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Abstract. A decentralisedreal-time controller for a group of robots is presented,
thedesignof which is inspiredby biologicalgeneticregulatorynetworks.A genetic
algorithm(GA) is usedto automaticallyevolve controllersfor speci�c tasks.Results
of initial experimentsarepresentedandanalysed,whichdemonstratethatit is possible
to successfullyevolve thecontrollersto achieveasimpleclusteringtask.Performance
is robustunderavarietyof parameterchoicesfor theGA andcontroller.

1 Intr oduction

Thiswork concernsthecontrolof agroupof agentsto performcoordinatedtasks,whereeach
agentpossessesits own local controllerandcanonly communicatewith otheragentsover a
limited distance.Multiagentsystemshave becomea popularsubjectof studyin recentyears
dueto their perceived advantagesover moretraditional,monolithic systems(e.g. [1]). Po-
tentialadvantagesincludefeaturessuchaslower productioncosts,improvedfault tolerance,
gracefuldegradationof behaviour andtheability to self-repair.

The currentstudy is part of a researcheffort to develop a groupof underwater robots
(calledHydrons)which possessindependentcontrollersbut areableto achieve high level,
coordinatedtasksthroughlocal communication.1 Thehardwarespeci�cationsaredescribed
in Section2. In additionto developingnovel hardware,acomplementarygoalof theprojectis
to elucidatebiologicalmechanismsfor propertiessuchasself-recon�gurationandself-repair
(as demonstrated,for example,by organismssuchas the hydra, a freshwater polyp, after
which theprojectwasnamed).Thebiologicalcasesprovide inspirationfor thedevelopment
of controlalgorithms(aswell asthedesignof thehardwareitself) to give therobotssimilar
characteristicsof adaptabilityandrobustness.The work reportedhereconcernsthe design
of onesuchalgorithm,andresultsof initial experiments.The real Hydronsarestill at the
prototypestage,sotheexperimentswereconductedusingadetailedsimulationof therobots.

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

1Thiswork formspartof theHydraproject,fundedby theEU InformationSocietyTechnologies(Futureand
Emerging Technologies)programme.Detailsof thedesignof theHydronhardwareprototypesandassociated
simulationsoftwarecanbefoundat theprojectwebsitehttp://www.hydra-robot.com



Sensory Depthsensor, Dockingsensor
Signalling Opticaltransmittersandreceivers
Actuation Moveup,down, left, right, forward,backward

Table1: Agentcapabilitiesusedby thecontroller

redesignedby hand.Oneof thegoalsof thecurrentstudywasto developageneralcontroller
whichcouldbeautomaticallyevolvedto achievespeci�c tasks.

A recentarticleshowedthatbacteriaorganiseintocoordinatedgroupsusinginter-organism
communicationwhich controlstheexpressionof speci�c genesin individual organisms[6].
Furthermore,Reil recentlyreportedwork onamodelof geneticregulatorynetworks(GRNs),
which suggeststhat they possessdesirablepropertiesfor actingasanevolutionarysubstrate
[7]. Reil's modelhassubsequentlybeenadaptedfor simulationsof morphogenesis[8].

In the currentstudy, a new GRN controller is developed,the designof which is based
upontheseexistingmodels.However, themajornovelty of thenew controlleris thatit canbe
appliednot to themorphogenesisof asingleorganism,but ratherto thereal-timecontinuous
controlof agroupof robots(inspiredby communicationandcoordinatedactionin bacteria).2

Therestof thepaperis organisedasfollows. Thenext sectionpresentsa descriptionof
the GRN controller (Section2). The applicationof a geneticalgorithmto evolve the con-
troller for performingaspeci�edtaskis thendiscussed(Section3). Next, thedesignof initial
experimentsto testtheperformanceof thealgorithmis presented(Section4), togetherwith
resultsandanalysis(Section5). This is followedby a summaryof thepaperanddiscussion
of futureresearchdirections(Section6).

2 GRN Controller Design

Thetwo majorfactorsthatin�uencedthecontrollerdesignwerethespeci�cationsof thereal
hardwareandtheanalogyto biologicalgeneticregulatorynetworks.

