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

1 Introduction

Designis usuallyconsideredto beanactivity requiringcon-
siderablehumancreativity andknowledge.Eventhedefini-
tion of thetermdesign itself is quiteelusive,sinceit canbe
interpretedin several differentwaysdependingon the task
to beperformed[10].

The definition of designthat fulfills the objectives of
this paperis the processof deriving, from a specifiedin-
put/outputbehavior, a structure(in our casea certaincom-
binationof logic gates)that is functional(producesall the
outputsdesiredfor all theinputsspecified)within a certain
setof specifiedconstraints.Furthermore,we want the ob-
taineddesignto be optimumin termsof certainstructural
features(e.g.,area,power anddelay). The designprocess
is a very tediousanderror pronetaskthat usuallyrequires
considerablehumanexpertiseandinvolvestrade-offs.

Advances in logic design and synthesis is due to
the automationof the designprocessusing sophisticated
computer-aideddesigntools. Thesetools have vastly im-
proved designturn aroundtime to keeppacewith the in-
creasingdemandandcomplexity of circuits.However, there
have beenmany attemptsat developingprogramsfor auto-
mateddesign,andsuchprogramsaredifficult to build.

Several techniquesin evolutionarydesignof digital cir-
cuitshavebeenstudied.Mostof thework donein evolution-
ary logic synthesisis randomsearchwheretheevolutionary
algorithmwill blindly evolvethecircuit accordingto agiven
setof objectiveswithout usingrulesandtechniquesof the
conventionallogic synthesis.It is believedthat incorporat-
ing logic synthesisrulesandguidelinescombinedwith the
ideaof assemble-and-testcouldleadto betterresults.

The objective is to develop a computer-basedtool that
canmake thedesignprocesslesstediousfor thehumande-
signerwithoutsacrificingqualityof thedesignproduced.In

this paper, we limit our focus to combinationallogic cir-
cuits,which containsno memoryelementsandnofeedback
paths.Theuseof SimulatedEvolutionalgorithmasasearch
heuristicwill beconsidered[9].

This paperis organizedasfollows: first, SimulatedEvo-
lution Algorithm is briefly presented.Then,a formulation
of the problemof interestis described.Following this, an
introductionto theapproachbeingusedto 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 : �����
definedover a discreteset � . The Set � is calledthe state
spaceandits elementsarereferredto asstates.A statespace� togetherwith an underlyingneighborhoodstructure(the
way onestatecanbe reachedfrom anotherstate)form the
solutionspace[1].

The SimulatedEvolution (SimE) algorithmis a general
searchstrategy for solving a variety of combinatorialopti-
mizationproblems[8, 9]. The SimE algorithmstartsfrom
an initial assignment,and then, following an evolution-
basedapproach,it seeksto reachbetterassignmentsfrom
onegenerationto thenext. SimEassumesthatthereexistsa
population� of a set � of 	 elements.In addition,thereis
a costfunction 
���
�� that is usedto associatewith eachas-
signmentof anelement� acost
�� . Thecost 
�� is usedto
computethe goodness(fitness)� � of element� , for each����� . Furthermore,thereare usually additionalcon-
straintsthat mustbe satisfiedby the populationasa whole
or by particularelements.A generaloutline of the SimE
algorithmis givenin Figure1.

SimEalgorithmproceedsasfollows. Initially, a popula-
tion1 is createdatrandomfrom all populationssatisfyingthe
environmentalconstraintsof the problem. The algorithm
hasonemain loop consistingof threebasicsteps,Evalua-
tion, Selection, andAllocation. Thethreestepsareexecuted
in sequenceuntil thepopulationaveragegoodness reachesa

1In SimEterminology, a populationrefersto a singlesolution.Individ-
ualsof thepopulationarecomponentsof thesolution;they arethemovable
elements.
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:
ForEach ,b-\U V Do cedfHg,aS EndForEach;

Until Stopping-criteria are met;
Return ( P)hjilk : A2mon k FGA�> );
End Simulated Evolution.

Figure1: SimulatedEvolutionalgorithm.

maximumvalue,or no noticeableimprovementto thepop-
ulation goodness is observed after a numberof iterations.
Anotherpossiblestoppingcriterion could be to run the al-
gorithmfor a prefixednumberof iterations(seeFigure1).

