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Abstract

We addressoptimizingmulti-valued(MV) logic functionsin a
multi-levelcombinationalogic network.Each nodein thenet-
work, called an MV-node has multi-valuedinputsand single
multi-valuedoutput. Thenotion of don’t caresusedin binary
logic is generlizedto multi-valuedogic. It containstwotypes

of flexibility: incompletespecificationand non-determinism.

We generlizethe computatiorof observabilitydon't caresfor

a multi-valuedfunctionnode Methodsare givento compute
(a) the maximumsetof observabilitydon't cares,and (b) the

compatiblesetof observabilitydon't caresfor each MV-node

Wk give a recursiveimage computatiorto transformthe don’t

caresinto thespaceoflocal inputsof thenodeto beminimized.
The methodsare applied to someexperimentalmulti-valued
networks,and demonstate reductionin the sizeof the tables
that represenimulti-valuedlogic functions.

1 Intr oduction

Multi-valued (MV) logic synthesiss becomingimportantin
variousapplications. It canbe usedin hardware synthesisas
a higherlevel representatioveforethe circuit is encodednto
binary. Thereareoptimizationopportunitiesat this stagethat
cannotbe discoveredin a binary domain. It canalsobe used
in controldominatedsoftwarecompilation,wherecontrolvari-
ablesarecomputedandtestedust asvariablesn multi-valued
logic. This exploreslogical relationsbetweenvariablesto re-
structurethe controlflow of aprogram.Suchoptimizationsare
usuallynot consideredy traditionalsoftwarecompilers.

We addresshe optimizationproblemof multi-valuedinput,
multi-valuedoutputlogic functionsin a combinationallogic
network. The notion of don't caresusedin binary logic [1]
is generalizedo multi-valuedlogic. Thesecontaintwo types

of flexibility, incompletespecificationand non-determinism.

We definemulti-valueddon’t caresandpartial caresto capture
this flexibility. Multi-valuedfunctionscombinedwith multi-

valuedpartial caresare similar to Booleanrelationsin binary
logic, wherea setof compatiblefunctionsareto be explored
for the optimization. The algorithmsdevelopedfor Boolean

1This work was supportedoy SRCundercontracté84.004andthe California Micro
program.

relationminimization,[2] [3] [4] [5], canbe appliedin partial
careminimizationfor a multi-valuedfunction.

We give algorithmsfor generatinga compatiblesetof don't
caresfor MV-nodes. Obsenrability don't cares(ODC) for an
MV-nodeis the setof minterms,which, whenappliedin the
network, blockstheoutputvaluesof thatnode,i.e. theprimary
outputsdo not depencbn the valuesof thatnode. Compatible
ODC's (CODCs)aredon’t careswhich do not dependon how
thedon't caresatotherMV-nodesn thenetwork areused.The
methodsto computeODC'’s and CODC'’s are extendedfrom
the binary case[6] [7]. Obsenability partial cares(OPC)are
the setof the mintermsthatblocksa subsef the outputval-
ues,i.e. the primary outputcan not distinguishary pair of
valuesin that subset.OPCS provide additionalflexibility for
theimplementatiorof anMV-node.Thisis ageneralizatiorof
obsenability Booleanrelationsfor binary networks. In order
to usethe OPCS, a multi-valuedrelation minimizer needsto
beapplied.We give onemethodfor generatingdOPCS.

In Section2, we give the definition of multi-valuedpartial
cares. Section3 givesthe algorithmsto computecompatible
don't caresfor a multi-valuednodein a combinationalnet-
work, and Section4 discussesmagecomputationfor a MV-
network. We give someexperimentalresultsin Section5 and
concludein Section6.

2 Multi-v alued Functions

Considera multi-valuedfunction with multiple multi-valued
inputsandsinglemulti-valuedoutput. A multi-valuedrelation
is, like a binary relation, a oneto mary mapping. Let P, =

{0,1,...,|P1| =1}, P.={0,1,...,|P2| = 1}, P, ={0,1, ..., |Pn| —

1} betheinputspaceandQ = {0,1,...,|Q| — 1} bethe output
space. The multi-valuedrelationR: Py x P> x ... x P, = 29

mapseachmintermin theinput spaceP; x P, x ... x Py, to a
setof valuesin Q, i.e. me Py x P, x ... x P,,R(m) C Q. We

assumehatRis completej.e. R(m) # 0, for all m. Associated
with R is a setof multi-valuedfunctions{ f;} compatiblewith

R, fi < R. The multi-valuedminimization problemis to find

anoptimalimplementatiorof f thatis compatiblewith R.

