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Abstract

Thecharacteristicsof irregularalgorithmsmake a parallelimplementationdifficult, espe-
cially for PCclustersor clustersof SMPs.Thesecharacteristicsmayincludeanunpredictable
accessbehavior to dynamicallychangingdatastructuresor strongirregularcouplingof com-
putations.Problemsareanunknown loaddistributionandexpensive irregularcommunication
patternsfor dataaccessesand redistributions. Thus the parallel implementationof irregu-
lar algorithmson distributedmemorymachinesandclustersrequiresa specialorganizational
mechanismfor a dynamicloadbalancewhile keepingthecommunicationandadministration
overheadlow.

In thispaperweproposetaskpool teamsfor implementingirregularalgorithmsonclusters
of PCsor SMPs.A taskpool teamcombinesmultithreadedprogrammingusingtaskpoolson
singlenodeswith explicit messagepassingbetweendifferentnodes.Thedynamicloadbalance
mechanismof taskpoolsis generalizedto a dynamicloadbalanceschemefor all distributed
nodes.We have implementedandcomparedseveral versionsfor taskpool teams.As appli-
cationexample,we usethe hierarchicalradiosityalgorithm,which is basedon dynamically
growing quadtreedatastructuresannotatedby varyinginteractionlistsexpressingtheirregular
couplingbetweenthequadtrees.Experimentsareperformedon a PCclusteranda clusterof
SMPs.

Keywords: taskpool teams,distributedmemory, irregularalgorithms,hierarchicalradiosityalgo-
rithms,clusterandclusterof SMPs

1 Intr oduction

Irregularity of algorithmsmay be causedby differentcharacteristicsincluding unpredictableac-
cessesto datastructuresdue to sparsityor dynamicchanges,varying computationaleffort be-
causeof refinementor adaptivity, andirregulardependenciesbetweencomputations.Examplesare
sparselinearalgebramethodslike sparseCholesky factorization,grid-basedcodeswith dynamic
refinementslike adaptive FEM, or hierarchicalalgorithmslike the fastmultipole or hierarchical
radiosityalgorithm. Although mosthierarchicalandadaptive algorithmshave beeninventedto�
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1 INTRODUCTION 2

save computationtime while still gettinga goodsolution,thereis still needfor a parallelimple-
mentationsincethecomputationtimefor thosemethodscanbequitelargewhenrealisticproblems
areconsidered.Thecomputationalcharacteristicsof irregularalgorithmscanbedifferent,but all
irregular algorithmshave in commonthat theactualprogrambehavior of a specificprogramrun
stronglydependson thespecificinput dataof theprogram.Thus,not muchinformationis stati-
callyavailableandstaticplanningof parallelismisdifficult. Especiallywhenanirregularalgorithm
hasunpredictablyevolving computationalwork, dynamicload balanceis requiredto employ all
processorsevenly.

For sharedmemoryplatformstheconceptof taskpoolscanbeusedto realizedynamicloadbal-
ance.Thebasicideais to managetasksin a specialglobaldatastructurecalledtaskpool, seee.g.
[4] or [13]. Eachprocessorcantake tasksfrom the pool andaddnew tasksto thepool until the
entirecomputationis done.Taskpool implementationsfor dynamicloadbalancehave beenpre-
sentedin e.g.[17, 12]. Detailedinvestigationsof differenttaskpool versionshave beenpresented
in [11].

For distributedmemorymachinesthereis a closeconnectionbetweendynamicloadbalanceand
communicationsincea redistribution of work at runtimecanonly beachievedwith communica-
tion. For an efficient parallel implementationa trade-off betweendecreasedruntimedueto bal-
ancedloadandincreasedruntimedueto communicationoverheadhasto be found. Furthermore
theunpredictableaccessbehavior forcescommunicationfor theexchangeof datastructures.

This paperintroducesthe realizationof irregular algorithmson PC clustersor clustersof SMPs
(symmetricmultiprocessors)with a new approach,calledtaskpool teams. A taskpool teamcom-
binesthe conceptof taskpoolsfor singlenodeswith explicit communicationfor non-localdata
accessesandredistribution. The integrationof multithreadedprogrammingandcommunication
resultsin a two level scheme.Load balancingon individual nodesis achieved by taskpoolsfor
sharedmemorynodesandinteractionbetweendifferentnodesis reachedby a dynamiccommuni-
cationschemeusingaspecificcommunicationthread.Explicit communicationis alsousedfor the
executionof remotedataaccessesoccurringirregularly.

We have implementedtaskpool teamson top of theMessagePassingInterface(MPI) andPOSIX
Threads(Pthreads),althoughtheconceptis moregeneral.TheMPI standardis usedfor commu-
nicationandPthreadsareusedto implementtaskpools. A thread-basedimplementationof task
poolsofferstheadvantagesof fastaccessesto shareddatastructures,low threadcreationtime,and
a distribution of threadsof oneprocessto severalprocessors.MPI guaranteesportability, because
MPI implementationsareavailableon a wide rangeof parallelmachines.Thus,theresultingim-
plementationof anirregularalgorithmwith taskpool teamsis entirelyrealizedon theapplication
programmerlevel. Theadvantageis thatthemechanismof taskpool teamscanbeusedfor aneffi-
cientparallelimplementationwhile theapplicationprogrammercanstill exploit algorithmspecific
propertiesexplicitly.

Our hybrid programmingmodel is suitablefor PC clustersor clustersof SMPsandfor applica-
tions with arbitrary taskgraphsor arbitrarydynamicdatastructures.We illustrateund test the
modelwith thehierarchicalradiositymethod,aglobalilluminationmethodfrom computergraph-
ics. This applicationhasseveralof thepropertiesof irregularalgorithmsmentionedabove. Data
areorganizedin differentdynamicallygrowing quadtreesandcomputationsareguidedby varying
interactionsbetweennodesof thosequadtrees.The resultingparallelalgorithmis testedon two
platforms,aBeowulf cluster(CLiC) andaclusterof SMPs.Wehave implementedseveralvariants
for taskpoolsandexperimentedwith differentapproachesfor thecombinationwith communica-
tion to form taskpool teams.Thetaskpoolsdiffer in theinternaladministrationusingoneor more
taskqueuesandin the accessstrategy to queues.The applicationimplementationsdiffer in the
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numberof threadscreated.Thenumberof threadsinfluencestheexecutiontimeof theapplication,
alsoin thecaseof thePCcluster.

Specialcarewastakento designthecommunicationmechanismbetweenremotethreadsrunning
on differentclusternodes.Generalproblemsaretheabsenceof thread-safecommunicationin the
implementationenvironmentor apotentialof deadlocksfor blockingcommunicationoperationsin
irregular thread-basedprograms.We introducecommunicationprotocolswhich successfullydeal
with thoseissuesthusguaranteeingsafecommunicationwithin a taskpool teamwhile providing
efficiency. Severalcommunicationpatternsarediscussedandhavebeenimplementedandthemost
efficient onehasbeenusedin thefinal implementation.

The paperis structuredasfollowing: Section2 presentsconceptsandrealizationsof taskpools.
Section3 introducesthe taskpool teamapproach.The implementationof the traveling salesman
problemwith ourprogrammingmodelis illustratedin Section4. Section5 describesthehierarchi-
cal radiosityalgorithm(HRA) anddiscussesspecialrequirementsandadaptationswith regard to
thetaskpool teamrealization.Experimentsandmeasurementsarepresentedin Section6. Section
7 discussesrelatedwork andSection8 concludes.

