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Abstract

With the increasing availability of high-performance
massivelyparallel computersystems,theprevalenceof so-
phisticatedscienti�c simulation has grown rapidly. The
complexity of thescienti�c modelsbeingsimulatedhasalso
evolved,leadingto a varietyof coupledmulti-physicssim-
ulation codes. Such cooperating parallel programs re-
quire fundamentally new interaction capabilities, to
ef�ciently exchange parallel data structures and collec-
tively invoke methodsacrossprograms.So-called“M � N”
research, as part of the CommonComponentArchitec-
ture (CCA)effort, addressesthesespecialandchallenging
needs,to providegeneralizedinterfacesandtoolsthat sup-
port �exible parallel data redistribution and parallel
remote method invocation. Using this technology, dis-
tinct simulation codes with disparate distributed data
decompositionscan work together to achieve greater sci-
enti�c discoveries.

1. Intr oduction

Scienti�c computingis adoptingmoresophisticatedsci-
enti�c modelsthatcombinemultiplephysicalmodelsinto a
singleadvancedsimulationexperiment.Forexample,byap-
plying severallive simulationprogramsasdynamicbound-
aryconditions,in placeof themoretraditionalstaticbound-

Figure 1. The “M � N” Problem

ary approaches,new resultsof a higher �delity arepossi-
ble.Projectsnow usingthisapproachincludebiologicalcell
modeling,climatemodeling,spaceweather, �uid-structure
coupling,and fusion energy simulation.Yet suchcoupled
simulationmodelsintroduceawholesuiteof complications,
especiallywheneachindividualmodelcanhavea different
temporalscale,spatialmeshorganization,and/ordistributed
datadecomposition.Individual simulationmodelsarealso
oftendevelopedindependentlyby differentresearchteams,
leadingto challengingsoftwareintegrationobstacles.Also,
thereare major applicationmodelingand appliedmathe-
maticsproblemsinvolvedin combiningmultiple models.

High-performancecomputingintroducesan additional



complicationwhenthe individual modelsareparallelpro-
grams:the “M � N ” problem(pronounced“M by N”). In
theM� N problem,two parallel simulationprogramsmust
cooperateandexchangedata.However, onesimulationex-
ecuteson a setof “M” processesandtheotherexecuteson
a potentiallydistinctsetof “N” processes,sofor a dataob-
jectto besharedbetweenthetwo simulationsamappingbe-
tweencorrespondingdataelementsmustbemade,andsoft-
ware infrastructuremust provide for the scheduling,syn-
chronizationand transferof dataelementsde�ned by the
mapping.Thisarrangementis illustratedin Figure1, where
M=8 andN=27,andmultiple processeson theN sidemust
export datavaluesfor eachsingleprocesseson theM side.
Thesetof operationsrequiredfor suchdatamanipulationis
referredto as“paralleldataredistribution” becausethedata
is effectively translatedfrom onedistributeddatadecompo-
sition into another.

Mostof theliteraturein parallelcomputingaboutdatare-
distribution dealswith balancingwork loadswhenshifting
from onecomputationalphaseto anotheron the sameset
of processes.Examplesinclude reassigningregions in an
adaptive meshre�nement algorithm or a �uids-structures
interactionsimulation.In distributedcomputing,“data re-
distribution” refers to how a distributed dataobject from
onesetof processesis assignedto a new setof processes.
This reassignmentmay try to achieve load balanceon the
receiving setof processes,but theessentialproblemis how
to specifyandde�ne which receiving process(es)getsdata
from whichsendingprocess(es).

Suchcomplicationshavemadescienti�c simulationsoft-
ware increasinglyunmanageable,prompting a variety of
software developmenttechniquesto handlethe complex-
ity of integratingsoftwaremodules,toolsandlibraries.One
solutionfor managingthissoftwarecomplexity is anevolu-
tion of theobject-orientedprogrammingconcept,known as
component-basedsoftware engineering(CBSE)[37]. This
methodologyhasbeensuccessfulin the businesssoftware
domain(e.g.CORBA [33], DCOM [31] andEnterpriseJav-
aBeans[36]), and is migrating into the scienti�c domain
in projectssuchas the CommonComponentArchitecture
(CCA) [2]. TheCCA extendstheconceptsof components,
ports andframeworksto high-performancescienti�c com-
putingin parallelanddistributedenvironments.

As part of the open CCA Forum [8] and the Cen-
ter for Component Technology for TerascaleSimula-
tion Software [9] (partof theScienti�c Discovery through
Advanced Computing (SciDAC) program [39]), the
M� N problemhasbeenexploredasa key enablingtech-
nologyfor component-basedscienti�c simulationsoftware.
An M� N Working Group, in cooperationwith a Scien-
ti�c Data ComponentsWorking Group and the Terascale
Simulation Tools and Technology [15] SciDAC Cen-
ter, have beendeveloping interfacesand technologythat

alleviatetheburdenon thescienti�c applicationsprogram-
mer in trying to assemblelarge coupledsimulationappli-
cations.The work hasemphasizedthe fundamentalinfras-
tructurerequiredfor two basicsetsof capabilities,namely
parallel data redistribution and collective methodexecu-
tion.

Usingagenericdescriptionof eachcomponent'sparallel
data,avarietyof dataexchangeoperationscanbeappliedto
transparentlycoupleparalleldataobjectscon�gured at run
time.Beyondparalleldataexchangeor redistributioncapa-
bilities, thereis alsotheneedfor concatenatingcomponent
“�lters, ” e.g. for spatialandtemporalinterpolationor unit
conversions.Suchcapabilitiesform thebasisfor a general,
extensibleM� N toolkit to encompassthefull rangeof gen-
eralizedmodelcouplingtechnology. Generalizingtheexist-
ing setof numericalinterpolationand �ltering schemesis
a major undertakingandapartfrom somepreliminaryex-
perimentsis beyond the scopeof our currentwork, which
concentratesonparallelcomponentinteractionsthatcanbe
solvedby computersciencemiddleware.

A related problem is when parallel componentsin-
voke methodson eachother, referredto asparallel remote
methodinvocation(PRMI). Although the term RMI origi-
natedin the Java community, hereit refersto the general
problem of interacting parallel object-orientedcompo-
nents. No well-de�ned widely acceptedsemanticsexist
yet for the possiblewide rangeof types of parallel in-
vocations. Methods could be invoked between serial
or parallel callers and callees,and used to perform ei-
ther coordinatedparallel operationsor to independently
updatelocal statein parallel. Such invocationscould re-
quire data argumentsor return results in either serial
or parallel (decomposedor replicated) data arrange-
ments.

PrototypeM� N componentand framework solutions
havebeendevelopedto explorethedesiredcapabilities.The
remainderof this paperdescribesthesesolutionsin more
detail.Section5 describesrelatedwork in M� N /coupling
research.Section2 provides basicbackgroundon CBSE
andcomponentconcepts,especiallyin the context of par-
allel anddistributedenvironments.This overview includes
a generalizedview of paralleldatastructuresandtheir un-
derlying distributed datadecompositions,as well as a re-
view of thesemanticsandissuesrelatingto PRMI.Section4
presentsa survey of component-basedM� N solutionsthat
havebeengeneratedin conjunctionwith theCCA effort. Fi-
nally, Section6 concludesandlookstowardfuturework in
thisarea.



