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Abstract

The characteristicsof irr egular algorithmsmale a par-
allel implementatiordifficult, especiallyfor PC clustess or
clustes of SMPs.Thesecharacteristicsmayincludean un-
predictableaccesshehaviorto dynamicallychangingdata

structules or strong irregular coupling of computations.

Problemsare an unknownload distribution and expensive
irregular communicatiorpatternsfor dataaccesseandre-
distributions. In this paperwe proposetaskpool teamsfor
implementingirr egular algorithmson clustes of PCs or
SMPs.A taskpool teamcombinegnultithreadedprogram-
mingusingtaskpoolson singlenodeswith explicit messge
passinghetweerdifferentnodes Asapplicationexamplewe
usethehierarchical radiosityalgorithm.

1 Intr oduction

Irregularity of algorithms may be causedby differ-
entcharacteristicéncluding unpredictableaccesseto data
structuresiueto sparsityor dynamicchangesyaryingcom-
putationaleffort becauseof refinementor adaptvity, and
irregular dependenciebetweencomputations. Examples
aresparsdinearalgebramethoddik e sparseCholesly fac-
torization,grid-baseccodeswith dynamicrefinementdike
adaptve FEM, or hierarchicalalgorithmslike the fastmul-
tipole or hierarchicalradiosity algorithm. Although most
hierarchicalandadaptve algorithmshave beeninventedto
save computationtime while still gettinga good solution,
thereis still needfor a parallel implementationsincethe
computatiortimefor thosemethodscanbequitelargewhen
realisticproblemsareconsideredThe computationathar
acteristicsof irregular algorithmscan be different, but all
irregular algorithmshave in commonthat the actual pro-
grambehaior of a specificprogramrun strongly depends
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on the specificinput dataof the program. Thus, not much
informationis staticallyavailableandstaticplanningof par
allelismis difficult. Especiallywhenanirregularalgorithm
has unpredictablyevolving computationalWwork, dynamic
load balanceis requiredto employ all processorsvenly.

For sharedmemoryplatformsthe conceptof taskpools
canbeusedto realizedynamicloadbalance Thebasicidea
is to managetasksin a specialglobal datastructurecalled
taskpool, seee.g.[4]. Eachprocessorcantake tasksfrom
the poolandaddnew tasksto the pool until theentirecom-
putationis done. Task pool implementationgor dynamic
load balancehave beenpresentedn e.g.[13, 16]. Detailed
investigationof differentversionsaregivenin [11].

For distributed memory machinesthereis a closecon-
nection betweendynamic load balanceand communica-
tion sincea redistritution of work at runtime canonly be
achiezedwith messag@assing For anefficientparallelim-
plementatiora trade-of betweerdecreaseduntimedueto
balancedoadandincreaseduntimedueto communication
overheadhasto be found. Furthermorethe unpredictable
accesdehaior forcescommunicatiorfor the exchangeof
datastructures.

This paperintroducesthe realizationof irregular algo-
rithmson PC clustersor clustersof SMPs(symmetricmul-
tiprocessorsyith a new approachcalledtask pool teams
A task pool teamcombinesthe conceptof task pools for
load balancingon individual nodeswith explicit communi-
cationfor irregularly occurring,remotedataaccessesWe
have implementedask pool teamson top of the Message
Passinginterface(MPI) andPOSIX ThreadgPthreads)al-
thoughthe conceptis moregeneral. Thus,theresultingim-
plementatiorof anirregularalgorithmwith taskpoolteams
is entirely realizedon the applicationprogrammerdevel.
Theadwantagés thatthe mechanisnof taskpoolteamscan
be usedfor an efficient parallelimplementatiorwhile the
applicationprogrammeircanstill exploit algorithmspecific
propertiesxplicitly.

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



trary taskgraphsor arbitrary dynamicdatastructures.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 algorithmsmentionedabore. Data are orga-
nizedin dynamicallygrowing quadtreesand computations
areguidedby varyinginteractionshetweemodesof those
guadtreesTheresultingparallelalgorithmis testedon two
platforms,a Beawulf cluster(CLiC) andaclusterof SMPs.