3 Simulated Evolution Algorithm (SimE) for
Logic Design

3.1 Problem Formulation

The problemof digital logic circuit designcan be formu-
latedusingthis genericmodelasfollows: givena set � of
all typesof logic gatesasin Table1 anda set p of q prq loca-
tions, q psqftvu , it is requiredto selectsomeof theelements
from � andallocatetheminto the p distinct locationsto
producea requiredlogic function given by its truth table
andto havethis allocationto beminimalaccordingto some
costfunction(power, areaanddelay)[2].

To formulatedigital logic designin termsof the above
state model, choose � w �yx"zl{|z�}j}j}Tz 	~� and p w�yx"zl{|z�}j}j}Tz q psq�� . A stateis definedas the onto function � :��w �yxyz�{|z�}j}�}Tz 	|����� �fx"zl{|zj}�}j}Tz q psq�� where����� . Fig-
ure2 is a representationof thedigital logic designproblem
addressedin this context. In this caseoneadditionalcon-
straintis required,whichcanbestatedas �&�G���)�w��&�������~�&�w� , i.e., no two elementsareassignedto the samelocation.
Thecostof a state,Cost(S) is a compoundcostconsidering
thecorrectnessof theoutputsof thesolutioncircuit match-
ing therequiredfunctiontruth tableandothermetricssuch
asgatecount,power, delayandarea.A detailedexplanation
of theCost(S) functionproposedis givenlater.
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Figure2: Representationof digital logic designproblem.

3.2 Circuit Encoding

In order to representa digital logic circuit, a two-
dimensionalmatrix is usedas depictedin Figure 3. This
representationhasbeenadoptedby CoelloandMiller [3, 6].
This typeof datastructureis verymuchsimilar to thestruc-
ture of digital circuit. Therefore,the genotype-phenotype
mappingbecomesaneasytask[5].

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

Eachcell of the matrix is consideredto be an individ-
ual. The collection of all individuals of the matrix repre-
sentsa solution. Eachcell of the circuit matrix is encoded
in atriplet of inputsandgatetype,asillustratedin Figure4.
Thefirst two numbersarefor theinputs(input1,input2)and
the third indicatesthe gatetype. A gateat position ��� z ��� ,
where� is thecolumnnumberand � is therow number, can



only be connectedto the oneat �����$� x � z �y��� and �y� canbe
any row of thepreviouscolumn.

Input 1 Input 2 Gate type 

 

Figure4: Representationof anindividual in matrix.

Table 1 lists different types of gatesand their functions,
alongwith their codefor thegeneencoding.

Code Type Function(� )
0 WIRE �
1 NOT ���
2 OR �����
3 AND �����
4 XOR �� ��
5 NOR ���¡���]���
6 NAND �¢�£���j���
7 XNOR ���¡ ��]���
Table1: Gatetypesused.

3.3 Proposed Goodness Measures

Onemajorrequirementof SimEis evaluatingthegoodness
of eachindividual � of thepopulation� . Therearetwo types
of costmeasuresor goodnessmeasuresassociatedwith this
problem.Thesetwo typesare:¤ functional cost measure wherethecorrectnessof the

obtainedlogic circuit in matchingthe truth table of
therequiredfunctionis considered.¤ optimization cost measure where the extent of the
optimality of the logic circuit synthesizedis taken
into consideration.Suchmeasuresof optimality are
power, delayandarea.

Also, therearetwo typesof functional cost measures and
theseare:¤ intrinsic functional cost measure denotedby �"¥¤ extrinsic functional cost measure denotedby ¦ ¥
Theintrinsic functional cost measure is relatedto thegood-
nessof cell � in matchingthe objective truth table. While,
the extrinsic functional cost measure is relatedto the ef-
fectcomingfrom othercellshaving cell � asinput for them.
Both Selection Function and Allocation Function will use
thesecost measures in orderto guidethesearchto reachto
anoptimalcircuit. Theselectionfunctionconsiderstheex-
trinsic functionalcostmeasure.Ontheotherhand,theallo-
cationfunctionconsidersthe intrinsic functionalcostmea-
surein evaluatingthemutatedcellsafterallocationin order
to accepta certainmove.

The formulation of the goodness measure hasa great
impacton the performanceof the SimE algorithmandthe
qualityof thesolutionobtained.In thispaper, two proposed
functional goodness measures arediscussedin detail. The
first goodness measure is called Minterm Based Good-
ness while thesecondoneis calledMultilevel Logic Based
Goodness. Theseareexplainedbelow.

