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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
undestandingand improve transferbility of the resulting
circuits. Compaators and logic gates(AND, OR, XOR)
havebeenevolvedwith the proposedalgorithmandthere-
sultsare compaed to correspondingexperimentshat use
a straight forward implementatiorof the geneticoperators.
Furthermoe, netlistsare extractedfromtheevolvedcircuits
and simulatedwith a SPICEsimulator Thesimulationre-
sults are compaed with measuementsperformedon the
chip.

1 Intr oduction

Genetic algorithms (GAs) and genetic programming
(GP)areusedin variousimplementationgor analogcircuit
synthesis. Two fundamentalpproachesire widely used:
First, the evaluationof the evolving circuits is doneby a
software simulation, which is mostly in conjunctionwith
GR or secondthe evaluationis doneby con gurablehard-
wareto which the genotyperepresentatioecanbe mapped.
Ontheonehand,simulationoffersfull e xibility to thecir-
cuit topologywhile hardwaresubstratesg.g. analogarrays
(AAs) [8] [3], suffer from inherentconstraintsegardingthe
placingandrouting of the componentsOn the otherhand,
valuableevaluationtime is signi cantly higherfor software
simulationthanfor an AA thatprovidesthe circuits output
almostinstantly Therefore,the philosophybehind using
hardware-in-the-loops to be ableto processnoregenera-
tionsin lesstime to compensatéor the e xibility of soft-
wareandto obtaindirectly areadyto usecircuit.

Evolvablehardwareaimsto generateircuitsfrom which
new ideasandconceptof electronicdesigncanbederived.
To achievethis goal,the producectircuitshave to be robust
againstervironmentalin uences and independenif the
evolutionsystem.Circuits— evolvedon AAs — tendto ex-
ploit inherentcharacteristicef the particularsubstrateand
thereforelack the desiredproperties.Hence,mostevolved
circuits so far aredif cult to understandéndit is mostof-
tenimpossibleto transferthemto othertechnologiesin the
caseof AAs, which consistof identical functional blocks
thatcanbe interconnecte@dndcon guredin variousways,
thisis dueto commonlyusedstraightforwardimplementa-
tions of the GA: The mutationoperationips randomcon-

guration bits andthe crosseer copiespartsfrom onein-
dividual to anothemwithout takingthe ernvironmentinto ac-
count. For our representatiomf the genotypethis means
enablingor disablingrandomconnection@ndrandomcon-
guration of thetransistors.This leadsto circuitsthatcon-
tain alargenumberof oating terminalsanddiscontinuous
routing. To overcometheseproblemsgeneticoperatorgan
be implementedthat containknowledge aboutthe pheno-
type structure( [10] describesan approachof introducing
knowledgeto the evolution process).For example,the ge-
neticalgorithmcanevolve circuits following the constraint
of avoiding oating nodes.Otherapproachearemadeus-
ing knowledgeaboutcircuit designitself (method<of auto-
matedcircuit designand current- ow analysisare applied
in [5] and[7]). Anotherpossibilityis to grow circuitsfrom
smallunitseitherby consecutiely connectinghe available
inputs and outputsas describedin [6], or by usinga GP
representatioasintroducedn [2].

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



to producecircuitsthatarereducedo relevantcomponents
and thereforeare easierto understandaccordingto engi-
neeringcriteria. SPICEnetlists[9] of the evolved circuits
are generatedand simulatedoutsidethe FPTA. The simu-
lation resultsare comparedwith the measurementsn the
chip. In orderto beableto derive new designconceptsand
generallyreusablesolutionsfrom evolved FPTA circuits, it
is necessaryo accuratelyevaluatethem.