We haveimplementedseveralvariantsfor taskpoolsand
experimentedwith different approachegor the combina-
tion with communicatiorto form task pool teams.Special
carewastakento designthecommunicatioormechanisnie-
tween remotethreadsrunning on different cluster nodes.
Generalproblemsare the absenceof thread-safecommu-
nicationin the implementationervironmentor a potential
of deadlockgor blockingcommunicatioroperationsn ir-
regularthread-basegrograms.

The paperis structuredas follows: Section2 presents
conceptsand realizationsof task pools. Section3 intro-
ducesthetaskpool teamapproach Section4 describeghe
hierarchicalradiosity algorithm (HRA) and discussespe-
cial requirementsand adaptationsvith regardto the task
pool teamrealization. Experimentsand measurementare
presentedh Sections. Section6 discusseselatedwork and
Section7 concludes.

2 Taskpoolsfor shared memory

For the implementationof task pool teamswe assume
thefollowing basicprogrammingmodelonacluster: There
is one processunningon eachclusternode,which canbe
a one-processomachineor an SMP with several proces-
sors. A procesonsistsof avirtual addresspaceandone
or morethreadsf controlwhich areexecutedby timeshar
ing onthe processorsf the node. Theinteractionbetween
processesunningon differentnodeswith differentaddress
spacess realizedby explicit messagepassing. The task
pool teamapproachconsidergask poolsfor clusterswith
onetaskpoolfor eachclusternode.

This sectionpresentghe task pool conceptfor a single
clusternode. The actualcombinationof task pools with
messageassingand specific stratgies for implementing
taskpoolteamdor entireclustersareintroducedn the next
section.

2.1 Generalapproach

Application programgealizedwith taskpoolsarestruc-
turedinto a setof interactingtasks. Eachtask consistsof
a well-definedsequencef commandften capturedin a
function or procedureto be executedby a single threadof
the process. The commandscan include the creationof

child taskswhich canlaterbe executedby adifferentthread
of the sameprocess. Although the task creationand exe-
cutionis codedwithin theimplementatiorof thealgorithm,
eachrun of a specificprogrammay actuallycreatea differ-

enttaskgraph,especiallyfor irregularalgorithms.

A taskpoolis a shareddatastructureto storeandman-
agethe taskscreatedor onespecificprogram.All threads
of the processhave accesgo thetaskpool of thatprocess.
They extract tasksfrom the pool for executionandinsert
tasksinto thetaskpoolif thecurrentlyexecutedaskcreates
new child tasks.Thecooperatiorof taskspossiblyexecuted
by differentthreadss realizedvia the commonsharedad-
dressspaceof the processvherethe datafor the program
arestored.To realizethe correctprogrambehavior the exe-
cutionof lock andunlodk operationss neededo guarantee
aconflict-freeaccesg¢o memorylocations.

Theentiretaskprogramcanbe executedby afixednum-
berof threadsalsoif the numberof tasksis varyingduring
programexecution. This minimizesthe overheador thread
creation.Moreoverit hastheadwantagghatavaryingnum-
berof tasksis mappedo afixednumberof threadsyielding
adynamicloadbalancefor the execution.

Thereare several possibilitiesfor the internalorganiza-
tion of task poolsandthe storageof tasks. Oftenthe tasks
arekeptin queuesandtask poolsdiffer in the numberof
gueuesandthe accessstratey to queues.Concerningthe
numberof queueghe maincasesre:

Central task pool: Only onetask queueexists andall
threadsof the processaccesshis queueto remove or insert
tasks.To avoid conflictseachaccessasto be protectedoy
alock operation.Threadsemove tasksfrom the queuefor
executionwhenthey arereadywith previouswork andso
the centralqueueoffers good dynamicload balance. But
frequentaccesse$o the queue,e.g.for mary small tasks,
may leadto sequentializationlueto the lock protection.

Decentralizedtask pool: (oftenalsocalleddistributed
taskpool) Eachthreadhasits own queuefrom which only
this threadcanremove andinserttasks. The advantageis
thataccesseto the queuedso not have to be protected.On
the other handthe staticinitialization of task queuesmay
leadto imbalancesdf theinitial tasksin thequeuesreatean
unequahumberof new taskswhichis usuallyunknawnin
adwancein the caseof irregularapplications.

