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Abstract- In this paper, the use of Simulated Evolution
(SmE) Algorithm in the design of digital logic circuitsis
proposed. SimE algorithm consists of three steps: eval-
uation, selection and allocation. Two goodness measures
aredesigned to guide the selection and allocation oper a-
tions of SImE. Area, power and delay are considered in
the optimization of circuits. Results obtained by SmE
algorithm are compared to those obtained by Genetic
Algorithm (GA).

1 Introduction

Designis usuallyconsideredo beanactiity requiringcon-
siderablehumancreatvity andknowledge.Eventhe defini-
tion of thetermdesign itself is quite elusive, sinceit canbe
interpretedn several differentwaysdependingon the task
to be performed10].

The definition of designthat fulfills the objectves of
this paperis the processof deriving, from a specifiedin-
put/outputbehavior, a structure(in our casea certaincom-
bination of logic gates)thatis functional (producesall the
outputsdesiredfor all theinputsspecified)within a certain
setof specifiedconstraints.Furthermorewe wantthe ob-
taineddesignto be optimumin termsof certainstructural
features(e.g.,area,power anddelay). The designprocess
is a very tediousanderror pronetaskthat usuallyrequires
considerablénumanexpertiseandinvolvestrade-ofs.

Advancesin logic design and synthesisis due to
the automationof the designprocessusing sophisticated
computeraideddesigntools. Thesetools have vastly im-
proved designturn aroundtime to keep pacewith the in-
creasinglemandandcomplexity of circuits. However, there
have beenmary attemptsat developingprogramsfor auto-
mateddesign,andsuchprogramsaredifficult to build.

Severaltechniquesn evolutionarydesignof digital cir-
cuitshave beenstudied.Mostof thework donein evolution-
arylogic synthesigs randomsearchwheretheevolutionary
algorithmwill blindly evolvethecircuitaccordingo agiven
setof objectveswithout usingrulesandtechniquesf the
corventionallogic synthesis.It is believedthatincorporat-
ing logic synthesigulesandguidelinescombinedwith the
ideaof assemble-and-tesbuldleadto betterresults.

The objectie is to develop a computerbasedtool that
canmalke thedesignprocesdesstediousfor the humande-
signerwithoutsacrificingquality of thedesignproducedin

this paper we limit our focusto combinationallogic cir-
cuits,which containsno memoryelementsaandno feedback
paths.Theuseof SimulatedEvolutionalgorithmasasearch
heuristicwill beconsidered9].

This paperis organizedasfollows: first, SimulatedEvo-
lution Algorithm is briefly presented.Then,a formulation
of the problemof interestis described.Following this, an
introductionto the approactbeingusedto implementSimE
for digital logic designis presented.Finally, SimE algo-
rithm is comparedwith geneticalgorithm (GA) in circuit
designwith optimizationfor area poweranddelay

2 Simulated Evolution Algorithm (SimE)

Combinatorialoptimizationproblemsseekto find a global
optimumof somerealvaluedcostfunctionscost : 2 —+ R
definedover a discretesetf). The Set(2 is calledthe state
spacendits elementsarereferrecto asstates A statespace
Q togethemwith anunderlyingneighborhoodstructure(the
way one statecanbe reachedrom anotherstate)form the
solutionspacd1].

The SimulatedEvolution (SimE) algorithmis a general
searchstratgyy for solving a variety of combinatorialopti-
mizationproblems[8, 9]. The SimE algorithmstartsfrom
an initial assignmentand then, following an evolution-
basedapproachijt seeksto reachbetterassignmentérom
onegeneratiorto thenext. SimEassumethatthereexistsa
populationP of asetM of k elementsin addition,thereis
a costfunction Cost thatis usedto associatevith eachas-
signmenbf anelementn acostC,,. ThecostC,, isusedo
computethe goodnesgfitness)g,, of elementm, for each
m € M. Furthermorethereare usually additionalcon-
straintsthat mustbe satisfiedby the populationasa whole
or by particularelements. A generaloutline of the SimE
algorithmis givenin Figurel.

