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Abstract- Evolutionary computation presents a new
paradigm shift in hardware designand synthesis. Ac-
cording to this paradigm, hardwaredesignis pursuedby
deriving inspiration fr om biological organisms.The new
paradigm is expectedto radically changethe synthesis
proceduresin a way that can help discovering novel de-
signsand/or moreefficient circuits. In this paper, a mul-
tiobjectiveoptimization of logic circuits basedon a mod-
ified Ant Colony (ACO) algorithm is presented.The per-
formanceof the proposedalgorithm is evaluatedusinga
setof randomly generatedcircuits. The resultsobtained
using the proposedalgorithm arecomparedto thoseob-
tained usingexistingACO-basedtechniques.It is shown
that the designedcircuits using the proposedalgorithm
outperform thoseof the existing techniques.

1 Intr oduction

Conventional logic designtechniquestend to dependon
domain-specificknowledge, which is somewhat limited
bothby the trainingandexperienceof thedesigner. While
iterativeheuristics,with little domainknowledge,allow the
searchfor solutionsin a muchlarger, andoften richer, de-
sign spacebeyond the realmsof conventionaldesigntech-
niques.

The Ant Colony Optimization (ACO) algorithm is a
new meta-heuristicthat combinesdistributedcomputation,
auto-catalysis(positive feedback)andconstructive greedy
heuristicin finding optimalsolutionsfor combinatorialop-
timizationproblems[1]. UnlikeGeneticAlgorithms(GAs),
which are blind, ACO involvescooperatingagents(ants).
In ACO,interactionbetweencomponentsof adesignedsys-
temcanbeeasilyanalyzed.Somedaemonactionsor other
heuristicscanalsobeeasilyincorporatedto furtherimprove
the quality of solutions. In this context, it is possibleto
usesomerulesfrom thelogic synthesisdomainto guidethe
searchprocessto obtainnot only betterquality results,but
alsofasterones.

In theearly1990’s,HugodeGarrissuggestedtheestab-
lishmentof a new field of researchcalledEvolvableHard-
ware(EHW) [2]. The first work in evolutionarydesignof
digital circuits, DesignerGeneticAlgorithms (DGA), was
proposedbyLouis[3]. Later, thework of Thompson[4] that
produceda tone discriminatorcircuit without input clock
showedtheemergenceof a new wayof designingcircuits.

In a recentdevelopment[5, 6], muchattentionis given
to theevolutionarydesignof arithmeticcircuitsasthey pro-
vide the essentialbuilding blocks neededfor larger DSP
applications. Sucheffort hasresultedin the development
of arithmeticcircuits that rangefrom a simple sequential
adderto the more complex 3-bit multiplier. The work of
Fogarty[7] andMiller [5, 8] claimedto build somearith-
meticcircuitsthatcannotbeproducedby humandesigner’s
conventionalmethods.Coelloet al. [9] proposeda similar
approachto evolve a circuit, which they claimedwasbet-
ter thanthat of Miller’ s. Several otheralgorithmssuchas
CartesianGeneticProgramming,Ant Colony Optimization,
andParticle Swarm Optimizationhave alsobeenusedfor
evolutionary logic design[6, 10, 11]. A completereview
andtaxonomyof thefield couldbefoundin [12, 13, 14].

Althoughmostof theexistingtechniquesin evolutionary
designwereable to arrive at solutionsthat aredifficult to
obtainusingconventionalmethods,thereexist many open
problemsthatwerestill not addressed.A numberof these
problemsaredescribedbelow.

Cir cuit representations: Most of the publishedwork in
evolutionary logic designuseda two-dimensionalmatrix
of ����� to representa circuit. The positionof circuit’s
outputswill mostlikely be placedat cell(0,���
	 ). How-
ever, it may happenthat the bestsolutioncanbe found at
cell(�
��� ), ��������� , ��������� . But someredundant
gatesexisting betweenthis cell and the output cell may
degradethe quality of the solution. The problembecomes
complicatedeven further when the number of circuit’s
output is more thanone. Figure 1 illustratesthe problem
arisesfrom circuit representation.

