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Abstract

Many implementationson message-passingmachines
can benefitfrom an exploitation of mixed task and data
parallelism. A suitableparallel programmingmodel is a
group-SPMDmodel, which requires a structuring of the
processors into subsetsanda partition of theprograminto
multi-processortasks.In this paper, weintroducea library
supportfor the specificationof message-passingprograms
in agroup-SPMDstyleallowingdifferentpartitionsin a sin-
gle program. We describethe functionalityand the imple-
mentationof the library functionsandillustratethelibrary
programmingstylewith exampleprograms. Theexamples
showthat theruntimeon distributedmemorymachinescan
beconsiderably reducedby usingthelibrary.

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

1 Intr oduction

Theperformanceof message-passingprogramsdepends
on both the parallel target machineand the parallel pro-
grammingmodelto beused.To getefficient programsthe
parallel programmingmodel shouldbe selectedsuchthat
thecharacteristicsof theparallelalgorithmcanbeexpressed
appropriately. For target machineswith a large numberof
processors,scalability propertiesof the parallel program
alsobecomean importantissue. Puredataparallel imple-
mentationsfor examplemay lead to scalability problems
whencollective communicationoperationsareusedexten-
sively in the program. Thoseprogramscan benefit from
animplementationin agroup-SPMDparallelprogramming
model if a potentialfor mixed taskanddataparallelismis
available.
�������
	 ��� 	 ��
���������������	 ��	 �����������������! "��#$	 �%�&��'(��� �)����#������
��'*���$	 ��+,�����-' ���
#.����� ��
����)��� �� ����� �������0/����&	 �(�����%
����1�2+�	 ���$��/$�(' �1�&#$����34	 ���1�2�������5 ���#$	 �%�(������
$���(�������&���5��	 ������	 6$/$���1�' ���7#$����8$�7���, ����
�
���� �	 �%�.����3��%
��������494��
����������, ���#�	 �1�:6.�1���7����	 �7
$����	  "�(�%
.�����$�)' /$� �; "	 ������	 ��
��
<���$�=8$��� �*#�������>�?@�� "��#�A������$�1��+�	 � �49$���
���1#$/$6$� 	 � �@9����
#.�4� �)��
2� ����3��1���)���*���
���1�$	 ������	 6$/$�������� 	 ������9$���1B4/$	 ���1��#$��	 ���)��#.�1 "	 8� (#.�����
	 ����	 ��
<��
���C%���*�&' ���4>
D�E�F�G�G$H5I ��3��1�&6.��� F�G�G$H 9�J*��
43����  K F%G�G$H5L)E�MNH�O�P�Q$H�H1R%O F�S�R%O T C G$H C G�G$H�H5U�P > G�G

Many programsfrom scientificcomputinghave a large
potentialof parallelismthat is exploitedbestin sucha pro-
grammingmodelfor mixedtaskanddataparallelismwhere
theparallelismcanbestructuredin the form of concurrent
multi-processortasks[17]. A multi-processortask can be
implementedon a subsetof processorsin a dataparallel
or SPMD style resultingin a group-SPMDprogramming
modelwhenperformingseveralmulti-processortasksat the
sametime on disjoint subsetsof processors.Oneof thead-
vantagesto considersubgroupsof processorsis basedon
the fact that for many message-passingmachinescommu-
nicationcostsareaffectedby the numberof participating
processors.A reasonis thatcollectivecommunicationoper-
ationsin a distributedmemoryenvironmenthave a smaller
runtimewhenrealizedon a smallerprocessorgroupdueto
thelogarithmicor lineardependenceof thecommunication
times on the numberof participatingprocessors.Conse-
quently, for the sake of a low parallel runtime collective
communicationoperationsshouldbe realizedconcurrently
on disjoint processorsubgroupswhenever this is possible
accordingto the potentialparallelismprovided by the al-
gorithm. In scientific computingthereare many applica-
tionswith this propertyincluding,e.g.,solversfor systems
of ordinarydifferentialequationsor 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 partitions that are definedorthogonalto each
other which meansthe subsetsof processorsof different
grouppartitionshave somekind of orthogonalrelationship
to eachother. Writing group-SPMDprogramsusing one
of thestandardlibrarieslike MPI or PVM requirestheex-
plicit administrationof processorgroupswhich canbe an
intricate task, especiallywhen multiple processorgroups
areusedwithin a singleprogram.Theuseof multiple pro-
cessorgroupsmeansthatat differentpointsof theprogram
executiontheimplementationcanbebasedon differentde-
compositionsof the entireprocessorset into a partition of
processorsubsetsso that the assignmentof processorsto



groupscanvaryduringtheexecution.To achieveefficiency
the organizationinto groupsshouldbe predefinedfor the
entireprogramin orderto havea low overheadfor building
groupsandswitchingbetweengroupsduringruntime.