The rst taskis to evolve logic gates(AND,OR,XOR),
which hasbeensuccessfullydonein previous experiments
[4] with a straight forward implementationof the GA.
Therefore the logic gates— especiallythe AND / OR —
aresuitablefor testingthe Turtle GA. The secondaskis to
evolve comparatorsThis is not only interestingbecauset
is quitedif cult to nd goodsolutionsbut also,contraryto
the logic gates,the problemis of analognature. Further
more, to the authorsknowledgea comparatothasnot yet
beensuccessfullyevolved. The performanceof the Turtle
GAis comparedo the straightforward implementatiorof
the GA usedin [4], which is referredto asthe Basic GA
throughoutherestof this paper

2 Evolvable Hardware System

The evolution system[3] consistsof threeparts: First,
the FPTA that hoststhe con gurable CMOS transistorar-
ray. Second,a controllerfor uploadingthe individualsto
theFPTA, applyingthetestpatternsandmeasuringhe out-
puts. Third, a PCthatrunsthe GA andcon guresthe con-
troller. Thus,the PC generateshe analogtestpatternghat
areto be appliedto the FPTAs inputsandtransferghemto
theRAM of thecontroller Subsequentltheindividuals—
representingon gurationstringsfor thetransistorarray—
aretransferredo the controller;it con guresthe FPTA and
measureshe outputof the currentindividual by usingthe
previously de ned testpatternsaasinput. Oncethemeasure-
mentis completedthe PCreadsbacktheresultsandcalcu-
latesthe tness valueof thecorrespondingndividual. After
thewholegeneratiorhasbeenevaluatedthe GA createghe
new generatiorout of the currentone. Thesecomponents
providearealtimetestervironmentfor theevolvedcircuits.

For aneasiemunderstandingf how the presentedmple-
mentatiornof the GA works,a closerdescriptiorof thetran-
sistorarrayis necessaryThe array consistsof 16x16con-
gurable CMOS transistorcells (Fig. 1). Half of the cells
aredesignedas programmabld®MOS and NMOS transis-
torsrespectiely andarearrangedn acheclerboardoattern.
Width W andlengthL of eachtransistoiis adjustablevithin
widerangeqW = 1;2;::;15 m,L = 0:6;1;2;4;,8 m).
Its terminals(source,drain and gate)can be connectedo
oneof thecellsoutsideconnectiongN,S,WE), vdd or gnd.
Additionally, it is possibleto directly connectthe nodes
(N,S,WE) to eachother, which providesrouting capabili-
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Figure 1. The block diagram of an FPTA MOS
transistor cell.

ties. Owing to the four nodesavaliablefor routingandter-

minal connectionspnecell mostly seneseitherastransis-
tor cell or routing cell. However, both capabilitiesare not
separatedThearrayis encloseddy 10 cellsthatcanapply
voltagesto the bordercells or measurehe outputvoltages
of the evolvedcircuit. Pleasaeferto [3] for a detailedde-
scriptionof the FPTA.

3 The GeneticAlgorithms
3.1 Operation Principle of the Turtle GA

Only circuitswithout oating nodescanbeextractednto
netlistsandtransferredo othertechnologies.As a matter
of coursethegeneticoperatorghatarecalledby the Turtle
GA have to ensurghatno nodeor terminalremainsdiscon-
nected.The Turtle GAis arecursve algorithmthatfeatures
thesepropertieslt 'dravs'—analogto a GraphicsTurtle—
randompartsof a circuit directly on the phenotyperepre-
sentationof the transistorarray The changesnadeby the
Turtle GA arethenmappedackto the genotype.For each
arisingopenendthealgorithmis recursvely calleduntil the
destinatiomodeno longerrepresents oating terminalor
openroute. Threegeneticoperatorsaareavailable: Onemu-
tationoperatorrandomwireg andtwo crosseer operators
(implantingof foreigncellsandlogic OR). The W/L values
of thetransistorsareindependentichangedueto a given
mutationrate.

3.1.1 RandomWires(Mutation)

The mutationoperatorandomlyselectsan outsidenodeof
an arbitrary cell to be the startingpoint for the algorithm.
For sucha nodeboth, the cell and the adjacentneighbor
cell, provide six possibleconnections:Threerouting con-
nectionsto the remainingoutsidenodesandthreeterminal
connectiongo the transistomodes. Nodesarerecursvely
connectedo (or— in erasamode— disconnecteérom) its



StartRandomWire  (){

RandomSelectTransistorCell()

RandomSelectStartNode( return N,S,W or E )

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

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

elseif (not connected)
gaMode:=create
EnableConnection()

endif

if (DestNode is N,S,W or E)
RecurseRandomWire (gaMode,DestNode)
elseif  (DestNode is transistor terminal)
RecurseRandomTerminal (gaMode,DestNode)
endif

RecurseRandomWire (gaMode,CurrentNode)

