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Abstract

Thecharacteristicsof irregular algorithmsmake a par-
allel implementationdifficult, especiallyfor PC clusters or
clustersof SMPs.Thesecharacteristicsmayincludean un-
predictableaccessbehaviorto dynamicallychangingdata
structures or strong irregular coupling of computations.
Problemsare an unknownload distribution and expensive
irregular communicationpatternsfor dataaccessesandre-
distributions. In this paperweproposetaskpool teamsfor
implementingirregular algorithmson clusters of PCs or
SMPs.A taskpool teamcombinesmultithreadedprogram-
mingusingtaskpoolsonsinglenodeswith explicit message
passingbetweendifferentnodes.Asapplicationexamplewe
usethehierarchical radiosityalgorithm.

1 Intr oduction

Irregularity of algorithms may be causedby differ-
entcharacteristicsincludingunpredictableaccessesto data
structuresdueto sparsityor dynamicchanges,varyingcom-
putationaleffort becauseof refinementor adaptivity, and
irregular dependenciesbetweencomputations. Examples
aresparselinearalgebramethodslike sparseCholesky fac-
torization,grid-basedcodeswith dynamicrefinementslike
adaptiveFEM, or hierarchicalalgorithmslike thefastmul-
tipole or hierarchicalradiosity algorithm. Although most
hierarchicalandadaptive algorithmshave beeninventedto
save computationtime while still gettinga goodsolution,
thereis still needfor a parallel implementationsincethe
computationtimefor thosemethodscanbequitelargewhen
realisticproblemsareconsidered.Thecomputationalchar-
acteristicsof irregular algorithmscan be different,but all
irregular algorithmshave in commonthat the actualpro-
grambehavior of a specificprogramrun stronglydepends�
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on the specificinput dataof the program.Thus,not much
informationis staticallyavailableandstaticplanningof par-
allelismis difficult. Especiallywhenanirregularalgorithm
hasunpredictablyevolving computationalwork, dynamic
loadbalanceis requiredto employ all processorsevenly.

For sharedmemoryplatformstheconceptof taskpools
canbeusedto realizedynamicloadbalance.Thebasicidea
is to managetasksin a specialglobaldatastructurecalled
taskpool, seee.g.[4]. Eachprocessorcantake tasksfrom
thepool andaddnew tasksto thepool until theentirecom-
putationis done. Taskpool implementationsfor dynamic
loadbalancehave beenpresentedin e.g.[13, 16]. Detailed
investigationsof differentversionsaregivenin [11].

For distributedmemorymachinesthereis a closecon-
nection betweendynamic load balanceand communica-
tion sincea redistribution of work at runtimecanonly be
achievedwith messagepassing.For anefficientparallelim-
plementationa trade-off betweendecreasedruntimedueto
balancedloadandincreasedruntimedueto communication
overheadhasto be found. Furthermorethe unpredictable
accessbehavior forcescommunicationfor theexchangeof
datastructures.

This paperintroducesthe realizationof irregular algo-
rithmson PCclustersor clustersof SMPs(symmetricmul-
tiprocessors)with a new approach,called taskpool teams.
A task pool teamcombinesthe conceptof task pools for
loadbalancingon individual nodeswith explicit communi-
cationfor irregularly occurring,remotedataaccesses.We
have implementedtaskpool teamson top of the Message
PassingInterface(MPI) andPOSIXThreads(Pthreads),al-
thoughtheconceptis moregeneral.Thus,theresultingim-
plementationof anirregularalgorithmwith taskpool teams
is entirely realizedon the applicationprogrammerslevel.
Theadvantageis thatthemechanismof taskpool teamscan
be usedfor an efficient parallel implementationwhile the
applicationprogrammercanstill exploit algorithmspecific
propertiesexplicitly.