Functional fitnesscalculation: Thevalueof functionalfit-
nessdependson the numberof correctmatchingsbetween
the output’s patternof the obtainedsolution and the truth
tableof theintendedcircuit. Thehigherthenumberof hits
achieved,thehigherthevalueof thefunctionalfitness.This
argumentis not alwaystruein logic design.A solutionthat
has low functional fitnesscan be invertedto have a high
functionalfitness(seeFigure2).

Objectivesof the optimization: Most of theexisting tech-
niquesusegatecount as their objective for optimization.
With the increasingneedfor high performanceand low
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Figure1: Problemsthatmayappearin matrix representation.
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Figure2: An evolvedtwo-bit oddparity circuit. (a) Fitnessof F1 = 0 (b) Adding an inverter, fitnessof F1 = 1 (c) Toggle
thetypeof gate(XNOR O XOR), fitnessof F1 = 1.

power circuits,theobjectiveof only minimizing gatecount
is not anymoreacceptable.

This paperis organizedas follows: first, problemand
cost function formulation are presented.Then, the mod-
ified ACO for logic designis discussed.Finally, perfor-
manceevaluationandcomparisonwith existing techniques
aregiven.

2 Problemand CostFunction Formulation

Evolutionary computationviews the problemof logic de-
signasa searchtask.Themethodologyexploresa solution
spacelargerthanthatof thedesiredfunction,but gradually
pulls thespecificationof thecircuit towardsthetargettruth
table.However, thedesignspaceof digital circuits is huge.
Thereare PRQ ( SUT!VW ) possiblesolutionsthatsatisfy PXQY�Z	 out
of P Q truthtable’spatternfor an � inputssingleoutputfunc-
tion. In additionto that, the numberof possiblestructures
representingeachof thesesolutionsis many. Thesediffer-
ent structuresrepresentdifferent designobjectives and/or
constraints.Exploring the whole searchspaceis impracti-
cal. Therefore,the searchspacesampledby the algorithm
musthave its sizelimited.

In this paper, we usethestructureproposedin [3]. Each
cell of the �
�[� matrix containsthe information of the
gatetypeandits correspondinginputs.However, unlike the
fixedinterconnectionrulesusedin [3], we allow theoutput
of eachcell in column � to beconnectedto any of thecells
in column �]\^	`_a�cbd�e�f�]\^	g�d�ih . Thus,it is possible

thatcell _j�
�
kehl�m�n���o�p�m�m�n�
kZ�p� , is not connectedto
any of thecellsin column kU\q	 .

It is known thateachtypeof gatehasdifferentcharacter-
isticsfor differenttechnology. Thesecharacteristicsinclude
area,basedelayandcapacitanceinput (output)of thegate.
Althoughwecanbuild any logiccircuit usingAND, ORand
NOT gates,weneedto havearich (but limited) gatelibrary
to beableto obtaindifferentstructuresof thecircuits. The
bestcircuit canthenbechosenbasedon themultiobjective
criteria applied in the algorithm. Therefore,ten typesof
gatesareconsidered.Table1 shows thesegates.

GateID Inputs Gate Output
0 res�t WIRE1 r
1 res�t WIRE2 t
2 res�t NOT1 r
3 res�t NOT2 t
4 res�t AND rvult
5 res�t OR rxwit
6 res�t XOR rxyit
7 res�t NAND rvult
8 res�t NOR rxwit
9 res�t XNOR rxyit

Table1: Gatetypes,GateID, andits correspondingBoolean
function.

2.1 FitnessCalculation

The fitnessof a solution consistsof two parts: functional
fitnessandobjectivefitness.Theseareexplainedbelow.



Functional Fitness: The functionalfitnessdealswith the
functionalityof thesolution,i.e.,how goodthesolutionis in
satisfyingthe truth tableof the intendedBooleanfunction.
Several functionalfitnessformulationsare reportedin the
literature[13]. The commonlyusedoneis the ratio of the
numberof correcthits to thelengthof thetruthtable.If z]z
denotesthefunctionalfitness,thentheformulationbelow is
applied.

z]z|{ }i~ �i�l���o�R���e���;�� �������;���R���;�����1� ~ �;���N���l��� (1)

Thesolutionhasto be ‘inverted’ if thevalueof z]z is less
than 0.5. Therefore,the formulation of normalized z]z
( z]z Q ) below is applied.

z]z Q {
�d��� � z]zo�7	x��z]z�� (2)

Objective Fitness: Theobjective fitness( �Uz ) is themea-
sureof thequality of solutionin termsof optimizationob-
jectivessuchasarea,delay, gatecountandpowerconsump-
tion. Formulationof cost functionsusedto estimatethese
valuesis givenasfollows.