2 Task poolsfor sharedmemory

For theimplementationof taskpool teamsweassumethefollowing basicprogrammingmodelon
a cluster: Thereis oneprocessfor eachclusternode,which canbe a one-processormachineor
an SMP with several processors.A processconsistsof a virtual addressspaceandoneor more
threadsof controlwhichareexecutedby timesharingontheprocessorsof thenode.Theinteraction
betweenprocessesrunningon differentnodeswith differentaddressspacesis realizedby explicit
messagepassing.Thetaskpool teamapproachconsiderstaskpoolsfor clusterswith onetaskpool
for eachclusternode.A taskpoolmanagesthecomputationwork of thecorrespondingnode.

This sectionpresentsthe taskpool conceptfor a singleclusternode. The actualcombinationof
taskpoolswith messagepassingandspecificstrategiesfor implementingtaskpool teamsfor entire
clustersareintroducedin thenext Section3.

2.1 Generalapproach

Applicationprogramsrealizedwith taskpoolsarestructuredinto a setof interactingtasks.Each
taskconsistsof awell-definedsequenceof commandsoftencapturedin a functionor procedureto
beexecutedby asinglethreadof theprocess.Thecommandscanincludethecreationof child tasks
whichcanlaterbeexecutedby adifferentthreadof thesameprocess.All tasksof aprogramform
a graphof taskswith arrows expressingdependenciesbetweentasks.Although the taskcreation
andexecutionis codedwithin theimplementationof thealgorithm,eachrunof aspecificprogram
mayactuallycreateadifferenttaskgraph,especiallyfor irregularalgorithms.

A taskpoolisashareddatastructuretostoreandmanagethetaskscreatedfor onespecificprogram.
All threadsof theprocessexecutingtheprogramhave accessto thetaskpool. They extract tasks
from thepool for executionandinserttasksinto thetaskpool if thecurrentlyexecutedtaskcreates
new child tasks.Correspondingaccessfunctionsfor the insertionof tasksinto the structureand
for removing tasksareprovided. Thecooperationof taskspossiblyexecutedby differentthreads
is realizedvia the commonsharedaddressspaceof the processwherethe dataof the program
arestored.To realizethecorrectprogrambehavior theexecutionof lock andunlock operationsis
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neededto guaranteea conflict-freeaccessto memorylocations. Programmingenvironmentsfor
sharedaddressspaceusuallyprovidesuchlock andunlockoperations.

The entiretaskprogramcanbe executedby a fixed numberof threads,alsoif the taskgraphof
the programhasa quite irregular structureand the numberof tasksis varying during program
execution. So for eachprocesswe createan arbitrarybut fixed numberof threads.Becausethe
numberof threadsremainsconstantduringruntime,theoverheadfor threadcreationis minimized.
Moreover this hasthe advantagethat a varying numberof tasksis mappedto a fixed numberof
threadsyieldingadynamicloadbalancefor theexecution.Theactualsuccessof thisloadbalancing
strategy maydependon implementationdetails.

Thereareseveralpossibilitiesfor the internalorganizationof taskpoolsandthestorageof tasks.
Often the tasksarekept in queuesandtaskpoolsdiffer in the numberof queuesandthe access
strategy to queues.Concerningthenumberof queuesthemaincasesare:

� Central task pool: Only onetaskqueueholding tasksexists andall threadsof the process
accessthis queueto remove or insert tasks. To avoid accessconflictseachaccessto the
taskqueuehasto be protectedby a lock operation.Threadsremove tasksfrom the queue
for executionwhenthey arereadywith previouswork andsothecentralqueueoffersgood
dynamicloadbalance.But frequentaccessesto thequeue,e.g.for many small tasks,may
leadto sequentializationdueto thelock protection.

� Decentralized task pool: (often alsocalleddistributed taskpool) Eachthreadhasits own
queuefrom which only this threadcanremove tasksandinserttasks.Theadvantageis that
accessesto thequeuesdonothave to beprotected.Ontheotherhandthestaticinitialization
of taskqueuesmay leadto imbalancesif the initial tasksin the queuescreatean unequal
numberof new tasks,which is usuallyunknown in advancein thecaseof irregularapplica-
tions.Specialheuristicsmightbeusedto fill thequeuesat thebeginningof thecomputation.

� Decentralized task pool with task stealing: Thistaskpoolvariantof adecentralizedtaskpool
allowsthreadsto accessqueuesof otherthreadsif its own queueis empty. This is calledtask
stealing[16]. Taskstealingavoids load imbalancesbut requiresa locking mechanismfor
guaranteeingexclusiveaccessto queues.

More variationsof thosemainclassesof taskqueueorganizationswithin taskpoolsareproposed
andinvestigatedin [11]. Another implementationdecisionconcernsthe orderof insertingtasks
into andextractingtasksfrom taskqueues.We distinguishtheFIFO (first-in first-out)andLIFO
(last-infirst-out)accessstrategiesfor queuesandhave implementedthosevariationsfor different
centralanddecentralizedtaskpoolswhichwedescribein thenext subsection.

2.2 Specifictask pool implementations

Wehave implementedthefollowing setof taskpools:

(1) tp fifocenis acentraltaskpoolwith FIFOaccessstrategy. Thecentralqueueis protectedby
a lock mechanism.

(2) tp lif ocen is a centraltaskpool with LIFO accessstrategy. Thecentralqueueis protected
by a lock mechanism.

(3) tp fifo is a decentralizedtaskpool with FIFO accessstrategy. No lock mechanismis neces-
sary.
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(4) tp lif o is a decentralizedtaskpool with LIFO accessstrategy. No lock mechanismis neces-
sary.

(5) tp fifost isadecentralizedtaskpoolwith FIFOaccessstrategy andtaskstealing.Thestealing
mechanismis the following: If the privatequeueis emptya threadtries to stealtasksby
locking andinvestigating the queuesof other threads.The threadvisits the queuesof the
otherthreadsoneafteranother. If thethreadis successfulin stealingonetask,it executesthe
stolentaskandthenvisits thenext queue.If thethreadcouldnotsteala task,it immediately
visitsthenext queue.Thethreadblocksif thethreadis notableto stealany taskfrom another
queue.

(6) tp lif ost is a decentralizedtaskpool with LIFO accessstrategy andtaskstealing.Thesteal-
ing mechanismis thesameasfor tp fifost.

(7) tp fifost2 is a decentralizedtask pool with FIFO accessstrategy and task stealing. The
stealingmechanismis thefollowing: Taskstealingis initiated if thenumberof tasksin the
privatequeuedropsbelow a predefinedthresholdvalue. In contrastto thestealingstrategy
in tp fifost thestealingprocessis split into locking andstealing:First a threadtriesto lock
the queueof anotherthread.After a threadhassuccessfullylocked a foreign queueit can
only extractataskif morethanacertainpredefinednumberof tasksis available.Thisavoids
thestealingfrom almostemptyqueueswhichwould forcetheownerthreadof thatqueueto
steala tasktoo. Thethreadtrying to steala taskvisits thequeuesof otherthreadsoneafter
anotheruntil it cansuccessfullysteala task.Otherwiseit continuesto executetheremaining
tasksin its own queue.

(8) tp lif ost2 is a decentralizedtask pool with LIFO accessstrategy and task stealing. The
stealingmechanismis thesameasfor tp fifost2.

Our taskpool implementationsprovide a userdefinednumberof taskpool threadsonly able to
executetasks. The main threadcan perform arbitrary codelike creatinginitial tasks,working
on the taskpool, andleaving the taskpool to preparedatafor the reactivation of the pool. The
advantageespeciallyfor clusterswith singleprocessornodesis that no additionalcostsemerge
from thesynchronizationof threadsoncodewhichwasdesignedto beexecutedby asinglethread.
Furthermorethe expensive creationof new threads,in casethat the task pool is usedagain, is
avoidedbecauseall taskpool threadswait passively for new tasks.

