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Abstract- Evolutionary computation presentsa new
paradigm shift in hardware designand synthesis. Ac-
cording to this paradigm, hardware designis pursued by
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 more efficient circuits. In this paper, a mul-
tiobjective optimization of logic cir cuits basedon a mod-
ified Ant Colony (ACO) algorithm is presented.The per-
formanceof the proposedalgorithm is evaluated usinga
setof randomly generatedcircuits. The resultsobtained
usingthe proposedalgorithm are comparedto thoseob-
tained using existing ACO-basedtechniques.lt is shown
that the designedcir cuits using the proposedalgorithm
outperform thoseof the existing techniques.

1 Intr oduction

Corventional logic designtechniquestend to dependon
domain-specificknowledge, which is somevhat limited
both by the training and experienceof the designer While
iterative heuristicswith little domainknowledge,allow the
searchfor solutionsin a muchlarger, andoftenricher, de-
sign spacebeyond the realmsof conventionaldesigntech-
nigues.

The Ant Colory Optimization (ACO) algorithm is a
new meta-heuristichat combinesdistributed computation,
auto-catalysigpositive feedback)and constructve greedy
heuristicin finding optimal solutionsfor combinatorialop-
timizationproblemd1]. Unlike GeneticAlgorithms(GAs),
which are blind, ACO involves cooperatingagents(ants).
In ACO, interactionbetweercomponentsf adesignedys-
tem canbe easilyanalyzed.Somedaemoractionsor other
heuristicscanalsobeeasilyincorporatedo furtherimprove
the quality of solutions. In this contet, it is possibleto
usesomerulesfrom thelogic synthesisilomainto guidethe
searchprocesdo obtainnot only betterquality results,but
alsofasterones.

In theearly 1990's, Hugode Garrissuggestedhe estab-
lishmentof a new field of researctcalled Evolvable Hard-
ware (EHW) [2]. Thefirst work in evolutionary designof
digital circuits, DesignerGeneticAlgorithms (DGA), was
proposedy Louis[3]. Later, thework of Thompsori4] that
produceda tone discriminatorcircuit without input clock
shavedthe emegenceof a new way of designingeircuits.

In arecentdevelopment5, 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-
meticcircuitsthatcannotbe producedy humandesigners
corventionalmethods.Coelloet al. [9] proposeda similar
approacho evolve a circuit, which they claimedwasbet-
ter thanthat of Miller’s. Several otheralgorithmssuchas
CartesiarGeneticProgrammingAnt Colony Optimization,
and Particle Swarm Optimizationhave also beenusedfor
evolutionarylogic design[6, 10, 11]. A completereview
andtaxonomyof thefield couldbefoundin [12, 13, 14].

Althoughmostof theexistingtechniquesn evolutionary
designwere ableto arrive at solutionsthat are difficult to
obtainusing corventionalmethods thereexist mary open
problemsthatwerestill not addressedA numberof these
problemsaredescribedelow.

Circuit representations Most of the publishedwork in

evolutionary logic designuseda two-dimensionalmatrix

of n x m torepresent circuit. The positionof circuit's

outputswill mostlikely be placedat cell(Oyn — 1). How-

ever, it may happenthat the bestsolution can be found at

cellt, ), 0 < i < n,0 < j < m. 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

outputis morethanone. Figure 1 illustratesthe problem
arisesrom circuit representation.

Functional fitnesscalculation: Thevalueof functionalfit-
nessdependon the numberof correctmatchingsbetween
the output’s patternof the obtainedsolution and the truth
tableof theintendedcircuit. The higherthe numberof hits
achieved,thehigherthevalueof thefunctionalfitness.This
argumentis not alwaystruein logic design.A solutionthat
haslow functional fitnesscan be invertedto have a high
functionalfitness(seeFigure?2).