Our hybrid programmingmodelis suitablefor PCclus-
ters or clustersof SMPs and for applicationswith arbi-



trary taskgraphsor arbitrarydynamicdatastructures.We
illustrate and test the model with the hierarchicalradios-
ity method,a global illumination methodfrom computer
graphics. This applicationhas several of the properties
of irregular algorithmsmentionedabove. Data are orga-
nizedin dynamicallygrowing quadtreesandcomputations
areguidedby varying interactionsbetweennodesof those
quadtrees.Theresultingparallelalgorithmis testedon two
platforms,aBeowulf cluster(CLiC) andaclusterof SMPs.

Wehaveimplementedseveralvariantsfor taskpoolsand
experimentedwith different approachesfor the combina-
tion with communicationto form taskpool teams.Special
carewastakento designthecommunicationmechanismbe-
tweenremotethreadsrunning on different clusternodes.
Generalproblemsare the absenceof thread-safecommu-
nication in the implementationenvironmentor a potential
of deadlocksfor blockingcommunicationoperationsin ir-
regularthread-basedprograms.

The paperis structuredas follows: Section2 presents
conceptsand realizationsof task pools. Section3 intro-
ducesthetaskpool teamapproach.Section4 describesthe
hierarchicalradiosityalgorithm(HRA) anddiscussesspe-
cial requirementsand adaptationswith regard to the task
pool teamrealization.Experimentsandmeasurementsare
presentedin Section5. Section6 discussesrelatedwork and
Section7 concludes.

2 Task poolsfor shared memory

For the implementationof task pool teamswe assume
thefollowing basicprogrammingmodelonacluster:There
is oneprocessrunningon eachclusternode,which canbe
a one-processormachineor an SMP with several proces-
sors.A processconsistsof a virtual addressspaceandone
or morethreadsof controlwhich areexecutedby timeshar-
ing on theprocessorsof thenode.Theinteractionbetween
processesrunningon differentnodeswith differentaddress
spacesis realizedby explicit messagepassing. The task
pool teamapproachconsiderstaskpools for clusterswith
onetaskpool for eachclusternode.

This sectionpresentsthe taskpool conceptfor a single
clusternode. The actualcombinationof task pools with
messagepassingand specificstrategies for implementing
taskpool teamsfor entireclustersareintroducedin thenext
section.

2.1 Generalapproach

Applicationprogramsrealizedwith taskpoolsarestruc-
turedinto a setof interactingtasks. Eachtaskconsistsof
a well-definedsequenceof commandsoften capturedin a
functionor procedureto be executedby a singlethreadof
the process. The commandscan include the creationof

child taskswhichcanlaterbeexecutedby adifferentthread
of the sameprocess.Although the taskcreationandexe-
cutionis codedwithin theimplementationof thealgorithm,
eachrun of a specificprogrammayactuallycreatea differ-
enttaskgraph,especiallyfor irregularalgorithms.

A taskpool is a shareddatastructureto storeandman-
agethe taskscreatedfor onespecificprogram.All threads
of theprocesshave accessto the taskpool of thatprocess.
They extract tasksfrom the pool for executionand insert
tasksinto thetaskpool if thecurrentlyexecutedtaskcreates
new child tasks.Thecooperationof taskspossiblyexecuted
by differentthreadsis realizedvia the commonsharedad-
dressspaceof the processwherethe datafor the program
arestored.To realizethecorrectprogrambehavior theexe-
cutionof lock andunlock operationsis neededto guarantee
aconflict-freeaccessto memorylocations.

Theentiretaskprogramcanbeexecutedby afixednum-
berof threads,alsoif thenumberof tasksis varyingduring
programexecution.Thisminimizestheoverheadfor thread
creation.Moreoverit hastheadvantagethatavaryingnum-
berof tasksis mappedto afixednumberof threadsyielding
adynamicloadbalancefor theexecution.

Thereareseveral possibilitiesfor the internalorganiza-
tion of taskpoolsandthestorageof tasks.Often the tasks
arekept in queuesand task poolsdiffer in the numberof
queuesandthe accessstrategy to queues.Concerningthe
numberof queuesthemaincasesare:

Central task pool: Only onetaskqueueexists andall
threadsof theprocessaccessthis queueto removeor insert
tasks.To avoid conflictseachaccesshasto beprotectedby
a lock operation.Threadsremove tasksfrom thequeuefor
executionwhenthey arereadywith previous work andso
the centralqueueoffers gooddynamicload balance. But
frequentaccessesto the queue,e.g. for many small tasks,
mayleadto sequentializationdueto thelock protection.

