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Abstract. A decentralisedeal-time controller for a group of robotsis presented,
the designof which is inspiredby biological geneticregulatorynetworks. A genetic
algorithm(GA) is usedto automaticallyevolve controllersfor speci ¢ tasks.Results
of initial experimentsarepresente@ndanalysedwhichdemonstrat¢hatit is possible
to successfullyevolve thecontrollersto achieve a simpleclusteringtask.Performance
is robustundera variety of parametechoicesfor the GA andcontroller

1 Intr oduction

Thiswork concernghecontrolof agroupof agentgo performcoordinatedasks whereeach
agentpossesseiss own local controllerandcanonly communicatevith otheragentsover a
limited distanceMultiagentsystemsave becomea popularsubjectof studyin recentyears
dueto their perceved advantagesover more traditional, monolithic systemde.g.[1]). Po-
tentialadvantagesncludefeaturessuchaslower productioncosts,mprovedfault tolerance,
gracefuldegradationof behaiour andthe ability to self-repair

The currentstudy is part of a researcheffort to develop a group of undervater robots
(called Hydrons)which possessndependentontrollersbut are ableto achiese high level,
coordinatedasksthroughlocal communicationt. The hardware speci cationsare described
in Section2. In additionto developingnovel hardware,acomplementargoalof theprojectis
to elucidatebiologicalmechanism$or propertiesuchasself-recon gurationandself-repair
(as demonstratedfor example,by organismssuchas the hydra, a freshwater polyp, after
which the projectwasnamed).The biological casegrovide inspirationfor the development
of controlalgorithms(aswell asthe designof the hardwareitself) to give the robotssimilar
characteristicof adaptabilityand robustnessThe work reportedhereconcernghe design
of one suchalgorithm,andresultsof initial experiments.The real Hydronsare still at the
prototypestage sotheexperimentsvereconductedisinga detailedsimulationof therobots.

A growing numberof studieshave beenreportedover thelastfew yearson decentralised
controllersfor multi-robot systems(e.g.[2, 3, 4, 5]). However, most of thesecontrollers
arespeci c for a particulartask;to performa differenttaskthe controllerwould have to be

Thiswork formspartof theHydraproject,fundedby the EU InformationSocietyTechnologiegFutureand
Emeging TechnologiesprogrammeDetailsof the designof the Hydron hardware prototypesandassociated
simulationsoftwarecanbe foundat the projectwebsitehttp://www.hydra-robot.com



Sensory  DepthsensorDockingsensor
Signalling Opticaltransmittersandrecevers
Actuation Move up,down, left, right, forward,backward

Tablel: Agentcapabilitiesusedby the controller

redesignedby hand.Oneof the goalsof the currentstudywasto developa generakontroller
which couldbe automaticallyevolvedto achiere speci ¢ tasks.

A recentarticleshavedthatbacteriaorganiseinto coordinatedroupsusinginter-organism
communicatiorwhich controlsthe expressiorof speci ¢ genesn individual organismg[6].
FurthermoreReil recentlyreportedvork onamodelof geneticregulatorynetworks (GRNS),
which suggestshatthey possessiesirablepropertiesor actingasan evolutionarysubstrate
[7]. Reil'smodelhassubsequentlpeenadaptedor simulationsof morphogenesigs].

In the currentstudy a new GRN controlleris developed,the designof which is based
upontheseexisting models However, themajornovelty of thenew controlleris thatit canbe
appliednotto the morphogenesisf a singleorganism,but ratherto the real-timecontinuous
controlof agroupof robots(inspiredoy communicatiorandcoordinatedactionin bacteria)?

Therestof the paperis organisedasfollows. The next sectionpresentsa descriptionof
the GRN controller (Section2). The applicationof a geneticalgorithmto evolve the con-
troller for performinga speci edtaskis thendiscussedSection3). Next, thedesignof initial
experimentdo testthe performanceof the algorithmis presentedSection4), togetherwith
resultsandanalysis(Section5). This is followed by a summaryof the paperanddiscussion
of futureresearctdirections(Section6).

2 GRN Controller Design

Thetwo majorfactorsthatin uencedthecontrollerdesignwerethespeci cationsof thereal
hardwareandthe analogyto biologicalgeneticregulatorynetworks.

