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Abstract

In this papernew geneticoperators are introducedthat
inherentlyavoid�oating terminalsandbrokenrouteswhile
evolvingtransistorcircuitsona CMOS�eld programmable
transistor array (FPTA). They are designedto facilitate
understandingand improve transferability of the resulting
circuits. Comparators and logic gates(AND, OR, XOR)
havebeenevolvedwith theproposedalgorithmandthere-
sultsare compared to correspondingexperimentsthat use
a straight forward implementationof thegeneticoperators.
Furthermore, netlistsareextractedfromtheevolvedcircuits
andsimulatedwith a SPICEsimulator. Thesimulationre-
sults are compared with measurementsperformedon the
chip.

1 Intr oduction

Genetic algorithms (GAs) and genetic programming
(GP)areusedin variousimplementationsfor analogcircuit
synthesis.Two fundamentalapproachesare widely used:
First, the evaluationof the evolving circuits is doneby a
software simulation,which is mostly in conjunctionwith
GP, or second,theevaluationis doneby con�gurablehard-
wareto which thegenotyperepresentationcanbemapped.
On theonehand,simulationoffersfull �e xibility to thecir-
cuit topologywhile hardwaresubstrates,e.g.analogarrays
(AAs) [8] [3], suffer from inherentconstraintsregardingthe
placingandroutingof thecomponents.On theotherhand,
valuableevaluationtime is signi�cantly higherfor software
simulationthanfor anAA thatprovidesthecircuitsoutput
almost instantly. Therefore,the philosophybehindusing
hardware-in-the-loopis to beableto processmoregenera-
tions in lesstime to compensatefor the �e xibility of soft-
wareandto obtaindirectly a readyto usecircuit.

Evolvablehardwareaimsto generatecircuitsfrom which
new ideasandconceptsof electronicdesigncanbederived.
To achievethisgoal,theproducedcircuitshaveto berobust
againstenvironmental in�uences and independentof the
evolutionsystem.Circuits— evolvedonAAs — tendto ex-
ploit inherentcharacteristicsof theparticularsubstrateand
thereforelack thedesiredproperties.Hence,mostevolved
circuits so far aredif�cult to understandandit is mostof-
tenimpossibleto transferthemto othertechnologies.In the
caseof AAs, which consistof identical functionalblocks
thatcanbeinterconnectedandcon�gured in variousways,
this is dueto commonlyusedstraightforwardimplementa-
tionsof theGA: Themutationoperation�ips randomcon-
�guration bits andthe crossover copiespartsfrom onein-
dividual to anotherwithout takingtheenvironmentinto ac-
count. For our representationof the genotypethis means
enablingor disablingrandomconnectionsandrandomcon-
�guration of thetransistors.This leadsto circuitsthatcon-
tain a largenumberof �oating terminalsanddiscontinuous
routing.To overcometheseproblems,geneticoperatorscan
be implementedthat containknowledgeaboutthe pheno-
type structure( [10] describesan approachof introducing
knowledgeto theevolution process).For example,thege-
neticalgorithmcanevolve circuits following theconstraint
of avoiding �oating nodes.Otherapproachesaremadeus-
ing knowledgeaboutcircuit designitself (methodsof auto-
matedcircuit designandcurrent-�ow analysisareapplied
in [5] and[7]). Anotherpossibility is to grow circuitsfrom
smallunitseitherby consecutively connectingtheavailable
inputs and outputsas describedin [6], or by using a GP
representationasintroducedin [2].

In this papernew geneticoperatorsare introducedthat
inherentlyavoid �oating terminalsandbrokenrouteswhile
mutatingthe circuit. The GA that usesthe new operators
is referredto astheTurtle GA throughoutthis paper. Thus,
in caseof the FPTA, the main featureof the Turtle GA is



to producecircuitsthatarereducedto relevantcomponents
and thereforeare easierto understandaccordingto engi-
neeringcriteria. SPICEnetlists[9] of the evolved circuits
aregeneratedandsimulatedoutsidethe FPTA. The simu-
lation resultsarecomparedwith the measurementson the
chip. In orderto beableto derivenew designconceptsand
generallyreusablesolutionsfrom evolvedFPTA circuits,it
is necessaryto accuratelyevaluatethem.

