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Abstract

Load balancinginvolves assigningto eachprocessomvork
proportionatlto its performancetherebyminimizing the ex-
ecutiontime of the program.Although staticload balancing
can solve mary problems(e.g., thosecausedby processor
heterogeneityand non-uniformloops) for mostregular ap-
plications,the transientexternalload due to multiple-users
on a network of workstationsnecessitatea dynamic ap-
proachto load balancing.In this paperwe show thatdiffer-
entloadbalancingschemesrebestfor differentapplications
undervarying programand systemparameters.Therefore,
application-drven customizeddynamicload balancingbe-
comesessentiafor goodperformanceWe presenta hybrid
compile-timeand run-time modelingand decisionprocess
which selectgcustomizes}he bestschemealongwith au-
tomaticgeneratiorof parallelcodewith callsto a run-time
library for loadbalancing.

1 Intr oduction

Network of WorkstationdNOW) provide attractive scalabil-
ity in termsof computationpower and memorysize. With
the rapid adwancesin new high speedcomputernetwork
technologiege.g.,ATMs),aNOW is becomingncreasingly
competitve comparedo expensve parallelmachinesHow-
ever, NOWs aremuchharderto programthandedicategar
allel machines For example,a multi-userervironmentwith
sharingof CPUandnetwork may contributeto varyingper
formance. Heterogeneityin processorsmemory and net-
work arealsocontrituting factors.

Efficient schedulingof loopson a NOW requiresfinding
the appropriategranularity of tasks,and partitioningthem
sothat eachprocessois assignedvork in proportionto its
performance.This load balancingassignmentan be static
— done at compile-time, or it may be dynamic— done at
run-time. The distribution of tasksis further complicated
if processordave differing speedsand memoryresources,
or dueto transientexternalload and non-uniformiteration
executiontimes. While static schedulingavoids the run-
time schedulingoverheadjn a multi-userervironmentwith
loadchange®nthenodesamoredynamicapproachs war-
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ranted. Moreover, differentschemesare bestfor different
applicationaundervarying programandsystemparameters.
Application-drivencustomizedoadbalancinghusbecomes
essentiafor good performance. This paperaddresseshe
above problem. In particularwe make the following contri-
butions: 1) We compardifferentstrategyiesfor dynamicload
balancingn the presencef transientexternalload. We ex-
amineboth global vs. local, and centralizedvs. distributed
schemes?2) We presenta hybrid compileandrun-timesys-
temthatautomaticallyselectgshebestioadbalancingscheme
for a loop/task. We also automaticallytransforman anno-
tatedsequentiaprograminto a parallelprogramwith appro-
priate calls to our run-time load balancinglibrary. 3) We
presenexperimentakesultsto substantiateur approach.

The rest of the paperis organizedas follows. We first
presentelatedwork (section2), whichis followedby a de-
scriptionof theloadbalancingschemegsection3). We then
presentthe compile-timemodel and decisionmethodology
(section4), and describethe hybrid compile and run-time
system(section5). Finally, we presentthe modelingand
experimentalresults(section6), and our conclusiong(sec-
tion 7).

2 RelatedWork

Compile-timestatic loop schedulinghasbeenwell studied
[14, 9]. Static schedulingfor heterogeneoublOWs were
proposedn [5, 4, 7]. Thetaskqueuemodelfor dynamicloop
schedulinghastargetedshared-memorynachineq14, 11],

while the diffusion model has beenusedfor distributed-
memorymachineq10]. A methodfor task-level schedul-
ing in heterogeneouprogramswas proposedn [13], and
[2] presentanapplication-specifiapproacho schedulen-

dividual parallelapplications.

A commonapproachiakenfor dynamidoadbalancingon
aworkstationnetwork is to predictfutureperformancéased
on pastinformation. For example,[12] presentsa global
distributed scheme Dome[1] implementsa global central
anda local distributed scheme and Siegell [16] presentsa
globalcentralizedschemewith automaticgeneratiorof par
allel programswith dynamicload balancing. In all cases
theloadbalancinginvolvesperiodicexchangesBoth Phish
[3] andCHARM [15] implementalocaldistributedrecever
initiatedschemebut usedifferentperformancenetrics.Our
approactalsofalls underthis model. Insteadof periodicex-



changesof information, we have interrupt-basedecever-

initiated schemes. Moreover, we look at both central vs.
distributed, andlocal vs. global approachesOur work dif-

fersfrom theabove approaches thatour goalis to provide
compileandrun-timesupporto automaticallyselecthebest
load balancingscheméor a givenloop/taskfrom amonga
repertoireof differentstratayies.