The basichardware speci cationsare asfollows. EachHydron is a sphereof approxi-
mately 11cmdiametey with a syringeintake andanimpeller both locatedon its underside,
andfour out ow nozzledocatedaroundits equator(eachseparatedy 90 degrees) The Hy-
droncansuckin waterusingits impellerandejectit from oneof theout ow nozzlesthereby
generatindnorizontalthrustin aparticulardirection.In addition,thesyringeis usedto change
theHydron'srelative densityby injectingor ejectingwaterfrom aninternalchamberthereby
giving controlover movementn theverticalplane.Thecentreof massof theHydronis offset
below its geometriccentre which introducesa self-rightingtorqueto keeptherobotupright.
Eight “interface sites” are positionedon the Hydron's surface,at the cornersof animagi-
nary cubeplacedinsidethe robot suchthateachcornerjust toucheshe surface.An optical
transmitterandrecever is locatedat eachinterfacesite (for inter-Hydron communication),
togethemwith aweakmagnetiadipole (to enabletwo nearbyHydronsto physically dock).

In this work, the particularsetof sensorysignallingand actuationcapabilitiesthat the
robotswereassumedo possessnatcheghoseof the Hydron hardware (Table1). However,
thecontrollerdesignis suchthatthis setcanbeeasilymodi ed for useon differenthardware.

Thecontrollerfor eachagentcomprisesa genomgavariablelengthintegerstringwhich

2AnotherGRN modelfor real-timerobotcontrol hasrecentlybeenpublished9], but this controlsa single
robotratherthanagroup.
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Figurel: Summaryof the GRN Controllerdesign.For clarity, only four of the eightdiffusion sitesareshawn.

may encodenformationabouta numberof gene$; anda cytoplasm(containinga variety of
proteinslocatedat eightdiffusionsites).Eachgeneproducesa speci c type of proteinwhen
expressedThe expressiorof eachgeneis controlledby a setof enhanceproteinsanda set
of inhibitor proteins.This setsup the essentialngredientsof the regulatory network; genes
produceproteins,andproteinscontrolthe expressiorof genes.

Proteinsact asthe interface betweenthe genomeandthe physical environment.In ad-
dition to controlling geneexpressionsometypesof proteinalsointerfacewith the agents
sensorysignalling and actuationcapabilities.Proteinactionis describedn more detail in
Section2.2.Whena geneproduces protein,it is releasednto the cytoplasmat oneof eight
diffusionsites(thespeci c site of depositiorbeingundergeneticcontrol). Thediffusionsites
correspondo speci ¢ siteson the physical agents body For the Hydron robots,eachsite
correspondso thelocationof the opticaltransmitterandrecevers.

A summarydiagramof the controllerdesignis shavn in Figure 1. Furtherdetailsare
presentedn theremaindeiof this section.

2.1 Genome&andGeneStructue

A sectionfrom anexamplegenomas shavn in Figure2. Whenanew genomas createdit is
scannedrom beginningto endin orderto identify whatgenest encodesSpeci ¢ consecutie
sequencesf digitsin thegenomecalledgenepromotersequencesignify thestartof agene.
Theregion startingattheendof thepreviousgene(or, in the caseof the rst gene thestartof
the genome)up to the digit immediatelyprecedingthe promotersequenceés the regulatory
region for thatgene.

The regulatoryregion is scannedor informationregardingenhanceandinhibitor pro-
teinsfor thegene . Thepresencef enhanceproteinsin thecytoplasmincreasesheactivation
of agene,while inhibitor proteinsdecreasactivation. An enhanceproteinis encodedy a
x edlengthsequencef digitsin theregulatoryregion, startingwith aspeci c enhanceipro-
motersequencefollowed by an encodingof the particularprotein.Lik ewise, inhibitors are
identi ed by aspeci c inhibitor promotersequencgfollowedby the proteinspeci cation.

A x ednumberof digits immediatelyfollowing the genepromotersequencencodethe
geneitself (seeFigure 3 for an example).The geneencodesnformationaboutthe type of
proteinit producesvhenexpressedits outputfunction(seebelaw), andaspeci cationof how



E1l 11 Gene 1
3[12[1103023032030L030020330203[0203020302030

E2 12
02032211230322210203300020302110233320321
12 Gene 2
23D021102332(10223022110320302030200033322
E3 E3 E3 E3 Gene 3
112B11112222123002022201112/030201901220201