Decentralizedtask pool with task stealing: This task
pool variantof a decentralizedask pool allows threadsto
accesgjueuesof otherthreadsif its own queueis empty
This is calledtaskstealing[16]. Taskstealingavoidsload
imbalancedut requiresalocking mechanism.

Anotherimplementationdecisionconcernghe order of
inserting tasks and extracting tasks. We distinguishthe
FIFO (first-in first-out) and LIFO (last-in first-out) access
stratgyiesfor queues.



2.2 Specifictask pool implementations

For sharednemorynodeswe have implementedhefol-
lowing setof taskpools:

o tp_fifocenandtp_lifocen are centraltask pools with
FIFO/LIFO accesstratagy. The centralqueueis pro-
tectedby alock mechanism.

o tp_fifo and tp_lifo are decentralizedask pools with
FIFO/LIFO accessstratggy. No lock mechanismis
necessary

o tp_fifostandtp_lif ostaredecentralizedaskpoolswith
FIFO/LIFO accessstratgly and task stealing. The
stealingmechanisnis very simple: Whenthe private
gueueis empty a threadinvestigatesll otherqueues
andstealstasks(if possible).

o tp_fifost2 and tp_lif ost2 are decentralizedask pools
with FIFO/LIFO accesstratgy andtaskstealing. A
taskcanonly be stolenif morethana predefinechum-
ber of tasksis availablein the queue. In contrastto
the stealingmechanismabove this avoids the steal-
ing from almostemptyqueuesvhich would force the
ownerthreadof thatqueueto stealatasktoo.

2.3 Userinterface for task pools

For the programmingwith ataskpool the userAPI pro-
videsthefollowing setof accessunctions:

(1) void tp_init ( unsignednumber _of_threads ) ;
allocatesandinitializes the taskpool. The parameter
number_of threads denoteghetotalnumberof threads.

(2) void tp_reinit () ;
prepareshetaskpool for re-use.

(3) void tp_destroy () ;
deallocateshetaskpoolstructureanddestrysthetask
poolthreads.

(4) void tp_initial_put ( void (* taskroutine)(), arg-type *ar-
guments) ;
insertsan initial task. The parametetaskroutine is a
pointerto thefunctionrepresentinghetask. Theargu-
mentsfor thatfunction are given by the pointerargu-
ments.

(5) void tp_put (void (* taskroutine)(), arg_type *arguments,
unsignedthread_id ) ;
insertsdynamically createdtasksinto the pool. The
parametethread._id is the identifier of the threadin-
sertingthetask. The otherparametersireidenticalto
theparametersf tp_initial_put.

(6) void tp_get (unsignedthread.id ) ;
extractstasksfor processing.The parametethread_id
denotegheidentifierof thethreadremoving atask.

Theapplicationprogrammeformulatesfunctionsor proce-
duresastasksandguidestheir creationexplicitly by using
the interfaceabove. The stratey of the chosentask pool
variantis known, but the actual mechanismis hiddento
theusersothatthe programmercanconcentrat®nthetask
structureof the program. The taskstructure e.g.the gran-
ularity of tasksor the dependenciebetweentasks, might
influencethe efficiency for sometaskpool versions.

3 Taskpoolteams

Severaltaskpoolsarecombinedoy mutualexplicit mes-
sagepassingto build task pool teamsfor clustersof PCs
or SMPs. Mutual communicatiorbetweernclusternodesis
realizedwith MPI. In thefirst subsectionshe compatibility
of bothmodelsandthecommunicatiorbehavior of irregular
applicationsare considered.Thenwe presentour commu-
nicationschemeior taskpool teams.

3.1 Compatibility with messagegassing

Although the MessagePassinglnterface was designed
thread-safavhich guaranteeshat the threadsof a process
cancall MPI operationssimultaneouslyvithout mutualin-
terferenceor influence,mostimplementationf the stan-
dardare not thread-safe.MPI-2, an extensionof the MPI
standardprovidesfunctionsto supportmultithreadedpro-
grams. However, currentimplementationsoften support
only thesingle-threadedhode.For thatreasonwve useMPI
andprotecteachoperatiorby alock. ThisensureshatMPI
calls are only madeby onethreadat a time, but the com-
binationof blocking MPI operationsandaccesgrotection
canleadto deadlock. Thereforenonblockingcommunica-
tion operationsareusedwhennecessary

3.2 Irr egular communication behavior

Dependingon the specificapplicationthereare the fol-
lowing communicatiorsituations:

e administrationalcommunicationemeging from the
needo balancdoadandsynchronizeslustemodesand

e applicationspecificcommunicatiorto exchangenput
data, (intermediate)resultsand other data structures
for calculation.

