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Abstract. Modelicais ana-causalequatiorbasedpbjectorientedmodelinglan-
guagefor modelingandefficient simulationof large andcomplex multi domain
systems.The Modelica language with its strong software componentmodel,
malesit possibleto usevisual componeniprogrammingwherelarge comple
physical systemscan be modeledand composedn a graphicalway. Onetool
with supportfor bothgraphicaimodeling,textual programmingandsimulationis
MathModelica.

To dealwith growing compleity of modeledsystemsn the Modelicalanguage,
theneedfor parallelizatiorbecomesncreasinglyimportantin orderto keepsim-
ulationtime within reasonabldéimits.

Thefirst stepin Modelicacompilationresultsin an OrdinaryDifferential Equa-
tion systemor a Differential Algebraic Equationsystem,dependingon the spe-
cific Modelicamodel. The Modelicacompilertypically performsoptimizations
on this systemof equationsto reduceits size. The optimized code consistsof
simplearithmeticoperationsassignmentsandfunctioncalls.

This paperpresent@anautomatigoarallelizatiortool thatbuilds ataskgraphfrom
theoptimizedsequentiatodeproducedy acommerciaModelicacompiler Var
ious schedulingalgorithmshave beenimplementedaswell asspecificenhance-
mentsto clusternodesfor bettercomputation/communicatiomadeof. Finally,
thetool generatesimulationcode,in a masterslave fashionusingMPI.
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ing, Clustering,Modelica,Simulation,Large Complex System

1 Intr oduction

Modelicais an a-causalpbject-orientedequationbasedmodelinglanguagefor

modelingandsimulationof largeandcomplex multi-domainsystemg15, 8] con-

sistingof component$rom severalapplicationdomains Modelicawasdesigned
by aninternationateamof researchersyhosejoint effort hasresultedin a gen-
erallanguagéfor designof modelsof physicalmulti-domainsystemsModelica
hasinfluencedrom a numberof earlierobjectorientedmodelinglanguagesfor

instanceDymola[7] andObjectMath[9].

Thefour mostimportantfeaturesof Modelicaare:



— Modelicais basedon equationgnsteadof assignmenstatementsThis per
mits a-causamodelingthat givesbetterreuseof classesinceequationsglo
not specifya certaindataflow direction.Thusa Modelicaclasscanadaptto
morethanonedataflow context.

— The possibility of having modelcomponentof physicalobjectsfrom sev-
eral differentdomainssuchase.g. electrical,mechanicalthermodynamic,
hydraulic,biologicalandcontrolapplicationscanbe describedn Modelica.

— Modelicais an object-orientedanguagewith a generalclassconceptthat
unifiesclassesgenericgknown astemplatesn C++) andgenerakubtyping
into a single languageconstruct.This facilitatesreuseof componentsand
evolution of models.

— The strongsoftware componenimodelin Modelicahasconstructsor cre-
ating and connectingcomponentsThus the languageis ideally suitedas
an architecturaldescriptionlanguageor comple physicalsystemsandto
someextentfor softwaresystems.

The class,alsocalledmodel, is the building block in Modelica.Classesarein-
stantiatedas componentdnside other classesto malke it possibleto build a
hierarchicalmodel of a physical entity. For instance,an electrical DC motor
can be composedof a resistor an inductanceand a componenttransforming
electricity into rotationalenegy, seeFigure 1. The model startswith two im-
port statementsnakingit possibleto useshortnamesfor modelsdefinedin the
Modelica.Electrical.Analog.Basic package(the first import statementandus-
ing the shortnamefor the Step\bltage modeldefinedin the Modelicapackage
Modelica.Electrical. Analog.Sources(the secondmport statement)Theimport
statementsrefollowedby severalcomponentnstantiationswheremodification
of componentss used.The modificationof componentss a powerful language
constructhatfurtherincreaseshepossibilityof reuseThenext partof themodel
definitionistheequat i on sectionseeFigurel. It canconsistof arbitraryequa-
tions, involving the declaredvariablesof a model.lt canalsocontainconnect
statementsyhich arelater translatednto equationghat couplevariablesin dif-
ferentcomponentsogether