In this paper, we presenta library supportfor theparal-
lel programmingin the group-SPMDmodel with orthog-
onal processorgroups. This library is calledORT library.
Theadvantageof a library supportis to have a comfortable
specificationmechanismfor group-SPMDprogramsandan
executableimplementationat the sametime. We consider
parallel programsconsistingof a numberof consecutive
group-SPMDphaseswhereeachphaseusesoneof thepre-
definedpartitions. To indicatedifferentprogrampartswe
provide library functionsthat structurethe program. The
executionof thelibrary functionsusespredefinedprocessor
groupstructureswhich areinitialized by somestartingrou-
tines. This programmingstyle allows the applicationpro-
grammerto specifytheprogramorganizationin aclearand
readableprogramcode. We have implementedthe library
for theuseof orthogonalprocessorstructuresondistributed
memorymachinesontopof thecommunicationlibrary MPI
sothatthespecificationprogramis executableon message-
passingmachines.The applicationprogrammerinitializes
theunderlyinggroupstructuresby calling thestartingrou-
tine but doesnot have to copewith theprocessororganiza-
tion so thatheor shecanconcentrateon themostefficient
realizationof theprogram.Our targetmachinesarea Cray
T3E anda clusterof workstations.As exampleprograms
we usethe well-known LU-decompositionand a specific
solver for systemsof ordinary differential equationswith
mixed taskanddataparallelism. Both examplesare real-
izedwith the library. Measurementsshow that theruntime
of the applicationprogramdecreaseswhen exploiting the
potentialof mixed taskanddataparallelismwith the spe-
cific organizationof orthogonalprocessorgroups.

The rest of the paperis organizedas follows. Section
2 describesthe library support. Section3 illustratesthe
programmingstyle with exampleprogramsfor which we
presentruntimeexperimentsin Section4. Relatedwork is
discussedin Section5 andSection6 concludesthepaper.
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Figure 1. Illustration of an orthogonal group structure
for the two-dimensional case.

2 The ORT Library

Oneof themaingoalsof theORT programminglibrary
is the user-friendly managementof orthogonalprocessor
groups.Theinterfaceis intendedto give theuserthepossi-
bility to selectprocessorgroupsfor distinct programtasks
andto organizegroupcommunicationoperationsin an ef-
fectiveandcomfortableway.

2.1 Generalapproachand programming support

TheORT library supportsthedevelopmentof message-
passingprogramsfor parallelmachineswith a distributed
addressspace.The processorsare logically arrangedin a
grid structureandtheprogrammercanassigncomputations
to orthogonalslicesof theprocessorgrid.

TheORT library providesfunctionsto supporta group-
SPMD parallel programmingmodel that allows a mixed
taskanddataparallelimplementationof parallelalgorithms.
TheORT functionsareusedin a parallelprogramto struc-
ture theprograminto phaseswhich areto beperformedin
a group-SPMDstylewith changinggrouppartitionsof the
processors.Programpartsoutsideorthogonalsectionsare
executedin theusualSPMDstyle.

The conceptis bestillustratedfor the two-dimensional
case. The set of processorsV is grouped in a two-
dimensionalgrid. The rows of this grid form a partitionWYX)Z�[)[�[�Z:W]\

of theprocessorsinto subgroups.Thecolumns
of thegrid form anotherpartition ^ X)Z)[�[)[,Z ^`_ which is or-
thogonalto the first partition, seeFigure1 for an illustra-
tion. Theideaof theORT library is to allow theassignment
of computationsto thesubgroupsof thedifferentpartitions
sothatthesubgroupsof onepartitionwork in ataskparallel
way. The flexibility of this programmingapproachcomes
from the fact that the differentpartitionsmay be active at
differenttimesof theprogramexecution,but in onespecific
phaseonly one partition is active. The processorswithin
onegroupof apartitionperformthesamecomputationsand
cancommunicatewith eachother, i.e., performan SPMD
computation.However, the processorsof differentgroups
of the samepartition are not intendedto communicatein
this phase(althoughthis is possible).If communicationis
requiredfor thespecificapplication,this shouldbedonein
a subsequentprogramphasewith anothergroup partition
in which thecommunicatingprocessorsaremembersof the
samegroup.

