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ABSTRACT
This paperaddressesthe problemof automaticgeneration of im-
plementationsoftware from high-level functionalspecificationsin
the context of embeddedsystemon chip designs.Software design
complexity for embeddedsystemshas increasedso much that a
high-level functionalprogrammingparadigm needto be adopted
for formal verifiability, maintainability and short time-to-market.
We proposea framework for efficientlygenerating implementation
software from a synchronousstatemachine specificationfor em-
beddedcontrol systems.Theframework is genericenoughto allow
hardware/software partition for a givenarchitecture platform. It is
demonstratedthatthelogic optimizationandsimulationtechniques
canbecombinedto producefastexecutioncodefor such embedded
systems.Specifically, weproposea framework for software synthe-
sisfrommulti-valuedlogic, includingfastevaluationof logic func-
tions,andschedulingtechniquesfor nodeexecution.Experiments
are performedto showthe initial resultsof our algorithmsin this
framework.

1. INTRODUCTION
Weadopta platform-baseddesignmethodology, with two major

features:(a) usingstandardizedor applicationspecificprocessing
platformsto executeintelligent software, and (b) raising the ab-
stractionlevel of softwaredesignswith implementationcodeauto-
maticallygeneratedfrom functionalmodels.

By usingstandardizedprocessorsandmoving intellectualprop-
ertiesinto softwaredesign,themethodologyreduceshardwareman-
ufacturingcost, increasesflexibility of the design,henceextends
productlife cycle andshortenstime-to-market. However, software
designin suchsystemsbecomesextremely complex. High-level
functionalprogrammingparadigmstacklethisproblemby abstract-
ing awayimplementationdetailswith codegeneratedautomatically
from functionalcomputationmodels.

We focuson control intensive embeddedsystems,for instance,
automobileengine,airplane,andnetwork protocolcontrols. The
computationmodelusedis a network of extendedfinite statema-
chines(EFSMs).An EFSMis asystemwith afinite statecontroller
interactingwith an unboundedinteger data-path[9]. Eachtransi-
tion of thecontrolleris guardedby apredicateover theintegervari-
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ables,andis associatedwith anactionfunctionwhich updatesthe
valuesof the integer variables. This model hasbeenstudiedfor
systemdesignandverification. High-level synchronouslanguages
like Esterel[7] canbeusedto programin suchmodels.

A staticsynchronousmodellike EFSMscannotmodelor verify
dynamicaspectsof theembeddedsoftware,like dynamictaskand
memoryallocation,which maybeimportantin someapplications.
We arguethat in safetycritical control applications,like avionics
andautomobileelectronics,suchsynchronousmodelshave to be
usedfor formal verifiability andexecutablespecifications.There
are researchefforts to combinethe synchronousmodel with dy-
namicaspectsto providepowerful systemlevel modeling,which is
not thefocusof thispaper.

Our designflow startsfrom high-level synchronousspecifica-
tion, textual or graphical,like Esterel,Argos, Lustre, or Matlab
StateFlow. EFSMsare derived from theseand optimizedusing
multi-valued(MV) logic synthesistechniques.The internal rep-
resentation,a network of functionalnodes,supportsabstractdata
variables(which may be implementedby integeror floatingpoint
datapath)andblack-boxfunctioncalls.Thecomputationinvolved
with theabstractdatavariablesarenot interpretedby thetools,but
theinformationflow is utilized for synthesisin thelogic domain.

In the mappingphase,the functionalmodelcanbe mappedto
differentarchitectureplatforms.For aconfigurablesystem-on-chip
platform,eachnodecanbeestimatedfor performanceandimple-
mentedeitherin hardwareor software,usingtechniquesdescribed
in [4]. For pure software implementation,this paperpresentsa
framework for generatingefficientcodeusinglogicsimulationtech-
niques.This includesfastlogic functionevaluationandscheduling
for nodeexecution.

In theremainderof this paper, Section2 reviews relatedwork in
thisarea;Section3 describesthecomputationmodelweusefor op-
timizationandsynthesis;Section4 detailsour techniqueson code
generationandaschedulingscheme;Section5 showsexperimental
resultsfollowedby conclusions.