If � is thesetof possiblegatetypesand �X�m�Z� , thecost
for gatecountis formalizedasfollows:

SU�R�7�1�l�l���  1¡-¢ Q �£{ ¤�j¥X¦¨§ ��©ªf«g¬!­¯®±° � � (3)

Thecostfor areaof VLSI circuitsis statedasfollows.

SU�R�7�;�l²
�N�]{ ¤��¥X¦m§ �1©ªf«�¬
­¯®f°�³ _j� � h (4)

Where³ _j�X�Dh is theareaof gate�¯_j�Nh .
Thepropagationdelayof signalsin VLSI circuit consists

of two elements,switchingdelayof gatesandinterconnect
delay. If a path ´ consistsof � gates

�7µ W � µ T �7¶a¶·¶a� µ Q � , then,
thedelay ¸�¹ alonǵ is expressedby thefollowingequation:

¸¯¹�{ Q»º W¤ � ª W _DSU¼ � \q_-_ � z � \[½ � h��iS � h-h
Where SU¼ � is the switchingdelayof the cell driving gateµ � . � zf� is the load factorof the driving block, ½¾� is the
interconnectresistanceof net

µ � , and S�� is the loadcapac-
itanceof cell � givenby Equation5. Sincethevalueof ½¾�
is constant,it canbe neglected. The overall circuit delay
is determinedby thedelayalongthelongestpath(themost
critical path).

The total capacitanceS � of gate � consistsof the inter-
connectcapacitanceat theoutputnodeof gate� andthesum
of thecapacitancesof theinputnodesof thegatesdrivenby
gate� . S��f{¿S ²� \ ¤À ¥ÂÁvÃ S �À (5)

Where S �À is the capacitanceof the input nodeof a gate �
drivenby gate� and S ²� representstheinterconnectcapaci-
tanceat theoutputnodeof cell � .

The total power consumptioncan be approximatedby
thefollowing equation[15].

Ä �mÅ ¤�j¥ÂÁ 	PÇÆ S � Æ7È TÉÊÉ Æ � ÆJË � ÆÍÌ (6)

Where
Ä � is thetotalpowerconsumption,È É¨É is thesupply

voltage,Ë � is theswitchingprobabilityat theoutputnodeof
cell � , i.e., theaveragenumberof transitionsperclockcycle
at the outputof gate � , � is the clock frequency and Ì is a
technologydependentconstant.

Thecostof theoverall power consumptionin VLSI cir-
cuitscanthenbeestimatedasfollows.

SU�R�7�DÎ ¡;ÏÐ�N² { ¤��¥ÂÁ Ë � Æ S�� (7)

In orderto indicatewhetheragivensolutionis satisfying
a certainconstraint,objective fitnessis formulatedas fol-
lows. Notethattheconstraintvaluesstatestheupperbound
for a specificobjective.

�]�N��{ SU�R�Ñ�SU�R�7�Ð\ÒSU�J�Ó�7�1�'�Â���¯� (8)

With this formulation,thesolutionthatsatisfiesthearea
constraintwill have �]�N� �l²
�N� greaterthan0.5. Any solution
thathas �]�N� �l²
�N� lessthan0.5 will not be considered.The
objectivefitnessis thencalculatedasfollows.

�UzÔ{�Õ¿Ö ¥ ¡!× À¯Ø Ö¾Æ �]�;� ÖÕ Ö ¥ ¡-× ÀÐØ Ö (9)

The weights for each elementsof �Uz decide the
emphasisof theoptimizationprocess.It is alsopossibleto
considermorethanoneobjective.