To supportthe programmingwith orthogonalprocessor
structureswe provide several library functionswhich are
implementedon topof theMPI communicationlibrary. We
useC ashost language.The interfacehasbeendesigned
similarly to the Pthreads-interface,i.e., the function to be
executedon theselectedprocessorgroupis givenasanar-
gumentto aspecificlibrary function.Theargumentsof that



function are provided as an additionalparameterof type
void *. Thisrequirestheprogrammerto packthefunction
argumentsin a singledatastructurewhich keepsthe inter-
faceof thelibrary functioncleanandprovidesflexibility for
thespecificationof theargumentfunction.An advantageof
thesimilarity to thePthreadsstyleis thatthehandlingof the
library is donein afamiliarstylealthoughtheprogramming
modelis completelydifferent.

Besidesthecodedargumentvector, thefunctionsthatare
executedin a taskparallelway usingtheORT library must
haveanadditionalparameterthatspecifiesanMPI commu-
nicator. For theexecutionof thefunction,this communica-
tor is providedby theruntimesystemof thelibrary accord-
ing to thespecificationof theprogrammer. Group-internal
communicationduring the executionof sucha function is
obtainedby using this communicatorfor the executionof
thecommunicationoperation.Globalcommunicationoper-
ationscanstill be executedby usingothercommunicators
likeMPI COMM WORLD.

2.2 Interface of the ORT library

Theuserinterfaceof theORT library is definedby sev-
eral library functionsfor the definition of processorparti-
tions and the structuringof group-SPMDsectionsof the
program. The ORT library functionsarecalled in the pa-
rallel programandserve two purposes:First, they canbe
usedto specify the parallelstructuresof the group-SPMD
programsin a clearway. Second,the resultingprogramis
executableonall platformsonwhich MPI is available.

Theprototypesof thelibrary functionsaredefinedin or-

tho.h whichmustbeincludedin theprogram.
To initialize theorthogonalprocessorstructure,thefunc-

tion ORT Init() is provided.

int ORT Init( int dimension,
int *proc dim,
MPI Comm comm,
ORT Structure *ort)

This functionhasto beexecutedbeforeany otherfunction
of thelibrary is called.Thefunctionestablishesadatastruc-
turewhich containstheMPI communicatorsfor all orthog-
onalprocessorgroupsin which thecalling processoris in-
volved.Theparametershave thefollowing meaning:

a dimension specifiesthenumberof dimensionsof the
processorstructure;

a proc dim is anarrayof lengthdimension thatspec-
ifies the numberof processorsin eachof the dimen-
sions. This numbermustbeat least1. Moreover, the
productof the entriesof the arraymust be the same
or smallerthanthe overall numberof processorspro-
vided;

a comm is theglobalMPI communicatorprovidedfor the
processors;this is usuallyMPI COMM WORLD, but can
alsobeanothercommunicator;

a ort is a pointerto anobjectof typeORT Structure

which is filled by thecall to ORT Init() andis used
by latercallsof ORT functions.

A call of thefunction

ORT Finalize(ORT Structure ort);

freestheORT Structure. This function shouldbe called
before the MPI environment is finalized. No other ORT
functionshouldbecalledafterORT Finalize().

To executetaskson subgroupsof the orthogonalpro-
cessorstructure,theORT functionORT Section() is pro-
videdwhichexpectsapointerto thefunctionto beexecuted
asargumentandhasadditionalparametersfor theselection
of thesubstructure:

int ORT Section(
int dimension,
int *dim select,
void * (*f)(void *, MPI Comm comm),
void *arg,
ORT Structure ort)

Theparametershave thefollowing meaning:

a dimension specifiesthenumberof dimensionsof the
processorstructure.

a dim select is an array of length dimension that
specifiesthe dimensionof the selectedsub-structure
by specifyingfor eachdimensionhow it is represented
in thesub-structure;thefollowing valuesareallowed:

– ORT ALL: the correspondingdimensionis con-
tainedin thesub-structure;

– ORT PARALLEL: thecorrespondingdimensionis
not containedin the sub-structure,all processor
groups in the correspondingdimensionof the
processorgrid work in parallel;

– k where b is a valuebetween0 and the sizeof
the processorstructurein this dimensionminus
1: onespecificpositionis selectedin this dimen-
sion, the remainingentriesarenot usedfor the
computation;

a f is the function to be executedby the processorsof
the selectedsub-structure;the function shouldexpect
two arguments,one of type void * to which arbi-
trary argumentsmay be mapped,and one communi-
catorfor theexecutionof theinternalcommunications
within f. Collectivecommunicationandreductionop-
erationsthat are performedduring the execution of



f with this communicatorperformgroup-basedcom-
municationoperations.At runtime, this communica-
tor is automaticallyselectedby theimplementationof
ORT Section.

a arg containstheparametersfor thefunctioncall.
a ort is anobjectof typeORT Structure thathasbeen

previously returnedby ORT Section().

