarchicamanagemergchemeconsisting

of multiple masterseachcontrollinga numberof slaves.

The adaptve factoringalgorithm was integratedinto a
parallel implementationof the heat solver in C++ using
theMessagédPassingnterface(MPI). Previously, four other
implementation®f the heatsolver usingearlierdeveloped
loop schedulingechniquessuchasStaticSchedulingSS),
Weighted Static Scheduling(WSS), Factoring (FAC) and
Adaptive Weighted Factoring (AWF), have also beenre-
ported[6]. Thispaperconsidersvaluatingtheadaptvefac-
toring implementatiorby comparingits performancewith
thatof eachof theabove mentionedechniques.

4 Experimental Results

The performanceof the parallelimplementationusing
the Adaptive Factoring (AF) for an applicationusing un-
structuredgrids is evaluatedfrom collectedresultsof run-
ning experimentsusing parallel implementationsof the
heat solver with Static Scheduling(SS), Weighted Static
Scheduling(WSS), Factoring (FAC), Adaptive Weighted
Factoring (AWF), and Adaptive Factoring (AF) on Su-
perMSRARC. TheSuperMSRRC is a 32-processocluster
comprisedf eight4-processoclusters(designedandcon-
structedat the NSF ERC at MississippiStateUniversity).
The clustersare essentiallytightly coupledSun SparcSta-
tion 10s with CPU upgrades. The clustersare intercon-
nectedusing ATM or Myrinet networks, characterizedy
low lateny and high bandwidth. Timing resultsobtained
from five executionsof eachimplementatioron a particu-
lar ervironment(characterizethy problemsizeandnumber
of processors)werecollectedandaveragedto avoid mea-
suremenbiasesor furtheranalysis.

The implementationf AF, AWF, FAC, WSS and SS
wererunon2,4,8,16and32processorsf SuperMSRRC,
in aloadedervironmentwhereexternaljobswerealsoexe-
cutedalongwith the heatsolver (in orderto introducevari-
able loadson the processors).Grid sizesof 78K, 101K,
134K and158K pointswereusedfor theseexperiments.

In order to simulate external loads on the processors
which areusedto run our applicationson, a’slowburn pro-
gram’ is executedon processorsiccordingto the load per
centagesnentionedbelow. Theslowburn programis essen-
tially aloadsimulatorthatusesCPUcyclesupto anamount
that can easily be specifiedby the useron the command
line. This load simulatoris designedto be separatdrom
the application,suchthatthe actualload on the CPU could
more accuratelybe accountedor our analysis,andthere-
fore reusedfor analyzingthe performanceof our schedul-
ing techniquesn otherapplications Half of the processors
wereexternallyloadedby runninga programthatloadsthe
CPUto apresetvalue.Half of thesdoadedprocessorsvere
loadedwith mediumload andthe restwith high load. For
example,whenthe applicationwasexecutedon 32 proces-



sors,8 of themwereloadedwith 25% externalload and 8
of themwith 50%.

The elapsedtime betweenthe momentthe computa-
tion in parallel started,until the momentthe last proces-
sor finished, was measuredfor the purposeof analysis.
Thevaluesof costs(pT},), improvementpercentagén cost,
andcoeficientsof variation(c.0.v's) of processofinishing
times,werecalculatedo measureghe performancef all the
schedulingechniguesnentionedabove.

Experimentalresultsindicate that the AF costsare in
mostcasedowerthanthe onesof AWF, FAC, WSS,andal-
wayslowerthantheonesof SS.In mostcasesboth AF and
AWF shav substantiareductionin costagainstthe other
techniques. In caseof the grid with samplesize of 78K
points,valuesof costimprovementsof up to 8%, 14%,and
25%over AWF, FAC, andWSS wererespectiely obtained,
underscoringhebenefitof AF (seeFigurel., Tablesl-4.).

With grid samplesize of 101K points, the costsof AF,
AWF, andFAC areconsistenthbetterthanthoseof theother
techniquesCostimprovement®of upto 4%, 17%,and32%,
have beenobtainedby AF over AWF, FAC, and WSS, re-
spectvely. However, for smallernumberof processorgless
than8), AWF andFAC outperformedAF by upto 13%(see
Figure2., Tablesl-4.).

With grid samplesizeof 134K pointsandlargernumber
of processorg¢greaterthan8), the costof AF is alwaysbet-
ter thanthe costsof othertechniques.Costimprovements
of upto 8%, 10%,and21%have beenobtainedby AF over
AWF, FAC, and WSS, respectiely (seeFigure 3., Tables
1-4.).