The basichardwarespeci�cationsareas follows. EachHydron is a sphereof approxi-
mately11cmdiameter, with a syringeintake andan impellerboth locatedon its underside,
andfour out�ow nozzleslocatedaroundits equator(eachseparatedby 90 degrees).TheHy-
droncansuckin waterusingits impellerandejectit from oneof theout�ow nozzles,thereby
generatinghorizontalthrustin aparticulardirection.In addition,thesyringeis usedto change
theHydron'srelativedensityby injectingor ejectingwaterfrom aninternalchamber, thereby
giving controlovermovementin theverticalplane.Thecentreof massof theHydronis offset
below its geometriccentre,which introducesaself-rightingtorqueto keeptherobotupright.
Eight “interfacesites” arepositionedon the Hydron's surface,at the cornersof an imagi-
narycubeplacedinsidethe robotsuchthateachcornerjust touchesthesurface.An optical
transmitterandreceiver is locatedat eachinterfacesite (for inter-Hydron communication),
togetherwith aweakmagneticdipole(to enabletwo nearbyHydronsto physicallydock).

In this work, the particularsetof sensory, signallingandactuationcapabilitiesthat the
robotswereassumedto possessmatchesthoseof theHydronhardware(Table1). However,
thecontrollerdesignis suchthatthissetcanbeeasilymodi�ed for useondifferenthardware.

Thecontrollerfor eachagentcomprises:agenome(avariablelengthintegerstringwhich

2AnotherGRN modelfor real-timerobotcontrolhasrecentlybeenpublished[9], but this controlsa single
robotratherthanagroup.
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Figure1: Summaryof theGRNControllerdesign.For clarity, only four of theeightdiffusionsitesareshown.

mayencodeinformationabouta numberof genes); anda cytoplasm(containinga varietyof
proteinslocatedat eightdiffusionsites).Eachgeneproducesa speci�c typeof proteinwhen
expressed.Theexpressionof eachgeneis controlledby a setof enhancerproteinsanda set
of inhibitor proteins.This setsup theessentialingredientsof the regulatorynetwork; genes
produceproteins,andproteinscontroltheexpressionof genes.

Proteinsact as the interfacebetweenthe genomeandthe physical environment.In ad-
dition to controlling geneexpression,sometypesof proteinalsointerfacewith the agent's
sensory, signallingandactuationcapabilities.Proteinaction is describedin moredetail in
Section2.2.Whenageneproducesaprotein,it is releasedinto thecytoplasmatoneof eight
diffusionsites(thespeci�c siteof depositionbeingundergeneticcontrol).Thediffusionsites
correspondto speci�c siteson the physical agent's body. For the Hydron robots,eachsite
correspondsto thelocationof theopticaltransmittersandreceivers.

A summarydiagramof the controllerdesignis shown in Figure1. Furtherdetailsare
presentedin theremainderof thissection.

2.1 GenomeandGeneStructure

A sectionfrom anexamplegenomeis shown in Figure2.Whenanew genomeis created,it is
scannedfrombeginningtoendin orderto identifywhatgenesit encodes.Speci�c consecutive
sequencesof digitsin thegenome(calledgenepromotersequences) signify thestartof agene.
Theregionstartingat theendof thepreviousgene(or, in thecaseof the�rst gene,thestartof
thegenome)up to thedigit immediatelyprecedingthepromotersequenceis the regulatory
region for thatgene.

The regulatoryregion is scannedfor informationregardingenhancerandinhibitor pro-
teinsfor thegene.Thepresenceof enhancerproteinsin thecytoplasmincreasestheactivation
of a gene,while inhibitor proteinsdecreaseactivation.An enhancerproteinis encodedby a
�x edlengthsequenceof digits in theregulatoryregion,startingwith aspeci�c enhancerpro-
motersequence, followedby anencodingof theparticularprotein.Likewise, inhibitorsare
identi�ed by aspeci�c inhibitor promotersequence, followedby theproteinspeci�cation.

A �x ednumberof digits immediatelyfollowing thegenepromotersequenceencodethe
geneitself (seeFigure3 for an example).The geneencodesinformationaboutthe type of
proteinit produceswhenexpressed,itsoutputfunction(seebelow), andaspeci�cationof how
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Figure2: An exampleof a sectionof thegenome.Thegenomeis a stringof base-4integers,andproteinsare
speci�edby a stringof 3 digits (so64 differentkindsof proteinareavailable).Thegenepromotersequenceis
010,theenhancerpromotersequenceis 12 andthe inhibitor promotersequenceis 23. En andIn arelabelsfor
enhancersandinhibitors, respectively, for Genen. So the expressionof Gene1, for example,is enhancedby
protein20 (110in base-4notation),andinhibitedby protein8 (020in base-4notation).
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Figure3: Thestructureof agene.In thisexample,thegeneproducesprotein48(300in base4) whenexpressed.
It hasa GradientAbove Zero outputfunction (2) with gradient3 (03). The productis depositedat a speci�c
diffusionsite(3), which is sitenumber2 (02).