2.3 Application programmer interface for task pools

For theprogrammingwith a taskpool theuserAPI providesfunctionsfor initializing anddestroy-
ing the taskstructure,insertingtasks,andextracting tasks. Thosefunctionsareusedwithin an
applicationprogramandthe additionaleffort for the applicationprogrammeris to formulatethe
functionsor proceduresastasks.Thefollowing setof accessfunctionsis provided:

(1) Allocateandinitialize thetaskpool structure:
void tp init ( unsignednumber of threads) ;
Theparameternumber of threads denotesthetotal numberof threadsworking at thetask
pool.

(2) Reinitializethetaskpool:
void tp reinit () ;

(3) Destroy thetaskpool:
void tp destroy () ;



3 TASK POOLTEAMS 6

(4) Insertinitial tasks:
void tp initial put ( void (* taskroutine)(), arg type *arguments) ;
Theparametertaskroutine is a pointerto the function representinga task. Thearguments
for thatfunctionaregivenby thepointerarguments.

(5) Inserttasksdynamically:
void tp put ( void (* taskroutine)(), arg type *arguments, unsignedthread id) ;
The parameterthread id hasto containthe identifier of the threadinsertingthe task. The
otherparametersareidenticalto theparametersof tp initial put.

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

Theapplicationprogrammerexplicitly guidesthecreationof tasksby usingthosefunctions.The
strategy of thechosentaskpool variantis known, but theactualmechanismis hiddento theuser
so that theprogrammercanconcentrateon the taskstructureof theprogram.The taskstructure,
e.g.thegranularityof tasksor thedependenciesbetweentasks,might influencetheefficiency for
sometaskpool versions.

3 Task pool teams

In this section,we presentthecombinationof severaltaskpoolsby mutualexplicit messagepass-
ing to build taskpool teamsfor clustersof PCsor SMPs.Mutual communicationbetweencluster
nodesis realizedwith MPI. The combinationof suchdifferentprogrammingmodelsfor imple-
mentingirregularalgorithmsrequiressomegeneralconsiderationsaboutthecompatibilityof both
modelsandthecommunicationstructureof applications.At first we investigatethecommunica-
tion behavior of task-pool-baseddistributedalgorithmsandtheresultingrequirementsto form task
pool teams.Thesubsequentsectiondiscussessomeproblemsof MPI implementationsconcerning
thecombinationwith threads.Thenwepresentourapproachesof communicationschemesneeded
in taskpool teams.At lastsomeimplementationdetailsaregiven.

3.1 Communication behavior of task-pool-baseddistrib uted algorithms

Dependingon thespecificapplicationtherearedifferentsituationswhich mayrequirecommuni-
cation.Thesecommunicationsituationscanbedividedinto two mainclasses:� administrationalcommunicationemerging from the needto balanceload andsynchronize

clusternodesand� applicationspecificcommunicationto exchangeinput data,(intermediate)resultsandother
datastructuresfor calculation.

Dueto thebehavior of irregularalgorithmstheactualcommunicationis hardlypredictablein most
cases.Moreover, in a task-pool-basedimplementationthethreadsof differentclusternodeswork
asynchronouslyon different partsof the codeso that the counterpartof communicationopera-
tions,which is neededfor thecommunicationin theSPMDstyleof theMPI programming,might
be missingwhencalling a communicationoperation.In orderto solve thoseproblemswe usea
separatecommunicationthreadfor eachtaskpool, which is responsiblefor communication.The
communicationis thenrealizedusinga specificprotocolfor the interactionof threadsexecuting
tasks(calledworker threads),thecorrespondingcommunicationthread,andtheworker andcom-
municationthreadsof othertaskpoolsin thetaskpool team.
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3.2 Thr ead-safecommunication

A thread-safedesignand implementationof the MessagePassingInterfaceguaranteesthat the
threadsof a processcancall MPI operationssimultaneouslywithout mutualinterferenceor influ-
ence.AlthoughtheMPI standardwasdesignedthread-safemostimplementationsarenot thread-
safe.TheextensionMPI-2 of theMPI standardprovidesfunctionsto supportmultithreadedpro-
grams. Therearedifferent levels of threadsafetyrangingfrom only oneuserthreadto multiple
userthreadswhich canperformMPI operationssimultaneously. Currently, implementationsof-
ten supportonly the single-threadedmode. For that reasonwe protecteachMPI operationby a
lock. ThisensuresthatMPI callsareonly madeby onethreadata time,however, thecombination
of blocking MPI operationsandaccessprotectioncanleadto deadlock.Thereforenonblocking
communicationoperationsareusedwhennecessary.

Communication
Thread

Communication
Thread

1 2
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4

Node0 Node1
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put
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request acknow-
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send
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Figure1: Illustration of the communication scheme for a task pool team with 2 task pools run-
ning on a cluster with 2 nodes. Each node employs � worker threads (WT). All worker threads�	��
������������	� �

use the communication thread for communication with the other node. The com-
munication protocol with the steps (1), (2), (3), and (4) is described in the text.

3.3 Communication schemewith separatecommunication thr ead

To integratea communicationthreadthebasicprogrammingmodelof taskpoolsfor sharedmem-
ory nodesis modified. The modifiedtaskpool of eachnodeconsistsof a fixed numberof ����

threads: � worker threadsresponsiblefor processingtasks,and a separatecommunication
thread.Figure1 illustratesa taskpool teamof two decentralizedtaskpoolswith � worker threads��� 
! #"#"$"# �%� �

, their correspondingtaskqueues,andoneseparatecommunicationthread. The
figurealsoshows thecommunicationscheme.Thebasiccommunicationprotocolfor theconfigu-
rationgivenin Figure1 consistsof thefollowing steps:

(1) If aworker threadof Node0 needsdatasituatedin theaddressspaceof Node1 it signalsits
communicationthreadandwaitspassively.

(2) The communicationthreadof Node0 sendsthe requestto Node1 andthe corresponding
communicationthreadreceivesthemessage.

(3) Accordingto themessagetype thecommunicationthreadof Node1 reactsandsendsdata
back.
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(4) Thecommunicationthreadof Node0 receivesthedataandawakestherequestingthreadfor
continuingits work.

In this approachthecommunicationthreadis designedto handletheentirecommunicationneeds.
Slightly modifiedschemesarepossibleandareintroducedin thenext subsection.

3.4 Modified communicationprotocol

A modificationof the communicationprotocol is to split the stepsof communicationbetween
worker threadsandcommunicationthreadof thesamenode.Figure2 illustratesdifferentpossible
communicationschemes.

Node0 Node1 Node0 Node1 Node0 Node1 Node0 Node1

CT

WT

CT
����1

2

34

a)

CT

WT

CT
�

&�1

2

3

b)

CT

WT

CT'
&

2

3

c)

CT

WT

CT
'��

4

3

2

d)

Figure 2: Simplified illustration of possible communication schemes only showing one worker
thread (WT) of Node 0 involved in the communication and the communication threads (CT) of
Node 0 and Node 1.

Thefirst communicationschemea) is identicalwith theschemeproposedin Figure1. Thecircled
numberscharacterizethedifferentstepsto execute.Figureb) shows a direct receive of requested
databy therequestingthread.Thisforcestheworkerthreadto wait actively for themessage.Figure
c) reducesthe communicationto step2 and3 andalsorequiresactive waiting of the requesting
worker thread. Communicationschemed) avoids the additionalsynchronizationof schemea)
andactive waiting of schemesb) andc) by introducinga direct requestfrom the worker thread
requiringremotedata. In communicationschemed), a threadthat needsnon-localdatasendsa
directrequestto thecorrespondingnodeandwaitspassively for reply. Thecommunicationthread
of theremotenodereceivestherequestandsendsthedataback.Thecommunicationthreadof the
localnodereceivesthedataandsignalsthewaitingworker threadthatnon-localdataareavailable.
Experimentshaveshown thatthis schemeleadsto thebestperformance.