Sincetwo-dimensionalvirtual processorgrids areoften
used,several functionsare provided for convenience,see
Figure2 for anillustration.Thefunction

int ORT Vertical section(
int k,
void * (*f) (void *, MPI Comm comm),
void *arg,
ORT Structure ort);

is providedasanabbreviation for theactivationof thegen-
eralfunctionORT Section(2,dim select,f,arg,ort)

with argument value dim select=
�
k,ORT ALL � . Each

processorin theverticalgroupk executesthespecifiedfunc-
tion f in anSPMD-like way togetherwith all otherproces-
sorsin thesamegroup.Only theprocessorsin thisgroupare
activeduringtheexecutionof thefunction.Thefunction

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

is an abbreviation for the activation of the generalfunc-
tion ORT Section(2,dim select,f,arg,ort) with ar-
gument value dim select=

�
ORT PARALLEL,ORT ALL � .

Eachprocessorexecutesthespecifiedfunctionin anSPMD-
likeway togetherwith theotherprocessorsin thesamecol-
umn group. A processorin columngroupk may perform
computationsaswell ascollective communicationandre-
ductionoperationsinvolving theprocessorsin thesamecol-
umn.This is doneconcurrentlyto theotherverticalproces-
sor groups. Thus,ORT Vertall section() corresponds
to a parallelloop over all columngroupsk whereeachiter-
ation executesORT Vertical section(f,arg,k,ort).
Thefunction

int ORT Horizontal section(
int k,
void * (*f) (void *, MPI Comm comm),
void *arg,
ORT Structure ort);

is an abbreviation for the activation of the general
function ORT Section(2,dim select,f,arg,ort)

with argument value dim select=
�
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 *, MPI Comm comm),
void *arg,
ORT Structure ort);

is anabbreviation for theactivationof thegeneralfunction
ORT Section(2,dim select,f,arg,ort) with argu-
ment value dim select=

�
ORT ALL,ORT PARALLEL � ,

i.e., ORT Horall section() is similar to
ORT Vertall section() but usesthe horizontal group
structure.

Severalfunctionsareprovidedto allow theprocessorsto
obtaininformationaboutactive or othersubstructuresdur-
ing theexecutionof afunctionwithin anorthogonalsection.
For example,thereis a function to give eachprocessorin-
formationon its position in a specificsubstructureandon
its membershipto aspecificorthogonalgroup:

int ORT Group ranks(int ndims,
int *dim select,
int *ranks,
ORT Structure ort);

The array dim select of size ndims is used to spec-
ify a subgroupstructure that has been previously built
by ORT Init(). The selectionis madeas describedfor
ORT Section(). The function ORT Group ranks() can
beusedfor processorgridsof arbitrarydimension.It returns
thearrayranks of sizendims with thespecificpositions
in the remainingdimensionsfor the orthogonalprocessor
group.

2.3 Implementation issues

The datastructureORT Structure is the coreof the
ORT library implementation.The implementationis hid-
denwithin the library implementationandconsistsof sev-
eral componentswhich cannotbe accesseddirectly by the
programmer. The main componentis an arrayto storethe
MPI communicatorsfor eachorthogonalprocessorgroup.
The communicatorswhich areeitherconstructedat begin-
ningor at runtimeareorderedusingabinarynumberrepre-
sentationof thecorrespondingorthogonalprocessorgroup.
To obtainthepositionin thatarrayeachdimensionis repre-
sentedasonebit. If a dimensionis includedin a groupthe
correspondingbit will besetto 1. This allows a simpleand
quick translationof thedim select arraycontentsused
by ORT Section into the right arrayposition. Thecom-
municatorsareconstructedusingtheMPI library functions
MPI Cart create() andMPI Cart sub(). An inter-
nal ORT library parameterdefinesthe dimensionlimit up
to which the communicatorsareconstructedat the initial-
ization. Currentlythis limit is setto 4. All arraypositions
areinitialized with MPI COMM NULL to testat runtimeif a
communicatoris alreadyconstructed.
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Figure 2. Illustration of two-dimensional orthogonal structures. The gray parts depict active computation parts in the
group processor structure.

