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Abstract

Many implementationson messge-passingmadines
can benefitfrom an exploitation of mixed task and data
parallelism. A suitable parallel programmingmodelis a
group-SPMDmodel, which requires a structuring of the
processos into subsetsanda partition of the programinto
multi-processottasks.In this paper weintroducea library
supportfor the specificationof messge-passingprograms
in agroup-SPMDstyleallowingdifferentpartitionsin a sin-
gle program. We describethe functionalityand the imple-
mentationof the library functionsandillustrate the library
programmingstyle with exampleprograms. The examples
showthat the runtimeon distributedmemorymadinescan
be consideably reducecdby usingthelibrary.

Keywords: communication library , mixed task and data pa-
rallelism, group-SPMD.

1 Intr oduction

The performanceof message-passinmgogramsdepends
on both the parallel taget machineand the parallel pro-
grammingmodelto be used. To getefficient programsthe
parallel programmingmodel shouldbe selectedsuchthat
thecharacteristicsf theparallelalgorithmcanbeexpressed
appropriately For target machineswith a large numberof
processorsscalability propertiesof the parallel program
alsobecomean importantissue. Puredataparallelimple-
mentationsfor example may lead to scalability problems
whencollective communicatioroperationsare usedexten-
sively in the program. Thoseprogramscan benefitfrom
animplementatiorin agroup-SPMDparallelprogramming
modelif a potentialfor mixed taskanddataparallelismis
available.
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Many programsfrom scientificcomputinghave a large
potentialof parallelismthatis exploited bestin sucha pro-
grammingmodelfor mixedtaskanddataparallelismwhere
the parallelismcanbe structuredn theform of concurrent
multi-processottasks[17. A multi-processottask can be
implementedon a subsetof processorsn a dataparallel
or SPMD style resultingin a group-SPMDprogramming
modelwhenperformingseveralmulti-processotasksatthe
sametime on disjoint subset®f processorsOneof thead-
vantagedo considersubgroupof processorss basedon
the fact that for mary message-passingachinescommu-
nication costsare affectedby the numberof participating
processorsA reasoris thatcollective communicatioroper
ationsin a distributedmemoryervironmenthave a smaller
runtimewhenrealizedon a smallerprocessogroupdueto
thelogarithmicor lineardependencef thecommunication
times on the numberof participatingprocessors.Conse-
qguently for the sale of a low parallel runtime collective
communicatioroperationsshouldbe realizedconcurrently
on disjoint processoisubgroupsvhenever this is possible
accordingto the potential parallelismprovided by the al-
gorithm. In scientific computingthere are mary applica-
tionswith this propertyincluding, e.g.,solversfor systems
of ordinarydifferentialequation®r multidisciplinaryappli-
cations.

Usually the executionof a mixed task and dataparal-
lel programrequiresonly one partition of the processor
set. But applicationscan also benefitfrom the definition
of multiple partitionsthat are definedorthogonalto each
other which meansthe subsetsof processorof different
grouppartitionshave somekind of orthogonalrelationship
to eachother Writing group-SPMDprogramsusing one
of the standardibrarieslike MPI or PVM requiresthe ex-
plicit administrationof processogroupswhich canbe an
intricate task, especiallywhen multiple processorgroups
areusedwithin a singleprogram. The useof multiple pro-
cessomgroupsmeanghatat differentpointsof the program
executiontheimplementatiorcanbe basecn differentde-
compositionsof the entire processosetinto a partition of
processorsubsetsso that the assignmenbdbf processorso



groupscanvary duringthe execution.To achieve efficiency
the organizationinto groupsshouldbe predefinedfor the
entireprogramin orderto have alow overheador building
groupsandswitchingbetweergroupsduringruntime.

In this paper we presenta library supportfor the paral-
lel programmingin the group-SPMDmodel with orthog-
onal processogroups. This library is called ORT library.
Theadvantageof alibrary supportis to have a comfortable
specificatiormechanisnfor group-SPMDprogramsandan
executablemplementatiorat the sametime. We consider
parallel programsconsistingof a numberof consecutie
group-SPMDphasesvhereeachphaseusesoneof the pre-
definedpatrtitions. To indicatedifferent programpartswe
provide library functionsthat structurethe program. The
executionof thelibrary functionsusespredefinegrocessor
groupstructuresvhich areinitialized by somestartingrou-
tines. This programmingstyle allows the applicationpro-
grammerto specifythe programorganizationin a clearand
readableprogramcode. We have implementedhe library
for theuseof orthogonabrocessostructureon distributed
memorymachine®ntop of thecommunicatioribrary MPI
sothatthe specificatiorprogramis executableon message-
passingmachines.The applicationprogrammeiinitializes
the underlyinggroupstructuresy calling the startingrou-
tine but doesnot have to copewith the processoprganiza-
tion sothathe or shecanconcentrateon the mostefficient
realizationof the program.Our targetmachinesarea Cray
T3E anda clusterof workstations. As exampleprograms
we usethe well-known LU-decompositionand a specific
solver for systemsof ordinary differential equationswith
mixed task and dataparallelism. Both examplesare real-
izedwith thelibrary. Measurementshow thatthe runtime
of the applicationprogramdecreasesvhen exploiting the
potentialof mixed taskand dataparallelismwith the spe-
cific organizationof orthogonalprocessogroups.