Example 1 Multi-valuedrelation R; is definedin the follow-
ing sum-of-poductstable
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Figurel: Multi-valuedfunctions

{0,1} x {6,1,2} x {0,1,2} — {0,1,2,3}
0 1 - S5 {01}
1 - 1 = {02}
- 0 1 - {12
0 - 2 5 {13}

The mappingis shown graphically in Figure 1. As can

be seen, two types of flexibility exist, namely incomplete
specificationand non-determinism. There are unspecified
mintermsin the table e.g. {0} x{0}x{0}, which can take

any valuein Q for the mapping This representsthe tradi-

tional don't care mintermsin the binary domain. Thee are

also mintermsthat can take a subsetof the valuesin Q, e.g.

{0} x{1}x{2}—{0,1,3}.

We call thesepartial care minterms. This situationis not

presentin binary logic, where eachminterm cantake either
valueO or valuel if it is notadon't care.

Definition 1 (Don't Care) A mintermme Py x P, x ... x P,
for multi-valuedrelationR: Py x P, x ... x P, = 2Q isa don't
care, iff R(m) = Q.

Definition 2 (Partial Care) A mintermme Py x P> x ... x P,
for multi-valuedrelationR: Py x P> x ... x P, — 2Q is a partial
care, iff |R(m)| > LandR(m) C Q.

Partial carescanresultfrom obsenability relationsin alogic
network, or specialrequirementgjiven by the designer Con-
sider an MV-noden; in an MV-network. There exists a set
of minterms,which whenappliedat the primary input space,
allow the outputvaluesof n; to be within a subsetof the val-
uesvs € || for nj, wherex; is the outputvariablefor node
n; and|x;| is the numberof valuesspecifiedfor x;. This setof
minterms whenmappednto thelocalinputspaceof n;, canbe
usedto produceary valuein thesubsets for noden;. Thispro-
videsadditionalflexibility in the implementatiorof n;, which
doesnot affect the functionality of the network. In the hard-
wareimplementationa functionneedgo bedeterministicand
produceonevaluefor eachinput minterm. Thereforethe syn-
thesisprocesmeedsto explore the flexibility givenby partial
caresandproduceadeterministidfunctionsatisfyingsomeop-
timality criteria. If thetargetapplicationis software,however,
the functionality of an MV-nodeneednot be determinizedor
the purposeof outputevaluation.

Definition 3 (Compatible) A multi-valuedfunction f : Py x
P> x ... x P, = Q is compatiblewith a multi-valuedrelation

R:PLxPyx..xP, =2 VmeP xPyx ... x P, f(m) €
R(m).

Givenamulti-valuedrelationR with a setof don't caresand
partial cares,the minimization problemfor hardware imple-
mentationconsistsof two steps:(1) find a multi-valuedfunc-
tion f compatiblewith R; (2) find an optimalimplementation
for f, in termsof thenumberof producttermsand/orthe num-
berof multi-valuedliterals. For instancethe examplegivenin
Figurel canbeoptimizedinto:

{0,1} x {0,1,2} x {0,1,2} — {0,1,2,3}

1 - — — 0
0 - — — 1

If the multi-valuedoutputvariableis encodedinto binary
variables,the multi-valuedrelation becomesa Booleanrela-
tion. Exactandheuristicalgorithmsfor Booleanrelationmin-
imization [2] [3] [4] [5],etc., can thus be usedto minimize
multi-valuedrelations.

3 Obsewvability in multi-valued logic networks

Obsenability Booleanrelationshave beenstudiedfor Boolean
networks, e.g. [7][8][9], but computationaintensity haspre-
ventedthe method€rom beingpractical.Multi-valuedobserv-
ability partialcaresareageneralizatiorof binaryobsenability
relations.

