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Abstract

Simpleartificial creatureg'animats’), which operateasautonomousadaptve robotsin the
real-world, cansene bothasmodelsof biology andasa radicalalternatve to corventional
methodsof designingintelligentsystems We describethe evolution andimplementatiorof
the autonomousobot ARBIB, which learnsfrom andadaptdo its environment. A primary
goalwasto testthenotionthateffective robotlearningcanbebasedn neuralhabituatiorand
sensitizationsovalidatingthe suggestiorof Hawkins andKandelthat(associatie) classical
and‘higher order’conditioningmight be basedon an elaborationof these(non-associatie)
formsof learning.Accordingly, ARBIB’S ‘nervoussystem’hasa non-homogeneoysopula-
tion of spikingneuronsandlearningis by modificationof basic,pre-«isting (‘hard-wired’)
reflexes. By monitoringfiring ratesof specificneuronsandsynapticweightsbetweemeu-
ral connectionsaas ARBIB learnsfrom its ervironment,we confirm that both classicaland
higherorder conditioningoccut leadingto the emegenceof interestingand ecologically

valid behaiors.



1 Intr oduction

Ever sincethe pioneeringexperimentsof Grey Walter[77, 78] on Machina speculatrix(an
electromechanicdtortoise’) almosthalf a centuryago, biologists, psychologistsand sys-
temsscientistshave soughtto understandinks betweenneuralhardware and behaior by
building and observingsimple artificial creatures- ‘animats’ to use Wilson’s [81] term.
In 1984, Braitenbeg [10] publishedthe smallbut now-famousbook \eehicles: Experiments
in SynthetidPsydology. In it, he describedyedanlen experimentsn which simplerobotic
‘creatures’ in spite of their simplicity — displayedinteresting,apparentlyintentionalbe-
haviors of light-seekingpbstacle-aoidanceetc. Startingwith atrivially simplevehiclewith
a single sensorof the externalervironmentwhoseoutputdrivesa motor, hencepropelling
the vehicle, the abilities of such‘creatures’areincrementallyexpandedby the addition of
morewheelsandsensorsandaddingfeaturego the rudimentarynervoussystem’connect-
ing them. Key ideaswere the way that complex behaior could resultfrom a very simple
physicalsubstratethe possibilitiesfor absorbingnen conceptsaandgeneralizingto new sit-
uationsofferedby memory(Mnemotri®, andthe extremedifficulty (if notimpossibility) of
understandinghe “hiddenmechanism’from its obsenedbehaior. Braitenbeg’'s bookhas
hadanenormousmpacton ideasaboutthe way thatan artificial intelligencemight emepge
throughinteractionof a machinewith its ervironment. Thereis now widespreadcceptance
of thenotionthat,to quoteMcFarlandandB6sse49, p.271] “intelligencerequiresa body”
(seealso[22)).

Bottom-upsynthesiof animatsholdsmuchpromisefor achiezing engineeringsystems
of greatersophisticatiorthancanbe designedy classicaimethods.Again, quotingMcFar
land and Bosser[49, p.2]: “Recently it hasbeenrealizedthat robots,which arestill ata
very primitive stageof their evolution, might betterbe designedalongthezoologicallinesof

primitive animalsthanalongthe traditionallines of autocraticcontrol” (see[1] and[8] for



someexemplarywork in this vein). Justasimportant,animatstudiescanalsoprovide mod-
els of emepgentbehaior in biological systemd69]. In particular sincethe robothasbeen
designedndbuilt by theinvestigatorthereis atleastnomysterysurroundingts mechanism