Three steps are neededto determinethe orthogonal
processorgroupswhich execute the user function of an
ORT Section() call. First the dim select array is
usedto computethepositionin thecommunicatorarray. If
the c -th elementof theselectionarrayis equalto ORT ALL
thecorrespondingbit in thepositionpointeris setto 1. The
positionlocatedis usedto accessthecommunicatorwhich
have to beprovidedfor theuserfunctionasparameter. The
secondstepis to checkwhetheror not the communicator
for the selectedorthogonalprocessorgroupalreadyexists.
If not, the contentsof the selectionarrayareusedto con-
struct the correspondingcommunicator. Finally the exe-
cuting processordeterminesits membershipto oneof the
selectedorthogonalprocessorgroups.This is doneby iter-
atingoverall dimensionsof theprocessorgrid andtestingif
eitheradimensionis includedin all selectedorthogonalpro-
cessorgroups(ORT ALL) or eachprocessorof thatdimen-
sionis includedin oneselectedgroup(ORT PARALLEL) or
thegivenindex k selectstheexecutingprocessorin thatdi-
mension.If at leastoneconditionfor anarbitrarydimension
is not fulfilled theexecutingprocessorwill not take part in
the executionof the userfunction with the previously lo-
catedcommunicatorasparameter.

3 Example Application

We demonstratethe useof the ORT library by two ex-
ampleapplications,thewell-known LU decompositionfor
solvinglinearsystemsof equationsandaspecificsolver for
systemsof ordinarydifferentialequations.For bothexam-
ples,we show the main structureof an ORT implementa-
tion.

LU decomposition We considera parallelLU decompo-
sition with a double-cyclic datadistribution. A specifica-
tion within the library is givenin Figure3 (thevariablep1
specifiesthenumberof processorsin therowsof thevirtual
processorgrid).
determine pivot lnr() computesthe largest value of
the local elementsof matrix column b . The global max-
imum of thesevaluesand the correspondingline number

arecomputedby anMPI Allreduce call insidethecolumn
groupwhichowns b .
distribute pivot lnr() distributesthepivot line num-
ber within the row groups,thus making the index of the
pivot row availableto eachprocessor.
exchange pivot line() exchangesthelocalelementsof
the pivot row d and the currentrow b . If the rows d and
b arestoredin the samerow group,only local exchanges
arenecessary. If not, theprocessorsof thetwo row groups
involvedexchangetheir localelementsof rows d and b with
thecorrespondingprocessorin theotherrow group.
broadcast pivot line() broadcaststhepivot row, thus
makingit availableto all processorsfor thefollowing elim-
inationstep.
determine L factors() computesthe elimination fac-
tors for column b by the processorsin the corresponding
columngroup. Eachprocessorthathasa partof column b
participatesin theoperation.
distribute L factors() broadcaststhe elimination
factorscomputedin therow groups.
update U factors() performstheactualeliminationstep
of theremainingmatrixelementsusingtheeliminationfac-
torscomputed.This functioncontainsnocommunication.

Iterated Runge-Kutta method Our secondexample is
an explicit iteratedRunge-Kutta (RK) methodfor the so-
lution of systemsof ordinarydifferentialequations(ODEs)
[15, 16]. The solutionmethodperformsconsecutive time
stepsto computeapproximationvectorsof the solutionat
discretepointsof theindependentvariable,usuallydenoted
astime variable. In eachof the time stepsthe RK method
computesa fixed numberof stagevectorsby fixed point
iteration. The time loop and the fixed point loop have to
be computedconsecutively. The numberof fixed point it-
erationsis selectedaccordingto the orderof the underly-
ing implicit RK methodso that a guaranteedconvergence
order results. Eachstepof the fixed point iterationoffers
mixed taskanddataparallelismasthe differentstagevec-
tors can be computedconcurrentlyto eachother and the
computationof eachstagevectorcanbedistributedamong
theprocessorsof onegroup. Thus,thecomputationof the



typedef struct {
ORT_Structure ort;
[...] /* list of variables */
} LU_VARIABLES;

int gauss(void *arg) {
LU_VARIABLES *luv=(LU_VARIABLES *)arg;
ORT_Structure ort=luv->ort;
[...] /* initialization code */
for(k=0;k<n-1;k++) {