2. Overview

2.1. De�nitions and Overview

Within theCCA Forum,a componentis a softwareunit
whichmaybeinstantiatedaspartof arunningprocess,oron
a setof multiple processes,e.g.,asanMPI job. It is there-
fore possibleto have one componentrunning as multiple
processes,aswell ashave multiple componentsall running
within oneprocess.Partitioningajob into parallelprocesses
typically implementsdomainor datadecomposition,while
partitioningataskinto componentsimplementsafunctional
or computationalphasedecomposition.In any case,thede-
compositioninto componentsis independentof any decom-
positioninto parallelprocesses,andwithin theCCA acom-
ponentcanspanmultiple MPI-likeparallelprocesses.

CommunicationbetweenCCA componentsis through
portswhich employ a uses/providesdesignpattern.A pro-
vides port is a public interface that a componentimple-
ments,that can be referencedand usedby other compo-
nents.A usesport is a connectionendpoint thatcanbeat-
tachedto aprovidesportof thesametype.Onceconnected,
theusesport becomesa referenceto theprovidesport and
thecomponentcanmakemethodinvocationson it.

Interfacesin the CCA are speci�ed with the Scienti�c
InterfaceDe�nition Language(SIDL). SIDL is objectori-
ented,designedwith an emphasison scienti�c comput-
ing [25].

In mostscienti�c computing,the decompositionof the
datain a problemto be solvedusingparallelcomputingis
basedon domaindecomposition,while the decomposition
providedby softwarecomponentmethodologyis typicallya
functionaldecomposition.Theproblemsintroducedby par-
allel componentsare particularly dif�cult when the prob-
lem has other forms of functional decomposition,some-
timesbasedon accessingdistributedor specializeddatare-
sources.

In parallelcomputinga communicationscheduleis the
sequenceof messagepassingrequiredto correctly move
dataamonga set of cooperatingprocesses.A communi-
cationscheduleis typically the mostdif�cult designissue
in parallel programmingand requirescomplex bookkeep-
ing aboutdataownershipby processesandthe corrector-
deringof sendsandreceivesto keeplocalcopiesupto date,
and to avoid deadlock.Someparallel programmingenvi-
ronmentsprovidesophisticatedaid in relieving usersof this
burdensomeproblem,and in somesensethe M� N prob-
lem is thecomponentversionof thecommunicationsched-
uleproblem.

Framework is the termusedin theCCA to describethe
executionenvironmentof a component-basedapplication.
In this context, it is useful to distinguishdirect-connected
frameworksanddistributedframeworks, althoughto anap-

Parallel Application Parallel Application

Direct-Connected
framework

Distributed 
framework

Component 1

Component 2

Component 3

Intra-Component
Communication

Port Interface
(Inter-Component
Communication)

A process

Figure 2. Direct-connected and Distrib uted
Frameworks

plication user there is no differencein the interfaces.In
direct-connectedframeworks, all componentsin one pro-
cesslive in the sameaddressspaceanda port invocation
thenlooks like a re�ned form of library call (seeleft side
of Figure2). A setof identicalcomponentinstancesacross
a givendirect-connectedframework is calleda cohort and
constitutesaparallel component. In Figure2 acohortwould
bethecirclesin thesamecolumn.All externalinteractions
betweenthis parallel componentand the restof the com-
ponentsoccurthroughport connections,whereasall inter-
nal interactionsamongthe cohortoccurout-of-bandfrom
theCCA framework (e.g.usingMPI).

In contrast,componentsin a distributedframework each
run in differentsetsof processeswhich maybedistributed
acrossmultiple machines.In this case,port invocationsbe-
comea re�ned form of RemoteMethodInvocation(RMI),
using a network communicationlibrary or other form of
interprocesscommunicationsuchas sharedmemory. The
right sideof Figure2 shows how 3 componentsare inter-
connectedin a distributedframework. Ideally, a framework
wouldprovidebothdirectanddistributedconnectionmech-
anisms.

All inter-component communication in distributed
frameworks is M� N . On the other hand, in the direct-
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connectioncase there is no M� N becausethe compo-
nents are co-located in the same processes.However,
M� N communicationcan still happen between paral-
lel programsrunning in separatedirect-connectedframe-
work instances.In this casethestandardapproachis to let
programscommunicatethrough intermediateM� N com-
ponents that are instantiatedco-located on both sides
of a connection.The M� N componentsprovide a ba-
sic API for parallel data transfer and redistribution be-
tween two parallel components(or for self connections,
suchasfor transposeoperations).The pair of M� N com-
ponent instancesfor a given connectionmust commu-
nicatewith eachother using an internal mechanismthat
is out-of-bandas far as the CCA speci�cation is con-
cerned.This scenario is shown in �gure 3. One such
implementationof anM� N componentis describedin Sec-
tion 4.1.

In a purely distributed case,componentsby de�nition
cannotbeco-locatedin thesameprocess.Thereforeit is not
possibleto usean M� N componentto mediatethe com-
municationlike it is donein the inter-framework casede-
scribedabove. Now the M� N communicationmustoccur
insidethe framework, aspart of theport abstraction.Ports
in distributedframeworksarebasedon theRMI paradigm,
sothatideamustbeexpandedto handlecallsbetweenpairs
of parallelcomponents.Theframework mustde�ne all the
semanticsof this parallelRMI interaction,including vari-
oussynchronizationissuesand the transferof methodar-
gumentsandthe resultingreturnvalue(s).Two implemen-
tationsof distributedframeworksthatsupportparallelcom-
ponentsandsomebasicPRMI capabilitiesarepresentedin
Sections4.2and4.3.

2.2. Parallel Data Representation

Whena datastructureis distributedacrosstheprocesses
in a parallelenvironment,many different layoutsarepos-
sible for the data.The datatransferand redistribution as-
sociatedwith anM� N or PRMI interaction,requiresrep-
resentationof thedatalayouton both sidesof the transac-
tion in a uniform way that is understoodby eachcompo-
nentand the entity (usuallyanothercomponentor frame-
work) that makes the transfer. The tools describedin this
papertake two primaryapproachesto representingthepar-
allel decompositionof arrays.

2.2.1. Linearization Meta-Chaos[35, 13], a couplingli-
brary developedat theUniversityof Maryland,introduced
theconceptof linearization. In thismethod,theelementsof
thesourcearrayaremappedto alinear, one-dimensionalar-
rangement,which constitutestheabstractintermediaterep-
resentation.The mappingbetweenthe sourceand target
templatesis thereforeimplicit andindirect.Theapplication
hascompletecontrolover themappingto andfrom this lin-
earrepresentation.

Linearizationis alsousedin the MPI-IO M� N device
developedat IndianaUniversity [6]. In this system,each
processonthereceiversidebroadcaststo thesenderswhich
chunksof datait requires,referencingthemto thelineariza-
tion. At theexpenseof thissmallcommunicationoverhead,
nocommunicationscheduleis required.