A multi-valued combinational logic network, or MV-
network is a network of nodes.Eachnoderepresenta multi-
valuedfunction with a single multi-valuedoutputand multi-
valuedinputs. Thereis a directededgefrom nodei to node
j, if the function at node j explicitly depend=on the output
variableat nodei. We use|x;| to denotethe numberof values
specifiedfor the MV-variablex; atnodei. Algebraicmethods
like [10] [11] canbe usedto derive an appropriatestructure
for the MV-network. Oncethe structurehasbeendecided the
multi-valuedfunction at eachnode can be optimizedaccord-
ing to the maximalpermissibldbehaior allowedfor thisnode.
Theflexibility is givenby satisfiabilitydon’t cares(SDC), ob-
senability don’'t cares(ODC) and obsenability partial cares
(OPC). For the definition and applicationof binary SDC and
ODCrreferto [7].

3.1 Maximal setof obsewability don't cares

Lety; betheoutputvariable,and{xi, ..., } betheinput vari-
ablesof nodei. Lety; € {0,...,n}, andx; € {0,...,t;}. The
MODOC for theinput edgex;, is the setof mintermsin the pri-
maryinputspacesuchthattheoutputMV-functiony; isinsen-
sitive to all valuesof x;. This setof mintermscanbe usedas
don’t caresfor the minimizationof the MV-functionx;, if y; is
the only fanoutof x;. We first computethe setof don't care
mintermsMODC in the local input spaceof y;, underwhich
the valuesof x; areindistinguishableThis givesthe maximal



ODCfor edgex; — yi. MODC canbedefinedasfollows:
MODC(y,xj) = {mf(mx=0)=..=

me Py x...x P}

f(mlxj =tj]),
1)

We usem[xj = K],k € {0,...,t;} to denotesettingthe value
of xj in mintermm to k. The valueof y; doesnot changef
we arbitrarily flip the valueof x; within the range{0,...,t;}
and keepthe otherpartsof mintermm fixed. This givesthe
conditionthatthefunctionproducedy x; is totally blockedby
theotherinputsandcannotbeobsenedaty;. x; — y; becomes
aredundantwvire for this setof minterms.It canbe shavn that
if fisspecifiedasafunction,i.e. deterministicMODC canbe
computedusingthefollowing formula:

MODC(y;,Xj) = ffjl---f;%j+---+fxn?-

]

0 n n
e g b

n |
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f! is abinaryfunction,P; x ... x Py — B, which definesthe set

of mintermsin Py x ... x B thatproduceoutput! for y;. Func-

tion f)'(k is the cofactorof binary function f' with respectto
]

)

literal x‘J-(. It is independenof x; andpreseresthe onsetof f!
i Cfl oy £l ionfl . fl |
whenererx; =k, i.e. X; - ijk =X - f'. Functionfy-f, --- fx(j

definesthe setof mintermsin Py x ... x P, suchthat the out-
putvaluefor y; is always| no matterwhatvaluex; takes,i.e.,
the universalquantificationover the valuesof x;. Formula(2)
representthecomplementf themulti-valuedlogic difference
(0f /0x;) whenf is deterministicallyspecified.

Theorem1 (MODC) The binary function (2) computesthe
setof MODC mintermsfor input edee xj, in the local inputs
spaceof y; asdefinedin (1), if thefunctionalityof y; is deter
ministically specifiedn f.

If f is specifiedasa relation,i.e. nondeterministicmore
complicatednethodswhichusemulti-valuedlogic difference,
needto beapplied.

3.2 Compatible setof obsewability don't cares

The validity of MODC's for a particularinput edgerequires
otherinput edgego producecertainvalues.Cyclic dependen-
ciesin thisrelationshipcauséncompatibility. Considemodei,
with inputedgesxxy,...,X;,...,X, ..., X. Letx; € {0,...,t;},
andx € {0,...,t;}. Let MODC! andMODC' bethe maximal
setof obsenability don't caresfor the input edgesx; andx
respectiely. Let mg € Py x ... x P, beamintermin the local
inputspaceof {y;}, suchthatm, € MODC! andmy € MODC'.
The primary input mintermsthat producemy will be usedas
don't caresfor bothx; andx. The optimizationof x; asare-
sultof my may destry the validity of MODC' andvice versa.
Themintermin MODC!, for input edgey;, is saidto be com-
patiblewith x,1 # j, if it is not a mintermin MODC', or if

MODC! doesnotdependnthevalueof x;, i.e.
cobcl = {m|(m¢MODC")V (¥x(m) e MODC)),

me MODC'}

CODCl' is the subsetof MODC; that is compatible with
MODC;. By “Vx" we denotethe computationof univer
sal quantificationover all valuesof x. Vx (m) is the multi-
valuedcubeexpandedrom manddoesnotdependonx. The
interpretationof this formulaeis that: of all the minterms,
m e MODC(f,x;j), where f is insensitve to xj, mis saidto
be compatiblewith anothelinputedgex, if (1) eithermis not
adon't carefor x, or (2) no matterwhatvalueis choserfor x;,
f is still insensitie to x; underm.