Objectivesof the optimization: Most of the existing tech-
niguesuse gate count as their objective for optimization.
With the increasingneedfor high performanceand low
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Figurel: Problemghatmayappeain matrix representation.
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Figure2: An evolvedtwo-bit odd parity circuit. (a) Fitnessof F1 = 0 (b) Adding aninverter, fitnessof F1 = 1 (c) Toggle

thetypeof gate(XNOR — XOR), fitnessof F1=1.

power circuits, the objective of only minimizing gatecount
is notarnymoreacceptable.

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

2 Problem and Cost Function Formulation

Evolutionary computationviews the problemof logic de-

signasa searchtask. The methodologyexploresa solution

spacdargerthanthatof the desiredfunction, but gradually
pulls the specificatiorof the circuit towardsthe targettruth

table. However, the designspaceof digital circuitsis huge.
Thereare2™ (C2") possiblesolutionsthatsatisfy2™ — 1 out

of 2™ truthtable’s patternfor ann inputssingleoutputfunc-

tion. In additionto that, the numberof possiblestructures
representingachof thesesolutionsis mary. Thesediffer-

ent structuresrepresendifferent designobjectives and/or
constraints.Exploring the whole searchspaceis impracti-

cal. Therefore the searchspacesampledby the algorithm
musthave its sizelimited.

In this paperwe usethe structureproposedn [3]. Each
cell of then x m matrix containsthe information of the
gatetypeandits correspondingnputs. However, unlike the
fixedinterconnectionulesusedin [3], we allow the output
of eachcell in columnj to be connectedo ary of thecells
in columnj + 1 (j > 0, j + 1 < m). Thus,it is possible

thatcell(i, k), 0 < i < n, 0 < k < m, is notconnectedo
ary of thecellsin columnk + 1.

It is known thateachtype of gatehasdifferentcharacter
isticsfor differenttechnology Thesecharacteristicinclude
area,basedelayandcapacitancénput (output)of the gate.
Althoughwe canbuild ary logic circuit usingAND, ORand
NOT gateswe needto have arich (but limited) gatelibrary
to be ableto obtaindifferentstructuref the circuits. The
bestcircuit canthenbe chosernbasedon the multiobjective
criteria appliedin the algorithm. Therefore,ten types of
gatesareconsideredTablel shavsthesegates.

GatelD | Inputs| Gate | Output
0 a,b | WIRE1 a
1 a,b | WIRE2 b
2 a,b NOT1 a
3 a,b NOT2 b
4 a,b AND a-b
5 a,b OR a+b
6 a,b XOR | a®b
7 a,b | NAND | a-b
8 a,b NOR | a+b
9 a,b | XNOR | a @b

Tablel: Gatetypes,GatelD, andits correspondingoolean
function.

2.1 FitnessCalculation

The fitnessof a solution consistsof two parts: functional
fithessandobjectie fitness.Theseareexplainedbelow.



Functional Fitness The functionalfithessdealswith the
functionalityof thesolution,i.e.,how goodthesolutionis in
satisfyingthe truth table of the intendedBooleanfunction.
Several functionalfitnessformulationsare reportedin the
literature[13]. The commonlyusedoneis theratio of the
numberof correcthitsto thelengthof thetruthtable.If F'F
denoteghefunctionalfitness thentheformulationbelow is
applied.

_ Number of hits
" Length of the truth table

(1)

The solutionhasto be ‘inverted’if the valueof F'F is less
than 0.5. Therefore,the formulation of normalized F'F’
(F'F,) below is applied.

FF, = Maz{FF,1 - FF} )

Objective Fitness The objectve fitness(OF) is the mea-
sureof the quality of solutionin termsof optimizationob-
jectivessuchasareadelay gatecountandpowerconsump-
tion. Formulationof costfunctionsusedto estimatethese
valuesis givenasfollows.

If G isthesetof possiblegatetypesandg; € G, thecost
for gatecountis formalizedasfollows:

Z 9i

i€G,iZWIRES

3)

COStgate_count =

Thecostfor areaof VLSI circuitsis statedasfollows.