The Minterm Based Goodness Measure relies on the
truthtableof therequiredfunctionto beimplemented.Each
cell � in thesolutionmatrix is evaluatedbasedon thenum-
berof correctoutputsbeinggeneratedof therequiredtruth
table.Thefollowing is a formulationof theMinterm Based
Goodness Measure: �"¥ w�§ ¥ ¨ 
 ¥
where§ ¥ is anestimateof optimalcost(all mintermsgener-
ated),
 ¥ is theactualcostof cell � . By letting, © ¥ = number
of matchingmintermsof the �Kª�« cell and u = numberof
inputsof the requiredcircuit, thenthe Intrinsic Functional
Minterm BasedGoodnessMeasureis� ¥ w¬© ¥®­ {"¯
TheExtrinsicFunctionalMinterm BasedGoodnessis com-
putedusingtheprocedureshown in Figure5.

/* 0�° : Intrinsic FunctionalGoodnessof cell F */
/* 0T± : Intrinsic FunctionalGoodnessof theinput cell of cell F */
/* ² ° : ExtrinsicFunctionalGoodnessof cell F */
/* ² ± : ExtrinsicFunctionalGoodnessof theinput cell of cell F */
/* > numberof inputs, >e³ numberof cellsin thematrix */

For F = > ³ downto 1 Do /* scanall cellsfrom lastto first */
For All ´ s cellsin thepreviouscolumnsof F Do

If 0�°Iµ¶0 ± or ²·°Iµ¶0 ± Then

If 0l±)¸O0 ° Then ²X±·3¹H�0 ° N 0l±jS®º2»
Else If 0T±&¸Y² ° Then ²X±·3�H�² ° N 0l±jS®º2»
Else If gatetypeof F is inverterThen0l±�3¼0 ° and ²X±·34² °
EndIf

EndIf
EndFor

EndFor

Figure5: Extrinsicgoodnessmeasurecalculation.

This goodnessmeasurehasbeenusedto implementa ver-
sionof theSimEalgorithmdenotedby SimE-G1.

TheMultilevel Logic Based Goodness Measure is based
on the assumptionthat the higher the level of a gatein a
multilevel logic circuit, the moremintermsarecoveredat
the outputof that gate. Therefore,the goodness of a gate
is affectedby thenumberof mintermscoveredat its output
andthe level wherethegateis located.Figure6 illustrates
thisassumption.Sincethenumberof inputsof thecircuit is



4, thereare16patternsthatshouldbegeneratedattheoutput
correctly. Initially, thesepatternsaredistributedamongthe
levels of the circuit evenly and progressively. Also, it is
assumedthat the initial numberof levels is 4 sincethere
are4 columnsin thesearchmatrix. Therefore,a logic gate
locatedat the secondlevel shouldcover 8 patternswhile a
logic gatelocatedat thefirst level shouldcover4 patterns.

In general,for u inputs(
{ ¯

patterns)circuit, to have a
goodnessof 1 at a cell in level � , thereshouldbe ½�� { ¯ ­ u �®�¿¾
correctpatternsproducedat this cell. Thus,the multilevel
logic goodness measure is formulatedasfollows:� ¥ w ©½ { ¯ ­ uW¾l�
where � ¥ is the goodness of cell � , � is the level numberor
columnnumber, u is the numberof inputsof the required
circuit and © is thenumberof matchingpatternsat theout-
put of cell � comparedto theintendedtruth table.
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Figure6: Multilevel logic goodnessassumption.

Severalscenariosresultfrom this assumption,andthese
are:¤ if a cell � at level � producesmorethan ��� { ¯ ­ u ����� ;¤ if none of the cells locatedat level � can produce�Ð� { ¯ ­ u ����� nor any cell at level u canproduce

{ ¯
pat-

terns;and¤ intrinsic andextrinsic complications.
First, if a cell � at level � producesmorethan ��� { ¯ ­ u �¢��� ,

then ©f¥�ÑÒ�Ð� { ¯ ­ u �����&ÓÔ�"¥�Ñ x
. Thenumberof levelsthat

the SimE algorithmis searchingshouldbe decreasedby a
factor relative to the numberof patternsproducedby the
cell � . The numberof levels is now Õ)wÖ½�� { ¯ ­ ©�¥¢�K¾ . Also,
thenumberof patternsthatshouldbecoveredat eachlevel
will bechangedaccordingly. A cell � at level � shouldcover© ¥ � x

patterns.At ��� x
level, thereshouldbe

�G© ¥ � { �I� × { ¯ �¹�G©�¥e� x �Õ Ø
patternscovered.Then,themaximumnumberof patternsat
level �XÑÙ� is