The �rst taskis to evolve logic gates(AND,OR,XOR),
which hasbeensuccessfullydonein previousexperiments
[4] with a straight forward implementationof the GA.
Therefore,the logic gates— especiallythe AND / OR —
aresuitablefor testingtheTurtle GA. Thesecondtaskis to
evolve comparators.This is not only interestingbecauseit
is quitedif�cult to �nd goodsolutions,but also,contraryto
the logic gates,the problemis of analognature. Further-
more, to the authorsknowledgea comparatorhasnot yet
beensuccessfullyevolved. The performanceof the Turtle
GA is comparedto thestraightforward implementationof
the GA usedin [4], which is referredto as the Basic GA
throughouttherestof this paper.

2 EvolvableHardwareSystem

The evolution system[3] consistsof threeparts: First,
the FPTA that hoststhe con�gurableCMOS transistorar-
ray. Second,a controller for uploadingthe individuals to
theFPTA, applyingthetestpatternsandmeasuringtheout-
puts.Third, a PCthat runstheGA andcon�guresthecon-
troller. Thus,thePCgeneratestheanalogtestpatternsthat
areto beappliedto theFPTAs inputsandtransfersthemto
theRAM of thecontroller. Subsequently, theindividuals—
representingcon�gurationstringsfor thetransistorarray—
aretransferredto thecontroller;it con�gurestheFPTA and
measuresthe outputof the currentindividual by usingthe
previouslyde�ned testpatternsasinput. Oncethemeasure-
mentis completed,thePCreadsbacktheresultsandcalcu-
latesthe�tnessvalueof thecorrespondingindividual. After
thewholegenerationhasbeenevaluated,theGA createsthe
new generationout of the currentone. Thesecomponents
providearealtimetestenvironmentfor theevolvedcircuits.

For aneasierunderstandingof how thepresentedimple-
mentationof theGA works,acloserdescriptionof thetran-
sistorarrayis necessary:Thearrayconsistsof 16x16con-
�gurable CMOS transistorcells (Fig. 1). Half of the cells
aredesignedasprogrammablePMOSandNMOS transis-
torsrespectivelyandarearrangedin acheckerboardpattern.
Width W andlengthL of eachtransistoris adjustablewithin
wide ranges(W = 1; 2; :::; 15� m, L = 0:6; 1; 2; 4; 8 � m).
Its terminals(source,drain andgate)canbe connectedto
oneof thecellsoutsideconnections(N,S,W,E),vddor gnd.
Additionally, it is possibleto directly connectthe nodes
(N,S,W,E) to eachother, which providesrouting capabili-
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Figure 1. The bloc k diagram of an FPTA MOS
transistor cell.

ties. Owing to thefour nodesavaliablefor routingandter-
minal connections,onecell mostlyserveseitherastransis-
tor cell or routing cell. However, both capabilitiesarenot
separated.Thearrayis enclosedby IO cells thatcanapply
voltagesto thebordercellsor measuretheoutputvoltages
of theevolvedcircuit. Pleaserefer to [3] for a detailedde-
scriptionof theFPTA.

3 The GeneticAlgorithms

3.1 Operation Principle of the Turtle GA

Only circuitswithout�oating nodescanbeextractedinto
netlistsandtransferredto othertechnologies.As a matter
of course,thegeneticoperatorsthatarecalledby theTurtle
GAhaveto ensurethatnonodeor terminalremainsdiscon-
nected.TheTurtle GA is a recursivealgorithmthatfeatures
theseproperties.It 'draws'—analogto a GraphicsTurtle—
randompartsof a circuit directly on the phenotyperepre-
sentationof the transistorarray. The changesmadeby the
Turtle GA arethenmappedbackto thegenotype.For each
arisingopenendthealgorithmis recursively calleduntil the
destinationnodeno longerrepresentsa �oating terminalor
openroute.Threegeneticoperatorsareavailable:Onemu-
tationoperator(randomwires) andtwo crossoveroperators
(implantingof foreigncellsandlogic OR). TheW/L values
of thetransistorsareindependentlychangeddueto a given
mutationrate.