The input edgesare implicitly orderedandthe CODC for
eachinputedgeis computedby makingtheassociatedlODC
compatiblewith all the precedingedgesn theordering.Given
anorderingx; < ... < Xj < ... < X, theCODCfor edgex; can
bedefinedasfollows:

CODC(yi,x)) = {mVl<j,(m¢CODG)

V(¥x (m) € MODC;j),me MODC;}

This approactyivesthefirst edgein theorderingthemostflex-
ibility . Successieedgesaremorerestrictedn orderto becom-
patiblewith previousones. The ODC setfor eachsuccessie
nodeis thusreducedor compatibility.

In practice thesetof mintermsin MODC canberepresented
symbolicallyusingMDD’s [12] [13]. Also, the CODC setfor
eachnodecan be inheritedby all input edges. The formula
thuscanbe constructedvith MDD operations:

CODC(yi,xj) = Pu(Po(---Pj—1(MODC(y;,x})))) + CODCy,
P(F) = CODCy, -F +Vx(F)
coDC,, = CODC(Yi,X;) ©)
iefanou(x;)

CODC(yi,xj) is theedge-CODCfor edgex; — y;. CODCy, is
the node-CODCfor the fanoutnodey;. CODC(y;, Xj) is com-
putedfor eachfanoutedgeof nodex; andthey areintersected
to givethenode-CODCfor x;. Thisis passedo all faninnodes
of xj. P«(F) is the compatibility operatiorwhich is appliedto
eachfaninnodeof y; thatprecedes; in thepre-assignedrdet

Theorem2 (CODC) Thesetof mintermscomputedy (3) are
don't caresfor nodex; andthey remainto be don't caresif
the functionsof all other nodeschange within their computed
CODC's.

3.3 Maximal setof obsewability partial cares

CODC'sdonotcaptureall theflexibility for MV-networks. For
the input edgex; of nodei, thereare mintermssuchthat y;
is insensitve to only a subsetof the valuesfor x;. In other
words, mintermsunderwhich a subsetof the valuesfor ¥; is



Figure2: CODCcomputation

indistinguishableat y;. Thesemintermsare, by the definition
givenin Section 2, partial caresfor thefunctionimplemented
atnodex;j, andcanalsobe usedin the minimizationof x;.

The maximal setof partial caresfor edgex; — y; canbe
definedon the power set, 27, of the valuesfor xj. Let x; €
Pj = {0,...,m} andv = {r4,...,r,} € 2P For eachsubseof
the valuesw € 2Fi for Xj, thereexists a setof minterms§ in
thelocal input space suchthatthe valuesin the subsetx can
not bedistinguishedat the outputy;. We computethesesetsof
mintermsS for eachsuchsubsebf valuesv;. Whenmapped
into theprimaryinputspaceS representthesetof partialcare
mintermsfor nodex;, wherex; cantake ary valuein v;.

OPC(f,v,xj) = {mf(mxj=ri])=---=f(mx; =ry]),
mePyx---x P}
MOPC(yi,xj) = {(mv)|me OPC(y;,v,xj),ve 2"} (4)

OPC(f,v,x;) givesthesetof mintermsin thelocal inputspace
of f, suchthata subset of thevaluesfor x; areindistinguish-
ableaty, i.e. the outputfunction of y; doesnot change,if
we arbitrarily changethe valueof x; within the subsebf val-
uesv = {ry,...,rv}, while keepingthe otherpartsof m fixed.
Therefore MOPC by definitionis a setof pairs,(m,v), where
me Py x --- x P, is amintermin the local input spaceof y;,
andv = {ry,...,ry} is asubsebf thevaluesfor x;. Similarto
(1) MOPC's canbe computedoy thefollowing formulaif f is
deterministicallyspecified.

MOPC(yi,xj)
_ 0 0 0 n n n
ve2'l
. |
- szn% (5)
ve?2! j |=0kev !

