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ABSTRACT

This paperaddresseghe problemof automaticgeneation of im-
plementatiorsoftwae from high-level functional specificationsn
the contet of embeddedystenon chip designs.Softwae design
compleity for embeddedsystemshas increasedso mud that a
high-level functional programmingparadigm needto be adopted
for formal verifiability, maintainability and short time-to-marlet.
We proposea framavork for efficiently geneating implementation
softwae from a syndironousstate madine specificationfor em-
beddedcontol systemsTheframeavorkis genericenoughto allow
hardware/softwae partition for a givenarchitectue platform. It is
demonstatedthatthelogic optimizationandsimulationtechniques
canbecombinedo producefastexecutioncodefor sucy embedded
systemsSpecificallywe proposea frameavork for softwae synthe-
sisfrommulti-valuediogic, includingfastevaluationof logic func-
tions, and schedulingtechniquesfor nodeexecution. Experiments
are performedto showtheinitial resultsof our algorithmsin this
framework.

1. INTRODUCTION

We adopta platform-basediesignmethodologywith two major
features:(a) usingstandardize@r applicationspecificprocessing
platformsto executeintelligent software, and (b) raising the ab-
stractionlevel of softwaredesignswith implementatiorcodeauto-
matically generatedrom functionalmodels.

By usingstandardizegbrocessorandmoving intellectualprop-
ertiesinto softwaredesignthemethodologyeducesardwareman-
ufacturingcost, increasedlexibility of the design,henceextends
productlife cycle andshortengime-to-marlet. However, software
designin suchsystemshecomesxtremely complex. High-level
functionalprogrammingparadigmsacklethis problemby abstract-
ing away implementatiordetailswith codegenerate@utomatically
from functionalcomputatiormodels.

We focuson controlintensve embeddedystemsfor instance,
automobileengine,airplane,and network protocol controls. The
computationmodelusedis a network of extendedfinite statema-
chines(EFSMs).An EFSMis asystemwith afinite statecontroller
interactingwith an unboundednteger data-pati9]. Eachtransi-
tion of thecontrolleris guardeddy apredicateover theintegervari-
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ables,andis associatedvith anactionfunctionwhich updateghe
valuesof the integer variables. This model hasbeenstudiedfor
systemdesignandverification. High-level synchronousanguages
like Esterel[7] canbeusedto programin suchmodels.

A staticsynchronousnodellike EFSMscannotmodelor verify
dynamicaspectof theembeddedoftware,like dynamictaskand
memoryallocation,which may be importantin someapplications.
We arguethatin safetycritical control applicationsike avionics
and automobileelectronics,suchsynchronousnodelshave to be
usedfor formal verifiability and executablespecifications.There
areresearchefforts to combinethe synchronousmodel with dy-
namicaspectso provide powerful systemevel modeling,whichis
notthefocusof this paper

Our designflow startsfrom high-level synchronousspecifica-
tion, textual or graphical,like Esterel,Argos, Lustre, or Matlab
StateFlev. EFSMsare derived from theseand optimized using
multi-valued (MV) logic synthesistechniques. The internal rep-
resentationa network of functionalnodes,supportsabstractdata
variables(which may beimplementedy integer or floating point
datapath)andblack-boxfunctioncalls. The computatiorinvolved
with the abstractlatavariablesarenot interpretedoy thetools, but
theinformationflow is utilized for synthesisn thelogic domain.

In the mappingphase the functional model can be mappedto
differentarchitecturegplatforms.For a configurablesystem-on-chip
platform, eachnodecanbe estimatedor performanceandimple-
mentedeitherin hardware or software,usingtechniqueglescribed
in [4]. For pure software implementation this paperpresentsa
framework for generatingfficientcodeusinglogic simulationtech-
nigues.Thisincludesfastlogic functionevaluationandscheduling
for nodeexecution.

In theremainderof this paper Section2 reviews relatedwork in
thisarea;Section3 describeshecomputatiormodelwe usefor op-
timization andsynthesis Section4 detailsour techniquen code
generatiorandaschedulingschemeSections shavs experimental
resultsfollowedby conclusions.