Onetool for developingmodels,for simulationandfor documentatioris Math-
Modelica[14]. It integratesModelica with the mathematicalkengineeringtool
Mathematica andthe diagrameditor Visio to allow the userto work with mod-
elsbothin a powerful computeralgebrasystemandby usingcomponenbased
modelingin adraganddrop/connectashionin agraphicalernvironment,seeFig-
ure2. In MathModelicaa modelcanalsobe enteredn a Mathematicanotebook
documenitasordinarytext. For example,thedcnot or modelcanbe simulated

by:
Si mul at e[ dcmot or, {t, 0, 50} ] ;

TheMathModelicaervironmentthencompilestheModelicamodelinto C, which
is thenlinked with a solver into an executablefile. The resultfrom runningthe
simulationconsisiof anumberof variableschangingovertime, i.e. they arefunc-
tionsof time. In MathModelicathesevariablesaredirectly availableandcanbe,
for instanceplotted,seeFigure3.

When a model describedn Modelicais to be simulatedthe involved models,
typesandclassesrefirst fed to a compiler The Modelicacompilerflattensthe



nodel dcnot or
i mport Mbdelica. El ectrical . Anal og. Basic. *;
i nport Mbdelica. El ectrical . Anal og. Sour ces. St epVol t age;
Resi stor R1(R=10);
I nductor L(L=0.01);
EMF enf ;
G ound G
St epVol t age src;
equation
connect (src.p, RL. p);
connect (R1. n, L. p);
connect (L. n, enf.p);
connect (enf.n, G p);
connect (G p, src.n);
end dcnot or;

Fig. 1. A simplemodelof a DCmotordescribedn the Modelicamodelinglanguage.
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Fig. 2. Visualcomponenbasednodelingin MathModelica.



PlotSimulation[ (inertia.¢) [t], {t, O, 50}]

— (inertia.¢) [t]

1t

Fig. 3. A Notebookdocumentontaininga plot command.

objectorientedstructureof a modelinto a systemof differentialalgebraicequa-
tions (DAE) or a systemof ordinarydifferentialequation ODE), which during

simulationis solved using a standardDAE or ODE solver. This codeis often

very time consumingo execute,andthereis a greatneedfor parallelexecution,
especiallyfor demandingapplicationdik e hardware-in-the-loogsimulation.

The flat setof equationsproducedby a Modelicacompileris typically sparse,
andthereis alarge opportunityfor optimization.A simulationtool with support
for theModelicalanguagevouldtypically performoptimizationsontheequation
setto reducethe numberof equationsOne suchtool is Dymola[6], anotheris

MathModelica[14].

The problempresentedn this paperis to parallelizethe calculationof the states
(thestatevariablesandtheir derivatives)in eachtime stepof the solver. Thecode
for this calculationconsistsof assignment®f numericalexpressionse.g. addi-

tion or multiplication operationsto differentvariables.But it canalso contain
function calls, for instanceto solve an equationsystemor to calculatesin of a

value,which arecomputationallymoreheary tasks.The MathModelicasimula-
tion tool producesghis kind of code.Hencewe canuseMathModelicaasa front

endfor ourautomatigoarallelizatiortool. Thearchitecturés depictedn Figure4,

shawing the parallelizingtool andits surroundingools.

To parallelizethe simulationwe first build a taskgraph,G = (V, E) where
eachtaskv € V correspondso a simplebinary operation,or afunctioncall. A

datadependengis presentbetweentwo tasksvi, vs iff vo usesthe resultfrom

v1. This is representedn the task graphby the edgee = (v1,v2). Eachtask
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Fig. 4. Thearchitectureof a Modelicasimulationervironment

is assignedan executioncostwhich corresponds$o a normalizedexecutiontime
of thetask,andeachedgeis assignedh communicatiorcostcorrespondingo a
normalizedcommunicatiortime betweenthe tasksif they executeon different
processorsThe goalis to minimize the executiontime of the parallelprogram.
This often meanghatthe communicatiorbetweernprocessorsnustbe keptlow,

sinceinterprocessocommunications very expensve. Whentwo tasksexecute
onthe sameprocessqrthe communicatiorcostbetweerthemis reducedo zero.