3 Dynamic Load Balancing (DLB)

After the initial assignmenbf work (the iterationsof the
loop) to each processardynamicload balancingis done
in four basicsteps: monitoring processoperformancegx-
changingthis information betweenprocessorsgalculating
new distributionsandmakingthe work movementdecision,
andtheactualdatamovement.Thedatais moveddirectlybe-
tweenthe slaves,andtheloadbalancingdecisionsaremade
by theload balancer

Synchronization: In ourapproachasynchronizatioris trig-
geredby the first processothat finishesits portion of the
work. This processothensendsaninterruptto all the other
active slaves,whothensendtheir performancerofilesto the
loadbalancer

Performance Metric: We try to predictthe future perfor
mancebasedn pastinformation,which depend®nthe past
load function. We canusethe whole pasthistory or a por-
tion of it. Usually, the mostrecentwindow is usedas an
indication of the future. The metric we useis the number
of iterationsdoneper secondsincethe last synchronization
point.

Work and Data Movement: Oncetheloadbalancehasall
the profile information, it calculatesa new distribution. If
the amountof work to be movedis below a threshold then
work is not moved, sincethis may indicatethat the system
is almostbalancedpr thatonly a smallportion of the work
still remainsto be done. If thereis a sufiicient amountof
work thatneedgo bemaoved, we invoke a profitability anal-
ysisroutine. This is requiredsincework redistritution also
entailsthe movementof the data,andthereis atrade-of be-
tweenthe benefitsof moving work to balancdoad, andthe
costof datamovement. We thusre-distritute work aslong
asthe potentialbenefitof the new assignmentesultsin an
improvement.If it is profitableto move work, thentheload
balancerbroadcastshe new distribution informationto the
processorsThework anddatais thenre-distritutedbetween
theslaves.

3.1 Load Balancing Strategies

We chosefour differentstratgyiesdiffering alongtwo axes.
Thetechniquesreeitherglobal or local, basedntheinfor-
mationthey useto make load balancingdecisionsandthey
are either centrlized or distributed dependingon whether
theload balanceiis locatedat one masterprocessofwhich
also takes part in computation),or if the load balanceris
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distributed amongthe processorstespectiely. For all the
stratgies, the compilerinitially distributesthe iterationsof
theloop equallyamongall the processors.
Global Strategies:In theglobalschemesgheloadbalancing
decisionis madeusingglobalknowledge,.e.,all the proces-
sorstake partin the synchronizationandsendtheir perfor
manceprofilesto theload balancer The globalschemesve
considemre: 1) GlobalCentralizedDLB (GCDLB)- theload
balanceis locatedon amasteiprocesso(centralized) After
calculatingthe new distribution, the load balancersendsin-
structiongo theprocessorsvho haveto sendwork to others,
indicatingtherecipientandtheamountof work to bemoved.
The receving processorgust wait till they have collected
the amountof work they need. 2) Global Distributed DLB
(GDDLB) - the load balanceris replicatedon all the pro-
cessors.The profile informationis broadcasto all the pro-
cessorseliminatingthe needto sendout instructions. The
receving processorsvait for work, while the sendingpro-
cessorshipthedata.
Local Strategies: In the local schemesthe processorsre
partitionedinto differentgroupsof sizeK. We usedthe K-
block staticpartitioningapproachyheretheloadbalancing
decisionsare only donewithin a group (other approaches
such as K-neakest neighbos or dynamic partitioning, are
alsopossible). If processorhave differentspeedswe can
dothestaticpartitioningsothateachgrouphasnearlyequal
aggrejatecomputationapower. Thelocal schemesrethe
sameas their global counterpartsexcept that profile in-
formationis only exchangedwithin a group. The two lo-
cal stratggies we look at are: 1) Local Centialized DLB
(LCDLB). 2) Local DistributedDLB (LDDLB).
Thesestratgjies were chosento lie at the four extreme
pointson the two axes. In the local approachthereis no
exchangeof work betweendifferentgroups. For LCDLB,
we have only one masterload balancerinsteadof one per
group.Furthermorein thedistributedstratgjieswe have full
replicationof the load balancer Exploring the behaior of
otherhybrid schemess partof futurework. We now look at
themajordifferenceamongthe differentstratgies:
Global vs. Local: For the global schemessinceglobalin-
formationis available at a synchronizatiompoint, the work
distribution is nearoptimal,and corvergenceis fastercom-
paredto the local stratgjies. However, the amountof com-
municationor synchronizatiortostis lowerin thelocal case.
For thelocal case differencen performancemongthe dif-
ferentgroupscanalsohave a significantimpact. For exam-
ple,if onegrouphasprocessorwith poorperformancéhigh
load), andthe othergrouphasvery fastprocessorglittle or
no load), the latter will finish quite early, andremainidle,
while the former groupis overloaded.This could be reme-
diedby providingamechanisnfior exchangeof databetween
groupsor by having dynamicgroupmembership.
Centralized vs.Distrib uted: In thecentralizedschemeghe
centralpoint of control could limit the scalability Thedis-