2. RELATED WORK

The Polis project[2] usesEFSMsfor intermediaterepresenta-
tion andsynthesis.A high-level designlanguagelike Esterel[7],
is compiledinto asetof EFSMs which aresubsequentlpptimized
andmappednto hardwareand/orsoftware[3], dependingpn sys-
tem constraints. The communicatiormodelamongtheseEFSMs
is a Globally Asynchronoud.ocally SynchronougGALS) mecha-
nism. EachEFSMis representedby a single statetransitiontable
for thecontrolpathandalookuptablefor thedata-pathBinary De-
cision Diagrams(BDDs) are usedto optimizethe statetransitions
andsynthesizahe code. This representatiocannotscaleto very



Table 1: Nodetypesin 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{O}x +c{1}y
predicate | predicate data MV X >y

large designs.In addition,data-pathinformationis not utilized for
optimization.

The Esterelcompilerfrom the Esterelteam[11] hastwo ways
of generatingcodefrom differentrepresentationsf a FSM. The
automatamethod[6] enumeratesll possiblestatesand generates
the action codefor eachstate. This can producevery fastcode,
but for large examplesthe codesizeblows up with the statespace.
Thecircuit method[5] combinesamulti-level Booleancircuit with
adata-pathtable,andgeneratesodebasedon thelogic equations.
Thecodesizeis scalablebut with compromise# executionspeed.
Thecommunicatioimodelbetweemrocesses synchronousom-
positionthroughasetof completelyunorderegsynchronousvents.

Edwardsproposedcompiling Estereldirectly into sequentialC
code[10], by static schedulingand context switching. This ap-
proachappliesonly to statically schedulableapplications. Other
Esterel compilation techniquesthat have beenproposedinclude
modularcompilation[14], andreactionacceleratiorj24]. By com-
piling Estereldirectly into C code,theseapproacheslo not easily
supportpartitioningbetweerhardwareandsoftware.

The areaof code generationfor control applicationsoverlaps
largely with discretefunctionsimulation.Mostcloselyrelatedpub-
licationsarein cycle simulationusing decisiondiagramg[19, 1].
The schedulingechniquego be presentedherealsohave somere-
semblanceavith event-driven andback-tracingsimulation[23, 18].
However, thesesimulationtechniquesretunedfor implementation
in high-performancecomputerseners, ratherthan cost sensitve
andresourceconstrainecembeddedystems.

Theliteratureis alsorich in softwaresynthesigor otherapplica-
tion domainsand computationmodels,for instance codegenera-
tion from synchronouslataflow, processietworks, andPetriNets
[22]. Thesearenot studiedor comparedn our paper

3. COMPUTATION MODEL

We usea network of EFSMsas the computationmodel. The
techniquespresentedare for synthesisand code generatiorfor a
single EFSM, but they are easilyextensibleto interactingEFSMs
with synchronousr asynchronousommunication.

We adopta functionalrepresentatiothatusesmulti-valuedvari-
ablesand Booleanalgebra. We believe this appliesnaturally to
embeddedoftwaresynthesisvith advantagesver binarylogic.

o It exploreshit level parallelismandthussasesexecutionin-
structionsfor updatingvariablesandRAM usages.

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

WeuseMVSIS[13, 8] for optimizationandsynthesisFor EFSM

minimization,it operate®n a control-datanetwork representation.

Thesehave control nodesanddatanodesinterconnectedvith two
typesof variables:multi-valuedvariableswith finite rangesandab-
stractdatavariableswith unboundedanges.Therearefour types
of nodes:contmwl, multiplexer, dataandpredicate Theseareclas-
sifiedaccordingto theirinput andoutputvariablestypes,asshavn
in Tablel. In the examplesin the table,a, b, c are multi-valued
controlvariablesandx, y aredatavariables.

Figure 1: Control-data network

A multiplexeris definedasf = f(yc, Yo, ... ,Y¥n-1), Whereycisa
MV-variablewith n values,y;, (i € [0,n— 1]) aredatainputs. The
outputf is assignedoyy; if yc = i. Thedatacomputatiorcontained
in predicatenodesandexpressionnodesare currentlymodeledas
uninterpretedstrings. The expressionanustbe arithmeticsdefin-
ableby the semanticof the C language.

Thereis adirectededgefrom nodei to nodej, if thefunctionat
nodej syntacticallydepend®n the outputvariableat nodei. The
network hasa setof primaryinputsanda setof nodesdesignateds
the outputsof the network. Therearealsolatchesfor both control
and datavariables. Figure 1 shavs an exampleof a control-data
network with two latcheswherebold wiresindicatedatavariables.