Schedulingandpartitioningof suchtaskgraphsdescribedibore hasbeenstudied
thoroughlyin the pastthreedecadesThereexistsa plethoraof differentschedul-
ing andpartitioningalgorithmsin theliteraturefor differentkinds of taskgraphs,
consideringdifferentaspect®f the schedulingproblem.The generalproblemof

schedulingtask graphsfor a multi-processoisystemis proven to be NP com-
plete[16].

Therestof the paperis organizedasfollows: Section2 givesa shortsummaryof
relatedwork. Section3 present®ur contritution of parallelizingsimulationcode.
In section4 we give someresultsof our contritution, followed by a discussion
andfuturework in section5.



2 RelatedWork on Multipr ocessorScheduling

A large numberof schedulingand partitioning algorithmshave beenpresented
in the literature.Someof themuseallist scheduling techniqueandheuristics[1,
4,5,10,12,13], somehave beendesignedspecificallyfor simulationcode[20].
A list schedulekeepsa list of tasksthat arereadyto be scheduledi.e. all its
predecessoirsave alreadybeenscheduledin eachstepit selectsoneof thetasks
in the list, by someheuristic,andassignst to a suitableprocessqrandupdates
thelist.

Anothertechniqueis called critical path scheduling [17]. The critical path of
a task graph (DAG) is the path having the largestsum of communicationand
executioncost.Thealgorithmcalculateshecritical path,extractsit from thetask
graphandassigrit to aprocessaorAfter thisoperationanew critical pathis found
in the remainingtaskgraph,which is thenscheduledo the next processqrand
soon. Onepropertyof critical pathschedulingalgorithmsis thatthe numberof
available processorss assumedo be unboundedbecausef the natureof the
algorithm.

An orthogonalfeaturein schedulingalgorithmsis task duplication [11,17,21].
Taskduplicationschedulingalgorithmsrely on taskduplicationasa meanof re-
ducingcommunicatiorcost.However, thedecisionif ataskshouldbeduplicated
or notintroducesadditionalcompleity to thealgorithm,pushingthe compleity
upin therangeO(n®) to O(n*) for taskgraphswith n nodes.

3 Schedulingof Simulation Code

Simulationcodegeneratedrom Modelicamostly consistof a large numberof
assignmentsf expressionsvith arithmeticoperationdo variables.Someof the
variablesare neededby the DAE solwer to calculatethe next state,hencethey
mustbe sentto the processorunningthe solver. Othervariablesaremerelytem-
poraryvariablesvhosevaluecanbe discardedafterthefinal use.
Thesimulationcodeis parsedanda fine grainedtaskgraphis built. This graph,
which hasthe propertiesof a DAG, canbe very large. A typical application(a
thermo-fluidmodelof apipe,discretisizedo 100pieces)with anintegrationtime
of around10 milliseconds hasa taskgraphwith 30000nodes.The sizeof each
nodecanalsovary alot. Forinstancewhenthesimulationcodeoriginatedrom a
DAE, anequationsystemhasto besolvedin eachiterationif it cannotbesolved
staticallyatcompiletime. This equatiorsystencanbelinearor non-linearin the
linear case ary standarcequationsolver could be used,even parallelsolvers.In
thenon-linearcasefixed pointiterationis used.In bothcasesthe solving of the
equationsystemis representedsa singlenodein the taskgraph.Sucha node
canhave alargeexecutiontime in comparisorto othernodeg(lik e anadditionor
amultiplicationof two scalarfloating pointvalues).