3.5 Implementation details

Programsfor taskpool teamsarewritten in anSPMDstyleandeachclusternoderunsthesame
SPMD program. The programfor a nodehasa task-orientedstructureandusesa taskpool for
processingthetasksasdescribedin Section2. Additionally, theprogramcodecontainsMPI com-
municationoperations.In the following we give detailedinformationaboutthe communication
andsynchronizationof workerandcommunicationthreadsaccordingto thedescribedprotocold).
During theprocessingof tasksworker threadscancall MPI operationsinitiating acommunication
process(Figure2, step2). Therearetwo mainstepswhichhaveto beperformed.At first thesend-
ing of therequestandsecondlythewaiting for thereply. Thefollowing codefragmentillustrates
thefirst step:
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tag = create_tag(message_type, thread_id);

pthread_mutex_lock(communication_lock);
MPI_Isend(buffer, count, type, destination, tag, communicator, request);
pthread_mutex_unlock(communication_lock);

Tagsareintegervaluesusedby theMPI communicationoperationsto identify a message.We use
themfor theuniqueidentificationof worker threadswithin thecommunicationschemeandfor the
transmissionof the messagetype. The lower bits of the tag containthe identifier of the thread
initializing thecommunicationprocess.Theidentificationof worker threadsis necessarybecause
the communicationthreadof the sameprocesshasto distinguishthe incomingdatain order to
assignthemto worker threads.Thehigherbits of the tagrepresentthe typeof themessage.The
messagetypeindicatesthecommunicationthreadwhich actionit hasto perform.Theapplication
programmerhasto defineauniquetypefor eachspecificaction.
Dueto themissingthread-safetytheactualsendoperationhasto beprotectedby alock (pthread
mutex lock, pthread mutex unlock). MPI Isend is a non-blockingoperationfor sending
thedatalocatedin buffer of lengthcount andtypetype to theprocessdestination. (The
communicator denotesthesetof processorsableto receive themessageandrequest servesfor
theidentificationof theoperation.)After sendingtherequesttheworker threadwaitspassively for
reply:

pthread_mutex_lock(wait_lock[thread_id]);
while(!received[thread_id])

pthread_cond_wait(wait_cond[thread_id], wait_lock[thread_id]);
received[thread_id] = 0;
pthread_mutex_unlock(wait_lock[thread_id]);

/* ... read the requested data out of buffer[thread_id] ... */

The Pthreadlibrary providespthread cond wait for passive waiting. This function usesthe
conditionreceived[thread id]. As longasthisconditionis not truetheworker threadblocks.
If therequesteddataareavailabletheworker threadis awakedby thecommunicationthreadwhich
hasset the conditionvariabletrue. That meansthe worker threadleavesthe loop andaltersthe
conditionto falsefor thenext use.Theentiremechanismhasto beprotectedby a lock to prevent
theconcurrentmodificationof theconditionvariableby theworkerandthecommunicationthread.
Therequesteddataarestoredin thebuffer denotedby buffer[thread id].
Sincetherearemultiple worker threadscapableof sendingrequeststhe variableswait lock,
wait cond, received aswell asthebuffer buffer for therequesteddatahave to beavailable
for eachworker threadexclusively. Thereforewe chosearraysfor eachvariableindexed by the
worker threadidentifierthread id.

Thecommunicationthreadreceivesincomingmessages(Figure2, steps2 and3) andperformsthe
correspondingactions.It workson a functionwith a predeterminedstructure.Thefollowing code
fragmentgivesanoverview of thatfunction:

int receive = 0;
MPI_Status status;

while(1) {
pthread_mutex_lock(communication_lock);
MPI_Iprobe(MPI_ANY_SOURCE, MPI_ANY_TAG, MPI_COMM_WORLD,

&receive, &status);
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pthread_mutex_unlock(communication_lock);

if(receive != 0) {
thread_id = extract_id(status.MPI_TAG);
message_type = extract_type(status.MPI_TAG);
switch (message_type) {

case TYPE_1: /* ... */
case TYPE_2: /* ... */
/* ... */
case TYPE_n: /* ... */

}
}

}

MPI Iprobe checksfor incomingmessagesof any origin (MPI ANY SOURCE) with any tag(MPI
ANY TAG) within a setof all processes(MPI COMM WORLD). Thecommunicationthreadhasto dis-
tinguishbetweentwo classesof messages.On theonehandmessageswhich requestdata(Figure
2, step2) andontheotherhandmessageswhichcontainrequesteddata(Figure2, step3). Thefirst
classrequiresthe sendingof the requesteddatabackto the origin of the received message.The
secondonerequiresthecompletionof thecommunicationprocess:

pthread_mutex_lock(communication_lock);
MPI_Recv(buffer[thread_id], count, type, status.MPI_SOURCE,

status.MPI_TAG, MPI_COMM_WORLD, &status);
pthread_mutex_unlock(communication_lock);

pthread_mutex_lock(wait_lock[thread_id]);
received[thread_id] = 1;
pthread_mutex_unlock(wait_lock[thread_id]);
pthread_cond_signal(wait_cond[thread_id]);

At first themessageis received in thebuffer buffer associatedwith theworker threadidentifier
thread id. The variablestatus containsnecessaryinformationlike the origin andthe tag of
the messageto receive. After that the condition is set true and the worker threaddenotedby
thread id is awakedby thefunctionpthread cond signal (Figure2, step4).

4 The traveling salesmanproblem

We chosethe traveling salesmanproblem(TSP)asa lesscomplex irregular examplein orderto
illustratethe conversionof a sequentialprograminto our hybrid programmingmodel. We have
concentratedon theconversionprincipleratherthancreatingthemostefficient implementation.

TheTSPis aminimizationproblemwhichfindstheshortestcircularpathin aweighted,undirected,
andconnectedgraph (*),+.-  #/10 with asetof edges

/
andasetof nodes- . A graphis:

undirected if 2 
 )32 � for each2 
! 2 �546/
with 2 
 ),+87  :9;0 , 2 � )<+ 9= 7 0 and7  >9?4 - .

connected if theedge2@),+8A 
! A �B0 existsfor eachnodeA 
� A �54 - , A 
@C)%A � .
weighted if a costfunction DFE /HG IKJ

existsassociatingeach2 46/
with a naturalnumber.

A circularpathis a setof edgeswhich links all nodesof ( in a circle containingeachnodeonly
once.Thecostof a circularpathis thesumof edgeweights.Thecircularpathwith minimal cost
is theshortestcircularpath.Figure3 illustratestheTSPfor a graphwith four nodes.



4 THE TRAVELING SALESMAN PROBLEM 11

3 2

0 1

1 2

7

3

2 5

L%M �ON ��PO��QO��R �STM �OUVN ��PBWX� UXN ��QOWV� UXN ��RBWX� U PO��QOWX� U PB��ROWV� U QO��RBW �
Y!Z$[X\^]`_�\ba#ced M

f R g PR f Q Qg Q f hP Q h fi;Z#[j[Xc�k!lnmoY.ceapYbqrln_�asit_u\!v;[ M �BUXN ��PO��QO��RO� N WX� UXN ��QO��RO��PB� N WX� UVN ��QO��PB��RB� N W �[jv;Z>a#\�mj[X\wYbcxayY.qrln_uaoi;_u\!v M UXN ��QO��PO��RB� N W
Figure3: The traveling salesman problem for 4 nodes

The TSPis NP-complete.That meansmost likely thereis no algorithmto resolve the problem
within polynomialtime. Thesimplestway to determineasolutionis enumeration.A graphwith �
nodeshas +z�|{ � 0�}K~^�

possiblepathsto test.Dueto thisrapidlygrowing numberof possibilitieswith
an increasingnumberof nodesonly small problemscanbe solved with this methodin adequate
time.