SimEalgorithmproceedsasfollows. Initially, a popula-
tion! is createchtrandomfrom all populationssatisfyingthe
ervironmentalconstraintsof the problem. The algorithm
hasonemainloop consistingof threebasicsteps,Evalua-
tion, Selection, andAllocation. Thethreestepsareexecuted
in sequencentil thepopulationaveragegoodnessreaches

1In SimEterminology a populationrefersto a singlesolution. Individ-
ualsof thepopulationarecomponentsf thesolution;they arethemovable
elements.



ALGORITHM Smulated_Evolution(E, ,L, Sopping-Criteria);
INITIALIZATION:,
Repeat
EVALUATION:
ForEach m € M Dog,, = g—: EndForEach;

SELECTION:
ForEach m € M Do
If Random < Min(1 — gm + B;1)
Then P; = P, U{m};
Else P, = P, U{m};
Endlf;
EndFor Each;
Sort the elements of P;;
ALLOCATION:
ForEach m € P;s Do F,(m) EndForEach;
Until Sopping-criteria are met;
Return (BestSolution);
End Smulated_Evolution.

Figurel: SimulatedEvolution algorithm.

maximumvalue,or no noticeableémprovementto the pop-
ulation goodness is obsened after a numberof iterations.
Anotherpossiblestoppingcriterion could be to run the al-
gorithmfor a prefixednumberof iterations(seeFigurel).

3 Simulated Evolution Algorithm (SImE) for
Logic Design

3.1 Problem For mulation

The problemof digital logic circuit designcan be formu-
latedusingthis genericmodelasfollows: givena setM of
all typesof logic gatesasin Tablel andasetL of | L| loca-
tions, |L| < n, it is requiredto selectsomeof the elements
from M andallocatetheminto the L distinct locationsto
producea requiredlogic function given by its truth table
andto have this allocationto be minimal accordingto some
costfunction (power, areaanddelay)[3.

To formulatedigital logic designin termsof the above
state model, choose M = {1,2,...,k} and L =
{1,2,...,|L|}. A stateis definedasthe onto function S:
m={1,2,...,k'} = {1,2,...,|L|} wherem C M. Fig-
ure?2 is arepresentationf the digital logic designproblem
addressedh this context. In this caseone additionalcon-
straintis requiredwhich canbestatedasS (i) # S(j) Vi #
j, i.e., no two elementsareassignedo the samelocation.
The costof a state,Cost(S) is acompoundcostconsidering
the correctnes®sf the outputsof the solutioncircuit match-
ing the requiredfunctiontruth tableandothermetricssuch
asgatecount,power, delayandarea.A detailedexplanation
of the Cost(9) functionproposeds givenlater.
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Figure2: Representationf digital logic designproblem.

3.2 Circuit Encoding

In order to representa digital logic circuit, a two-
dimensionalmatrix is usedas depictedin Figure 3. This
representatiohasbeenadoptedy CoelloandMiller [3, 6].
Thistype of datastructurds very muchsimilarto the struc-
ture of digital circuit. Therefore,the genotype-phenotype
mappingbecomesneasytask[5].

The size of the matrix is variableandit is relative to n
wheren is numberof inputsof the circuit. An initial value
for the size of the matrix is given, which is equalto n [7].
During iterationscolumnsand/orrows canbe addedor re-
moved.
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Figure3: Exampleof circuit in matrix representation.

Eachcell of the matrix is consideredo be an individ-
ual. The collectionof all individuals of the matrix repre-
sentsa solution. Eachcell of the circuit matrix is encoded
in atriplet of inputsandgatetype,asillustratedin Figure4.
Thefirsttwo numbersarefor theinputs(inputl,input2)and
the third indicatesthe gatetype. A gateat position (i, j),
wherei is the columnnumberandj is therow numbercan



only be connectedo theoneat ((¢ — 1), ') andj' canbe
ary row of the previouscolumn.