/* column group determines pivot element */
ORT_Vertical_section(k%p1, (void *)determine_pivot_lnr, (void *)luv, ort);
/* broadcast pivot line nr to row groups */
ORT_Horall_section( (void *)distribute_pivot_lnr, (void *)luv, ort);
/* local or global exchange pivot line */
ORT_Vertall_section( (void *)exchange_pivot_line, (void *)luv, ort);
/* broadcast pivot line */
ORT_Vertall_section( (void *)broadcast_pivot_line, (void *)luv, ort);
/* column group determines L factors */
ORT_Vertical_section(k%p1, (void *)determine_L_factors, (void *)luv,ort);
/* broadcast L factors to row groups */
ORT_Horall_section( (void *)distribute_L_factors, (void *)luv, ort);
/* update U factors */
update_U_factors(luv);

} }

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

stagevectorscanbe realizedusinga partition of the pro-
cessorsinto subsetsof equalsizesothatonestagevectoris
uniquelyassignedto onegroupof thepartition.Thecompu-
tationsof stagevectorsarenot completelyindependentbut
requiresomeregular dataexchangeafter eachfixed point
step,whereevery processorof eachgroup holding a part
of a vectorneedsonly the correspondingvectorelements
of othervectorsthathave beencomputedby theotherpro-
cessorgroups.This structuresuggeststo useadditionalor-
thogonalprocessorgroupsreducingthe communicationto
concurrentgroupcommunications.Thecodestructurefor m
fixedpoint stepsin eachtime stepis givenin thefollowing
codefragment:

do
�
for (j=0 ; j<m ; j++)

�
ORT Horall section( computevectors );
ORT Vertall section( dataexchange );

�
compute approximation

� while ( error condition )

The iteratedRK methodcanbe usedto solve arbitrary
time-dependentpartialdifferentialequations(PDEs)by us-
ing themethodsof lines,which leadsto a systemof ODEs
in the time domainwith an equationfor eachspatialdis-
cretizationpoint.

4 Runtime Experiments

The ORT library and the exampleapplicationsare im-
plementedon two message-passingmachines,a CrayT3E1

anda clusterof 528 Linux PCs(CLiC - ChemnitzLinux
Cluster)2 connectedwith switch-coupled100MBit Ether-
net. Figure4 comparestheresultingspeedupvaluesof the
LU decompositionusinga column-cyclic anda row-cyclic
distributionof thematrixentrieswith animplementationus-
ing theORT library. ThefigureshowsthatontheCrayT3E,
therow-cyclic distribution leadsto largerspeedupsthanthe
column-cyclic distributionandtheimplementationwith the
ORT library leadsto even larger speedupsdue to the re-
ducedinternalcommunicationoverhead.

Figure 5 comparesthe same versions on the CLiC.
The resultsaresimilar, but the speedupsof the row-cyclic
andthecolumn-cyclic implementationshave changedtheir
roles. The overall speedupvaluesare smaller than the
speedupson the Cray T3E becausethe T3E hasan inter-
connectionnetwork with a muchlarger bandwidthso that
communicationoperationsareexecutedfasterthanon the
CLiC. Table1 shows the percentageof the runtimeof the
differentphasesin thedifferentversionsfor 64processors.

1at theNIC supercomputingcenterat Jülich, Germany
2Number156on theTOP500list (June2001)



function name orth. proc. groups row-cyclic distr. col.-cyclicdistr.
CLiC T3E CLiC T3E CLiC T3E

determine pivot lnr() 1.36% 1.10% 14.03% 6.47% 0.07% 0.26%
distribute pivot lnr() 12.42% 7.81% 8.29% 13.73%
exchange pivot line() 1.69% 0.27% 0.62% 0.11% 0.05% 0.07%
broadcast pivot line() 9.16% 1.90% 45.71% 11.08%
determine 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%
update U factors() 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 showsspeedupvaluesfor differentparallelver-
sionsof an iteratedRK method[21] on a Cray T3E. As
basicRK method,a LobattoIIIC6 methodwith four stages
hasbeenusedwhich resultsin amethodof convergenceor-
der6. Eachtime stepperformsfive iterations.Themethod
hasbeenusedfor thesolutionof theBrusselatorequation,
a time-dependent2D reaction-diffusion equationusingthe
methodof lines[7]. Performingaspatialdiscretizationwith
a uniform grid with e grid pointsin eachdimensionleads
to anODEsystemof size f(e!g . Thefigureshows theresults
for a h&fjikh&f grid. Theresultingright handsidefunction l
of theODE systemis a sparsefunction,i.e., theevaluation
of eachcomponentof l dependsonly onafixednumberof
componentsof theargumentvector, thusleadingto a linear
dependenceof thetotal evaluationtime of l on thesizeof
the ODE system. Figure 6 comparesa puredataparallel
realizationof the iteratedRK method,a generaltaskparal-
lel implementationwhichperformsthecomputationsof the
approximationsof thestagevectorsconcurrentlyby differ-
entgroupsof processors,andataskparallelimplementation
which is optimizedby usingorthogonalprocessorgroups.
For this example,the puredataparallel implementationis
muchfasterthanthemixedtaskanddataparallelimplemen-
tation.This is alsothecasefor theimplementationwith the
orthogonalgroupsfor a small numberof processors.But
the scalability propertiesare improved by using orthogo-
nal processorgroupsandfor morethan32 processors,this
implementationis gettingbetterthanthe dataparallel im-
plementation.For 64 processors,it is twice asfastas the
dataparallelimplementation.Figure7 showstheresultsfor
aniteratedRK methodthatis basedonaRadauIIA method
with four stagesto theBrusselatorequationon a T3E. The
resultsaresimilar thanfor theLobattoIIIC6 basedmethod,
but theimplementationwith orthogonalprocessorgroupsis
now competitivealsofor asmallnumberof processors.

