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Abstract

Load balancinginvolvesassigningto eachprocessorwork
proportionalto its performance,therebyminimizing theex-
ecutiontime of theprogram.Althoughstaticloadbalancing
can solve many problems(e.g., thosecausedby processor
heterogeneityandnon-uniformloops) for most regular ap-
plications,the transientexternal load dueto multiple-users
on a network of workstationsnecessitatesa dynamic ap-
proachto loadbalancing.In this paperwe show thatdiffer-
entloadbalancingschemesarebestfor differentapplications
undervarying programandsystemparameters.Therefore,
application-driven customizeddynamicload balancingbe-
comesessentialfor goodperformance.We presenta hybrid
compile-timeand run-time modelingand decisionprocess
which selects(customizes)the bestscheme,alongwith au-
tomaticgenerationof parallelcodewith calls to a run-time
library for loadbalancing.

1 Intr oduction

Network of Workstations(NOW) provideattractivescalabil-
ity in termsof computationpower andmemorysize. With
the rapid advancesin new high speedcomputernetwork
technologies(e.g.,ATMs),aNOW is becomingincreasingly
competitivecomparedto expensiveparallelmachines.How-
ever, NOWsaremuchharderto programthandedicatedpar-
allel machines.For example,a multi-userenvironmentwith
sharingof CPUandnetwork maycontributeto varyingper-
formance. Heterogeneityin processors,memory, and net-
work arealsocontributingfactors.

Efficient schedulingof loopson a NOW requiresfinding
the appropriategranularityof tasks,and partitioning them
so that eachprocessoris assignedwork in proportionto its
performance.This load balancingassignmentcanbestatic
– done at compile-time,or it may be dynamic– doneat
run-time. The distribution of tasksis further complicated
if processorshave differing speedsandmemoryresources,
or dueto transientexternal load andnon-uniformiteration
execution times. While static schedulingavoids the run-
time schedulingoverhead,in a multi-userenvironmentwith
loadchangesonthenodes,amoredynamicapproachis war-�
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ranted. Moreover, differentschemesare bestfor different
applicationsundervaryingprogramandsystemparameters.
Application-drivencustomizedloadbalancingthusbecomes
essentialfor good performance. This paperaddressesthe
above problem.In particularwe make thefollowing contri-
butions:1) Wecomparedifferentstrategiesfor dynamicload
balancingin thepresenceof transientexternalload. We ex-
amineboth global vs. local, andcentralizedvs. distributed
schemes.2) We presenta hybrid compileandrun-timesys-
temthatautomaticallyselectsthebestloadbalancingscheme
for a loop/task. We alsoautomaticallytransforman anno-
tatedsequentialprograminto aparallelprogramwith appro-
priate calls to our run-time load balancinglibrary. 3) We
presentexperimentalresultsto substantiateourapproach.

The rest of the paperis organizedas follows. We first
presentrelatedwork (section2), which is followedby a de-
scriptionof theloadbalancingschemes(section3). We then
presentthe compile-timemodelanddecisionmethodology
(section4), and describethe hybrid compile and run-time
system(section5). Finally, we presentthe modelingand
experimentalresults(section6), andour conclusions(sec-
tion 7).

2 RelatedWork

Compile-timestatic loop schedulinghasbeenwell studied
[14, 9]. Static schedulingfor heterogeneousNOWs were
proposedin [5, 4, 7]. Thetaskqueuemodelfor dynamicloop
schedulinghastargetedshared-memorymachines[14, 11],
while the diffusion model has been used for distributed-
memorymachines[10]. A methodfor task-level schedul-
ing in heterogeneousprogramswas proposedin [13], and
[2] presentsanapplication-specificapproachto schedulein-
dividualparallelapplications.