‘ Input 1 ‘ Input 2 ‘Gatetype‘

Figure4: Representationf anindividualin matrix.

Table 1 lists differenttypesof gatesand their functions,
alongwith their codefor thegeneencoding.

Code| Type | FunctionF)

0 WIRE a

1 NOT a'

2 OR a+b

3 AND a-b

4 XOR a®b

5 NOR (a+b)

6 NAND (a-b)

7 | XNOR | (a®b)

Tablel: Gatetypesused.

3.3 Proposed Goodness M easures

Onemajorrequiremendf SImEis evaluatingthe goodness
of eachindividuali of thepopulationP. Therearetwo types
of costmeasuresr goodnessneasureassociatedvith this
problem.Thesetwo typesare:
o functional cost measure wherethecorrectnessf the
obtainedlogic circuit in matchingthe truth table of
therequiredfunctionis considered.

e optimization cost measure where the extent of the
optimality of the logic circuit synthesizeds taken
into consideration.Suchmeasure®f optimality are
power, delayandarea.

Also, therearetwo typesof functional cost measures and
theseare:

e intrinsic functional cost measure denotedby g;

e extrinsic functional cost measure denotedby G;
Theintrinsic functional cost measureis relatedto thegood-
nessof cell ¢ in matchingthe objective truth table. While,
the extrinsic functional cost measure is relatedto the ef-
fectcomingfrom othercellshaving cell < asinputfor them.
Both Selection Function and Allocation Function will use
thesecost measures in orderto guidethe searchto reachto
anoptimalcircuit. The selectionfunction considerghe ex-
trinsic functionalcostmeasureOnthe otherhand,theallo-
cationfunction considergheintrinsic functionalcostmea-
surein evaluatingthe mutatedcells afterallocationin order
to accepfa certainmove.

The formulation of the goodness measure hasa great
impacton the performanceof the SimE algorithmandthe
quality of the solutionobtained.In this papertwo proposed
functional goodness measures arediscussedn detail. The
first goodness measure is called Minterm Based Good-
ness while theseconcdneis calledM ultilevel L ogic Based
Goodness. Theseareexplainedbelow.

The Minterm Based Goodness Measure relies on the
truthtableof therequiredfunctionto beimplementedEach
cell 7 in the solutionmatrix is evaluatedbasedon the num-
berof correctoutputsbeinggenerateaf the requiredtruth
table.Thefollowing is aformulationof the Minterm Based
Goodness Measure:

gz':O

i/Ci

whereQ; is anestimateof optimalcost(all mintermsgener

ated),C; is theactualcostof cell 1. By letting, p; = number
of matchingmintermsof the it* cell andn = numberof

inputsof the requiredcircuit, thenthe Intrinsic Functional
Minterm BasedGoodnes®easurds

gi = pi/2"

The Extrinsic FunctionalMinterm BasedGoodnesss com-
putedusingthe procedureshawvn in Figure5s.

[*g;: Intrinsic FunctionalGoodnes®f cell 7 */
I* g; Intrinsic FunctionalGoodnes®f theinputcell of cell 5 */
[*@G;: Extrinsic FunctionalGoodnessf cell 7 */
I*G;: ExtrinsicFunctionalGoodnes®f theinputcell of cell 7 */
/*n numberof inputs,n2 numberof cellsin the matrix*/

For 4 =n? downto 1 Do /* scanall cellsfrom lastto first */

For All jscellsin thepreviouscolumnsof ¢ Do
If g; > g; orG; > g;Then

If g; <gi Then G; = (gi +g;)/2
Elself g; < G; Then G; = (G; + g;)/2
Else|If gatetypeof i is inverterThen
g;i = gi ande =G;
EndIf
EndIf
EndFor
EndFor

Figure5: Extrinsicgoodnessneasuresalculation.