Linearizationsimpli�es the task of matchinga variety
of datastructures,from multidimensionalarraysto treesor
graphs.However, the applicationmust often know about
how the senderlinearizedthe datain order to make sense
of thede-linearizeddataat thereceiver'send.This typically
involves implicit knowledgeof the data structureon the
sender's side,or the explicit transferof informationabout
thesender's linearizationschemeto thereceiver.

2.2.2. Distrib uted Array Descriptor The dominanceof
arraysin scienti�c computingcalls,in general,for aspecial
levelof supportfor distributedarray(DA) datastructures.In
component-basedapplications,one issuethat mustbe ad-
dressedis how componentsusingdifferentdistributedar-
ray (DA) representations/packagescan inter-operate(even
withoutdataredistribution issues).

A top-down solutionmight be to standardizeon a sin-
gle DA packageand force all componentsto either use
it directly, or develop adaptersthat can convert between
the standard and native DA representations.This solu-
tion would also requiresigni�cant modi�cations to exist-
ing code,andtheuseof adaptersmighthaveseriousconse-
quencesfor performanceandmemoryrequirements(where
in-placeconversionbetweenDA representationsis notpos-
sible).Therefore,asa simplerstartingpoint, the CCA has
chosento take a bottom-upapproach,developing a Dis-



tributedArray Descriptor(DAD) thatprovidesglobaldata
distribution information and provides accessto the local
storageof eachprocess'spatch(es)of thedistributedarray.

Sucha descriptorcan be usedto facilitate the conver-
sion betweenDA representations,allowing the useof 2N
distinct convertersto/from the DAD' s intermediaterepre-
sentationrather than N 2 convertersdirectly coupling in-
dividual DA representationsor packages.However, many
componentsdonot needto interactwith acompletelyfunc-
tional DA package,but ratherthey just needto be able to
accessthememorylocationsconstitutingtheDA to acquire
a speci�cation of the global layout of the data.An exam-
ple of this might includedata-parallelcomponents,which
performoperationsontheir localportionof adistributedar-
ray. For parallelM� N dataredistribution, directaccessto
the DA's local memoryis often suf�cient (on the receiv-
ing side, the DA may �rst have to be allocatedusing the
DA package).Thoughtheremay be philosophicalobjec-
tions to short-circuitingthe DA package's interfacein this
way, this is a practicalapproachto facilitating interoper-
ability of componentsusingdistributedarraysin thenearto
mediumterm. The approachis highly pragmatic,andwill
work for most DA packagesand representationswe have
investigated.

The DAD interface supportsthe descriptionof dense
multidimensionalarrays.Work on other data structures,
suchassparsematricesandparticle�elds is planned.

Thegeneralmodelof distributedarrays,aswell asmuch
of the speci�c terminologyusedin the CCA's DAD inter-
face(version1) [4] is largely patternedafter theHigh Per-
formanceFortran (HPF) [17, 21] distributedarray model.
Both DAD and HPF distinguishbetweenarray templates
andthe actualarraysthat hold the data.Templatescanbe
thoughtof asvirtual arraysthat specify the logical distri-
bution of the array acrossthe processes.Any numberof
actualarrayscan be aligned, or mapped,to a given tem-
plate,simplifying computationandreuseof communication
schedulesandother forms of pre-planningfor datamove-
mentoperations.The mappingof actualarraysonto tem-
platesis alsoextremely�e xible in the HPF model,allow-
ing theexpressionof complex relationshipsin thedistribu-
tionsof multipleactualarrays.

With oneexception,thetypesof distributionssupported
by theCCA distributedarraydescriptorareper-axis,sothat
thecompletedatadistributionrequiresthespeci�cationof a
distribution on eachaxisof thearray. Thesupporteddistri-
butionsinclude:

� Collapsed:all elementsof the axis belongto a single
process.

� Block-Cyclic: the elementsare divided into regular
blocksanddistributedcyclically acrossall processes
the axis. If blocks are sizedso that eachprocessre-
ceivesexactly oneblock, this is oftenreferredto sim-

ply asablockdistribution,andtheotherextremeof one
elementperblock is commonlyknown asa cyclic dis-
tribution.Intermediatesizedblocksresultin morethan
oneblock assignedperprocess.

� GeneralizedBlock: a variantof theblock distribution
introducedby the Global Array [32] packagethat al-
lows oneblock per process,but the blockscanbe of
differentsizes.

� Implicit: a distribution typeusedin HPFthatprovides
complete�e xibility in how thedatais distributedat the
costof oneindex elementperdataelement,andpoten-
tially expensivequeriesinto thedescriptor.

Thereis oneadditionaldistributiontypesupportedin the
CCA DAD which is global to the entirearray ratherthan
axis-speci�c:

� Explicit: allows completelyarbitrary distributions to
bespeci�edasacollectionof (multidimensional)rect-
angularpatches,eachassignedto a particularprocess.
The patchesmust not overlap and must completely
cover thetemplate.

The generalizedblock, HPF-styleimplicit, andexplicit
datadistributionsallow descriptionof more irregular data
distributionsthanthe morecommonblock-cyclic distribu-
tion1. This facilitatessupportfor applicationswith irregu-
larly distributedarrays,but mayposea barrierfor interop-
erability in somecases,becausemany DA packagesdo not
supportthesemoregeneraldistributions.

The �e xibility of the DAD allows for compactdescrip-
tions of many typesof distributions.Using the mostcom-
pactdescriptorappropriatefor a givendistribution usually
allows a DA packageto provide betterperformancethan
is possiblefor a completelygeneral,structurelesslineariza-
tion, suchastheDAD' s implicit distribution type.

2.3. Data Redistribution

Often, two componentsin a coupledsimulation must
both accessa distributedarrayover a long periodof time
usingdifferentdistributions.The contentsof the arraycan
change,soa persistentmechanismfor keepingthe two lo-
cal copiesidenticalis required.In this context, we saythat
the two objectsare coupled. This coupling can be asym-
metrical,for examplewhenonecopy (thereceiver'sor syn-
chronizedcopy), isactuallyasamplingof thelarger, remote,
copy. On theotherhand,sometimesthe dataonly needbe
transferedonce.

The API of the CCA M� N component(Section4.1)
implementsboth one-timeand persistentcommunication

1 Implicit andexplicit distributionsallow theexpressionof completely
arbitrarydatadistributions,while generalizedblock is more limited,
but still supportsabroadrangeof irregulardistributions.



primitives.The PRMI model (section2.4), however, only
supportsone-timecommunicationbecauseof the limita-
tionsof theRMI paradigm.

A communicationschedulefor distributedarraysspeci-
�es thedestinationprocessof eachof thedataelementsin
the sourcearrayandtheir locationsin the destinationpro-
cesses.Thisscheduleis computedprior to thetransferoper-
ation,andcanbereusedin consecutive transfers,andeven
for differentarraysaslongasthey conformto thesamedis-
tribution template.

Communicationschedulescanbeexpensiveto calculate,
especiallyif the varietiesof sourceand destinationtem-
platesarenumerous.Oneway to simplify this operationis
to have anintermediaterepresentationin themappingpro-
cessfrom thesourcelayoutto thetargetlayout.Ratherthan
matchingsourceand target templatesdirectly, the system
refersthe layoutsto this intermediaterepresentation.It is
importantto noticethatit is notnecessaryfor thesystemto
arrangethe actualdataaccordingto this intermediaterep-
resentation;it canexist only in anabstractform, asa theo-
reticalreferencefor thecomputationof thecommunication
schedule.