�G© ¥ � { �I� × { ¯ �Ú��© ¥ � x �Õ Ø ���Û�Ü���
Eventually, our goodnessmeasurealsoshouldbe changed
accordinglyto become � ¥ w�© ­ �
where� is thenew maximumnumberof patternsthatgate� shouldgenerateat level � .

The secondcaseindicatesthat the numberof levels is
lessthanwhat it shouldbe. Therefore,the numberof lev-
els hasto be increased.Also, the rangesof the maximum
numberof patternswill changeif the numberof levels in-
creases.Theincreasein numberof levelsis donegradually,
i.e., oneby one. If Õ is thenumberof levels,thenthenum-
berof patterncoveragefor eachlevel is Ý { ¯ ­ ÕgÞ . Therefore,
the goodness measurefor cell � locatedat level � will be
changedto: � ¥ w ©Ý { ¯ ­ ÕgÞT� if �_ß�Õ

� ¥ w ©{ ¯ if �\w�Õ
The third complicationis similar to the onein the first

goodnessmeasure. A cell � with low goodnessmeasure
might feed cell � that hashigh goodness.Therefore,cell� will have high probability of beingselectedandmutated
which might disturbthe goodnessof cell � . Therefore,the
sameapproachasin the previousonein computingthe in-
trinsic andextrinsic goodnessesis considered.In this case
the intrinsic goodness measure is computedby using the
multilevel logic basedgoodnessmeasureequationsfor � ¥ .

This goodnessmeasurehasbeenusedto implementa
versionof theSimEalgorithmdenotedby SimE-G2.

In orderto optimizethe circuit for othermeasuressuch
aspower, delayandarea,a working circuit hasto be first
obtained.This meansthatthe functional goodness measure
shouldbeequalto 1. Also, a global optimization goodness
cost function is proposed.After allocation,the solutionis
evaluatedandif thereis an improvementin the globalcost
function, the solution is madeas permanent. The global
optimization goodness cost function is denotedby ¦¡à and
is computedusingtheprocedurein Figure7. Thegoodness
of thesolutionconsideringthe �yª�« objective is computedas
follows:



Circuit
Coello[4] SimE-G1 SimE-G2

Area Delay Power Area Delay Power Area Delay Power
circuit1 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
circuit5 27945.00 8.76 7.89 13412.44 6.67 6.29 11723.95 5.61 5.14
majority 21141.00 7.53 6.07 14029.51 4.88 4.41 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: Comparisonwith Coello[4] techniquein termsof area,delayandpower.

/* 0�° : Intrinsic FunctionalGoodnessof cell F */
/* ² 5 : GlobalOptimizationGoodnessof U */
/* U : thecurrentpopulation(solution)*/
/* á : numberof objectivesfor optimization*/
/* 0T± : thegoodnessof thesolutionconsideringthe ´�âgã objective */
/* ä ° : a weightfor functionalcost*/
/* ä ± : a weightfor optimizationcost*/

If 0 ° ¸4J Then² 5 3åä ° 0 ° [0, ä ° ]
ElseIf 02°W3ÚJ Then² 5 3åä ° 0 ° N¼ævç±�èWé ä ±T0T± [ ä ° , 1]
EndIf

Figure7: Globaloptimizationgoodness.

��êrw xx �ìë
and ë¡w íí �&îTïí is thecurrentcostof theobjective function(power, area
anddelay)and í �&îTï is themaximumacceptablevaluefor
thegivenconstraint.

Linearaggregationfunctionis usedfor theevaluationof
all objectivesof the solution. It mapsall objectivesinto a
singlemetricthat indicateshow goodthesolutionis. SimE
workson two solutions,thecurrentsolutionandthecandi-
date(mutant)solutionat eachiteration. Therefore,neither
is betterthantheotheron all objectives.SinceSimEworks
on two solutionsduring iteration,Paretorankingis not ap-
plicabledueto thelackof therankingset.A linearaggrega-
tion function will be an efficient andfastchoicecompared
to Paretoranking.