tributedschemeselp solve this problem.However, in these
schemeshesynchronizatiomnvolvesanall-to-all broadcast,
while the centralizednesrequireanall-to-oneprofile send,
followed by an one-to-allinstructionsend. Thereis alsoa

trade-of betweensequentiaload balancingdecisionmak-

ing in the centralizedapproachandthe parallel(replicated)
decisionmakingin thedistributedschemes.

4 DLB Modeling & DecisionProcess

We now describeour compile and run-time modelingand
decisionprocesdor choosingamongthe differentload bal-
ancingstratgies. We presenthe differentparametersghat
may influencethe performancenf theseschemesfollowed
by the derivationof thetotal costfunction. Finally we shav
how this modelingis used.

4.1 Modeling Parameters

ProcessorParameters Thesegive information aboutthe
differentprocessorswvailableto the application. Thesein-
clude:1) numberof processoréP), 2) processospeedss;),
theratio of processoi’s performancev.r.t a baseprocessor
[18], and3) numberof neighborg K).

Program Parameters Theseparametergjive information
aboutthe application. Theseinclude: 1) datasize (N), 2)
numberof loop iterations(Z), 3) work periteration(W), 4)
datacommunication{D), indicatingtheaggregyatenumberof
bytesthatneedio becommunicategeriteration,and5) time
periteration(7) onthebaseprocessarThetime to execute
aniterationon processok is simply 7/ Sy.

Network Parameters Thesespecifythe propertiesof the
interconnectiometwork, and include: 1) network lateng
(£), 2) network bandwidth(B), and3) network topology In
this paper we assuméull connectvity amongthe proces-
sors,with uniformlateny andbandwidth.

External Load Modeling: To evaluateour schemesye had
to modelthe externalload. In our approacheachprocessor
hasanindependenibadfunction,denotedas;. Thetwo pa-
rameterdor generatinghe load functionare: 1) maximum
load (m), specifyingthe maximumamountof load per pro-
cessor(in our experimentswe setm = 5), and2) duration
of persistencéd), indicatingthe amountof time beforethe
next load changeg(a uniformly generatedandomnumberin
therange[0, m]), i.e., we have a discreterandomload func-
tion, with amaximumamplitudegivenby m, andthediscrete
block sizegivenby d. A smallvaluefor d impliesarapidly
changingoad,while alargevalueindicatesa relatively sta-
ble load. We use/;(k) to denotethe load on processor
duringthe k-th durationof persistence.

4.2 Modeling — Total DLB Cost

We now presentthe costmodel for the various strateyies.
The costof a schemecanbebrokeninto thefollowing cate-
gories:costof synchronizationgostof calculatingnew dis-
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tribution, costof sendingnstructionsandcostof datamove-
ment(seg[19] for amoredetailedstudy).