This computationcanbe expensve dueto the power setsum-
mation. OPCneedsto be computedfor every subsetof |Pj],
which is exponential. In practicemulti-valuedvariablesusu-
ally have a smallsetof valuesto chooserom, thussuggesting
the feasibility of (5). However algorithmictrade-ofs needto
be exploredto assessghe practicalityof MOPC.

Algorithm [CODC-basedVV-network minimization]:
input MV-network ntk
input externaldon’t careXDC; ateachprimaryoutput j
local CODC;: CODCsetfor nodei
local DC;: completedon't caresetfor nodei
Traverseeachnodej in ntkin reverseDFSorder
If j is primaryoutput
CODC; = externaldon't cares(XDC;j)
Continue;
For eachfanoutnodek
D = MODC(fi,y;)
For eachfaninnodei of k thatis alreadyvisited
D = [CODC; + Wyi]-D
D =D+ CODCy;
CODCj = CODC;ND;

CollapseCODC; into primaryinput space
Quantifyoutthevariablesnotin the TFI coneof y;
DC; = —image(-CODC;j)
MINIMIZE(ONSET,,DC;j)

End

Figure3: CODC-basedV-network minimization

Like obsenability don't cares,obsenability partial cares
may alsobecomeinvalid if the functionsof relatednodesare
changedSimilarto theapproachtusedin CODC,we canorder
theinput edgesfor eachnode,and make the MOPC setcom-
patible with eachprecedingedge. The advantagesof COPC
for MV-network minimization needsto be evaluatedfurther
andarenotexploredhere.

4 Implementation

We give an algorithmto computea setof CODC'’s for each
nodein a multi-level MV-network. The algorithmis anexten-
sion of the binary CODC computationfrom [7]. The com-
putation of MODC and CODC is implementedin a multi-
valued logic synthesisinfrastructurecalled MVSIS. MOPC
and COPC computationsare expensie and require a multi-
valuedrelationminimizerfor the optimizationof eachnode;it
is notimplementedn the currentversion.

4.1 MV-network optimization

All computationis carried out using MDD operations. A
heuristicdepth-firstsearchMDD variableorderingis imple-
mented.Thelogic functionof eachnodein the network is rep-
resentecby a multi-valuedtable structure,as definedin VIS
[14]. A tableis a sum-of-productsepresentatiomf a multi-
valuedfunction. Eachrow is partitionedinto aninput partand
anoutputpart,andrepresenta multi-valuedcube.

The algorithmtraverseghe MV-network in areversetopolog-
ical orderfrom primary outputsto primary inputs. Eachnode



in the network is traversedonce. At eachnode,the CODC set
is computedor eachfanoutedge,andthenintersectedo give

the approximatedCODC setfor this node. Oncecalculated,
the CODC setfor eachnodeis inheritedby eachof its own

faninnodes.The CODC setis mappednto the primaryinput
spaceby variable substitution,and then mappedinto the lo-

cal input spaceby imagecomputation.Giventhe DC set,the
logic minimizationof a multi-valuednodeis carriedout using
ESPRESSO-MV15].

4.2 Multi-v aluedimage computation

Two methodsexist for imagecomputation transitionrelation
and recursve range computation. We extend the recursve
rangecomputatiorfrom the binarydomainto the multi-valued
domain. For binary imagecomputationreferto [7]. Multi-
valuedcofactoringis usedto reducethe computationin are-
cursiefashion.

In the local input spaceof nodey;, eachinput variableis
cofactoredby thecomplemenof thedon't caresetA(x), which
isanMDD in termsof primary input variables. This array of
cofactoredfunctionsgive the transitionfunctionsthatmapthe
entireprimaryinputspaceP!| into thelocal care setof nodey;.

[(f1)apgs (F2)Apgs---» (fr)am]
CODCY (x)

Each f is the multi-valuedfunctionfor oneof the fanins,x,
of yi. Eachfy isrepresentetly anarrayof MDD’ s; eachMDD
representshe onsetfor one of the valuesof fy. The cofactor
(fk) ax) is obtainedoby constainingtheMDD functionfor each
valueof fx againstA(x). This s calledthe constiain compu-
tation. Oncewe have the array of rangefunctions,we apply
outputcofactoringto carry out the recursie image computa-
tion:

2
x
|

AlX) =

Cco DCchi)caI

IMAGE(CODCY,) = RANGE(Fx)
[Pr[-1 ‘
k=0

In theaboveformula, X denotegheliteral for theintermediate
variablex; thattakesthe ki value. |P| is the total numberof

valuesspecifiedfor X;. The rangecomputationis recursvely

appliedto thelist of functions,until every onehasheencofac-

tored. Thefinal resultis a setof cubesin thelocal input space
of yi, which canthenbe usedin the minimizationof nodey;.