Overall Fitness Calculation: The formulation of overall
fitnessfunction is shown in Equation10. Ù�Ú is theweight
for functional fitness. The value of ÙcÚ determinesthe
trade-off in thesearchingprocess,whetherto havesolutions
betterin termsof z]z (or �Uz ). Sincethegoal is to obtain
working circuits, the value of Ù�Ú must be large enough.
However, it shouldnot be too large in order to accommo-
datethe �Uz part. Initial experimentsshowed that the set-
ting of Ù�Ú = 0.5is appropriatefor smallcircuits(up to four
variables).However, thesevaluescannotbeusedfor bigger
circuit.

� µ zÔ{
Ù Ú Æ z]zq\
_N	x�ÛÙ Ú h Æ �Uz (10)
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Figure3: Someof thepossiblepathsin thefunction � .

3 ProposedApproach

Considerthe Booleanfunction � { ��� � \ � �!�Ç\|�"� � .
Figure 3 shows a graphof somepossiblepathsconnect-
ing literal � to the intendedfunction � . Assumethat the
antsstart the tour from literal � . The ant will traversethe
pathsby selectingthebranchesthrougha probabilisticpro-
cess. Assumethat the goal is to find the shortestpath to
representfunction � . Therefore,theantsthatfoundthepath�^O _j�i\#��hnO _j�i\$�ehÑ_j���&%'�»h would return the best
representationfor function � .

The numberof pathsin Figure 3 is more than eleven.
Traversingall possiblepathsis however, impractical. We
needto modify the ACO algorithm to handle this huge
searchspace.
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Figure4: Nestcell andmatrix � for antto betraversed.

A circuit is modelledasa matrix � of size � �Ç� . The
contentof matrix � is dynamicallyfilled. At first, matrix� is filled with randomlygeneratedcells. Then,eachant
will traversethematrix. Theseantsoriginatefrom adummy
cell callednest(seeFigure4), andtraverseeachstate(acell
in a column)until it reachesthe last columnor a cell that
hasno successor.

After the antsfinish traversingthe matrix, all cells are
checked to seewhetherto be kept or not. Eachcell can
assumetwo differentstatus,namely:‘l’ (locked)or ‘r’ (re-
moved). Thecells thatareincludedin thebestpath(s)will
assumethestatusof ‘l’ (locked).And thecellsthatarefeed-

ing lockedcellswill be lockedaswell. All othercellswill
assumethestatus‘r’ (removed). Thecells thatassumesta-
tus ‘r’ will be removedat the endof eachiteration. These
emptycellswill be thenfilled up againat thebeginningof
the next iteration. Figure 5 shows the pseudocodeof the
proposedalgorithm.

Modified ACO algorithm
For MAXITER numberof iterationdo

Fill thematrix
ACOalgorithm

Ant activity
Pheromoneupdate

Removeunfit cells
End For
Returnthebestpath

endAlgorithm

Figure5: ModifiedAnt Colony Algorithm.

3.1 PheromoneTrail Calculation and Update

The selectionof which edgeto traverseis determinedby
a stochasticprocess,e.g. RouletteWheel. Therefore,the
probabilityof choosingeachedgemustbecalculatedin ad-
vance. This probability dependson the pheromonevalue
( ¨ ) andtheheuristicvalue( © ) of thecorrespondingedge(or
thenext cell), or canbeformulatedbelow.

ª Ö� À _j�;hÊ{ « ¨ � À _��;h	¬¡­ Æ « © � À ¬3®Õ°¯ ¥²±´³Ã « ¨ � ¯ _j�;h	¬ ­ Æ « © � ¯ ¬ ® (11)

The valueof µ and Ì imply the preferenceof the search,
whetherit dependsmore on the pheromonevalue or the
heuristicvalue. Every newly createdcell will be given an
initial andsmall amountof pheromonevalue. This value
will beupdatedevery iterationby theant.



Theheuristicvalue( © ) dependson thedistanceof z]z Q
valuesbetweencells. The distance¶ betweencells is for-
mulatedasfollows.