4.1 Sequentialimplementation

Wehaveimplementedabacktrackingalgorithm(basedontheenumerationprinciple)whichserves
asstartingpoint for thedevelopmentof thedistributedtask-orientedvariant. Backtrackingalgo-
rithms regard a treelike solutionspaceandtry to find the solutionstepwise.Eachincorrectstep
will becancelled.
Figure4 showsthesolutionspaceof theTSPfor agraphwith threenodes.Ouralgorithmsearches
the treeby depthsearchandstoreslocal minima. In orderto reducethenumberof treenodesto
visit, the algorithmcuts the brancheswhich containedgesconnectinga nodeof the graphwith
itself. Furthermoreall pathswith a costexceedingthe currentminimum or containingmultiple
circlesarerejected.Thefollowing C-codefragmentillustratesthe functionalityof thesequential
algorithm:

int n; /* number of graph nodes */
int path[n], cost, node;
int res_minimum = MAXINT, res_vector[n]; /* solution */

search(int *path, int cost, int node) {

determine_path(path, node);
if(valid_path(path)) {

determine_cost(path, cost);
if(cost < res_minimum) {

if(check_for_circular_path(path))
copy_to_result(path, cost);

else
for(node=0; node<n; node++)

search(path, cost, node);
}

}
}

Beginning from the root of the treespanningof the solutionspacethe function search is per-
formedrecursively. It determinesthepath(determine path) andthecost(determine cost)
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up to thecurrentnode. If this pathis valid, thatmeanseachvisitedgraphnodeoccursonly once
(valid path), andthecurrentcostis lessthanthecurrentminimumwe cancheckfor a circular
path. The functioncheck for circular path performsthatby testingif eachgraphnodeoc-
cursonly onceandin asinglecircle. A positive testindicatesthatanew minimalcircularpathhas
beenfound. A negative testforcesthe resumptionof the searchby investigating the children(if
existing) of thecurrenttreenode.
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Figure4: Solution space for a graph with 3 nodes. The dashed boxes mark rejected paths. There
are two identical solutions: (0,1,2,0) and (0,2,1,0).

4.2 Parallel implementation

We have implementeda parallelversionfor distributedmemoryby allocatingsubtreesto cluster
nodes.The functionsearch is usedwithout changes.The exchangeof final resultsis realised
with MPI operations.Theruntimeof this implementationis determinedby two main factors:on
theonehandthemissingloadbalanceandontheotherhandthemissingexchangeof localminima
betweenclusternodesduring the computation. Both problemscan be solved with our hybrid
programmingmodel.We decidedto formulatethefunctionsearch astaskandchangethename
to search task. Thustheresultingcodelookslike asfollows:

int n;
int res_minimum = MAXINT, res_vector[n];

typedef struct argument {
int path[n];
int cost;
int node;

} arg_t;

search_task(arg_t *arg_old) {

arg_t *arg = (arg_t *)malloc(sizeof(arg_t);

arg->path = determine_path(arg_old->path, arg_old->node);
if(valid_path(arg->path)) {

arg->cost = determine_cost(arg->path, arg_old->cost);
if(arg->cost < res_minimum) {

if(check_for_circular_path(arg->path)) {
lock;
copy_to_result(arg->path, arg->cost);
send_to_all(arg->cost);
unlock;
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}
else

for(arg->node=0; arg->node<n; arg->node++)
tp_put(search_task, arg);

}
}

}

The generalstructureof the function is preserved. The recursive part is substitutedby a task-
orientedstructure.Thatmeanstheoriginalparametersfor search likecost, path, andnode are
wrappedin thestructureargument andthememoryfor thatstructurehasto beallocated(mal-
loc) for eachfunction call of search task. tp put insertsthe new task(the function andits
arguments)in the task pool. Becausethereare no datarequeststhe communicationschemeis
simplified. The functionsend to all performsthe sendingof locally calculatedminima to all
otherclusternodes.Thecommunicationthreadreceivesthedataandmakesthemavailablefor the
worker threads.Theprocessof copying calculatedresults(copy to result) to thesolutionvari-
ableshasto beprotectedby a lock becauseseveralthreadscanperformthisprocessconcurrently.

Thegranularityof taskshasmaininfluenceon runtime.Frequentinsertingandremoving of tasks
causedby small taskscanincreaseruntime.For this TSPexampleit is beneficialto take branches
or partsof branchesof the searchtreeto form onetask. The parallelexecutioncombinedwith
theexchangeof locally calculatedminimareducesthenumberof branchesto searchenormously
(comparedwith thesequentialimplementation).For thatreasonthespeedupvaluesareextremely
largeandwedonot presentthem.

5 The hierarchical radiosity algorithm

The hierarchicalradiosity algorithm (HRA) representsa complex irregular algorithm requiring
dynamicloadbalancingfor achieving anefficientparallelizationandthusis suitablefor testingtask
pool teams.The next subsectionsgive a shortintroductionto the HRA andprovide information
aboutapplication-specificadaptationsto reducecommunication.

5.1 The hierarchical radiosity algorithm

Thebasicradiosityalgorithmis anobserver-independentglobalilluminationalgorithmfrom com-
putergraphicsto simulatediffuselight in three-dimensionalscenes.Thealgorithmusesageomet-
ric description(input polygons)of the scenewith valuesof light emissionandreflectioncoeffi-
cients.Theinputpolygonsaredividedinto smallerpatchesor elementsfor whichradiosityvalues1

arecomputed.Theradiationpowerof theoverall systemis modeledby theequation

�F�b���
 ) / �b���� �`� �
�
��� 
�� � ��:�

� � � ��:���

 7�) �  $"�"�"K � (1)

1radiosity= radiationpertime andsurfaceunit.
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1 radiationpowerof surfaceelement� 3 incidentradiationpower from otherelements
2 emissionof surfaceelement� 4 diffusereflectionof radiationpower incident
3a form factor from otherelements
3b radiationpowerof surfaceelement�

In this system
�F�

is theradiosityvaluefor element7 , ��� is thesurfaceareaof element7 , and
/ �

is
theemissionper time andsurfaceunit of element7 , 7�) �  $"�"�"K � . Theparameter� is thenumber
of surfaceelementsanddeterminestherefinementlevel of thedivisionof thesurfacepolygons.A
large � causesahighqualityof thesceneandincreasesthecomputationaleffort considerably. The
form factor � � � describestheportionof light energy incidenton anelementfrom anothersurface
element. The computationof form factorsis the most expensive part of the algorithm sinceit
involvesvisibility testsandthecomputationof doubleintegrals.Equation1 hasto besolvedwith
adirector aniterative method.

In orderto decreasethecoststhenumberof form factorsis reducedwith a hierarchicalapproach.
Thecomputationof form factorsis basedon thebasiclaw for thetransmissionof radiation.That
meansthe energy exchangedbetweenelementsis decreasingquadraticallywith the distanceof
theseelements.This fact makes it possibleto performlessexact computationsfor remotesur-
faceelementswhile gettinggoodrealisticresults.Thehierarchicalapproachresultsin anuneven
division of input polygonsinto patchesor elementsasillustratedin Figure5. After finishing the
algorithmtheentiresceneis representedby asetof quadtreeswith onetreefor eachinputpolygon.
The leaf elementsof all treesrepresentthe surfacesto displaybut all levels of the quadtreesare
requiredfor computation.

