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Abstract

This paper introducesa new methodology of evolving
electronic circuitsby which theprocessof evolutionaryde-
sign is guaranteedto producea functionallycorrectsolu-
tion. Themethodemploysa mappingto representan elec-
tronic circuit on an array of logic cells that is further en-
codedwithin a genotype. Themappingis many-to-oneand
thusthere are manygenotypesthat haveequalfitnessval-
ues. Genotypeswith equalfitnessvaluesdefinesubgraphs
in the resultingfitnesslandscapesreferred to as neutral
networks. This is further usedin the designof a neutral
networkthatconnectstheconventionalwith othermoreeffi-
cientdesigns.To exploresuch a networka navigationstrat-
egy is definedbywhich thespaceof all functionallycorrect
circuitscanbeexplored.Thepapershowsthatveryefficient
digital circuitscanbeobtainedbyevolvingfromtheconven-
tional designs.Resultsfor several binarymultiplier circuits
such asthethreeandfour-bit multipliers are reported.The
evolvedsolutionfor the three-bitmultiplier consistsof

� �
two-inputlogic gatesthat in termsof numberof two-input
gatesusedis

� � � � �
more efficient than the mostefficient

knownconventionaldesign.Thelogic operatorsrequiredto
implementthis circuit are � � ANDs, � XORs, and

�
inver-

sions(NOT). Theevolvedfour-bit multiplier consistsof � �
two-inputlogic gatesthat is � 	 � � � more efficient(in terms
of numberof two-inputgatesused)than the mostefficient
knownconventionaldesign.Theoptimal sizeof the target
circuits is alsostudiedby measuringthelengthof theneu-
tral walksfromtheobtaineddesigns.

1. Intr oduction

The evolutionarydesignof electroniccircuits refersto
an autonomousprocessin which a highly efficient circuit
mayoccurin apopulationof interactinginstancesof alogic
function. The possibilitiesfor automaticdesignof elec-
tronic circuitsusingevolutionaryalgorithmshave beenex-

ploredin theanalogue[10, 23, 18, 2, 30, 22, 24] anddig-
ital [5, 4, 15, 6, 8, 13] domains. In generalthe methodol-
ogy of evolving circuitry andmachineryusedis mosteas-
ily describedin theframework of a simpleevolutionaryal-
gorithm. A disadvantageof suchan approachhowever is
thattheevolutionmayendup with a functionally incorrect
evolved circuit. This may causea problemif circuit evo-
lution is implementedonhardwareandfunctionallycorrect
circuit is requiredin realtime.

This paperintroducesa methodof evolving electronic
circuitsbywhichtheprocessof evolutionarydesignis guar-
anteed to producea functionally correct solution. The
methodis inspiredby theconceptto studytheevolutionary
designof electroniccircuits asa searchon a fitnessland-
scape.The fitnesslandscapeis simply a searchspacede-
rived from the combinationof threecomponents:a setof
genotypes,a fitnessfunctionby whicha fitnessvalueis as-
signedto eachgenotype,anda neighbourhoodrelationship
within the set of genotypesspecifiedby the evolutionary
operator[7]. Thesecomponentsdefinethelandscapestruc-
ture that affects the evolutionary search[9, 16, 11]. The
fitnesslandscapesassociatedwith the evolution of various
arithmeticfunctions,mainly the two-bit multiplier circuit,
werestudiedin [27, 29]. It wasshown that the landscape
underlyinggraphis the generalised Hamminghypercube
thatresultsin subspaceswith differentcharacteristics.The
circuit evolution landscapesarecharacterisedwith neutral-
ity [28, 13] that appearedto be beneficialfor the evolu-
tionarydesignof circuitry [3], andparticularlythethree-bit
multiplier [25]. Theneutralityis a landscapecharacteristic
that refersto genotypeswith equalfitnessvalues[19, 21].
The setof genotypeswith equalfitnessvaluesis calleda
neutral network, if the genotypesdefinea connectedsub-
graphin thelandscape.