3.1.1 RandomWir es(Mutation)

Themutationoperatorrandomlyselectsanoutsidenodeof
an arbitrarycell to be the startingpoint for the algorithm.
For sucha nodeboth, the cell and the adjacentneighbor
cell, provide six possibleconnections:Threerouting con-
nectionsto theremainingoutsidenodesandthreeterminal
connectionsto the transistornodes.Nodesarerecursively
connectedto (or — in erasemode— disconnectedfrom) its



StartRandomWire

if

elseif

endif

if

elseif

endif

(){

RandomSelectTransistorCell()
RandomSelectStartNode( return N,S,W or E )
RandomSelectDestNode ( return N,S,W,E or

Gate,Source,Drain )

(StartNode is connected to DestNode)
gaMode:=erase
EraseConnection()

(not connected)
gaMode:=create
EnableConnection()

(DestNode is N,S,W or E)
RecurseRandomWire (gaMode,DestNode)

(DestNode is transistor terminal)
RecurseRandomTerminal (gaMode,DestNode)

RecurseRandomWire (gaMode,CurrentNode)
}

RecurseRandomWire

if

if

else

endif
else

if

else

endif
endif

if

elseif

endif

(gaMode,DestNode){

(gaMode is erase)
RandomDecideWheterToProceed( return stop )

(No of node connects $=0$ or $=2$ or stop$=$TRUE)
End recursion and return.

RandomSelectConnectedDestNode ( return N,S,W,E
or Gate,Source,Drain )

EraseConnection()

(No of node connects>1)
End recursion and return.

RandomSelectNotConnectedDestNode ( return N,S,W,E
or Gate,Source,Drain )

EnableConnection()

{DestNode is N,S,W or E}
RecurseRandomWire (gaMode,DestNode)

{DestNode is Gate, Source or Drain}
RecurseRandomTerminal (gaMode,DestNode)

}

arbitraryneighboruntil thecircuit is closedagain.Theba-
sicoperationprincipleof themutationis describedin pseu-
docode(Fig. 2). An exampleof how themutationoperator
enablesonetransistorandcorrespondingrouting is shown
in Fig. 3. In the following, only connectedtransistorsare
shown in Fig. 3, 4 and 5.

3.1.2 Implanting a ForeignBlock of Cells (Crossover)

Theimplantingcrossoveroperatorprocessestwo stages:In
the�rst stage,a crossoverpartneris selected,from whicha
randomlysizedandpositionedrectangularblock of cells is
copiedto thecurrentindividual(Fig. 4 A+B). Sincethisop-
erationin generalbreaksthelayoutof thepreviously intact
circuit, the secondstagetakescareof �xing the occurring
�oating nodesaccordingto theFPTAs structureasshown in
Fig. 4 C. Theimplementationis describedin Fig. 2.

3.1.3 Logic OR of Indi viduals (Crossover)

Thelogic ORcrossoveroperatorcalculatesthelogic ORof
theselectedcrossover partnerandthecurrentindividual as
canbeseenfrom Fig. 5. Thus,thefeaturesof bothindivid-
ualsarecombined.If a transistoris presentin bothcircuits,

RecurseRandomTerminal

for

if

else

endif

endfor

(gaMode,DestNode){

(Both remaining nodes (terminals))
RandomSelectDestNode ( return N,S,W,E )

(gaMode is erase)
EraseConnection()

EnableConnection()

RecurseRandomWire (gaMode,DestNode)

}

CrossImplant

forall
if

endif
endfor

(){
RandomSelectTwoIndividuals();
RandomSelectBlockOfCells from Ind.2 (return Block;);
InsertBlockOfCells into Ind.1 ();

(BorderNodes)
(NoNodeConnections==1)

StartRandomWire();

}

CrossLogicOR

forall
if

endif
enfor

(){
RandomSelectCrossPartner();

(Terminals and Routes)
(Connection enabled in Ind.1 OR Ind.2)

EnableConnection() in offspring;

}

Figure 2. Pseudocode implementation of the
genetic operator s of the Tur tle GA.

the W/L valuesare taken from the currentindividual. In
Fig. 2 theimplementationis describedin pseudocode.