Quadtree of the subdivision of input polygon q

input polygon q

leaf patches

internal patchwith

area  Ai and

radiosity value Bi

Figure5: Uneven subdivision of input polygons and representation as quadtree

Thesubdivisionof asurfaceelementdependsonits sizeandontheportionof energy incidentfrom
otherelements.Therefinementprocessstopsif a minimal sizeis reachedor the form factorsfor
two interactingelementsaresmallenoughto createa realisticscene.Due to the fact thatdistant
elementsexchangelessenergy thanelementssituatedcloseto eachotherthe interactionof those
elementstakesplaceon higherlevelsof the tree. Neighboringelementsinteractat leaf level. To
storethediverseinteractionpartnerseachpatchor elementrepresentedby a quadtreenodeowns
an interactionlist which containspointersto thoseelementsproviding portionsof light energy.
The interactionlists arechangeddynamicallydueto the dynamicrefinementof patchesdepend-
ing on the specificgeometryandenergy situation. Figure6 illustratesthe two possiblecasesof
refinement:If theareaof element� is largerthantheareaof element� , then� is subdivided,if not
alreadydone,into four smallerelementswith new interactionlists containingpointersto element
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� . Theold interactionto � is invalid. Theright sideof Figure6 shows thesecondcasewherethe
old interactionto � hasto bedeletedandfour new interactionsareinsertedin theinteractionlist of� .

For all patches q of interaction list I(p) with

area(p)  >  area(q)

p

I(p)

delete q

insert

For all patches q of interaction list I(p) with

area(p) <  area(q)

p

I(p)

delete q

insert

Figure6: Subdivision of surface elements and required changes in the interaction list I(p).

5.2 The radiosity implementation of the SPLASH-2benchmark suite

The SPLASH-2benchmarksuitecontainsan implementationof the hierarchicalradiosityalgo-
rithm with taskpoolsfor sharedmemory. TheHRA computestheradiosityvaluesby aniterative
methodfor solvingthesystemof equationswith top-downandbottom-uppassesoverthequadtrees
accessingdataaccordingto the interactionlists. We startedwith the purethread-basedprogram
versionmodifiedby [12] andfurthermodifiedfor Pthreadswithin thescopeof [11]. Furtheradap-
tationswerenecessaryfor the useof our specifictaskpoolsandfor the integrationof the entire
communicationstructurefor the taskpool teams.Theseadaptationsareintroducedin subsection
5.3.

TheHRA createstasksof five differenttypeswhich areexecutedin threephases.Thefirst phase
performsinitializationslike thebuilding of aBSPtreefor visibility computationsandthecreation
of quadtreerootsandtheir interactions.The last phasedealswith thesmoothingof thesceneto
improve thequality. Themostcomplex phaseis thesecondonein which thesystemof equations
is solved iteratively by theexecutionof ray andvisibility tasks.During theprocessingof theray
tasksfor eachquadtreeroot more tasksarerecursively createdfor all child nodesuntil the leaf
levelsof thequadtreesarereached.Thentheradiosityvaluesarerecalculatedfor innernodesand
therootnodesof thequadtreesin abottom-uppassover thetree.

In particularthefollowing stepsareperformedwithin araytask.At first therefinementof elements
is doneby a passover the interactingelements.If elementsof the interactionlist arerefinednew
interactionsareinsertedin thelist. Thatmeansthevisibility factorsarenotyetcalculatedfor those
new elements.For that reasona ray taskcreatesa visibility task. A visibility taskcomputesthe
missingvisibility factorsandafterwardsit performsthesameactionsasa ray task.Thisprocessis
recursive andstopswhenno refinementstake placeanymorewithin a task. If all visibility factors
are calculatedthe radiationcan be gatheredand passedon to the children. If the leaf level is
reachedthebottomuppassof thetreestarts.

5.3 Application-specificoptimizations

We have alsomodifiedthe HRA implementationof the SPLASH-2benchmarksuitefor the us-
ageof taskpool teams.In orderto make the algorithmmoreefficient several optimizationsand
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techniqueshavebeenexamined:

1. dummydatastructuresfor remotedata(softwarecache),
2. initial distributionof data,
3. detectingredundantcommunication,
4. combiningrequests.

Althoughtheimprovementsareapplication-specific,thebasicideascanbeappliedto otherirreg-
ular algorithms.

5.3.1 Dummy data structur esfor remotedata

In thedistributedalgorithmthepatchesor elementsandthecorrespondingquadtreesaredistributed
over thedifferentaddressspacesof theclusternodes.Accordingly, theinformationin theinterac-
tion listsmightpoint to remotedata.Thus,thecomputationof radiosityvaluescancauseirregular
communicationsinceradiosityvaluesof otherelementsstoredin non-localaddressspaceshave
to be madeavailableby messagepassing.Becausenon-localdataaccesswith message-passing
takesusuallymuchmoretime thanlocal memoryaccessandin mostcasesthe sameelementis
neededagain in subsequentcalculationswe usea balancedbinarytreeto storenon-localinforma-
tion which allows easyandfastaccessby any threadof theprocess.A nodeof thetreeconsistsof
adatastructurewith thetypedummy tree type.

typedef struct dummy_tree {
long global_pointer;
Element *local_pointer;
short balance;
struct dummy_tree *left, * right;

} dummy_tree_type;

dummy_tree_type *search_dummy(long global_pointer, int rank);
void insert_dummy(long global_pointer, int rank);

Eachnodecontainsinformation necessaryto managethe tree, like pointersto the left and the
right sonandabalancevaluefor reorganizationandinformationof theelementrepresentedby the
treenodelike global pointer, which denotesthe actualmemoryaddressof the element,and
local pointer, whichpointsto thedatafor this elementat thelocaladdressspace.
Becauseof thedistributedaddressspaceof non-localprocessesmemoryaddressesarenotunique.
Soaseparatetreeexistsfor eachremoteprocess.Thefunctioninsert dummy allowstheinsertion
of dummiesin a treeidentifiedby rank. global pointer servesaskey to determinethecorrect
positionin thetree.Thefunctionsearch dummy returnsa pointerto a dummyelementidentified
by thekey global pointer. Thecorrectnessof datais guaranteedby refreshingdatain eachstep
of the iterative solutionmethod.Our experimentshave shown that this softwarecacheapproach
leadsto efficiency gains.

5.3.2 Initial distrib ution of data

Althoughtheaccessbehavior for irregularalgorithmsis hardlypredictable,in somecasesusefulin-
formationcanbeextractedfrom inputdata.For theHRA it is possibleto grouptheinputpolygons
accordingto its mutualvisibility. If two polygonsaremutually invisible thereis no exchangeof
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energy betweenthemandanassignmentto differentnodesis advantageous.We have investigated
the runtimeof the HRA with several simpledistribution strategieswhich actually leadto lower
communication.Unfortunately, this reductionof communicationwasassociatedwith a heavy im-
balanceof computationalwork. Thusthe bestruntimeresultsareachieved with a regular cyclic
assignmentof initial polygonsto thephysicalprocessors,althoughthenumberof communications
wasnotminimized.

5.3.3 Detectingredundant communication

Eachworker threadcomputesradiosityvaluesfor elementsusingdatafrom interactinglocal and
non-localelements.In mostcasesnon-localdataareavailablein thedummydatastructures.How-
ever, the refinementof a non-localelementcausedby ray tasksrepresentsan exceptionalcase
becausetherefinedelementsareonly presentin thememoryof theownerprocess.If two threads
of thesameprocessinitiatedtherefinementprocessfor thesamenon-localelementconcurrently,
redundantcommunicationwould occur. We have implementeda mechanismwhich initiates a
communicationof only onethreadandblocksany otherthreadrequiringthedatauntil thespecific
dataareavailable.Theunderlyingstructureis a smallarrayfor eachtaskpool containingall cur-
rently requestedelements.Thismechanismrequirestheextensionof thedummydatastructureby
four pointersto the child dummiesof that element. If a non-localelementis not refined(or the
dataarenot yet available) the pointersareNIL. The following codefragmentshows the refine-
mentmechanismfor remoteelements.To simplify thecodewe have omittedthelock andunlock
functions.