With grid samplesizeof 158K points,the costof AF is
alwaysbetterthanary of theothertechniquesvith only one
exception,in whichat8 processor§AC outperformsAF by
1%. Costimprovementsof up to 7%, 26%, and48% have
beenobtainedby AF over AWF, FAC, and WSS, respec-
tively (seeFigure4., Tablesl-4.).

The experimentalresults clearly indicate that the AF
scaleswith thenumberof processorandproblemsizes.lts
bestcostimprovementpercentagever all the othertech-
niguesis in generalachievedfor the largestnumberof pro-
cessorandthelargestproblemsizesused.

In all the experiments the averagevaluesfor the coef-
ficientsof variation(c.o.v) of timeshave beencomputed.
The averagec.o.v. valuesof AF, AWF, and FAC obtained
aremuchlowerthanthoseof SSandWSS,for all problems
sizesand numberof processorgonsideredseeFigures5,
6, 7,and8). Moreover, in all casesthec.o.v valuesof AF
outperformedhe onesof AWF andFAC, underscoringhe
AF’s strengthsin dynamically balancingloadsover other
factoringmethods.

5. Conclusions and Future Work

For improved performancen highly irregularandcom-
putationally intensive applicationsrunning in heteroge-
neouservironments,it is essentialthat adequateparallel
dynamicloop schedulingmethodsare used. Of particular
interestarethe classeof problemssuchascomputational
field simulation on unstructuredgrids and N-body simu-
lations, whereload balancingstratejies usedby previous
methodsarenot effective.

In this paper the benefitsof usingthe Adaptive Factor
ing (AF) methodto improvetheperformancef anirregular
applicationusing unstructuredgrids is presented.The AF
is a new dynamicloop schedulingalgorithm,that allows a
relaxationof someof the theoreticalassumptiongmposed
by modelsusedin earlier methods thereforemaking this
techniquemorerobustto ary load variationspresenin the
softwareernvironment.In this way, performancef alarger
classof parallelapplicationsywhoseloadimbalancenmaybe
causedy awiderrangeof characteristicg;anconsiderably
beimproved.

In our application the AF provedto performbetterthan
all theothermethodsemployed (SS,WSS,FAC, andAWF)
underall conditions(up to 48% costimprovement). This
indicatesthat the performancegainsdueto load balancing
with AF outweightheincreasen schedulingpverhead The
averagevaluesof thecoeficientsof variationof processors’
finishingtimesof the AF areconsistentlylower thanthose
of the othertechniques.Experimentswith AF in N-body
simulationsare currentlyundervay andwill bereportedin
thefuture.

References

[1] C. Anderson. An Implementationof the Fast Multipole
Method Without Multipoles. SIAM J. Sci. Stat. Comput,
13(4):923-947July 1992.

[2] A. W. Appel. An Efficient programfor Many-Body Simula-
tions. SIAMJournal of computing 6, 1985.

[3] I. BanicescuandS.F. Hummel. BalancingProcessot.oads
and Exploiting Data Locality in N-Body Simulations. In
Proceeding®f Supecomputing’95Confeence 1995.

[4] 1. BanicescuandZ. Liu. Adaptive Factoring: A Dynamic
SchedulingMethod Tunedto the Rateof Weight Changes.
In Proceeding®f the High PerformanceComputingSympo-
sium(HPC 2000) pagesl22-1292000.

[5] I. BanicescuandR. Lu. Experiencewith Fractilingin N-
Body Simulations. In Proceedingsof High Performance
Computing’98Symposiunpagesl21-126,1998.

[6] I. BanicescuandV. Velusamy Performancef Scheduling
Scientific Applicationswith Adaptive WeightedFactoring.
In Proceeding=f the HeteogenousComputingWbrkshop
(HCW) at the International Parallel and Distributed Pro-
cessingSymposiunpageto appear2001.



(7]

(8]

(9]

(10]

(11]

(12]

(13]

(14]

(15]

(16]

(17]

(18]

(19]

(20]

(21]

[22]

(23]

(24]

J. Barnesand P. Hutt. A HierarchicalO(Nlog(N)) Force
CalculationAlgorithm. Nature, 324,1986.
R.Biswas,S.Das,D. Harwvey, andL.Oliker. PortableParallel
Programmindgor DynamicLoad Balancingof Unstructured
Grid Applications.In Proceeding®f 13thinternationalPar-
allel ProcessingsymposiumApril 1999.

R. Biswas and L. Oliker. Load BalancingUnstructured
Adaptive Gridsfor CFD Problems.Proc. 8th SIAM Confer
enceon Parallel Processindor ScientificComputing1997.
R. D. Blumofe and C. E. Leiserson. SchedulingMulti-
threadedComputationdy Work Stealing. In Proceedings
of Symposiunon Foundationsof ComputerScience pages
356—-368November1994.