The restof the paperis organizedas follows. Section
2 describeghe library support. Section3 illustratesthe
programmingstyle with example programsfor which we
presentuntimeexperimentsin Section4. Relatedwork is
discussedn Section5 andSection6 concludeghe paper
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Figure 1. lllustration of an orthogonal group structure
for the two-dimensional case.

2 The ORT Library

Oneof the main goalsof the ORT programmindibrary
is the userfriendly managemenbf orthogonalprocessor
groups.Theinterfaceis intendedto give the userthe possi-
bility to selectprocessogroupsfor distinct programtasks
andto organizegroup communicatioroperationsn an ef-
fective andcomfortableway.

2.1 Generalapproachand programming support

The ORT library supportshe developmentof message-
passingprogramsfor parallelmachineswith a distributed
addressspace. The processorsare logically arrangedn a
grid structureandthe programmecanassigncomputations
to orthogonaklicesof the processogrid.

The ORT library providesfunctionsto supporta group-
SPMD parallel programmingmodel that allows a mixed
taskanddataparallelimplementatiorof parallelalgorithms.
The ORT functionsareusedin a parallelprogramto struc-
ture the programinto phaseswhich areto be performedin
a group-SPMDstyle with changinggroup partitionsof the
processors Programpartsoutsideorthogonalsectionsare
executedn theusualSPMDstyle.

The conceptis bestillustratedfor the two-dimensional
case. The set of processorsP is groupedin a two-
dimensionalgrid. The rows of this grid form a partition
Gy, ...,G, of theprocessorinto subgroupsThe columns
of the grid form anotherpartition @1, .. ., Q4 whichiis or-
thogonalto the first partition, seeFigure 1 for anillustra-
tion. Theideaof the ORT library is to allow theassignment
of computationgo the subgroupof the differentpartitions
sothatthesubgroup®f onepartitionwork in ataskparallel
way. The flexibility of this programmingapproachcomes
from the fact that the different partitionsmay be active at
differenttimesof the programexecution but in onespecific
phaseonly one partition is active. The processorsithin
onegroupof a partitionperformthesamecomputationgnd
cancommunicatewith eachother i.e., performan SPMD
computation. However, the processor®f differentgroups
of the samepartition are not intendedto communicatdan
this phase(althoughthis is possible).lIf communicatioris
requiredfor the specificapplication this shouldbe donein
a subsequenprogramphasewith anothergroup partition
in whichthe communicatingprocessoraremembersf the
samegroup.

To supportthe programmingwith orthogonalprocessor
structureswe provide several library functionswhich are
implementedn top of the MPI communicatioribrary. We
useC ashostlanguage. The interface hasbeendesigned
similarly to the Pthreads-intedce, i.e., the functionto be
executedon the selectedorocessogroupis givenasan ar-
gumentto a specificlibrary function. Theargumentf that



function are provided as an additional parameterof type
voi d *. Thisrequiregheprogrammeto packthefunction
argumentsin a single datastructurewhich keepsthe inter-
faceof thelibrary functioncleanandprovidesflexibility for
thespecificatiorof theamgumentfunction. An advantageof
thesimilarity to the Pthreadstyleis thatthehandlingof the
library is donein afamiliar stylealthoughthe programming
modelis completelydifferent.

Besideghecodedargumentvector thefunctionsthatare
executedin ataskparallelway usingthe ORT library must
have anadditionalparametethatspecifiesanMPl commu-
nicator For the executionof the function, this communica-
tor is providedby the runtimesystemof thelibrary accord-
ing to the specificationof the programmer Group-internal
communicationduring the executionof sucha functionis
obtainedby usingthis communicatoifor the executionof
thecommunicatioroperation.Globalcommunicatioroper
ationscanstill be executedby using othercommunicators
like MPI _COVMMWORLD.