Decentralizedtask pool: (often alsocalleddistributed
taskpool) Eachthreadhasits own queuefrom which only
this threadcanremove andinsert tasks. The advantageis
thataccessesto thequeuesdo not have to beprotected.On
the otherhandthe static initialization of taskqueuesmay
leadto imbalancesif theinitial tasksin thequeuescreatean
unequalnumberof new tasks,which is usuallyunknown in
advancein thecaseof irregularapplications.

Decentralizedtask pool with task stealing: This task
pool variantof a decentralizedtaskpool allows threadsto
accessqueuesof other threadsif its own queueis empty.
This is calledtaskstealing[16]. Taskstealingavoids load
imbalancesbut requiresa locking mechanism.

Another implementationdecisionconcernsthe orderof
inserting tasksand extracting tasks. We distinguish the
FIFO (first-in first-out) andLIFO (last-in first-out) access
strategiesfor queues.
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2.2 Specifictask pool implementations

For sharedmemorynodeswehave implementedthefol-
lowing setof taskpools:

� tp fifocen and tp lif ocen are central task pools with
FIFO/LIFO accessstrategy. Thecentralqueueis pro-
tectedby a lock mechanism.� tp fifo and tp lif o are decentralizedtask pools with
FIFO/LIFO accessstrategy. No lock mechanismis
necessary.� tp fifostandtp lif ostaredecentralizedtaskpoolswith
FIFO/LIFO accessstrategy and task stealing. The
stealingmechanismis very simple: Whenthe private
queueis empty, a threadinvestigatesall otherqueues
andstealstasks(if possible).� tp fifost2 and tp lif ost2 are decentralizedtask pools
with FIFO/LIFO accessstrategy andtaskstealing. A
taskcanonly bestolenif morethanapredefinednum-
ber of tasksis available in the queue. In contrastto
the stealingmechanismabove this avoids the steal-
ing from almostemptyqueueswhich would force the
ownerthreadof thatqueueto steala tasktoo.

2.3 User interface for task pools

For theprogrammingwith a taskpool theuserAPI pro-
videsthefollowing setof accessfunctions:

(1) void tp init ( unsignednumber of threads ) ;
allocatesandinitializes the taskpool. The parameter
number of threads denotesthetotalnumberof threads.

(2) void tp reinit ( ) ;
preparesthetaskpool for re-use.

(3) void tp destroy ( ) ;
deallocatesthetaskpoolstructureanddestroysthetask
pool threads.

(4) void tp initial put ( void (* taskroutine)(), arg type *ar-
guments ) ;
insertsan initial task. The parametertaskroutine is a
pointerto thefunctionrepresentingthetask.Theargu-
mentsfor that functionaregivenby the pointerargu-
ments.

(5) void tp put ( void (* taskroutine)(), arg type *arguments,
unsignedthread id ) ;
insertsdynamicallycreatedtasksinto the pool. The
parameterthread id is the identifier of the threadin-
sertingthetask. Theotherparametersareidenticalto
theparametersof tp initial put.

(6) void tp get ( unsignedthread id ) ;
extractstasksfor processing.Theparameterthread id
denotestheidentifierof thethreadremoving a task.

Theapplicationprogrammerformulatesfunctionsor proce-
duresastasksandguidestheir creationexplicitly by using
the interfaceabove. The strategy of the chosentaskpool
variant is known, but the actualmechanismis hidden to
theusersothattheprogrammercanconcentrateon thetask
structureof theprogram.The taskstructure,e.g.thegran-
ularity of tasksor the dependenciesbetweentasks,might
influencetheefficiency for sometaskpool versions.

3 Task pool teams

Severaltaskpoolsarecombinedby mutualexplicit mes-
sagepassingto build task pool teamsfor clustersof PCs
or SMPs.Mutual communicationbetweenclusternodesis
realizedwith MPI. In thefirst subsectionsthecompatibility
of bothmodelsandthecommunicationbehavior of irregular
applicationsareconsidered.Thenwe presentour commu-
nicationschemefor taskpool teams.