Electroniccircuitshavebeenevolvedandit hasbeenre-
portedthattheobtainedsolutionssignificantlydiffer in con-
structionfrom the conventionaldesigns[15, 24, 13]. This
impliesagapbetweenthehumandesignspaceandtheeffi-
cientevolveddesigns.However, thefitnesslandscapeasso-



ciatedwith theevolutionarydesignof anelectroniccircuit
representsthespaceof all designsin suchawaythatallows
oneto constructa neutralnetwork of functionally correct
circuits,andthus,to connectthehumandesignspacewith
the othermoreefficient circuits. This is referredto asthe
neutral bridge. To exploretheneutralbridge,a navigation
strategy is definedby which onecanevolve from the con-
ventionalto moreefficientsolutions.Themethodis applied
to digital circuit evolution,particularlytheevolutionof sev-
eral binary multiplier circuits. Solutionsfor the threeand
four-bit multiplier areproposedthatare 
 � � � 
 andrespec-
tively � � � � 
 moreefficient in termsof gatesusagethanthe
conventionaldesigns.Theevolvedthree-bitmultiplier con-
sistsof 
 � two-inputgatesthat in termsof logic operations
is � � ANDs, � XORs, and 
 inversions(NOT). Theevolved
four-bit multiplier consists� � two-input gates. Evidence
that firstly, the three-bitmultiplier cannotbe further opti-
mised,andsecondly, the four-bit multiplier canbe imple-
mentedwith a lessnumberof two-input gatesis alsopro-
posed.

2. Digital Cir cuit Evolution

2.1. The Evolutionary Algorithm

The evolutionaryalgorithmusedin the designof digi-
tal circuitsin thispaperis thatadoptedin theframework of
CartesianGeneticProgrammingin whichthegenotypesare
rectangulararraysratherthantrees[12, 14]. Thealgorithm
dealswith a populationof digital feed-forward electronic
circuitsthatareinstancesof aparticularprogram.Thepop-
ulationconsistsof ����� genotypeswhere� is usuallyabout
� . Initially theelementsof thepopulationarechosenat ran-
dom. The fitnessvalueof eachgenotypeis evaluated,by
calculatingthe numberof total correctoutputsof the en-
codedelectroniccircuit in responseto all appropriatein-
put combinations.Themechanismof populationupdateis
implementedby truncationselectionandmutationthat im-
pliessimilaritieswith otherevolutionarytechniquessuchas� ������� EvolutionStrategy [20, 1] andtheBreederGenetic
Algorithm [17]. To updatethepopulation,themutationop-
eratoris appliedto the fittest genotype,andhence,an off-
springis generated.Theoffspringtogetherwith theparent
constitutethenew population.Themutationoperatoris de-
fined asthe percentageof genesin a singlegenotypethat
are to be randomlymutated. In this paperthe percentage
chosenresultsin � mutatedgenespergenotype.

2.2. The Genotype-PhenotypeMapping

To encodea digital electroniccircuit into a genotype,
a genotype-phenotypemappingis defined. This is done
via rectangulararray of cells eachof which is an atomic

two-input logic gateor a multiplexer. In this paperthe al-
lowed logic gatesareAND, AND with oneinput inverted,
andXOR.

In generalthearrayconsistsof ��� � three-inputcells,
�"! inputs,and �"# outputs.The inputsof thearrayarethe
inputs of the representedphenotypethat in digital circuit
evolution is a combinationalcircuit. The internalconnec-
tivity of thearrayis definedby theconnectionsbetweenthe
arraycells. The inputsof eachcell areonly allowed to be
inputsof thearrayor outputsof thecellswith lowercolumn
numbers.The internalconnectivity is alsodependenton a
levels-back parameterthatdefinesthearrayinputsandcells
to which a cell or an arrayoutputcanbe connected.This
is donein the following manner. Considerthat the levels-
backparameterisequalto $ . Thencellscanbeconnectedto
cellsfrom $ precedingcolumns.If thenumberof preceding
columnsof acell is lessthan$ thenthecell canalsobecon-
nectedto theinputsof thearray. In thispaperthearraycells
andoutputsaremaximallyconnectablesincethenumberof
rowsis setto oneandthelevels-backis equalto thenumber
of columns. The gatearrayoutputconnectivity is defined
in a similar way. The outputconnectionsof the arrayare
allowed to be outputsof cells or arrayinputs. Again, this
is dependenton the neighbourhooddefinedby the levels-
backparameter. Thenumberof outputsof thearrayis equal
to thenumberof outputsof therepresentedphenotype.An
illustrationof thearrayof logic cellsis givenin Figure1.
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Figure 1. The phenotype that is a digital circuit
is encoded within a genotype by an array of
logic cells.