2.2 Interface of the ORT library

The userinterfaceof the ORT library is definedby sev-
eral library functionsfor the definition of processoparti-
tions and the structuringof group-SPMDsectionsof the
program. The ORT library functionsare calledin the pa-
rallel programand sene two purposes:First, they canbe
usedto specifythe parallelstructuresof the group-SPMD
programsn a clearway. Secondthe resultingprogramis
executableon all platformson which MPI is available.

Theprototypeof thelibrary functionsaredefinedn or -
t ho. h which mustbeincludedin the program.

Toinitialize the orthogonaprocessostructurethefunc-
tion ORT_I ni t () is provided.

int ORT_Init( int dinension,
int *procdim
MPI _Comm conmm

ORT_Structure *ort)

This function hasto be executedbeforeary otherfunction
of thelibrary is called. Thefunctionestablisheadatastruc-
turewhich containsthe MPI communicatorgor all orthog-
onal processogroupsin which the calling processois in-
volved. Theparametertave thefollowing meaning:

e di mensi on specifieshenumberof dimensionf the
processostructure;

e proc_di mis anarrayof lengthdi mensi on thatspec-
ifies the numberof processorsn eachof the dimen-
sions. This numbermustbe at leastl. Moreover, the
productof the entriesof the array mustbe the same
or smallerthanthe overall numberof processorgro-
vided;

e conmis theglobalMPI communicatoprovidedfor the
processorsthis is usually VPl _COYMWORLD, but can
alsobe anothercommunicator;

e ort is apointerto anobjectof type ORT_Struct ur e
whichis filled by thecall to ORT_I ni t () andis used
by latercallsof ORT functions.

A call of thefunction

ORT_Finalize(ORTStructure ort);

freesthe ORT_St r uct ur e. This function shouldbe called
beforethe MPI ervironmentis finalized. No other ORT
functionshouldbecalledafterORT_Fi nal i ze() .

To executetaskson subgroupsof the orthogonalpro-
cessoistructure the ORT function ORT_Sect i on() is pro-
videdwhich expectsapointerto thefunctionto beexecuted
asargumentandhasadditionalparametersor the selection
of thesubstructure:

int ORT_Section(
i nt di nension,
int *di msel ect,
void * (*f)(void *,
void *arg,
ORT_Structure ort)

MPI _Conrm conmm) ,

Theparametersave thefollowing meaning:

e di mensi on specifieghenumberof dimensionof the
processostructure.

e di msel ect is an array of length di nensi on that
specifiesthe dimensionof the selectedsub-structure
by specifyingfor eachdimensiorhow it is represented
in the sub-structurethe following valuesareallowed:

— ORT_ALL: the correspondingdimensionis con-
tainedin the sub-structure;

— ORT_PARALLEL: the correspondinglimensionis
not containedin the sub-structureall processor
groupsin the correspondingdimensionof the
processogrid work in parallel;

— k wherek is a value between0 andthe size of
the processosstructurein this dimensionminus
1: onespecificpositionis selectedn this dimen-
sion, the remainingentriesare not usedfor the
computation;

e f is the functionto be executedby the processor®f
the selectedsub-structurethe function shouldexpect
two arguments,one of type voi d * to which arbi-
trary agumentsmay be mapped,and one communi-
catorfor the executionof theinternalcommunications
within f . Collective communicatiorandreductionop-
erationsthat are performedduring the execution of



f with this communicatomperform group-baseadom-

municationoperations. At runtime, this communica-
tor is automaticallyselectedy theimplementatiorof

ORT_Sect i on.

e ar g containghe parametersor the functioncall.

e ort isanobjectof typeORT_St r uct ur e thathasbeen
previously returnedoy ORT Secti on() .

Sincetwo-dimensionakirtual processogrids are often
used,several functionsare provided for cornvenience,see
Figure?2 for anillustration. Thefunction

int ORT_Vertical section(
int k,
void * (*f) (void *,
void *arg,
ORT Structure ort);

MPI _Conm conm) ,

is providedasanabbreiation for the activation of thegen-
eralfunctionORT Sect i on( 2, di msel ect, f, arg, ort)
with amgumentvalue di msel ect ={k, ORT_ALL}. Each
processom theverticalgroupk executeghespecifiedunc-
tionf in an SPMD-like way togethemwith all otherproces-
sorsin thesamegroup.Only theprocessors thisgroupare
active duringthe executionof thefunction. Thefunction

int ORT Vertall section(
void * (*f) (void *,
void *arg,
ORT Structure ort);