¶�{pz]z Q _���\q	�h±� z]z Q _��Nh (12)

©n{·¶U\[��¶ ¸ (13)

Theadditionof 0.5in thecalculationof © is meantto nor-
malizethevalueof © into [0,1]. A decreaseof thefunctional
fitnessmeansthat the valueof © is in the rangeof [0,0.5),
while an increaseof the functionalfitnessmakesthe value
of © in therangeof (0.5,1]

While traversingthematrix, every ant carriesthe infor-
mationof the pathstaken so far, e.g., the row index of all
cellsthatarevisited. If anantreachesacell thathasnosuc-
cessor, theoverallfitnessof thesolutionbuilt by theantwill
beevaluated.

Whenall antsfinish their tour, pheromoneupdateis per-
formed.Thepheromoneupdateconsistsof two procedures,
pheromoneadditionandpheromoneevaporation.However,
ashasbeenshown in [16], it is betterto limit the number
of antsthatcanput additionalpheromone.Thus,only cer-
tain numberof ‘the best’ antscantrack their path(s)back
andput someadditionalpheromoneon it. Thepheromone
additionis performedusingthefollowing equation:

¹ ¨�{'º Æ � µ zg_j�;h (14)

¨Ð_j�;h�{°¨Ð_��;hf\ ¹ ¨ (15)

where� µ zg_j�;h denotestheoverallfitnessof thesolutionthat
the antsbuilt,

¹ ¨ is the additionalpheromoneand º is a
constant.

Next, pheromoneevaporationwill take placeusing the
following formula.

¨�{|_;	 �¼»»h��½¨e� Ø ���;�'»�{Ô_��e�7	8¬ (16)

While traversingthe matrix, theantswill memorizethe
bestcell visitedalongthepath. Thepathsfrom nestto the
bestcell will be returned. The remainingpart of the path
will bediscardedby theant.

Whenthemaximumnumberof iterationsis reached,the
bestsolution is returned. In caseof multiple output cir-
cuits,multiple colony of antsareused.In this context, each
colony of antsis assignedto find a specificoutput of the
circuit. All colonieswill sharethe samematrix. The pos-
sibility of using the samesub-functionsis establishedby
sharingthepheromonevalueamongdifferentcolonies.

4 Experimental Setup

ThetechnologyparametersareobtainedusingCMOS0.25
micron library from MOSIS[17]. Theparametersusedfor
experimentsareasfollows:

1. µ = 1
2. Ì = 2
3. » = 0.1
4. Ù|� = [0.5,0.75]
5. Numberof ants= 10 * numberof inputs
6. Numberof generation= 10
7. Maximum iteration = 2000 (four input circuits) or

3000(five inputcircuits)
8. Numberof runs= 10-15
9. Sizeof the matrix = (2 * numberof inputs) � (2 *

numberof inputs)

It shouldbenotedthatwe avoid usinggatecountasthe
measureof objective for several reasons.Firstly, the term
‘gate’ or basicmodulefor theevolutionarylogic designde-
pendson thedefinitionof thegatelibrary that is used.One
mayuseNAND gates,or asetof AND, ORandXOR gates,
or MUXes,or acombinationof all these.Secondly, eachof
the aforementionedgateshasdifferentcharacteristics.We
can assumethat an XOR gateas an atomic gate. How-
ever, this may not be the casefor all target implementa-
tions. For example,in standardcell design,an XOR gate
requiresmoreareacomparedto anAND gate,andanAND
gaterequiresmoreareathananNAND gate.This is in con-
trastwith FPGA,in which all typesof gatecanfit into one
cell. Nevertheless,if thetargetimplementationis anFPGA,
calculatingthe areais proportionalto calculatingthe gate
count. In this context, theproposedalgorithmis moregen-
eralascomparedto theexisting techniques.However, since
mostof thepublishedwork in evolutionarylogic designuse
the gatecountasa measureof quality, we provide a com-
parisonof our resultsin termsof gatecountaswell.

5 PerformanceEvaluation and Comparison

Several circuits of differentcomplexity have beenusedto
testtheproposedalgorithm. For thesake of simplicity, the
truth tableof the circuits will be representedasa string of
zerosandones.Table2 shows thecircuitsusedfor perfor-
manceevaluation. Note that thesecircuits representsingle
outputBooleanfunctions.