The genotypeis a linear string of integersand it con-
sistsof two different typesof genesthat are responsible
for the functionality and the routing of the evolved array
of cells. Hence,the genotypeis definedby four parame-
ters of the array: the numberof allowed logic functions,
thenumberof rows,thenumberof columns,andthelevels-
back. Thefirst parameterdefinesthe functionalityof logic
cells, while the latter threeparametersdeterminethe lay-
out androuting of the array. Note that the numberof in-
putsandoutputsof thearrayarespecifiedby theobjective
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Figure 2. The genotype with respect the rect-
angular array of logic cells shown in Figure 1.

function. Thelogic functionsarerepresentedby lettersas-
sociatedwith the allowed cell functionality. The connec-
tions aredefinedby indexesthat areassignedto all inputs
andcellsof thearray. Eacharrayinput %�& is labelledwith'�(*)

for
),+-'.+-/"0

, andeachcell 1 2 3 is labelledwith
an integergivenby

/"0546/87 9:(.) ;<46=8(.)
for
)�+*=>+*/

and
)?+*9�+A@

. Thusthegenotypeconsistsof groupsof
four integersthatencodethecellsof thearray, followedby
asequenceof integersthatrepresenttheindexesof thecells
connectedto the outputsof the array. The first threeval-
uesof eachgrouparethe indexesof thecells to which the
inputsof the encodedcell areconnected.In this casethe
third connectionis redundantsinceonly two-inputgatesare
used.Thelastintegerof thegrouprepresentsthelogic func-
tion of thecell. Thegenotyperepresentationis illustratedin
Figure2.

3. Exploring the Spaceof Solutions

Thespaceof all circuit designscanbeexploredby Evo-
lutionary Algorithms. In [13] this was seenas a process
of assemblingcircuit solutionsfrom a numberof compo-
nentpartsandtestingthemin their environment. Thusan
efficientsolutionmayoccurfarbeyondthelimits of thehu-
mandesignspace.An efficientsolutioncanalsobeattained
startingfrom theconventionaldesignby evolving moreef-
ficient modulesthat canreplaceparts(sub-circuits)of the
design. Thusthe spaceof all designscanbe exploredby
moving onaneutralnetwork composedof functionallycor-
rectsolutions(Figure3). Thequestionthatmayarisehere
is how canonebesurethatsucha network exists?

The fitnesslandscapesassociatedwith the evolution of
digital circuitsarecharacterisedwith neutrality[28] thatap-
pearedto be beneficialfor circuit evolution [3, 25]. The
neutralitywas revealedby studyingthe informationchar-
acteristicsof the landscapesfor the two andthree-bitmul-
tiplier circuits aswell as the four-bit parity function [13].
The sourcesof landscapeneutrality in digital circuit evo-
lution originatemainly from thegenotype-phenotypemap-
ping,andthey are

Human design space

Neutral bridge

Neutral networks

Space of all designs

Figure 3. The “neutral bridge” between the
human design space and the evolved more
efficient circuits in the space of all designs.

Input redundancy Inputsof cells that arenot usedin the
operatingcircuits. This refersto the casewherethe
functionof a cell doesnotuseall inputsof thecell.

Cell redundancy Cellswhoseoutputsarenotconnectedin
theoperatingcircuit.

Functional redundancy Thecasein which thenumberof
cellsof adigital circuit is higherthantheoptimalnum-
berneededto implementthiscircuit.