MPI _Conrm comm) ,

is an abbreiation for the activation of the generalfunc-
tion ORT Secti on( 2, di msel ect, f, arg, ort) with ar
gument value di msel ect ={ORT_PARALLEL, ORT_ALL}.
Eachprocessoexecuteghespecifiedunctionin anSPMD-
like way togethewith theotherprocessors thesamecol-
umn group. A processoin columngroupk may perform
computationsaswell ascollectve communicatiorandre-
ductionoperationsnvolving theprocessorg thesamecol-
umn. Thisis doneconcurrentlyto the othervertical proces-
sorgroups. Thus,ORT Vertal | secti on() corresponds
to aparallelloop over all columngroupsk whereeachiter-
ation executesORT Ver ti cal section(f,arg, k,ort).
Thefunction

int ORT_Horizontal section(
int k,
void * (*f) (void *,
void *arg,
ORT Structure ort);

MPI _Conm comm) ,

is an abbreiation for the actwvation of the general
function ORT_Section(2,di msel ect,f,arg,ort)
with  argument value di msel ect ={ORT_ALL, k},
i.e., ORT_Horizontal section() is similar to
ORT_Vertical section() but uses the horizontal
groupstructure.Thefunction

int ORT_Horall section(
void * (*f) (void *,
void *arg,
ORT Structure ort);

MPI _Conm conm) ,

is an abbreviation for the activation of the generalfunction
ORT Section(2, di msel ect, f,arg, ort) with argu-
ment value di msel ect ={ORT_ALL, ORT_PARALLEL},
ie., ORT_Horal | _section() is similar to
ORT_Vertal | _section() but usesthe horizontal group
structure.

Severalfunctionsareprovidedto allow the processorso
obtaininformationaboutactive or othersubstructureslur-
ing theexecutionof afunctionwithin anorthogonakection.
For example,thereis a functionto give eachprocessoin-
formationon its positionin a specificsubstructureandon
its membershigpo a specificorthogonalgroup:

int ORT_Group.ranks(int ndins,
int *di msel ect,
int *ranks,
ORT Structure ort);

The array di msel ect of size ndi ns is usedto spec-
ify a subgroupstructure that has been previously built

by ORT_I ni t (). The selectionis madeas describedfor

ORT_Secti on(). The function ORT_Gr oup_r anks() can
beusedfor processogridsof arbitrarydimension It returns
thearrayr anks of sizendi ns with the specificpositions
in the remainingdimensionsfor the orthogonalprocessor

group.
2.3 Implementation issues

The datastructureORT _St r uct ur e is the coreof the
ORT library implementation. The implementationis hid-
denwithin the library implementatiorand consistsof sev-
eral componentsvhich cannotbe accessediirectly by the
programmer The main componenis an arrayto storethe
MPI communicatorgor eachorthogonalprocessogroup.
The communicatorsvhich are eitherconstructedat begin-
ning or atruntimeareorderedusinga binarynumbenrepre-
sentatiorof the correspondingrthogonalprocessogroup.
To obtainthe positionin thatarrayeachdimensionis repre-
sentedasonebit. If adimensionis includedin agroupthe
correspondindpit will besetto 1. Thisallows asimpleand
quick translationof the di msel ect arraycontentsused
by ORT_Sect i on into theright arrayposition. The com-
municatorsareconstructedisingthe MPI library functions
MPI Cart create() andMPl _Cart _sub() . Aninter
nal ORT library parametedefinesthe dimensionlimit up
to which the communicatorsre constructedat the initial-
ization. Currentlythis limit is setto 4. All arraypositions
areinitialized with MPI _COMMLINULL to testatruntimeif a
communicatois alreadyconstructed.
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Figure 2. lllustration of two-dimensional orthogonal structures. The gray parts depict active computation parts in the

group processor structure.

Three stepsare neededto determinethe orthogonal
processorgroups which executethe user function of an
ORT_Section() call. Firstthe di msel ect arrayis
usedto computethe positionin the communicatorrray If
thei-th elementof the selectionarrayis equalto ORT_ALL
thecorrespondindpit in the positionpointeris setto 1. The
positionlocatedis usedto accesgshe communicatomwhich
have to be providedfor the userfunctionasparameterThe
secondstepis to checkwhetheror not the communicator
for the selectedbrthogonalprocessogroup alreadyexists.
If not, the contentsof the selectionarray are usedto con-
struct the correspondingcommunicatar Finally the exe-
cuting processoideterminedts membershigo one of the
selectedbrthogonalprocessogroups. This is doneby iter-
atingoverall dimension®f theprocessogrid andtestingif
eitheradimensionisincludedin all selectedrthogonapro-
cessomgroups(ORT_ALL) or eachprocessoof thatdimen-
sionisincludedin oneselectedyroup(ORT _PARALLEL) or
thegivenindex k selectghe executingprocessoin thatdi-
mension If atleastoneconditionfor anarbitrarydimension
is not fulfilled the executingprocessowill nottake partin
the executionof the userfunction with the previously lo-
catedcommunicatoasparameter

