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Abstract

A major problemin the evolutionary designof combi-
national circuitsis the problemof scale Thisrefers to the
designof electoniccircuitsin which thenumberof gatesre-
quiredto implementheoptimalcircuitis too highto seach
the spaceof all designsn reasonabldime, evenby evolu-
tion. Thereasonis twofold: firstly, the sizeof the seach
spacebecome&normousas the numberof gatesrequired
toimplementhecircuitis increasedandsecondlythetime
requiredto calculatethefitnessof a circuit growsasthesize
of thetruth table of thecircuit.

This paperstudiesthe evolutionary designof combina-
tional circuits, particularly the three-bitmultiplier circuit,
in which the basic building blodks are small sub-circuits,
modulesinferred from other evolved designs. The struc-
ture of the resultingfitnesslandscapess studiedand it is
shownthatin geneal the principlesof evolvingdigital cir-
cuitsare scalable Thusto evolvedigital circuitsusingmod-
ulesis faster sincethe building blocks of the circuit are
sub-circuits rather than two-inputgates. This can also be
a disadvantge, sincethe numberof gatesof the evolved
designggrowsasthesizeof the moduleaused.

1. Intr oduction

The evolution of digital circuits has beenintensvely
studiedto discerngenerlisable principlesof designand
thusto allow one automaticallyto producelarge and ef-
ficient electroniccircuits. Digital electroniccircuits have
beenevolvedintrinsically [9] andextrinsically[6, 4, 5, 18,
7]. Theformeris associategvith anevolutionaryprocessn
which eachevolvedelectroniccircuit is built andtestedon
hardware,while thelatter refersto circuit evolution imple-
mentedentirelyin softwareusingcomputersimulations.
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A majorproblemin theevolutionarydesignof electronic
circuitsis the problemof scale. This refersto the very fast
growth in the numberof gatesusedin the targetcircuit as
the numberof inputs of the evolved logic function is in-
creased.This resultsin an enormoussearchspacethat is
difficult to explore evenwith evolutionarytechniquesAn-
otherobstaclerelatedto the problemof scaleis of course
the time requiredto calculatethe fithessvalueof a circuit.
This increasessthe size of the truth table of the evolved
circuit.

A possibleway of tackling the problemof scalein the
evolutionarydesignof electroniccircuits hasbeenstudied
in [20]. Theideawasto evolve electroniccircuits by us-
ing building blocks that are higher functions rather than
two-inputgates.It wasalsoobsenedthatthe evolutionary
designof circuitsis easierwhencomparedwith the origi-
nal scenaridn which the building blocksaremerelygates.
The approachin itself is reasonableandit hasbeenalso
consideredn [18]. They usedbinary multiplexersthatare
universal-logicgatesto evolve arithmeticfunctionssuchas
addersandmultipliers. However, to identify suitablebuild-
ing blocksandthusto evolve efficientelectroniccircuitsis a
difficult task. Forinstancethedesignof thethree-bitmulti-
plier circuit requiresonly 23 two-inputgated28], or alter
natively 14 two-inputgatesplus 7 three-inputbinary mul-
tiplexers[14]. The multiplexer as an universal-logicgate
requiresthree two-input gatesand thereforethe three-bit
multiplier implementedby allowing multiplexers consists
of 35 two-inputgates.Of coursetheefficiency of thecircuit
dependntirelyon one's choiceof atomicgates.

