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Abstract— Logic evaluation of a Booleanfunctionor relation is tradition-
ally doneby simulatingits gate-level implementationpr creatinga branching
program usingits Binary DecisionDiagram (BDD) representationpr usinga
setof look-uptables. We proposea new appmoad called generlized cofactor
ing diagrams,which are a genealization of the above methods Algorithmsare
givenfor finding the optimal cofactoringstructuse for free-odered BDD'’s and
geneanlized cubecofactoringunder an aveiage path length (APL) cost crite-
rion. Experimentaresultson multi-valuedfunctionsare superiorto previously
knownmethodsby 30%. The framevork has direct applicationin logic sim-
ulation, softwae synthesifor embeddedontol applications,and functional
decompositiorn logic synthesis.

|. INTRODUCTION

Given a Booleanfunction, one canevaluateits outputvalue
for aninputmintermby (a) simulatingits gate-level network im-
plementationgitherthroughevent-drivensimulation[1] or lev-
elizedcompiledcode[2], (b) usingabranchingprogramderived
from its Binary DecisionDiagram(BDD) representatiof][4],
or (c) usinga setof memorylook-up tables. However, how to
generatethe optimum codefor logic function evaluationon a
givencomputerarchitecturas still unsohed.

This problemalsoappearsn the contet of softwaresynthe-
sis for embeddedtontrol applications. There,a designis de-
scribedin a synchronouprogramminganguageandthencom-
piledinto a setof extendedinite statemachinegEFSM).These
aremappedo apartitionof hardwareandsoftwareimplementa-
tions dependingon the systemconstraintd5][6]. The software
implementatiorof an FSM is the codefor its logic evaluation.
Differentfrom logic simulationon ahigh performanceomputer
sener, this codehastight constraintsn real-timeresponseand
memoryusagg7].

In this paperwe studytheoptimalfunctionalevaluationprob-
lem for a multi-valuedrelation. We usemulti-valuedlogic, be-
causeat an early designstage,theremay not be a binary en-
coding yet; relationsare involved, becauseahey captureflexi-
bility andenablea larger explorationspace.We proposeto use
generalizeatofactoringfor logic evaluation.A GeneralizedCo-
factoringDiagram(GCD) is a decisionstructurefor searching
for the outputvalueof a giveninput minterm. At eachdecision
node,oneof the out-goingedgess chosenbpasedon the result
of atestingof theinput mintermanda cofactoringfunction as-
sociatedwith that node. The testsproceedalonga pathin the
decisionstructureuntil aleaf nodeis reachedwherethe output
valueis obtained. GCD’s reduceto BDD's if single variables
areusedasthe cofactoringfunctions.

This is anextendedversionof the samepaperthatwill appeaiin DAC 2003,
Anaheim,CA.

Since the cofactoring functions are not restrictedto single
variables,the framewnork opensup a large spacefor optimiza-
tion. This is not unrealisticbecausehe evaluationof a cube
canbedonein softwarein oneinstruction. The evaluationof an
arbitraryfunctionupto certainsizeis alsofeasibleon an Appli-
cationSpecificlnstruction-seProcessofASIP) thathasrecon-
figurablefunctionalunits[8]. The cofactoringfunctionscanbe
implementedasspecialinstructionsfor speedingup thecritical
pathof theevaluation.

We give algorithmsto derive an optimal GCD basedon dif-
ferentconstrainton the cofactoringfunctions.Thisincludesan
exactalgorithmto find the optimumGCD whenthe cofactoring
functionsare singlevariables(i.e. free BDD's), andan heuris-
tic algorithmbasedon entrofy reductionwhenthe cofactoring
functionsare single cubes. We proposea novel techniquethat
symbolicallyrepresentsll possiblecubecandidatesn a single
BDD, and computesgtheir costsin parallelat eachcofactoring
step.lts relationshipwith logic decompositiofis alsodiscussed.

Relatedwork in the literatureincludesusingBDDs for logic
simulation,proposedn [3], [4]. Subsequentvork extendecdthe
techniquego handlelarger circuits andcircuits with data-path
modules[9], but the restrictionof single variable testing still
applies.

The Polis projectusesS-graph's to represenaindsynthesize
softwarefrom extendedfinite statemachineqd10]. It is similar
to BDDs, with the extensionof assignment$or data-pathvari-
ables. Recently Kim el al [11], proposedree-orderedBDDs
versugloballyorderedBDDsfor softwaresynthesisn thesame
frameawork. Up to 10%improvementin executionspeedvasre-
ported.However, the heuristicsproposedio not guarante@pti-
mality.