> Alg) (4)

i€G,iZWIRES

Costorea =

WhereA(g;) is theareaof gateg(7).
Thepropagatiordelayof signalsin VLSI circuit consists
of two elementsswitchingdelayof gatesandinterconnect
delay If apathn consistsof n gates{v;, v, ..., v, }, then,
thedelayT’; alongr is expressedby thefollowing equation:

T, = Ti(CDz- + ((LF; + R;) x Cy))

i=1

WhereC D; is the switching delay of the cell driving gate
v;. LF; is the load factor of the driving block, R; is the
interconnectesistancef netwv;, andC; is the load capac-
itanceof cell s givenby Equation5. Sincethevalueof R;
is constant,it canbe neglected. The overall circuit delay
is determinedby the delayalongthelongestpath(the most
critical path).

Thetotal capacitance”; of gatei consistsof theinter-
connectapacitancattheoutputnodeof gate; andthesum
of the capacitancesf theinput nodesof thegatesdrivenby
gates.

Ci=Ci+ > 4 (5)

JEM;

Where(C? is the capacitancef the input nodeof a gatej
drivenby gatei andC] representsheinterconnectapaci-
tanceatthe outputnodeof cell 1.

The total power consumptioncan be approximatecby
thefollowing equation15].

Pi=Y 3 CoVEpfSiB )

iEM

WhereP; is thetotalpowerconsumptionypp isthesupply
voltage,S; is the switchingprobabilityatthe outputnodeof
cell4, i.e.,theaveragenumberof transitiongperclock cycle
atthe outputof gates, f is the clock frequeny andg is a
technologydependentonstant.

The costof the overall power consumptiorin VLSI cir-
cuitscanthenbe estimatedasfollows.

COStpower = Z S; - Cs
ieM
In orderto indicatewhetheragivensolutionis satisfying
a certainconstraint,objectie fitnessis formulatedas fol-
lows. Notethatthe constraintvaluesstateshe upperbound
for a specificobjectve.

(7)

Cost
Cost + Constraint

Obj = )
With this formulation,the solutionthat satisfiegshe area
constrainwill have Obj,,., greatethan0.5. Any solution
thathasObj,.., lessthan0.5will not be considered.The
objectivefitnessis thencalculatedasfollows.

_ Lkeob; Wk - Obji

OF
ZkEObj Wk

(9)

The weights for each elementsof OF decide the
emphasi®f the optimizationprocess.lt is alsopossibleto
considemorethanoneobjective.

Overall Fitness Calculation: The formulation of overall
fitnessfunctionis shavn in Equation10. W is the weight
for functional fitness. The value of W; determinesthe
trade-of in thesearchingprocesswhetherto have solutions
betterin termsof F'F' (or OF). Sincethe goalis to obtain
working circuits, the value of W, mustbe large enough.
However, it shouldnot be too large in orderto accommo-
datethe OF part. Initial experimentsshoved thatthe set-
ting of W, = 0.5is appropriatgor smallcircuits (up to four
variables) However, thesevaluescannotbe usedfor bigger
circuit.

OvF =W;-FF + (1-W;)-OF (10)
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Figure3: Someof the possiblepathsin thefunction f.

3 ProposedApproach

Considerthe Booleanfunction f = Tyz + zyz + zyZ.

Figure 3 shows a graph of somepossiblepathsconnect-
ing literal z to the intendedfunction f. Assumethat the
antsstartthe tour from literal z. The antwill traversethe
pathsby selectingthe brancheghrougha probabilisticpro-

cess. Assumethat the goal is to find the shortestpath to

representunction f. Thereforetheantsthatfoundthe path
z = (z+y) = (z+y)(zy ® z) would returnthe best
representatiofor function f.

The numberof pathsin Figure 3 is more than eleven.
Traversingall possiblepathsis however, impractical. We
needto modify the ACO algorithm to handlethis huge
searctspace.

S0,0) | SO | ... S(0,m-1)
sao | sa,n | S(1,m-1)
nest L
S(-1,0)[S(n-1,1)| ...... S(n-1,m-1)

Figure4: Nestcell andmatrix M for antto betraversed.