Costof Synchronization: The synchronizationnvolvesthe
sendingof interruptfrom the fastestprocessoto the other
processorswho then sendtheir performanceprofile to the
load balancer The costfor the differentstratgiesis given
below (for thelocal caseP = K): 1) GCDLB : £ = one-to-
all(P) + all-to-one(P), and2) GDDLB : ¢ = one-to-allP)
+ all-to-all(P?).

Costof Distrib ution Calculation: Thiscostis usuallyquite
small,andwe denoteit asé.

Costof Data Movement: Let x;(j) denotetheiterationas-
signmentafter the j-th synchronizationando;(j) the av-
erage effectivespeed[19], for processor during the j-th
and the previous synchronization. Let 7 be the time for
one iteration. The time taken by the fastestprocessorf
to completeits work is, t = W The numberof
remainingiterationson processot, is simply its old dis-
tribution minusthe iterationsdonein time ¢, i.e., v;(j) =

xi(j—1)—x5s(j—-1)- (::f((?) ) . Thetotalamountf work left

amongall the processorss thengivenasT'(j) = Y vi(4).
We distribute this work proportionalto the averageeffective

speedftheprocessort get,x;(j) = (%) -T(5).
k=1

The initial valuesy;(0) = Z/P, and;(0) = x;(0),
Vi € 1,---, P, give usrecurrencdunctionswhich canbe
solvedto obtainthenew distribution ateachsynchronization
point. The terminationcondition occurswhenthereis no
morework left to be done. Along with the numberof iter-

ationsmoved (a(j) = + (L1, hil) — x:(4)])), andthe
numberof messagerequiredto dothis (3(5)), thetotal cost
of datamovements then,x(j) = 8(4) - £ + a(j) - (D/B).
Costof Sendinglnstructions: Thisappliesonly to thecen-
tralizedschemessincetheloadbalancesendghework and
datamovementinstructionsto the processors.This costis
simply¢(j) = B(j) L.

Using the above analysis,the per group costis, C, =
Mg (€ + 6) + 272, [ke(§) + ¥,(4)], wheren is the number
of synchronizationsandg thegroupnumber Thetotal cost
for the DLB schemesds simply the maximumgroup cost,
C = MAX,{C,} (for globalschemeg = 1).

4.3 DecisionProcess- Using the Model

Initially atrun-time,nostratayy is choserfor theapplication.
Work is partitionedequallyamongall theprocessorsandthe
programis runtill thefirst synchronizatiomoint. Duringthis
time a significantamountof work hasbeenaccomplished,
namely atleastl / P of thework hasbeendone.At thistime
we alsoknow the load function seenon all the processors
so far, and averageeffective speedof the processors.This
load function combinedwith all the other parameterscan
bepluggedinto themodelto obtainquantitatve information
on the behaior of the differentschemes.This information



is thenusedto committo the beststratgyy after this stage.
This alsosuggesta moreadaptve methodfor selectingthe
schemewherewe refine our decisionas more information
ontheloadis obtainedat later points. This is partof future
work.

5 Compiler and Run-Time Systems

Sinceall theinformationusedby the modelingprocesslike
the numberof processorgyrocessospeedsdatasize,num-
berof iterations,terationcost,etc.,andparticularlytheload
function, may not be known at compile time, we propose
a hybrid compile and run-time modelingand decisionpro-
cess. The compiler collectsall necessarynformation,and
may alsohelpto generatesymboliccostfunctionsfor theit-
erationcostandcommunicatiorcost(someof theparameter
valuescanalsobeobtainedoy performancerediction[17]).
The actualdecisionmaking for committingto a schemes
deferreduntil run-timewhenwe have completeinformation
aboutthe system.

Run-Time System: The run-timesystemconsistsof a uni-
form interfaceto the DLB library for all the stratgies, the
actualdecisionprocesdor choosingamongthe schemesis-
ing the above model,andit consistsof datamovementrou-
tinesto handleredistritution. Load balancingis achiesed
by placingappropriatecallsto the DLB library to exchange
informationand redistritute work. The compiler however,
generatesodeto handlethis atrun-time.