T. Casa@ant and J. Kuh. A Taxonomyof Schedulingin
General-Purpos®istributed Computing Systems. |IEEE
Trans.Softwae Eng SE-14(2) pagesl41-154 Feh 1988.
J.ChenandV. Taylor. MeshPartitioningfor DistributedSys-
tems: Exploring Optimal Numberof Partitionswith Local
andRemoteCommunicationin Proceeding®f Ninth SIAM
ConfeenceonParallel Processindor ScientificComputing
March1999.

D. L. Eager E. D. Lazownska, and J. Zahorjan. Adaptive
Load Sharingin Homogeneou®istributed Systems.|EEE
Trans.Softwae Eng SE-12(5) pages62—-675May 1996.
A. Y. Grama,V. Kumar and A. Sameh. ScalabelParal-
lel Formulationsof Barnes-HutMethod for N-Body Sim-
ulations. In Proc. of Supecomputing’94 pages439-448,
November1994.

L. Greengard.The Rapid Evaluationof Potential Fields in
Particle SystemsACM Press;1987.

L. GreengardandW. Gropp. A ParallelVersionof the Fast
Multipole Algorithm. ScientificComputingpage213-222,
1987.

Y. Hu andS. L. JohnssonlmplementingO(N) N-body Al-
gorithmsEfficiently in Parallel Languages.Journal of Sci-
entificProgramming 5(4):337—3641996.

S. F Hummel,J. Schmidt,R. N. Uma, andJ. Wein. Load-
Sharingin HeterogeneouSystemssia WeightedFactoring.
In Proceedingsof Symposiunon Parallel Algorithmsand
Architectues pages318-328,1996.

S.F. HummelandE. Schonbeg. Low-overheadScheduling
of NestedParallelism.IBM Journal of Reseath and Devel-
opment35(3/6) pages’43—765Sept/Ne 1991.

S.F. Hummel,E. Schonbey, andL. E. Flynn. A Practical
andRolustMethodfor SchedulingParallelLoops.1991Su-
percomputingConfeence page$610—-619Novemberl991.
S.F. Hummel,E. Schonbeg, andL. E. Flynn. Factoring:A
Methodfor SchedulingParallelLoops. Communicationsf
the ACM, 35(8):90-101Aug. 1992.

C. Kruskal and A. Weiss. Allocating IndependentSub-
taskson ParallelProcessorslEEE Trans.Softwae Eng SE-
11(10) pagesl001-10160ct. 1985.

J. F. LeathrumJr. Parallelization of the Fast Multipole Al-
gorithm: Algorithm and Architectue Design PhD thesis,
Duke University, 1992.

B. Maerten, D. Roose, A. Basermann,and J. Fingbeg.
DRAMA: A Library for Parallel DynamicLoad Balancing
of Finite ElementApplications. In Proceedingsof Ninth
SIAMConfeenceon Parallel Processindgor ScientificCom-
puting March1999.

[25]

[26]

[27]

(28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

(38]

[39]

[40]

[41]

E. P MarkatosandT. J. LeBlanc. Using Processo/Affin-
ity in Loop Schedulingon Shared-Memory/ultiprocessors.
Proceedingsf Supecomputing’92, pages104—-113,Nov.
1992.

L. OlikerandR. Biswas. EfficientLoad BalancingandData
Remappingor Adaptive Grid Calculations.In Symposium
on Parallel Algorithmsand Architectues (SRAA97), pages
33-42,1997.

C. PolychronopoulosLoop CoalescingA CompilerTrans-
formationfor Parallel Machines. Proc. ICPP, pages235—
242,1987.

C. PolychronopouloandD. Kuck. GuidedSelf-Scheduling:
A PracticalSchedulingSchemefor Parallel Supercomput-
ers.|[EEE Transon Computes C-36(12) pagesl425-1439,
Dec.1987.

C. Polychronopoulod). J.Kuck,andD. A. Padua.Optimal
ProcessoAllocationto NestedParallelLoops. Proceedings
of the 1986 International Confeenceon Parallel Process-
ing, pages19-527 Aug. 1986.

C. PolychronopoulosD. J.Kuck,andD. A. Padua.Proces-
sor Allocation for Horizontal and Vertical Parallelismand
RelatedSpeedupBounds. IEEE Trans. Computer C-36,
Apr. 1987.

L. Rudolph,M. Slivkin-Allalouf, andE. Upfal. A Simple
LoadBalancingSchemédor TaskAllocationin ParallelMa-
chines.In Proceeding®f Symposiunon Parallel Algorithms
andArchitectues pages237-245,1991.