A circuitis modelledasa matrix M of sizen x m. The
contentof matrix M is dynamicallyfilled. At first, matrix
M is filled with randomlygeneratedells. Then,eachant
will traversethematrix. Theseantsoriginatefrom adummy
cell callednest(seeFigure4), andtraverseeachstate(acell
in a column)until it reacheghe lastcolumnor a cell that
hasno successor

After the antsfinish traversingthe matrix, all cells are
checled to seewhetherto be kept or not. Eachcell can
assumewo differentstatusnamely:‘I" (locked)or‘r' (re-
moved). The cellsthatareincludedin the bestpath(s)will
assumehestatusof ‘' (locked). And thecellsthatarefeed-

ing lockedcellswill belockedaswell. All othercellswill

assumehe statusr’ (removed). The cellsthatassumesta-
tus‘r’ will beremovedat the end of eachiteration. These
emptycellswill bethenfilled up againat the beginning of
the next iteration. Figure 5 shows the pseudocodef the
proposedlgorithm.

Modified ACO algorithm
For MAXITER numberof iterationdo
Fill the matrix
ACO algorithm
Ant activity
Pheromoneaipdate
Remore unfit cells
End For
Returnthebestpath
end Algorithm

Figure5: Modified Ant Colory Algorithm.

3.1 PheromoneTrail Calculation and Update

The selectionof which edgeto traverseis determinedby
a stochastigprocesse.g. RouletteWheel Therefore,the
probabilityof choosingeachedgemustbe calculatedn ad-
vance. This probability dependon the pheromonevalue
(7) andtheheuristicvalue(n) of thecorrespondingdge(or
thenext cell), or canbeformulatedbelow.

& _ [Tij (t)]a : [nij]B
bp;; (t) - ZZGN? [Til(t)]a ' [nil]ﬂ

The valueof a and g imply the preferenceof the search,
whetherit dependsmore on the pheromonevalue or the
heuristicvalue. Every newly createdcell will be givenan
initial and small amountof pheromonevalue. This value
will beupdatecevery iterationby theant.

(11



The heuristicvalue (n) depend®n the distanceof F'F,,
valuesbhetweencells. The distanced betweencellsis for-
mulatedasfollows.

d=FF,(i+1) — FF,(i) (12)

n=d+05 (13)

Theadditionof 0.5in thecalculationof  is meanto nor-
malizethevalueof 5 into [0,1]. A decreasef thefunctional
fithessmeansthatthe valueof 7 is in the rangeof [0,0.5),
while anincreaseof the functionalfitnessmakesthe value
of 5 in therangeof (0.5,1]

While traversingthe matrix, every ant carriesthe infor-
mation of the pathstaken sofar, e.g.,the row index of all
cellsthatarevisited. If anantreaches cell thathasno suc-
cessortheoverallfitnessof thesolutionbuilt by theantwill
beevaluated.

Whenall antsfinish theirtour, pheromoneupdatels per
formed. Thepheromonaipdateconsistf two procedures,
pheromonedditionandpheromonevaporation.However,
ashasbeenshownn in [16], it is betterto limit the number
of antsthat canput additionalpheromone.Thus,only cer
tain numberof ‘the best’ antscantrack their path(s)back
andput someadditionalpheromoneon it. The pheromone
additionis performedusingthefollowing equation:

AT =X-OvF(t) (14)
7(t) =7(t) + AT (15)
whereOvF (t) denotesheoverallfitnessof thesolutionthat
the antsbuilt, A7 is the additionalpheromoneand ) is a
constant.
Next, pheromonesvaporationwill take placeusingthe
following formula.

T=(1-p) x71, with p=(0,1] (16)

While traversingthe matrix, the antswill memorizethe
bestcell visited alongthe path. The pathsfrom nestto the
bestcell will be returned. The remainingpart of the path
will bediscardedy theant.

Whenthe maximumnumberof iterationsis reachedthe
bestsolutionis returned. In caseof multiple output cir-
cuits,multiple colory of antsareused.In this context, each
colory of antsis assignedo find a specificoutput of the
circuit. All colonieswill sharethe samematrix. The pos-
sibility of using the samesub-functionsis establishedyy
sharingthe pheromonevalueamongdifferentcolonies.