A commonapproachtakenfor dynamicloadbalancingon
aworkstationnetwork is to predictfutureperformancebased
on past information. For example, [12] presentsa global
distributedscheme,Dome [1] implementsa global central
anda local distributedscheme,andSiegell [16] presentsa
globalcentralizedschemewith automaticgenerationof par-
allel programswith dynamicload balancing. In all cases
theloadbalancinginvolvesperiodicexchanges.Both Phish
[3] andCHARM [15] implementalocaldistributedreceiver-
initiatedscheme,but usedifferentperformancemetrics.Our
approachalsofalls underthismodel.Insteadof periodicex-
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changesof information, we have interrupt-basedreceiver-
initiated schemes.Moreover, we look at both central vs.
distributed,andlocal vs. global approaches.Our work dif-
fersfrom theaboveapproachesin thatourgoalis to provide
compileandrun-timesupportto automaticallyselectthebest
load balancingschemefor a given loop/taskfrom amonga
repertoireof differentstrategies.

3 Dynamic Load Balancing(DLB)

After the initial assignmentof work (the iterationsof the
loop) to eachprocessor, dynamic load balancingis done
in four basicsteps:monitoringprocessorperformance,ex-
changingthis information betweenprocessors,calculating
new distributionsandmakingthework movementdecision,
andtheactualdatamovement.Thedataismoveddirectlybe-
tweentheslaves,andtheloadbalancingdecisionsaremade
by the loadbalancer.
Synchronization: In ourapproach,asynchronizationis trig-
geredby the first processorthat finishesits portion of the
work. This processorthensendsaninterruptto all theother
activeslaves,whothensendtheirperformanceprofilesto the
loadbalancer.
Performance Metric: We try to predict the future perfor-
mancebasedonpastinformation,whichdependsonthepast
load function. We canusethe wholepasthistory or a por-
tion of it. Usually, the most recentwindow is usedas an
indicationof the future. The metric we useis the number
of iterationsdonepersecondsincethe last synchronization
point.
Work and Data Movement: Oncetheloadbalancerhasall
the profile information, it calculatesa new distribution. If
theamountof work to bemovedis below a threshold,then
work is not moved,sincethis may indicatethat the system
is almostbalanced,or thatonly a smallportionof thework
still remainsto be done. If thereis a sufficient amountof
work thatneedsto bemoved,we invokea profitability anal-
ysisroutine. This is requiredsincework redistribution also
entailsthemovementof thedata,andthereis a trade-off be-
tweenthebenefitsof moving work to balanceload,andthe
costof datamovement.We thusre-distributework aslong
asthe potentialbenefitof the new assignmentresultsin an
improvement.If it is profitableto move work, thentheload
balancerbroadcaststhe new distribution informationto the
processors.Thework anddatais thenre-distributedbetween
theslaves.
3.1 Load BalancingStrategies

We chosefour differentstrategiesdiffering alongtwo axes.
Thetechniquesareeitherglobalor local, basedontheinfor-
mationthey useto make loadbalancingdecisions,andthey
areeithercentralizedor distributed, dependingon whether
the loadbalanceris locatedat onemasterprocessor(which
also takes part in computation),or if the load balanceris

distributedamongthe processors,respectively. For all the
strategies,the compilerinitially distributesthe iterationsof
theloopequallyamongall theprocessors.
Global Strategies:In theglobalschemes,theloadbalancing
decisionis madeusingglobalknowledge,i.e.,all theproces-
sorstake part in thesynchronization,andsendtheir perfor-
manceprofilesto theloadbalancer. Theglobalschemeswe
considerare:1)GlobalCentralizedDLB(GCDLB)- theload
balanceris locatedonamasterprocessor(centralized).After
calculatingthenew distribution, the loadbalancersendsin-
structionsto theprocessorswhohaveto sendwork to others,
indicatingtherecipientandtheamountof work to bemoved.
The receiving processorsjust wait till they have collected
the amountof work they need. 2) Global DistributedDLB
(GDDLB) - the load balanceris replicatedon all the pro-
cessors.Theprofile informationis broadcastto all thepro-
cessors,eliminatingthe needto sendout instructions.The
receiving processorswait for work, while the sendingpro-
cessorsshipthedata.
Local Strategies: In the local schemes,the processorsare
partitionedinto differentgroupsof sizeK. We usedthe K-
block staticpartitioningapproach,wheretheloadbalancing
decisionsare only donewithin a group (other approaches
such as K-nearest neighbors or dynamic partitioning, are
alsopossible). If processorshave differentspeeds,we can
do thestaticpartitioningsothateachgrouphasnearlyequal
aggregatecomputationalpower. The local schemesarethe
sameas their global counterparts,except that profile in-
formation is only exchangedwithin a group. The two lo-
cal strategies we look at are: 1) Local Centralized DLB
(LCDLB). 2) LocalDistributedDLB (LDDLB).