Theeffort requiredto designanelectroniccircuit canbe
reducedby decomposinghe circuit to sub-circuitsthatare
easierto design,andthento considerthe evolvedsolutions
ashbuilding blocks. This relatesto the conceptof automati-
cally definedfunctionsstudiedin [11]. It wasshowvn thatin
generathe methodproducessolutionsthataresimplerand



smallerthanthe solutionsobtainedwith othertechniques.
A similarideain a slightly differentcontext hasbeenalso
investigatedn [26], andit hasbeenreportedhattheevolu-
tionarydesignof decomposedircuitsis easier

To decompose circuit to smallersub-circuitsthat are
easierto evolve might be a difficult problem. This appears
to bethe casefor thedesignof binarymultiplier circuits. If
the evolved addercircuits usethe ripple-carry adder prin-
ciple widely usedin the corventionaldesign,the evolved
multipliersimplementthe correspondindpgic operationin
avery unusualway [14]. Perhapsuitablebuilding blocks
for the evolutionarydesignof digital circuits canbeidenti-
fied by looking at otherevolveddesigns.Theideahasbeen
suggesteth [14] andit definestheapproachundertalenin
this paper

The paperstudiesthe evolutionary designof combina-
tionalcircuits, particularlythethree-bitmultiplier circuit, in
which the basichuilding blocksare small sub-circuitsthat
are modulesinferred from other evolved designs. Again,
the evolutionary algorithmusedis CartesianGeneticPro-
gramming[13, 17] sinceit allowsto embednodulesof ary
sizewithin thegenotype Thescaledevolutionarydesignof
thethree-bitmultiplier is further consideredasa searchon
a fitnesslandscapd8], andthusit is shovn thatthe prin-
ciples of evolving this digital circuit [29, 31, 30, 14] are
scalable. To evolve digital circuits using bigger building
blocksis faster however this is alsoa disadwantage since
thenumberof gatesof theevolveddesigngrowsasthesize
of themodulesused.lt is aguedhoweverthattheresulting
redundang will beless,if the building blocksusedin the
scaledevolution of digital circuits are definedwith respect
themodularityof evolveddesignsThisis supportedy the
resultsreportechelow.

2. Cartesian GeneticProgramming

The evolutionary algorithmusedin the designof digi-
tal circuits is that adoptedin the framawork of Cartesian
GeneticProgrammingin which the genotypesare rectan-
gular arraysratherthan treesas definedin GeneticPro-
gramming[10]. The computationaimodel hasbeenpro-
posedin [13, 17, 14], simplified forms of which can be
tracedback to earlier attemptsof evolving electroniccir-
cuits [12, 18, 25, 16, 15]. The computationaimodel has
somesimilaritieswith othergraphbasedorms of Genetic
ProgramminguchasParallelDistributedGenetidProgram-
ming proposedy [21], andrepresenta dataflav graph[2].

2.1 The Evolutionary Algorithm
The algorithmdealswith a populationof programshat

areinstance®f a particularprogram. The populationcon-
sistsof 1 + A genotypesinitially the elementof the popu-

lation arechoserat random.Oncethe fitnessvaluesof the
genotypesreevaluateda mechanisnof populationupdate
is applied. The mechanisnof updateis implementecdby
truncationselectionand mutationthat hassimilaritieswith
other evolutionary techniquessuchas (1 + A) Evolution
Stratg)y [22, 1] andthe BreederGeneticAlgorithm [19].
To updatethe population,the mutationoperatoris applied
to thefittestgenotypeandhenceanoffspringis generated.
The offspring togetherwith the parentconstitutethe new
population. The mutationoperatoris definedas the per
centageof genesin a single genotypethat are to be ran-
domly mutated.The percentageisuallyis chosento result
in about3 mutatedyenegpergenotype.

2.2 The Genotype-Phenotypeviapping

To encodea programinto a genotype,a genotype-
phenotypemappingis defined.Thisis donevia rectangular
array of nodesthat may have multiple inputsand outputs.
The nodes(cells) representitomic functions,for instance
OR NOT, AND, etc. In generathearrayconsistof n x m
nodes;n; inputs,andno outputs. The inputsof the array
aretheinputsof therepresenteghenotypdhatimplements
the target function. Alternatively, the outputsof the array
representhe outputsof the phenotype.The inputsandthe
outputsof thearraytogethemwith theinputsandthe outputs
of thenodesareindexedby integersandthusthe routing of
thearrayis defined.