theproductproteinis to bedistributedacrossthedifferentdiffusionsitesin thecytoplasm.
Fourdifferentoutputfunctionsareavailable(seeFigure3), whichrelatethetotalconcen-

trationof regulators(i.e. totalcurrentcytoplasmicconcentrationof all enhancersfor thisgene
minustotalconcentrationof all inhibitors,summedacrossall diffusionsites)to thedegreeof
geneactivation.Theform of thefunctionis furtherre�ned by theOutputFunctionParameter,
whichspeci�esthepositionof thestepor thegradientof thefunctionasappropriate.

Fourdifferentproductplacementschemesareavailable:placeproductat thesitewith the
highestconcentrationof a speci�c signalprotein(Scheme0), placeproductat thesitewith
the lowestconcentrationof a speci�c signalprotein (Scheme1), distribute productacross
all sites(Scheme2), or placeproductat a speci�c diffusion site (Scheme3). The Product
PlacementParameterspeci�esthespeci�c siteor thespeci�c signalproteinasappropriate.

2.2 ProteinAction

Any protein can potentially act as an enhanceror an inhibitor of geneexpression.Addi-
tionally, someproteinsactasinterfacesto thephysicalagent,eitherasactuationproteinsor
sensoryproteins.The numberof differentactuationandsensoryproteins,andthe external
eventsto which they arerelated,will dependupontheactualagentbeingcontrolled.In the
presentcontext, theagentsaresimulatedHydronunits,andtheactuationandsensoryproteins
usedareasfollows:



Only onetypeof actuationproteinis used,for movement.Whenthesecollectat a diffu-
sionsite,they causetheagentto attemptto move in thatdirection.Theagent'soverallmove-
mentdependson thedistribution of movementproteinsacrosseachof its diffusionsites.In
currentexperiments,proteins40–47actasmovementproteins.

Two typesof sensoryprotein are used.Theseproteinsare producedin the cytoplasm
accordingto particularconditionsin theenvironment,independentof any geneactivity. One
is producedin thecytoplasm(evenly acrossall diffusionsites)suchthat its concentrationis
proportionalto thecurrentdepthof theagent.Theotheris producedat a particulardiffusion
site if the agentis physically docked with anotherunit at that site. In currentexperiments,
proteins48–55actasdockingsensors,and56–63asdepthsensors.

2.3 ProteinDynamics

Theproteinsin thecytoplasmaresubjectto attenuationanddiffusiondynamics.Theconcen-
trationCp(t) of any proteinp atany diffusionsitedecaysover time,

Cp(t + 1) = kCp(t) (1)

wherek is theattenuationconstant(0 < k < 1).
Therearetwo typesof diffusion, internal (within the cytoplasmof a singleagent)and

external (betweenagents).All proteinsundergo internaldiffusion,wherethe concentration
at onesitediffusesto neighbouringsitesover time.For eachproteinp at sitei , thechangein
concentrationat thatsite,andateachof its N neighbouringsitesj is givenby:

Cp(i; t + 1) = (1 � d)Cp(i; t)

Cp(j ; t + 1) = Cp(j ; t) +
dCp(i; t)

N
(2)

whered is theinternaldiffusionconstant(0 < d < 1).
A subsetof proteinsalsoundergoesexternaldiffusion,wherethey diffuseoutof theagent

into theenvironment,andpotentiallydiffuseinto neighbouringagents:

Cp(i; t + 1) = (1 � e)Cp(i; t)

Ep(i; t) = eCp(i; t) (3)

whereEp(i; t) is the amountof proteinp externally diffusing from diffusion site i at time
t, ande is the externaldiffusion constant(0 < e < 1). Externaldiffusion reliesuponthe
existenceof a communicationsystembetweenagents;in the caseof the simulatedHydron
units, the optical communicationsystemis utilised. It is assumedthis systemcantransmit
signalswhichdigitally encodetheproteintypeanddiffusionamount.If aneighbouringagent
receivessuchasignal,it will decodeit andintroducethespeci�edproteininto thecytoplasm
atthesiteof reception.Theamountof proteinintroducedis afunctionof theamountencoded
in thesignalandtheintensityof thesignalitself, sothetotalamountintroduceddependsupon
thedistancebetweenthetransmittingandreceiving agents.