RecurseRandomWire (gaMode,DestNode){
if (gaMode is erase)
RandomDecideWheterToProceed( return stop )
if  (No of node connects $=0$ or $=2% or stop$=$TRUE)
End recursion and return.
else
RandomSelectConnectedDestNode ( return N,S,W,E
or Gate,Source,Drain )
EraseConnection()
endif
else
if  (No of node connects>1)
End recursion and return.
else
RandomSelectNotConnectedDestNode ( return N,S,W.E
or Gate,Source,Drain )
EnableConnection()
endif
endif
if {DestNode is N,S,W or E}
RecurseRandomWire (gaMode,DestNode)
elseif ~ {DestNode is Gate, Source or Drain}
RecurseRandomTerminal (gaMode,DestNode)
endif
}

arbitraryneighboruntil the circuit is closedagain. The ba-

sic operationprinciple of themutationis describedn pseu-
docode(Fig. 2). An exampleof how the mutationoperator
enablesonetransistorand correspondingouting is shovn

in Fig. 3. In the following, only connectedransistorsare
shavnin Fig. 3,4 and 5.

3.1.2 Implanting a ForeignBlock of Cells (Crosswer)

Theimplantingcrosseer operatoprocessesvo stagesin
the rst stageacrossweer partneris selectedfrom which a
randomlysizedandpositionedrectangulablock of cellsis
copiedto thecurrentindividual (Fig. 4 A+B). Sincethis op-
erationin generabreaksthelayoutof the previously intact
circuit, the secondstagetakescareof xing the occurring
oating nodesaccordingo the FPTAs structureasshovn in
Fig. 4 C. Theimplementatioris describedn Fig. 2.

3.1.3 Logic OR of Individuals (Crosswer)

Thelogic ORcrosswer operatorcalculateghelogic OR of
the selecteccrosseer partnerandthe currentindividual as
canbeseerfrom Fig. 5. Thus,thefeaturesof bothindivid-
ualsarecombinedIf atransistoris presenin bothcircuits,

RecurseRandomTerminal  (gaMode,DestNode){

for (Both remaining nodes (terminals))
RandomSelectDestNode ( return N,S,W,E )
if (gaMode is erase)
EraseConnection()
else
EnableConnection()
endif

RecurseRandomWire (gaMode,DestNode)
endfor

}

Crossimplant  (){
RandomSelectTwolndividuals();
RandomSelectBlockOfCells from Ind.2 (return Block;);
InsertBlockOfCells into Ind.1 ();
forall (BorderNodes)
if  (NoNodeConnections==1)
StartRandomWire();
endif
endfor

CrossLogicOR (){
RandomSelectCrossPartner();
forall (Terminals and Routes)
if  (Connection enabled in Ind.1 OR Ind.2)
EnableConnection() in offspring;
endif
enfor

Figure 2. Pseudocode implementation of the
genetic operator s of the Turtle GA.

the W/L valuesare taken from the currentindividual. In
Fig. 2 theimplementations describedn pseudocode.

Applied to highly diverseindividuals, this resultsin a
strongimpactontheindividualsstructure Ontheonehand,
this usuallychangeghe circuits outputcompletely Onthe
other hand, sincethe logic OR doesnot destry previous
structuresit enricheghediversityof theindividualswithin
the populationand is thereforehelpful in avoiding local
minima.

3.2 TheBasicGA

TheBasicGAis morecloselydescribedn [4] andbased
onasimplegeneticalgorithmintroducedn [1].

s g
e \/P—

Figure 3. Principle of the Random Wires Op-
erator. The start node is marked with an X.
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Figure 5. Principle of the logic OR crosso ver.

The mutationoperatorandomlychangesvery connec-
tion in every cell of anindividual dueto a probabilitygiven
by the mutationrate.

The crosswer operatorworks on cell level and inserts
arectangulaiblock of cells of a selecteccrossaer partner
into the currentindividual. Size and positionof the block
arerandomlychosen. The executionof the crosseer op-
eratoris adjustedby a probability given by the crosswer
rate

3.3 GA Parameters

Tournamenselectiorwith atournamensizeof 7 is used
in the presentedxperiments Cross@er andmutationrates
are calculatedproportionallyto the candidatesurrent t-
ness. Scalingdown the ratesprovides high mutationand
crosswerprobabilitiesfor fastexplorationin the beginning
of evolution and low probabilitiesfor ne tuning of the
circuit when a good solutionis found. The GA parame-
tersusedthroughouthe presente@xperimentsarelistedin
Tah 1. The'-' indicatesthatthe operationis not available
to therespectie GA.