Theroutingis completelydefinedby theinternalconnec-
tivity andthe outputconnectity of thearray Theinternal
connectvity is specifiedby theconnectionbetweerthear-
ray cells. The inputsof eachcell areonly allowed to be
inputsof thearrayor outputsof the cellswith lowercolumn
numbers.The internalconnecwity is alsodependenbn a
levels-ba& parametethat determineghe arrayinputsand
cellsto which a cell or an array outputcan be connected.
Thelevels-backparameteis definedwith respecthelayout
of thearray Let L denotethe levels-backparameterThen
cellscanbe connectedo cellsfrom L precedingcolumns.
If the numberof precedingcolumnsof a cellis lessthan L
thenthecell canalsobeconnectedo theinputsof thearray

Thearrayoutputconnectvity is definedin asimilarway.
The outputconnectionf the arrayareallowedto be out-
putsof cellsor arrayinputs.Again, thisis dependentnthe
neighbourhoodiefinedby the levels-backparameter An
illustrationof the arrayof nodesis givenin Figurel.

Thegenotypds alinearstringof integersandit consists
of two differenttypesof geneshatareresponsibldor the
functionality andthe routing of the evolved array of cells.
Hencethegenotypés definedby four parametersf thear
ray: thenumberof allowedatomicfunctions the numberof
rows,thenumberof columnsandthelevels-back Thefirst
parametedefinesthe functionality of cells, while the lat-
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Figure 1. The phenotype is encoded within a
genotype by a rectangular array of cells.
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Figure 2. The genotype with respect the array
of cells (nodes) from Figure 1.

terthreeparametersleterminehelayoutandtheroutingof
thearray Notethatthe numberof inputsandoutputsof the
arrayarespecifiedoy theobjectivefunction. Thenodefunc-
tionsarerepresentetdy lettersassociatedavith the allowed
cell functionality The connectionsare definedby indexes
thatareassignedo all componentsf thearray particularly
thearrayinputsandthe nodeoutputs.Supposeghearrayas
givenin Figurel consistof cells eachof whichis afunc-
tion with p inputsandq outputs. Thenthe kt* arrayinput,
X4, is labelledwith £ — 1 for 1 < k < ny, while the kt*
outputof cell c¢;; is labelledwith an integer given by the
following expression

nf+(G-Dgn+(@E—-L)g+k-1 (1)

for1<i<n,1<j<m,andl < k < ¢q. Thegenotype
consistof groupsof p + 1 integersthatencodethe cells of
thearray followedby a sequencef integersthatrepresent
the indexesof the cell outputsconnectedo the outputsof
thearray Thefirst p valuesof eachgrouparetheindexesof
thenodeoutputsto whichtheinputsof theencodectell are
connectedThelastintegerof thegrouprepresentthefunc-
tion of the node. The genotypeepresentatiors illustrated
in Figure2. The genesare depictedwith filled rectangles
thatdiffer from eachotherin fill intensity Thedarkestrect-
anglesrepresenthe genesesponsibldor the functionality
of thelogic cells, the lessdark arethe genesfor the array

outputconnectionsandtheleastdarkarethe genedor the
internalconnectvity.

3. Evolving Digital Cir cuits and Modules

The genotype-phenotypeappingallows to encodea
digital combinationalcircuit into a genotypeand thus to
evolve novel andefficient designs.Basically the circuit is
treatedasa graphbasedccomputationamodelin which the
nodesare three-inputlogic cells eachof which represents
eitheratwo-inputlogic gateor anuniversal-logicgate(2-1
binary multiplexer). Thusthe genotypeconsistsof groups
of 4 integersthatencodehe cells of the array followed by
asequencef integersthatrepresentheindexesof thecells
connectedo the outputsof the array Thefirst 3 valuesof
eachgrouparetheindexesof thecellsto whichtheinputsof
theencodectell areconnectedwhile thelastintegerof the
grouprepresentthelogic gate.Thefitnessof agenotypéds
thenumberof correctoutputbits.