Someof theideasin this paperwereinspiredby recentad-
vancementsn Boolean decompositionusing symbolic tech-
niques[12] [13]. Generalizeccofactoringcanbe viewed asa
specialtype of Booleandecompositiorwith restrictionson the
compositionfunction (being a multiplexer), and the optimiza-
tion criterion (averageevaluationtime ratherthan worse case
delayor circuit area).However, the symbolictechniquesve de-
scribein this paperis transferable.

We briefly describeour definition of generalizedcofactoring
in Section2, anddetailour proposedechniquesn Section3. It
includesoptimal free BDD ordering(lll-A) andsymboliccube
selectionfor generalizeccubecofactoring(lll-B), andgeneral-
ized Booleanfunction cofactoring(lll-C). Resultsaregivenin
SectionlV; conclusionsandfuturework follow.
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Fig. 1. Generalizedofactoringfor relations

Il. GENERALIZED COFACTORING

Given a multi-valuedrelation, find the optimum cofactoring
structurethatminimizesa costfunctionrelatedto thefunctional
evaluationtime of the structuré.

Definition1: A multi-valuedrelation R(a,b,...,0) is a re-
lation R: Ax B x --- x O — {0,1}, wherea,b,... are multi-
valuedvariablesin theinput domaintaking on valuesfrom the
setsA, B, ... respectiely, andO is the outputdomain.

A generalizedcofactoringdiagramis a DAG, with a single
rootnodeandanumberof leaves,eachcorrespondingo asubset
of the outputvalues.Eachintermediatenodeis associatedvith
a2-tuple< R g >, whereR is the MV relationto be evaluated
at this point, and g is a cofactoringfunction chosenfor R. If
we restrictg to be binaryfunctions,theneachnodehastwo out-
going edges,representinghe positive and negative cofactors:
(9-R+70), (@- R+ 0). A nodebecomesleaf,if therelationRcan
bereducedo tautologyi.e. acommonvaluecanbeassignedo
all mintermsin the caresetwithoutviolating therelation.

Functionalevaluationof aninput mintermM startsfrom the
top nodeandfollows one of the pathstowardsthe leaves. At
eachintermediatenode atest(M € g) decidesvhichcofactoring
branchto follow. Theevaluationtime of thecofactoringdiagram
canbe measuredy the averagedepthof the pathsfor all input
minterms,usedby Sasaoel at [15] for BDDs.

Definition2: The AveragePath Length (APL) of a GCD is
the averagenumberof branchingnodesencounterediuringthe
functionalevaluationfor all its input minterms.

Assumingthe testingof eachintermediatenoderequiresone
memorylookup, APL measureshe averagenumberof mem-
ory accessefor evaluatingthe output. Otherfactorslike com-
puterarchitectureandmemoryorganizationmay alsoaffect the
evaluationtime but not consideredt this abstractiorevel. We
also assumea uniform distribution of probability for all input
minterms. The problemof consideringbiasinput probabilities
is beyondthe scopeof this paper

I1l. OPTIMAL COFACTORING FOR FUNCTIONAL
EVALUATION

This sectiondescribeour techniquefor deriving the optimal
GCD for an MV function, with variablecofactoringand cube

IMulti-valuedrelationsappeaiin a multi-level logic network whencomplete
flexibility is used[14].

cofactoring.In eithercasethe MV functionis representedith
a multi-terminal BDD (MTBDD) or ADD [16], where multi-
valuedinput variablesare encodedwith binaryvariables.Note
thatwhenMV functionsareconsideredthereis exactly oneter-
minal nodefor eachoutputvalue,andno terminalsfor subsets.

A. FreeBDD

By free BDDs we meanBDDs without globalvariableorder
ing, andeachpathcantake adifferentorder Thiswasstudiedoy
Kim, el at, [11] for softwaresynthesisrom EFSMs,but there-
sultsreportedtherearenot optimal. Algorithm BPL (BestPath
Length) belov computegecursvely the bestorderingfor each
pathof theBDD, with respecto the APL cost.