Logic equivalency A characteristicof designsin which a
(sub-)circuitcanbesubstitutedwith anotherlogically
equivalent (sub-)circuitthat hasthe samenumberof
gates.

Phenotype equivalency Thepossibility to encodea digital
circuit in differentways.

Here sinceonly two-input gatesare used,the sourcesof
landscapeneutralityarecell redundancy, functionalredun-
dancy, logic equivalency andphenotypeequivalency. The
functional redundancy, logic equivalency, and phenotype
equivalency are hardly controllablecharacteristicsof the
genotype-phenotypemapping,since they are much more
relatedto thenatureof theproblemandits genotyperepre-
sentation.Hencetheonly way to designa neutralnetwork
of functionallycorrectcircuits is to allow cell redundancy.
Indeed[26] showedthat landscapeneutralityembeddedby
cell redundancy is beneficialfor theevolutionarydesignof
digital circuits (agreedwith findings in [3]), that answers
thequestionfrom thepreviousparagraphin theaffirmative.

To evolve in a network of functionally correctcircuits,
theevolutionaryalgorithm(section2) wasmodifiedin the
following way: firstly, thepopulationis initialisedwith mu-
tatedcopiesof theconventionaldesignandthedesignitself,
and secondly, the bestgenotypein the populationalways
representthe mostefficient functionallycorrect circuit. A



functionallycorrectis the circuit with highestpossiblefit-
ness. The efficiency of the functionally correctcircuit is
definedby thenumberof usedgates.Thelower thenumber
of usedgatesis, the higher is the efficiency of the circuit.
In itself, this is a methodfor automaticdesignbecausethe
evolution is seededwith designsthataregeneratedby con-
ventionaltechniquesusedin the logic synthesisof combi-
nationalcircuits.

4. Evolving Binary Multiplier Cir cuits

Solutionsof evolvedmultiplier circuitsaregiven.These
arethemostefficientknown designs,andthey areobtained
by evolving on theneutralbridgefrom theconventionalde-
signs.Theevolveddesignsareobtainedonanarrayof B�C8D
cellswith levels-backsetto D . Thenumberof columnsD
is chosenwith respecttheevolvedarithmeticfunctionand
thecell redundancy neededtoconstructtheneutralnetwork.
Theallowed logic gatesis AND, XOR, andAND with one
input inverted. For eachsolution,a studyof the possibil-
ity for furtherreductionof thenumberof gatesis alsopro-
posed.This is doneby measuringthe lengthof theneutral
walks from eachgenotyperecordedin every improvement
of the efficiency of the circuit. The algorithm of neutral
walks asgiven in [19] is definedas follows: start from a
configuration,generateall neighbours,selecta neutralone
atrandomthatresultsin anincreasein thedistancefrom the
startingpointandcontinuemovinguntil thedistancecannot
be further increased.Heretwo genotypeswereconsidered
asneutralif they representfunctionallycorrectcircuitswith
thesamenumberof gates.

Solutionsfor the two-bit multiplier circuits arenot dis-
cussedin this papersince this was exhaustively studied
in [13] whereit wasshown that the numberof two-input
gatesof themostefficientevolvedandconventionaldesigns
is E (in fact the conventionaldesignis implementedby F
two-inputgatesoneof which canbeeasilyremovedwith a
simplemanipulation).

4.1. Thr eeC Two-Bit Multiplier

The threeC two-bit multiplier is a combinationalcircuit
in which thelogic operationcarriedout is three-bitby two-
bit multiplication. The conventionaldesignof this arith-
metic circuit requires B E two-input logic gates. The most
efficientdesignachievedby evolving from theconventional
solutionrequiresB G two-input logic gatesThis is a H G I J K
moreefficient design.The logic operatorsrequiredto im-
plementthe circuit are L ANDs, M XORs, and B inversion
(NOT). To evolvea B G two-inputgatessolutionis notavery
difficult task. Indeed J J out of B N N evolutionary runs of
H N N O N N N generationsgave B G gatessolutions. Thesewere

evolvedonanarrayof B�C?B E cells,allowing thecell redun-
dancy to increaseduringtherun.
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Figure 4. The three C two-bit multiplier circuit
evolved from the conventional design. The
circuit consists of B G two-input gates: AND,
XOR, and AND with one input inverted.
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Figure 5. The length of neutral walks on the
“neutral bridge” for the three C two-bit multi-
plier: (a) the number of redundant genes, and
(b) the average length of B O N N N neutral walks
per recorded genotype.