The allowedlogic gatesusedin the evolutionarydesign
of three-bitbinary multiplier circuits are AND, AND with
oneinputinverted,andXOR Thesearereferredto asgates
6, 7, and10, respectirely. Themostefficientevolveddesign
consistsof 23 two-inputgatesthatis 23.3% moreefficient
thanthe mostefficient corventionaldesign.Many 23 gates
solutionswerefound,andit wasrevealedthatthey arevery
similarin construction Oneof themis shavn in Figure3.
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Figure 3. An evolved three-bit multiplier cir-
cuit. The circuit consists of 23 two-input
gates: AND, XOR and AND with one input in-
verted.

A simple obsenation of the evolved 23 gatessolutions
revealedthat thereare sub-circuitsthat are typical for the
designgseealso[14, 28]). Thesearereferredto asmodules
andthey canbe classifiedin threegroups. The first group
representshe two-input gates. The secondgroup consists
of all possiblesub-circuitsof threegatesn whichtheoutput



of themoduleis takenfrom a gatewith inputsconnectedo
theothertwo gates An exampleof suchis module6 —6—10
shavn in Figure 3. The last group consistof two types
of sub-circuits. Thesearereferredto asmodulesE; and
E, (Figure3) andthey representogic functionsthat have
several differentcircuit implementationsThe instanceof
modulesE; and F, encounteredo far are shovn in Fig-
ures4 and5, respectiely. The outputsof moduleE; are

X, Yy X,
X1

Y, Y, Xo
Xo 0 Xo 0

Figure 4. Logically equivalent sub-circuits for
module E.

Y1 x2 v, X2
v
0 X

Figure 5. Logically equivalent sub-circuits for
module Es.

givenby thefollowing logic expressions

Yo=X00 X1 ®X> 2
and
1) WN=XoX) X10X: ®3)
(2) Vi=XdXe) - X180 X,

3) Yi=(X®X1) (Xo®Xs)
where“®” is XOR “-" is AND, andthe bar is inversion.
Notethatthelogic functionsof outputY; aredifferent,how-
everembodiedn thethree-bitmultiplier they represeniog-
ically equialentsub-circuits.Theoutputsof moduleE; are
givenby equation2 and

1 "
2 "

= X1 - (Xo ® X3) (4)
=X -Xo 0 X, © Xo.

Onceagain,outputY; isimplementedn two differentways.
Thelogic equivaleng is to beexpectedsincethisis oneway

to avoid the destructve effect of the non-beneficiamuta-
tionsduringtheevolutionarysearchThisis anadvantageof
the evolved designssincethey arecharacterisedvith fault
tolerance

4. Embedding Moduleswithin the Genotype

Thereare two main obstacleghat one may encounter
when attemptingto encodethe moduleswithin the geno-
typeandthusto evolve with biggerbuilding blocks. Firstly,
the moduleshave differentnumbersof inputsandoutputs.
Secondlytheevolveddesignsarecharacterisedith avery
high degreeof reuse. The latter refersto casesin which
inputs of two or more gatesare connectedo one preced-
ing gate. A possiblesolutionto theseproblemsis to de-
fine the building blockswith respectto the moduleswith
highernumberof inputsandoutputs.Iln additionthe num-
ber of outputsof eachbuilding block mustbe high enough
to allow the reuseof gatesfrom inside the block. This is
illustratedin Figure6. Thefigurerepresentthreeexamples
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Figure 6. The building blocks and the three
types of modules.

of building blockseachof which embodiesa modulefrom
a particularclass. Thusthe block in Figure 6arepresents
module10 thatis a two-input gate,the block in Figure6b
is module6 — 7 — 10 sinceit consistsof gates6, 7, and
10, andlastly, the block in Figure6c is module E; thatis
aninstancefrom thethird groupof sub-circuits(Figure4).
Notethatthe block shavn in Figure6b allows to reusethe
two-inputgatesrom insidethe module.