Applied to highly diverseindividuals, this resultsin a
strongimpactontheindividualsstructure.Ontheonehand,
this usuallychangesthecircuitsoutputcompletely. On the
other hand,sincethe logic OR doesnot destroy previous
structures,it enrichesthediversityof theindividualswithin
the populationand is thereforehelpful in avoiding local
minima.

3.2 The BasicGA

TheBasicGAis morecloselydescribedin [4] andbased
onasimplegeneticalgorithmintroducedin [1].

X

Figure 3. Principle of the Random Wires Op­
erator . The star t node is marked with an X.
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Figure 4. Principle of the implanting
crosso ver operator .

OR

Figure 5. Principle of the logic OR crosso ver.

Themutationoperatorrandomlychangesevery connec-
tion in everycell of anindividualdueto aprobabilitygiven
by themutationrate.

The crossover operatorworks on cell level and inserts
a rectangularblock of cells of a selectedcrossover partner
into the currentindividual. Sizeandpositionof the block
arerandomlychosen.The executionof the crossover op-
eratoris adjustedby a probability given by the crossover
rate.

3.3 GA Parameters

Tournamentselectionwith atournamentsizeof 7 is used
in thepresentedexperiments.Crossoverandmutationrates
arecalculatedproportionallyto the candidatescurrent�t-
ness. Scalingdown the ratesprovideshigh mutationand
crossoverprobabilitiesfor fastexplorationin thebeginning
of evolution and low probabilitiesfor �ne tuning of the
circuit when a good solution is found. The GA parame-
tersusedthroughoutthepresentedexperimentsarelistedin
Tab. 1. The '–' indicatesthat theoperationis not available
to therespectiveGA.

4 Experimental Setup

An areaof 7 � 7 (8 � 8) transistorcells is usedfor all
experiments.Thecircuitsinputsareappliedto thewestside
while theoutputvoltageis measuredon thesouthside.The
GA parametersaresetaccordingto Tab. 1 andin all cases
30evolutionrunsarecarriedout. All experimentshavebeen
performedwith both,theBasicGAandtheTurtle GA.

GA Parameter logic gates comparators
basic/turtle basic/turtle

gen.size 50 50
no.of gen. 20000 20000

mut. fraction 0.6 0.6
mut. rate 4 . . .0.8%/ – 4 . . .0.8%/ –

rand. wires rate – /2.5 . . .0.5% – /1.25. . .0.25%
cross. fraction 0.6 0.6

cross. rate 1 . . .0.2% 1 . . .0.2%
cross. blocksize 4x4 4x4
cross. rate(OR) – /1 . . .0.2% – /1 . . .0.2%

Table 1. Genetic algorithm parameter s used
thr oughout the presented experiments.

4.1 Experimental Setupfor the Logic Gates

In theseexperiments,the task is to evolve one of the
more complex logic gates,namelyAND, OR and XOR.
The output target voltagehad to be Vout = 0V (= logic
zero)or Vout = 5V (= logic one)dependingon the com-
putationalresultof Vin1 AND (OR,XOR) Vin2. A setof ten
curves,eachconsistingof 64samplevoltages,is usedin the
testpatterndepictedin Fig. 6. The transitionregion is not
consideredduringevolution in orderto facilitatethesearch
for goodsolutions. This is admissible,becausethe speci-
�cation of logic gatesdemandsa fastandcorrectdecision
dependingondigital inputvoltagesthatareoutsidethetran-
sition region, e.g. Vin1/2 < 2V andVin1/2 > 3V. This test
patternis only usedduringevolution. For testing,thevolt-
agesin thetransitionregion aremeasuredaswell to obtain
thefull characteristiccurveof theoutputvoltage.