Eachcontrolnodeis amulti-valuedfunctionrepresenteth Multi-
valuedDecisionDiagrams(MDDs) and sum-of-productsin gen-
eral,avariablex; is multi-valuedandtakeson valuesfrom the set
P ={0,1,...,|R| —1}. A literal of a MV-variablex is associated
with a subsetof valuesfor that variableand evaluatesto 1 if the
variabletakeson ary of the valuesin theset. A product term or
cube is a conjunctionof literals and evaluatesto 1 if eachof the
literalsevaluatesol. A sum-of-products (SOP)is thedisjunction
of a setof producttermsandevaluatesto 1 if ary of the products
evaluatedo 1. For detaileddefinitionsreferto [13].

A setof technologyindependenbptimizationmethodhave been
implementedin MVSIS [8]. Theseinclude algorithmsextended
from binarylogic: algebraicdecompositiorf12], don't care-based
simplification[15], elimination,resubstitutionandalsoalgorithms
specificallytunedfor multi-valuedlogic: nodepairingandencod-
ing [13].

4. SOFTWARE SYNTHESIS

Thesoftwaresynthesigproblemis, givensuchamulti-level control-
datanetwork, generatean efficient softwareimplementationin C
(or targetdependenmachindanguage)suchthatappropriatecon-
straintsare satisfied. Thesemay includeresourceconstraintsjike
RAM andROM usagesandtiming constraintsThis is a mapping
problemfrom a parallel executionmodel, originally targetedfor
hardware, to a sequentiakexecutionmodel, whereall tasksshare
the sameprocessingunit. The goalis to generatedast sequential
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-problemscodegeneratiorfor individual logic func-
tions, andschedulingof nodeexecution,detailedin the remainder
of this section.

4.1 Code Generation

Givenmulti-valuedlogic function f (Xg,... ,Xn) : PLX P2 x ... X
Phn — Q, whereR is the domainof input variablex; andQ is the
domainof the outputvariable,find softwareimplementatiorsuch



N1: if (! M € G;) goto_N2;

"
_N2:

............ 7N3

elsegoto _N3;
if (! M € Gy) goto_N4;
elsegoto N5;
if (! M € G3) goto_N6;

elsegoto _N7;
1 o

@ (b)

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

thatthe codesizeandexecutionspeeds optimized.

Differentcode generationschemesxist dependingon various
logic functionrepresentationsum-of-product§SOP) multi-valued
decisiondiagrams(MDDs), and lookup tables(LUT). We usea
genericmodelcalled GeneralizedCofactoringDiagram(GCD) to
modelandunify thesedifferentmethods.

Similar to MDDs, GCD is a diagramcomposedof functional
nodesandterminal nodes;differentfrom MDDs, thereis a setof
generalcofactoring functions {Gy, Gy, ... ,Gn} (ratherthan vari-
ables),onefor eachnodein the structure to be cofactoredby the
intermediatdunctionnodes.As illustratedin Figure 2(a),thetop
nodefunction F hastwo out-goingedgesrepresentinghe cofac-
torsFg, andFg, . Generalizectofactoringfor functionsis defined
asFg = F N G. Notethatin general G; canbe multi-valuedfunc-
tions. In thatcaseeachvaluek of G; is a binary function GK. F
would have asmary outputedgesasthe numberof valuesfor G,
eachrepresentinghe cofactoringof F on oneof G;'s valuefunc-
tions: Fgx.

The software derived from sucha GCD takesan input minterm
M anddetermineghe outputvalue basedon the branchingstruc-
ture, asshawvn in Figure 2(b). Eachbranchingpoint represents
a sub-spacef the input logic domain,and the cofactoringfunc-
tion G; partitionsthis furtherinto smallerdomainsuntil the output
valuecanbedecidedn the sub-spaceTheinput mintermfollows
the GCD structureandmakesbranchingdecisionsdasecdbn there-
sultof (M € Gj). In thefigure,label _N1 refersto the codederived
from the root nodeF; label _N2 refersto the codederived from
nodeFg,. Label_N4 andbeyondarenotshawvn in thefigure.

The code generationproblemis to find the set of cofactoring
functions{G1, Gy, ... ,Gn} andbuild thecofactoringstructuresuch
that the evaluationof the logic functionin softwareis optimized.
Long computatiortime canbetoleratedfor deriving the structure
that givesthe bestperformancesincethe generatedodeis to be
loadedin thefinal productsandexecutednumerougimes.