A simple observation of the evolved designsrevealed
that someof the circuits aresimilar in construction,espe-
cially thoseachievedin longerevolutionaryrunsfor which
theincreaseof theefficiency wasimplementedgateby gate.
An exampleof sucha designis shown in Figure4. Thecir-
cuit seemsto be the mostefficient sincethe lengthof the
neutralwalks measuredfor eachrecordedgenotypetends
towardsthenumberof redundantgenes,shown in Figure5.
Thefiguregivesthelengthof theneutralwalksaveragedon
B O N N N walks(indicatedwith diamonds)togetherwith stan-



darddeviations. The line representsthe numberof redun-
dantgenesresultingonly from input andcell redundancy.
Thesecharacteristicsareobtainedfor an array of Q�R.Q S
cells.For anarrayof T,R�U cells,thenumberof redundant
genesdefinedby the two typesof redundancy is equalto
T�UWVYX Z [ whereZ [ is thenumberof redundantcells. The
differencebetweenthe lengthof the neutralwalks andthe
numberof redundantgenesobtainedfor the mostefficient
designis to beexpectedsincethecircuit is logically equiv-
alent to many differentdesignswith the samenumberof
gates.
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Figure 6. The three R two-bit multiplier circuit
evolved from the conventional design - a
strange solution. The circuit consists of Q X
two-input gates: AND, XOR, and ANDwith one
input inverted.

The circuits that differ in constructionfrom the afore-
mentioneddesignscan be classifiedas strangesolutions.
Indeedthe examplein Figure6 is strangein that how the
multiplicationis carriedout in thecircuit. For instance,one
of theAND gatesin themostleft columnof gateshasbeen
transferredto XORandmovedto theright. Furtherobserva-
tion showedthatsuchsolutionsusuallyappearin veryshort
runscharacterisedwith sharpincreasein the efficiency of
the bestcircuit. It canbe assumedthat thesedesignsare
not typical evolutionarydesigns,sincethey seemto occur
accidentally.

4.2. Thr eeR Thr ee-BitMultiplier

It is relatively easyto evolve a \ ] two-inputgatessolu-
tion for thethreeR three-bitmultiplier (three-bitmultiplier)
circuit ^ . Indeedthe \ ] gatessolutionsfoundare \ Q in Q _ _
evolutionaryrunsof \ _ million generationson an arrayof
Q R�X _ cells.Howeverthe \ ] gatessolutionisnottheoptimal
one.Moreefficientcircuitswereachievedby increasingthe`

Theconventionaldesignof the three-bitmultiplier circuit consistsofa b
two-inputgates.

cell redundancy. Thus] of Q _ _ evolutionaryrunsof \ _ mil-
lion generationsgave \ X two-input gatessolutions. These
were evolved on an array of Q�RYX c cells, by allowing c
redundantcells.Theschematicof anevolvedthree-bitmul-
tiplier is shown in Figure7. Thecircuit consistsof \ X two-
input gatesandit is implementedby Q ] AND, d XOR, and
\ NOT logic operators.The logic operatorsshouldnot be
confusedwith two-input logic gates! The two-input logic
gatesarebasicunits usedin the modernFPGAe technol-
ogy, while thelogic operatorsindicatebasiclogic functions
in theBooleanalgebra.Thedesignin itself is very similar
in constructionto other \ ] gatessolutionsfor the three-bit
multiplierevolvedfromscratch. Foracomparison,onemay
referto [13] (seealsotheappendixin [27]).
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Figure 7. The three-bit multiplier circuit
evolved from the conventional design. The
circuit consists of \ X two-input gates: AND,
XOR, and AND with one input inverted.