3.1 Compatibility with messagepassing

Although the MessagePassingInterfacewas designed
thread-safewhich guaranteesthat the threadsof a process
cancall MPI operationssimultaneouslywithout mutualin-
terferenceor influence,most implementationsof the stan-
dardarenot thread-safe.MPI-2, an extensionof the MPI
standard,providesfunctionsto supportmultithreadedpro-
grams. However, current implementationsoften support
only thesingle-threadedmode.For thatreasonwe useMPI
andprotecteachoperationby a lock. ThisensuresthatMPI
calls areonly madeby onethreadat a time, but the com-
binationof blockingMPI operationsandaccessprotection
canleadto deadlock.Thereforenonblockingcommunica-
tion operationsareusedwhennecessary.

3.2 Irr egular communicationbehavior

Dependingon the specificapplicationtherearethe fol-
lowing communicationsituations:� administrationalcommunicationemerging from the

needtobalanceloadandsynchronizeclusternodesand� applicationspecificcommunicationto exchangeinput
data, (intermediate)resultsand other datastructures
for calculation.

Due to the behavior of irregular algorithmsthe actual
communicationis hardlypredictablein mostcases.More-
over, in atask-pool-basedimplementationthethreadsof dif-
ferentclusternodeswork asynchronouslyondifferentparts
of thecodesothatthecounterpartof communicationopera-
tions,which is neededfor thecommunicationin theSPMD
styleof theMPI programming,mightbemissingwhencall-
ing a communicationoperation. In order to solve those
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problemsweintroduceaseparatecommunicationthreadfor
eachtaskpool.

3.3 Communication scheme

To integratea communicationthreadthebasicprogram-
mingmodelof taskpoolsfor sharedmemorynodesis mod-
ified. The modified task pool of eachnodeconsistsof a
fixed numberof ���	� threads:� worker threads,respon-
sible for processingtasks,and a separatecommunication
thread.Figure1 illustratesa taskpool teamof two decen-
tralizedtaskpoolswith � worker threads
���
�����������
���� ,
their correspondingtaskqueues,andoneseparatecommu-
nication thread. We have implementedand testedseveral
communicationschemes.Figure1 shows themostefficient
schemewhich performsthefollowing steps:

(1) If aworker threadof Node0 needsdatasituatedin the
addressspaceof Node 1, it sendsa requestdirectly
to thatnodeandwaits passively. The communication
threadof Node1 receivesthemessage.

(2) According to the messagetype the communication
threadof Node1 reactsandsendsdataback.

(3) Thecommunicationthreadof Node0 receivesthemes-
sageandsignalsthe waiting worker threadthat non-
localdataareavailable.
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Figure 1. Illustration of the comm unication
scheme for a task pool team with one pool per
node . Each node emplo ys � worker threads
(WT). The comm unication protocol with the
steps (1)-(3) is described in the text.

The communicationthreadof Node 0 needsa unique
identificationof the requestingworker threadin order to
awake this threadandto assigntherequesteddata.For that
reasonwe label the entirecommunicationprocesswith an
identifiercorrespondingto therequestingworker thread.

3.4 User interface for task pool teams

Programsfor task pool teamsare written in an SPMD
styleandeachclusternoderunsthesameSPMDprogram.
The programfor a nodehasa task-orientedstructureand
usesa task pool for processingthe tasksas describedin
Section2. Additionally, the programcodecontainsMPI
communicationoperationsandfunctioncallsof thePthread
library accordingto the describedcommunicationproto-
col. Worker threadscan initiate the requestof remote
databy calling an MPI sendoperationand function calls
of the Pthreadlibrary for passive waiting. All othersend
andreceive operationsof the communicationprotocolare
performedby the communicationthreadand can be used
within a user-programmedfunction which hasa predeter-
minedstructureto guaranteethecorrectfunctionality.