The building blocks are four-input cells that can be
arrangedin a rectangulararray and thus, by using the
genotype-phenotypmaappingdescribedn section? to con-
structthenew genotype Theallowedatomicfunctionsused
in this approacharegivenin Table1l. The mutationresults
in threerandomlymutatedgenesper genotype.Again the
fithessof a genotypeis the numberof correctoutputbits.
Thisis scaledin theinterval [0, 1]. In the experimentsbe-
low, the arrayconsistof 1 x 14 cells, andthe levels-back
parameters setto 14, andthetargetcircuit is the three-bit
multiplier.



Letter Module
6
7
10

6

7

1
21 6 —

6

6

6

22
24
25
31 Ey
32 Ey

Table 1. The atomic logic functions (modules)
used.

5. LandscapeStructure and Seaich

Theresultingfitnesslandscapés a productof threesub-
spacesvith differentcharacteristicsThesearethefunction-
ality, internal connectvity, and output connectvity land-
scapes. Hencethe underlying graphis the Generalised
Hamminghypercubea productof the threeconfiguration
spaces.The landscapés statisticallynon-isotropic. This
was revealedby measuringthe autocorrelatiorfunctions
from different starting points. The landscapestructureis
studiedon 1, 000 randomwalks with length 100, 000 per
configurationspace. The startingpointswere chosenran-
domlywith fitnessvaluesuniformly distributedin theinter-
val [0.5 : 1]. Thus1,000 time serieswere generatedor
eachfamily of landscapesit is importantto notethateach
randomwalk was performedwith respecthe studiedsub-
space.

5.1 Correlation Analysis

Thecorrelationstructureof thelandscapés investigated
by measuringthe autocorrelatiorfunctionsof time series
sampledon randomwalks [32, 23]. The autocorrelation
functionof time series{ f; }1, is givenby

_ Elfifers] = E[f]Elfris]
VIfi]

whereE[f;] andV[f;] aretheexpectatiorandvariancefe-
spectvely. Themeasureadutocorrelationareshavnin Fig-
ure?7. Thefigurerepresentshe averageautocorrelationsf
functionality, internalconnectwity, andoutputconnectvity
landscapeshat resultedfrom onepointmutation, and the
correspondingtandardleviations. Theresultsaredepicted
with scaledHammingdistanced/n, in the samemanneras
wasdonein [24].

The figure reveals that the output connectity land-
scapesare smootherand the internal connecwity land-
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Figure 7. Correlation structure: (a) average
autocorrelations, and (b) standard deviations
with scaled distance of (1) functionality, (2)
internal connectivity, and (3) output connec-
tivity landscapes.

scapesare moreruggedthanthe functionality landscapes.
Thisimpliesthatthestructureof theinvestigatedandscapes
is similar to the landscapestructurestudiedin the original
scenario[29]. When comparingthe plots of the autocor
relationfunctionsfor the two casesnon-scalecndscaled
evolutionarydesigns,onemay noticethatthe plots for the
internalandoutputconnectvity landscapearevirtually the
same. However, this is not the casefor the functionality
landscapesin the new scenaridnvestigatedn this paper
thefunctionalitylandscapearesmootherThisimpliesthat
by usingbuilding blocksinferredfrom evolveddesignsone
mayimprovetheevolutionarysearch.