As mentionedabove,environmentssuchasMeta-Chaos
andtheIndianaMPI-IO-basedM� N device uselineariza-
tion to representdata distributions. The application has
somecontroloverthemappingto andfrom thislinearrepre-
sentation.In the IndianaM� N implementation,eachpro-
cesson the receiver side broadcaststo the senderswhich
chunksof datait requires,referencingthemto thelineariza-
tion. Linearizationis a useful tool that can be usedby a
systemto implementcommunicationschedules.It doesnot
imply serialization- the linearizationis a logical process,
but actualtransferscanbecarriedout fully in parallel.Lin-
earizationsimpli�es the taskof matchinga varietyof data
structures,from multidimensionalarraysto treesor graphs.
However, asalreadynoted,theapplicationmustoftenknow
abouthow thesenderlinearizedthedatato interpretthede-
linearizeddataat thedestination.

Anotherapproachto theproblemof calculatingcommu-
nication schedulesis to defer the task to the application.
This is thestrategy usedin theDistributedCCA Architec-
ture(DCA), describedbrie�y in Section4.3.In DCA theap-
plicationmustspecifythedestinationof eachchunkof data.
It doessothroughspecialarraysthatmimic MPI'sall-to-all
communicationprimitives.

2.4. Parallel Remote Method Invocation Seman-
tics in CCA

SupportingPRMI is aproblemuniqueto theCCA.Com-
mercialcomponentsystemssupportonly serialRMI, hav-
ing no needfor theaddedcomplicationsof massive paral-
lelism and the SPMD model for a component.The CCA

programmingmodelrequiresnew semantics,policies,and
conventionsfor invoking parallel methodsand appropri-
ately communicatingfunctionargumentsandresults.Syn-
chronizationis alsoa fundamentalconcernwith PRMI, to
ensureconsistentinvocationorderingandthecoordination
of paralleldataarguments,andto avoid deadlocksandvar-
iousfailuremodes.

ParallelremoteportsaretheCCA communicationmech-
anismfor distributedparallelcomponents.Parallel remote
ports differ from regular CCA ports in that they connect
parallelcomponentsthataredeployedin a distributedfash-
ion over the network. The semanticsof an M� N remote
methodinvocationmustbede�ned. Challengesin de�ning
PRMI semanticsinclude:

� Deliveryof arguments.How arethemethodarguments
from theM processesonthecalling(client)sidedeliv-
eredto theN processeson theproviding (server)side?
If M is not equalto N, then which of the N provid-
ing componentsservicestheinvocationfor a givenset
of theM invokers?

� Processparticipation.The framework must de�ne a
policy andimplementa mechanismthat allows com-
ponentsto make collectivemethodcalls. Seemingly
independentmethodcalls that eachof a setof paral-
lel processesmake at somepoint in theexecutionof a
component,mustbegroupedtogetherandpresentedas
a singleeffective invocationto thecomponent(s)pro-
viding the port implementation.This groupingis pri-
marily a logical one,anddoesnot imply serialization
of the invocation.For sucha collective invocationto
happentheremustbea way for thecallingcomponent
to tell the framework which processesareparticipat-
ing in a givenport invocation.

� Concurrency issues.In a distributed framework the
componentsrun independentlyandfor ef�ciency this
concurrency shouldnot be unnecessarilyinhibitedby
CCA requirements.For thatreason,thecallingcompo-
nentcannotarbitrarily block until theproviding com-
ponentreturnswith theresultof thecall. This portion
of thestandardRMI modelmustberevised.

� Parallelconsistency. Severalother, low-level detailsof
parallelremotemethodinvocationmustbe addressed
by theframework. Thesedetailsrelateto thepotential
needfor enforcingsynchronizationbetweenthe pro-
cessesthatparticipatein a collective call, anddealing
with issuesof invocationorderguarantees(see[19]).

In theCCA model,parallelport methodscande�ne two
kind of arguments:simpleandparallel. The currentCCA
conventionis thatasimpleargumentmusthavethesameac-
tualvaluein all theprocessesoriginatingagivenmethodin-
vocation.However, someframeworksmaynot actively en-
force this policy becausecheckingthat the actualvalues



matchmight incur in a performancepenalty. Regardless,
this policy ensuresthat a provider componentcanalways
assumethata simpleargumenthasthesameactualvaluein
all theprocesses.

A parallel argumentrepresentsa dataarrayor structure
thatis decomposedamonga setof parallelcomponentpro-
cesses.Suchparallelargumentvaluesmustbegatheredand
transferred,andpossiblyredistributedaccordingto thecor-
respondingM� N layout (given somepolicy for handling
caseswherea one-to-onemappingbetweenprocessesdoes
notexist). Thespeci�c actionsarestronglytied to thenum-
berof processesin thesourceanddestinationcomponents,
aswell assomesemanticknowledgeof the given method
beinginvoked,namelytheexpectedform, if any, of thede-
composedinputdata.

In the processof transferringa parallel argument,the
framework must know the layout of the dataat both the
calling and the calleesides.The applicationmust convey
this informationto theframework prior to theactualtrans-
fer of data.This is not a problemon the calling side,be-
causethe applicationspeci�es this information inside the
paralleldataarraysobject,or maybein aseparatelayoutob-
ject suchasa DAD that is passedasan extra argumentto
theportmethod.

On the callee side, however, the applicationdoesnot
havetheopportunityto setthelayoutprior to thecall. Prior
to a call, thecomponentis blockedwaiting for remoteport
invocations.Several strategies are being explored to deal
with this problem.For simple layout patternslike homo-
geneousblock distributions,however, thereis no needfor
theapplicationto specifyany layoutparameters.

Supportingmore complex datadistribution layoutsre-
quiresa way for theprovidescomponentto tell the frame-
workhow thedatahasto bedeliveredprior to thedatatrans-
fer. Two solutionsarecurrentlybeingexploredin theCCA
Forum.Oneis to allow the componentto specify the lay-
out usinga specialframework servicebeforethecall is re-
ceived(for examplefrom insideanothermethod,or during
initialization routines).Thesecondpossibility is to passto
theprovidessidea referenceto thedataobjecton theuses
side,andto delaythe actualtransferof datauntil the pro-
videssidehasspeci�edits layout.

Anotherdifferencebetweenregular, directly-connected,
ports and distributed remoteports is that of processpar-
ticipation. Processparticipationis theproblemof de�ning
which processesin boththecalling andcalleecomponents
will participatein any given port methodinvocation.The
problemof processparticipationis closelyrelatedto thatof
de�ning thescopeof collectivecalls.

In a direct-connectedframework the application de-
velopercan establishprocessparticipationthroughmany
means.For example,the caller componentcancommuni-
catethe setof participatinginstancesto the calleecompo-

nentby passinganMPI communicatorgroupor someother
parallelruntimesystemobject.This informationcouldeas-
ily besentasoneof thefunctionalargumentsto themethod
invocation.The framework neednot be awareof thesede-
tailsbecauseit doesnotneedto know whichprocessespar-
ticipate in any call. It is the application's task to usethe
communicatorgroup (or equivalent object) to link to-
getherthe seeminglyindependentmethodcalls and inter-
pret themasa singlecollective invocation.This strategy is
the standardprocedurefor collective calls in SPMD pro-
gramming.