BPL (f){
if f is constantreturn O;
if supportsize(f) ==1, return 0;
if hashlookup(f,&pl), return pl;
bed_cod = Infinity,
foreachinputv in supportlist(f) do{
cog = 1+ 3BPL(fy) + $BPL(fo);
if cog < bes_cog thenbes_cog = cog; }
hashinsert(f ,bes_cog);
return beg_cog; }

Theoeml: The BPL algorithmsreturnsthe optimum aver-
agepathlengthfor all possiblefree BDD orderings.

At eachstepof the recursion,all possibleorderingsof the
supportvariablesare enumeratedandthe bestcostis returned.
The averagepathlengthesfrom both the positive and negative
branchesredividedin half, becauseachbranchhas0.5 prob-
ability of beingtaken. The bestvariablechoiceat eachrecur
sionstepis storedandreturnedo constructhefinal cofactoring
structureat the end (not shovn in the Figure). The comple-
ity of this algorithmis upperboundedby (3"), wheren is the
numberof input variablesin the support.Thisis the casewhen
all possiblecofactorsare derived. Experimentsshav that MV
functionswith up to 16 binaryinput variablescanbe computed
within secondsinorein SectionlV.

B. CubeCofactoring

It is computationallyprohibitive to allow an arbitrary func-
tion asthe cofactoringfunction g, and the the branchingtest
(M € g) may not be efficiently implementedn software (on a
generalpurposeembeddedprocessor).If we restrictto multi-
valuedsingle cubes,the branchingtestcanbe carriedout in a
single AND instruction,assumingooth the cofactoringcubeC
andtheinput M arerepresenteth a positionalnotation:

meC < m-C=0

Previously proposedMDD andSOP-basedpproachefl7] can
be viewed asspecialcasef generalizedtubecofactoring:the
MDD approachusessingleliterals ascofactoringfunctionsand
the SOPapproachuseghecubedirectlyfrom asum-of-product
representatioof the function.

In this section,we proposea novel symbolic method(ideas
inspiredby [12]) for findingtheoptimalcofactoringcubeateach



step,basednacostfunctionthatpredictsthecofactoringdepth.
We then provide a slightly improved look-aheadcostfunction
for betterprediction,andtwo-literal restrictionsfor dealingwith
large scalefunctions.

B.1 CostFunctionfor CubeSelection

Let F : AB,... =» O be the MV function to be evaluated,
whereA = {0,1,...,r5},B={0,1,...,rp}, etc, form its input
domain,andO = {09,0s,...,0r,} isits range?. An example:

F
b\a 0 1 2 F: {07 172} X {0, 1, 2,3}'_> {07 17 273}
0 [1 2 1
ac {07172}
112 0 O be{0,1,2,3}
5 3 1 2 )Ly &y
3 /0 3 3

1)
We needa costfunctionfor measuringhe compleity, in terms
of outputevaluation,of thecaresetof anMV function. Entropy,
asaninformation measuremeritl8], becamea naturalchoice:
the cofactoringprocessis a processof information discovery,
andthe effort canbe measuredby the amountof informationto
be discovered. As we proceedalonga pathin the GCD, more
informationis obtainedwith respecto theinputminterm.When
we reachaterminalnode,the outputis determinedandthereis
no information left (zeroentropy). We usethe outputentropy
for afunction f:

HR) = - 5 piin(p)
ieoutpus
m m
= - Y G
ieouzpusMC Me

wherep; is theprobabilityof theoutputtakingvaluei, computed
by dividing thenumberof mintermsin i (my) by thetotalnumber
of caresetminterms(Mc). Ry is therelationfor the caresetof
MV function f. Givena cubeC, we computethe entropiesof
boththepositive andnegative branches:

H(Rf|C) = pc-H(C-Rf)+ (1—pc)-H(C-Rf)  (2)

wherep; is the probability of the cubeC beingtrue, computed
by dividing the numberof mintermsin the intersectionC - R;
with the total numberof caresetmintermsin Rs. It takesinto
accountof potentialcostsfor both branchesndtheir probabil-
ities. In mathematicaterms,this is the conditional entropy of
Rt with respecto partition {C,C}, whichis alwayslessthanthe
original entropy: i.e.

H(R¢|C) <H(R¢)

andthe differenceof the two is calledthe mutualinformation
In reducingH (R |C), we searchfor the cubepartitionthat has
thelargestmutualinformationwith the original relation:

max{1(Rf,C) = H(Rr) —H(Rf|C)}

The example (1) above cofactoredby cube att2b{3} gives
cost: 15(In2) + 5(2In(8) + 8In(8)) = 1.068,whichis areduc-
tion from theoriginal entropy: In(4) = 1.386.