The task graphgeneratedrom the simulationcodeis not suitablefor schedul-
ing to multiprocessorssingstandardschedulingalgorithmsfoundin literature.
Thereareseveral reasondor this, the major reasonis thatthe taskgraphis too
fine grainedandcontaingoo mary dependenciefor gettinggoodresultson stan-
dardschedulingalgorithms.Many schedulingalgorithmsaredesignedor coarse
grainedtasks.The granularityof a taskgraphis the relationbetweenthe com-
municationcostbetweertasksandthe executioncostof tasks.The largeamount



of dependenciepresenin the taskgraphsalsomalesit necessaryo allow task
duplicationin the schedulingalgorithm.Thereareseveral schedulingalgorithms
thatcanhandlefine grainedtasksaswell ascoarsegrainedtasks.Onesuchcat-
egory of algorithmsis non-linearclusteringalgorithms[18,19]. A clusteris a
setof nodescollectedtogetherto be executedon the sameprocessorTherefore
all edgeshetweentwo nodesthat belongto the sameclusterhasa communica-
tion costof zero. The non-linearclusteringalgorithmsconsiderputting siblings
into the sameclusterto reducecommunicationcost. But thesealgorithmsdoes
notallow taskduplication.Thereforethey arenot producingwell on this kind of
simulationcode.

A secondoroblemwith thetaskgraphsgenerateds thatin orderto keepthetask
graphsmall, the implementatiordoesnot allow a taskto containseveral opera-
tions.Forinstanceataskcannotcontainbothamultiplicationandafunctioncall.

The simulationcodecanalsocontainModelicawhen statementsywhich canbe

seerasai f statementvithoutel se branchTheseneedto beconsideredsone
task,sinceif the conditionof thewhen statements true,all statementincluded
in thewhen clauseshouldbe executed An alternatve would be to replicatethe

guardfor eachstatementn thewhen clause.This is however not implemented
yet, sinceusuallythe whenstatementsresmallin sizeandthe needof splitting

themupis low.

To solve the problemsabore, a secondtaskgraphis built, with referencesnto

the original task graph. The implementationof the secondtask graphmalesit

possibleto clustertasksinto larger ones,thusincreasingthe granularityof the

task graph. The first task graphis kept, sinceit is neededater for generating
code.Thetwo taskgraphsareillustratedin Figure5.

Fig. 5. Thetwo taskgraphsbuilt from the simulationcode.

L A siblings, to ataskn is definedasa nodewheren ands hasa commonpredecessor



In this framevork we have investigatedseveral schedulingalgorithms.Our early
approachegound that the a task duplicationalgorithm called TDS [3] did not
producewell. The main reasorfor this wasthe taskgranularity The TDS algo-
rithm canproducethe optimal scheduldf the taskgraphhascertainproperties,
however fine grainedtask graphsas producedby our tool do not possesshese
properties.

We have alsopartiallyimplementedinon-linearclusteringalgorithmcalledDSC
[18], but measurementfrom this were not satisfyingeither The clusterspro-
ducedby the algorithmwere too small, giving a parallel executiontime much
largerthanthe sequentiabxecutiontime.

Thecombinatiorof largefine grainedtaskgraphsandmary dependenciesakes
it hardto find alow compleity schedulingalgorithmthatproducewell. However,
anapproachthatactuallydid producespeedupn somecasess amethodwe call
full task duplication. Theideabehindfull taskduplicationis to preventcommuni-
cationin amaximumdegree,andinsteadof communicatingsaluesduplicatethe
tasksthat produceshe values.Figure6 illustrateshow the full taskduplication
algorithmworks. For eachnodewithout successorshe completetree of all its
predecessorare collectedinto a cluster Sinceall predecessorare collectedno
communicatioris necessaryT he rationaleof this approachs that,givena large
fine grainedtaskgraphwith mary dependenciest is cheapesto not communi-
cateatall, butinsteadduplicate Themethodalsoworksbetterif the heightof the
taskgraphis low in relationto the numberof the nodes,sincethe size of each
clusteris dependenodf the heightof thetaskgraphandthe numberof successors
of eachnode.