E4 Gene 4
20B212200011100000120{0230333022101102013

Figure2: An exampleof a sectionof the genome The genomes a string of base-4dintegers,andproteinsare
speci ed by a string of 3 digits (so 64 differentkinds of proteinareavailable). The genepromotersequenceés
010,the enhancepromotersequencés 12 andthe inhibitor promotersequencés 23. En andIn arelabelsfor
enhancerandinhibitors, respectiely, for Genen. Sothe expressionof Genel, for example,is enhancedy
protein20 (110in base-fotation),andinhibited by protein8 (020in base-sotation).
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Figure3: Thestructureof agene.n thisexample thegeneproduceprotein48 (300in base4) whenexpressed.
It hasa GradientAbove Zero outputfunction (2) with gradient3 (03). The productis depositedat a speci c
diffusionsite (3), whichis sitenumber2 (02).

theproductproteinis to bedistributedacrosshe differentdiffusionsitesin the cytoplasm.

Four differentoutputfunctionsareavailable(seeFigure3), which relatethetotal concen-
trationof regulators(i.e. total currentcytoplasmicconcentratiorof all enhancer$or thisgene
minustotal concentratiorof all inhibitors,summedacrossll diffusionsites)to the degreeof
geneactiation. Theform of thefunctionis furtherre ned by the OutputFunctionParameter
which speci esthe positionof the stepor the gradientof thefunctionasappropriate.

Four differentproductplacemenschemesreavailable:placeproductat the sitewith the
highestconcentratiorof a speci ¢ signalprotein(Scheme)), placeproductat the site with
the lowest concentratiorof a speci ¢ signal protein (Schemel), distribute productacross
all sites(Scheme2), or placeproductat a speci c diffusion site (Scheme3). The Product
PlacemenParameterspeci esthe speci c siteor the speci ¢ signalproteinasappropriate.

2.2 ProteinAction

Any protein can potentially act as an enhanceror an inhibitor of geneexpression.Addi-

tionally, someproteinsactasinterfacesto the physical agent,eitherasactuationproteinsor

sensoryproteins.The numberof differentactuationand sensoryproteins,andthe external
eventsto which they arerelated,will dependuponthe actualagentbeingcontrolled.In the
presentontet, theagentsaresimulatedHydronunits,andtheactuatiorandsensoryproteins
usedareasfollows:



Only onetype of actuationproteinis used,for movementWhenthesecollectat a diffu-
sionsite,they causeheagentto attemptto move in thatdirection. Theagents overallmove-
mentdependon the distribution of movementproteinsacrosseachof its diffusion sites.In
currentexperimentsproteins40—47actasmovementproteins.

Two typesof sensoryprotein are used.Theseproteinsare producedin the cytoplasm
accordingto particularconditionsin the ervironment,independenof arny geneactvity. One
is producedn the cytoplasm(evenly acrossall diffusion sites)suchthatits concentrations
proportionatto the currentdepthof the agent.The otheris producedat a particulardiffusion
siteif the agentis physically docked with anotherunit at that site. In currentexperiments,
proteins48-55actasdockingsensorsand56—-63asdepthsensors.

2.3 ProteinDynamics

Theproteinsin the cytoplasmaresubjectto attenuatioranddiffusiondynamics.Theconcen-
trationCy(t) of ary proteinp atary diffusionsite decaysovertime,

Colt+ 1) = KCy(t) (1)

wherek is theattenuatiorconstan{0 < k < 1).

Therearetwo typesof diffusion, internal (within the cytoplasmof a single agent)and
external (betweenagents) All proteinsundego internaldiffusion, wherethe concentration
atonesite diffusesto neighbouringsitesover time. For eachproteinp at sitei, thechangen
concentratioratthatsite,andateachof its N neighbouringsitesj is givenby:

Git+1) = (@ G
Coiit+ 1) = i+ 23D @

whered is theinternaldiffusionconstan{0 < d < 1).
A subsebdf proteinsalsoundegoesexternaldiffusion,wherethey diffuseoutof theagent
into theenvironment,andpotentiallydiffuseinto neighbouringagents:

Coliit+1) = (1 ©Cyi1)
Ep(i) = eGy(ist) 3)

whereE,(i; t) is the amountof proteinp externally diffusing from diffusion sitei at time

t, ande is the external diffusion constant(0 < e < 1). Externaldiffusion reliesuponthe

existenceof a communicatiorsystembetweenagents;in the caseof the simulatedHydron

units, the optical communicatiorsystemis utilised. It is assumedhis systemcan transmit
signalswhichdigitally encodeheproteintypeanddiffusionamountlf aneighbouringagent
recevessuchasignal,it will decoddt andintroducethe speci ed proteininto the cytoplasm
atthesiteof receptionTheamountof proteinintroduceds afunctionof theamountencoded
in thesignalandtheintensityof thesignalitself, sothetotalamountintroduceddependsipon

the distancebetweerthetransmittingandreceving agents.