The \ X two-input gatesdesignseemsan optimal solu-
tion. Indeedthelengthof theneutralwalksfrom thegeno-
typesrecordedin every improvementof the efficiency of
thecircuit tendsto thenumberof redundantgenesresulting
from theinput andcell redundancy. Thelengthof theneu-
tral walks averagedon Q f _ _ _ walks per genotypeis given
in Figure8. Theline in thefigureshows thenumberof re-
dundantgenesresultingfrom theinputandcell redundancy.
Thesecharacteristicsarecalculatedfor an arrayof QgR�X c
cells. The resultsimply that the functionalredundancy is
maximallyreduced.

4.3. Four R Thr ee-BitMultiplier

The logic operationcarried out in the four R three-bit
multiplier is four-bit by three-bitmultiplication. The con-
ventionaldesignof thecircuit requires] S two-inputgates.
h
Field-ProgrammableGateArray.
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Figure 8. The length of neutral walks on the
“neutral bridge” for the three-bit multiplier:
(a) the number of redundant genes, and (b)
the average length of j k l l l neutral walks per
recorded genotype.

Initially theevolution from theconventionaldesignwasset
to proceedon an array with five redundantcells. Many
experimentswerecarriedout andmany efficient solutions
werefound, the mostefficient of which requiredm n gates.
The length of the neutral walks from the m n two-input
gatesolution werecloseenoughto the numberof redun-
dantgenesto concludethatthismight bemostefficientde-
sign. However, having the experienceof evolving the o m
gatessolution for the three-bitmultiplier, the experiment
wasrepeatedwith anincreasednumberof redundantcells.
Thusanotherevolutionaryrun wasperformedon an array
of j�p6q r cells ( s redundantcells). This gave at genera-
tion j l l k s n t�k m u n a solution of m u two-input gates. This
is an improvementof approximatelyo j v o n w . Theevolved
four p three-bitmultiplier is shown in Figure10. It is imple-
mentedby o o AND, j q XOR, and u NOT logic operators.

Figure9 shows thelengthof theneutralwalksaveraged
on j k l l l walks. Again, thesearerepresentedin thefigure
with diamonds,while the line is the numberof redundant
genesresultingfrom the cell redundancy andinput redun-
dancy. Thestartingpointsfor thewalksweretherecorded
genotypesduringtheevolutionaryrun. Althoughthelength
of the walks imply that the functionalredundancy is opti-
mised,thereis a reasonto believe that the circuit can be
implementedwith m r two-input gates. Indeedthe length
of the walks from the genotypeof the most efficient de-
signdiffersfrom thenumberof redundantgenesin a small
range,andthereasonfor this might be theexistenceof ei-
ther logic equivalency or functional redundancy. The fig-
ure alsoshows that the numberof redundantcells is high
enoughto attainfurtheroptimisation.
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Figure 9. The length of neutral walks on the
“neutral bridge” for the four p three-bit multi-
plier: (a) the number of redundant genes, and
(b) the average length of j k l l l neutral walks
per recorded genotype.

4.4. Four p Four-Bit Multiplier

Theevolutionarydesignof the four p four-bit multiplier
(four-bit multiplier) circuit is a very difficult task. When
comparingto the previous cases,the difficulty is rapidly
increased,a consequenceof the problemwith scalein the
circuit design.Theconventionaldesignconsistsof r t two-
input gates.Oneevolutionaryrun of u l l k l l l k l l l genera-
tionswasperformed.Themostefficient four-bit multiplier
circuit attainedin this evolutionaryrun occurredin gener-
ation r t m k o u t�k u o j , and it consistsof q u two-input gates.
Theschematicof thecircuit is shown in Figure11. It can
beseenthatit requiresm q AND, o o XOR, and j l NOT logic
operations.Thecircuit wasevolvedfrom theconventional
onanarrayof r u cells. It is j l v s m w moreefficient from the
conventionaldesignin termsof numberof gatesused.