4 The hierarchical radiosity algorithm

Thehierarchicalradiosityalgorithm(HRA) representsa
complex irregularalgorithmrequiringdynamicloadbalanc-
ing for achieving anefficientparallelizationandthusis suit-
ablefor testingtaskpool teams.Thenext subsectionsgive
a short introductionto the HRA and provide information
aboutour application-specificadaptationsto reducecom-
munication.

4.1 The hierarchical radiosity algorithm

Thebasicradiosityalgorithmis anobserver-independent
global illumination algorithm from computergraphicsto
simulatediffuselight in three-dimensionalscenes.Theal-
gorithm usesa geometricdescription(input polygons)of
thescenewith valuesof light emissionandreflectioncoef-
ficients. The input polygonsaredivided into smallerele-
mentsfor which radiosityvalues(radiosity= radiationper
time andsurfaceunit) arecomputed.The radiationpower
of theoverall systemis modeledby theequation:

#%$'&($
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1 radiationpower of surfaceelement>
2 emissionof surfaceelement>
3 incidentradiationpower from otherelements
3a form factor
3b radiationpower of surfaceelement?
4 diffusereflectionof energy incidentfrom otherelements

where
#%$

is the radiosityvalue,
&@$

is the surfacearea,
and * $ is theemissionpertimeandsurfaceunit of element
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9 . The parameter� is the numberof surfaceelementsand
determinesthe refinementlevel of the division of surface
polygons.A large � causesa high quality of thesceneand
increasesthe computationaleffort considerably. The form
factor

3 0 $ describestheportionof light energy incidenton
anelementfrom anothersurfaceelement.Thecomputation
of form factorsis themostexpensive partof thealgorithm
sinceit involvesvisibility testsandthecomputationof dou-
ble integrals.

In orderto decreasethecoststhenumberof form factors
is reducedwith ahierarchicalapproach.Thecomputationof
formfactorsis basedonthebasiclaw for thetransmissionof
radiationwhich meansthe energy exchangedbetweenele-
mentsis decreasingquadraticallywith thedistanceof these
elements.This fact makes it possibleto perform lessex-
actcomputationsfor remotesurfaceelementswhile getting
goodrealisticresults.Thehierarchicalapproachresultsin
anunevendivisionof inputpolygonsinto smallerelements.
After finishingthealgorithmtheentiresceneis represented
by a setof quadtreeswith onetreefor eachinput polygon.
The leaf elementsof all treesrepresentthesurfacesto dis-
play, but all levelsof thequadtreesarerequiredfor compu-
tation.

Thesubdivisionof a surfaceelementdependson its size
andon theportionof energy incidentfrom otherelements.
The refinementprocessstopsif a minimal size is reached
or the form factorsfor two interactingelementsaresmall
enoughto createarealisticscene.Theinteractionof distant
elementstakesplaceonhigherlevelsof thetree.Neighbor-
ing elementsinteractat leaf level. To storethediverseinter-
actionpartnerseachelementrepresentedby aquadtreenode
ownsaninteractionlist which containspointersto thoseel-
ementsproviding portionsof light energy. The interaction
lists are changeddynamicallydue to the dynamicrefine-
mentof elementsdependingon the specificgeometryand
energy situation. The HRA computesthe radiosityvalues
by an iterative methodfor solving Equation(1) with top-
down and bottom-uppassesover the quadtreesaccessing
dataaccordingto theinteractionlists.

TheSPLASH2benchmarksuitecontainsan implemen-
tationof thehierarchicalradiosityalgorithmwith taskpools
for sharedmemory. We startedwith the purethread-based
program version modified by [13] and further modified
within the scopeof [11] for Pthreads.Furtheradaptations
werenecessaryfor theuseof ourspecifictaskpoolsandfor
theintegrationof theentirecommunicationstructureof task
pool teams.