4 Results and Comparison

Several circuits of different degreesof complexity have
beenusedto testtheproposedapproach.Thetwo proposed
algorithm,SimE-G1andSimE-G2arecomparedto Genetic
Algorithm (GA) approachsimilar to thatreportedin [3, 4].
Table2 showsthequalityof solutionsin termsof area,delay
andpower for GA, SimE-G1andSimE-G2.In Table2, cir-
cuit1 to circuit5 arerandomlygeneratedcircuits while the
last threecircuits areselectedfrom ISCAS’85 benchmark.
Table3 shows theaverageexecutiontime for thegiventest
cases.It is obvious that Coello’s approachis slower com-
paredto SimE-G1andSimE-G2in time.

Circuit Coello[4](s) SimE-G1(s) SimE-G2(s)
circuit1 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
circuit5 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: Comparisonwith Coello’s [4] techniquein terms
of executiontime.

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

SincetheGeneticAlgorithm (GA) reportedin [3, 4] con-
sidersonly functional fitnessand numberof gatesas cost
function, modificationin cost function hasto be madein
orderto includepower, delayandareaoptimizationin the
cost function insteadof numberof gatesused. The popu-
lation sizeusedin all circuits for GA is 1000. Two-point
crossover is usedasin [3, 4] with crossover rate0.95. The
mutationrateis initialized to 0.01.

Eachexperimentis run 50 times and the averagecost
function (fitness)for GA and averagegoodnessfor SimE
for the50 runsis reported.Also, thebestsolutionobtained
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Figure8: Averageglobalcostfunctionfor Example1.

Algorithm ResultingFunction GateTypes
GA � w ��� O  QP��I  OSR � ���¿
¬��� O   R ����� 1 AND, 2 ORs,3 XORs,1 NOT

SimE-G1 � w O ��Pv� O �Ð�TP R ���@��
�� R � 4 ANDs, 2 ORs,3 NOTs
SimE-G2 � w O ��Pv� O �Ð�TP R ���@��
�� R � 3 ANDs, 2 ORs,2 NOTs,1 NAND

Table4: Resultsproducedby GA, SimE-G1andSimE-G2for Example1.

in the50runsis reportedfor comparisonin power, delayand
area.Thelibrary usedfor theevaluationof power, delayand
areais theMOSIS0.25U CMOScell library.

Example 1

The first examplehas4 inputsandoneoutputwhere � is
1000111111100101(circuit 2). It is noticedthat SimE-G1
and SimE-G2 outperformedGA since more cells are as-
signedto highergoodnesslocations.As a result,theglobal
averagegoodnessincreasedresultingin converginginto bet-
tersolutionsin lessernumberof iterationscomparedto GA.
The resultsfor global cost function is shown on Figure8.
Also, Table4 showsthebestresultingcircuit outcomefrom
runningSimE-G1,SimE-G2andGA.

Example 2

Thesecondexampleis a 9 inputsoddparity circuit (xor9).
SimE-G1andSimE-G2producedresultsin almost300sec-
ondswhile GA could not generatea working circuit in the
first 500 seconds. The resultsfor global cost function is
shown on Figure9.

5 Discussion and Conclusions

All circuits experimentedwith showed that SimE-G1and
SimE-G2 have better convergencethan 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 crossoversand
mutationsthat GA will performin every iteration is large
which will require more CPU time. On the other hand,
SimE requireslessCPU time becauseit usesthe goodness
measure to guide the algorithm throughthe searchspace.
Goodness measure is usedduringselectionandallocation,
therefore,SimE algorithmwill assignmorecells to better
goodnesslocationsin every iteration.Themoreknowledge
abouttheproblemincorporatedinto thegoodness measure,
the betterthe performanceof SimE algorithm in termsof
CPU time andquality of solution. On the otherhand,GA
evaluatesthesolutionaftercrossover andmutation.There-
fore,crossoverandmutationis doneblindly andmostof the
time thesolutionspaceis exploredrandomly.

Wehaveintroducedatechniqueto designcombinational
logic circuit usingSimulatedEvolution Algorithm (SimE).
Also, two goodnessmeasureshavebeenproposed.Thepro-
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Figure9: Averageglobalcostfunctionfor Example2.

posedalgorithmSimE-G1andSimE-G2arecomparedwith
GA. Both SimE-G1andSimE-G2showed betterresultsin
all thecases.
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