Thesolutionshown in Figure12 is not anoptimalone.
This was revealedby measuringthe lengthof the neutral
walks from the genotypesrecordedduring the run. The
lengthof theneutralwalkstogetherwith thenumberof re-
dundantgenesaredepictedin Figure12. Thesecharacter-
istics wereestimatedin the samemanneras before. The
figureshows that the functionalredundancy canbe further
optimised.
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70

75

80

85

90

95

100

105

110

115

120

5758596061626364

Le
ng

thi

Number of gates used

(a)
(b)

Figure 12. The length of neutral walks on
the “neutral bridge” for the four-bit multiplier:
(a) the number of redundant genes, and (b)
the average length of | } ~ ~ ~ neutral walks per
recorded genotype.

5. Discussion

A methodfor evolving electroniccircuitshasbeenintro-
duced.Themethodusesanevolutionaryalgorithmin which
theinitial populationis seededwith theconventionaldesign
of thetargetcircuit. In factthepopulationcanbeinitialised
with any functionally correctsolution. What is more im-
portanthereis how to ensuretheexistenceof anetwork that
will connectall functionallycorrectsolutions?This is pos-
sible by allowing redundancy in the genotype.The geno-
typein CartesianGeneticProgrammingrepresentsarectan-
gulararrayof cells (nodes)that in digital circuit evolution
aremerelylogic gates.Thelayoutof thearrayspecifiesthe
numberof cellsusedin theevolutionarydesign.Whenthe
numberof cellsis higherthanthenumberof gatesrequired
to implementthe evolved electroniccircuit, it is said that
thearrayhasredundantcells.Cell redundancy is vitally im-
portantfor theevolutionarydesignof circuits[25]. It allows
sub-circuitsto occurthat latermaybeconnectedin theop-
eratingcircuit andthusto causeanincreaseof theefficiency
of thecircuit.

The method provides an alternative way of evolving
electroniccircuitsby which a functionallycorrectsolution
thatmaybemoreefficientfromtheconventionaldesign(the
startingpoint) is guaranteed.This allows theautomaticde-
sign of circuits with a numberof desirable characteristics
suchasfault tolerance,anoptimalnumberof components,
etc. Herethe methodwasappliedto digital circuit evolu-
tion andparticularlythedesignof binarymultiplier circuits.
Thereportedsolutionsaresignificantlymoreefficient than
theconventionaldesignsin termsof two-inputgatesusage.
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Thepercentageof improvementsattainedis shown in Fig-
ure13 (theconventionaldesignof thetwo-bit multiplier is
consideredin thefigurewith � two-inputgates).
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Figure 14. The time consumed by Pentium
200MHz computer to perform | ~ } ~ ~ ~ genera-
tions with a population of � elements for var-
ious multiplier circuits.

Somewill probablyarguethat theexperimentsreported
in this paperaretime consuming.Indeedto attainaneffi-
cientdesignfor the four-bit multiplier oneneedsto evolve
millions of generations.This however doesnot represent
any difficulty, since| ~ } ~ ~ ~ generationsfor thefour-bit mul-
tiplier with a populationof � elementstake on anordinary
computer(Pentium200MHz,Win95,RAM 64MB) exactly
| � � � seconds.Themajorimpedimentin circuit designis the
problemof scaleandit comesfrom theveryfastgrow of the
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Figure 15. The number of generations re-
quired to evolve the circuits reported in this
paper.

sizeof thetruth tableof theevolvedlogic function. This is
illustratedin Figure14. Thefigurerepresentsthetimecon-
sumedby Pentium200MHz computerto perform � � � � � �
generationswith apopulationof � elementsfor variousmul-
tiplier circuits. Thenumberof generationsalsogrows with
thesizeof thecircuit. Thegenerationsperformedto obtain
the reportedcircuits are shown in Figure 15 (the � gates
two-bit multiplier requires� � generationsfrom the � gates
conventionaldesign). The figure revealsthat the grow is
nearlyexponential.

In thispaperefficientevolveddesignsfor thebinarymul-
tiplier circuits have beenproposed. Thesecircuits differ
fromtheconventionaldesigns.Whencomparinganevolved
with a conventionallydesignedcircuit one may probably
noticethatthelogic operationcarriedout is built in a com-
pletely differentmanner. The questionhereis what is the
mechanismof computationin the evolved designs? Is it
possibleto infer a principleandthusto definea methodol-
ogyfor building moreefficientdesigns?All theseareques-
tionsfor futureresearch.