Note that unlike MDDs, GCDsneednot be orderedso they are
morelike free MDDs. A similar optimizationscenariobasedon
free MDDs was proposedn [17]. The optimality is measuredn
codesize,which is proportionalto the total numberof branching
nodes,andspeedwhich is relatedto (a) the averagedepthof the
diagram,and(b) the costof thebranchingest(M € Gj).

Differentcodegeneratiormethodsbasedon specificfunctional
representationarevariationsof the GCD:

e MDD: CofactoringfunctionsG’s are single variable func-
tions. At eachGCD node theinput mintermis testedfor the
valueof a particularinput variable. The evaluationspeeds
boundedby the numberof inputs,but the sizemay be expo-
nentialdependingon thelogic function.
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Figure 3: Comparison of code sizew.r.t. the number of inputs
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Figure4: Comparison of run-timew.r.t. the number of inputs

e SOP: Cofactoringfunctionsaresinglecubes.At eachGCD
node,the input mintermis checled to seeif it is contained
in the cubeassociatedvith that GCD node. The contain-
menttestis performedby a bit-wise AND operationif the
cubesandmintermsarerepresenteth bit vectors[16], or by
evaluatingthevalueof the cubethroughBooleanoperations.
Both the size and the evaluationspeedmay be exponential
dependingnthelogic function.

e LUT: Thereis only oneGCD nodethatperformsa memory
lookup. Thereareasmary entriesin thememoryasthenum-
berof input minterms. The outputvalueis retrieved by one
memoryoperationsThe codesizeis exponential but canbe
managedy decomposingnto cascadind-UTs; the evalu-
ation speedis potentially limited by the memorylateny of
the systemarchitecture Experimentshowv thatthe memory
bottleneckof commonprocessorrchitecturegpreventsthis
methodfrom beingcompetitve comparedvith theothers.

Figure 3 and 4 shavs codesize and run-time comparisonof
MDD and SOPcodefor somel50 logic functionsextractedfrom
a commonbenchmarksuite, with input variablesrangingfrom 2
to 16. The codesare generatecand compiledwith gcc - Q2 on
anIntel PlII platformrunningLinux. The codesizeis the number
of bytesin the objectcode;the run time resultsarethe averageof
10 million simulationson pseudaandominput vectors.We make
the following obserations: (a) Both methodsdemonstrate lin-
earrun-timedegradationasthe numberof inputsgrows. The SOP
codedgyradesfasterthanthe MDD code. (b) The SOPcodeis in
generaklowverthentheMDD code exceptfor only verysmalllogic
functions(lessthan3 inputs)andoccasionallyargelogic functions
with smallcubecounts.(c) Therearecasesvhenthe SOPcodeis
fasteror smallerthenthe MDD code. This indicatesthata hybrid
approach(suchas GCDs)which derivesa specializedcofactoring



structurefor eachlogic functionwould produceconsistentlysupe-
rior results.

The real runtime performancedependson the target processor
architectures.Our resultgives an approximatecomparisorof the
codegeneratiormethods.New GCD structureshbasedon optimal
cubecofactoringis to be exploredin future work. In thefinal ex-
periments,we use MDD codefor large logic functionsand SOP
codefor smallfunctions.

4.2 Scheduling

Givenanetwork of nodesasdescribedn Section3 (seeFigure
1), find aschedulingschemdor thefiring of thenodessuchthatthe
overall executiontime is minimized. A straight-forvard approach
is to statically schedulethe nodeswith a topologicalsort, similar
to obliviouslogic simulation.Every nodein the network is always
evaluated eventhoughsometimeshey do not needto be.

Unlike hardwareexecution,wheretiming is characterizety the
critical pathdelay software executiontime is associatedvith the
total numberof nodesthat have to be evaluatedfor a particular
input vector A dataexpressiomnodemay not be evaluatedif it is
de-selectedby its fanoutmultiplexer. (For examplenodeML and
E1 in Figure 1.) A controlnodeor a predicatenodemay not be
evaluatedif its valueis not obsenable at the primary outputs. In
the remainderof this section,we develop theoriesfor identifying
thesecasesanddeveloptechniqueso make useof themin software
scheduling.

4.2.1 Triggerability

To simplify the description,in the sequelif not specifiedother
wise, we usei nput s to denoteprimary inputsandthe outputof
latch variables;we useout put s to denoteprimary outputsand
theinputsof latchvariables.