2. RELATED WORK
The Polis project [2] usesEFSMsfor intermediaterepresenta-

tion andsynthesis.A high-level designlanguage,like Esterel[7],
is compiledinto asetof EFSMs,whicharesubsequentlyoptimized
andmappedinto hardwareand/orsoftware[3], dependingon sys-
tem constraints.The communicationmodelamongtheseEFSMs
is a Globally AsynchronousLocally Synchronous(GALS) mecha-
nism. EachEFSM is representedby a singlestatetransitiontable
for thecontrolpathandalookuptablefor thedata-path.BinaryDe-
cisionDiagrams(BDDs) areusedto optimizethestatetransitions
andsynthesizethe code. This representationcannotscaleto very



Table 1: Node types in a control data network
nodetypes operation input output example

control logical MV MV a
�
0� b � 1 � 2 ��� a

�
1�

data arithmetic data data x + y
multiplexer assignment MV/data data c

�
0� x � c

�
1 � y

predicate predicate data MV x > y

largedesigns.In addition,data-pathinformationis not utilized for
optimization.

The Esterelcompiler from the Esterelteam[11] hastwo ways
of generatingcodefrom different representationsof a FSM. The
automatamethod[6] enumeratesall possiblestatesandgenerates
the action codefor eachstate. This can producevery fast code,
but for largeexamples,thecodesizeblows upwith thestatespace.
Thecircuit method[5] combinesamulti-level Booleancircuit with
a data-pathtable,andgeneratescodebasedon thelogic equations.
Thecodesizeis scalable,but with compromisesin executionspeed.
Thecommunicationmodelbetweenprocessesis synchronouscom-
positionthroughasetof completelyunorderedsynchronousevents.

Edwardsproposedcompiling Estereldirectly into sequentialC
code[10], by static schedulingand context switching. This ap-
proachappliesonly to statically schedulableapplications. Other
Esterelcompilation techniquesthat have beenproposedinclude
modularcompilation[14], andreactionacceleration[24]. By com-
piling Estereldirectly into C code,theseapproachesdo not easily
supportpartitioningbetweenhardwareandsoftware.

The areaof codegenerationfor control applicationsoverlaps
largelywith discretefunctionsimulation.Mostcloselyrelatedpub-
licationsare in cycle simulationusingdecisiondiagrams[19, 1].
Theschedulingtechniquesto bepresentedherealsohave somere-
semblancewith event-drivenandback-tracingsimulation[23, 18].
However, thesesimulationtechniquesaretunedfor implementation
in high-performancecomputerservers, ratherthan cost sensitive
andresourceconstrainedembeddedsystems.

Theliteratureis alsorich in softwaresynthesisfor otherapplica-
tion domainsandcomputationmodels,for instance,codegenera-
tion from synchronousdataflow, processnetworks,andPetriNets
[22]. Thesearenotstudiedor comparedin our paper.

3. COMPUTATION MODEL
We usea network of EFSMsas the computationmodel. The

techniquespresentedare for synthesisand codegenerationfor a
singleEFSM,but they areeasilyextensibleto interactingEFSMs
with synchronousor asynchronouscommunication.

Weadoptafunctionalrepresentationthatusesmulti-valuedvari-
ablesand Booleanalgebra. We believe this appliesnaturally to
embeddedsoftwaresynthesiswith advantagesover binarylogic.

� It exploresbit level parallelismandthussavesexecutionin-
structionsfor updatingvariablesandRAM usages.

� A larger optimizationspaceis explored for finding an op-
timal implementationwithout being limited to a particular
binaryencoding.