2In the implementationan MV function is representeds a relation using
ADD’s, andonly the caresetmintermsaretakeninto consideration

SelectCube (ADD dd) {

if is.constantdd) {  //returnsymbstructwith constant
return symb(constant{d)); }

if hashlookup(dd, &symb) { //previouscomputedADD node
return symh }

symT= SelectCube(THEN(d));

symE= SelectCube(ELSE{d));

if is_boolvar(dd) then { //faccumulatenintermsfor eachvalue
symQmin = combineminterms§ymT,symB);
symQval = combinevalues(symT,symB;
return symoO; }

if is.z_var(dd) then { //computeweightedentropy
symQcog = entrogy(symT)* symTmin/care_minterms

+ entropy(symB* symEmin/care_minterms

return symQ }

/Inow dealwith symbolicvariables

if symT.cog < symEcog then {
symQcube= attachliteral(symT.cube lit(dd));

} else {
symQcube= attachliteral(symEcube lit_not(dd)); }

hashinsert@dd,symQ;

returnsymQ }

Fig. 2. Algorithm SelectCube:finding bestsymboliccube

B.2 SolutionRelations

We introducenew binary variablesto symbolicallyrepresent
all cubecandidate$n apositionalnotation.Let a symboliccube
berepresenteds

CsymZ ((Xodl...(XraBoﬁl...Brb...)

wherea; meanghatthecubehasvaluei in thea-literal, etc. For
example,ao01a2BoP1R2BR3 encodesubeal®h{%2, Thetotal
numberof cubesencodedgexceptnull cubesiis (22 — 1)(2 —
1)---
The logic function correspondingo eachsymbolic cubeis
calledits booleancubeCyqq. In orderto evaluateboththe pos-
itive and negative cofactoringbrancheswe constructthe cube
relationC,¢ for all cubecandidates:

Crel = Csym-* Z- Cpool + Csym- 2- Coool

wherez is calledthe phasevariable. z= 1 (z= 0) meansthe
positive (negative) phaseof the cubeis used,respectiely. The
examplecubeabove leadsto the cuberelationbelow:

010011 02BoB1BoPa (2l OO 4 22 4 (13

We build the Booleandisjunctionof C¢ for all cubesandin-
tersectthis with the relationof the targetMV function. Thisis
calledthesolutionrelation

R(a,b,...)-; L (0o01...BoB1...,zab,...)  (3)
ieallcubes

The solutionrelationencodesll candidatecubesfor boththeir
positve andcomplemenphaseslt providesa corvenientbasis
for computingthe cofactoringcostof all cubesn parallel.
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Fig. 3. AveragePathLength(APL) comparisorof MTBDD, GCD with entrofy (ENTR) andAPL-look-aheadLAHF) costfunctionson examplenoname

Theoem?2: Thenumberof BDD nodedor thephasevariable
z,in thesolutionrelationBDD is exactlythenumberof symbolic
cubesandeachhasexactly oneparentnode.

Basedon this theorem the costfunctionsfor the cubesneed
to be computedonly at the z variablenodesof the BDD. Other
nodesaretraversedfor passingnformationandcubeselection.
The negative sideis thatthe solutionrelationBDD grows with
thenumberof cubesgeneratedWe addresghisin Sectiondll-
B.4.

ThealgorithmSelectCubetraverseshe BDD structureof the
solutionrelation bottomup, computeghe costfunctionsincre-
mentally andconstructghe cubewith the bestcost(Figure2).
It assumes variable orderingthat groupsthe symbolic vari-
ableson thetop, followed by the z phasevariable,andthenthe
booleanvariablegroupcomeslast. Dynamicvariableordering
within eachgroupis allowed.