3 Example Application

We demonstratehe useof the ORT library by two ex-
ampleapplicationsthe well-known LU decompositiorfor
solvinglinearsystemsf equationsaanda specificsolver for
systemsf ordinarydifferentialequations.For both exam-
ples,we shav the main structureof an ORT implementa-
tion.

LU decomposition We considera parallelLU decompo-
sition with a double-gclic datadistribution. A specifica-
tion within thelibrary is givenin Figure3 (thevariablep1

specifiegshenumberof processori therows of thevirtual

processogrid).

det er mi ne _pi vot I nr() computesthe largestvalue of

the local elementsof matrix columnk. The global max-
imum of thesevaluesand the correspondindine number

arecomputedoy anMPl _Al | r educe callinsidethecolumn
groupwhichownsk.

di stribute_pivot | nr() distributesthe pivot line num-
ber within the row groups,thus making the index of the
pivot row availableto eachprocessar

exchange pi vot | i ne() exchangeshelocal elementf
the pivot row r andthe currentrow k. If therows r and
k arestoredin the samerow group, only local exchanges
arenecessarylf not, the processoref thetwo row groups
involvedexchangeheirlocal element®f rowsr andk with
the correspondingrocessom theotherrow group.

br oadcast _pi vot I i ne() broadcastshe pivot row, thus
makingit availableto all processor$or thefollowing elim-
inationstep.

determi ne_L_factors() computesthe elimination fac-
tors for column k by the processorsn the corresponding
columngroup. Eachprocessothathasa partof columnk
participatesn the operation.

distributeLfactors() broadcaststhe elimination
factorscomputedn the row groups.

updat e_Ufact ors() performstheactualeliminationstep
of theremainingmatrix elementsisingthe eliminationfac-
torscomputed This functioncontainsno communication.

Iterated Runge-Kutta method Our secondexampleis

an explicit iteratedRunge-Kitta (RK) methodfor the so-
lution of systemf ordinarydifferentialequation§ODES)
[15, 16]. The solution methodperformsconsecutie time

stepsto computeapproximationvectorsof the solution at
discretepointsof theindependentariable,usuallydenoted
astime variable. In eachof thetime stepsthe RK method
computesa fixed numberof stagevectorsby fixed point
iteration. The time loop andthe fixed point loop have to

be computedconsecutiely. The numberof fixed point it-

erationsis selectedaccordingto the order of the underly-
ing implicit RK methodso that a guaranteeaorvergence
orderresults. Eachstepof the fixed point iteration offers
mixed taskand dataparallelismasthe differentstagevec-
tors can be computedconcurrentlyto eachother and the
computatiorof eachstagevectorcanbe distributedamong
the processorsf onegroup. Thus,the computationof the



typedef struct {
ORT _Structure ort;
[...] /* list of variables */
} LU_VARI ABLES;

int gauss(void *arg) {
LU VARI ABLES *| uv=(LU_VARI ABLES *) arg;
ORT_Structure ort=luv->ort;
[...] /* initialization code */

for(k=0; k<n-1; k++) {
/* colum group determ nes pivot elenent */
ORT_Vertical _section(k%l, (void *)determ ne_pivot_Inr,
/* broadcast pivot line nr to row groups */
ORT_Horal |l _section( (void *)distribute_pivot_Inr,
/* local or global exchange pivot line */
ORT_Vertall _section( (void *)exchange_pivot_line,
/* broadcast pivot line */
ORT_Vertall _section( (void *)broadcast _pivot_Iine,
/* colum group deternmines L factors */

(void *)luv, ort);

(void *)luv, ort);
(void *)luv, ort);

(void *)luv, ort);

ORT_Vertical _section(k%1,
/* broadcast

/* update U factors */
update_U factors(luv);

(void *)determ ne_L _factors,
L factors to row groups */
ORT_Horal | _section( (void *)distribute_L_factors,

(void *)luv,ort);

(void *)luv, ort);

Figure 3. ORT-program of a group-parallel LU factorization with group operations of the ORT library interface.