Thesestrategies were chosento lie at the four extreme
pointson the two axes. In the local approach,thereis no
exchangeof work betweendifferentgroups. For LCDLB,
we have only onemasterload balancer, insteadof oneper
group.Furthermore,in thedistributedstrategieswehavefull
replicationof the load balancer. Exploring the behavior of
otherhybridschemesis partof futurework. We now look at
themajordifferencesamongthedifferentstrategies:
Global vs. Local: For theglobal schemes,sinceglobal in-
formationis availableat a synchronizationpoint, the work
distribution is near-optimal,andconvergenceis fastercom-
paredto the local strategies. However, the amountof com-
municationor synchronizationcostis lowerin thelocalcase.
For thelocal case,differencein performanceamongthedif-
ferentgroupscanalsohave a significantimpact. For exam-
ple,if onegrouphasprocessorswith poorperformance(high
load),andtheothergrouphasvery fastprocessors(little or
no load), the latter will finish quite early, andremainidle,
while the formergroupis overloaded.This couldbe reme-
diedbyprovidingamechanismfor exchangeof databetween
groupsor by having dynamicgroupmembership.
Centralizedvs.Distributed: In thecentralizedschemes,the
centralpoint of controlcould limit thescalability. Thedis-
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tributedschemeshelpsolve thisproblem.However, in these
schemesthesynchronizationinvolvesanall-to-all broadcast,
while thecentralizedonesrequireanall-to-oneprofilesend,
followed by an one-to-allinstructionsend. Thereis alsoa
trade-off betweensequentialload balancingdecisionmak-
ing in thecentralizedapproach,andtheparallel(replicated)
decisionmakingin thedistributedschemes.

4 DLB Modeling & DecisionProcess

We now describeour compile and run-time modelingand
decisionprocessfor choosingamongthedifferentloadbal-
ancingstrategies. We presentthe differentparametersthat
may influencethe performanceof theseschemes,followed
by thederivationof thetotal costfunction. Finally we show
how thismodelingis used.

4.1 Modeling Parameters

ProcessorParameters: Thesegive information aboutthe
differentprocessorsavailableto the application. Thesein-
clude:1)numberof processors( � ), 2)processorspeeds( �
	 ),
theratio of processor� ’s performancew.r.t a baseprocessor
[18], and3) numberof neighbors( � ).
Program Parameters: Theseparametersgive information
aboutthe application. Theseinclude: 1) datasize( 
 ), 2)
numberof loop iterations(� ), 3) work per iteration( � ), 4)
datacommunication( � ), indicatingtheaggregatenumberof
bytesthatneedto becommunicatedperiteration,and5) time
per iteration( � ) on thebaseprocessor. Thetime to execute
aniterationonprocessor� is simply ������� .
Network Parameters: Thesespecify the propertiesof the
interconnectionnetwork, and include: 1) network latency
( � ), 2) network bandwidth( � ), and3) network topology. In
this paper, we assumefull connectivity amongthe proces-
sors,with uniformlatency andbandwidth.
External Load Modeling: To evaluateourschemes,wehad
to modeltheexternalload. In our approach,eachprocessor
hasanindependentloadfunction,denotedas ��	 . Thetwo pa-
rametersfor generatingthe load functionare: 1) maximum
load( � ), specifyingthemaximumamountof loadperpro-
cessor(in our experimentswe set ��� � ), and2) duration
of persistence( ! ), indicatingtheamountof time beforethe
next loadchange(a uniformly generatedrandomnumberin
therange " #%$&�(' ), i.e.,we have a discreterandomloadfunc-
tion,with amaximumamplitudegivenby � , andthediscrete
block sizegivenby ! . A smallvaluefor ! impliesa rapidly
changingload,while a largevalueindicatesa relatively sta-
ble load. We use � 	*) �,+ to denotethe load on processor�
duringthe � -th durationof persistence.