Due to the behaior of irregular algorithmsthe actual
communicationis hardly predictablein mostcases.More-
over, in atask-pool-basetiplementatiorthethreadf dif-
ferentclusternodeswork asynchronouslypn differentparts
of thecodesothatthe counterparbf communicatioropera-
tions,whichis neededor thecommunicatiorin the SPMD
styleof the MPI programmingmightbe missingwhencall-
ing a communicationoperation. In orderto solve those



problemsweintroduceaseparateommunicatiorthreadfor
eachtaskpool.

3.3 Communication scheme

To integratea communicatiorthreadthe basicprogram-
ming modelof taskpoolsfor sharednemorynodesis mod-
ified. The modified task pool of eachnode consistsof a
fixed numberof n + 1 threads:n worker threads respon-
sible for processingasks,and a separatecommunication
thread. Figure 1 illustratesa task pool teamof two decen-
tralizedtaskpoolswith n worker threadsW Ty, ..., WT,,
their correspondindaskqueuesandone separateommu-
nicationthread. We have implementedand testedseveral
communicatiorschemesFigure 1 shavs the mostefficient
schemewhich performsthe following steps:

(1) If aworkerthreadof NodeO needdatasituatedn the
addressspaceof Node 1, it sendsa requestdirectly
to thatnodeandwaits passiely. The communication
threadof Nodel recevesthemessage.

(2) According to the messagetype the communication
threadof Nodel reactsandsendslataback.

(3) Thecommunicatiorthreadof NodeO recevesthemes-
sageand signalsthe waiting worker threadthat non-
local dataareavailable.

NodeO Nodel

Queues Queues

W (-
put - WT2 send put - WT2

M-wn| © | IH—wr

@ acknavledge

Communicatiory
Thread

Communicatiory receie
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Figure 1. lllustration of the comm unication
scheme for atask pool team with one pool per
node. Each node employs n worker threads
(WT). The comm unication protocol with the
steps (1)-(3) is described in the text.

The communicationthreadof Node 0 needsa unique
identification of the requestingworker threadin order to
awake this threadandto assigntherequestedlata. For that
reasonwe label the entire communicatiorprocesswith an
identifiercorrespondingo therequestingvorker thread.

3.4 Userinterface for task pool teams

Programsfor task pool teamsare written in an SPMD
style andeachclusternoderunsthe sameSPMD program.
The programfor a nodehasa task-orientedstructureand
usesa task pool for processinghe tasksas describedin
Section2. Additionally, the programcode containsMPI
communicatioroperationsandfunctioncallsof the Pthread
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
and receve operationsof the communicationprotocolare
performedby the communicationthreadand can be used
within a userprogrammedunction which hasa predeter
minedstructureto guarante¢he correctfunctionality.

4 The hierarchical radiosity algorithm

The hierarchicakadiosityalgorithm(HRA) represents
compleirregularalgorithmrequiringdynamicloadbalanc-
ing for achieving anefficientparallelizatiorandthusis suit-
ablefor testingtaskpool teams.The next subsectiongjive
a shortintroductionto the HRA and provide information
aboutour application-specifi@adaptationgo reducecom-
munication.

4.1 The hierarchical radiosity algorithm

Thebasicradiosityalgorithmis anobsener-independent
global illumination algorithm from computergraphicsto
simulatediffuselight in three-dimensionadcenes.The al-
gorithm usesa geometricdescription(input polygons)of
the scenewith valuesof light emissionandreflectioncoef-
ficients. The input polygonsare divided into smallerele-
mentsfor which radiosity values(radiosity = radiationper
time andsurfaceunit) are computed. The radiationpower
of theoverall systemis modeledby theequation:

i=1,...,n, (1)

radiationpower of surfaceelement;

emissionof surfaceelement
incidentradiationpower from otherelements

form factor

radiationpower of surfaceelement;

diffusereflectionof enegy incidentfrom otherelements

B WWWNE
T Qo

where B; is the radiosityvalue, A; is the surfacearea,
and E; is theemissionpertime andsurfaceunit of element



1. The parametemn is the numberof surfaceelementsand
determineghe refinementlevel of the division of surface
polygons.A largen causes high quality of the sceneand
increaseghe computationakffort considerably The form

factor /;; describeghe portion of light enegy incidenton

anelementirom anothersurfaceelement.The computation
of form factorsis the mostexpensve part of the algorithm
sinceit involvesvisibility testsandthecomputatiorof dou-

bleintegrals.