At thebegginningof arun, the cytoplasmmaybeinitialisedwith proteinsat someor all of
thediffusionsites.Suchinitialisationmaybeusefulto provide thecontrollerwith information
aboutspatial orientation(seeSection3 for detailsof the initialisation schemeusedin the
currentexperiments) Note, however, that geneswith StepBelow Zero or GradientBelow
Zero outputfunctions(Figure 3) will be active in the absencef ary proteins,so genomes
containingsuchgeneswill becomeactive evenin aninitially emptycytoplasm.



3 Evolving GRN Controllers

In orderto produceGRN controllerswhich will causea groupof Hydronunitsto achieve a
particulartask,a geneticalgorithm(GA) wasemployedto evolve a populationof genomes.
A standardgenerationalGA was used,with tournamentselectionand elitism. Two-point
crosswer was applied,usingdifferentcrosseer pointson eachparent,which thereforeal-
lowed the lengthof an offspring genometo be shorteror longerthanthat of its parentqi.e.
genomdengthcanevolve overtime).

To geta tness value for eachgenome|t wasusedto constructa GRN controller for
eachof theHydronrobotsin the group.The cytoplasmof eachagentwasinitialisedwith six
typesof protein (proteins1-6), placedat the diffusion siteson the Hydron's upper lower,
front, back, left andright sidesrespectiely. This givesthe controllerinformationaboutthe
spatialaxesof therobot;this is the only a priori knowledgegivento eachcontroller When
the controllersof eachof the robotshave beeninitialised in this way, they are allowed to
executefor a x edduration,andtheoverall behaiour of thegroupis thenevaluatedn terms
of thegiventaskanda tness scoreassigned.

For theinitial experimentgeportechere thetaskwasfor thegroupto form acluster The
tness function wasthe meansquaredistanceof eachHydron at the end of the evaluation
period from the centroidof the group at the startof the period. The tness scorewasthe
negative of the meansquaredistance,so the betterthe controllet the closerthis negative
numberwasto zero3

4 Experimental Design

A seriesof experimentsvasdesignedo investigatethe ability of the systemto producecon-
trollerswhich could performthe clusteringtask.A total of 160 experimentsvereconducted
in four batchesjn orderto testthe sensitvity of the resultsto the main parameter®f the
GA andthe GRN controller* For eachcombinationof parameters]10 separataguns were
conductedisingdifferentrandomnumberseeds.

BatchesA, B and C looked at GA-relatedparametersBatch A addressedhe question
of whethey for a given amountof computationaresourcejt wasbetterto run a small GA
populationfor a large numberof generationsor a large populationfor a small numberof
generationsSetAl evolved a populationof 500 controllersfor 100 generationsandsetA2
evolvedapopulationof 100controllersfor 500generationsBatchB lookedatthe GA param-
etersof tournamensizeandelite groupsize (i.e. thetop n controllersfrom one generation
which were passedunalteredto the next). Tournamensizesof 5 and 25 were used,along
with elite groupsizesof 1 and50, giving 4 differentsetsof runsin total for BatchB. Batch
C looked at the probabilitiesof cross@er andmutation.Crosseer probabilitiesper selected
parentof 0.5 and 0.9 were used,with mutationprobabilitiesper genomedigit of 0.01 and

3During analysisof theseruns,a bug in the controller codecameto light which meantthat the Hydrons

wereunableto move in the vertical plane.This meantthatthe maximumpossible thess scoreachiezablewas
0:2231m?, achievableif the Hydronsformeda perfectlyalignedvertical column.

4The default parameteralues which wereusedin all runsunlessotherwisestated wereasfollows: Popu-
lation Size100,Generation200, Elite GroupSizel, Tournamensize25, Crosseer Probability0.9, Mutation
Probability0.005, Initial GenomeSize 1000, Enhancer:InhibitoRatio 1:1. Eachcontrollerwas evaluatedfor
30 second®f simulatedtime; anidenticalcopy of the controllerwasplacedinto ve Hydrons,andeachtrial
startedwith themin the sameinitial spatialcon guration.