WeuseMVSIS[13,8] for optimizationandsynthesis.ForEFSM
minimization,it operatesona control-datanetwork representation.
Thesehave controlnodesanddatanodesinterconnectedwith two
typesof variables:multi-valuedvariableswith finite rangesandab-
stractdatavariableswith unboundedranges.Therearefour types
of nodes:control, multiplexer, dataandpredicate. Theseareclas-
sifiedaccordingto their input andoutputvariablestypes,asshown
in Table1. In the examplesin the table,a, b, c aremulti-valued
controlvariables,andx, y aredatavariables.
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Figure 1: Control-data network

A multiplexer is definedas f � f � yc � y0 �
	
	
	�� yn � 1 
 , whereyc is a
MV-variablewith n values,yi , (i ��� 0 � n � 1� ) aredatainputs. The
output f is assignedto yi if yc � i. Thedatacomputationcontained
in predicatenodesandexpressionnodesarecurrentlymodeledas
uninterpretedstrings. The expressionsmustbe arithmeticsdefin-
ableby thesemanticsof theC language.

Thereis a directededgefrom nodei to node j , if thefunctionat
node j syntacticallydependson theoutputvariableat nodei. The
network hasasetof primaryinputsandasetof nodesdesignatedas
theoutputsof thenetwork. Therearealsolatchesfor bothcontrol
anddatavariables. Figure1 shows an exampleof a control-data
network with two latches,whereboldwiresindicatedatavariables.

Eachcontrolnodeisamulti-valuedfunctionrepresentedin Multi-
valuedDecisionDiagrams(MDDs) andsum-of-products.In gen-
eral,a variablexi is multi-valuedandtakeson valuesfrom theset
Pi ��� 0 � 1 �
	�	�	����Pi � � 1� . A literal of a MV-variablex is associated
with a subsetof valuesfor that variableandevaluatesto 1 if the
variabletakeson any of thevaluesin theset. A product term or
cube is a conjunctionof literals andevaluatesto 1 if eachof the
literalsevaluatesto1. A sum-of-products (SOP)is thedisjunction
of a setof producttermsandevaluatesto 1 if any of theproducts
evaluatesto 1. For detaileddefinitionsreferto [13].

A setof technologyindependentoptimizationmethodshavebeen
implementedin MVSIS [8]. Theseinclude algorithmsextended
from binary logic: algebraicdecomposition[12], don’t care-based
simplification[15], elimination,resubstitution;andalsoalgorithms
specificallytunedfor multi-valuedlogic: nodepairingandencod-
ing [13].

4. SOFTWARE SYNTHESIS
Thesoftwaresynthesisproblemis,givensuchamulti-level control-

datanetwork, generatean efficient software implementationin C
(or targetdependentmachinelanguage),suchthatappropriatecon-
straintsaresatisfied.Thesemay includeresourceconstraints,like
RAM andROM usages,andtiming constraints.This is a mapping
problemfrom a parallel executionmodel, originally targetedfor
hardware, to a sequentialexecutionmodel,whereall tasksshare
the sameprocessingunit. The goal is to generatefastsequential
simulationcodewith constraintson the codesize. This may be
achieved by reducingthe time spenton eachnode,andreducing
the total numberof nodesthat hasto be evaluated. We therefore
solve two sub-problems:codegenerationfor individual logic func-
tions,andschedulingof nodeexecution,detailedin theremainder
of this section.

4.1 Code Generation
Givenmulti-valuedlogic function f � x1 �
	
	�	�� xn 
 : P1 � P2 � 	
	
	 �

Pn � Q, wherePi is the domainof input variablexi andQ is the
domainof the outputvariable,find softwareimplementationsuch
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if (! M � G1) goto N2;
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elsegoto N7;

Figure 2: Generalized Cofactoring Diagram (a) and its generic
software implementation (b)

thatthecodesizeandexecutionspeedis optimized.
Differentcodegenerationschemesexist dependingon various

logic functionrepresentations:sum-of-products(SOP),multi-valued
decisiondiagrams(MDDs), and lookup tables(LUT). We usea
genericmodelcalledGeneralizedCofactoringDiagram(GCD) to
modelandunify thesedifferentmethods.