The plots of the standarddeviations reveal how the
functionality, internalconnectvity, andoutputconnectvity
landscapearerelated.Againtheresultimpliescertainsim-
ilarities betweerthe two scenarios.Thefigure revealsthat



thesmoothessubspacés lessdependentn the structureof
theothertwo landscaped-However, the standardleviations
for themostruggedsubspacéthatis theinternalconnectv-
ity landscapelliffer from the correspondingesultfor the
non-scaledavolutionary design. The amplitudespectraof
the landscapesvere also measuredand it was found that
the numberof classef the amplitudespectraof internal
connectvity landscapess lessthanthe numberof classes
identifiedfor thefunctionalitylandscapesHoweverthis di-
vergencefrom the original scenariois slight andit might
be causedy thechangesn thearraylayoutandthelevels-
backparameter

5.2 Information Structure

H1(gpsilon)

S . .
0 0.1 0.2 0.3 0.4 0.5
epsilon

(@)

0.8

H2(gpsilon)

0.2 0.3 0.4 0.5
epsilon

(b)

Figure 8. Information structure: (a) informa-
tion function H,(g), and (b) information func-
tion Ha(e) of (1) functionality, (2) internal con-
nectivity, and (3) output connectivity land-
scapes.

Theinformationstructures studiedoy measuringhein-
formationcharacteristicen threerandomwalks,arandom
walk perconfiguratiorspacelt hasbeenshavn thatthein-
formationanalysiscanreveal aspectsmoothnessugged-
nessandneutralityof landscapef27, 14], andit is imple-
mentedby measuringhe informationfunctionsH; (&) and
H,(g) associatedvith the first and secondentropicmea-
suresrespectiely (see[14]). The measuredunctionsare
depictedn Figure8.

The figure revealsthat the structureof the fitnessland-
scapesfor both scenarios,non-scaledand scaledevolu-
tionary designs,have greatsimilarities. The landscapes
arecharacteriseavith neutralityandsharplydifferentiated
plateaus.Again, the neutrality prevails over the landscape
smoothnesand ruggednessnly for internal connectity
subspacesThe outputconnectvity landscapesrecharac-
terisedwith lessneutralitythanthe functionalityandinter-
nal connecwity landscapes.

6. Evolvability and Efficient Designs

Thusfar theresultsimply thatin generalthe principles
of evolving digital circuitsarescalable Thereforeto evolve
the three-bitmultiplier is expectedto be easiersincethe
building blocksare bigger[20]. Thisis revealedby com-
paring typical evolutionary runs for the two scenariosof
evolving thethree-bitmultiplier. Thescaledevolutionisim-
plementednanarrayof 1 x 14 cellsandlevels-backsetto
14. Theallowedatomicfunctionsarethesdistedin Tablel.
Thenon-scaledvolutionthatis theoriginal scenarids im-
plementednanarrayof 1 x 30 cellsandlevels-backequal
to 30. The allowed functionsare6, 7, 10, and 16 where
16 is abinarymultiplexer. Themultiplexeris theuniversal-
logic gate f1,(a,b,¢) = a-¢+ b - c asgivenin [3]. The
first evolutionaryrun gave a solutionin generatior897, 605
while the secondn generatiord, 629, 540. Thebestfitness
plotsof therunsaredepictedn Figure9. In termsof num-
berof generationsequiredto evolve the circuit, the scaled
evolutionarydesignappearedo be approximatelyl4 times
moreefficient.

The improvementis significanteven for scaledevolu-
tion. Note thatthe building blocksareslightly biggerthan
the cellsin the original scenariovherebinary multiplexers
wereused. Thesehave threeinputsandoneoutput, while
the cellsin the scaledscenariohave four inputsandthree
outputs. Possiblereasondor this significantimprovement
are the following: firstly, the building blocks are chosen
from evolveddesignsandsecondlythey allow thereuseof
gatesfrom insidethe modules.Thesecharacteristicef the
building blocks definean importantadvantagein the new
scaledscenarioThis concerngheissueof theefficiengy of
the evolved digital circuit in termsof numberof two-input
gatesused. The mostefficient three-bitmultiplier evolved
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Figure 9. Typical evolutionary runs for the two
scenarios: (a) scaled, and (b) non-scaled evo-
lutionary designs of the three-bit multiplier
circuit.

with binary multiplexers consistsof 14 two-inputsplus 7
multiplexersthatresultsin exactly 35 two-inputgateg14].
However, thedesignobtainedn thescaledevolutionaryrun
consistof 27 two-inputgategFigurell). Thisimpliesthat
the moduleschosenin this approachallow oneto evolve
moreefficientdesigndor thethree-bitmultiplier.