Name Inputs TruthTable
Circuit1 4 0101110100100111
Circuit2 4 0010000011111110
Circuit3 4 0111101001110001
Circuit4 5 10001111001011110011010011110101
Circuit5 5 01000101010010100111010000001100
Circuit6 3 00010110
Circuit7 4 1101001110100100
Circuit8 4 1000111111100101

Table2: Circuits usedto test the performanceof the pro-
posedapproach.

Figure6 shows the behavior of the proposedalgorithm
for areaoptimizationof Circuit1 for thefirst 100iterations.
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Figure6: Functionalfitnessandsatisfactionof objectivesfor thefirst 100iterations.

In this figure, the area,delayandpower consumptionare
normalizedso that the behavior of the proposedapproach
canbeobservedeasily. As canbeseen,anincreasein func-
tional fitnessmostlyrequiresanincreasein someof theob-
jectives. But then,if thereis no increasein the functional
fitness,minimization of objectives is observed. The pro-
posedalgorithm is able to arrive at a functionally correct
circuit for the intendedtruth tableafter only 20 iterations.
Around iteration100,a significantincreasein thedelayof
the solutionis observed. However, sincethe emphasizeof
thecurrentcourseof actionis optimizationof area,thennew
solutionthathaslessareabut higherdelayis accepted.

DelayOptimized Power Optimized
Circuit Objectives Best Average Best Average

area 1.14 1.13 1.00 1.09
Circuit1 delay 0.81 0.99 1.00 1.04

power 1.07 1.10 1.00 1.06
area 1.27 1.20 0.92 1.00

Circuit2 delay 0.99 1.02 1.00 1.14
power 1.29 1.17 0.92 0.97
area 0.96 1.04 0.87 0.90

Circuit3 delay 1.00 0.92 0.87 0.94
power 0.94 1.00 0.87 0.91
area 1.44 1.04 1.18 1.09

Circuit4 delay 0.83 0.97 1.16 0.98
power 1.41 1.04 1.05 1.07
area 0.94 1.00 0.75 0.97

Circuit5 delay 1.05 0.94 1.54 1.09
power 0.94 0.97 0.78 0.96

Table3: Resultsfor thedelayandpoweroptimization,nor-
malizedwith respectto theresultsof areaoptimization.

Theresultsof delayoptimizedandpoweroptimizedcir-
cuitsaregivenin Table3. Notethatthesevaluesarenormal-
izedwith respectto theresultsobtainedfrom theareaopti-
mizedcircuits. Thenormalizedareafor eachcircuit in Ta-

ble3 shouldbelessthanor equalto one.As canbeseen,ex-
ceptfor Circuit5, the delayoptimizationschemeproduced
bettercircuits in termsof delay(normalizeddelay

9
1), at

theexpenseof largerareaand/orpowerconsumption.These
resultsshow theeffectivenessof theproposedalgorithm.

In orderto compareouralgorithmwith known published
work, somecircuits aretestedandcomparedto the results
reportedin [9, 10]. Someselectedcircuitsfrom Table2 with
the additionof 2-bit multiplier and2-bit adderwith carry
circuitsareusedfor comparison.An overall comparisonis
shown in Table4.

For multiple outputcircuits,multiple colony of antsare
used. In a 2-bit addercircuit for example,we needthree
colony of antsto find all the threeoutputsof the circuits.
Eachcolony will find the assignedcircuit’s output. The
sharingof pheromonevalue betweencoloniesmakes the
sharingof sub-functionspossible. However, this sharing
canindeedbiasthesearch,sincethesecondcolony of ants
‘smell’ thepheromonethatwasupdatedby thefirst colony
of ants,andthethird colony will ’smell’ thepheromonethat
will be updatedby the secondcolony, andso on. This is
the reasonwhy the valueof Ì of Equation11 is setequal
to 2 duringthecourseof theexperiment.With highervalue
of Ì , thesearchis moredependenton theheuristicvalue © ,
which emphasizesfinding the functionally correctcircuits.
Figure7 shows thefunctionalfitnessvalueof eachoutputs
of a2-bit addercircuit. Noticethattheantswill find outputs
of thecircuit oneby one.In analogywith theprocessof ants
finding thefood, thesimplestfunction(theclosest)will be
obtainedfirst andthemostcomplext function(thefurthest)
will mostlikely beobtainedthe last. In this context, for 2-
bit addercircuit, the first sumwill be obtainedfirst while
thecarryout will beobtainedthelast.