4 Experimental Setup

ThetechnologyparametersareobtainedusingCMOS0.25
micronlibrary from MOSIS[17]. The parametersisedfor
experimentsareasfollows:

1
2
0.

T ™R
1

1

. Wf=[0.5,0.75]

. Numberof ants= 10* numberof inputs

. Numberof generatiorr 10

. Maximum iteration = 2000 (four input circuits) or
3000(five input circuits)

. Numberof runs=10-15

9. Sizeof the matrix = (2 * numberof inputs) x (2 *

numberof inputs)
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It shouldbe notedthatwe avoid usinggatecountasthe
measureof objective for several reasons.Firstly, the term
‘gate’ or basicmodulefor the evolutionarylogic designde-
pendson the definition of the gatelibrary thatis used.One
mayuseNAND gatespr asetof AND, ORandXOR gates,
or MUXes, or acombinationof all these Secondlyeachof
the aforementionedjateshasdifferentcharacteristics We
can assumethat an XOR gate as an atomic gate. How-
ever, this may not be the casefor all target implementa-
tions. For example,in standardcell design,an XOR gate
requiresmoreareacomparedo an AND gate,andanAND
gaterequiresmoreareathananNAND gate.Thisis in con-
trastwith FPGA, in which all typesof gatecanfit into one
cell. Neverthelessif thetargetimplementatioris anFPGA,
calculatingthe areais proportionalto calculatingthe gate
count. In this context, the proposedalgorithmis moregen-
eralascomparedo theexisting techniquesHowever, since
mostof the publishedwork in evolutionarylogic designuse
the gatecountasa measureof quality, we provide a com-
parisonof ourresultsin termsof gatecountaswell.

5 Performance Evaluation and Comparison

Several circuits of differentcompleity have beenusedto
testthe proposedalgorithm. For the sale of simplicity, the
truth table of the circuits will be represente@sa string of
zerosandones. Table2 shaws the circuits usedfor perfor
manceevaluation. Note that thesecircuits represensingle
outputBooleanfunctions.

Name [ Tnputs Truth Table
Circuitl 4 0101110100100111
Circuit2 4 001I0000011111110
Circuit3 4 0111101001170001
Circuit4 5 10001111001011110011010011110I01
Circuits 5 010001071010010100111010000001100
Circuite 3 00010110
Circuit7 ] 1101001110100100
Circuit8 4 1000111111100101

Table 2: Circuits usedto testthe performanceof the pro-
posedapproach.

Figure 6 shows the behavior of the proposedalgorithm
for areaoptimizationof Circuitl for thefirst 100iterations.
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Figure6: Functionalfitnessandsatishctionof objectivesfor thefirst 100iterations.

In this figure, the area,delay and power consumptionare
normalizedso that the behavior of the proposedapproach
canbeobsenedeasily As canbeseenanincreasen func-

tional fithessmostlyrequiresanincreasean someof theob-

jectives. But then, if thereis no increasan the functional

fithess, minimization of objectvesis obsered. The pro-

posedalgorithmis able to arrive at a functionally correct
circuit for the intendedtruth table after only 20 iterations.
Around iteration 100, a significantincreasein the delay of

the solutionis obsened. However, sincethe emphasizef

thecurrentcourseof actionis optimizationof areathennew

solutionthathaslessareabut higherdelayis accepted.

L L DelayOptimized | Paver Optimized
Circuit Objecties Best | Average | Best | Average
area 1.14 1.13 1.00 1.09
Circuitl 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
Circuits delay 1.05 0.94 1.54 1.09
power 0.94 0.97 0.78 0.96

Table3: Resultsfor thedelayandpower optimization,nor-
malizedwith respecto theresultsof areaoptimization.