stagevectorscan be realizedusing a partition of the pro-
cessorsnto subsetof equalsizesothatonestagevectoris
uniguelyassignedo onegroupof thepartition. Thecompu-
tationsof stagevectorsarenot completelyindependenbut
requiresomeregular dataexchangeafter eachfixed point
step,whereevery processoiof eachgroup holding a part
of a vector needsonly the correspondingrector elements
of othervectorsthat have beencomputedby the otherpro-
cessomroups.This structuresuggestso useadditionalor-
thogonalprocessogroupsreducingthe communicatiorto
concurrengroupcommunicationsThecodestructurefor m
fixed point stepsin eachtime stepis givenin thefollowing
codefragment:

do {
for (j=0; j<m; j++) {
ORT_Hor al | _secti on( computevectos ) ;
ORT Vertal | section( dataexchang );
}

conput e approxi mation
} while ( error condition )

The iteratedRK methodcan be usedto solve arbitrary
time-dependenpartial differentialequation{PDEs)by us-
ing the methodof lines, which leadsto a systemof ODEs
in the time domainwith an equationfor eachspatialdis-
cretizationpoint.

4 Runtime Experiments

The ORT library and the exampleapplicationsare im-
plementedn two message-passingachinesa Cray T3E
anda clusterof 528 Linux PCs(CLIC - ChemnitzLinux
Cluster)? connectedwith switch-coupledlOOMBIt Ether
net. Figure4 comparegheresultingspeedupraluesof the
LU decompositiorusinga column-g/clic anda row-cyclic
distribution of thematrix entrieswith animplementatiorus-
ingthe ORT library. ThefigureshavsthatontheCrayT3E,
therow-cyclic distribution leadsto largerspeedupshanthe
column-gclic distribution andtheimplementatiorwith the
ORT library leadsto even larger speedupsiue to the re-
ducedinternalcommunicatioroverhead.

Figure 5 comparesthe same versionson the CLiC.
The resultsare similar, but the speedup®f the row-cyclic
andthe column-gclic implementationdiave changedheir
roles. The overall speedupvaluesare smaller than the
speedup®n the Cray T3E becauseahe T3E hasan inter-
connectionnetwork with a much larger bandwidthso that
communicationoperationsare executedfasterthan on the
CLIC. Table 1 shaws the percentagef the runtime of the
differentphasesn the differentversionsfor 64 processors.

lattheNIC supercomputingenterat Jillich, Germary
2Number156 onthe TOP500list (June2001)



function name orth. proc. groups row-cyclic distr. col.-cyclicdistr.
CLiC T3E CLiC T3E CLiC T3E
det er mi ne_pi vot _| nr () 1.36% | 1.10% | 14.03% | 6.47% | 0.07% | 0.26%
distributepivot Inr() | 12.42% 7.81% 8.29% | 13.73%
exchange_pi vot 1ine() 1.69% | 0.27% | 0.62% | 0.11% | 0.05% | 0.07%
br oadcast _pi vot _l i ne() 9.16% | 1.90% | 45.71% | 11.08%
determ ne L factors() 0.11% 0.56% 0.09% 0.42% 0.06% 0.27%
distribute L factors() 1.47% | 4.59% 34.17% | 19.05%
updat e_Uf act ors() 73.79% | 83.77% | 39.55% | 81.92% | 57.36% | 66.62%

Table 1. Percentage of the runtime of the orthogonal phases in the LU decomposition.

Figure6 shavs speedupaluesfor differentparallelver-
sionsof an iteratedRK method[21] on a Cray T3E. As
basicRK method,a LobattolllC6 methodwith four stages
hasbeenusedwhich resultsin amethodof corvergenceor-
der6. Eachtime stepperformsfive iterations. The method
hasbeenusedfor the solutionof the Brusselatorequation,
atime-dependen2D reaction-difusion equationusingthe
methodof lines[7]. Performingaspatialdiscretizatiorwith
a uniform grid with n grid pointsin eachdimensionleads
to anODE systemof size2n?. Thefigureshavstheresults
for a32 x 32 grid. Theresultingright handsidefunction F
of the ODE systemis a sparsdunction,i.e., the evaluation
of eachcomponentf F' depend®nly on afixednumberof
component®f theargumentvector thusleadingto alinear
dependencef the total evaluationtime of F' on the sizeof
the ODE system. Figure 6 comparesa pure dataparallel
realizationof the iteratedRK method,a generaltaskparal-
lel implementatiorwhich performsthe computation®f the
approximation®of the stagevectorsconcurrentlyby differ-
entgroupsof processorsandataskparallelimplementation
which is optimizedby using orthogonalprocessogroups.
For this example,the pure dataparallelimplementationis
muchfasterthanthemixedtaskanddataparallelimplemen-
tation. Thisis alsothe casefor theimplementatiorwith the
orthogonalgroupsfor a small numberof processors.But
the scalability propertiesare improved by using orthogo-
nal processogroupsandfor morethan32 processorsthis
implementations getting betterthanthe dataparallelim-
plementation.For 64 processorsit is twice asfastasthe
dataparallelimplementationFigure7 shavs theresultsfor
aniteratedRK methodthatis basednaRadaulA method
with four stagedo the Brusselatoequationon a T3E. The
resultsaresimilar thanfor the LobattollIC6 basedmethod,
but theimplementatiorwith orthogonaprocessogroupsis
now competitize alsofor a smallnumberof processors.