Similar to MDDs, GCD is a diagramcomposedof functional
nodesandterminalnodes;differentfrom MDDs, thereis a setof
generalcofactoringfunctions � G1 � G2 �
�
�
��� Gn  (rather than vari-
ables),onefor eachnodein the structure,to be cofactoredby the
intermediatefunctionnodes.As illustratedin Figure 2(a),thetop
nodefunctionF hastwo out-goingedges,representingthe cofac-
torsFG1 andFḠ1

. Generalizedcofactoringfor functionsis defined
asFG ! F " G. Notethat in general,Gi canbemulti-valuedfunc-
tions. In that caseeachvaluek of Gi is a binary function Gk

i . F
would have asmany outputedgesasthe numberof valuesfor G,
eachrepresentingthecofactoringof F on oneof Gi ’s valuefunc-
tions: FGk

i
.

Thesoftwarederived from sucha GCD takesan input minterm
M anddeterminesthe outputvaluebasedon the branchingstruc-
ture, as shown in Figure 2(b). Eachbranchingpoint represents
a sub-spaceof the input logic domain,and the cofactoringfunc-
tion Gi partitionsthis furtherinto smallerdomains,until theoutput
valuecanbedecidedin thesub-space.Theinput mintermfollows
theGCD structureandmakesbranchingdecisionsbasedon there-
sult of # M $ Gi % . In thefigure,label N1 refersto thecodederived
from the root nodeF ; label N2 refersto the codederived from
nodeFG1. Label N4 andbeyondarenot shown in thefigure.

The codegenerationproblemis to find the set of cofactoring
functions� G1 � G2 �
�
�
��� Gn  andbuild thecofactoringstructure,such
that the evaluationof the logic function in software is optimized.
Long computationtime canbe toleratedfor deriving thestructure
that givesthe bestperformance,sincethe generatedcodeis to be
loadedin thefinal productsandexecutednumeroustimes.

Note thatunlike MDDs, GCDsneednot beorderedso they are
more like free MDDs. A similar optimizationscenariobasedon
free MDDs wasproposedin [17]. The optimality is measuredin
codesize,which is proportionalto the total numberof branching
nodes,andspeed,which is relatedto (a) the averagedepthof the
diagram,and(b) thecostof thebranchingtest # M $ Gi % .

Differentcodegenerationmethodsbasedon specificfunctional
representationsarevariationsof theGCD:

& MDD: CofactoringfunctionsG’s are single variable func-
tions.At eachGCDnode,theinputmintermis testedfor the
valueof a particularinput variable. Theevaluationspeedis
boundedby thenumberof inputs,but thesizemaybeexpo-
nentialdependingon thelogic function.
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Figure 3: Comparison of code size w.r.t. the number of inputs
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Figure 4: Comparison of run-time w.r.t. the number of inputs

& SOP: Cofactoringfunctionsaresinglecubes.At eachGCD
node,the input mintermis checked to seeif it is contained
in the cubeassociatedwith that GCD node. The contain-
ment test is performedby a bit-wise AND operationif the
cubesandmintermsarerepresentedin bit vectors[16], or by
evaluatingthevalueof thecubethroughBooleanoperations.
Both the sizeand the evaluationspeedmay be exponential
dependingon thelogic function.

& LUT: Thereis only oneGCD nodethatperformsa memory
lookup.Thereareasmany entriesin thememoryasthenum-
berof input minterms.Theoutputvalueis retrievedby one
memoryoperations.Thecodesizeis exponential,but canbe
managedby decomposinginto cascadingLUTs; the evalu-
ation speedis potentially limited by the memorylatency of
thesystemarchitecture.Experimentsshow thatthememory
bottleneckof commonprocessorarchitecturespreventsthis
methodfrom beingcompetitive comparedwith theothers.