4 Experimental Setup

An areaof 7 7 (8 8) transistorcellsis usedfor all
experimentsThecircuitsinputsareappliedto thewestside
while the outputvoltageis measurean thesouthside. The
GA parametersiresetaccordingto Tah 1 andin all cases
30evolutionrunsarecarriedout. All experimentdhavebeen
performedwith both,the BasicGA andtheTurtle 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...02%

Table 1. Genetic algorithm parameter s used
throughout the presented experiments.

4.1 Experimental Setupfor the Logic Gates

In theseexperiments,the taskis to evolve one of the
more complex logic gates,namely AND, OR and XOR.
The outputtamget voltagehadto be Vot = 0V (= logic
zero)or Vot = 5V (= logic one)dependingon the com-
putationalresultof Vih; AND (OR, XOR) Vin2. A setof ten
curves,eachconsistingof 64 samplevoltagesjs usedin the
testpatterndepictedin Fig. 6. The transitionregion is not
consideredluring evolutionin orderto facilitatethe search
for goodsolutions. This is admissible becausehe speci-
cation of logic gatesdemandsa fastand correctdecision
dependingndigital inputvoltageghatareoutsidethetran-
sition region, e.g. Vinyz < 2V andVinyz > 3V. Thistest
patternis only usedduring evolution. For testing,the volt-
agesin thetransitionregion aremeasurecswell to obtain
thefull characteristicurve of the outputvoltage.

4.2 Experimental Setupfor the Comparators

The taskis to evolve a comparatar Thatis, the output
target voltage hasto be Vot = 0OV if Vipg < Vip2 and
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Figure 6. Input voltage pattern used for com-
parator s (left) and logic gates (right).



Vout = 5V if Vin1 > Vin2. A setof seven curves, each
consistingof 90 samplevoltages,is usedin the test pat-
ternillustratedin Fig. 6. The switching points are setto
1V the
densityof thesamplepointsfor Vsweepincreasesowardsthe
switchingpoint. Therebyahigh emphasisn thetransition
regionis achieved. Theincreasingdensityof samplepoints
is shavn in Fig. 6, left. Theremainingrangeis coveredby
equally spacedsamplepoints. For measuringthe voltage
characteristicsa continuoudinear rampis usedfor Vsyeep
(in stepf 20mV) in orderto facilitatecalculationof RMS,
offsetandgain.

4.3 FitnessCalculation

Different tness functionsare usedfor the evolution of
logic gatesand comparators.In all tness functionsthe
rangeof Viaget Vour = 0:::5V is dividedinto 11 in-
tervals, the upperlimits of which represent thresholdfor
additionalpenalties. The penalty schemef both tness
functionsareillustratedin Fig. 7. Finally, the tness value
is calculatecasfollows:

#sxmples
tness = penalty: (1)
i=1
12 12
Fitness Penalty i Fitness Penalty
10 Logic Gates 1 10 Comparators N
f f
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Figure 7. Fitness penalty for each sample.
Left: logic gates. Right: comparator s.

For calculatingthe penaltyin caseof the comparators,
theabsolutevalueof Viaget  Vout iS taken. This makesthe
GA exploit evensmallchangef the outputaslong asthe

tness is high andpresere foundsolutionsif it is low. For

thelogic gatesgheabsolutevalueof Viaget  Vout is quadrat-
ically weighted. Otherwise,for problems(e.g. the AND

gate)with nonequallydistributedstatesthe caseof all out-

putvoltagesstuckatOV (logic zero)would resultin a bet-
ter tnessthanall at5V (logic one).Dependingonhow the
GA exploresthe solutionspacethiswould alreadyresultin

alocal minimumright in the beginning.

In orderto make the algorithmmaorestableunderthein-

uence of noiseand uctuations of the analogoutput, dis-
crete tness functionsareused. The rst andlastintervals

aresetto Vinresh= 0:04V andVinresh= 4:96V considering
the precisionof the appliedvoltages. Measurementbave
shawvn thata precisionof atleast8 bits canbe assumedor
themeasurements.