4.2 Modeling – Total DLB Cost

We now presentthe cost model for the variousstrategies.
Thecostof a schemecanbebrokeninto thefollowing cate-
gories:costof synchronization,costof calculatingnew dis-

tribution,costof sendinginstructions,andcostof datamove-
ment(see[19] for a moredetailedstudy).
Costof Synchronization: Thesynchronizationinvolvesthe
sendingof interrupt from the fastestprocessorto the other
processors,who thensendtheir performanceprofile to the
load balancer. The costfor the differentstrategiesis given
below (for thelocal case�-�.� ): 1) GCDLB : / = one-to-
all( � ) 0 all-to-one(� ), and2) GDDLB : / = one-to-all(� )0 all-to-all(�21 ).
Costof Distribution Calculation: Thiscostis usuallyquite
small,andwedenoteit as 3 .
Cost of Data Movement: Let 45	 )76 + denotetheiterationas-
signmentafter the 6 -th synchronization,and 89	 ):6 + the av-
erage effectivespeed[19], for processor� during the 6 -th
and the previous synchronization. Let � be the time for
one iteration. The time taken by the fastestprocessor;
to completeits work is, <=�?>7@BAC>EDGF
H*IKJ L5IM A >ED&I . The numberof
remainingiterationson processor� , is simply its old dis-
tribution minus the iterationsdonein time < , i.e., NO	 ):6 +P�4Q	 )76SRUT + R 4WV ):6�RUT +YX[Z M]\ >ED&IM A >ED&I�^ . Thetotalamountof work left

amongall theprocessorsis thengivenas _ ):6 +`�bacNO	 ):6 + .
We distributethiswork proportionalto theaverageeffective

speedof theprocessorstoget, 4Q	 ):6 +d�fe M \ >ED&Iahgi*jlk M i >ED&IGm Xn_ ):6 + .
The initial values 4Q	 ) #B+o�p�q�r� , and NO	 ) #B+s�t45	 ) #u+ ,v �(w T $]X�X]XG$&� , give us recurrencefunctionswhich canbe

solvedto obtainthenew distributionateachsynchronization
point. The terminationcondition occurswhen thereis no
morework left to be done. Along with the numberof iter-

ationsmoved( x ):6 +y� H1 ZCa{z	:| H~} NO	 ):6 + R 4Q	 )76 + } ^ ), andthe

numberof messagesrequiredto do this ( � )76 + ), thetotalcost
of datamovementis then, � ):6 +d��� ):6 +WX���0sx )76 +WX ) �U�Y��+ .
Costof SendingInstructions: Thisappliesonly to thecen-
tralizedschemes,sincetheloadbalancersendsthework and
datamovementinstructionsto the processors.This cost is
simply � )76 +��{� )76 +�� .