However, in distributedframeworkstheframework must
know which processesin thecalling componentarepartic-
ipating in thecollective call. The framework mustmediate
somecommunicationbetweenthoseprocessesin order to
redistributetheparalleldataanddeliverthearguments.Pro-
cessparticipationonthecallerandcalleesidesmustbedealt
with distinctlybecausetheprocessesinvolvedaredifferent,
andeachsideis unawareof the con�guration on the other
side.

One approachto solve this problemis to require that
all processesin both components(caller and callee)par-
ticipatein the remotemethodinvocation.This is the strat-
egy followed in the PRMI model by Damevski [10]. In
this case,processparticipation is implicit and static (it
doesnot changefrom invocation to invocation). Indeed,
Damevski [10] providestwo kinds of remoteinvocations:
theall-to-all collective invocationjust describedanda one-
to-onenon-collectiveinvocationin whichoneprocessof the
calling componentcalls oneprocessof the calleecompo-
nent.Although this strategy is less�e xible thanthe direct
framework case,it providessimplicity andmaximumtrans-
parency to the applicationprogrammer, who neednot be
awareof thedetailsof theM� N communication.

Another approachis presentedin the DistributedCCA
Architecture(DCA) [5]. In DCA the applicationprogram-
mercandecideprocessparticipationon thecalling sidevia
anMPI communicatorgroupthatis passedasthelastargu-
mentin all portmethodinvocations,while onthecalleeside
all processesmustparticipate.Thissolutionis more�e xible
in de�ning processparticipation,but is tiedto usinganMPI-
basedframework. However, any parallelremoteinvocation
mustsomehow includesuf�cient informationto identify the
participatingtasksat the callerandcalleesides.For trans-
parency and interoperability, it would be bene�cial to in-
cludethis informationgenericallyin eachport'smethodin-
terfacespeci�cationin someway, for examplethroughthe
useof descriptorsanalogousto theDAD.

In currentdirect-connectframeworksthereis generallya
singlethreadof execution,eventhoughthatthreadmaytake
theform of anSPMDparallelprogram.In otherwords,only
onecomponentis activeatany logicalpoint in theprogram.
In distributedframeworkssimultaneousexecutionof com-



ponentsis possibleand is generallydesirableto increase
concurrency. The problemis that the port systemin dis-
tributedframeworks is RMI-basedandthe calling compo-
nentwill block until thecalledcomponenthas�nished ser-
vicing thecall. In orderto overcomethisdif�culty , CCA has
introducedthe notion of one-waymethods(adoptedfrom
CORBA [33]). In one-way methodsthecalling component
continuesexecution immediately, without waiting for the
remoteinvocationto complete.One-waymethodsmustnot
haveany returnvalue(that includesargumentswith theout
attribute).

3. Characteristicsof M� N Systems

Before describingparticularM� N implementationsin
detail,a list of characteristicswill helpin understandingrel-
ative strengthsandweaknesses.Featureswhich have been
valuedin at leastoneM� N context or anotherinclude

� Languageinteroperabilitybetweencomponents.The
languagesC, C++,andFortranareparticularlyneeded
in HPC scienti�c computing,andscriptinginterfaces
likePython,Perl,andMatlabarealsovalued.

� Supportof componentconcurrency. This meansthe
implementationdoesnot assumeor rely uponmodels
likealternatingexecutionof componentsto assurecor-
rectnessor integrity of thedata.

� Completegeneralityin the valuesof M andN. So it
shouldnot be requiredthat M andN arecommensu-
rate,or thatM ¡ N, etc.

� Scalabilityfor large valuesof M andN. This implies
that communicationsbetweenthe componentsis not
serializedthrougha singledatamanagementprocess,
and that the creationof communicationschedulesis
notserialized.

� Genericmechanismsfor descriptionof datadistribu-
tions.For densearraysof valuesadistributedarrayde-
scriptorservesthis purpose.

� Distributedcomponentsrunningat differentlocations.
This is the distinctionbetweena direct-connectedor
distributedframework.

� Asynchronous,nonblockingtransfersof databetween
componentsto allow overlappingof computationand
communications.

� Well-de�ned semanticsfor a broadrangeof possible
parallel remotemethodinvocationsbetweencompo-
nents.

� No direct dependency on using a particular parallel
run-timesystemlikeMPI or PVM.

The last item refersto theunderlyingrun-timesystemand
not necessarilythe API presentedto an end user. Some
M� N systemshave taken the view that presentinga user
with a familiar interface like MPI for carrying out inter-
componentparallelcommunicationsis moredesirablethan
requiringlearningacompletelynew API.

Anotherpotentialfeatureis directsupportfor numerical
conversionsneededfor modelcoupling,suchasinterpola-
tion.However, thispapersdealsonly with thecomputersci-
encesystemsissuesof theM� N problembecausethe nu-
mericalonesareoftenapplicationdependent.

4. Implementations

M� N researchwithin the CCA hasrangedfrom gen-
eralizedspeci�cationsof semanticsto implementationsof
practicalcomponentframeworks.Speci�cationsandimple-
mentationsare likely to evolve as more applicationsuse
M� N technologies.Much of this researchstartedfrom ex-
isting partial solutions,andcurrentlyno singleframework
supportsthefull desiredrangeof M� N capabilities.Rather
thantrying to createa singleframework with all of theca-
pabilities,currentwork looks to bridgeframeworksso that
userscanaccessmorespecializedfeaturesasneeded.

Given the diversity of the parallel data layouts at the
sourceanddestinationsidesof an M� N transfer, generat-
ing an ef�cient communicationscheduleto move the var-
ious dataelementsto their correctdestinationsis dif�cult.
Severaltoolshave developedtechnologyto addressthis is-
sue,includingCUMULVS [23, 14, 22, 24], PAWS [19, 3].
andMeta-Chaos[13, 35]. Thesesystemsall provide ways
to describethe subsetsof datathat areto be collectedand
movedto aparticulardestinationprocess.Thisis oftendone
by distilling agivendatadecompositiononaperdimension
basisinto subregions or sub-sampledpatches.While this
approachis typically both practicalandef�cient for most
commoncases,it canrequiresomecomplex datatransfor-
mationsin the worst case.This paperdealswith only the
most fundamentalof dataexchangeandredistribution op-
erationsanddoesnot addressthenumericalcapabilitiesof
true modelcoupling,including spatialandtemporalinter-
polation,energy or �ux conservation,datareductions,mesh
mediation,andunits conversion.Thesearduous,andtypi-
cally application-speci�ctasksarebeyondthescopeof this
initial M� N work.