4.2 Experimental Setupfor the Comparators

The task is to evolve a comparator. That is, the output
target voltage has to be Vout = 0V if Vin1 < Vin2 and

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5
0

0.5
1

1.5
2

2.5
3

3.5
4

4.5
5

V
sweep

 [V]

v se
t [V

]

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5
0

0.5
1

1.5
2

2.5
3

3.5
4

4.5
5

V
sweep

 [V]

v se
t [V

]

Figure 6. Input volta ge pattern used for com­
parator s (left) and logic gates (right).



Vout = 5V if Vin1 > Vin 2. A set of seven curves,each
consistingof 90 samplevoltages,is usedin the test pat-
tern illustratedin Fig. 6. The switching points are set to
Vset = 1; 1:5; 2; : : : ; 4V. Within a rangeof Vset � 1V the
densityof thesamplepointsfor Vsweepincreasestowardsthe
switchingpoint. Thereby, a highemphasison thetransition
region is achieved.Theincreasingdensityof samplepoints
is shown in Fig. 6, left. Theremainingrangeis coveredby
equallyspacedsamplepoints. For measuringthe voltage
characteristics,a continuouslinear rampis usedfor Vsweep

(in stepsof 20mV) in orderto facilitatecalculationof RMS,
offsetandgain.

4.3 FitnessCalculation

Different�tness functionsareusedfor the evolution of
logic gatesand comparators. In all �tness functions the
rangeof Vtarget � Vout = 0: : : 5V is divided into 11 in-
tervals, theupperlimits of which representa thresholdfor
additionalpenalties. The penaltyschemesof both �tness
functionsareillustratedin Fig. 7. Finally, the �tness value
is calculatedasfollows:

�tness =
#samplesX

i =1

penaltyi : (1)
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Figure 7. Fitness penalty for each sample .
Left: logic gates. Right: comparator s.

For calculatingthe penaltyin caseof the comparators,
theabsolutevalueof Vtarget � Vout is taken. This makesthe
GA exploit evensmallchangesof theoutputaslong asthe
�tness is high andpreserve foundsolutionsif it is low. For
thelogic gatestheabsolutevalueof Vtarget � Vout is quadrat-
ically weighted. Otherwise,for problems(e.g. the AND
gate)with nonequallydistributedstates,thecaseof all out-
put voltagesstuckat 0V (logic zero)would resultin a bet-
ter �tness thanall at5V (logic one).Dependingonhow the
GA exploresthesolutionspace,thiswouldalreadyresultin
a localminimumright in thebeginning.

In orderto make thealgorithmmorestableunderthein-
�uence of noiseand�uctuations of theanalogoutput,dis-
crete�tness functionsareused.The �rst andlast intervals

aresetto Vthresh = 0:04V andVthresh = 4:96V considering
the precisionof the appliedvoltages. Measurementshave
shown thata precisionof at least8 bits canbeassumedfor
themeasurements.

Additionally, in all experimentsminimizationof usedre-
sourcesis includedin the�tness by addingextrapenalty. In
thephaseof explorationminimizingtheresourceswouldbe
counterproductive. Hence,below a �tness thresholdof 500
for thecomparatorsand700for thegatesanoffsetpenalty
of 1� no. of usedroutes+ 2� no. of usedtransistorsis
added.Themaximumoffsetpenaltyis calculatedby insert-
ing the amountof all available resources.By settingthe
additionalpenaltyto themaximumabove this threshold,it
is ensuredthatabetter�tness alwaysrepresentsabettercir-
cuit. In the presented�tness valuesthe offset penalty is
replacedby the penaltycalculatedfrom the actuallyused
resources.