Using the above analysis,the per group cost is, �O�h�� � ) /`0�3r+d0 a����D | H " �%� )76 +d0��W� )76 +�' , where � is thenumber
of synchronizations,and � thegroupnumber. Thetotal cost
for the DLB schemesis simply the maximumgroup cost,�=���������B���O�B� (for globalschemes��� T ).
4.3 DecisionProcess– Using the Model

Initially atrun-time,nostrategy is chosenfor theapplication.
Work is partitionedequallyamongall theprocessors,andthe
programis runtill thefirst synchronizationpoint. Duringthis
time a significantamountof work hasbeenaccomplished,
namely, at least T �C� of thework hasbeendone.At this time
we alsoknow the load function seenon all the processors
so far, andaverageeffective speedof the processors.This
load function combinedwith all the otherparameters,can
bepluggedinto themodelto obtainquantitativeinformation
on the behavior of the differentschemes.This information
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is thenusedto commit to the beststrategy after this stage.
This alsosuggestsa moreadaptive methodfor selectingthe
scheme,wherewe refineour decisionasmoreinformation
on the load is obtainedat laterpoints. This is partof future
work.

5 Compiler and Run-Time Systems

Sinceall theinformationusedby themodelingprocess,like
thenumberof processors,processorspeeds,datasize,num-
berof iterations,iterationcost,etc.,andparticularlytheload
function, may not be known at compile time, we propose
a hybrid compileandrun-timemodelinganddecisionpro-
cess. The compilercollectsall necessaryinformation,and
mayalsohelpto generatesymboliccostfunctionsfor theit-
erationcostandcommunicationcost(someof theparameter
valuescanalsobeobtainedby performanceprediction[17]).
The actualdecisionmakingfor committingto a schemeis
deferreduntil run-timewhenwe have completeinformation
aboutthesystem.
Run-Time System: Therun-timesystemconsistsof a uni-
form interfaceto the DLB library for all the strategies,the
actualdecisionprocessfor choosingamongtheschemesus-
ing theabove model,andit consistsof datamovementrou-
tines to handleredistribution. Load balancingis achieved
by placingappropriatecalls to theDLB library to exchange
informationandredistribute work. The compiler, however,
generatescodeto handlethisat run-time.
CodeGeneration: For thesource-to-sourcecodetranslation
from a sequentialprogramto a parallelprogramusingPVM
[6] for messagepassing,with DLB library calls,we usethe
SUIF compilerfrom StanfordUniversity. The input to the
compilerconsistsof thesequentialversionof thecode,with
annotationsto indicatethedatadecompositionfor theshared
arrays,andto indicatethe loopswhich have to be loadbal-
anced.Thecompilergeneratescodefor settingupthemaster
processor. This involvesbroadcastinginitial configuration
informationparameters,like numberof processors,sizeof
arrays,task ids, etc., calls to the DLB library for the ini-
tial partitioningof sharedarrays,final collectionof results
andDLB statistics(suchasnumberof redistributions,num-
berof synchronizations,amountof work moved,etc.) anda
call to thea specialroutinewhich handlesthefirst synchro-
nization,alongwith themodelingandstrategy selection.It
alsohandlessubsequentsynchronizationsfor thecentralized
schemes.The arraysareinitially partitionedequallybased
on thedatadistributionspecification(BLOCK, CYCLIC, or
WHOLE). We currentlysupportdo-all loopsonly, with data
distributionalongonedimension(row or column).Thecom-
piler mustalsogeneratecodefor theslaveprocessors,which
performtheactualcomputation.Thisstepincludeschanging
theloop boundsto iterateover thelocal assignment,andin-
sertingcalls to the DLB library checkingfor interrupts,for
sendingprofileinformationto theloadbalancer(protocolde-

pendent),for dataredistribution,andif local work stackhas
runout, for issuinganinterruptto synchronize.