At thebeginningof a run,thecytoplasmmaybeinitialisedwith proteinsatsomeor all of
thediffusionsites.Suchinitialisationmaybeusefulto providethecontrollerwith information
aboutspatialorientation(seeSection3 for detailsof the initialisation schemeusedin the
currentexperiments).Note, however, that geneswith StepBelow Zero or GradientBelow
Zero outputfunctions(Figure3) will be active in the absenceof any proteins,so genomes
containingsuchgeneswill becomeactiveevenin aninitially emptycytoplasm.



3 Evolving GRN Controllers

In orderto produceGRN controllerswhich will causea groupof Hydronunits to achieve a
particulartask,a geneticalgorithm(GA) wasemployedto evolve a populationof genomes.
A standardgenerationalGA was used,with tournamentselectionand elitism. Two-point
crossover wasapplied,usingdifferentcrossover pointson eachparent,which thereforeal-
lowedthe lengthof anoffspringgenometo beshorteror longerthanthatof its parents(i.e.
genomelengthcanevolveover time).

To get a �tness value for eachgenome,it wasusedto constructa GRN controller for
eachof theHydronrobotsin thegroup.Thecytoplasmof eachagentwasinitialisedwith six
typesof protein(proteins1–6), placedat the diffusion siteson the Hydron's upper, lower,
front, back,left andright sidesrespectively. This givesthecontrollerinformationaboutthe
spatialaxesof therobot; this is theonly a priori knowledgegivento eachcontroller. When
the controllersof eachof the robotshave beeninitialised in this way, they areallowed to
executefor a �x edduration,andtheoverallbehaviour of thegroupis thenevaluatedin terms
of thegiventaskanda �tness scoreassigned.

For theinitial experimentsreportedhere,thetaskwasfor thegroupto form acluster. The
�tness function wasthe meansquaredistanceof eachHydron at the endof the evaluation
period from the centroidof the groupat the startof the period.The �tness scorewas the
negative of the meansquaredistance,so the betterthe controller, the closerthis negative
numberwasto zero.3

4 Experimental Design

A seriesof experimentswasdesignedto investigatetheability of thesystemto producecon-
trollerswhich couldperformtheclusteringtask.A total of 160experimentswereconducted
in four batches,in order to test the sensitivity of the resultsto the main parametersof the
GA and the GRN controller.4 For eachcombinationof parameters,10 separaterunswere
conductedusingdifferentrandomnumberseeds.

BatchesA, B andC looked at GA-relatedparameters.BatchA addressedthe question
of whether, for a given amountof computationalresource,it wasbetterto run a small GA
populationfor a large numberof generations,or a large populationfor a small numberof
generations.SetA1 evolveda populationof 500controllersfor 100generations,andsetA2
evolvedapopulationof 100controllersfor 500generations.BatchB lookedattheGA param-
etersof tournamentsizeandelite groupsize(i.e. the top n controllersfrom onegeneration
which werepassedunalteredto the next). Tournamentsizesof 5 and25 wereused,along
with elite groupsizesof 1 and50, giving 4 differentsetsof runsin total for BatchB. Batch
C lookedat theprobabilitiesof crossover andmutation.Crossover probabilitiesperselected
parentof 0.5 and0.9 wereused,with mutationprobabilitiesper genomedigit of 0.01and

3During analysisof theseruns,a bug in the controllercodecameto light which meantthat the Hydrons
wereunableto move in theverticalplane.This meantthat themaximumpossible�tness scoreachievablewas
� 0:2231m2, achievableif theHydronsformedaperfectlyalignedverticalcolumn.

4Thedefault parametervalues,which wereusedin all runsunlessotherwisestated,wereasfollows: Popu-
lationSize100,Generations200,Elite GroupSize1, TournamentSize25,CrossoverProbability0.9,Mutation
Probability0.005,Initial GenomeSize1000,Enhancer:InhibitorRatio 1:1. Eachcontrollerwasevaluatedfor
30 secondsof simulatedtime; an identicalcopy of thecontrollerwasplacedinto � ve Hydrons,andeachtrial
startedwith themin thesameinitial spatialcon�guration.