Theoverallspeedupaluesof theiteratedRK methodare
notvery largewhenappliedto spars€DDE systemsOnthe
CLIC, for sparseéODE systemso speedups reachedsince
the computationakffort is small comparedo the commu-
nication overhead. This changeswhen applying iterated
RK methodgo denseODE systemswhich arise,e.g.,from

Galerkinsolutionsof PDEs. A denseODE systemis char

acterizedby the factthat the evaluationtime of eachcom-
ponentof F' dependn all or nearlyall componentf its

argumentvector i.e., the evaluationtime of the entirefunc-

tion F' dependgjuadraticallyonthesizeof theODE system.
Applying an iteratedRK methodto a denseODE system
leadsto nearlyideal speedupralueson the T3E for botha
puredataparallelrealizationanda group-basedmplemen-
tationwith orthogonalprocessogroups.

Figures8 and 9 shav that on the CLIC, speedupval-
uescanbereachedor denseODE systemsin particulay it
canbeseerthattheimplementatiorwith orthogonaproces-
sorgroupsreachespeedualuesthatarequiteimpressie
comparedo the speedupraluesof a puredataparallelre-
alization. Thelarge differenceis causedy thefactthatthe
executiontime of collective communicatioroperationdike
broadcasbperationsncreasesignificantlywith the num-
ber of executingprocessorssothatthe useof smallerpro-
cessogroupsis especiallyaluable.

5 Comparisonwith RelatedWork

Relatedwork comesfrom differentresearctdirections,
including programmingmodelsand software supportfor
scientific computing,parallel languagesand libraries, and
mixedtaskanddataparallelism[2, 18].

Several modelshave beenproposedo supportthe pro-
grammerin writing efficient programswithout dealingtoo
muchwith theunderlyingcommunicatiorandcoordination
detailsof a specificparallel machine,see[18] for a good
overview. A lot of researcthasbeeninvestedin the devel-
opmentof the BSP (bulk synchronousparallelism)model
and there exists a programminglibrary (Oxford BSP li-
brary) that allows the formulation of BSP programsin an
SPMDstyle[8, 11].

Many ervironmentsfor scientificcomputingare exten-
sionsto the HPF dataparallellanguage.A goodoverview
canbefoundin [4]. An exampleis HPJaa which adopts
the datadistribution conceptof HPF but usesa high level
SPMD programmingmodel with a fixed numberof logi-
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Figure 4. Speedup values for LU decomposition on
Cray T3E.

cal control threadsandincludescollectve communication
operationencapsulateth acommunicatioribrary. A lan-
guagedescriptionis givenin [22]. Theconcepbf processor
groupsis supportedn the sensehatglobal datadistributed
overoneprocesgroupcanbedefinedandthatthe program
executioncontrolcanchooseoneof theprocesgroupso be
active. In contrastpour approactprovidesprocessogroups
which canwork simultaneouslyand, thus, can exploit the
potentialparallelismof the applicationandthe machinere-
sourcesllocatedmore efficiently. Hence,orthogonalpro-
cessorgroupsseemto provide the right level for applica-
tionswith mediumor fine-grainedpotentialparallelism.
LPARX is a parallel programmingsystemfor the de-
velopmentof dynamic,nonuniformscientificcomputations
supportingolock-irregulardatadistributions[10]. KeLPex-
tendsLPARX to supportthe developmentof efficient pro-
gramsfor hierarchicaparallelcomputersuchasclustersof
SMPs[1, 4]. In comparisorto our approachl. PARX and
KeLP are more directedtowardsthe realizationof irregu-
lar grid computationsvhereasour approachconsidershe
mappingof regulartaskgridsontodifferentpartitionsof the
samesetof processorsKelLP hasbeenextendedto KelLP-
HPFwhich usesan SPMD programto coordinatemultiple

LU decomposition for n = 6000 on CLIiC
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Figure 5. Speedup values for LU decomposition on
CLiC.