CodeGeneration: Forthesource-to-sourceodetranslation
from asequentiaprogramto a parallelprogramusingPVM
[6] for messag@assingwith DLB library calls, we usethe
SUIF compilerfrom StanfordUniversity The input to the
compilerconsistof the sequentialzersionof the code,with
annotationso indicatethedatadecompositiorior theshared
arrays,andto indicatethe loopswhich have to be load bal-
anced.Thecompilergeneratesodefor settingupthemaster
processar This involves broadcastingnitial configuration
information parameterslike numberof processorssize of
arrays,taskids, etc., calls to the DLB library for the ini-
tial partitioning of sharedarrays,final collection of results
andDLB statistics(suchasnumberof redistritutions,num-
berof synchronizationsamountof work moved,etc.) anda
call to the a specialroutinewhich handleghe first synchro-
nization,alongwith the modelingandstrateyy selection. It
alsohandlessubsequergynchronizationor thecentralized
schemes.The arraysareinitially partitionedequallybased
onthedatadistribution specificatiofBLOCK, CYCLIC, or
WHOLE). We currentlysupportdo-all loopsonly, with data
distributionalongonedimension(row or column).Thecom-
piler mustalsogenerateodefor theslave processorsihich
performtheactualcomputation.This stepincludeschanging
theloop boundsto iterateover thelocal assignmentandin-
sertingcallsto the DLB library checkingfor interrupts,for
sendingprofileinformationto theloadbalancefprotocolde-
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pendent)for dataredistritution, andif local work stackhas
runout, for issuinganinterruptto synchronize.

6 Experimental Results

All the experimentswvereperformedon a network of homo-
geneoussun(SparcLX) workstationsnterconnectedia an
EthernetLAN (our model, however, caneasilyhandlepro-
cessorheterogeneity).Externalload was simulatedas de-
scribedin sectiond. PVM [6] wasusedto parallelizethefol-
lowing applications:1) Matrix Multiplication (MXM), and
2) TRFD, from the PerfectBenchmarksuite[8]. Theover-
headof the DLB schemess almostnegligible, sincethey
arerecever-initiated,andin theabsencef externalload,all
processoréinish work atroughlythe sametime, usuallyre-
quiringonly onesynchronizationThenetwork characteriza-
tion underPVM wasdoneoff-line. We obtainedthelateny
(2414.5pus), bandwidth(0.96 MB/s), and modelsfor the
differentcommunicatiorpatternge.g.all-to-one,one-to-all,
all-to-all). The experimentswererun with P = 4,16, and
with K = 2,8 respectiely. For moredetailedresults,see
[19].

6.1 MXM : Matrix Multiplication

Matrix multiplicationis givenasZ = X -Y (X isan x r,
andY ar x m matrix). We parallelizethe outermostloop,
by distributing therows of Z andX, andreplicatingY onthe
processorsOnly the rows of X needto be communicated
whenwe re-distritutework (D = r). Thework periteration
is uniformandquadratic We ranexperimentswith m = 400
for differentvaluesof r, andn.

Figurel shaws the executiontime for the differentDLB
schemesnormalizedagainsthe casewith no dynamicload
balancingwith iterationsequallypartitionedamongthepro-
cessors).We obsene that the global distributed (GDDLB)
stratgy is the best,followed closely by the global central-
ized (GCDLB) scheme. Local distributed (LDDLB) also
doesbetterthanlocal centralized(LCDLB). Moreover, the
globalschemesrebetterthanthelocal schemesHowever,
on 16 processorshe gapbetweerthe globalsandlocalsbe-
comessmaller Fromour earlierdiscussior(section3.1), lo-
cal stratgjiesincurlesscommunicatioroverheadhanglobal
stratgies,but theredistritution is not optimal. Fromthere-
sults,it canbe obsenedthatif the computationcost(work
per iteration) versusthe communicatiorcost (synchroniza-
tion cost,redistribution cost)ratio is large, global strategjies
arefavored.Thistilts towardsthelocal stratgjiesasthisratio
decreasesThefactorsthatinfluencethis ratio arethe work
periteration,numberof iterations andthenumberof proces-
sors.More processorfcreasahe synchronizatiorcost,and
shouldfavor the local schemesHowever, in the above ex-
perimentthereis sufficient work to outweighthis trend,and
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Tablel: 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,=400,m=400| GD GC 1.2s 0.7%
16 | n=1600,=800,m=400| GC GD 3.7s 1.1%
16 | n=3200,=400,m=400| GD GD
16 | n=3200,=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)L.2 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)L.2 LD LD

globalsarestill betterfor 16 processorsComparingacross
distributedandcentralschemesthe centralizedmasterand
sequentiatedistritution andinstructionsend,addsufficient

overheado the centralizedschemeso male the distributed
schemedetter LCDLB incursadditionaloverheaddue to

the delay factor (section4.2), and also due to the context

switching betweenthe load balancerand the computation
slave.