4.1. M� N Parallel Data Redistribution Compo-
nents

A preliminaryM� N CCA componentspeci�cation for
direct-connectframeworks was developedusing two dis-
tinct existing software tools to de�ne and generalizepar-
allel data redistribution – CUMULVS and PAWS. These



Project ParallelData Language PRMI Prod.Level
Dist. CCA Arch. (DCA) MPI-basedarrays C Yes No
InterComm Densearrays C/Fortran No Yes
ModelCouplingToolkit (MCT) Dense/sparsearrays,grids Fortran No Yes
MxN Component SIDL Babel No Yes
SciRun SIDL C Yes Yes

Figure 4. M� N projects and features. Some CCA frame works use Babel [27] for langua ge inter oper -
ability , whic h provides SIDL bindings for C, C++ and FORTRAN.

tools have complementarymodelsof paralleldatasharing
andcoupling.PAWSis built ona “point-to-point” modelof
paralleldatacoupling,with matching“send” and“receive”
methodson correspondingsidesof a dataconnection.CU-
MULVS is designedfor interactive visualizationandcom-
putationalsteering,soprovidesprotocolsfor persistentpar-
allel datachannelswith periodic transfers,usinga variety
of synchronizationoptions.A generalizedM� N speci�ca-
tion hasbeendevelopedwithin CCA that covers both of
theseconnectionmodelswith a singleuni�ed interface.

The CCA M� N interfacehasmethodsthat de�ne key
operationsin parallel dataexchange.Parallel components
canregister their paralleldata�elds by providing a handle
to aDistributedArrayDescriptor(DAD) object(seeSection
2.2).TheDAD interfaceprovidesrun-timeaccessto infor-
mationregardingthelayout,allocationanddatadecomposi-
tion of agivendistributeddata�eld. TheM� N registration
processallows a componentto expressthe requiredDAD
informationfor any denserectangulararraydecomposition,
andalsoindicateswhich accessmodesfor M� N transfers
with thatdata�eld areallowed (read,write or read/write).
Parallel communicationschedulescanthenbe de�ned and
appliedto de�ne M� N connectionsusinga varietyof syn-
chronizationoptions.M� N connectionscanprovideeither
one-shottransfersor persistentperiodictransfersthatrecur
automatically, asde�ned whentheconnectionis created.

For a given M� N transferoperation,eachindependent
pairwisecommunicationfor theoverall transferis initiated
whena single instanceof the parallel sourcecohort (1 of
M ) invokesthedataReady() method,indicatingthatthe
stateof its localportionof thedatais consistentand“ready”
for thetransfer. A matchingdataReady() call at thecor-
respondingdestinationcohortprocess(1 of N ) completes
thegivenpairwisecommunication.Whenall suchmessages
have beenexchanged,accordingto theassociatedcommu-
nicationschedule,thenthetransferis consideredcomplete.
By breakingdown theoverall M� N transferinto thesein-
dependentasynchronouspoint-to-pointtransfers,no addi-
tional synchronizationbarriersare requiredon either side
of thetransfer. Thisfeatureallowsef�cient implementations
for a varietyof situations.

M� N connectionscanbe initiated by eitherthe source

or destinationcomponents,or by a third party controller.
Therefore,neither side of an M� N connectionneedbe
fully aware,if at all, of thenatureof any suchconnections.
This situationexpeditestheincorporationof existingparal-
lel legacy codesinto thecomponentenvironment.Decisions
abouttheconnectivity of paralleldataobjectscanbemade
dynamicallyat run-time,asno fundamentalchangesto the
sourceor destinationcomponentcodesare strictly neces-
sary.

Severalchallengesremainto achieve a reliableandef�-
cientM� N implementation.A varietyof paralleldatalay-
outsmustbe recognizedto decodethe locationof speci�c
dataelementsin boththesourceanddestinationprocesses.
Initial prototypeshavefocusedon thedensedatadecompo-
sitionssupportedby the DAD interface(seeSection2.2),
including “explicit array patch” decompositionsfor more
arbitraryor optimizedmeshingschemes.To supportmore
complex datastructuredecompositions,a “particle-based”
containersolutionis alsounderdevelopment.

4.2. SciRun2

Oneway of creatinga distributed framework that sup-
portsparallelcomponentsis by utilizing the codegenera-
tion processof theinterfacede�nition language(IDL) com-
piler. The IDL compilercanbeusedto performtheneces-
sarydatamanipulationsandprovideconsistentbehavior for
parallelcomponentmethodinvocations.This is themethod
that is usedin SCIRun2[42], andhasbeenleveragedbe-
forefor similarproblems[20]. BothPRMI andparalleldata
redistribution primitivesarede�ned in an extensionto the
SIDL language[25], theScienti�c IDL extensiondeveloped
aspartof theCCA project.

In theSCIRun2SIDL extension,themethodsof aparal-
lel componentcanbe speci�ed to be independent(one-to-
one)orcollective(all-to-all)with respectto RMI. Collective
callsareusedin caseswheretheparallelcomponent'spro-
cessesinter-operateto solveaproblemcollaboratively. Col-
lective callsarecapableof supportingdifferingnumbersof
processeson theusesandprovidessideof thecall by creat-
ingghostinvocationsand/orreturnvalues.Theuserof acol-
lective methodmustguaranteethat all participatingcaller



processesmake the invocation.Thesystemguaranteesthat
all calleeprocessesreceive thecall, andthatall callerswill
receivea returnvalue.

In order to accomplishthis functionality, argumentand
returnvaluedatais assumedto bethesameacrossthepro-
cessesof a component(thecomponentdevelopermusten-
surethis). The constraintcanbe relaxed by usinga paral-
lel dataredistribution mechanism,asdescribedbelow. In-
dependentinvocationsareprovidedfor normalserialfunc-
tion call semantics.For eachof theseinvocationtypes,the
SIDL compilergeneratesthegluecodethatprovidestheap-
propriatebehavior. Thismechanismworksregardlessof the
differentnumbersof processeswith whicheachcomponent
maybeinstantiated.If theneedsof a componentchangeat
run-timeandthechoiceof processesparticipatingin a call
needsto be modi�ed, thena sub-settingmechanismis en-
gagedto allow greater�e xibility .

To enableparallel dataredistribution, a distributed ar-
ray typewasaddedto theSIDL language.Instancesof the
distributed array type can be de�ned as parametersof a
method.At run-time,the instancesaresetby participating
processesto the desired/availablepart of the global array.
Thedataredistributionis automaticallyperformedwhenthe
methodinvocationis made.Thedataredistribution mecha-
nismdescribedhereis very similar to theoneprovidedby
PAWS[3]. For moreinformationon thisapproachsee[10].

4.3. DCA: A Distributed CCA Framework based
on MPI

The Distributed CCA Architecture(DCA) is a proto-
type of a parallel and distributed CCA-compliantframe-
work,basedonMPI. TheDCA usesMPI constructionssuch
ascommunicatorgroupsandall-to-all MPI communication
primitives to solve the challengesof a distributed frame-
work, concentratingon theM� N problemsof dataredistri-
bution, processparticipation,andPRMI semanticsthatare
morecomplex thantheonessupportedby SCIRun2.

DCA usesMPI communicatorgroupsto determinepro-
cessparticipation.ThestubgeneratorthatparsestheSIDL
source�les automaticallyaddsanextraargumentto all port
methods,of typeMPI Comm,that is usedto communicate
to the framework which processesparticipatein the paral-
lel remotemethodinvocation.Also, parallelargumentsare
identi�ed in theSIDL �le with thespecialkeyword “paral-
lel”.