References
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A. Pérez-Uribe,editors, Proceedingsof the 2nd Interna-
tional Conferenceon EvolvableSystems:From Biology to
Hardware, volume1478of Lecture Notesin ComputerSci-
ence, pages134–143,Heidelberg, 1998.Springer-Verlag.

[19] C. M. ReidysandP. F. Stadler. Neutrality in fitnessland-
scapes. TechnicalReport 98-10-089,SantaFe Institute,
1998.Submittedto Appl.Math.& Comput.

[20] H.-P. Schwefel.NumericalOptimizationof ComputerMod-
els. JohnWiley & Sons,Chichester, UK, 1981.

[21] P. F. Stadler. Spectrallandscapetheory. In J. P. Crutch-
field andP. Schuster, editors,EvolutionaryDynamics—Ex-
ploring the Interplayof Selection,Neutrality, Accidentand
Function. OxfordUniversityPress,New York, 1999.To ap-
pear.

[22] A. Stoica,D. Keymeulen,R. Tawel, C. Salazar-Lazaro,and
W. Li. Evolutionaryexperimentswith a fine-grainedrecon-
figurablearchitecturefor analoganddigital cmoscircuits.
In A. Stoica,D. Keymeulen,andJ.Lohn,editors,Proceed-
ingsof the1stNasa/DoDWorkshoponEvolvableHardware,
pages76–84,Los Alamitos,CA, 1999.IEEEComputerSo-
ciety.

[23] A. Thompson. Hardware Evolution: AutomaticDesignof
ElectronicCircuitsin ReconfigurableHardwarebyArtificial
Evolution. Springer-Verlag,London,1998.

[24] A. Thompson,P. Layzell, andR. S.Zebulum. Explorations
in designspace:Unconventionalelectronicsdesignthrough
artificial evolution. IEEE Transactionson Evolutionary
Computation, 3(3):167–196,1999.

[25] V. K. Vassilev and J. F. Miller. The advantagesof land-
scapeneutralityin digital circuit evolution. In Proceedings
of the 3rd InternationalConferenceon EvolvableSystems:
FromBiology to Hardware, LectureNotesin ComputerSci-
ence,Berlin, 2000.Springer-Verlag. In press(availablevia
http://www.dcs.napier.ac.uk/� vesselin/).

[26] V. K. Vassilev andJ. F. Miller. Embeddinglandscapeneu-
trality to build a bridge from theconventionalto a moreef-
ficient three-bitmultiplier circuit. In Proceedingsof the2nd
Genetic and Evolutionary ComputationConference, San
Francisco,CA, 2000.MorganKaufmann.Submitted(avail-
ablevia http://www.dcs.napier.ac.uk/� vesselin/).

[27] V. K. Vassilev, J. F. Miller, andT. C. Fogarty. Digital cir-
cuit evolution andfitnesslandscapes.In Proceedingsof the
Congresson EvolutionaryComputation, volume 2, pages
1299–1306,Piscataway, NJ,1999.IEEEPress.

[28] V. K. Vassilev, J.F. Miller, andT. C. Fogarty. Digital circuit
evolution: The ruggednessand neutrality of two-bit mul-
tiplier landscapes.In D. M. Harvey, editor, Evolutionary
HardwareSystems, pages6/1–6/4,London,1999.IEEPress.

[29] V. K. Vassilev, J. F. Miller, and T. C. Fogarty. On the
nature of two-bit multiplier landscapes. In A. Stoica,
D. Keymeulen,andJ. Lohn,editors,Proceedingsof the1st
NASA/DoDWorkshopon EvolvableHardware, pages36–
45,LosAlamitos,CA, 1999.IEEEComputerSociety.

[30] R.S.Zebulum,M. A. Pacheco,andM. Vellasco.Analogcir-
cuitsevolution in extrinsic andintrinsic modes.In M. Sip-
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