We seekto extendthe pioneeringwork of Braitenbeg in two ways. First, no physical
systemsvereever built by him. Thisis anobviousomissionespeciallyin light of hisremark
thatobsenedbehaior often“goesbeyond whatwe hadoriginally planned”. (How doeshe
know this?) Thereis currentlysignificantresearchactvity studyingthe behaiors of robots
constructedaccordingto the principlesof ‘synthetic psychology’, with Brooks[11]-[15]
probably the acknavledgedflag-bearerof this field. Second,Braitenbeg was not at all
explicit abouttherelationof the mechanismsf learningin his vehiclesto known detailsof
nenous-systenfunction. While it is “pleasurableandeasyto createlittle machineghatdo
certaintricks” [10], it is importantin our view for thesecreationsto bearsomesystematic
relationto therealitiesof biology andpsychologyif they areto tell usanythingaboutnatural,
intelligentsystemsin thisview, we areinfluencedvy Barlow’s[7] famousneurondoctrine’,
or ‘psychophysicalinking principle’, that®. .. active high-level neurons[might] directly
andsimply causeheelementf our perception” sothatit makeseminentsensdo examine
relationsbetweenthe actiity of single neurons(or small neuronassembliesand learned
behaior. Hence we try to make theserelationsexplicit in ourimplementation(syothatwe
effectively modeltherobot’s nenoussystematamuchlower (i.e. biologically faithful) level
thanin otheranimatstudies.Learningbehaior is basedon neuralmodelingof habituation,
sensitizationand classicalconditioning— simple forms of learningwhich have long been
recognizedoy biologistsand psychologists.The resultis ARBIB: an AutonomousRobot
Basedon I nspirationsdrom Biology. Our robotis hamedin honorof cyberneticistMichael
Arbib, well known for his seminalbook|[3].

Againstthis backgroundthe specificgoalsof thiswork are:

1. to testthe notionthateffective robotlearningcanbe basedon neuralhabituationand
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sensitization.Furthermorewe seekto validatethe suggestiorof Hawkins and Kan-
del [35, 34] that (associatre) classicalconditioning— and‘higher’ forms of learning
—mightbebasedn the sameneuralmechanismsas(non-associatie) habituationand

sensitization.

2. toobsenetheemegentbehaior of the ARBIB robotwhenprovidedwith the potential

to learnfrom its environmentusingtheseneuralmechanisms.

3. in line with the neurondoctrine,to relateary interestingemegentbehaiors backto

detailsof ARBIB’s neuralcircuitry.

Accordingly, the remaindetrof this paperis structuredasfollows. In Section2 immedi-
atelyfollowing, we justify the level of abstractiorat which we simulateandimplementthe
learningbehaior of ARBIB. Section3 describeghe implementatiorof the neuralsimula-
tor and,in Section4, we thendescribethe biological motivationsfor the forms of learning
embodiedin the robot. Section5 details ARBIB’S nenous systemarrived at on the basis
of simulation,beforedescribingthree physicalimplementationof the animat(Section6)
and their resultingbehaior (Section7). Finally, Section8 concludeswith discussionof
theimplicationsof this work for embodiedartificial intelligence(Al) andthe emegenceof

intelligent, purposefubehaior in autonomousystems.

2 Levelsof Abstraction in Robot Learning

In this section,we considerthe mostappropriatdevel of abstractiorat which to designand
implementthe nernous systemof an autonomousobot. We shouldmale it clearthatthe
field is by no meansmatureenoughfor thereto be ary inalienablerights or wrongsin these

matters.Unavoidably, therefore whatfollows hassomethingof the flavor of a manifesto.



2.1 Physiologically Faithful Modeling

Oneobviousapproacto modelingarobotnenoussystemwould beto incorporatemost, if
notall, known detailsof single-nere function,andto wire uptheresultingsingle-nere mod-
elsin accordancevith realnenoussystemsThe problemswith this physiologicallyfaithful
approachexemplifiedby MacGreyor [45]) aremary anddaunting.The compleity of even
single nenwe cells, when consideredat a biochemicalor electrophysiologicalevel, means
thatinterconnection®f only a very few neuronscanbe simulatedin present-dayeal-time
embeddedystems- makingsuchmodelsatool for the physiologistratherthanfor the sys-
tem scientist. Also, the requiredneuroanatomicatnowledgeof detailedpatternsof wiring
is mostlyabsent Anotherproblem,pointedout by Sejnavski, KochandChurchland65], is
that: “As themodelis madeincreasinglyrealisticby addingmorevariablesandparameters,
the dangelis thatthe simulationendsup aspoorly understoodgsthe nenoussystemitself”
For thesereasonswe do not pursuethis approactere,althoughit remainsattractve for the

future (giventherapidtechnologicabevelopmentof computingmachinery).