4.4 Simulation Setup

Spicenetlistsare extractedfrom the circuits that have
beenevolvedwith the Turtle GA. The simulationsarecar-
ried outwith theSPICE3simulator, describedin [9]. Basic
transistormodelsare usedfor computationand the resis-
tanceof the switchesis approximatedby its meanvalue.
Theinput voltagepatternscorrespondto thoseusedfor the
on-chiptestmeasurementsof the logic gatesandthecom-
paratorsrespectively.

5 Evolution Resultsof the Logic Gates
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Figure 8. Results for the evolution of diff erent
logic gates using both GA representations.

The rangeof �tness valuesof the logic gatescovers
0: : : 7040. Eachrun is initialized with a randomgenera-
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Figure 9. Volta ge characteristics of the best
evolved logic gates (AND, OR, XOR).

tion andmostindividualsstartwith a �tness valueof about
3500. The�tnessvaluesof theexperimentsareshown in the
histogramsin Fig. 8. As observedin otherexperiments[4],
theXOR is themostdif�cult of thepresentedlogic gatesto
evolve. Neitherof the algorithmsis ableto �nd goodso-
lutions for it. Contraryto that, both algorithmssucceeded
in reliably �nding solutionsfor theAND andtheOR.Con-
sideringthe pure �tness values,the Basic GA performed
slightly betterin evolving ORgatesthantheTurtle GA.

For both algorithmsall experimentsendedwith similar
�tness values,wherethebestarein theorderof 50 for the
AND / OR andin theorderof 200for theXOR. As canbe
seenfrom Fig. 9, the measuredoutputvoltageschemesof
thebestcircuitslook quitesimilar for theBasicGAandthe
Turtle GA.

Duringevolution,thesamplesof thetestpatternareran-
domly appliedwith a frequency of 0:25MHz which cor-
respondsto switchingthe outputat leastwithin 4 � s. The
bestlogic AND / OR (Fig. 9) arealsoperformingwell un-
dera testfrequency upto 0:9MHz andthereforeareableto
switchwithin 1:1 � s.

5.1 Comparisonof the Resultsof Both GAs

With regard to the usedresources,it canbe seenfrom
Fig. 11 thatthecircuitsproducedby theTurtle GA aresub-

stantiallyimprovedcomparedto thesolutionsfoundby the
Basic GA. On average,the circuits evolved with the Tur-
tle GA useonly one-quarterof the transistorsthan those
evolved with the Basic GA at comparableRMS error. It
is expectedthatcircuits(netlists)with lesscomponentsand
circuits that are proven to operateon the chip as well as
in simulationcan be easierconvertedto humanreadable
schematics.Therefore,suchcircuitswill beeasierto under-
standaccordingto engineeringcriteria. The�rst two steps
aresuccessfullydoneby theTurtle GA.

5.2 Simulation Resultsfor the Logic Gates
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Figure 10. Comparison of the evolution re­
sults and the corresponding cir cuit sim ula­
tions.

The simulationresultsof the logic gatesarecompared
with theon-chipmeasurementsin Fig. 10. For all evolved
gatesthe simulationresultsareworsethanthoseobtained
from themeasurementon theFPTA. As simulationshows,
about30%of thegatesdo not work at all outsidethe tran-
sistorarray. Despiteof that,thebestlogic gatesperformat
leastsimilar in simulationandon theFPTA. In caseof the
AND gatethesimulationresultscorrespondnearlyperfectly
to the measurement.The simulationresultsof the voltage
characteristicsareshown in Fig. 11.

6 Evolution Resultsfor the Comparators

For thecomparatorstherangeof the�tnessvaluescovers
0: : : 6930. Theobservedinitial �tness of eachindividual is
about3500andall runsarestartedwith a randomgenera-
tion.

The �tness valuesof the experimentsareshown in the
histogramsin Fig. 12. As can be seen,it is possibleto
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evolvegoodcomparatorswith eitherof theGAsconsidering
thepure�tness value.
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Figure 12. Results for the evolution of com­
parator s with both GA representations.

