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Abstract. Modelicais ana-causal,equationbased,objectorientedmodelinglan-
guagefor modelingandefficient simulationof largeandcomplex multi domain
systems.The Modelica language,with its strongsoftware componentmodel,
makes it possibleto usevisual componentprogramming,wherelarge complex
physicalsystemscan be modeledand composedin a graphicalway. One tool
with supportfor bothgraphicalmodeling,textualprogrammingandsimulationis
MathModelica.
To dealwith growing complexity of modeledsystemsin theModelicalanguage,
theneedfor parallelizationbecomesincreasinglyimportantin orderto keepsim-
ulationtimewithin reasonablelimits.
Thefirst stepin Modelicacompilationresultsin anOrdinaryDifferentialEqua-
tion systemor a DifferentialAlgebraicEquationsystem,dependingon thespe-
cific Modelicamodel.The Modelicacompiler typically performsoptimizations
on this systemof equationsto reduceits size.The optimizedcodeconsistsof
simplearithmeticoperations,assignments,andfunctioncalls.
Thispaperpresentsanautomaticparallelizationtool thatbuildsataskgraphfrom
theoptimizedsequentialcodeproducedbyacommercialModelicacompiler. Var-
iousschedulingalgorithmshave beenimplemented,aswell asspecificenhance-
mentsto clusternodesfor bettercomputation/communicationtradeoff. Finally,
thetool generatessimulationcode,in a master-slave fashion,usingMPI.
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1 Intr oduction

Modelicais ana-causal,object-oriented,equationbasedmodelinglanguagefor
modelingandsimulationof largeandcomplex multi-domainsystems[15,8] con-
sistingof componentsfrom severalapplicationdomains.Modelicawasdesigned
by aninternationalteamof researchers,whosejoint effort hasresultedin a gen-
eral languagefor designof modelsof physicalmulti-domainsystems.Modelica
hasinfluencesfrom a numberof earlierobjectorientedmodelinglanguages,for
instanceDymola[7] andObjectMath[9].
Thefour mostimportantfeaturesof Modelicaare:



– Modelicais basedon equationsinsteadof assignmentstatements.This per-
mits a-causalmodelingthatgivesbetterreuseof classessinceequationsdo
not specifya certaindataflow direction.Thusa Modelicaclasscanadaptto
morethanonedataflow context.

– The possibility of having modelcomponentsof physicalobjectsfrom sev-
eral differentdomainssuchase.g.electrical,mechanical,thermodynamic,
hydraulic,biologicalandcontrolapplicationscanbedescribedin Modelica.

– Modelica is an object-orientedlanguagewith a generalclassconceptthat
unifiesclasses,generics(known astemplatesin C++) andgeneralsubtyping
into a single languageconstruct.This facilitatesreuseof componentsand
evolution of models.

– The strongsoftwarecomponentmodel in Modelicahasconstructsfor cre-
ating and connectingcomponents.Thus the languageis ideally suitedas
an architecturaldescriptionlanguagefor complex physicalsystems,andto
someextentfor softwaresystems.

The class,alsocalledmodel,is the building block in Modelica.Classesarein-
stantiatedas componentsinside other classes,to make it possibleto build a
hierarchicalmodel of a physicalentity. For instance,an electrical DC motor
can be composedof a resistor, an inductanceand a componenttransforming
electricity into rotationalenergy, seeFigure 1. The model startswith two im-
port statements,makingit possibleto useshortnamesfor modelsdefinedin the
Modelica.Electrical.Analog.Basicpackage(the first import statement)andus-
ing theshortnamefor theStepVoltagemodeldefinedin theModelicapackage
Modelica.Electrical.Analog.Sources(thesecondimportstatement).Theimport
statementsarefollowedby severalcomponentinstantiations,wheremodification
of componentsis used.Themodificationof componentsis a powerful language
constructthatfurtherincreasesthepossibilityof reuse.Thenext partof themodel
definitionis theequation section,seeFigure1. It canconsistof arbitraryequa-
tions,involving thedeclaredvariablesof a model.It canalsocontainconnect
statements,which arelater translatedinto equationsthatcouplevariablesin dif-
ferentcomponentstogether.
Onetool for developingmodels,for simulationandfor documentationis Math-
Modelica [14]. It integratesModelica with the mathematicalengineeringtool
Mathematica andthe diagrameditor Visio to allow the userto work with mod-
els both in a powerful computeralgebrasystemandby usingcomponentbased
modelingin adraganddrop/connectfashionin agraphicalenvironment,seeFig-
ure2. In MathModelicaa modelcanalsobeenteredin a Mathematicanotebook
documentasordinarytext. For example,thedcmotor modelcanbesimulated
by:

Simulate[dcmotor,{t,0,50}];

TheMathModelicaenvironmentthencompilestheModelicamodelinto C,which
is thenlinked with a solver into an executablefile. The result from runningthe
simulationconsistof anumberof variableschangingovertime,i.e. they arefunc-
tionsof time. In MathModelicathesevariablesaredirectly availableandcanbe,
for instance,plotted,seeFigure3.
When a model describedin Modelica is to be simulatedthe involved models,
typesandclassesarefirst fed to a compiler. TheModelicacompilerflattensthe



model dcmotor
import Modelica.Electrical.Analog.Basic.*;
import Modelica.Electrical.Analog.Sources.StepVoltage;
Resistor R1(R=10);
Inductor L(L=0.01);
EMF emf;
Ground G;
StepVoltage src;

equation
connect(src.p,R1.p);
connect(R1.n,L.p);
connect(L.n,emf.p);
connect(emf.n,G.p);
connect(G.p,src.n);

end dcmotor;

Fig.1. A simplemodelof a DCmotordescribedin theModelicamodelinglanguage.

Fig.2. Visualcomponentbasedmodelingin MathModelica.



Fig.3. A Notebookdocumentcontaininga plot command.

objectorientedstructureof a modelinto a systemof differentialalgebraicequa-
tions(DAE) or a systemof ordinarydifferentialequations(ODE), which during
simulationis solved using a standardDAE or ODE solver. This codeis often
very time consumingto execute,andthereis a greatneedfor parallelexecution,
especiallyfor demandingapplicationslike hardware-in-the-loopsimulation.
The flat setof equationsproducedby a Modelicacompiler is typically sparse,
andthereis a largeopportunityfor optimization.A simulationtool with support
for theModelicalanguagewouldtypically performoptimizationsontheequation
setto reducethe numberof equations.Onesuchtool is Dymola [6], anotheris
MathModelica[14].
Theproblempresentedin this paperis to parallelizethecalculationof thestates
(thestatevariablesandtheirderivatives)in eachtimestepof thesolver. Thecode
for this calculationconsistsof assignmentsof numericalexpressions,e.g.addi-
tion or multiplication operations,to differentvariables.But it canalsocontain
function calls, for instanceto solve an equationsystemor to calculatesin of a
value,which arecomputationallymoreheavy tasks.TheMathModelicasimula-
tion tool producesthis kind of code.Hencewe canuseMathModelicaasa front
endfor ourautomaticparallelizationtool.Thearchitectureisdepictedin Figure4,
showing theparallelizingtool andits surroundingtools.
To parallelizethe simulationwe first build a task graph,
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where

eachtask 
�� � correspondsto a simplebinaryoperation,or a functioncall. A
datadependency is presentbetweentwo tasks
�� � 
�� if f 
�� usesthe resultfrom

�� . This is representedin the taskgraphby the edge� ��� 
�� � 
�� � . Eachtask
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Fig.4. Thearchitectureof a Modelicasimulationenvironment

is assignedanexecutioncostwhich correspondsto a normalizedexecutiontime
of the task,andeachedgeis assigneda communicationcostcorrespondingto a
normalizedcommunicationtime betweenthe tasksif they executeon different
processors.Thegoal is to minimize theexecutiontime of the parallelprogram.
This oftenmeansthat thecommunicationbetweenprocessorsmustbekept low,
sinceinterprocessorcommunicationis very expensive. Whentwo tasksexecute
on thesameprocessor, thecommunicationcostbetweenthemis reducedto zero.