This communicatorgroupde�nes the scopeof parallel
arguments(i.e. on which processesa parallel argumentis
deployed). Also, it is usedto perform a barrier synchro-
nization, requiredto ensurethat the orderof invocationis
preservedwhendifferentbut intersectingsetsof processes
makeconsecutiveportcalls.Figure5 showshow adeadlock
canoccurunlessbarriersynchronizationis performed.The

Proc.1 Proc.2 Proc.3

t1

t2

t3

t4

t5 Collective
call 1

Collective
call 2

Figure 5. The sync hronization problem: if the
PRMI call is delivered as soon as one pro-
cess reaches the calling point, the remote
component will bloc k at t1 waiting for data
from processes 2 and 3, and will not accept
the second collective call at t2 and t3. The re-
mote component will be bloc ked inde�nitel y
because processes 2 and 3 will never reach
t4 and t5 to complete the �r st call. The so-
lution is to delay PRMI deliver y until all pro-
cesses are ready.

solutionto thisproblemis to delaythedeliveryof remotein-
vocationsuntil all participatingprocesseshave reachedthe
calling point by insertinga barrier beforethe delivery. In
otherinvocationschemeswhereall processesmustpartici-
pate,thebarrieris not requiredbecauseall calls aredeliv-
eredin orderto theremotecomponent(notethat theprob-
lem shown in Figure5 disappearsif process1 participates
in thesecondcall).

DCA also employs the MPI all-to-all communication
modelto implementparalleldataredistribution.Thisworks
by having theuserde�ne thedatadistribution layoutusing
MPI datatypes,displacementandcountarrays(see[30]).
This information is passedto the framework at in the re-
motecall usingextraargumentsautomaticallygeneratedby
theSIDL parser. This strategy of dealingwith paralleldata
hastheadvantageof beingfamiliar to MPI usersandof be-
ing �e xible by giving usersthe tools to describetheir own
dataredistribution layout.This �e xibility alsohasits disad-
vantages,becauseit placesmoreresponsibilityon theuser
for de�ning thedatadistribution layouts.Dealingwith MPI
datatypesanddisplacementandcountarraysis in general
more complex thandealingwith higher level abstractions
liketheCCA DistributedArray Descriptor(DAD). Also,al-
thoughit wouldbebeyondthecurrentscopeof theDCA, it
would bepossibleto supporttheDAD asa layeron top of
theDCA abstractions.

Componentconcurrency is achieved in two ways. On



one hand,all CCA Go ports 2 are called at startuptime,
so all componentsthat provide a Go port will be started
concurrently. On the otherhand,componentscanexecute
concurrentlyby usingone-waymethods.TheDCA is more
fully describedin [5].

4.4. InterComm

InterComm[28, 29] is a framework for coupling dis-
tributed memory parallel programs,which correspondto
CCA components,andis mainly targetedat coupledphys-
ical simulations.Suchprogramsincludethosethatdirectly
usea low-level message-passinglibrary, suchas MPI. To
date,InterCommhasfocusedprimarily on providing ef�-
cient communicationin the presenceof complex datadis-
tributionsfor multidimensionalarraydatastructures.Inter-
Commisadescendantof Meta-Chaos[13, 35], butaddssig-
ni�cant new functionalityandprovidesmuchbetterperfor-
mance.InterCommusesits own distributedarraydescriptor
(DAD), andtheCCA DataGroupis in theprocessof com-
pletelyde�ning thecapabilitiesandinterfacesof its DAD,
as describedin Section2.2.2. In InterCommarray distri-
butions are classi�ed into two types: thosein which en-
tire blocksof anarrayareassignedto processes,block dis-
tributions, and thosein which individual elementsareas-
signedindependentlyto a particularprocess,irregular or
explicit distributions.For blockdistributions,thedatastruc-
turerequiredto describethedistribution is relatively small,
socanbe replicatedon eachof theprocessesparticipating
in the inter-programcommunication.For explicit distribu-
tions,thereis a one-to-onecorrespondencebetweentheel-
ementsof the arrayand the numberof entriesin the data
descriptor, therefore,thedescriptoritself is ratherlargeand
mustbepartitionedacrosstheparticipatingprocesses.Inter-
Commprovidesprimitivesfor specifyingthesetypesof dis-
tributionsandhasoptimizedthecreationof reusablecom-
municationschedulesfor movingregionsof bothtypesfrom
one array to anotherusing point-to-point communication
calls. A linearization is the methodby which InterComm
de�nesanimplicit mappingbetweenthesourceanddestina-
tion of thetransferdistributedby anotherlibrary or overan
unequalnumberof processes.This linearizationis aonedi-
mensionalintermediaterepresentation,the orderof which
is dependenton the orderof the regionsspeci�ed for the
transfer. InterCommcurrentlysupportscomponentswritten
in multiplelanguages,includingC,C++,Fortran77andFor-
tran90.

In additionto providing runtimesupportfor determining
whatdatais to bemovedbetweensimulations,InterComm
alsoprovidessupportfor decisionsthat mustbe madeon

2 Go portsarespecialCCA portswhich arerecognizedby frameworks
asa way to starta CCA applicationrunning.They arethecomponent
equivalentof theªmainºfunctionin aC program.

whendatais to betransferred[41]. Insteadof requiringeach
programto containlogic to determinewhena datatrans-
fer shouldoccur using the communicationschedulesde-
scribedabove, programsonly expresspotentialdatatrans-
ferswith import andexport calls,therebyfreeingeachpro-
gram (component)developerfrom having to know in ad-
vancethecommunicationpatternsof its potentialpartners.
The actualdatatransferstake placebasedon coordination
rulesdeterminedby a third partyresponsiblefor orchestrat-
ing theentirecoupledsimulation,consistingof two or more
components.The key idea for the coordinationspeci�ca-
tion is theuseof timestampsto determinewhenadatatrans-
fer will occur, via varioustypesof matchingcriteria.In ad-
dition to the �e xibility enabledby a separatecoordination
speci�cationthatmakesit relatively easyto addnew com-
ponentsandreplacecomponentswith othershaving similar
functionality, separationof control issuesfrom datatrans-
fersenablesInterCommto potentiallyhidethecostof data
transfersbehindotherprogramactivities.

4.5. The Model Coupling Toolkit

Modelcoupling[12, 43, 38, 7,1] frequentlyalsorequires
MxN couplingbecauseof thewidevariancein workloadby
theindividualmodels.As anexample,theModel Coupling
Toolkit (MCT) [26] is asoftwarepackagethatextendsMPI
to easeimplementationof parallelcouplingbetweenMPI-
basedparallel applications.Currently MCT is being em-
ployed to couplethe atmosphere,ocean,seaice, andland
modulesin the CommunityClimate SystemModel [16],
and to implementthe coupling API for the WeatherRe-
searchand ForecastingModel [40]. Becausethe form of
model coupling usedin climate and weathermodelingis
well-advanced,MCT internally implementsM� N capabil-
ities at a higherlevel thantheotherCCA projects.For ex-
ample,distributed array descriptorsare essentiallyimple-
mentedat themeshlevel, andMCT automaticallyprovides
the arraydatatransfersaswell asnumericalinterpolation
andcommunicationschedulingwith a simplerandhigher-
level interfacein Fortran90.