2.2 Parallel Distrib uted Processing

In recentyears,paralleldistributed processing PDP) or ‘connectionism’[58] hasbecome
the majority paradigmin cognitive modelingand (non-symbolic)Al. It must, therefore,
be taken seriouslyasan approacho learningin autonomougobots. For our purposesye
will considelPDPsystemdo be characterizedy modelingat the level of activationsignals
(ratherthanspikesor somelower level still). Also, ahomogeneoupopulationof neuronds
typical (but not universallyso) in PDPsystems.Of course real systemsof neuronsarenot

homogeneoudyut have differentneurontypesspecializedo particularfunctions[50].



2.2.1 Supewisedlearning

PDPS5s greatessuccessesbviously lie with supervisedack-propagatioearning[21, 59].
In our view, however, corventionalfeed-forward artificial neuralnetworkstrainedon back-
propagatiorareof limited usefor developingadaptve mobilerobotsfor severalreasons.
First, they rely on an externaltraining signal(‘teacher’) of uncertainorigin: Crick [24]
describedback-propagatioas“ratherfar-fetchedasa biologicallearningmechanism” Sec-
ond, asstatedby Sharley andHeemslerk [68, p.177]“. .. real-timeneuralcontrol systems
thatmake no distinctionbetweena learninganda performancehaseare promisingcandi-
datesfor the control of adaptve behaior”, yet back-propagatiomequiresa prior training
phaseafter which learningcannoteasily be modified incrementally Autonomousagents
shouldnot needto be pre-trainedthey shoulddiscovertheir world andadapton-line’ to it,
by themseles. Finally, back-propagatiomodelsaretypically passve, open-loopandun-
groundedsee[33] for the classicstatemenanddiscussiorof the problem)in the sensehat
they areunattachedo the ervironment: outputfrom a network generallyhasno effect on
the network’s ervironment. Thus, their semantidnterpretationcanonly be left to a human
obsenrer or homunculugseetherecentwork of Billard andDautenhahi9]). Comparehis
with asimpleinvertebratenenoussystemor the ‘nervoussystem’of a Braitenbeg vehicle.
In thesecasesthe outputof the network makesa differenceto the world, andchangeghe
input that the network receves. Learningtypically involvesassociatingwo inputs rather
thanassociatingninputwith anoutput,andtheinputtrainingset(if it canbe calledthat)is
determinedy boththeervironmentandthe motoroutputof the network.
Theseobjectionshave not, however, preventedthe useof back-propagatiomm training
mobile robots(e.g.[53]). At worst, this hasled to the faintly ridiculousscenario(asfar as
autonomousgentsare concernedpf the teacher/eperimenterfollowing the robotaround
andpressinga buttonwhenit makesanerror! Back-propagatiomasalsobeenusedto train

subsumptiorarchitecture436, 68], which were pre-programmeadr fixed in the original



work of Brooks[11].

2.2.2 Unsuperisedlearning

Many of theabove objectionscanberemovedif robottrainingis unsupervisedparticularlyif
it is alsoincrementakothatlearningandperformancehasegsanbeintegratedon-linerather
thanbeingseparateSelf-olganizingfeaturemaps[42] have proved popular(e.g.[5, 54]) in
view of their ability to extractfeaturedrom raw sensorydata.However (becaus®f theway
thatthewinning-neuromeighborhoods variedduringlearning),incrementatrainingis still
notdirectly achieved

Gaudiancandcoworkers[29, 30] have alsodescribednobile robot control usingunsu-
pervisedheuralnetwork learningbasedn the earlierbiologicalsensory-motocontrolmod-
elsof BullockandGrossbey [17] andGaudianandGrossbeg [28]. Thiswork addressethe
guestionof how anautonomousystemcanlearn(“by doing”) aboutits own sensory-motor
endavmentsand their groundingin the complex and changingexternalworld. Although
having strongerbiological motivationsthantypical PDPwork, the control modelsare still
(to borrow a phrasefrom Hawkins andKandel[35, p.376]) “hypothetical...” ratherthan

“pased... onknown neuralmechanismsatsuchalow level ashabituatiorandsensitization.