{Go,al,...,Bo,Bl...},{Z},{a, b,...}

A hashtable is maintainedso that eachnodeis guaranteed
to be visited only once. After checkingfor terminalcasesand
the hashtable, the algorithmis recursiely called on both the
positive branch(THEN()) andthe negative branch(ELSE()) of
the currentnode. During the booleanvariabletraversalphase
at the bottom group, the numberof mintermsfor eachoutput
valueis computed. It is storedin a datastructure(symf) that
containsthe total numberof caresetminterms,the setof out-
put values,andthe minterm countfor eachvalue,for the sub-
BDD. Outputvaluesarestoredin abit-vector sothata bit-wise
OR givesthe union of the valuesfrom sub-branchegroutine
combinevalueg. At eachphasevariablenodez, the costsfrom
bothchildren,representing@ andC, areweightedby their prob-
abilities and then summed(Equation(2)). Finally, during the
symbolicvariablephasethe costsof bothchildrenbranchesre
comparedthe pathwith bettercostis kept,andcombinedwith
the symbolicvariableof the nodeitself. Routineattad._literal
takesa literal and attachest to the path (cube)obtainedfrom
one of the children branches. The algorithmfinally returnsa
singlecube,(a pathfrom top nodeto z) which hasthe bestcost.

B.3 APL Look Ahead

Noticethatthe costfunctionin equation(2) is alocal heuris-
tic, which looks at onelevel cubecofactoring. We would like
to getbetterpredictionby consideringthe averagepathlength
of the whole sub-treef subsequentofactorationis carriedout
with this cube.

At eachcofatoringstep,we usethe entrogy costto generate
a setof candidatecubes.Thenfor eachcandidateve construct
the full cofactoringstructurefor bothits positive and negative
branchesand computethe averagepathlengthsfor them. The
sub-GCDconstructioruseshe sameSelectCubealgorithmde-
scribedearlier for selectingthe bestcofactoringcube at each
step.This procedurds describedn the pseudacodebelow.

Look_Ahead Cost(C, Rs) {

if is_tautologyRs) return O;

T = SolutionRelationC, Rs);

E = SolutionRelationC, Ry);

Cp = SelectCube();

Cn = SelectCubeg);

cog = 1+Prob(C,R¢)-Look_Ahead CostCp,C- Ry)
ProbC,Rs)-Look_AheadCostCn.C - Ry)

returncod; }

SolutionRelationrefersto the symbolicrelationdescribedpre-
viously, andProb(C,R;) computeghe probability of cubeC be-
ing truein the caresetof relationRs.

The comparisonof the final cofactoringdiagramfor exam-
ple (1) is shavn in Figure3, wherethecofactoringnodedor the
MTBDD arethe binaryvariablesag, a1, bg, b1, usedfor encod-
ing, andthe onesin the GCD’s aremulti-valuedcubesin posi-
tional notation.In this examplethelook aheadschemeayivesthe
bestaveragepathlength. (FreeMTBDD givesthe sameresult
asorderedMTBDD for thiscase.)
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B.4 Two Literal Cubes

Notice that the total numberof cubesgrows exponentially
with thesupportsize,andsodoeshesizeof thesolutionrelation
BDD. For afive 4-valuedinput function, thereare (24 — 1)° ~
75K cubes. It is expensve andnot necessaryo represenall
thesecubes. We apply heuristicssuchthat for functionswith
large supportsizes,we restrictto two-literal cubeswhich have
much betterscalability The samefive 4-valuedinput function
would generates x 2 x (2* — 1)2 = 2250cubes.

C. GenericFunctionCofactoring

Genericfunction cofactoringcanbe donethroughcollapsing
asetof inputvariablesnto asinglemulti-valuedvariable whose
literalsrepresenall possiblgunctionsof theoriginalinputs. Let
Xo,X1,- - -, Xn—1 beasetof binaryvariables.Createmulti-valued
variablep € {0,1,...,2"}, whereeachoutputvaluecorresponds
to oneinput mintermin the Xxg, X1, - . . , Xn—1 domain.

Theoem3: Theliteralsof MV variablep encodeall possible
Booleanfunctionson xg, X1, - - - , Xn—1.

This is similar to a decoderwith n inputs and 2" outputs,
where eachoutput decodesone of the input patterns. Tech-
niquesin [19] canbeappliedto chooseboundsetvariablesor a
decompositionthesearemergedinto asinglemulti-valuedvari-
ableandthentechniquegresentedn Sectionlll-B appliesfor
finding the optimal cofactoringfunction.

Recentwork on combinationallogic synthesis[12], [13]
pointsto new directionsof Booleanfunctiondecompositionus-
ing symbolictechnigueswhich are more powerful thantradi-
tional algebraicmethodsandnow becomecomputationallyaf-
fordable.Thegeneralizeadofactoringframework presentedhere
is aspecialtype of logic decompositionwith therestrictionthat
amultiplexeris usedfor the compositionfunction at eachstep.
The goal of the optimum averagepath lengthis also different
from logic synthesisn a synchronousgircuit setting,wherethe
worstcasedelayis concerned.