Theresultsof delayoptimizedandpower optimizedcir-
cuitsaregivenin Table3. Notethatthesevaluesarenormal-
izedwith respecto theresultsobtainedfrom the areaopti-
mizedcircuits. The normalizedareafor eachcircuit in Ta-

ble 3 shouldbelessthanor equalto one.As canbeseengx-
ceptfor Circuit5, the delay optimizationschemeproduced
bettercircuitsin termsof delay(normalizeddelay < 1), at
theexpenseof largerareaand/ompowerconsumptionThese
resultsshav the effectivenesof the proposedalgorithm.

In orderto compareouralgorithmwith known published
work, somecircuits aretestedand comparedo the results
reportedn [9, 10]. Someselectedircuitsfrom Table2 with
the addition of 2-bit multiplier and 2-bit adderwith carry
circuitsareusedfor comparison.An overall comparisons
shavnin Table4.

For multiple outputcircuits, multiple colory of antsare
used. In a 2-bit addercircuit for example,we needthree
colory of antsto find all the threeoutputsof the circuits.
Eachcolory will find the assignedcircuit’s output. The
sharingof pheromonevalue betweencoloniesmakes the
sharingof sub-functionspossible. However, this sharing
canindeedbiasthe searchsincethe secondcolory of ants
‘smell’ the pheromonghatwasupdatedby thefirst colony
of ants,andthethird colory will 'smell’ thepheromonehat
will be updatedby the secondcolony, andso on. This is
the reasonwhy the value of g of Equationll is setequal
to 2 duringthe courseof the experiment.With highervalue
of 3, thesearchis moredependenbn the heuristicvaluen,
which emphasizefinding the functionally correctcircuits.
Figure7 shows the functionalfitnessvalueof eachoutputs
of a2-bitaddercircuit. Noticethattheantswill find outputs
of thecircuit oneby one.In analogywith theproces®f ants
finding thefood, the simplestfunction (the closest)will be
obtainedfirst andthe mostcomplext function (the furthest)
will mostlikely be obtainedthe last. In this context, for 2-
bit addercircuit, the first sumwill be obtainedfirst while
thecarryoutwill beobtainedthelast.



Circuit Algorithm ResultingFunction GateCount | Area(micron)

MGA [9] F=Z(X+Y)® XY 4 9477
Circuité Ant System[10] F=(ZeXY)(X+Y) 4 9477
Proposedipproach F=(X+Y)Z0XY 4 7776
MGA [9] F=(WoWX)®(Z+X+Y)® 2)) 7* 17496
Circuit7 |  Ant Systen{10] F=((W+Y)® Z)+X")(YZ) & (X'W)) 9 19197
Proposed\pproach F=(X+2)+ (Y ®Z2)e (WXY) 6 12393
MGA [9] F=((A®B)® AD) + (C+ (A® D)) 6* 15552
Circuit8 | Ant Systen[10] F=(BeD)®(A+D))a®((B+C)+(A® D)) 7* 18468
Proposedipproach F=((A®GD)-C")-(AD® (A® B)) 7 14337

FOZAB; Fy=AD @ BC
MGA [9] 7 17253

Fy =CD @ ABCD; F3 =ABCD

Fo=AB; F1 =AD @ BC

mul2 Ant System[10] 7 17253
F, =CD & ABCD; F3 = ABCD

Fog= AB; Fi :EGB%

Proposed\pproach E— _— 7 12636
Fy =CD-AB; F3=BC-AD
Fo=A®OBGOC
add2 Proposedhpproach Fi1=(A®B)+CeoG(DO®E®G(A+ B)) 11 24300
FR=DE-(A+B)+(DOE)+(A®@B)+C)

* inverteratthe output(s)is not considered

Table4: Comparisorwith existingtechniquesn termsof gatecountandareaof the circuits.

6 Conclusion

In this paper we have presentec modified ant colory al-
gorithmfor evolutionarylogic design. The modificationis
performedin orderto suitthe probleminstanceandto han-
dle someof the problemsthat are not addressedby exist-
ing techniquesPerformancef the proposedapproachand
comparisorwith the existing techniquesare shown. In all
casestheresultsobtainedusingthe proposedpproachout-
performedthoseobtainedusingexisting techniques.
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