In orderto decreas¢he coststhe numberof form factors
isreducedvith ahierarchicabpproachThecomputatiorof
form factorgs basednthebasiclaw for thetransmissiorof
radiationwhich meansthe enegy exchangedetweenrele-
mentsis decreasingjuadraticallywith the distanceof these
elements. This fact makesit possibleto performlessex-
actcomputationgor remotesurfaceelementswhile getting
goodrealisticresults. The hierarchicalapproachresultsin
anunevendivision of input polygonsinto smallerelements.
After finishingthealgorithmthe entirescends represented
by a setof quadtreesvith onetreefor eachinput polygon.
The leaf elementf all treesrepresenthe surfacesto dis-
play, but all levels of the quadtreesrerequiredfor compu-
tation.

Thesubdvision of a surfaceelementdepend®nits size
andon the portion of enegy incidentfrom otherelements.
The refinementprocessstopsif a minimal sizeis reached
or the form factorsfor two interactingelementsare small
enoughto createarealisticscene Theinteractionof distant
elementgakesplaceon higherlevelsof thetree.Neighbor
ing elementsnteractatleaflevel. To storethediverseinter-
actionpartnereachelementepresentetly aquadtreenode
ownsaninteractionlist which containgpointersto thoseel-
ementsproviding portionsof light enegy. Theinteraction
lists are changeddynamically due to the dynamicrefine-
mentof elementsdependingon the specificgeometryand
enepy situation. The HRA computeghe radiosity values
by an iterative methodfor solving Equation(1) with top-
down and bottom-uppassesver the quadtreesaccessing
dataaccordingo theinteractionlists.

The SPLASH2benchmarlksuite containsan implemen-
tationof thehierarchicaradiosityalgorithmwith taskpools
for sharedmemory We startedwith the purethread-based
program version modified by [13] and further modified
within the scopeof [11] for Pthreads.Furtheradaptations
werenecessarfor the useof our specifictaskpoolsandfor
theintegrationof theentirecommunicatiorstructureof task
poolteams.

4.2 Application-specificoptimizations

In orderto make the algorithmmoreefficient severalop-
timizationsandtechniquesave beenexamined:

Dummy data structures for remote data: In the
distributed algorithm the elementsand the corresponding
guadtreesare distributed over the differentaddresspaces
of the clusternodes. Accordingly, the informationin the
interactionlists might pointto remotedata. Thus,the com-
putationof radiosity valuesmight causeirregular commu-
nication sinceradiosity valuesof otherelementsstoredin
non-localaddresspace$have to bemadeavailableby mes-
sagepassing.Becausenon-localdataaccessvith message
passingtakes usuallymuch moretime thanlocal memory
accesandin mostcaseghe sameelementis neededagain
in subsequentalculations,dummiesare createdto store
non-localinformation. For thatreasora suitabledatastruc-
ture wasdevelopedthatallows easyandfastaccesdy ary
thread.The correctnessf datais guaranteedby refreshing
datain eachstepof theiterative solutionmethod. Experi-
mentshave shawvn that this softwae cache approacheads
to efficiency gains.

Initial distribution of data: If two input polygonsof
theHRA aremutuallyinvisible, thereis no exchangeof en-
ergy betweenthem and thereforean assignmento differ-
entnodesdoesnot causecommunication We have investi-
gatedthe runtimeof the HRA with severalsimpledistribu-
tion stratgyieswhich actuallyleadto lower communication.
Unfortunately this reductionof communicationwas asso-
ciatedwith a heavy imbalanceof computationalvork. The
bestruntimeresultscould be achiezedwith aregularcyclic
assignmenbf initial polygonsto the physicalprocessors,
althoughthe numberof messagewasnot minimized.