MCT providesthefollowingobjectsandservicesneeded
to constructdistributed-memoryparallelcoupledmodels:

� A lightweight model registry that de�nes the MPI
processeson which a module resides,and a pro-
cess ID look-up table that obviates the need for
inter-communicatorsbetween concurrently execut-
ing modules;

� A multi-�eld datastorageobject that is the common
currency modulesusein dataexchange;

� Domain decompositiondescriptors,communications
schedulersfor intermoduleparallel datatransferand



intra-moduleparalleldataredistribution,andthefacil-
ities to implementintermodulehandshaking;

� A classencapsulatingdistributed sparsematrix ele-
mentsandcommunicationschedulersusedin perform-
ing interpolationasparallelsparsematrix-vectormul-
tiplication in a multi-�eld, cache-friendlyfashion;

� A dataobjectfor describingphysicalgridscapableof
supportinggrids of arbitrary dimensionand unstruc-
turedgrids, and is capableof supportingmaskingof
grid elements(e.g.,land/oceanmask);

� Spatial integral and averagingfacilities that include
pairedintegralsandaveragesfor usein conservation
of global�ux integralsin inter-grid interpolation;

� Registersfor timeaveragingandaccumulationof �eld
datafor usein couplingconcurrentlyexecutingcom-
ponentsthatdo not sharea commontime-step,or are
coupledat a frequency of multiple time-steps;

� A facility for mergingof stateand�ux datafrom mul-
tiple sourcesfor useby aparticularmodel(e.g.,blend-
ing of land,ocean,andseaicedatafor useby anatmo-
spheremodel).

MCT supportsbothsequentialandconcurrentcouplings
(and combinationsthereof),and can supportcoupling of
componentsrunning as multiple executableimagesif the
implementationof MPI usedsupportsthis feature.MCT is
implementedin Fortran90.The MCT programmingmodel
is scienti�c-programmer-friendly,consistingof F90module
useto declareMCT-typevariablesandinvocationof MCT
routinesto createcouplings[34]. Work is in progressto em-
ploy theBabellanguageinteroperabilitytool to createMCT
bindingsfor otherprogramminglanguages.

5. RelatedWork

The Data ReorganizationInterfaceStandard(DRI-1.0)
[11] is the resultof a DARPA-sponsoredeffort targetedat
the military signalandimageprocessingcommunity. DRI
datasetsarearraysof up to threedimensions(supportfor
higherdimensionsis optional).Block andblock-cyclic par-
titions aresupported,andlocal memorylayoutsaredistin-
guishedfrom thedatadistribution.Thedatatypesspeci�ed
in the DRI standardinclude �oat, double,complex, dou-
ble complex, integer, short,unsignedshort,long, unsigned
long, char, unsignedchar, andbyte.Reorganizationopera-
tions in DRI arecollective, andarehandledat a low level.
The userprovidessendandreceive buffersandrepeatedly
calling DRI get/putoperationsuntil the operationis com-
plete.The speci�cation is languageindependent,but a C
binding is included.Relative to the work discussedin this
paper, theDRI canbethoughtof asa specializedandlow-
level DistributedArray DescriptorandM� N component.

X Changemxn [1] is a middleware infrastructure
for coupling components in distributed applications.
X Changemxn usesthepublish/subscribeparadigmto link
interactingcomponents,anddealspeci�cally with dynamic
behaviors,suchasdynamicarrivalsanddeparturesof com-
ponentsandthetransformationof data“in-�ight” to match
endpoint requirements.

Another tool for model coupling is the the Distributed
DataBroker (DDB) [12], which is a generalpurposetool
from UC Berkeley for coupling multiple parallel models
thatexchangelarge volumesof data.The DDB providesa
mechanismfor coupling codeswith differentgrid resolu-
tionsanddatarepresentations.

Roccom [18] is an object-orientedsoftware frame-
work for high performanceparallelrocketsimulation.Roc-
com enablescoupling of multiple physicsmodules,each
of which modelsvariouspartsof the overall problem to
build a comprehensive simulationsystem.A physicsmod-
ule builds distributed objects(data and functions) called
windowsandregistersthemin Roccomso thatothermod-
ules can share them with the permissionof the owner
module.

6. Summary

Exchangingelementsamongdisparateparallel or dis-
tributeddatastructuresis merelythebeginningof truetech-
nology for parallel model coupling and transparentdata
sharing.Dependingon the natureof the actualdatastruc-
turesinvolved,signi�cant datatranslationscouldbeneeded
beyond thesimpleM� N mappingof dataelements.If the
sourceand destinationdata use different meshesor spa-
tial coordinaterepresentations,or are computedin differ-
entunitsor at differenttime frames,thenseveraladditional
datatranslationandconversioncomponentswill berequired
to fully transformandsharesemanticallycomparableparal-
lel data.

A wealth of interpolation and sampling schemesare
availablefor translatingdataamongdesiredspatialor tem-
poral formats.Historically, suchschemescarry with them
analmostreligiousstigma,andthereis muchdebateamong
scientistson the merits of one schemeover another. We
hopeto extendour collectionof interfacespeci�cationsto
include appropriatehooks for supportingvariousgeneric
datatransformationsandconversions.Givensuf�cient �e x-
ibility in the argumentsfor theseinterfaces,a wide range
of implementationscanbe built to cover commoninterpo-
lation or conversionalgorithms.Becauseof the wide vari-
etyof spaceandtimediscretizationsusedin scienti�c com-
puting, therewill always be a needto allow usercreated
inter-componentdatamodi�cations.

To utilize theresultingsequenceof datatransformations
anddataredistributions,a pipeline of componentscan be



assembled.An importantpragmaticissuethat ariseswith
suchpipelining is how ef�ciently redistribution functions
composewith one another. Techniquesmust be explored
to operateon data in place and avoid unnecessarydata
copies.Super-componentsolutionscould alsobe explored
for somecommoncasesby combiningseveral successive
redistribution andtranslationcomponentsinto a singleop-
timizedcomponent.This will requirea uniform way of de-
scribingdatadistributions,suchastheDAD for arrays,and
with moredif�culty , a uniform way of describingtransfor-
mations.

In thenearterm,theprimaryresearchgoalof this effort
will be to develop higher-level operationson top of these
fundamentalM� N datatransferfunctions.The complex-
ity of the currentport interfacesalludesto the low-level
“assembly-language”natureof our currentunderstanding
of this technology. More user-friendly simpli�cations will
bedevelopedfor themostcommonoperations,to makethis
technologymorereadily availableandpracticalfor every-
dayusage.

M� N technologyis only now startingto emerge asan
importanttool for composingparallelcomponentsandeven
completeapplicationsinto larger cross-disciplinarysimu-
lations. M� N connectionsare neededfor more than just
computations:dynamicallyinsertingdatafrom largesensor
arraysinto a runningcomputation(suchasweathermod-
eling) or accessingdata in parallel from distributed sci-
enti�c databaseswill meanconnectingnon-computational
componentswith computationalones.The basicissuesof
the meaningof PRMI, ef�cient redistribution of data,and
shieldingusersfrom the complexities of parallelcodesin-
teractingat run-timearethesame.
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