DEFINITION 1. Anodeis calledatrigger node(or triggerable)
if there exists at leastoneinput vector which can determinethe
outputvalueswithoutthis node

The triggerability of a node can be testedby the existenceits
Maximal Obsenrability Don’t Cares(MODC). The MODC(x;, yk)
for an edgefrom nodex; to nodeyy is the setof mintermsin the
domainof all intermediatevariables suchthatthe valuesof x; can-
not be obsered at the outputof nodey,. The MODC of a hode
x; is the intersectionof the MODCs for all its fanoutedges[15].
The MODC of nodeyy is alsoinheritedby all of its fanin nodes.
Expressedh equation:

MODCy; = Ny, ¢ fanou(x) (MODC(X;, yk) UMODCy, )

THEOREM 1. A nodeis atrigger nodeif andonly if its MODC
setis notempty

If theMODC setof anodeis empty it is alwaysobsenableatthe
outputsfor all possibleinput combinations.This meanshey have
to be evaluatedfor all casesn orderto obtainthe outputvalue.We
call thesenodesstaticnodes.

For control nodeswith multi-valuedlogic, the MODC theory
andalgorithmshave beendevelopedin [15]. For amultiplexer f =
f(Ye,Y0,--- ,Yn_1), Wherey, is the controlvariableandy; aredata
input variables,let MODC¢ be the MODC set computedfor the
outputf. Thenthe MODC setfor its faninedgesare:

MODC(yi, f) = (yc#i)UMODC;
MODC(ye, f) MODC;

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

Algorithm [Network CodeGeneration):

input control-date-netark

Partition network into treesandcomputetriggerability;

generateheader();

Listl = topologicallist of statictrees;

Foreach treei in Listl
codegentreef);

generatetail();

List2 = topologicallist of triggertrees;

Foreach treei in List2
codegentreef);

O©CoO~NO U~ WNER

End
code_gen_tree [TreeCodeGeneration]:
input triggertree
1 Foreach nodek in treein topologicalorder
If kis datanode
GeneratexpressionContinue;
Build GCD for logic functionk;
Traverseeachnodeg in GCD
If g requiresvaluefrom triggernode
If cost@) < threshold
codegentreeg);
else
10 Generatdunctioncall for g;
11 Generatdranchingcodefor g;
End
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Figure5: Code generation with triggerized scheduling

from nodef; adatavariableis blockedfrom theoutputof f, if it is
de-selectedby the controlvariable.

For a predicateor expressiomodef = f(yi,...,yn), whereall
inputsaredatavariableswe have:

MODC(y;, f) = MODC¢

In otherwords,an expressiomodeis atrigger nodeif andonly if
all of its fanoutsaretrigger nodes.We usethe following theorem
to simplify theanalysisof the data-pathriggerability:

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

COROLLARY 1. All nodesn atrigger treeshake the sametrig-
gerability.

A triggertreeis treatedasa single nodein our analysisandcode
generationIn the examplein Figure 1, nodeP2 andE2 arecom-
binedasatriggertree.

4.2.2 TriggerizedSdeduling

After thetriggerabilityof all nodesn thenetwork arecomputed,
we develop a quasi-staticexecutionschedulebasedon this infor-
mation. We first outline somefeaturesof the schedulingscheme
andthengive ageneraklgorithm.

The generateccodehastwo portions: (a) a static portion con-
sistingof staticnodesgeneratedn atopologicalorderfrom inputs
to outputs;(b) a dynamicportion consistingof trigger nodes. A
triggernodeis generate@sa “cheap”subroutinecall (meaninghe
only overheads storingthereturnaddress)They areexecutedon-
demandasrequestedby theirfanoutnodes.

Becausecalling a trigger node hasoverhead,we usea simple
heuristicto detectvery smalltriggernodeg(lessthanthreeinputs),
andgeneratghe codeon the spot,ratherthanusingthe subroutine
call.



Triggernodesmay be invoked morethanoncedependingn its
numberof fanouts. A trigger nodeis calledlevel1 triggerableif
it hasonly onefanoutnode;otherwiseit is calledlevel 2 trigger
able. We createa onebit flag for eachlevel_2 triggernodeto indi-
catethe statusof its execution. Beforefiring this trigger node,the
associatedlag is testedandthe subroutineis calledonly if it has
neverbeenevaluatecbefore. Thisagaincreatesdditionaloverhead
for level_2 trigger nodes,which is also consideredn the screen-
ing heuristic. The fact that datanodesare combinedinto trigger
treesincreaseghe size of triggeredsubroutineswhich amortizes
theoverheadcost.