Circuit Algorithm ResultingFunction GateCount Area(micron)

MGA [9] :<;>=@?BADCFEHGJIKALE 4 9477

Circuit6 Ant System[10] :<;M?N=OIKALE�GP?6AQCOE�G 4 9477

ProposedApproach :<; ?6AQCOE�GR=OS ALE 4 7776

MGA [9] :<;M?T?VUWIXU<AYGJIZ?R?V=OCOADCOE�G[IF=\GRG^] 7* 17496

Circuit7 Ant System[10] :<;_?R?T?VUWCFE`G�IF=\G[CKAL]VGa?R?VE�=\GN]bIZ?6AL]VU_GRG 9 19197

ProposedApproach :>;c?T? AQCX=�G[Cd?VEdIF=\GRGJSd? U AeEHG 6 12393

MGA [9] :<;_?R?BfFIXg`G[IFfihjGJCZ?VkXCd?VfFIXhjGRG ] 6* 15552

Circuit8 Ant System[10] :<;_?R?NgZIlhjG[IZ?VfOClhjGRGJId?R?NgZCFk@GJCd?BfFIXhjGTG ] 7* 18468

ProposedApproach :<; ? ?BfFSXhjG,m�k ] Gnm�? f\hMS>?BfOSXgoGRG 7 14337

MGA [9]
:np\;>fig ; :rqs;>fih<IXgok

7 17253:,t\;>k@hMIOfigok@h ; :nu@;df\gok@h

mul2 Ant System[10]
:np\;>fig ; :rqs;>fih<IXgok

7 17253:,t\;>k@hMIOfigok@h ; :nu@;df\gok@h

ProposedApproach
:np\;>fig ; :rqs; fih<I gok

7 12636: t ; k@h_mvfig ; : u ; g`k>m fih
:np@;dfOSFgdSFk

add2 ProposedApproach :rqw; ?VfOSlgoG[ClkFSd?VhMSXxlSZ? fFCXgoGTG 11 24300

:,ti; h!x>m�?R? fXCFg`GJCd?Vh<SFxHGRGJCd? ?VfOSlgoG[Clk@G
* inverterat theoutput(s)is notconsidered

Table4: Comparisonwith existing techniquesin termsof gatecountandareaof thecircuits.

6 Conclusion

In this paper, we have presenteda modifiedant colony al-
gorithmfor evolutionarylogic design.Themodificationis
performedin orderto suit theprobleminstanceandto han-
dle someof the problemsthat arenot addressedby exist-
ing techniques.Performanceof theproposedapproachand
comparisonwith the existing techniquesareshown. In all
cases,theresultsobtainedusingtheproposedapproachout-
performedthoseobtainedusingexisting techniques.

Acknowledgment

We would like to acknowledgethe continuedsupportfor
our researchfrom King Fahd University of Petroleum&
Minerals. This work wassupportedunderprojectentitled
”IterativeHeuristicsfor theDesignof CombinationalLogic
Circuits”.

Bibliography

[1] M. Dorigo, M. Maniezzo,andA. Colorni. The Ant
Systems:An AutocatalyticOptimizing Process.Re-
vised91-016,Dept.of Electronica,Milan Polytechnic,
1991.

[2] Hugo de Garis. Evolvable Hardware: GeneticPro-
grammingof a Darwin Machine. Proceedingsof the
InternationalConferencein Innsbruck, Austria, pages
441–449,Springer-Verlag,1993.

[3] Sushil J. Louis. GeneticAlgorithmsas a Computa-
tional Tool for Design. PhD thesis,Departmentof
ComputerScience,IndianaUniversity, Aug 1993.