This goodnessneasuréhasbeenusedto implementa ver-
sionof the SimEalgorithmdenotedoy SImE-G1.
TheMultilevel Logic Based Goodness Measureis based
on the assumptiorthat the higherthe level of a gatein a
multilevel logic circuit, the more mintermsare coveredat
the outputof that gate. Therefore,the goodness of a gate
is affectedby the numberof mintermscoveredat its output
andthe level wherethe gateis located. Figure6 illustrates
thisassumptionSincethe numberof inputsof thecircuit is



4,therearel6 patternghatshouldbegenerate@ttheoutput
correctly Initially, thesepatternsaredistributedamongthe
levels of the circuit evenly and progressiely. Also, it is
assumedhat the initial numberof levelsis 4 sincethere
are4 columnsin the searchmatrix. Thereforealogic gate
locatedat the secondevel shouldcover 8 patternswhile a
logic gatelocatedat thefirst level shouldcover 4 patterns.

In general,for n inputs (2™ patterns)circuit, to have a
goodnes®f 1 atacellin level i, thereshouldbe [ (2" /n)i]
correctpatternsproducedat this cell. Thus,the multilevel
logic goodness measure is formulatedasfollows:

N
9= Tan/nl;

whereg; is the goodness of cell 7, j is the level numberor
columnnumber n is the numberof inputsof the required
circuit andp is the numberof matchingpatternsat the out-
putof cell: comparedo theintendedruth table.

Number of Minterms covered increases

4 8 12 16
Minterms Minterms Minterms Minterms

16 Minterms should be covered for a 4
inputs circuit

Figure6: Multilevel logic goodnessassumption.

Severalscenariogesultfrom this assumptionandthese
are:
o if acelli atlevel j producesnorethan((2"/n)j);

¢ if noneof the cells locatedat level j can produce
((2™/n)j) norary cell atlevel n canproduce2™ pat-
terns;and

e intrinsic andextrinsic complications.

First,if acelli atlevel j producesnorethan((2"/n)j),
thenp; > ((2"/n)j) = ¢; > 1. Thenumberof levelsthat
the SimE algorithmis searchingshouldbe decreasedy a
factor relative to the numberof patternsproducedby the
cell i. Thenumberof levelsis now I = [(2"/p;)]. Also,
the numberof patternghatshouldbe coveredat eachlevel
will bechangedaccordingly A cell  atlevel 5 shouldcover
pi + 1 patterns At 5 + 1 level, thereshouldbe

i+ )+ |

patternsovered.Then,themaximumnumberof patternsat
leveli > jis

(pi +2) + [w

|a-a
Eventually our goodnessneasurealso shouldbe changed
accordinglyto become

gi = p/m

wherem is the new maximumnumberof patternghatgate
1 shouldgeneratatlevel 5.

The secondcaseindicatesthat the numberof levels is
lessthanwhatit shouldbe. Thereforethe numberof lev-
els hasto be increased.Also, the rangesof the maximum
numberof patternswill changeif the numberof levelsin-
creasesTheincreasen numberof levelsis donegradually
i.e.,oneby one.If [ is the numberof levels,thenthe num-
berof patterncoveragefor eachlevelis |2"/1|. Therefore,
the goodness measurdor cell i locatedat level j will be
changedo:

p o
gi = - if 1< l
[27/1]3
P ..
9i = on ifj=1

The third complicationis similar to the onein the first
goodnesaneasure. A cell j with low goodnessneasure
might feed cell ¢ that hashigh goodness.Therefore,cell
j will have high probability of beingselectecand mutated
which might disturbthe goodnes®f cell i. Thereforethe
sameapproachasin the previous onein computingthe in-
trinsic and extrinsic goodnesseis considered In this case
the intrinsic goodness measure is computedby using the
multilevel logic basedyoodnessneasurequationdor g;.

This goodnesaneasurehasbeenusedto implementa
versionof the SimEalgorithmdenotedy SimE-G2.