Figure 5 gives the overall procedureof the code generation
scheme.Functioncall gener at e_header () refersto variable
declaratiorandstateinitialization; gener at e_t ai | () refersto
the updateof latchvariablesandreturningevaluationresults.Gen-
eratingexpressiongor datanodess straight-forvardfor predicates
anddataexpressionshut alsoinvolvestriggernodetestingfor mul-
tiplexers.lt is relatively simple,andhencenotdetailedn thefigure.

A controlnodeis treatedasa treeby itself. The GCD structure
for acontrolnodeis built from eitheranMDD or a SOPrepresenta-
tion, dependingon their estimated-ostaccordingto the sizeof the
logic function. We useanestimatiorheuristichasedon thenumber
of inputsand numberof productterms. At eachGCD node,the
cofactoringfunction (singlevariablefor MDD andsingle product
for SOP),is testedfor triggerability If the variablesrequiredare
comingfrom triggernodesthenthey would befired, eitherthrough
cheapfunctioncall or on-the-flycomputation And thenthebit-flag
for level_2 triggernodeswould be updated.

4.3 Event Driven Simulation

The notion of triggerability exploresstaticallythe obserability
of a nodewith respecto its transitve fanouts which extendsthe
ideaof back-tracingsimulation[23]. Eventdrivensimulationtech-
nique[18] triesto achieve the samegoal (reducingthe numberof
nodesthatneedto beevaluated) by dynamicschedulingaccording
to inputactiities.

As a comparisorwe apply event-driven techniquego the static
nodesin thenetwork. Herea moreconserative definition of static
nodeis usedinsteadof the onedefinedin the previous section. At
a given node,if thereis no activity amongthe staticfanin nodes,
the trigger fanin nodeswill not be evaluatedeven if theremight
be actiity in them. Therefore for staticnodek, if k is a control
node,all its faninsarelabeledasstatic;if k is a multiplexer, only
its controlinputis labeledasstatic.

In the generatectode, we createa bit vector onebit for each
staticnode,indicatingthe activity atits local inputs. The evalua-
tion of a staticnodethenincludesadditionaloverheadof checking
actiity atlocalinputsandpropagatingactiity to all fanoutnodes,
which provesto be usefulin speedingup the code. Below shavs
the pseudacodeof evaluatingnoden with input minter M.

eval_node (n, M):

1 if (lactivity(n)) return;

2 if (resultchangedgval_logic (M) );
3 foreach fanoutk of n

4 setactivity(k);

End

eval | ogi c() containsthe actualcodefor evaluatingthelogic
function (or datablack-box). acti vi t y() checksthe event bit
of the correspondingiode. Theseareimplementedasfastinline
functioncalls. As anillustration, the examplein Figurel (without
observingthe logic in eachnode)produceghe schedulingoelow,
whereE1l andML aretriggernodes:

Table 2: Results on execution speed on 10 million pseudo ran-
dom inputs
Examples| strl | E-auto
fuel-ctr | 103 420
pulse-ctr | 132 430
instrctrl | 215 270
instrctr2 | 240 275
dma-ctr | 455 400

E-sort E-opt | MVSIS
10100 6360 5880
12400 9890 7770
28770 8200 5800
30860 8800 6290
114000 11900 8510

updatelatch(L1); updatelatch(L2);
eval_node(C1l)eval_-node(C2)eval_node(P1)gval_node(C3);
eval_node(E2)eval_node(P2)gval_node(C4);
if (C3){M2=L1;}
else{

if (C2){ eval_logic(E1);M1 =E1;M2=M1;}

M1 =w; M2 = M1;
}

5. EXPERIMENTS

In the experiment,we use Esterelas a high-level specification
language andthe Esterelcompilerto parsethe input Esterelpro-
gramandproduceanintermediatesircuit representationalledDC.
We translateDC into our intermediatecontrol-datanetwork repre-
sentatiorin anextendedBLIF-MV format. ImplementatiorC code
is generatedftermulti-valuedlogic optimization.