Theoverallspeedupvaluesof theiteratedRK methodare
notvery largewhenappliedto sparseODEsystems.Onthe
CLiC, for sparseODEsystemsnospeedupis reachedsince
the computationaleffort is small comparedto the commu-
nication overhead. This changes,when applying iterated
RK methodsto denseODEsystems,whicharise,e.g.,from

Galerkinsolutionsof PDEs.A denseODE systemis char-
acterizedby the fact that the evaluationtime of eachcom-
ponentof l dependson all or nearlyall componentsof its
argumentvector, i.e., theevaluationtimeof theentirefunc-
tion l dependsquadraticallyonthesizeof theODEsystem.
Applying an iteratedRK methodto a denseODE system
leadsto nearlyideal speedupvalueson theT3E for botha
puredataparallelrealizationanda group-basedimplemen-
tationwith orthogonalprocessorgroups.

Figures8 and 9 show that on the CLiC, speedupval-
uescanbereachedfor denseODE systems.In particular, it
canbeseenthattheimplementationwith orthogonalproces-
sorgroupsreachesspeedupvaluesthatarequiteimpressive
comparedto the speedupvaluesof a puredataparallelre-
alization.Thelargedifferenceis causedby thefactthatthe
executiontime of collectivecommunicationoperationslike
broadcastoperationsincreasessignificantlywith the num-
berof executingprocessors,so that theuseof smallerpro-
cessorgroupsis especiallyvaluable.

5 Comparisonwith RelatedWork

Relatedwork comesfrom differentresearchdirections,
including programmingmodelsand software supportfor
scientificcomputing,parallel languagesand libraries,and
mixedtaskanddataparallelism[2, 18].

Several modelshave beenproposedto supportthe pro-
grammerin writing efficient programswithout dealingtoo
muchwith theunderlyingcommunicationandcoordination
detailsof a specificparallelmachine,see[18] for a good
overview. A lot of researchhasbeeninvestedin thedevel-
opmentof the BSP(bulk synchronousparallelism)model
and there exists a programminglibrary (Oxford BSP li-
brary) that allows the formulationof BSPprogramsin an
SPMDstyle[8, 11].

Many environmentsfor scientificcomputingareexten-
sionsto the HPFdataparallel language.A goodoverview
canbe found in [4]. An exampleis HPJava which adopts
thedatadistribution conceptsof HPFbut 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 threadsandincludescollective communication
operationsencapsulatedin a communicationlibrary. A lan-
guagedescriptionis givenin [22]. Theconceptof processor
groupsis supportedin thesensethatglobaldatadistributed
overoneprocessgroupcanbedefinedandthattheprogram
executioncontrolcanchooseoneof theprocessgroupstobe
active. In contrast,our approachprovidesprocessorgroups
which canwork simultaneouslyand, thus,canexploit the
potentialparallelismof theapplicationandthemachinere-
sourcesallocatedmoreefficiently. Hence,orthogonalpro-
cessorgroupsseemto provide the right level for applica-
tionswith mediumor fine-grainedpotentialparallelism.