Schedulingandpartitioningof suchtaskgraphsdescribedabovehasbeenstudied
thoroughlyin thepastthreedecades.Thereexistsaplethoraof differentschedul-
ing andpartitioningalgorithmsin theliteraturefor differentkindsof taskgraphs,
consideringdifferentaspectsof theschedulingproblem.Thegeneralproblemof
schedulingtask graphsfor a multi-processorsystemis proven to be NP com-
plete[16].

Therestof thepaperis organizedasfollows: Section2 givesa shortsummaryof
relatedwork.Section3 presentsourcontributionof parallelizingsimulationcode.
In section4 we give someresultsof our contribution, followed by a discussion
andfuturework in section5.



2 RelatedWork on Multipr ocessorScheduling

A large numberof schedulingandpartitioningalgorithmshave beenpresented
in theliterature.Someof themusea list scheduling techniqueandheuristics[1,
4,5,10,12,13], somehave beendesignedspecificallyfor simulationcode[20].
A list schedulerkeepsa list of tasksthat arereadyto be scheduled,i.e. all its
predecessorshave alreadybeenscheduled.In eachstepit selectsoneof thetasks
in the list, by someheuristic,andassignsit to a suitableprocessor, andupdates
thelist.
Another techniqueis called critical path scheduling [17]. The critical path of
a task graph(DAG) is the path having the largestsum of communicationand
executioncost.Thealgorithmcalculatesthecritical path,extractsit from thetask
graphandassignit to aprocessor. After thisoperation,anew critical pathis found
in the remainingtaskgraph,which is thenscheduledto the next processor, and
soon. Onepropertyof critical pathschedulingalgorithmsis that thenumberof
availableprocessorsis assumedto be unbounded,becauseof the natureof the
algorithm.
An orthogonalfeaturein schedulingalgorithmsis task duplication [11,17,21].
Taskduplicationschedulingalgorithmsrely on taskduplicationasa meanof re-
ducingcommunicationcost.However, thedecisionif a taskshouldbeduplicated
or not introducesadditionalcomplexity to thealgorithm,pushingthecomplexity
up in therange��������� to �����! "� for taskgraphswith � nodes.

3 Schedulingof Simulation Code

Simulationcodegeneratedfrom Modelicamostly consistof a large numberof
assignmentsof expressionswith arithmeticoperationsto variables.Someof the
variablesareneededby the DAE solver to calculatethe next state,hencethey
mustbesentto theprocessorrunningthesolver. Othervariablesaremerelytem-
poraryvariableswhosevaluecanbediscardedafterthefinal use.
Thesimulationcodeis parsed,anda fine grainedtaskgraphis built. This graph,
which hasthe propertiesof a DAG, canbe very large.A typical application(a
thermo-fluidmodelof apipe,discretisizedto100pieces),with anintegrationtime
of around10 milliseconds,hasa taskgraphwith 30000nodes.Thesizeof each
nodecanalsovarya lot. For instance,whenthesimulationcodeoriginatesfrom a
DAE, anequationsystemhasto besolvedin eachiterationif it cannotbesolved
staticallyatcompiletime.Thisequationsystemcanbelinearor non-linear. In the
linearcase,any standardequationsolver couldbeused,evenparallelsolvers.In
thenon-linearcase,fixedpoint iterationis used.In bothcases,thesolvingof the
equationsystemis representedasa singlenodein the taskgraph.Sucha node
canhave a largeexecutiontime in comparisonto othernodes(like anadditionor
a multiplicationof two scalarfloatingpoint values).
The taskgraphgeneratedfrom the simulationcodeis not suitablefor schedul-
ing to multiprocessors,usingstandardschedulingalgorithmsfoundin literature.
Thereareseveral reasonsfor this, the major reasonis that the taskgraphis too
finegrainedandcontainstoomany dependenciesfor gettinggoodresultsonstan-
dardschedulingalgorithms.Many schedulingalgorithmsaredesignedfor coarse
grainedtasks.The granularityof a taskgraphis the relationbetweenthe com-
municationcostbetweentasksandtheexecutioncostof tasks.Thelargeamount