5 Experiments

Some experimentswere performedon a number of MV-
networks. We require that the input MV-network is com-
pletely specifiedat eachnodeand deterministic. Local non-
determinismis allowed at intermediatenodes.The first setof
examples,Sort matmulandmaxare made-upexamples.The

#cubes #literals
examples | simp fullsimp | simp fullsimp
max 91 91| 168 168
matmul 72 48 | 240 136
sort | 594 336 | 2296 1339
bakery-proc 79 73| 208 188
coherence-cch 99 69| 337 229
eisenbey-proc 57 57| 140 140
slidernsf | 321 321 | 1210 835
car 23 23 92 88
iris 25 25| 107 124
mm3 10 10 37 37
mm4 27 23| 109 100
mm5 55 48 | 231 232
balance| 61 55| 244 267
nursery 53 40| 280 208

Tablel: Resultsfor fullsimp

secondsetof examplescomefrom themulti-valuedbenchmark
setdistributed with VIS [14]. We extract individual combi-
nationalmodulesand remove the latchesto obtainthe MV-
network. For example,bakery.proc is the moduleprocessin
benchmarkbakery. Thethird setof examplescomefrom the
multi-valuedlogic benchmarksuite from PortlandStateUni-
versity They aretwo-level multi-valuedPLAs generatedrom
machindearningapplications.

The CODC-basedMV-network minimization is imple-
mentedn MV SIS ascommandullsimp. As acomparisonye
implementeccommandsimp which callsESPRESSO-MVor
eachnodedirectly withoutcomputingCODC'’s. Tablel1 shows
the comparisonin the numberof multi-valuedcubesand it-
erals. Thereis about20% gain by computingCODC’s. We
combinefullsimpwith algebraicdecompositiorasin [11] and
form heuristicnetwork optimizationscriptslike scri pt.rugged
in SIS.Thescriptrepetitvely appliesdecompositionfull sim-
plification andnodeeliminationuntil no improvement. Table
2 shaws the optimizationresultsfor the samesetof examples.
Note that only deterministicexamplescanbe minimizedand
producemeaningfulresults. The resultsare verified by the
combinationakerificationpackagen VIS. Also notethatonly
|P| — 1 valuesarerepresenteth the sum-of-productform if a
nodehas|P| values. The valuewith the mostcubesis treated
asdefaultandis not counted.

The experimentsare performedon an Intel 500MHz ma-
chinewith 128MB memory The run time rangesfrom 1-10
minutesdependingon the size of the example. The reduction
in cubecountandliteral countis significantcomparedvith the
original specification.This translatesnto implementatiorcost
savingswhetherin softwareor in hardware.



#cubes #literals
examples | orig script orig script
max | 196 91 392 168
matmul | 120 48 440 136
sort| 594 158 | 2296 468
balkery-proc| 788 69| 1604 184
coherence-cch 120 66 433 230
eisenbey-proc | 1341 57| 2767 140
slidernsf | 1359 293 | 2574 891
car| 518 21| 3108 83
iris | 100 25 400 124
mm3 | 111 10 555 37
mm4 | 598 23| 2990 100
mmb5 | 2055 48 | 10275 232
balance| 337 55| 1348 267
nursery| 8640 40| 69120 208

Table2: Resultsfor optimizationscripts

6 Conclusion

We generalizedhe notion of don't caresusedin binarylogic
to multi-valuedogic, anddefinedpartialcaresor multi-valued
relations.We gave amethodto construcimulti-valuedobserv-
ability don't caresin a combinationalnetwork. We shawved
how obsenability partialcarescanbegeneratedanddiscussed
their potentialcomplexity. Experimentakesultsweregivento
shaw the effectivenessof using CODC's for nodeminimiza-
toin.

Somefutureresearcldirectionsare: (a) Devise heuristical-
gorithmsto generatembsenability partial caresefficiently; (b)
Apply a multi-valuedrelation minimizer in the optimization
processwhich usespartialcaresjc) Apply multi-valuedlogic
minimizationto otherCAD arease.g.stateencodingsoftware
compilationandasynchronoulardwaresynthesis.
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