In orderto optimizethe circuit for othermeasuresuch
aspower, delayandarea,a working circuit hasto be first
obtained.This meanghatthe functional goodness measure
shouldbe equalto 1. Also, aglobal optimization goodness
cost function is proposed.After allocation,the solutionis
evaluatedandif thereis animprovementin the global cost
function, the solutionis madeas permanent. The global
optimization goodness cost function is denotedoy G and
is computedusingthe proceduren Figure7. Thegoodness
of the solutionconsideringhe j* objectiveis computedas
follows:



Coello[4] SimE-G1 SimE-G2

Circuit Area Delay | Power Area

Delay | Power Area Delay | Power

circuitl | 12393.00| 5.05 4.38 | 12393.00

5.05 4.38 | 12393.00| 5.05 4.38

circuit2 | 21870.00| 6.18 6.61 | 15451.60

5.26 | 6.77 | 13150.93| 5.21 5.32

circuit3 | 19926.00| 4.34 5.15 | 10843.10

3.00 4.35 | 10745.45| 3.12 3.96

circuit4 | 1458.00 | 0.005| 0.66 | 1458.00

0.005 | 0.66 1458.00 | 0.005 | 0.66

circuits | 27945.00| 8.76 7.89 | 13412.44

6.67 6.29 | 11723.95| 5.61 514

majority | 21141.00| 7.53 | 6.07 | 14029.51

4.88 441 | 13977.51| 4.50 5.12

xor8 32805.00| 9.53 | 11.64 | 20880.23

6.02 9.78 | 20655.00| 5.90 9.32

xor9 35266.00| 11.34 | 13.79 | 23814.00

9.57 | 10.65 | 23814.00| 9.57 | 10.65

Table2: Comparisorwith Coello[4] techniquan termsof area,delayandpower.

[*g;: Intrinsic FunctionalGoodnessf cell ¢ */

/*Go: Global OptimizationGoodnes®f P */

/* P: the currentpopulation(solution)*/

/*k: numberof objectivesfor optimization®*/

I*g;: thegoodnes®f thesolutionconsideringhe j** objective */
[*w;: aweightfor functionalcost*/

I*w;: aweightfor optimizationcost*/

If g; < 1Then

Go = wig; [0, w;]
Elself g; =1 Then

Go =w;g; + Z;‘C=1 w; g [wi, 1]
EndIf

Figure7: Globaloptimizationgoodness.

_ 1
9 =155
and N
§ =
Nmaw

N is the currentcostof the objective function (power, area
anddelay)and N, is the maximumacceptableraluefor
thegivenconstraint.

Linearaggreationfunctionis usedfor the evaluationof
all objectivesof the solution. It mapsall objectivesinto a
singlemetricthatindicateshow goodthe solutionis. SimE
works on two solutions the currentsolutionandthe candi-
date(mutant)solutionat eachiteration. Therefore, neither
is betterthanthe otheron all objectves. SinceSimEworks
on two solutionsduringiteration, Paretorankingis not ap-
plicabledueto thelack of therankingset. A linearaggreya-
tion functionwill be an efficient andfastchoicecompared
to Paretoranking.

4 Resultsand Comparison

Several circuits of different degreesof compleity have
beenusedto testthe proposedapproachThetwo proposed
algorithm,SimE-GlandSimE-G2arecomparedo Genetic
Algorithm (GA) approactsimilar to thatreportedin [3, 4].
Table2 shavsthequality of solutionsin termsof areadelay
andpowerfor GA, SimE-GlandSimE-G2.In Table2, cir-
cuitl to circuit5 arerandomlygeneratecircuits while the
lastthreecircuits are selectedrom ISCAS’85 benchmark.
Table3 shows the averageexecutiontime for the giventest
cases.lt is obviousthat Coello’s approachs slover com-
paredto SImE-GlandSimE-G2in time.

Circuit | Coello[4](s) | SIME-G1(s) | SImME-G2(s)
circuitl 91.66 12.52 10.85
circuit2 102.32 15.09 11.01
circuit3 155.78 20.14 14.07
circuit4 275.10 20.50 13.10
circuits 266.36 21.25 15.87
majority 6290.32 224.71 119.62
xor8 7430.01 221.10 120.34
xor9 10856.55 320.92 273.63

Table3: Comparisorwith Coello’s [4] techniquein terms
of executiontime.