Fig. 6. By duplicatingall predecessorgachclusterformsatree

Whenall nodeswithout successorbBave beencollectedinto clustersareduction
phaseis startedto reducethe numberof clustersuntil the numberof clusters



matcheghe numberof available processorsFirst, clustersare meigedtogether
aslongasthey donotexceedthesizeof thelargestcluster In thisway, theclusters
areloadbalancedinceeachclusterwill belimited by themaximumclustersize.
If the numberof clustersis still largerthanthe numberof available processors,
thealgorithmselectgwo clusterswith the highestnumberof commonnodesand
meige themtogether This is thenrepeatedintil the numberof clustersmatches
thenumberof availableprocessors.

4 Results

The early attemptof implementingstandardschedulingalgorithmsdid not pro-
ducespeedumtall. Thereforethefull taskduplicationmethodwasinvented.The
resultswe presentherearetheoreticalresultsachiezed by runningthe algorithm
and measuringthe paralleltime of the programby calculatingthe size of the
largestcluster In the future, whenwe have fully implementedcodegeneration
with MPI calls,we will runthesimulationcodeon differentparallelarchitectures
like Linux clustersandSMP (SharedMemory Processoranachines.

Figure 7 gives sometheoreticalresultsfor a couple of different models.The
Pressurewave examplesare a thermo-fluidapplicationwherehot air is flowing

througha pipe. The pipe s discretisizednto 20 and40 elementsn the two ex-

amples.The Robot exampleis a multi-body robot with threemechanicajoints
with electricalmotorsattachedo eachjoint. As shawn in Figure7, the results
are betterfor the discretisizedmodelsthan for the robot model. For the robot
model, new schedulingmethodsare surely neededo geta speedupat all. The
full task duplicationalgorithm could not producebetterspeeduphan 1.27 for

two processors.

The speedugiguresarecalculatedas speedup = Pseq/(Ppar + CommCost)
wherepP;,, isthesumof theexecutioncostof all nodesand Py, is themaximum
clustersize.CommCost is for simplicity reasonsissumedo bezero,evenif it
is alarge cost.Sincethesefiguresare only measurementsn the scheduledask
graphandnotrealtiming measurementfsom arunningapplicationwe canmale
this simplification. The focus hereis on explaining the compleity and special
needf schedulingsimulationcodefrom codegeneratedrom Modelicamodels.

Speedup n=2 n=4 n=6 n=8
Pressur@ave20 154 262 3.60 4.45
Pressur@ave40 152 282 321 5.13
Robot 1.27 - - -

Fig. 7. Sometheoreticakpeedupesultsfor a few examples.



5 Discussionand Future Work

Simulationcodegeneratedrom equationbasedsimulationlanguagess highly
optimized and very irregular code.Hence, it is not trivial to parallelize.The
schedulingalgorithmsfound in literature are not suited for fine grainedtask
graphsof the magnitudeproducedby our tool. Therefore,new clusteringtech-
nigueswith taskduplicationareneeded.

Dueto the large taskgraphs causedy the large simulationcodefiles, the clus-
teringalgorithmmustbe of low compleity. Thelargenumberof dependencieis
thetaskgraphsalsorequiresusto usetaskduplicationto furtherdecreas¢he par
allel time of ataskgraph.Thereforefuturework includesfinding new scheduling
algorithmsthataresuitedfor largefine grainedtaskgraphswith mary dependen-
ciesandthatusetaskduplication,andstill have alow compleity.

Thefull taskduplicationalgorithmcanbe furtherimproved by cuttingtreesof at
certainpointsandinsteadintroducecommunicationsThis will befurtherinves-
tigatedin the nearfuture to seeif it is a fruitful approachto further reducethe
paralleltime of a simulationprogram.

Futurework alsoincludesparallelizationof codeusinginline solversandmixed
modeintegration[2]. This meansthat the systemcan be partitionedinto parts,
eachwith its own inline solvers,which reduceshe dependenciebetweerthese
parts.This will hopefully reveal more parallelismin the task graph,which will
improve ourresults.
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