The examplesconsistof an electronicenginefuel controller an
instructiondecodern(both agyclic andcyclic version),anda direct
memoryaccesxontroller Table 2 shavs the averageexecution
speedof the compiledcodeon 10 million pseudorandominput
vectors.Columnst r | shawvs thelinesof Esterelsourcecode,in-
dicating the size of theseapplications. E- aut o shavs the code
generatedy the Esterelcompilerfrom an automatorrepresenta-
tion, which for large examplestendsto blow up; E- sort is the
codefrom a binary circuit representationE- opt is also circuit
codebut optimizedby anextensionof SIS[20] calledBasi copt ,
which consistsof binary combinationalareaoptimizations,state
encodingandlatchremoval [21]. If we treatthe optimizedcircuits
afterBasi copt asinput, andthenoptimizefurtherin MVSIS to
generateode theresultsareshavn in columnM/SI S. Theresults
areobtainedbnalntel Pll platformwith aLinux 6.1 operatingsys-
temand128MB RAM. We useGNU tool “gpr of ” to obtainthe
averageruntime consumedy thecoreevaluationcode.As shawn,
the codegeneratedrom MVSIS hasfasterevaluationspeedover
E- opt . Both thetriggerability andeventdriven approachareex-
perimentedandthe bestresultsarereportedhere. Table 3 shavs
the objectcodesizein bytesafter compiledby “gcc -c - Q2".
In generalthe codesizegeneratedby our approachs largerdueto
the overheadf back-tracingandeventpropagation.

Discussioraboutthe experiments:

e Theseexamplesareoriginatedrom hardwaresystemgmicro-
processorand DMAs). However the functionalityis repre-
sentatve for controllerdesigng80-90%control).

e The DC circuit derived from the Esterelcompileris pure
binary, andincludesboth combinationaland sequentiake-
dundanciesMVSIS is ableto rehuild MV variablesthrough
nodepairing and meging, but it is hardto reconstructhe
original programstructure Also MVSIS haslimited sequen-
tial optimizationcapability

e Automata-basedodeis very fast, becausehereis a piece
of specializedcodetailoredfor eachreachablestate. How-
ever, the codesize explodeswith the statespace.The struc-
tural (circuit) representatiois very compactwith the state



Table 3: Results on code size compiled by gcc- Q2

Examples| E-auto E-sort E-opt | MVSIS
fuel-ctr 2239 2565 2141 2514
pulse-ctr 1691 3525 2845 3400
instrctrl | 65111 9997 2981 4380
instrctr2 | 65111 10905 3349 4460
dma-ctr | 220783 23237 5665 5776

spaceencodednto a limited numberof latches but this has
muchslower evaluationspeed We experimentedvith meig-
ing binarylatchego createmulti-valuedones.Thisdoesgive
somerun-timeimprovementshut exploring the stateencod-
ing spacefor fastsimulationis still anopenissue.

6. CONCLUSIONSAND FUTURE WORK

The methodologyof high-level programmingbasedon a func-
tional model is inevitable in future embeddedsoftware applica-
tions, especiallyfor missioncritical discretecontrol asin avion-
ics. For theseapplicationsye adopta designflow centerecaround
a particularmodel of computation EFSMs. This model supports
high-level specificatiorwith synchronoutanguages$with datatypes
and function calls), and supportshardware/softvare partitioning
andmappingontoasetof architectureplatforms.

We developeda framework for generatingefficient softwareim-
plementationfrom synchronousspecifications.A genericsetting
calledGeneralizedofactorDiagram(GCD)wasproposedor eval-
uatingindividual logic functions.We developedthe theoryof trig-
gerability for a quasi-staticschedulingschemeandgave an algo-
rithmto generateode.Event-drivensimulationtechniquesrealso
appliedin thecodegeneratiorphasesandprove to beusefulin de-
riving fastercode. Preliminaryexperimentsare performedto ana-
lyze our first attempton someof the algorithmsin the framework.

A few algorithmsneedto be fine-tunedfor the software syn-
thesisframework. Logic evaluationof individual functionscanbe
improved by searchingfor an optimal generalizeccube cofactor
ing structure. Applicationsthat are sequentiallyvery deep(large
numberof latches)anbenefitfrom exploring the statere-encoding
spacepr generalizedofactoringon thelatchvariables.

In the top-level designflow, we have experimentecbn mapping
EFSMsto areconfigurablarchitectureplatformthathasa special-
ized data-pathraugmentedvith reconfigurable=PGA instructions.
Themappingontootherstandardizedystem-on-chigrchitectures,
especiallythe automaticsynthesisof the communicationscheme
betweerhardware andsoftware,seemgo be a promisingresearch
direction.
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