2.3 Computational Neuroscience

Computationalneurosciencg65] attemptsto exploit the relative strengthsof the two
paradigmgust mentioned- neurobiologicalmodelingand parallel distributed processing
— by linking someof the principlesof connectionisnmwith datafrom experimentalneuro-
physiology This is the approachwe favor, asit allows an appropriatetradeto be made
betweerbiologicalfidelity andcomputationakxpedieng. Thus,we aimto modelARBIB’S
nenoussystemat a level of abstractiorintermediatebetweenthe PDP style (which largely

abandondiologicalfidelity almostat the outset)andthe physiologicallyfaithful modeling



of realneuralsystemsA primarygoalwasto modelthelearningatalevel sufficiently close
to neurophysiologyhatthelinks betweenARBIB’s adaptve behaior andits neuralendav-
mentsmighthave somevery directandobviousrelevanceto realbiologicalcreaturesin line
with Barlow’s neurondoctrine.

Certainsimple lower animalswith only very rudimentarynenous systemsstill exhibit
interestingbehaviors, adaptingto andsurviing in their ervironment. Studiesof smallsys-
temsof neuronsn suchanimalshave revealedmuchaboutthe relationshipbetweemeuro-
physiologyandbehaior [40]. The simplicity of thesesmallsystemsallows the obsenrerto
seehow eachindividual neuronin a circuit contributesto behaior. However, the beha-
iors so far examinedin this way form only a tiny fragmentof an extensve and comple
repertoire.Thegill-withdrawal reflex in the marinesnail Aplysia for example,hasbeenex-
tensvely studied[18, 40] (andevenmodeledn CMOSVLSI circuitry [20]) but this animal
is alsoinvolved in actwvities of locomotion,finding food, eating,escapingrom predators
(includinginking), mating,etc. Enoughhasbeenlearned however, to make it worthwhileto
link someof the principlesof connectionisnwith datafrom experimentaheurophysiology
in accordanceavith the computationaheurosciencearadigm.

Ourapproacthasbeento draw inspirationseclecticallyfrom acrossarangeof biological
systemsThereis no attemptto baseARBIB specificallyoneitheravertebrater invertebrate
animal. Ratherwe aim only to usegenerabiological principles,notingthathabituationand

sensitizatiorareubiquitousprocesses vertebrateandinvertebratenenoussystems.

3 Implementation of Neural Simulator

We have previously developeda programcapableof simulating small systemsof neu-
rons [62]—-[64] at variouslevels of abstraction. The neuralsimulatoris called Hi-NOON

(HierarchicalNetwork of Object-OrientedNeurons). In Hi-NOON, synapsesneuronsand



networks are all representeds objectswithin an object-orientechierarchy This section
briefly describethe methodologyof its designanddetailsits working.

In line with the computationaheurosciencapproachwe have usedthe membrango-
tential (strictly, transmembranpotentialdifference)asthe obsenableparametein the net-
work model. Thisis amuchlowerlevel approachithantheuseof ‘activation’ valuesroughly
correspondingo the spike or actionpotential(AP) rateof individual neuronsor collections
of neuronsasin PDP models. By contrast,Hi-NOON allows us explicit knowledgeof the
informationprocessingccurringin thecell, muchof whichis lostin thetraditionalconnec-
tionistapproachMoreimportant,Hi-NOON facilitatesuseof anon-homogeneoysopulation
of neurons.