/* ... */
if(register_element(dummy->global_pointer, array[rank])) {

while(dummy->child_1 == NULL)
pthread_cond_wait(cond[rank], lock[rank]);

return;
}
else {

/* ... send the request and wait passively ... */
/* update the pointers dummy->child_1 .. dummy->child_4 */

remove_element(dummy->global_pointer, array[rank]);
pthread_cond_broadcast(cond[rank]);

}
return;

Before initiating a communicationeachthreadchecksthe array denotedby array[rank] for
the neededelementwith the functionregister element. If the elementis alreadyregistered
(register element returns1) the threadblocks. Otherwiseit addsthe neededelementto the
arrayandstartsthecommunicationprocessby a request.Thethreadactuallysendingtherequest
deletesthe elementfrom the arraywith the function remove element andawakesall waiting
threads(pthread cond broadcast) after the requesteddataareavailable. Thereareat most
asmany entriesasworker threadsper taskpool andso thesearchfor elementsin thosearraysis
cheap,especiallywhencomparedwith communication.

5.3.4 Combining requests

In orderto reducecommunication,requestscanbe collectedandsendasa singlemessage.The
HRA offerstwo obvioussituationsfor thecombinationof requests:
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a.) Thepreliminaryradiosityvaluesfor elementscomputedat onenodewithin oneiterationstep
are immediatelyaccessiblefor local threads. New valuesof non-localelementsareexchanged
betweennodesat the endof an iterationstepratherthanimmediately. This algorithmicchange
resultsin slight changesof theconvergencerate.
b.) During the computationof the radiosityvaluesof an elementeachinteractingelementis in-
vestigatedfor locality. If therearenon-localinteractingelementsthey areaccessedseparately.
Theaccessto interactingnon-localelementssituatedin theaddressspaceof thesameprocesscan
becombinedbecauseall interactingnon-localelementsarealreadyknown at thebeginningof an
iterationstep.

6 Experimental results

Thissectionpresentssomeof ourexperimentalresultswith thehierarchicalradiosityalgorithm.As
examplesceneswe usea.) ”largeroom”(532initial polygons),b.) ”hall” (1157initial polygons),
andc.) ”xlroom” (2979initial polygons).Themodels”hall” and”xlroom” weregeneratedby [12].
”Largeroom”belongsto theSPLASH-2benchmarksuite[20]. We have investigatedthetaskpool
teamson two architectures:the ChemnitzerLinux Cluster(CLiC), a Beowulf clusterconsisting
of 528 Intel PentiumIII processorswith 800MHz andrunningLinux. CLiC hasa FastEthernet
network. SB1000is a small 4x2 SMP clusterof SunBlade1000with 750 MHz UltraSPARC3
processors.Theoperatingsystemis Solaris.SB1000usesSCI.

Figures7 and8 show theresultsof aprogramrunof theHRA ontwo processors.Thefinal illumi-
natedscenesillustratethedistribution of work betweendifferentclusternodesandcorresponding
taskpools.

Figure7: Results of the distributed computation of the HRA for the scene ”hall” on two nodes

Figure9givesruntimesdependingonthenumberof threadsandthenumberof processors(of CLiC
andSB1000)of theHRA usingthescene”xlroom”. Thefigureshows that therearedependences
of the runtimeon the numberof processorsaswell ason the numberof threads.Thereforewe
presentall runtimeandspeedupmeasurementswith regardto threadsandprocessors.Thespeedup
valueshavebeencomputedusingtheimplementationwithoutcommunicationthreadandwith only
oneworker thread.

AlthoughCLiC hasonly oneCPU per clusternodethe usageof only two threadsper node(one
worker threadandonecommunicationthread)is not reasonablesincean increasingnumberof



6 EXPERIMENTAL RESULTS 19

Figure8: Results of the distributed computation of the HRA for the scene ”xlroom” on two nodes

threadsleadsto betterspeedupsastheFigures10 and11 show. This fact is causedby thecompe-
tition betweenthreadsfor processingtime. For a largenumberof threadsperprocesstheallocated
time for the communicationthread(which mostly performsunsuccessfulchecksfor incoming
messages)is reduced.Also, the wastedtime dueto blocking worker threadsis minimized. Our
experimentshave shown that theefficiency convergesfor an increasingnumberof threads.If the
numberof workerthreadsis toohighadecreasingof speedupvaluesis possible,becauseincoming
messagescannotbereceived fastenough.Figure12 shows thespeedupvaluesdependingon the
numberof threadsfor thesmallestmodel”largeroom”onCLiC. Especiallyfor threeandfour pro-
cessorsthespeedupresultsarelessregular thanfor themodels”hall” and”xlroom” (seeFigures
10, 11). This is causedby the small numberof initial polygonsfor eachclusternodecompared
with theirregularcommunicationrequirements.
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Figure9: Runtime for model ”xlroom” on CLiC and on SB1000



7 RELATED WORK 20

Becauseall threadshave to competefor two processorsof eachclusternodethedependencebe-
tweenspeedupandnumberof threadson theSB1000is similar to theresultsof CLiC. Figures13,
14and15illustratethis factfor differenttaskpoolversionsandfor differentnumbersof processors
simulatingthemodels”xlroom”, ”hall”, and”largeroom”.

Thetaskpool teamscomputingthemodel”largeroom”achievedifferentruntimeswhenusingdif-
ferenttaskpool variants. In mostcasescomputingthe model”largeroom”,the centraltaskpool
or thedistributedtaskpool with thesecondstealingmechanismst2 (taskstealingwith threshold
values)hasbetterspeedupsthanthe otherdistributedtaskpools. This fact resultsfrom a better
loadbalancebetweenthethreadsof oneclusternode.Thedistributedtaskpoolstp fifo andtp lifo
(without taskstealing)donotbalanceloadverywell andthestealingmechanismst (stealingwith-
out threshold)wastestoomuchtimewhentrying to stealfrom almostemptyqueues.For thelarger
models”hall” and”xlroom” theruntimesfor differenttaskpoolsdiffer only slightly. It seemsthat
loadimbalanceswithin oneclusternodehardlyaffect thetotal runtimebecauseof thelongover-all
runtimecomparedwith theidle timecausedby loadimbalances.

Theeffectof thetaskpoolversionsis illustratedagain in Figures16,17and18 for afixednumber
of 20 threadspertaskpool. For thesmallestmodel”largeroom”thebestspeedupscanbeachieved
with thest2 taskpools. Thespeedupvaluesare1.7 (2), 2.5 (3), 2.7 (4), 3.4 (5), 3.7 (6) for CLiC
and3.7 (4), 5.4 (6), 5.9 (8) for SB1000. (The numbersin bracketsare the numberof physical
processors.)For ”hall” the bestspeedupscanbe achieved on both platformswith the taskpool
tp fifost2: 1.7(2), 2.5(3), 3.2(4), 3.7(5), 4.4(6) for CLiC and4.0(4), 5.8(6), 7.4(8) for SB1000.
Thecentraltaskpool tp fifocenis best-suitedfor thelargestmodel”xlroom”. Thespeedupvalues
are1.7 (2), 2.5 (3), 3.2 (4), 3.7 (5), 4.4 (6) for CLiC and3.8 (4), 5.4 (6), 7.1 (8) for SB1000.
Dueto thelargenumberof tasksin proportionto thecommunicationthespeedupvaluesof ”hall”
and”xlroom” arebetterthanthevaluesfor thesmallmodel”largeroom”. Similarly an increased
numberof processorschangestheproportionin favor of communication.