Figure 3 and 4 shows codesizeand run-timecomparisonof
MDD andSOPcodefor some150 logic functionsextractedfrom
a commonbenchmarksuite, with input variablesrangingfrom 2
to 16. The codesaregeneratedandcompiledwith gcc -O2 on
anIntel PIII platformrunningLinux. Thecodesizeis thenumber
of bytesin theobjectcode;therun time resultsaretheaverageof
10 million simulationson pseudorandominput vectors.We make
the following observations: (a) Both methodsdemonstratea lin-
earrun-timedegradationasthenumberof inputsgrows. TheSOP
codedegradesfasterthantheMDD code. (b) TheSOPcodeis in
generalslowerthentheMDD code,exceptfor only verysmalllogic
functions(lessthan3 inputs)andoccasionallylargelogic functions
with smallcubecounts.(c) TherearecaseswhentheSOPcodeis
fasteror smallerthentheMDD code.This indicatesthata hybrid
approach(suchasGCDs)which derivesa specializedcofactoring



structurefor eachlogic functionwould produceconsistentlysupe-
rior results.

The real runtimeperformancedependson the target processor
architectures.Our resultgivesan approximatecomparisonof the
codegenerationmethods.New GCD structuresbasedon optimal
cubecofactoringis to beexploredin future work. In thefinal ex-
periments,we useMDD codefor large logic functionsandSOP
codefor smallfunctions.

4.2 Scheduling
Givena network of nodes,asdescribedin Section3 (seeFigure

1),find aschedulingschemefor thefiring of thenodes,suchthatthe
overall executiontime is minimized. A straight-forwardapproach
is to staticallyschedulethe nodeswith a topologicalsort, similar
to obliviouslogic simulation.Every nodein thenetwork is always
evaluated,eventhoughsometimesthey donotneedto be.

Unlikehardwareexecution,wheretiming is characterizedby the
critical pathdelay, softwareexecutiontime is associatedwith the
total numberof nodesthat have to be evaluatedfor a particular
input vector. A dataexpressionnodemay not beevaluatedif it is
de-selectedby its fanoutmultiplexer. (For examplenodeM1 and
E1 in Figure 1.) A control nodeor a predicatenodemay not be
evaluatedif its value is not observableat the primary outputs. In
the remainderof this section,we develop theoriesfor identifying
thesecasesanddeveloptechniquesto makeuseof themin software
scheduling.

4.2.1 Triggerability
To simplify thedescription,in thesequelif not specifiedother-

wise,we useinputs to denoteprimary inputsandtheoutputof
latch variables;we useoutputs to denoteprimary outputsand
theinputsof latchvariables.

DEFINITION 1. A nodeis calleda trigger node(or triggerable)
if there exists at least one input vector, which can determinethe
outputvalueswithoutthis node.

The triggerability of a nodecan be testedby the existenceits
Maximal Observability Don’t Cares(MODC). TheMODC 1 xi 2 yk 3
for an edgefrom nodexi to nodeyk is the setof mintermsin the
domainof all intermediatevariables,suchthatthevaluesof xi can-
not be observed at the outputof nodeyk. The MODC of a node
xi is the intersectionof the MODCs for all its fanoutedges[15].
The MODC of nodeyk is alsoinheritedby all of its fanin nodes.
Expressedin equation:

MODCxi 465 yk 7 f anout 8 xi 9 1 MODC 1 xi 2 yk 3;: MODCyk 3
THEOREM 1. A nodeis a trigger nodeif andonly if its MODC

setis notempty.

If theMODC setof anodeis empty, it is alwaysobservableat the
outputsfor all possibleinput combinations.This meansthey have
to beevaluatedfor all casesin orderto obtaintheoutputvalue.We
call thesenodesstaticnodes.

For control nodeswith multi-valued logic, the MODC theory
andalgorithmshavebeendevelopedin [15]. For a multiplexer f 4
f 1 yc 2 y0 2
<�<
<�2 yn = 1 3 , whereyc is thecontrolvariableandyi aredata
input variables,let MODCf be the MODC set computedfor the
output f . ThentheMODC setfor its faninedgesare:

MODC 1 yi 2 f 3 4 1 yc >4 i 3?: MODCf

MODC 1 yc 2 f 3 4 MODCf

Intuitively, the control variablehasto be evaluatedin orderto do
the multiplexer assignment,thereforeits MODC directly inherits