HPFtasksand,thus,combinegegulardataparallelcompu-
tationsin HPFwith acoordinationayerfor irregularblock-
structuredeatureson onegrid [12].

Otherapproachesiave beenproposedo combinetask
anddataparallelism. Languageapproacheclude Braid,
FortranM, Fx, Opus,andOrca,see[2] for agoodoverview
and comparison. Fortran M [6, 5] allows the creationof
processesvhich cancommunicatewvith eachotherby pre-
defined channelsand which can be combinedwith HPF
Fortranfor a mixed taskand dataparallelexecution. The
Fx [19, 20] approachallows the expressionof task pa-
rallelism by the definition of parallel sectionswhich may
containsubroutinecalls andloopswith constantooundsin
therebody Subroutinesanbe executedin a dataparallel
way andtheir interfacewith cooperatingsubroutiness ex-
pressedy inputandoutputdirectives. Subroutinesvithout
datadependenciesanbe executedby independengroups
of processors.This is expressedoy groupingsubroutine
callsto modulesif they are executedby the sameproces-
sor group. An exploitation of task and data parallelism
in the context of a parallelizingcompiler canbe found in
the Paradigmcompiler[9, 13, 14]. The Paradigmcompiler
providesa framework that expressegask parallelismby a
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Figure 6. Speedup values for different parallel ver-
sions of the Lobatto IIIC6 based iterated RK method
applied to a sparse ODE system on a Cray T3E-1200.

macrodata-flav graphwhich hasbeenderivedfrom the hi-

erarchicaltask graphsusedin the Parafrasecompiler [3].

Nodesin themacrodata-flav graphcorrespondo basicpa-
rallel tasksor loop constructsedgescorrespondo prece-
denceconstraintghat exist betweentasks. The nodesand
edgesareweightedwith processinganddatatransfercosts
bothof which dependon thenumberof processorsisedfor

the execution. [13] describeschedulingandallocational-

gorithmsfor macrodata-flav graphswhereallocationde-
cideson the numberof processorso usefor eachnodeand
schedulingdecideson a schemeof executionfor the allo-
catednodes. None of theseapproacheprovides an auto-
matedsupportfor the creationof processogroupsthatcan
be usedin an alternatingor changingway without explicit

codingby the applicationprogrammer

6 Conclusionsand Futur e Work

Writing efficient message-passimgogramsor alarger
numberof processorss often difficult sincethe influence
of the communicatioroverheadincreasesvith anincreas-
ing numberof processorsgspeciallyif collectve commu-
nication operationsare involved. In this article, we have
proposed library ontop of MPI to supportthe application
programmeiin writing efficient parallel programswithout
dealingwith all detailsof the processomanagementUs-
ing thelibrary releaseshe programmefrom organizingthe
processorinto orthogonalstructuresandsubstructureand
from generatingand managingthe correspondingcommu-
nication operations. Instead,the applicationprogrammer
canconcentrat®n the parallelalgorithmdesign.

We have shonvn thatan exploitation of orthogonalstruc-
turescanbeusefulfor applicationprogramdike LU factor

IRK with Radau 1IA7 for sparse ODE system n=2048 on T3E
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Figure 7. Speedup values for different parallel ver-
sions of the Radau IIA7 based iterated RK method
applied to a sparse ODE system on a Cray T3E-1200.

ization or an iteratedRunge-Kutta method. In both cases,
the runtime of the resulting programis considerablyre-
ducedcomparedo theimplementationshatdo not exploit
an orthogonalstructure, but alreadyhave shavn reason-
ablespeedupslt canbeobseredthatorthogonalprocessor
groupsimprove the scalabilitybehaior.

Another example for the use of orthogonalstructures
are implementationf implicit Runge-Kutta methodsfor
stiff ODE equationswvhich requirethe solutionof nonlinear
equationsystemsn eachtime step.For diagonally-implicit
iteratedRK methodsgachtime steprequireghe solutionof
independenhon-linearequationsystemsexhibiting a sim-
ilar structureasthe iteratedRK methodconsideredn the
paperwith the differencethat insteadof evaluatingfunc-
tions, nonlinearequationsystemshave to be solved. Using
a Newton methodwith internal LU factorizationleadsto
an orthogonalcomputationstructurewith an outerandan
inner level requiringan organizationof the processorén a
three-dimensionairid.
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