0.005,giving anothe setsof runsfor BatchC.

BatchD lookedatparameterassociateavith the GRN controller In particular thelength
of the randomly-generatedenomesn the initial populationwas varied from 1000 digits
to 5000digits. Also, the rangeof sequences the genomethat quali ed asenhanceland
inhibitor promotersvasvaried,to changeherelatve degreeof geneenhancemerdandgene
inhibition. Speci cally, thenumberof sequencegualifyingasenhancepromotersvasvaried
from 3 to 2 to 1, while at the sametime the numberqualifying asinhibitor promoterswvas
variedfrom 1 to 2 to 3. This gave 3 setsof experimentswherethe relative probability of
geneenhancemerdver geneinhibition was3:1, 1:1and1:3respectrely. Combinedwith the
2 differentgenomdengths this gave a total of 6 setsof runsin BatchD.

5 Resultsand Analysis

Theresultsof the 160 experimentssuggesthatthe performancef the systems remarkably
resilientto the particularchoicesmadefor the main parametewalues.In eachbatchof ex-
perimentsthe GA wasableto improve the performancef the GRN controllersovertherun,
andatleastsomeof the10trialsin eachsetachievednearoptimal tness (i.e.amean-square
distanceof within 0:01m? of the highestpossible tness).

Due to spacelimitations, a detailedstatisticalanalysisof the full setof resultswill be
presente@lsavhere.lnsteadjn this sectionresultsfrom atypical setof runsareinvesticated,
in orderto shedight ontheoperatiorof the GRN controllerandonits evolutionarypotential.

This particularsetof 10 runswerefrom BatchA, usinga populationsizeof 100,evolved
for 500generationsAll otherparametersook their default valuesasdescribedn Section4.
Theincreasan tnessovertimeis shavnin Figure4a.The nal tness achiezedby thebest
of the 10 runswas-0.2275andthe meanwas-0.2363(comparedvith the maximumachier-
able tness of -0.2231) As the populationevolved,thegenomdengthtendedo increasgnot
shawvn), asdid the numberof genesncodedFigure4b).
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Figure 4: (a) Fitnessof bestindividual in populationover time (generationsjor runsin BatchA2. For each
generationthemeanmaximumandminimum tness for the 10 runsis plotted.(b) Numberof genescontained
in the genomeof the bestindividualin populationover time.

To geta betterideaof the operationof the geneticregulatory network, the evolved con-
troller from the nal generatiorof thebestrunwasanalysedFigure5ashavsthegeneregu-
lation matrix for this controller The genomecontained30 genesEachof theseis plottedon



theverticalaxis,andthe correspondindporizontalrow shavs which othergenest regulates.
Of the 30 genesall but 3 areinvolved in the regulationof othergenes.Someregularities
areevidentin the matrix. For example,Genesl, 8, 13 and 22 all inhibit Genes29 and 30.
It is unlikely thatthis combinationspontaneouslgrosefour timesduring evolution; rather
thesegenesprobablyaroseby duplicationduring the crosseer processLikewise, Genes,
9, 10and14 all regulatethe samegenesasdo Genes, 18, 19 and30. Furtherinvestication
of thesegenesrevealsthatthey arenot all exactly identical, but somediffer in detailssuch
astheir outputfunctionandproductplacemenparameterdlt is likely thatthesedifferences
aroseby mutationssubsequento duplication.Othergroupsof genesare similar but shav
greaterdivergence(e.g. Genes2 and4). This patternof geneduplicationanddivergenceis
very desirablein evolution, asit allows an evolved functionto be retainedwhile variations
of thefunctionaresimultaneouslyested A similar patternof duplicationanddivergenceof
geness foundin biologicalevolution,andhasbeensuggestedsoneof themainmechanisms
by which novel structuresandorganismiccompleity evolve [10].

Theevolutionof theconnecwity of thegeneregulationmatrixwasanalysedin particular
the distributions of k;, (the numberof geneswhich regulate a given gene)and ko (the
numberof genesvhichagivengeneregulates)vereplottedfor thebestcontrollersatvarious
generationghroughoutthe evolutionaryrun. Recentresearchhassuggestedhat metabolic
networksin awide rangeof biologicalorganismsexhibit a power-law distributionfor ki, and
Kout (i.€.they arescale-freenetworks)[11]. Analysisof theevolved GRN controllersshoved
thatthe networks hadsimilar powerlaw distributionsfor ki, and(not soclearly)for Koy in
early generationsbut actuallyevolved away from theseto moremultimodaldistributionsin
latergenerationsi-urtheranalysiss undervay to elucidatethis behaiour.