IV. EXPERIMENTS

TheBPL andSeleteCubealgorithmshave beenimplemented
usingthe CuDD packagg20]. We comparethe GCD derived
from theseapproachesn Tablel. Benchmarksare two-level
multi-valuedfunctionsobtainedmostly from the PortlandState
UniversityPOLOsuite[21]. Thenumberof inputsandthesizes
of theinputdomainareshowvn in columnsPl andIN ; their out-
putdomainsizesareshovn in columnO. Resultsfrom four dif-
ferentapproachesre shavn, BDD’s with global variable or-
dering (BDD), optimum free-orderedBDD’s (FBDD), GCDs
with entropy cost (ENTR), and GCDs with APL look ahead
cost (LAHF). They are comparedwith respectto the average
pathlength(APL), thenumberof cofactoringnodesn the GCD
structure andfinally the computatiortime usedto derive these
structuresTheirratiosarecomputedor eachbenchmarlexam-
ple,andtheaverageratiois reportedn thelastline. All experi-
mentswereperformedon a dual-processoBunOS 5.8 system,
with 900MHz clock frequeny and2Gbmemory

The free-orderedBDD’s have on averagel3% better APL
than globally orderedBDD'’s (after dynamicvariableordering
to reducethe heapsize). Although the size of the free-ordered
BDD’s is 5 times larger on average,it is still comparableon
smallandmedianexamples.The sizeblows up on large exam-
plessinceit is moredifficult to find equivalentresultsin thehash
table. Thecomputatiortimeis muchhigherthantheglobally or-
deredBDD’s (whosecomputationtime is negligible compared
with the otherapproacheandnot shown).

ComparingGCD’s with BDD’s, GCD's areconsistentlybet-
ter in most examples,sincethey have a much larger solution
spacehanfree BDD’s. The APL look aheadschemas slightly
betterthanjust using entropiesfor a few examples(albeit the
muchheavier computatiortime), which confirmsthe quality of
theentropy measure.

Figure 4 compareghe samefour approache®n a different
set (~ 50) of binary-inputbinary-outputexamples,with sup-
port sizerangingfrom 2-16. Thesearetwo-level functionsex-
tractedfrom collapsingmulti-level networks from the MCNC
benchmarks. The APL numbersare computedfor all bench-
mark examples andthosewith the samenumberof input vari-
ablesareaveraged.The averageAPL for eachsupportlevel is
drawn for eachapproach.Theresultsagainjustify the general-
izedcubecofactoringapproacttomparedvith BDD’s andfree-
orderedBDD’s (with a few exceptions). Also the APL look-
aheadschemestartsto pay off asthe sizesof theexamplesgrow
larger.

Thecomparisoraboreassumethattheaveragepathlengthis
thedominanfactorin decidinglogic functionevaluationtimein
software. Otherfactorslik e softwareimplementatiorandcom-
puterarchitecturesare assumedo be equalfor all approaches
comparecherein.

V. CONCLUSIONS

We presentedh new framework for functional evaluationof
multi-valuedrelations,which is a generalizatiorof traditional
logic simulationtechniques. It hasdirect applicationin logic
simulation functionalequivalencechecking aswell assoftware
synthesisfrom statemachinesfor embeddeccontrol applica-