Algorithm [Network CodeGeneration]:
input: control-date-network
1 Partitionnetwork into treesandcomputetriggerability;
2 generateheader();
3 List1 = topologicallist of statictrees;
4 Foreach treei in List1
5 codegentree(i);
6 generatetail();
7 List2 = topologicallist of triggertrees;
8 Foreach treei in List2
9 codegentree(i);
End
code gen tree [TreeCodeGeneration]:
input: triggertree
1 Foreach nodek in treein topologicalorder
2 If k is datanode
3 Generateexpression;Continue;
4 Build GCD for logic functionk;
5 Traverseeachnodeg in GCD
6 If g requiresvaluefrom triggernode
7 If cost(g) @ threshold
8 codegen tree(g);
9 else
10 Generatefunctioncall for g;
11 Generatebranchingcodefor g;
End

Figure 5: Code generation with triggerized scheduling

from node f ; adatavariableis blockedfrom theoutputof f , if it is
de-selectedby thecontrolvariable.

For a predicateor expressionnode f 4 f 1 y1 2
<
<
<A2 yn 3 , whereall
inputsaredatavariables,we have:

MODC 1 yi 2 f 3 4 MODCf

In otherwords,anexpressionnodeis a triggernodeif andonly if
all of its fanoutsaretriggernodes.We usethe following theorem
to simplify theanalysisof thedata-pathtriggerability:

DEFINITION 2. A trigger treeis a largestsetof predicateand
expressionnodes,amongwhich only onenodefansout to the ex-
ternalworld. Thisnodeis calledtherootnodeof this trigger tree.

COROLLARY 1. All nodesin a trigger treeshare thesametrig-
gerability.

A trigger treeis treatedasa singlenodein our analysisandcode
generation.In theexamplein Figure 1, nodeP2 andE2 arecom-
binedasa triggertree.

4.2.2 TriggerizedScheduling
After thetriggerabilityof all nodesin thenetwork arecomputed,

we develop a quasi-staticexecutionschedulebasedon this infor-
mation. We first outline somefeaturesof the schedulingscheme
andthengive a generalalgorithm.

The generatedcodehastwo portions: (a) a staticportion con-
sistingof staticnodesgeneratedin a topologicalorderfrom inputs
to outputs;(b) a dynamicportion consistingof trigger nodes. A
triggernodeis generatedasa“cheap”subroutinecall (meaningthe
only overheadis storingthereturnaddress).They areexecutedon-
demandasrequestedby their fanoutnodes.

Becausecalling a trigger nodehasoverhead,we usea simple
heuristicto detectvery smalltriggernodes(lessthanthreeinputs),
andgeneratethecodeon thespot,ratherthanusingthesubroutine
call.



Triggernodesmaybeinvokedmorethanoncedependingon its
numberof fanouts. A trigger nodeis called level 1 triggerableif
it hasonly onefanoutnode;otherwiseit is called level 2 trigger-
able.We createa onebit flag for eachlevel 2 triggernodeto indi-
catethestatusof its execution.Beforefiring this triggernode,the
associatedflag is testedandthe subroutineis calledonly if it has
neverbeenevaluatedbefore.Thisagaincreatesadditionaloverhead
for level 2 trigger nodes,which is alsoconsideredin the screen-
ing heuristic. The fact that datanodesarecombinedinto trigger
treesincreasesthe sizeof triggeredsubroutines,which amortizes
theoverheadcost.

Figure 5 gives the overall procedureof the code generation
scheme.Functioncall generate header() refersto variable
declarationandstateinitialization; generate tail() refersto
theupdateof latchvariablesandreturningevaluationresults.Gen-
eratingexpressionsfor datanodesis straight-forwardfor predicates
anddataexpressions,but alsoinvolvestriggernodetestingfor mul-
tiplexers.It is relatively simple,andhencenotdetailedin thefigure.