4.2 Application-specificoptimizations

In orderto makethealgorithmmoreefficientseveralop-
timizationsandtechniqueshavebeenexamined:

Dummy data structur es for remote data: In the
distributed algorithm the elementsand the corresponding
quadtreesaredistributedover the differentaddressspaces
of the clusternodes. Accordingly, the information in the
interactionlists might point to remotedata.Thus,thecom-
putationof radiosityvaluesmight causeirregular commu-
nicationsinceradiosityvaluesof otherelementsstoredin
non-localaddressspaceshaveto bemadeavailableby mes-
sagepassing.Becausenon-localdataaccesswith message
passingtakesusuallymuchmoretime thanlocal memory
accessandin mostcasesthesameelementis neededagain
in subsequentcalculations,dummiesare createdto store
non-localinformation.For thatreasonasuitabledatastruc-
turewasdevelopedthatallows easyandfastaccessby any
thread.Thecorrectnessof datais guaranteedby refreshing
datain eachstepof the iterative solutionmethod. Experi-
mentshave shown that this software cacheapproachleads
to efficiency gains.

Initial distrib ution of data: If two input polygonsof
theHRA aremutuallyinvisible, thereis noexchangeof en-
ergy betweenthemandthereforean assignmentto differ-
entnodesdoesnot causecommunication.We have investi-
gatedtheruntimeof theHRA with severalsimpledistribu-
tion strategieswhichactuallyleadto lowercommunication.
Unfortunately, this reductionof communicationwasasso-
ciatedwith a heavy imbalanceof computationalwork. The
bestruntimeresultscouldbeachievedwith a regularcyclic
assignmentof initial polygonsto the physicalprocessors,
althoughthenumberof messageswasnot minimized.

Detecting redundant communication: Each worker
threadcomputesradiosity valuesfor elementsusing data
from interacting local and non-local elements. If two
threadsof the sameprocessneedvaluesof the samenon-
local elementat the sametime andthis elementis not yet
presentin local memoryasdummy, redundantcommuni-
cationoccurs. We have implementeda mechanismwhich
initiates a communicationof only one threadand blocks
any other threadrequiring the datauntil the specificdata
areavailable. Theunderlyingstructureis a smallarrayfor
eachtaskpool containingall currentlyrequestedelements.
Beforeinitiating a communicationeachthreadchecksthat
arrayfor theneededelement.If anentryfor thatelemental-
readyexists,thethreadblocksotherwiseit createsanentry
andstartsthecommunicationprocess.The threadactually
sendingtherequestawakesall waiting threadsafter there-
questeddataareavailableanddeletestheelementfrom the
array. Thereareat mostasmany entriesasworker threads
pertaskpool andsothesearchfor elementsin thosearrays
is cheap,especiallywhencomparedwith communication.

Combining requests: In order to reducecommunica-
tion, requestscan be collectedand sendas a single mes-
sage.TheHRA offers two obvioussituationsfor thecom-
binationof requests:a.) The preliminary radiosityvalues
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for elementscomputedatonenodewithin oneiterationstep
are immediatelyaccessiblefor local threads. New values
of non-localelementsareexchangedbetweennodesat the
endof aniterationstepratherthanimmediately. This algo-
rithmic changeresultsin slight changesof theconvergence
rate. b.) During thecomputationof the radiosityvaluesof
an elementeachinteractingelementis investigatedfor lo-
cality. If therearenon-localinteractingelements,they are
accessedseparately. Theaccessof all interactingnon-local
elementscanbecombinedbecausethey arealreadyknown
at thebeginningof aniterationstep.

Although theseimprovementsare application-specific,
thebasicideascanbeappliedto otherirregularalgorithms.

5 Experimental results

This sectionpresentssomeof our experimentalresults
with the hierarchical radiosity algorithm. As example
sceneswe use”largeroom” (532 initial polygons),”hall”
(1157 initial polygons),and ”xlroom” (2979 initial poly-
gons).Themodels”hall” and”xlroom” weregeneratedby
[13]. ”Largeroom” belongsto the SPLASH2benchmark
suite[19].