Additionally, in all experimentsminimizationof usedre-
sourcess includedin the tness by addingextrapenalty In
thephaseof explorationminimizing theresourcesvould be
counterproductie. Hence below a tness thresholdof 500
for the comparatorand 700 for the gatesan offset penalty
of 1 no. of usedroutes+ 2 no. of usedtransistorss
added.The maximumoffsetpenaltyis calculatedy insert-
ing the amountof all available resources.By settingthe
additionalpenaltyto the maximumabove this threshold,it
is ensuredhatabetter tness alwaysrepresents bettercir-
cuit. In the presentedtness valuesthe offset penaltyis
replacedby the penalty calculatedfrom the actually used
resources.

4.4 Simulation Setup

Spice netlists are extractedfrom the circuits that have
beenevolved with the Turtle GA The simulationsare car
ried outwith the SPICE3simulator describedn [9]. Basic
transistormodelsare usedfor computationand the resis-
tanceof the switchesis approximatedoy its meanvalue.
Theinput voltagepatternscorrespondo thoseusedfor the
on-chiptestmeasurementsf the logic gatesandthe com-
paratorgespectiely.

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 Eachrunis initialized with a randomgenera-
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Figure 9. Voltage characteristics of the best
evolved logic gates (AND, OR, XOR).

tion andmostindividualsstartwith a tness valueof about
3500 The tnessvaluesof theexperimentsaareshavnin the
histogramsn Fig. 8. As obsenedin otherexperimentd4],
the XOR is themostdif cult of thepresentedogic gatesto
evolve. Neitherof the algorithmsis ableto nd goodso-
lutionsfor it. Contraryto that, both algorithmssucceeded
in reliably nding solutionsfor the AND andthe OR. Con-
sideringthe pure tness values,the Basic GA performed
slightly betterin evolving OR gateshanthe Turtle GA

For both algorithmsall experimentsendedwith similar
tness values,wherethe bestarein the orderof 50 for the
AND / OR andin the orderof 200for the XOR. As canbe
seenfrom Fig. 9, the measuredutputvoltageschemeof
thebestcircuitslook quitesimilar for the BasicGA andthe
Turtle GA.

During evolution, the sampleof thetestpatternareran-
domly appliedwith a frequeng of 0:25MHz which cor
respondgo switchingthe outputat leastwithin 4 s. The
bestlogic AND / OR (Fig. 9) arealsoperformingwell un-
deratestfrequeng upto 0:9 MHz andthereforeareableto
switchwithin 1:1 s.

5.1 Comparison of the Resultsof Both GAs

With regardto the usedresourcesit canbe seenfrom
Fig. 11 thatthecircuits producedoy the Turtle GA aresub-

stantiallyimprovedcomparedo the solutionsfound by the

Basic GA. On average,the circuits evolved with the Tur-

tle GA useonly one-quarternof the transistorsthan those
evolved with the Basic GA at comparableRMS error. It

is expectedhatcircuits (netlists)with lesscomponentsind
circuits that are proven to operateon the chip aswell as
in simulation can be easiercorvertedto humanreadable
schematicsTherefore suchcircuitswill beeasietto under

standaccordingto engineeringriteria. The rst two steps
aresuccessfullydoneby the Turtle GA.

5.2 Simulation Resultsfor the Logic Gates
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Figure 10. Comparison of the evolution re-
sults and the corresponding circuit simula-
tions.

The simulationresultsof the logic gatesare compared
with the on-chipmeasurements Fig. 10. For all evolved
gatesthe simulationresultsare worsethanthoseobtained
from the measuremern the FPTA. As simulationshows,
about30% of the gatesdo not work at all outsidethe tran-
sistorarray Despiteof that,the bestlogic gatesperformat
leastsimilar in simulationandon the FPTA. In caseof the
AND gatethesimulationresultscorresponahearlyperfectly
to the measurementThe simulationresultsof the voltage
characteristicareshavnin Fig. 11.

6 Evolution Resultsfor the Comparators

Forthecomparatorsherangeof the tnessvaluescovers
0:::6930Q Theobseredinitial tness of eachindividualis
about3500andall runsarestartedwith a randomgenera-
tion.