6.2 TRFD

TRFD hastwo maincomputatiodoops,which areloadbal-
ancedindependentlyand an intervening sequentialtrans-
pose. We parallelizedthe outer mostloop of both the loop
nests. Thereis only onemajor arrayof size[n(n + 1)/2] -
[n(n+1)/2], usedn boththeloops.Theloopiterationsoper
ateondifferentcolumnsof thearray(thusD = [n(n+1)/2],
the row size). The first loop nest(L1) is uniform, with
n(n + 1)/2 iterationsandwork linearin thearraysize.The
secondloop nesthastriangularwork per iteration, which
is madeuniform usingthe bitonic schedulingtechniqud5].
Theresultingloop (L2) hasn(n + 1)/4 iterations,with lin-
earwork. We ran experimentswith n = 30, 40, 50 (i.e., for
arraysizesof 465,820,1275,respectiely).

On 4 processorsas the datasize increasesve tend to

shift from LDDLB to GDDLB (seefigure 2). Sincethe
amountof work periterationis small, the computationvs.
communicatiorratio is small, favoring the local distributed
schemeon small datasizes. With increasingdatasize, this
ratio increasesand GDDLB doesbetter Among the cen-
tralizedscheme&CDLB is betterthanLCDLB. On 16 pro-
cessorshowever, we find thatLDDLB is the best,followed
by GDDLB. Amongthe centralizedstratg@iesalsoLCDLB
doesbetterthan GCDLB, sincethe computationvs. com-
municationratio is small. The distributedschemesrethus
betterthanthe centralizednes.

6.3 Modeling Results: MXM & TRFD

Table6 shavs the actualandthe predictedbeststratgy un-
der varying parametergor MXM and TRFD. We obsere
thattheexperimentahndthe predictedbeststratgyy matches
in mostof the casesFor the casesvhereour predictiondif-
fers, the predictedschemeis the secondbestin the actual
run. We presentthe difference(in termsof time, andasa
percentagebetweenthe two stratgiesin the actualrun for
thesecases.It canbe seenthatthe differencesn execution
time,amongthetwo schemesgrequitesmallatthesepoints.
While thetablepresentshebestschemeverseveralruns,in
actuality oneortheotherschememaydo betterfrom onerun
to anotherwhich makesthe predictiontaskextremelydiffi-
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cult. Mostof theinaccuracief predictionoccurwhenthere
arevery smalldifferencesn the executiontimesof the dif-
ferentschemesMoreover, this usuallyhappenst the cross-
over point alongthe two axesunderconsideratior(local +
globalor centrak~ distributed).For example for loop2(L2)
in TRFDon P = 4, asthedatasizeincreaseshetrendstarts
shiftingfrom LDDLB to GDDLB.

7 Conclusions

In this papemwe analyzedothglobalandlocal, andcentral-
ized and distributed interrupt-basedecever-initiated dy-
namic load balancingstrateies, on a network of worksta-
tionswith transientexternalload per processarWe shoved
thatdifferentstratgiesarebestfor differentapplicationsun-
der varying parameterssuchasthe numberof processors,
datasize,iterationcost,communicatiorcost,etc. Presenting
a hybrid compileandrun-timeprocessye shavedthatit is
possibleo customizehedynamidoadbalancingschemedor
a program.Giventhe hostof dynamicschedulingstratejies
proposedn theliterature,suchanalysisvould be usefulto a
parallelizingcompiler To takethecompleity avayfromthe
programmerwe alsoautomaticallytransforman annotated
sequentiaprogramto a parallelprogramwith the appropri-
atecallsto therun-timedynamicloadbalancindibrary.
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