6 Experimental Results

All theexperimentswereperformedon a network of homo-
geneousSun(SparcLX) workstationsinterconnectedvia an
EthernetLAN (our model,however, caneasilyhandlepro-
cessorheterogeneity).Externalload was simulatedas de-
scribedin section4. PVM [6] wasusedto parallelizethefol-
lowing applications:1) Matrix Multiplication (MXM), and
2) TRFD, from thePerfectBenchmarksuite[8]. Theover-
headof the DLB schemesis almostnegligible, sincethey
arereceiver-initiated,andin theabsenceof externalload,all
processorsfinish work at roughlythesametime,usuallyre-
quiringonly onesynchronization.Thenetwork characteriza-
tion underPVM wasdoneoff-line. We obtainedthelatency
(2414.5 �S� ), bandwidth(0.96 MB �r� ), and modelsfor the
differentcommunicationpatterns(e.g.all-to-one,one-to-all,
all-to-all). The experimentswererun with ���c�,$ T]� , and
with ���¡ O$�¢ respectively. For moredetailedresults,see
[19].

6.1 MXM : Matrix Multiplication

Matrix multiplication is givenas £-�¥¤¦XY§ (X is a ¨=©«ª ,
andY a ª¬©�� matrix). We parallelizetheoutermostloop,
by distributingtherowsof Z andX, andreplicatingY onthe
processors.Only the rows of ¤ needto be communicated
whenwere-distributework ( �¥��ª ). Thework periteration
is uniformandquadratic.Weranexperimentswith �b�­�u#�#
for differentvaluesof ª , and ¨ .

Figure1 shows theexecutiontime for thedifferentDLB
schemes,normalizedagainstthecasewith no dynamicload
balancing(with iterationsequallypartitionedamongthepro-
cessors).We observe that the global distributed(GDDLB)
strategy is the best,followed closelyby the global central-
ized (GCDLB) scheme. Local distributed (LDDLB) also
doesbetterthanlocal centralized(LCDLB). Moreover, the
globalschemesarebetterthanthelocal schemes.However,
on 16 processorsthegapbetweentheglobalsandlocalsbe-
comessmaller. Fromourearlierdiscussion(section3.1),lo-
calstrategiesincur lesscommunicationoverheadthanglobal
strategies,but theredistribution is not optimal. Fromthere-
sults,it canbe observed that if the computationcost(work
per iteration)versusthe communicationcost (synchroniza-
tion cost,redistribution cost)ratio is large,globalstrategies
arefavored.Thistilts towardsthelocalstrategiesasthisratio
decreases.Thefactorsthat influencethis ratio arethework
periteration,numberof iterations,andthenumberof proces-
sors.Moreprocessorsincreasethesynchronizationcost,and
shouldfavor the local schemes.However, in the above ex-
perimentthereis sufficient work to outweighthis trend,and
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Figure1: Matrix multiplication(P = 4,16)
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TableI: MXM & TRFD:Actualvs.PredictedBestDLB Scheme

Program Parameters Actual Predicted Difference
P DataSize Best Best Time(s) % Diff

MXM 4 n=400,r=400,m=400 GD GD
4 n=400,r=800,m=400 GD GD
4 n=800,r=400,m=400 GD GD
4 n=800,r=800,m=400 GD GD

16 n=1600,r=400,m=400 GD GC 1.2s 0.7%
16 n=1600,r=800,m=400 GC GD 3.7s 1.1%
16 n=3200,r=400,m=400 GD GD
16 n=3200,r=800,m=400 GD GD

TRFD 4 n=30(465),L1 LD GD 0.9s 8.2%
4 n=40(820),L1 LD LD
4 n=50(1275),L1 LD LD

4 n=30(465),L2 LD GD 0.2s 3.5%
4 n=40(820),L2 GD LD 1.5s 6.2%
4 n=50(1275),L2 GD GD

16 n=30(465),L1 LD LD
16 n=40(820),L1 LD LD
16 n=50(1275),L1 LD LD

16 n=30(465),L2 LD LD
16 n=40(820),L2 LD LD
16 n=50(1275),L2 LD LD

globalsarestill betterfor 16 processors.Comparingacross
distributedandcentralschemes,thecentralizedmaster, and
sequentialredistribution andinstructionsend,addsufficient
overheadto thecentralizedschemesto make thedistributed
schemesbetter. LCDLB incursadditionaloverheaddueto
the delay factor (section4.2), and also due to the context
switching betweenthe load balancerand the computation
slave.