of dependenciespresentin the taskgraphsalsomakesit necessaryto allow task
duplicationin theschedulingalgorithm.Thereareseveralschedulingalgorithms
thatcanhandlefine grainedtasksaswell ascoarsegrainedtasks.Onesuchcat-
egory of algorithmsis non-linearclusteringalgorithms[18,19]. A clusteris a
setof nodescollectedtogetherto beexecutedon thesameprocessor. Therefore
all edgesbetweentwo nodesthat belongto the sameclusterhasa communica-
tion costof zero.Thenon-linearclusteringalgorithmsconsiderputtingsiblings1

into the sameclusterto reducecommunicationcost.But thesealgorithmsdoes
not allow taskduplication.Thereforethey arenot producingwell on this kind of
simulationcode.

A secondproblemwith thetaskgraphsgeneratedis thatin orderto keepthetask
graphsmall, the implementationdoesnot allow a taskto containseveral opera-
tions.For instance,ataskcannotcontainbothamultiplicationandafunctioncall.
ThesimulationcodecanalsocontainModelicawhen statements,which canbe
seenasaif statementwithoutelse branch.Theseneedto beconsideredasone
task,sinceif theconditionof thewhen statementis true,all statementsincluded
in thewhen clauseshouldbeexecuted.An alternative would beto replicatethe
guardfor eachstatementin thewhen clause.This is however not implemented
yet, sinceusuallythewhenstatementsaresmall in sizeandtheneedof splitting
themup is low.

To solve the problemsabove, a secondtaskgraphis built, with referencesinto
the original taskgraph.The implementationof the secondtaskgraphmakes it
possibleto clustertasksinto larger ones,thus increasingthe granularityof the
task graph.The first task graphis kept, sinceit is neededlater for generating
code.Thetwo taskgraphsareillustratedin Figure5.

Fig.5. Thetwo taskgraphsbuilt from thesimulationcode.

1 A sibling s, to a taskn is definedasa nodewheren ands hasa commonpredecessor.



In this framework we have investigatedseveralschedulingalgorithms.Our early
approachesfound that the a taskduplicationalgorithmcalledTDS [3] did not
producewell. Themain reasonfor this wasthe taskgranularity. TheTDS algo-
rithm canproducetheoptimal scheduleif the taskgraphhascertainproperties,
however fine grainedtaskgraphsasproducedby our tool do not possessthese
properties.
Wehavealsopartially implementedanon-linearclusteringalgorithmcalledDSC
[18], but measurementsfrom this were not satisfyingeither. The clusterspro-
ducedby the algorithmwere too small, giving a parallelexecutiontime much
largerthanthesequentialexecutiontime.
Thecombinationof largefinegrainedtaskgraphsandmany dependenciesmakes
it hardto find alow complexity schedulingalgorithmthatproducewell. However,
anapproachthatactuallydid producespeedupin somecasesis amethodwe call
full task duplication. Theideabehindfull taskduplicationis to preventcommuni-
cationin a maximumdegree,andinsteadof communicatingvaluesduplicatethe
tasksthatproducesthevalues.Figure6 illustrateshow the full taskduplication
algorithmworks.For eachnodewithout successors,the completetreeof all its
predecessorsarecollectedinto a cluster. Sinceall predecessorsarecollectedno
communicationis necessary. Therationaleof this approachis that,givena large
fine grainedtaskgraphwith many dependencies,it is cheapestto not communi-
cateatall, but insteadduplicate.Themethodalsoworksbetterif theheightof the
taskgraphis low in relationto the numberof the nodes,sincethe sizeof each
clusteris dependentof theheightof thetaskgraphandthenumberof successors
of eachnode.