We have investigatedtask pool teamson two architec-
tures: the ChemnitzerLinux Cluster (CLiC), a Beowulf
clusterconsistingof 528 Intel PentiumIII processorswith
800MHz. CLiC hasa FastEthernetnetwork. SB1000is a
small SMP clusterof four SunBlades1000with two 750
MHz UltraSPARC3 processors.SB1000usesSCI.
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Figure 2. Runtimes for model "xlr oom" on
CLiC

Figure 2 gives runtimesdependingon the numberof
threadsand the numberof processorsof the HRA using
thescene”xlroom”. Thefigureshows that therearedepen-
dencesof the runtimeon thenumberof processorsaswell
ason thenumberof threads.Theoverall runtimebehavior

is similar for other taskpool teams,scenesandplatforms.
Thereforewe presentall runtime and speedupmeasure-
mentswith regardto threadsandprocessors.The speedup
valueshavebeencomputedusingtheimplementationwith-
outcommunicationthreadandwith only oneworkerthread.
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Figure 3. Speedups for model "xlr oom" and
task pools with FIFO access on CLiC

Although CLiC hasonly oneCPU per clusternodethe
usageof only two threadspernode(oneworker threadand
onecommunicationthread)is not reasonablesincean in-
creasingnumberof threadsleadsto betterspeedupsasFig-
ure3 shows. Thisfactis causedby thecompetitionbetween
threadsfor processingtime. For a largenumberof threads
perprocesstheallocatedtimefor thecommunicationthread
(which mostlyperformsunsuccessfulchecksfor incoming
messages)is reduced.Also, thewastedtimedueto blocking
worker threadsis minimized.Our experimentshave shown
that theeffect of an increasingefficiency for an increasing
numberof threadsreachesa saturationpoint. Thespeedup
resultsfor thesmallestmodel”largeroom”arelessregular
thanfor themodels”hall” and”xlroom”. This is causedby
the small numberof initial polygonsfor eachclusternode
comparedwith theirregularcommunicationrequirements.

Becauseall threadsof aclusternodehaveto competefor
two processorsthedependencebetweenspeedupandnum-
berof threadson SB1000is similar to the resultsof CLiC
asFigure4 shows.

The taskpool teamscomputingthe model”largeroom”
achieveverydifferentresultswhenusingdifferenttaskpool
variantswhile theruntimesfor computingthemodels”hall”
and ”xlroom” differ only slightly as Figure 5 shows. In
mostcasescomputingthe model ”largeroom”, the central
taskpool andthedistributedtaskpool with thest2stealing
mechanismhave betterspeedupsthanthe otherdistributed
taskpools. This fact resultsfrom a betterloadbalancebe-
tweenthethreadsof oneclusternode.Thedistributedtask
poolswithout task stealingdo not balanceload very well
andthestealingmechanismst wastestoo muchtime when
trying to stealfrom almostempty queues. For the larger
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Figure 4. Speedups for model "hall" and task
pools with LIFO access on SB1000

models”hall” and”xlroom” theruntimesfor differenttask
pools differ only slightly. It seemsthat load imbalances
within oneclusternodehardly affect the total runtimebe-
causeof the long over-all runtimecomparedwith the idle
timecausedby loadimbalances.

In thefollowing thespeedupswith a fixednumberof 20
threadsper taskpool on CLiC andSB1000arepresented.
On both platforms the models ”largeroom” and ”hall”
achieve thebestspeedupswith poolswith thetaskstealing
mechanismst2. The central task pool with FIFO access
principleis best-suitedfor thelargestmodel”xlroom”. The
numbersin bracketsarethenumberof physicalprocessors.

CLiC: larger. 1.7(2), 2.5(3), 2.7(4), 3.4(5), 3.7(6)
hall 1.7(2), 2.5(3), 3.2(4), 3.7(5), 4.4(6)
xlroom 1.7(2), 2.5(3), 3.2(4), 3.7(5), 4.4(6)

SB1000: largeroom 3.7(4), 5.4(6), 5.9(8)
hall 4.0(4), 5.8(6), 7.4(8)
xlroom 3.8(4), 5.4(6), 7.1(8)

Dueto thelargenumberof taskscomparedwith thecom-
municationthe speedupvaluesof ”hall” and”xlroom” are
betterthanthevaluesfor thesmallmodel”largeroom”.