[4] Adrian Thompson. Silicon Evolution. Proceedings
of the First AnnualConferenceon GeneticProgram-
ming, pages444–452,MIT Press,1996.



y{z |

}{~ �

�{� �

�{� �

�{� �

�

�%� �

� ���{� ���{� ���{� ���{� ���{� ���{  ¡%¢{£

¤�¥�¦�§P¨�© ª�«v¬2­v®�¯ °²±v³%´�µs¶²·a¸
¹�º�»�¼P½�¾ ¿�ÀvÁ2ÂvÃ�Ä Å²ÆvÇ%È�ÉsÊ Ë%Ì
Í�Î�Ï�ÐPÑ�Ò Ó�ÔvÕ2Öv×�Ø Ù²ÚvÛ%Ü�ÝsÞ ß%à

Figure7: Functionalfitnessof 2-bit adder.

[5] J.F. Miller, D. Job,andVassilev V. K. Principlesin the
EvolutionaryDesignof Digital Circuits- PartI. Jour-
nal of GeneticProgrammingandEvolvableMachines,
1(1):8–35,2000.

[6] J.F. Miller andP. Thomson.A DevelopmentalMethod
for Growing GraphsandCircuits. Fifth International
Conferenceon EvolvableSystems:From Biology to
Hardware, 2606:93–104,Mar 2003.

[7] T. Fogarty, J. F. Miller, and P. Thomson. Evolving
Digital Logic Circuitson Xilinx 6000Family FPGAs.
The2ndOnlineConferenceon SoftComputingin En-
gineeringDesignandManufacturing, pages299–305,
Springer-Verlag,London,1998.

[8] J. F. Miller, T. Fogarty, andP Thomson. Designing
Electronic Circuits Using Evolutionary Algorithms.
Arithmetic Circuits: A CaseStudy. GeneticAlgo-
rithms and Evolution Strategy in Engineeringand
ComputerScience, John Wiley and Sons,Chichester,
pages105–131,1998.

[9] C. A. Coello andA. H. Aguirre,. EvolutionaryMul-
tiobjective Designof CombinationalLogic Circuits.
Proceedingsof the SecondNASA/DoDWorkshopon
EvolvableHardware, pages161–170,Jul 2000.

[10] C. A. Coello,A. D. Christiansen,andA. H. Aguirre.
Ant Colony Systemfor the Designof Combinational
Logic Circuits. EvolvableSystems:From Biology to
Hardware, Edinburgh, Scotland, pages21–30,April
SpringerVerlag,2000.

[11] C. A. CoelloandHernandezLunaandErikaandA.H.
Aguirre. Useof Particle Swarm Optimizationto De-

sign CombinationalLogic Circuits. EvolvableSys-
tems: From Biology to Hardware. 5th International
Conference, ICES2003, 2606:398–409,Mar 2003.

[12] R. S. Zebulum, M. A. Pacheco,andMarley Vellasco.
EvolvableSystemsin HardwareDesign: Taxonomy,
Survey and Applications. EvolvableSystem:From
Biology to Hardware. Proceedingof the First Inter-
nationalConference, ICES96 Tsukba,Japan,Lecture
Notesin ComputerScience, 1259:344–358,Oct.1997.

[13] R. S. Zebulum, M. A. Pacheco,andMaria Vellasco.
EvolutionaryElectronics: AutomaticDesignof Elec-
tronic Circuits and Systemsby GeneticAlgorithms.
CRCPress,2002.

[14] Xin Yao and TetsuyaHiguchi. Promisesand Chal-
lengesof EvolvableHardware. IEEE Trans.on Sys-
tems,Man,andCybernetics- Part C: Applicationsand
Reviews, 29(1):87–97,1999.

[15] SrinivasDevadasandSharadMalik. A Survey of Opti-
mizationTechniquesTargetingLow Power VLSI Cir-
cuits. 32nd ACM/IEEE DesignAutomationConfer-
ence, pages242–247,1995.

[16] T. StutzleandH. Hoos. Improvementsof theantsys-
tem: IntroducingMAX-MIN ant system. Proceed-
ing of theInternationalConferenceon Artificial Neu-
ral NetworksandGeneticAlgorithms, pages245–249,
1997.

[17] MOSIS Standard Cell Library for CMOS,
http://www.mosis.org/Technical/Designsupport/std-
cell-library-scmos.html.