The tness valuesof the experimentsare shavn in the
histogramsin Fig. 12. As canbe seen,it is possibleto
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Figure 11. Left: Comparison of the RMS t-
ness over the number of used transistor s for
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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 the orderof 200, the voltagecharac-
teristicslook quite similar aswell. The measuredutput
voltagesof the bestevolved circuits are plottedin Fig. 13.
The comparatorevolved with the Turtle GA hasa gain of
65 33; the one evolved with the BasicGA of 90  25.
Takingthe errorsinto accountthe gain of the comparators
is similar. Both have anoffsetof atmost20mV which cor

respondsgo the availableaccuray. Gainandoffsetarecal-
culatedasthe averagevalueof the setof curves.

l (- Turtle GA
gain=65+33
} offset=0.03V+0.02V

Basic GA
gain=90+25
offset=0.02V+0.02V
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Figure 13. Voltage characteristics of the best
evolution run for the comparator s.

During evolution the test patternis randomly applied
with afrequeng of 0:2 MHz which ensures settlingtime
of atleast5 s. Thebestcircuits (Fig. 13) performequally
well whenusingatestfrequeng of 0:8 MHz andtherefore
featurea settlingtime of 1:3 s.

6.1 Comparison of the Resultsof Both GAs

Onceagain,with regardto the resourcerequirementijt
canbe seenfrom Fig. 15 thatthe circuits producedby the
Turtle GA are extensiely improved comparedo the solu-
tions found by the BasicGA. On average the comparators
evolvedwith the Turtle GA useonly one-thirdof thetransis-
torsallocatechy theBasicGAatequalRMSerror. Thus,the
Turtle GAachiezedto minimizethe numberof usedtransis-
torsandroutesin caseof thecomparatorandthelogic gates
describedn Sect.5.1.

6.2 Simulation Resultsfor the Comparators
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Figure 14. Comparison of the evolution re-
sults and the corresponding circuit simula-
tions.

The histogramshown in Fig. 14 compareghe RMS er-
rors of the evolved circuits obtaineddirectly from the mea-
suremenbn the FPTA with thosecalculatedrom the sim-
ulationresult. 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: Voltage charac-
teristic of the comparator featuring the best
tness in simulation.

simulationthanin measuremenflwo circuitswith anRMS
Error of about1400mV did notwork atall in simulation.

However, ascanbe seenfrom Fig. 15, the voltagechar
acteristicof the bestcomparatois similar to thatshowvn in
Fig. 13. Thegainis still 30 15, while the offsethasdou-
bled0:06 0:06V. Thisis a promisingresult,becauset
suggestghat even more complex circuits canbe extracted
into netlistsandsimulated.

7 Conclusionsand Futur e Work

A GA with new geneticoperators— the Turtle GA —
is introducedandcomparedwith a straightforward imple-
mentationof the GA. Comparatorsand logic gateshave
beensuccessfullyevolvedwith both algorithms.While the
voltagecharacteristic®f the bestcircuits performequally
well in both casesthe Turtle GA substantiallyreducedhe
requiredresourcesn all experiments;the numberof used
transistorgdecreasean averageabout70%. The factthat
theTurtle GAachievedto reduceresourcallocationin both
casesuggestshatsuccessfuhpplicationis notrestrictedo
aspeci ¢ problem.With the helpof the Turtle GA, oating
gatesanddiscontinuougouting canbe inherentlyavoided
in the evolved circuits. Therefore the evolved circuits are
extractedinto netlistsand simulated. The simulationre-
sults are comparedwith the on-chip measurementsThe
comparatorperformedslightly worse whereasomeof the
logic gatesdo not work in simulation. Neverthelessthe
bestcircuitsperformedwell in both,simulationandon-chip
measurementsThus, it hasbeenproventhatit is possible
to evolve circuits on the FPTA which canbe transferedo
othertechnologiesvith the new implementatiorof the GA.
Futurework will be doneto nd a moreaccurateequia-
lent circuit for the FPTAs cellsto furtherimprove the qual-
ity of simulationsof evolved circuits. Additionally, human
readableschematicsvill begeneratedo advancetheunder

standingof thecircuitsaccordingto engineeringriteria.
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