Thetablesshav thattherearesignificantimprovements
in termsof area,delay power andexecutiontime for most
cases. For the purposeof this paper two exampleswere
chosento illustratethis approach.

Sincethe GeneticAlgorithm (GA) reportedn [3, 4] con-
sidersonly functional fitnessand numberof gatesas cost
function, modificationin costfunction hasto be madein
orderto include power, delayandareaoptimizationin the
costfunction insteadof numberof gatesused. The popu-
lation size usedin all circuits for GA is 1000. Two-point
crossweris usedasin [3, 4] with crosswer rate0.95. The
mutationrateis initialized to 0.01.

Eachexperimentis run 50 times and the averagecost
function (fitness)for GA and averagegoodnesdor SimE
for the 50 runsis reported.Also, the bestsolutionobtained
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Figure8: Averageglobalcostfunctionfor Examplel.
Algorithm ResultingFunction GateTypes
GA F=(A®B)® AD)+ (C+ (A@ D)) | 1AND, 20Rs,3X0ORs,1NOT

SimE-G1 F=A'B+ A((BD) + (C'D) 4 ANDs, 2 ORs,3 NOTs
SimE-G2 F=A'B+ A((BD) + C'D) 3 ANDs, 2 ORs,2 NOTs, 1 NAND

Table4: Resultsproducedoy GA, SimE-GlandSimE-G2for Examplel.

in the50runsis reportedor comparisorin power, delayand
area.Thelibrary usedfor theevaluationof power, delayand
areais theMOSIS0.25, CMOScell library.

Example 1

The first examplehas4 inputsand one outputwhere F' is
1000111111100a1 (circuit 2). It is noticedthat SImE-G1
and SimE-G2 outperformedGA since more cells are as-
signedto highergoodnesdocations.As aresult,the global
averagegoodnesincreasedesultingin corverginginto bet-
ter solutionsin lessemumberof iterationscomparedo GA.
Theresultsfor global costfunctionis shavn on Figure 8.
Also, Table4 shawvsthe bestresultingcircuit outcomefrom
runningSime-G1,SimE-G2andGA.

Example 2

The secondexampleis a 9 inputsodd parity circuit (xor9).
SimE-GlandSimE-G2producedesultsin almost300sec-
ondswhile GA could not generatea working circuit in the
first 500 seconds. The resultsfor global cost function is
shavn on Figure9.

5 Discussion and Conclusions

All circuits experimentedwith shaved that SImE-Gland
SImE-G2 have better corvergencethan GA in time and
quality of circuit. The reasonis that SimE algorithmuses
lessmemoryand lesscomputationtime. SimE works on
one solution only while GA works on a large numberof
solutions(populationsize). The numberof crosseersand
mutationsthat GA will performin every iterationis large
which will require more CPU time. On the other hand,
SimE requireslessCPU time becausét usesthe goodness
measure to guide the algorithmthroughthe searchspace.
Goodness measure is usedduring selectionandallocation,
therefore,SImE algorithmwill assignmore cellsto better
goodnessocationsin every iteration. The moreknowledge
aboutthe problemincorporatednto thegoodness measure,
the betterthe performanceof SimE algorithmin termsof
CPUtime andquality of solution. On the otherhand,GA
evaluateghe solutionafter cross@wer andmutation. There-
fore, cross@erandmutationis doneblindly andmostof the
time the solutionspaceds exploredrandomly

We have introducedatechniqueo designcombinational
logic circuit using SimulatedEvolution Algorithm (SimE).
Also, two goodnessneasuretave beenproposedThepro-



09 -
038 - -

-
07 | e

06 - =

Fitness

—-—-SimE-G1

1 51 101 151 201 251

Time in Sec

301 351 401 451

Figure9: Averageglobalcostfunctionfor Example2.

posedalgorithmSimE-GlandSimE-G2arecomparedvith
GA. Both SimE-G1land SimE-G2showved betterresultsin
all thecases.
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