A controlnodeis treatedasa treeby itself. TheGCD structure
for acontrolnodeis built from eitheranMDD or aSOPrepresenta-
tion, dependingon their estimatedcostaccordingto thesizeof the
logic function.Weuseanestimationheuristicbasedonthenumber
of inputsandnumberof productterms. At eachGCD node,the
cofactoringfunction (singlevariablefor MDD andsingleproduct
for SOP),is testedfor triggerability. If the variablesrequiredare
comingfrom triggernodes,thenthey wouldbefired,eitherthrough
cheapfunctioncall or on-the-flycomputation.And thenthebit-flag
for level 2 triggernodeswould beupdated.

4.3 Event Driven Simulation
Thenotionof triggerabilityexploresstaticallytheobservability

of a nodewith respectto its transitive fanouts,which extendsthe
ideaof back-tracingsimulation[23]. Eventdrivensimulationtech-
nique[18] tries to achieve thesamegoal (reducingthenumberof
nodesthatneedto beevaluated),by dynamicschedulingaccording
to inputactivities.

As a comparisonwe applyevent-driven techniquesto thestatic
nodesin thenetwork. Herea moreconservative definitionof static
nodeis usedinsteadof theonedefinedin theprevioussection.At
a given node,if thereis no activity amongthe static fanin nodes,
the trigger fanin nodeswill not be evaluatedeven if theremight
be activity in them. Therefore,for staticnodek, if k is a control
node,all its faninsarelabeledasstatic; if k is a multiplexer, only
its controlinput is labeledasstatic.

In the generatedcode,we createa bit vector, onebit for each
staticnode,indicatingthe activity at its local inputs. The evalua-
tion of a staticnodethenincludesadditionaloverheadof checking
activity at local inputsandpropagatingactivity to all fanoutnodes,
which provesto be useful in speedingup the code. Below shows
thepseudocodeof evaluatingnodeη with inputminterM.

eval node (η, M):
1 if (!activity(η)) return;
2 if (result changed(eval logic (M) );
3 foreach fanoutk of η
4 setactivity(k);
End

eval logic() containstheactualcodefor evaluatingthe logic
function (or datablack-box). activity() checksthe event bit
of the correspondingnode. Theseareimplementedas fast inline
functioncalls. As anillustration,theexamplein Figure1 (without
observingthe logic in eachnode)producesthe schedulingbelow,
whereE1 andM1 aretriggernodes:

Table 2: Results on execution speed on 10 million pseudo ran-
dom inputs

Examples strl E-auto E-sort E-opt MVSIS
fuel-ctr 103 420 10100 6360 5880

pulse-ctr 132 430 12400 9890 7770
instr-ctr1 215 270 28770 8200 5800
instr-ctr2 240 275 30860 8800 6290
dma-ctr 455 400 114000 11900 8510

updatelatch(L1);updatelatch(L2);
eval node(C1);eval node(C2);eval node(P1);eval node(C3);
eval node(E2);eval node(P2);eval node(C4);
if (C3) B M2 = L1; C
else B

if (C2) B eval logic(E1);M1 = E1; M2 = M1; C
M1 = w; M2 = M1;

C

5. EXPERIMENTS
In the experiment,we useEsterelasa high-level specification

language,andthe Esterelcompilerto parsethe input Esterelpro-
gramandproduceanintermediatecircuit representationcalledDC.
We translateDC into our intermediatecontrol-datanetwork repre-
sentationin anextendedBLIF-MV format. ImplementationC code
is generatedaftermulti-valuedlogic optimization.