Detecting redundant communication: Each worker
threadcomputesradiosity valuesfor elementsusing data
from interacting local and non-local elements. If two
threadsof the sameprocesseedvaluesof the samenon-
local elementat the sametime andthis elementis not yet
presentin local memoryas dummy, redundantcommuni-
cationoccurs. We have implementeda mechanisnwhich
initiates a communicationof only one threadand blocks
ary otherthreadrequiring the datauntil the specificdata
areavailable. The underlyingstructureis a small arrayfor
eachtaskpool containingall currentlyrequestealements.
Beforeinitiating a communicatioreachthreadchecksthat
arrayfor theneedelementlf anentryfor thatelementl-
readyexists, the threadblocksotherwiseit createsaanentry
and startsthe communicatiorprocess.The threadactually
sendingthe requestawakesall waiting threadsafterthe re-
guesteddataareavailableanddeleteghe elementfrom the
array Thereareat mostasmary entriesasworker threads
pertaskpool andsothe searchfor elementsn thosearrays
is cheapespeciallywhencomparedvith communication.

Combining requests: In orderto reducecommunica-
tion, requestscan be collectedand sendas a single mes-
sage.The HRA offerstwo obvious situationsfor the com-
bination of requests:a.) The preliminaryradiosity values



for elementzomputedat onenodewithin oneiterationstep
areimmediatelyaccessibldor local threads. New values
of non-localelementsare exchangeetweemodesat the
endof aniterationstepratherthanimmediately This algo-
rithmic changeresultsin slight change®f the corvergence
rate. b.) During the computationof the radiosity valuesof
an elementeachinteractingelementis investigatedor lo-
cality. If therearenon-localinteractingelementsthey are
accessedeparatelyThe accesf all interactingnon-local
elementanbe combinedbecausehey arealreadyknown
atthebeginningof 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” weregeneratedy
[13]. "Largeroom”belongsto the SPLASH2benchmark
suite[19].

We have investigatedask pool teamson two architec-
tures: the ChemnitzerLinux Cluster (CLiC), a Beowulf
clusterconsistingof 528 Intel Pentiumlll processorsvith
800MHz. CLIiC hasa FastEthernemetwork. SB1000s a
small SMP clusterof four SunBlades1000with two 750
MHz UltraSRARC3 processorsSB1000usesSCI.

Model "xiroom" on CLIC

Processors

Threads

Figure 2. Runtimes for model "xIroom" on
CLiC

Figure 2 gives runtimes dependingon the number of
threadsand the numberof processorof the HRA using
thescenéxlroom”. Thefigureshawsthattherearedepen-
dencesof the runtimeon the numberof processoraswell
ason the numberof threads.The overall runtime behaior

is similar for othertask pool teams,scenesand platforms.
Thereforewe presentall runtime and speedupmeasure-
mentswith regardto threadsand processorsThe speedup
valueshave beencomputedusingtheimplementatiorwith-
outcommunicatiorthreadandwith only oneworkerthread.

Model "xlroom" on CLIC

Speedup

Figure 3. Speedups for model "xIr oom" and
task pools with FIFO access on CLiC

Although CLiC hasonly one CPU per clusternodethe
usageof only two threadgpernode(oneworker threadand
one communicatiornthread)is not reasonablesincean in-
creasinghumberof threaddeadsto betterspeedupsasFig-
ure3 shaws. Thisfactis causedy thecompetitionbetween
threadsfor processingime. For alarge numberof threads
perprocessheallocatedime for thecommunicatiorthread
(which mostly performsunsuccessfuthecksfor incoming
messages}¥ reduced Also, thewastedime dueto blocking
workerthreadss minimized. Our experimentshave shovn
thatthe effect of anincreasingefficiengy for anincreasing
numberof threadseaches saturationpoint. The speedup
resultsfor the smallestmodel”largeroom”arelessregular
thanfor themodels’hall” and”xlroom”. Thisis causedy
the small numberof initial polygonsfor eachclusternode
comparedvith theirregularcommunicatiorrequirements.

Becausall threadf aclusternodehave to competeor
two processorshe dependencbetweerspeedu@mndnum-
ber of threadson SB1000is similar to the resultsof CLIC
asFigure4 shaws.