6 Relatedwork

Thereareseveralmethodsfor implementingirregularal-
gorithmson distributedmemory. Somesystems(Titanium
[20], TreadMarks[1]) provideimplicit supportfor irregular
applicationsby a distributedsharedmemorylayer.

The inspector/executor model (PARTI [17], CHAOS
[15], PETSc[3]) performsoptimizationsto reducetherun-
time of nestedloopsover distributedarrays.Thenecessary
arrayelementsareprovidedin a preprocessingstepby pre-
definedcommunicationoperations.This approachrequires
compiler supportand doesnot realizedynamic load bal-
ance.

4 6 8
0

1

2

3

4

5

6

7

8

Processors

S
pe

ed
up

Model "xlroom" on SB1000

tp_fifo
tp_lifo
tp_fifost
tp_lifost
tp_fifost2
tp_lifost2
tp_fifocen
tp_lifocen

4 6 8
0

1

2

3

4

5

6

Processors

S
pe

ed
up

Model "largeroom" on SB1000

tp_fifo
tp_lifo
tp_fifost
tp_lifost
tp_fifost2
tp_lifost2
tp_fifocen
tp_lifocen

Figure 5. Speedups with 20 threads for mod-
els "xlr oom" and "lar geroom" on SB1000

Especiallyfor problemswith irregular grid-baseddata
structuresloadbalancecanbeachievedby partitioning into
blocks.Theaim is to obtainblocksof approximatelyiden-
tical size with minimal interdependence.This problem
known as the graphpartitioningproblemis NP-complete.
MeTis [10] andCHACO [8] realizeseveralpartitioningal-
gorithms.PLUM [12] is a loadbalancingframework onthe
baseof suchpartitioners. The usageof partitioningalgo-
rithms is not useful if the time for the calculationof parti-
tionsandfor repartitioningexceedsthetimesavingsgained.
A dynamicloadbalancingalgorithmfor unstructuredgrids
is presentedin [5]. [9] givesan overview of further work
donein this field.

Thereareseveralapproachesfor hybridprogrammingof
SMP clusters. SIMPLE [2] providesuserlevel primitives
on the baseof sharedmemoryprogrammingandmessage
passingandcanonly beusedfor applicationswhichallow a
strictseparationof computationandcommunicationphases.
NICAM [18] is a userlevel communicationlayer for SMP
clusterswhich supportsoverlappingof communicationand
computationin iterative dataparallelapplications.An ap-
plication specificexamplewhich usesthreadsand remote
memoryoperationsis presentedin [14]. This approachin-
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troducestheparallelizationof sparseCholesky factorization
usingthreadsfor the parallelcomputationof blocksof the
factormatrix andremotememoryoperationsfor synchro-
nizationof remotedataaccesses.

There are some packagesproviding threadson dis-
tributedmemory. Nexus[6] is aruntimeenvironmentfor ir-
regular, heterogeneous,andtask-parallelapplications.The
focus is more on the realization of the combinationon
lower levels. Chant[7] presentsthreadscapableof direct
communicationon distributed memory. This library uses
lightweight thread libraries and communicationlibraries
availableat the systemused. In contrast,our approachis
entirely situatedwithin the applicationprogrammerslevel
in orderto provide a systematicprogrammingapproachto
the programmerwithout hiding importantdetailsand im-
plicit loadbalance.

7 Conclusion

The parallel implementationof irregular algorithmson
clustersof PCsor SMPsrequiresspecialdynamicloadbal-
ancingandorganizationof irregularaccesses.For this pur-
posewe have presentedtaskpool teams,a generalizedtask
pool approach. Task pool teamscombinemultithreaded
programmingwith explicit communicationon the applica-
tion programmerslevel. Theefficiency resultsaregoodand
dependon the platform and the specific input data. We
havechosenthehierarchicalradiosityalgorithmastestpro-
gram sincethis applicationprogramis very complex and
combinesmany characteristicsof irregularalgorithms.The
experimentson several platformshave shown that the ap-
proachis suitablefor efficientparallelization.
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