LPARX is a parallel programmingsystemfor the de-
velopmentof dynamic,nonuniformscientificcomputations
supportingblock-irregulardatadistributions[10]. KeLPex-
tendsLPARX to supportthe developmentof efficient pro-
gramsfor hierarchicalparallelcomputerssuchasclustersof
SMPs[1, 4]. In comparisonto our approach,LPARX and
KeLP aremoredirectedtowardsthe realizationof irregu-
lar grid computationswhereasour approachconsidersthe
mappingof regulartaskgridsontodifferentpartitionsof the
samesetof processors.KeLPhasbeenextendedto KeLP-
HPFwhich usesanSPMDprogramto coordinatemultiple
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Figure 5. Speedup values for LU decomposition on
CLiC.

HPFtasksand,thus,combinesregulardataparallelcompu-
tationsin HPFwith acoordinationlayerfor irregularblock-
structuredfeatureson onegrid [12].

Otherapproacheshave beenproposedto combinetask
anddataparallelism.LanguageapproachesincludeBraid,
FortranM, Fx, Opus,andOrca,see[2] for agoodoverview
and comparison. Fortran M [6, 5] allows the creationof
processeswhich cancommunicatewith eachotherby pre-
definedchannelsand which can be combinedwith HPF
Fortranfor a mixed taskanddataparallelexecution. The
Fx [19, 20] approachallows the expressionof task pa-
rallelism by the definition of parallel sectionswhich may
containsubroutinecallsandloopswith constantboundsin
therebody. Subroutinescanbe executedin a dataparallel
way andtheir interfacewith cooperatingsubroutinesis ex-
pressedby inputandoutputdirectives.Subroutineswithout
datadependenciescanbe executedby independentgroups
of processors.This is expressedby groupingsubroutine
calls to modulesif they areexecutedby the sameproces-
sor group. An exploitation of task and data parallelism
in the context of a parallelizingcompilercanbe found in
theParadigmcompiler[9, 13,14]. TheParadigmcompiler
providesa framework that expressestaskparallelismby a
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sions of the Lobatto IIIC6 based iterated RK method
applied to a sparse ODE system on a Cray T3E-1200.

macrodata-flow graphwhich hasbeenderivedfrom thehi-
erarchicaltask graphsusedin the Parafrasecompiler [3].
Nodesin themacrodata-flow graphcorrespondto basicpa-
rallel tasksor loop constructs,edgescorrespondto prece-
denceconstraintsthat exist betweentasks. The nodesand
edgesareweightedwith processinganddatatransfercosts
bothof whichdependon thenumberof processorsusedfor
theexecution. [13] describesschedulingandallocational-
gorithmsfor macrodata-flow graphswhereallocationde-
cideson thenumberof processorsto usefor eachnodeand
schedulingdecideson a schemeof executionfor the allo-
catednodes. Noneof theseapproachesprovidesan auto-
matedsupportfor thecreationof processorgroupsthatcan
be usedin an alternatingor changingway without explicit
codingby theapplicationprogrammer.

6 Conclusionsand Futur eWork

Writing efficient message-passingprogramsfor a larger
numberof processorsis often difficult sincethe influence
of the communicationoverheadincreaseswith an increas-
ing numberof processors,especiallyif collective commu-
nication operationsare involved. In this article, we have
proposeda library on top of MPI to supporttheapplication
programmerin writing efficient parallelprogramswithout
dealingwith all detailsof the processormanagement.Us-
ing thelibrary releasestheprogrammerfrom organizingthe
processorsinto orthogonalstructuresandsubstructuresand
from generatingandmanagingthe correspondingcommu-
nication operations. Instead,the applicationprogrammer
canconcentrateon theparallelalgorithmdesign.

We have shown thatanexploitationof orthogonalstruc-
turescanbeusefulfor applicationprogramslikeLU factor-
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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-
ducedcomparedto theimplementationsthatdo not exploit
an orthogonalstructure,but alreadyhave shown reason-
ablespeedups.It canbeobservedthatorthogonalprocessor
groupsimprove thescalabilitybehavior.

Another example for the use of orthogonalstructures
are implementationsof implicit Runge-Kutta methodsfor
stiff ODEequationswhichrequirethesolutionof nonlinear
equationsystemsin eachtime step.For diagonally-implicit
iteratedRK methods,eachtimesteprequiresthesolutionof
independentnon-linearequationsystemsexhibiting a sim-
ilar structureas the iteratedRK methodconsideredin the
paperwith the differencethat insteadof evaluatingfunc-
tions,nonlinearequationsystemshave to besolved. Using
a Newton methodwith internal LU factorizationleadsto
an orthogonalcomputationstructurewith an outerandan
inner level requiringanorganizationof theprocessorsin a
three-dimensionalgrid.
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