6.2 TRFD

TRFD hastwo maincomputationloops,which areloadbal-
ancedindependently, and an intervening sequentialtrans-
pose. We parallelizedthe outermostloop of both the loop
nests.Thereis only onemajor arrayof size " ¨ ) ¨=0 T +&�r C'
X" ¨ ) ¨Q0 T +&�� Y' , usedin boththeloops.Theloopiterationsoper-
ateondifferentcolumnsof thearray(thus�¥�µ" ¨ ) ¨¶0 T +&�r C' ,
the row size). The first loop nest (L1) is uniform, with¨ ) ¨U0 T +&��  iterations,andwork linearin thearraysize.The
secondloop nesthas triangularwork per iteration, which
is madeuniform usingthebitonic schedulingtechnique[5].
Theresultingloop (L2) has ¨ ) ¨·0 T +&�Y� iterations,with lin-
earwork. We ranexperimentswith ¨s�¹¸�#,$*�B#,$���# (i.e., for
arraysizesof 465,820,1275,respectively).

On 4 processors,as the datasize increaseswe tend to

shift from LDDLB to GDDLB (seefigure 2). Since the
amountof work per iteration is small, the computationvs.
communicationratio is small, favoring the local distributed
schemeon small datasizes. With increasingdatasize,this
ratio increases,andGDDLB doesbetter. Among the cen-
tralizedschemesGCDLB is betterthanLCDLB. On16pro-
cessors,however, we find thatLDDLB is thebest,followed
by GDDLB. Among thecentralizedstrategiesalsoLCDLB
doesbetterthanGCDLB, sincethe computationvs. com-
municationratio is small. Thedistributedschemesarethus
betterthanthecentralizedones.

6.3 Modeling Results:MXM & TRFD

Table6 shows theactualandthepredictedbeststrategy un-
der varying parametersfor MXM and TRFD. We observe
thattheexperimentalandthepredictedbeststrategy matches
in mostof thecases.For thecaseswhereour predictiondif-
fers, the predictedschemeis the secondbestin the actual
run. We presentthe difference(in termsof time, andasa
percentage)betweenthe two strategiesin theactualrun for
thesecases.It canbeseenthat thedifferencesin execution
time,amongthetwo schemesarequitesmallat thesepoints.
While thetablepresentsthebestschemeoverseveralruns,in
actuality, oneor theotherschememaydobetterfromonerun
to another, which makesthepredictiontaskextremelydiffi-
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cult. Mostof theinaccuraciesin predictionoccurwhenthere
arevery smalldifferencesin theexecutiontimesof thedif-
ferentschemes.Moreover, thisusuallyhappensat thecross-
over point alongthe two axesunderconsideration(local º
globalor centralº distributed).For example,for loop2(L2)
in TRFDon �.��� , asthedatasizeincreasesthetrendstarts
shifting from LDDLB to GDDLB.

7 Conclusions

In thispaperweanalyzedbothglobalandlocal, andcentral-
ized and distributed, interrupt-basedreceiver-initiated dy-
namic load balancingstrategies,on a network of worksta-
tionswith transientexternalloadperprocessor. We showed
thatdifferentstrategiesarebestfor differentapplicationsun-
der varying parameters,suchas the numberof processors,
datasize,iterationcost,communicationcost,etc.Presenting
a hybrid compileandrun-timeprocess,we showedthat it is
possibletocustomizethedynamicloadbalancingschemefor
a program.Giventhehostof dynamicschedulingstrategies
proposedin theliterature,suchanalysiswouldbeusefulto a
parallelizingcompiler. To takethecomplexity awayfromthe
programmer, we alsoautomaticallytransforman annotated
sequentialprogramto a parallelprogramwith theappropri-
atecallsto therun-timedynamicloadbalancinglibrary.
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