K. Schlogel, G. Karypis, andV. Kumar Dynamic Repar
titioning of Adaptively RefinedMeshes.In Proceedingof
Supecomputing98, November1998.

N. G. Shiaratri,P. Krueger, andM. Singhal.LoadDistribut-
ing for Locally DistributedSystemsIEEE Computerpages
33-45,Dec.1992.

J. Singh. Parallel Hierarchical N-bodyMethodsand their
Implicationsfor Multiprocessos. PhDthesis StanfordUni-
versity, 1993.

J. Singh,J. HennessyandA. Gupta. ScalingParallel Pro-
gramsfor Multiprocessors: Methodology and Examples.
ComputerpagesA2-50,July 1993.

A. SohnandH. Simon. S-HARP:A ScalableParalel Dy-
namic Partitioner for Adaptive Mesh-basedComputations.
In Proceeding®f Supecomputing'98, November1998.

T. H. TzenandL. M. Ni. Dynamic Loop Schedulingfor
Shared-MemornultiprocessorsProc. Int. Conf on Paral-
lel Processingpages247-250\Vol. Il 1991.

T. H. TzenandL. M. Ni. TrapezoidSelf-Scheduling:A
PracticalSchedulingScheméor ParallelComputers.|EEE
Trans.Parallel DistributedSyst, 4:87-98,Jan.1993.

Y. T. WangandR. Morris. Load Sharingin DistributedSys-
tems. IEEE Transactionson Computes, C-34(3):204-217,
Mar. 1985.

M. Warrenand J. Salmon. A Parallel HashedOct Tree
N-body Algorithm. In Proceedingof Supecomputing’93
pagesl2—-21.IEEE ComputerSociety 1993.

M. Warrenand J. Salmon. A Parallel HashedOct Tree
N-body Algorithm. In Proceedingof Supecomputing’93
pagesl2—-21.IEEE ComputerSociety 1993.



Table 1. AF percentage improvement in cost Table 3. AF percentage improvement in cost

over AWF over WSS
Improvement| Grid % | Procs. Improvement| Grid % | Procs.
of Size of Size
78K -2.6 2 78K 9.9 2
4.6 4 6.0 4
3.8 8 8.3 8
5.3 16 25.8 16
8.3 32 14.9 32
101K | -13.0 2 101K | 18.7 2
-2.6 4 9.6 4
4.4 8 32,5 8
AF over -3.7 16 AF over 21.4 16
AWF 3.9 32 WSS 13.4 32
134K 5.8 2 134K | 4.1 2
1.2 4 2.0 4
7.9 8 20.9 8
4.7 16 9.5 16
3.5 32 7.0 32
158K 7.2 2 158K | 17.8 2
2.3 4 4.8 4
14 8 3.0 8
4.5 16 27.6 16
4.8 32 48.5 32
Table 2. AF percentage improvement in cost Table 4. AF percentage improvement in cost
over FAC over SS
Improvement| Grid % | Procs. Improvement| Grid % | Procs.
of Size of Size
78K 2.0 2 78K | 13.9 2
3.9 4 12.1 4
6.9 8 17.6 8
14.5 16 17.2 16
14.2 32 16.0 32
101K | -8.2 2 101K | 27.7 2
-4.7 4 0.6 4
16.7 8 18.4 8
AF over 5.0 16 AF over 17.9 16
FAC 7.0 32 SS 9.9 32
134K | 4.0 2 134K | 19.6 2
-3.4 4 11.1 4
8.6 8 35.5 8
10.0 16 21.9 16
4.6 32 7.1 32
158K | 10.6 2 158K | 19.5 2
7.4 4 12.9 4
-1.5 8 3.8 8
25.5 16 23.5 16
25.8 32 47.8 32
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Figure 1. The cost (pXT,) of SS, WSS, FAC,
AWF and AF for a 78K size grid.

Cost graph for 101K
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Figure 2. The cost (pXT,) of SS, WSS, FAC,
AWF and AF for a 101K size grid.

Cost Graph for 134K
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Figure 3. The cost (pXT,) of SS, WSS, FAC,

AWF and AF for a 134K size grid.

Cost Graph for 158K
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Figure 4. The cost (pXT,) of SS, WSS, FAC,

AWF and AF for a 158K size grid.
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Figure 5. The average c.o.v. values of SS,
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WSS, FAC, AWF and AF for a 78K size grid.
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Figure 6. The average c.o.v. values of SS,
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WSS, FAC, AWF and AF for a 101K size grid.
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Figure 7. The average c.0.v. values of SS,
WSS, FAC, AWF and AF for a 134K size grid.
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Figure 8. The average c.o.v. values of SS,
WSS, FAC, AWF and AF for a 158K size grid.