Many evolutionaryrunswereperformed.The mosteffi-
cientdesignobtainedthusfar wasthe circuit givenin Fig-
ure11. Althoughthe circuit is moreefficient thanthe con-
ventionaldesigni,it is still far away from the optimal solu-
tion for the three-bitmultiplier evolvedin [28] (Figure3).
A simplestudyof the structureof the evolveddesignleads
to anastonishingonclusion.Evolution builds the three-bit
multiplier by assemblinghe building blocks again,disre-
gardingthefactthatthesearealreadyavailable! Thisis il-
lustratedn Figure10. Thedepictectircuitis takenfrom the

Aol B

Figure 10. A sub-circuit taken from the
evolved three-bit multiplier shown in Fig-
ure 11.

evolvedthree-bitmultiplier showvn in Figure11. The shad-
owedgatesillustratehow evolution builds a half of module
E; (Figure4). Of coursethis resultsin the usageof some

extra gatesfor implementingthe otherhalf of the module.
This canalsobe obseredin the remainderof the circuit.
For instancemodule E; is usedin the implementatiorof
moduleEs;. Theoverlappingandthe strange reuseof mod-
ules are inevitable in the scaleddesignof digital circuits
andthey canonly be avoided by identifying modulesthat
aresuitablefor evolution. Suchmodulescanbe discerned
from evolvedcircuitsby studyingthe principlesof building
thelogic operatiorof thecircuits.

7.Conclusions

Large digital circuits aredifficult to evolve. A possible
way to solve this problemof scaleis to uselargercircuitsas
basicbuilding blocksandthusto evolve biggercircuits. The
mainadwantageof this approachs thatdigital circuitswith
scaledbuilding blocks are easierto evolve. The reasonis
of coursethe biggersizeof blocksused.The papershaved
thatthe structureof the resultingfitnesslandscapess sim-
ilar to the landscapestructuredefinedin the evolutionary
designwith two-input gates. This implies that the princi-
plesof evolving digital circuitsarescalable andtherefore,
theeffort requiredto evolve circuits of n blocksis invariant
to the sizeof theblocks.

Themajorimpedimenin scalingtheevolutionarydesign
of digital circuitsis the understandindgpow to definebuild-
ing blocksthataresuitablefor evolution. This problemwas
easilysolvedin thecaseof binaryaddercircuits[14]. It was
foundthata large efficient addercanbe designeddy using
adderof smallersizeashbuilding blocks.However, thisdoes
not appearto be the casefor the binary multiplier circuits,
particularlythe three-bitmultiplier.

In the corventionaldesignthe multiplier can be easily
built by applying the cellular multiplier principle of con-
structing multiplication by binary adders. However, the
evolved solutionsfor this combinationaktircuit differ from
the corventionaldesign.The multiplier circuit designedy
evolution doesnot use addersand multipliers of smaller
size. Therefore to definesuitablemodulesfor the design
of this particularcircuit is a very difficult task. Perhapshe
efficientmultiplier is a basiccomputationaunit thatis im-
possibleto represenby smallerblocks. The questionthat
ariseshereis how to scalethe evolutionarydesignof this
arithmeticcircuit? Theansweis probablyinsidethecircuit,
in the evolutionaryprinciple of multiplication. In itself the
problemdoesnotconcerronly themultiplier circuit design.
Thereareprobablyotherarithmeticandlogic functionsfor
which the mostefficient designscannotbe decomposedto
sub-circuits.Theseareall questiongor futureresearch.
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Figure 11. A three-bit multiplier circuit obtained by evolving evolvedmodules.
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