The patternof geneexpressiorover time, asrecordedn oneof the Hydronsduring sim-
ulation,is shavn in Figure5h. Note thatgeneswith the StepBelow Zero or GradientBelow
Zero output functions (seeFigure 3) are on by default, unlessactively inhibited; various
genesin this catgyory canbe seen.Although mostgenesshowv a steadylevel of activation
throughoutsome(e.g.Genes3, 20, 21, 26 and27) uctuate signi cantly over time. Further
investication revealsthat Genes3, 7, 11, 20, 21, 26 and 27 all produceprotein47, which is
oneof themovementproteins(Section2.2). Most of thesegenesarethe oneswhoseexpres-
sion uctuatessigni cantly over time, which demonstratethatthe controllerhasevolved a
fairly complex patternof controlof therobot's movementin orderto achieve thetask.

Similar plots for changesn cytoplasmicprotein concentration®ver time (not shavn)
revealthatsomeproteinsmaintaina fairly steadypresencewhereasthersvary moresignif-
icantly asthe genesthat are producingthem are enhancedndinhibited by other proteins.
In this particularcontroller only onetype of proteindiffusesbetweerHydronunits over the
courseof the simulation,but this is sufcient for the directionaltransferof informationbe-
tweenrobots.lIt is by this mechanisnthat differentiationof geneexpression(andtherefore
behaiour) amongthe ve Hydronsoccurs.Furtherexperimentsareundervay to studythe
importanceof theseinter-Hydroncommunication$or the successfutompletionof thetask.

6 Summary and Futur e Work

The distributed controller for a group of robotshasbeenpresentedinspiredby biological
geneticregulatorynetworks. It hasbeendemonstratethat a geneticalgorithmcanbe used
to automaticallyevolve thesecontrollersto achieve a simpletask.Initial resultsandanalyses
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of theevolutionaryprocedureandthe controllerhave beenpresentedTheseindicatethatthe
proceduras fairly robustto choicesof parameteralues,but further, moreextensve experi-
mentsandanalysisareundervay to con rm this. The evidencesofar suggestshatthe GRN
controllerprovides a suitablesubstrateor evolution, andindeedthereis evidencethatthe
samekind of duplicationand divergenceof genesis occurringas happensluring biologi-
cal evolution. Furtherexperimentsareundervay to analysethe operationof the controllerin
moredetail. An importantandongoingaspecbf this analysisis the developmentof assess-
mentcriteria and evaluationmetricsfor comparingthe performanceof the algorithmwith
othertypesof controller

Onedirectionof future researchs to evolve morecomplex behaiours. An approacto
this would beto evolve a controllerthatwill drive agroupof robotsinto a particularcon g-
urationwhenan externalsignal (an optical signalmasqueradingsan incoming protein)is
detectedHaving evolved a responseéo onesignal,the controllerwill be evolvedto respond
differentlyto anothersignal.In this way, a usercould promptthe groupto changecon gura-
tion simply by supplyingthe appropriateoptical signal.

Anotherdirectionis to develop the controllerusingmore biologically-inspiredideasin
orderto improve its performanceRecentwork hasdemonstratethe advantage®f coupling
the actionof GRNsto physical processethat partially determinethe actionandinteraction
of cells [12]. To accommodatéheseideas,an extensionto the currentGRN controlleris
planned,by couplingit with a systemthat generateglifferential attractve forcesbetween
Hydronunits (following work on arti cal cellularadhesiormoleculespr A-CAMs [13]). In
thisway, the GRNis controllingtheexpressiorof A-CAMs onaHydron's surfaceratherthan
directly controlling the hardware actuationsystemsThis would make the hybrid controller
moregeneraby abstractingway from the detailsof the Hydron's design,andwould alsobe
expectedo work better becauséhe GRN would be ne-tuning a pre-&isting self-oiganising
dynamicqprovidedby the A-CAMSs) ratherthantrying to controleachandevery movement.

Finally, thedevelopmenbf theHydronhardwarewill soonbecomplete Experimentswill
thencommencen transferringcontrollersevolvedin simulationontothe physicalrobots.
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