APL SIZE (# nodes) Computatiortime (sec)
PI IN| O| BDD FBDD ENTR LAHF | BDD FBDD ENTR LAHF | FBDD ENTR LAHF
noname| 2 12 | 4 3.50 3.50 3.00 2.67 11 11 6 6 0.00 0.02 0.06
adder 3 64 | 4 6.00 6.00 7.73 7.73 19 63 30 30 0.00 1.55 8.76
maxmin | 3 125 | 5 5.21 5.21 5.15 471 48 68 32 30 0.08 33.07 167.68
xor_all 3 9% | 4 6.00 6.00 5.69 5.69 28 79 32 32 0.01 7.07 3415
alg 4 625 | 5 5.04 2.62 1.70 1.70 74 57 8 8 0.52 495 3361
balance | 4 625 | 5 6.66 5.59 4.46 4.32 84 196 56 57 191 1339 121.27
conv0 4 16 | 5 4.00 4.00 3.50 3.50 12 15 8 8 0.00 0.02 0.09
convl 4 16 | 5 4.00 3.00 2.62 2.62 10 8 5 5 0.00 0.02 0.02
matcl2 | 4 81| 3 5.25 5.25 5.39 5.39 32 48 21 21 0.01 0.78 5.84
matcll | 4 81| 3 5.25 5.25 5.39 5.39 32 48 21 21 0.02 1.23 1.67
matc22 | 4 81| 3 5.25 5.25 5.39 5.39 32 48 21 21 0.20 1.43 1.69
matc2l | 4 81| 3 5.25 5.25 5.39 5.39 32 48 21 21 0.10 1.74 1.80
ex2 5 243 | 3 4.44 3.96 2.92 2.89 30 35 10 10 0.05 425  18.43
ex3 5 243 | 3 4.44 3.96 2.92 2.89 30 35 10 10 0.05 424 1841
mm4 5 1024 | 4 5.77 4.77 4.23 3.98 69 83 29 29 0.15 289 1573
mm5 5 3125 | 5 6.85 6.09 5.17 5.07 182 307 69 70 34.04 4399 395.14
ex4 6 64 | 2 3.28 3.28 2.34 2.34 6 12 6 6 0.00 0.04 0.15
monks 6 432 | 2 6.93 5.97 6.95 5.99 73 145 79 73 0.24 1.32 12.36
monks3 | 6 432 | 2 5.79 4.58 4.19 4.19 71 90 69 69 0.19 0.90 6.74
monksl | 6 432 | 2 6.51 5.40 5.01 5.01 71 106 69 69 0.19 0.94 9.24
pal2 6 64 | 2 4.75 3.50 3.06 3.06 21 21 6 6 0.00 0.05 0.22
pal3 6 729 | 2 6.39 3.79 3.32 3.32 91 78 38 38 0.45 0.85 5.64
emply 7 18000 | 4 6.30 3.49 1.95 1.95 123 555 33 33| 147.83 19.91 14421
ex5 7 128 | 2 4.05 2.64 2.17 217 7 13 7 7 0.00 0.13 0.33
sortbl 8 6561 | 3 5.40 5.40 2.23 2.23 23 510 8 8 5.28 111 3.38
sortb2 8 6561 | 3 9.02 9.00 4.49 4.49 52 1792 38 38 26.43 76.17 76.47
sortb3 8 6561 | 3 | 1042 10.19 6.50 6.50 79 2814 92 92 68.92 76.34 75.99
sortb4 8 6561 | 3 | 10.28 9.52 7.13 7.13 96 2560 168 168 | 106.57 89.03 87.93
sorth5 8 6561 | 3 9.29 7.91 5.86 5.86 96 1470 160 160 | 108.03 88.76  85.79
sorth6 8 6561 | 3 7.56 5.99 4.18 4.18 79 544 98 98 64.18 80.24 77.77
sorth7 8 6561 | 3 5.25 4.00 2.69 2.69 52 126 38 38 22.66 7422 73.65
sorth8 8 6561 | 3 2.66 2.00 1.33 1.33 23 16 8 8 3.47 69.85 7127
| averageratio | 1.00 0.87 0.72 0.71] 1.00 5.35 0.75 0.74] 100 6156 294.67]
TABLE |

AVERAGE PATH LENGTH (APL) AND GENERALIZED COFACTORING DIAGRAM (GCD) SIZE COMPARISON ON MULTI-VALUED FUNCTIONS

tions. It is a specialtype of logic decompositiorwith different
constraintandoptimizationcriteria.

Under this framework, we presentedan algorithm for find-
ing the optimum free BDD orderingfor fastevaluation, mea-
suredby the averagepath length of the cofactoringstructure.
In searchingor the optimum cubecofactoring,we proposeca
symbolicrepresentatioof all possiblecubecandidatesandthe
solutionrelationthatencodesll possiblesolutionsfor oneco-
factoringstep.An algorithmis givento traversethe BDD struc-
ture andto find the optimal cubebasedon a costfunctionusing
functionalentropies.Experimentaresultson binary and multi-
valuedfunctionsjustify the proposedapproach.

In future researchwe will further explore the generalized
functioncofactoringfor ASIP platforms.We will applythegen-
eralizedcubecofactoringtechniquen embeddedoftwaresyn-
thesis,wherefurtherconstraintsn codesizemaybe enforced.
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