7 Relatedwork

Thereareapproacheswhich dealwith theefficient parallelizationof irregularalgorithmsfor dis-
tributedmemoryfocusingon runtimeoptimizationsandespeciallyon communicationbehavior.
ThePARTI [18] andtheCHAOSlibrary [15] aredevelopedto supporttheimplementationof irreg-
ular problemsby runtimeprocedureson distributedmemory. Optimizationsarecarriedout espe-
cially for theruntimereductionof nestedloopsoverdistributedarrayswith theinspector/executor
model.This modeldeterminesthenecessaryarrayelementsin apreprocessingstepbeforetheac-
tual loopcomputationandprovidesthemby predefinedcommunicationoperations.Thisapproach
requirescompilersupportanddoesnot realizedynamicloadbalance.

Especiallyfor problemswith irregulargrid-baseddatastructuresloadbalancecanbeachievedby
partitioninginto blocks.Theaim is to obtainblocksof approximatelyidenticalsizewith minimal
interdependence.This problemknown asthegraphpartitioningproblemis NP-complete.There
aremany algorithmsto find solutionsfor that problem,which differ in quality of the produced
partitionsandtheconsumedtime. TheMeTis system[10] implementspartitioningalgorithmsfor
sparsematrix orderingandpartitioningof unstructuredgraphs.TheCHACO [9] softwarerealizes
severalpartitioningalgorithms.Theusageof partitioningalgorithmsis notusefulif thetimefor the
calculationof partitionsandfor repartitioningexceedsthetime savingsgained.Especiallyfor al-
gorithmslike theHRA thisapproachseemsto beunsuitable,becausethereis nostaticinformation
aboutthedevelopmentof thedatastructures.
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Figure10: Speedups for model ”xlroom” and task pools with FIFO access (left) and LIFO access
(right) on CLiC
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Figure11: Speedups for model ”hall” and task pools with FIFO access (left) and LIFO access
(right) on CLiC
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Figure 12: Speedups for model ”largeroom” and task pools with FIFO access (left) and LIFO
access (right) on CLiC



7 RELATED WORK 22

2

2.5

3

3.5

4

4.5

5

5.5

6

6.5

7

7.5

2 4 6 8 10 12 14 16 18 20

S
pe

ed
up�

Threads

Model "xlroom" on SB1000

"fifo_4_processors"
"fifost_4_processors"

"fifost2_4_processors"
"fifocen_4_processors"

"fifo_6_processors"
"fifost_6_processors"

"fifost2_6_processors"
"fifocen_6_processors"

"fifo_8_processors"
"fifost_8_processors"

"fifost2_8_processors"
"fifocen_8_processors"

2

2.5

3

3.5

4

4.5

5

5.5

6

6.5

7

7.5

2 4 6 8 10 12 14 16 18 20

S
pe

ed
up�

Threads

Model "xlroom" on SB1000

"lifo_4_processors"
"lifost_4_processors"

"lifost2_4_processors"
"lifocen_4_processors"

"lifo_6_processors"
"lifost_6_processors"

"lifost2_6_processors"
"lifocen_6_processors"

"lifo_8_processors"
"lifost_8_processors"

"lifost2_8_processors"
"lifocen_8_processors"

Figure13: Speedups for model ”xlroom” and task pools with FIFO access (left) and LIFO access
(right) on SB1000
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Figure14: Speedups for model ”hall” and task pools with FIFO access (left) and LIFO access
(right) on SB1000
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Figure 15: Speedups for model ”largeroom” and task pools with FIFO access (left) and LIFO
access (right) on SB1000
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Several systemsprovide implicit supportfor irregular applications,for example: Titanium [21],
PETSc[3] andTreadMarks[1]. TitaniumincludesaJava-basedlanguageandcompilerfor SPMD
programs.TreadMarksis aprogrammingenvironmentoptimizedfor irregulardataaccesses.Both
systemsmapa globaladdressspaceto distributedmemory. PETScprovidesdatatypesfor sparse
anddensestructuresandusesthe inspector/executormodelto decreasetime for communication.
Thesesystemshidethemixedmemoryorganizationfrom theprogrammer. They werenotdesigned
to createdynamicloadbalance.

Thereareseveralapproachesfor hybrid programmingof clusters.Mostof themtry to benefitfrom
the specialarchitectureof SMP clustersby overlappingcommunicationandcomputation.They
canonly beusedfor applicationswhich allow a strict separationof computationandcommunica-
tion phases.[2] introducesSIMPLE which providesuserlevel primitivesfor programmingSMP
clustersin additionto MPI operationsandPOSIXthreads.SIMPLE allows MPI for communica-
tion within theapplicationandPthreadsfor taskanddataparallelism.Threadscanonly beusedfor
datawithout dependence.Thereforetheusagefor irregularalgorithmsis restricted.NICAM [19]
is auserlevel communicationlayerfor SMPclusterswhichallowsoverlappingof communication
andcomputationin iterative dataparallelapplicationsby usingthreadsandmessagepassing.

An applicationspecificexamplewhich usesthreadsandremotememoryoperationson an SMP
clusteris presentedin [14]. This approachintroducestheparallelizationof sparseCholesky fac-
torization using threadsfor the parallel computationof blocks of the factor matrix and remote
memoryoperationsfor synchronizationof remotedataaccess.

Therearesomepackagesproviding threadson distributedmemory. In contrast,our approachis
entirely situatedwithin the applicationprogrammerlevel in order to provide a systematicpro-
grammingapproachto theprogrammerwithouthiding importantdetailsandimplicit loadbalance.
Nexusis a runtimeenvironmentfor irregular, heterogeneous,andtask-parallelapplications[5, 6].
The focus is moreon the realizationof the combinationon lower levels. Chant[7, 8] presents
threadscapableof direct communicationon distributed memory. This library useslightweight
threadlibrariesandcommunicationlibrariesavailableat thesystemused.

8 Conclusion

The parallel implementationof irregular algorithmson clustersof PCsor SMPsrequiresspecial
dynamicloadbalancingandorganizationof irregularaccesses.For thispurposewehavepresented
taskpool teams,a generalizedtaskpool approachsolvingbothproblems.Taskpool teamscom-
bine multithreadedprogrammingwith explicit communicationon applicationprogrammerlevel.
Theefficiency resultsaregoodonbothplatformsbut dependontheplatformandthespecificinput
data. We have chosenthe hierarchicalradiosityalgorithmastestprogramsincethis application
programis a very complex programcombiningmany characteristicsof irregularalgorithms.The
experimentson CLiC andSB1000have shown that the approachis suitablefor efficient paral-
lelization.

The taskpool teamapproachis entirely embeddedin the applicationprogrammerslevel so that
characteristicsof the applicationprogramcanbe exploited. The userinterfaceis an easy-to-use
taskpool API for SMPnodesandstandardMPI SPMDprogrammingwith remoteaccesses.But
still theapplicationprogrammerhastheview onthephysicallyhybrid systemandcaninfluencethe
behavior of thetaskpool teamby pickingdifferenttaskpoolversionsor startingdifferentnumbers
of threadsperpool.
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Figure16: Speedups with 20 threads for model ”xlroom” on CLiC and on SB1000
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Figure17: Speedups with 20 threads for model ”hall” on CLiC and on SB1000
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Figure18: Speedups with 20 threads for model ”largeroom” on CLiC and on SB1000
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