0.005,giving another4 setsof runsfor BatchC.
BatchD lookedatparametersassociatedwith theGRNcontroller. In particular, thelength

of the randomly-generatedgenomesin the initial populationwas varied from 1000 digits
to 5000digits. Also, the rangeof sequencesin the genomethat quali�ed asenhancerand
inhibitor promoterswasvaried,to changetherelative degreeof geneenhancementandgene
inhibition.Speci�cally, thenumberof sequencesqualifyingasenhancerpromoterswasvaried
from 3 to 2 to 1, while at the sametime the numberqualifying asinhibitor promoterswas
varied from 1 to 2 to 3. This gave 3 setsof experiments,wherethe relative probability of
geneenhancementovergeneinhibition was3:1,1:1and1:3 respectively. Combinedwith the
2 differentgenomelengths,thisgavea totalof 6 setsof runsin BatchD.

5 Resultsand Analysis

Theresultsof the160experimentssuggestthattheperformanceof thesystemis remarkably
resilientto the particularchoicesmadefor the main parametervalues.In eachbatchof ex-
periments,theGA wasableto improve theperformanceof theGRNcontrollersover therun,
andat leastsomeof the10 trials in eachsetachievednear-optimal�tness (i.e.amean-square
distanceof within 0:01m2 of thehighestpossible�tness).

Due to spacelimitations, a detailedstatisticalanalysisof the full setof resultswill be
presentedelsewhere.Instead,in thissectionresultsfrom atypicalsetof runsareinvestigated,
in orderto shedlight ontheoperationof theGRNcontrollerandonits evolutionarypotential.

Thisparticularsetof 10 runswerefrom BatchA, usingapopulationsizeof 100,evolved
for 500generations.All otherparameterstook their default valuesasdescribedin Section4.
Theincreasein �tness over time is shown in Figure4a.The�nal �tness achievedby thebest
of the10 runswas-0.2275andthemeanwas-0.2363(comparedwith themaximumachiev-
able�tnessof -0.2231).As thepopulationevolved,thegenomelengthtendedto increase(not
shown), asdid thenumberof genesencoded(Figure4b).
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Figure4: (a) Fitnessof bestindividual in populationover time (generations)for runs in BatchA2. For each
generation,themean,maximumandminimum�tness for the10runsis plotted.(b) Numberof genescontained
in thegenomeof thebestindividual in populationover time.

To geta betterideaof theoperationof thegeneticregulatorynetwork, theevolvedcon-
troller from the�nal generationof thebestrunwasanalysed.Figure5ashows thegeneregu-
lation matrix for this controller. Thegenomecontained30 genes.Eachof theseis plottedon



theverticalaxis,andthecorrespondinghorizontalrow shows whichothergenesit regulates.
Of the 30 genes,all but 3 are involved in the regulationof othergenes.Someregularities
areevident in the matrix. For example,Genes1, 8, 13 and22 all inhibit Genes29 and30.
It is unlikely that this combinationspontaneouslyarosefour timesduringevolution; rather,
thesegenesprobablyaroseby duplicationduring thecrossover process.Likewise,Genes4,
9, 10 and14 all regulatethesamegenes,asdo Genes6, 18,19 and30.Furtherinvestigation
of thesegenesrevealsthat they arenot all exactly identical,but somediffer in detailssuch
astheir outputfunctionandproductplacementparameters.It is likely that thesedifferences
aroseby mutationssubsequentto duplication.Othergroupsof genesaresimilar but show
greaterdivergence(e.g.Genes2 and4). This patternof geneduplicationanddivergenceis
very desirablein evolution, asit allows an evolved function to be retainedwhile variations
of thefunctionaresimultaneouslytested.A similar patternof duplicationanddivergenceof
genesis foundin biologicalevolution,andhasbeensuggestedasoneof themainmechanisms
by whichnovel structuresandorganismiccomplexity evolve [10].

Theevolutionof theconnectivity of thegeneregulationmatrixwasanalysed.In particular,
the distributions of kin (the numberof geneswhich regulatea given gene)and kout (the
numberof geneswhichagivengeneregulates)wereplottedfor thebestcontrollersatvarious
generationsthroughoutthe evolutionaryrun. Recentresearchhassuggestedthat metabolic
networksin awiderangeof biologicalorganismsexhibit apower-law distributionfor k in and
kout (i.e. they arescale-freenetworks)[11]. Analysisof theevolvedGRNcontrollersshowed
that thenetworkshadsimilar power-law distributionsfor kin and(not soclearly) for kout in
earlygenerations,but actuallyevolvedaway from theseto moremultimodaldistributionsin
latergenerations.Furtheranalysisis underway to elucidatethisbehaviour.