Fig.6. By duplicatingall predecessors,eachclusterformsa tree

Whenall nodeswithout successorshave beencollectedinto clusters,a reduction
phaseis startedto reducethe numberof clustersuntil the numberof clusters



matchesthe numberof availableprocessors.First, clustersaremergedtogether
aslongasthey donotexceedthesizeof thelargestcluster. In thisway, theclusters
areloadbalancedsinceeachclusterwill belimited by themaximumclustersize.
If the numberof clustersis still larger thanthe numberof availableprocessors,
thealgorithmselectstwo clusterswith thehighestnumberof commonnodesand
mergethemtogether. This is thenrepeateduntil thenumberof clustersmatches
thenumberof availableprocessors.

4 Results

Theearlyattemptsof implementingstandardschedulingalgorithmsdid not pro-
ducespeedupatall. Therefore,thefull taskduplicationmethodwasinvented.The
resultswe presentherearetheoreticalresultsachievedby runningthealgorithm
and measuringthe parallel time of the programby calculatingthe size of the
largestcluster. In the future,whenwe have fully implementedcodegeneration
with MPI calls,wewill runthesimulationcodeondifferentparallelarchitectures
like Linux clustersandSMP(SharedMemoryProcessors)machines.

Figure 7 gives sometheoreticalresultsfor a coupleof different models.The
Pressurewave examplesarea thermo-fluidapplicationwherehot air is flowing
througha pipe.Thepipe is discretisizedinto 20 and40 elementsin the two ex-
amples.The Robot exampleis a multi-body robot with threemechanicaljoints
with electricalmotorsattachedto eachjoint. As shown in Figure7, the results
are betterfor the discretisizedmodelsthan for the robot model.For the robot
model,new schedulingmethodsaresurelyneededto get a speedupat all. The
full taskduplicationalgorithmcould not producebetterspeedupthan1.27 for
two processors.

Thespeedupfiguresarecalculatedas #%$'&(&()+*�$-,/.10%243(56��.�7(8:9<;>=@?"A-AB=@?�#%CD�
where. 0%243 is thesumof theexecutioncostof all nodesand. 7�8:9 is themaximum
clustersize. =@?"A-AE=@?�#%C is for simplicity reasonsassumedto bezero,evenif it
is a largecost.Sincethesefiguresareonly measurementson thescheduledtask
graphandnotrealtiming measurementsfrom arunningapplication,wecanmake
this simplification.The focushereis on explaining the complexity andspecial
needsof schedulingsimulationcodefrom codegeneratedfrom Modelicamodels.

Speedup n=2 n=4 n=6 n=8
Pressurewave20 1.54 2.62 3.60 4.45
Pressurewave40 1.52 2.82 3.21 5.13
Robot 1.27 - - -

Fig.7. Sometheoreticalspeedupresultsfor a few examples.



5 Discussionand Future Work

Simulationcodegeneratedfrom equationbasedsimulationlanguagesis 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-
niqueswith taskduplicationareneeded.
Dueto the largetaskgraphs,causedby the largesimulationcodefiles, theclus-
teringalgorithmmustbeof low complexity. Thelargenumberof dependenciesin
thetaskgraphsalsorequiresusto usetaskduplicationto furtherdecreasethepar-
allel timeof ataskgraph.Therefore,futurework includesfindingnew scheduling
algorithmsthataresuitedfor largefinegrainedtaskgraphswith many dependen-
ciesandthatusetaskduplication,andstill have a low complexity.
Thefull taskduplicationalgorithmcanbefurtherimprovedby cuttingtreesof at
certainpointsandinsteadintroducecommunications.This will befurther inves-
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 systemcanbe partitionedinto parts,
eachwith its own inline solvers,which reducesthedependenciesbetweenthese
parts.This will hopefully reveal moreparallelismin the taskgraph,which will
improve our results.
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