Sinceall experimentsendedwith similar �tness values
wherethe bestarein theorderof 200, the voltagecharac-
teristicslook quite similar as well. The measuredoutput
voltagesof thebestevolvedcircuitsareplottedin Fig. 13.
The comparatorevolved with the Turtle GA hasa gain of
65 � 33; the oneevolved with the BasicGA of 90 � 25.
Takingtheerrorsinto account,thegainof thecomparators
is similar. Bothhaveanoffsetof at most20mV whichcor-

respondsto theavailableaccuracy. Gainandoffsetarecal-
culatedastheaveragevalueof thesetof curves.
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Figure 13. Volta ge characteristics of the best
evolution run for the comparator s.

During evolution the test pattern is randomly applied
with a frequency of 0:2MHz which ensuresa settlingtime
of at least5 � s. Thebestcircuits (Fig. 13) performequally
well whenusinga testfrequency of 0:8MHz andtherefore
featurea settlingtimeof 1:3 � s.

6.1 Comparisonof the Resultsof Both GAs

Onceagain,with regardto the resourcerequirement,it
canbe seenfrom Fig. 15 that thecircuits producedby the
Turtle GA areextensively improvedcomparedto the solu-
tions foundby theBasicGA. On average,thecomparators
evolvedwith theTurtle GAuseonly one-thirdof thetransis-
torsallocatedby theBasicGAatequalRMSerror. Thus,the
Turtle GAachievedto minimizethenumberof usedtransis-
torsandroutesin caseof thecomparatorsandthelogicgates
describedin Sect.5.1.

6.2 Simulation Resultsfor the Comparators
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Figure 14. Comparison of the evolution re­
sults and the corresponding cir cuit sim ula­
tions.

The histogramshown in Fig. 14 comparestheRMS er-
rorsof theevolvedcircuitsobtaineddirectly from themea-
surementon theFPTA with thosecalculatedfrom thesim-
ulation result. As expected,the circuits performworsein
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Figure 15. Left: Comparison of the RMS er­
ror over the no. of used transistor s for both
GA representations. Right: Volta ge charac­
teristic of the comparator featuring the best
�tness in sim ulation.

simulationthanin measurement.Two circuitswith anRMS
Errorof about1400mV did notwork at all in simulation.

However, ascanbeseenfrom Fig. 15, thevoltagechar-
acteristicof thebestcomparatoris similar to thatshown in
Fig. 13. Thegainis still 30 � 15, while theoffsethasdou-
bled 0:06 � 0:06V. This is a promisingresult,becauseit
suggeststhat even morecomplex circuits canbe extracted
into netlistsandsimulated.

7 Conclusionsand Future Work

A GA with new geneticoperators— the Turtle GA —
is introducedandcomparedwith a straightforward imple-
mentationof the GA. Comparatorsand logic gateshave
beensuccessfullyevolvedwith bothalgorithms.While the
voltagecharacteristicsof the bestcircuits performequally
well in bothcases,theTurtle GA substantiallyreducedthe
requiredresourcesin all experiments;the numberof used
transistorsdecreasedon averageabout70%. The fact that
theTurtle GAachievedto reduceresourceallocationin both
casessuggeststhatsuccessfulapplicationis notrestrictedto
a speci�c problem.With thehelpof theTurtle GA, �oating
gatesanddiscontinuousrouting canbe inherentlyavoided
in the evolvedcircuits. Therefore,theevolvedcircuits are
extractedinto netlistsand simulated. The simulationre-
sults are comparedwith the on-chip measurements.The
comparatorsperformedslightly worse,whereassomeof the
logic gatesdo not work in simulation. Nevertheless,the
bestcircuitsperformedwell in both,simulationandon-chip
measurements.Thus,it hasbeenproventhat it is possible
to evolve circuits on the FPTA which canbe transferedto
othertechnologieswith thenew implementationof theGA.
Futurework will be doneto �nd a moreaccurateequiva-
lent circuit for theFPTAs cellsto furtherimprovethequal-
ity of simulationsof evolvedcircuits. Additionally, human
readableschematicswill begeneratedto advancetheunder-

standingof thecircuitsaccordingto engineeringcriteria.
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