Thepatternof geneexpressionover time,asrecordedin oneof theHydronsduringsim-
ulation,is shown in Figure5b. Notethatgeneswith theStepBelow Zeroor GradientBelow
Zero output functions(seeFigure 3) are on by default, unlessactively inhibited; various
genesin this category canbe seen.Although mostgenesshow a steadylevel of activation
throughout,some(e.g.Genes3, 20,21,26 and27) �uctuate signi�cantly over time.Further
investigationrevealsthatGenes3, 7, 11, 20, 21, 26 and27 all produceprotein47, which is
oneof themovementproteins(Section2.2).Most of thesegenesaretheoneswhoseexpres-
sion �uctuatessigni�cantly over time, which demonstratesthat thecontrollerhasevolveda
fairly complex patternof controlof therobot's movementin orderto achieve thetask.

Similar plots for changesin cytoplasmicproteinconcentrationsover time (not shown)
revealthatsomeproteinsmaintaina fairly steadypresence,whereasothersvarymoresignif-
icantly asthe genesthat areproducingthemareenhancedandinhibited by otherproteins.
In this particularcontroller, only onetypeof proteindiffusesbetweenHydronunitsover the
courseof thesimulation,but this is suf�cient for thedirectionaltransferof informationbe-
tweenrobots.It is by this mechanismthatdifferentiationof geneexpression(andtherefore
behaviour) amongthe � ve Hydronsoccurs.Furtherexperimentsareunderway to studythe
importanceof theseinter-Hydroncommunicationsfor thesuccessfulcompletionof thetask.

6 Summary and Futur eWork

The distributedcontroller for a groupof robotshasbeenpresented,inspiredby biological
geneticregulatorynetworks. It hasbeendemonstratedthata geneticalgorithmcanbeused
to automaticallyevolve thesecontrollersto achieveasimpletask.Initial resultsandanalyses
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Figure5: (a) Generegulationmatrix. Eachsquarerepresentsthe regulationof the genealongthe horizontal
axis by the productof the geneon the vertical axis.A white squaredenotesno regulation,light grey denotes
enhancement,dark grey denotesinhibition, andblack denotesboth enhancementandinhibition. Seetext for
details.(b) Traceof geneactivity over time, for the�rst 30secondsof controlleractivity.

of theevolutionaryprocedureandthecontrollerhave beenpresented.Theseindicatethatthe
procedureis fairly robust to choicesof parametervalues,but further, moreextensive experi-
mentsandanalysisareunderway to con�rm this.Theevidencesofar suggeststhattheGRN
controllerprovidesa suitablesubstratefor evolution, andindeedthereis evidencethat the
samekind of duplicationanddivergenceof genesis occurringashappensduring biologi-
cal evolution.Furtherexperimentsareunderway to analysetheoperationof thecontrollerin
moredetail.An importantandongoingaspectof this analysisis thedevelopmentof assess-
mentcriteria andevaluationmetricsfor comparingthe performanceof the algorithmwith
othertypesof controller.

Onedirectionof future researchis to evolve morecomplex behaviours.An approachto
this would beto evolve a controllerthatwill drive a groupof robotsinto a particularcon�g-
urationwhenan externalsignal(an optical signalmasqueradingasan incomingprotein)is
detected.Having evolveda responseto onesignal,thecontrollerwill beevolvedto respond
differentlyto anothersignal.In thisway, ausercouldpromptthegroupto changecon�gura-
tion simplyby supplyingtheappropriateopticalsignal.

Anotherdirectionis to develop the controllerusingmorebiologically-inspiredideasin
orderto improve its performance.Recentwork hasdemonstratedtheadvantagesof coupling
theactionof GRNsto physicalprocessesthatpartially determinetheactionandinteraction
of cells [12]. To accommodatetheseideas,an extensionto the currentGRN controller is
planned,by coupling it with a systemthat generatesdifferential attractive forcesbetween
Hydronunits(following work on arti�cal cellularadhesionmolecules,or A-CAMs [13]). In
thisway, theGRNis controllingtheexpressionof A-CAMs onaHydron'ssurfaceratherthan
directly controlling thehardwareactuationsystems.This would make thehybrid controller
moregeneralby abstractingaway from thedetailsof theHydron'sdesign,andwouldalsobe
expectedto work better, becausetheGRNwouldbe�ne-tuning apre-existingself-organising
dynamics(providedby theA-CAMs) ratherthantrying to controleachandeverymovement.

Finally, thedevelopmentof theHydronhardwarewill soonbecomplete.Experimentswill
thencommenceon transferringcontrollersevolvedin simulationontothephysicalrobots.
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