The task pool teamscomputingthe model”largeroom”
achievevery differentresultswhenusingdifferenttaskpool
variantswhile theruntimesfor computingthemodels’hall”
and "xlroom” differ only slightly as Figure 5 shows. In
most casescomputingthe model"largeroom”, the central
taskpool andthe distributedtaskpool with the st2 stealing
mechanisnhave betterspeedupshanthe otherdistributed
taskpools. This factresultsfrom a betterload balancebe-
tweenthethreadsof oneclusternode. The distributedtask
poolswithout task stealingdo not balanceload very well
andthe stealingmechanisnst wastesoo 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 runtime be-

causeof the long over-all runtime comparedwith the idle

time causedy loadimbalances.

In thefollowing the speedupsvith a fixed numberof 20
threadspertaskpool on CLiC and SB1000are presented.
On both platforms the models "largeroom” and "hall”
achieve the bestspeedupsvith poolswith thetaskstealing
mechanisnmst2 The centraltask pool with FIFO access
principleis best-suitedor thelargestmodel”’xlroom”. The
numbersn 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)

Duetothelargenumberof taskscomparedvith thecom-
municationthe speedupraluesof "hall” and”xlroom” are
betterthanthe valuesfor the smallmodel”largeroom”.

6 Relatedwork

Thereareseveralmethoddor implementingrregularal-
gorithmson distributedmemory SomesystemgTitanium
[20], TreadMarkdq1]) provideimplicit supportfor irregular
applicationdy a distributedsharednemorylayer.

The inspector/e&ecutor model (PARTI [17], CHAQOS
[15], PETSCc[3]) performsoptimizationsto reducetherun-
time of nestedoopsover distributedarrays.The necessary
arrayelementsareprovidedin a preprocessingtepby pre-
definedcommunicatioroperations.This approachrequires
compiler supportand doesnot realize dynamicload bal-
ance.

Model "xiroom" on SB1000

Model "largeroom” on SB1000
T

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

Especiallyfor problemswith irregular grid-baseddata
structuredoadbalancecanbe achievedby partitioning into
blocks. Theaim s to obtainblocksof approximatelyiden-
tical size with minimal interdependence. This problem
known asthe graphpartitioning problemis NP-complete.
MeTis [10] andCHACO [8] realizeseveral partitioningal-
gorithms.PLUM [12] is aloadbalancingramenork onthe
baseof suchpartitioners. The usageof partitioning algo-
rithmsis not usefulif the time for the calculationof parti-
tionsandfor repartitioningexceedghetime savingsgained.
A dynamicload balancingalgorithmfor unstructuredyrids
is presentedn [5]. [9] givesan overview of further work
donein thisfield.

Thereareseveralapproachetor hybrid programmingof
SMP clusters. SIMPLE [2] providesuserlevel primitives
on the baseof sharedmemoryprogrammingand message
passingandcanonly beusedfor applicationswvhichallow a
strictseparatiomf computatiorandcommunicatiorphases.
NICAM [18] is a userlevel communicationayerfor SMP
clusterswhich supportsoverlappingof communicatiorand
computationin iterative dataparallelapplications.An ap-
plication specificexamplewhich usesthreadsand remote
memoryoperationss presentedn [14]. This approachn-



troducegheparallelizatiorof sparseCholesly factorization
usingthreadsfor the parallelcomputationof blocksof the
factor matrix and remotememoryoperationsfor synchro-
nizationof remotedataaccesses.

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

7 Conclusion

The parallelimplementationof irregular algorithmson
clustersof PCsor SMPsrequiresspecialdynamicloadbal-
ancingandorganizationof irregularaccessedr-or this pur-
posewe have presentedaskpool teamsa generalizedask
pool approach. Task pool teamscombine multithreaded
programmingwith explicit communicatioron the applica-
tion programmergevel. Theefficiency resultsaregoodand
dependon the platform and the specificinput data. We
have choserthe hierarchicaradiosityalgorithmastestpro-
gram sincethis applicationprogramis very complex and
combinegmnary characteristicsf irregularalgorithms.The
experimentson several platformshave shown that the ap-
proachis suitablefor efficient parallelization.
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