Theexamplesconsistof anelectronicenginefuel controller, an
instructiondecoder(bothacyclic andcyclic version),anda direct
memoryaccesscontroller. Table 2 shows the averageexecution
speedof the compiledcodeon 10 million pseudorandominput
vectors.Columnstrl shows thelinesof Esterelsourcecode,in-
dicating the sizeof theseapplications.E-auto shows the code
generatedby the Esterelcompiler from an automatonrepresenta-
tion, which for large examplestendsto blow up; E-sort is the
codefrom a binary circuit representation;E-opt is also circuit
codebut optimizedby anextensionof SIS[20] calledBasicopt,
which consistsof binary combinationalareaoptimizations,state
encodingandlatchremoval [21]. If we treattheoptimizedcircuits
afterBasicopt asinput, andthenoptimizefurther in MVSIS to
generatecode,theresultsareshown in columnMVSIS. Theresults
areobtainedonaIntel PIII platformwith aLinux 6.1operatingsys-
tem and128MB RAM. We useGNU tool “gprof” to obtainthe
averageruntimeconsumedby thecoreevaluationcode.As shown,
the codegeneratedfrom MVSIS hasfasterevaluationspeedover
E-opt. Both the triggerabilityandeventdrivenapproachareex-
perimentedandthe bestresultsarereportedhere. Table 3 shows
the objectcodesize in bytesafter compiledby “gcc -c -O2”.
In general,thecodesizegeneratedby ourapproachis largerdueto
theoverheadof back-tracingandeventpropagation.

Discussionabouttheexperiments:
� Theseexamplesareoriginatedfrom hardwaresystems(micro-

processorsandDMAs). However the functionality is repre-
sentative for controllerdesigns(80-90%control).

� The DC circuit derived from the Esterelcompiler is pure
binary, and includesboth combinationalandsequentialre-
dundancies.MVSIS is ableto rebuild MV variablesthrough
nodepairing and merging, but it is hard to reconstructthe
originalprogramstructure.Also MVSIS haslimited sequen-
tial optimizationcapability.

� Automata-basedcodeis very fast, becausethereis a piece
of specializedcodetailoredfor eachreachablestate. How-
ever, thecodesizeexplodeswith thestatespace.Thestruc-
tural (circuit) representationis very compactwith the state



Table 3: Results on code size compiled by gcc-O2
Examples E-auto E-sort E-opt MVSIS
fuel-ctr 2239 2565 2141 2514
pulse-ctr 1691 3525 2845 3400
instr-ctr1 65111 9997 2981 4380
instr-ctr2 65111 10905 3349 4460
dma-ctr 220783 23237 5665 5776

spaceencodedinto a limited numberof latches,but this has
muchslower evaluationspeed.Weexperimentedwith merg-
ing binarylatchesto createmulti-valuedones.Thisdoesgive
somerun-timeimprovements,but exploring thestateencod-
ing spacefor fastsimulationis still anopenissue.

6. CONCLUSIONS AND FUTURE WORK
The methodologyof high-level programmingbasedon a func-

tional model is inevitable in future embeddedsoftware applica-
tions, especiallyfor missioncritical discretecontrol as in avion-
ics. For theseapplications,weadoptadesignflow centeredaround
a particularmodelof computation,EFSMs. This modelsupports
high-level specificationwith synchronouslanguages(with datatypes
and function calls), and supportshardware/software partitioning
andmappingontoasetof architectureplatforms.

We developeda framework for generatingefficient softwareim-
plementationfrom synchronousspecifications.A genericsetting
calledGeneralizedCofactorDiagram(GCD)wasproposedfor eval-
uatingindividual logic functions.We developedthetheoryof trig-
gerability for a quasi-staticschedulingscheme,andgave analgo-
rithm to generatecode.Event-drivensimulationtechniquesarealso
appliedin thecodegenerationphases,andprove to beusefulin de-
riving fastercode.Preliminaryexperimentsareperformedto ana-
lyzeour first attemptonsomeof thealgorithmsin theframework.

A few algorithmsneedto be fine-tunedfor the software syn-
thesisframework. Logic evaluationof individual functionscanbe
improved by searchingfor an optimal generalizedcubecofactor-
ing structure. Applicationsthat aresequentiallyvery deep(large
numberof latches)canbenefitfrom exploringthestatere-encoding
space,or generalizedcofactoringon thelatchvariables.

In the top-level designflow, we have experimentedon mapping
EFSMsto areconfigurablearchitectureplatformthathasaspecial-
ized data-pathaugmentedwith reconfigurableFPGA instructions.
Themappingontootherstandardizedsystem-on-chiparchitectures,
especiallythe automaticsynthesisof the communicationscheme
betweenhardwareandsoftware,seemsto bea promisingresearch
direction.
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