The original programwaswritten in object-orientedPascal,but hassubsequentiypeen
rewrittenin C usingthe disciplinesof object-orientegorogramming{OOP)[23, 27]. C was
used(ratherthan C++ with its explicit supportof OOP features)to maximize portability
amongthe varioushardware/softvarerealizationsof ARBIB. The benefitsof the OOP ap-
proachare two-fold. First, the ability for objectsto inherit propertiesfrom other objects
meanghatit is easyto definemore physiologicallyexactneuronsn termsof simplerneu-
rons. (In fact, the systemallows a simplethresholdunit asthe mostbasictype of object.)
More complex objectsinherit certain propertiesfrom this object (e.g. the fact that it has
weightedconnectiongo otherobjects). The secondbenefitof OOPis polymorphism.This
meanghatthe network may containmary differenttypesof neuron,at mary levelsof com-

plexity, without the programmehaving to be concernedwith this.

3.1 Neuron Parameters

Basic neurophysiologysuggestshoseattributesa model spiking neuronmusthave. The
fixed parameterd88aseMP, Thr eshol d and Ti neConst correspondo the restingpo-

tential, thresholdand time constantof the neuron,respectiely. There are also dynamic
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parameterdP, SynPot andfi r ed (a 1/0 predicate)which modelthe actualmembrane
potentialasit variesin time, accumulatehe weightedsumof synapticinputswhich influ-
encethe updatingof MP at the next time step,andindicateif the objectis in the procesf
firing, respectrely. This parametesystemallows us easilyto describedifferenceetween

neuronsandto keeptrack of the changingstatesof neuronsovertime.

3.2 Networks, Neuronsand SynapsesasObjects

Theneuralnetwork is heldasalist of objectswhereeachsuchobjectcorrespondso asingle
neuronandholdsall theinformationaboutits state(seebelov) andaboutsubsidiaryobjects.

Theinformationheldin the neuronobjectis comprisedof:

e asetof parametersvhich definesheneuron;

e asetof datastructuresvhich defineghe‘axonterminals’for theneurongachof which

is itself anobjectandhasits own parameters;

e a setof methods- pointersto functions,i.e. piecesof codewhich accessand alter

parameteraluesandsodeterminesxactly how the neuronfunctions.

Thetop-level list correspond$o the network object. This possessetsvo methodqcalled
h_access andadd) for accessingnetwork objectsandaddingfurtherobjectsontothelist,
respectrely. Simulationrunlengthis handledby a globalobject. This storesthe simulation
and concurrentsoclet interface ‘houseleeping’ data, including a counterwhoseoriginal
valuespecifieghe lengthof simulation. It decrementafter eachevaluationof the network
object,andthe simulationhaltswhenthe counterreachegero.

As synapsesre also objects,they too have fixed and dynamic parametersnuch like
theneurons.Thus,BaseWei ght is the‘normal’ or default weight of the synapsendis a
constant\éi ght holdsthe presensynapticstrengthandis variableduringsimulation;Re-

covery isaconstan{within eachsynapsejvhichdeterminesiow quickly Wi ght returns

11



to BaseWei ght . To preventsynapticweightsgrowing without limit, V\&i ght is bounded
during simulation. This modelsthe finite size of storesof neuro-transmittein the synaptic

terminalsof real biologicalneurons Also, accordingto SuttonandBarto[71, p. 161}

“If it is assumedhat synapticstrengthslowly decaysn the absencef arein-
forcementsignal,thena boundon weightsizeis imposedthatis a function of
reinforcementevel andthe decayrate.... In systemtheoreticterms,the adap-
tive elementhasdefinitememory it cannotrememberarnything that occurred

arbitrarily far in the past:

SuttonandBarto call this autonomouslecay This decaymechanisms alsoimplemented

here(viaRecovery).

3.3 Neuron Types

Hi-NOON allows a non-homogeneoupopulationof neuronsto be simulated— reflecting
the fact that neuronshave specializedfunctionsin real neurobiologicalsystems- at the
mostappropriatdevel of abstractionModelingindividualneuronsatthelevel of membrane
potentialallows sub-thresholdand spiking behaiors to be simulatedat low computational
cost. Thefixedparametersaterfor differencedetweemeuronswhich, in thiswork, areof

thefollowing types:
basic: tellsits synapseso fire whenits membrangotentialcrosseshresholdfrom below.

noisy: similar to basic but hasan additionalinternal noise componentdeterminingthe
weightedsynapticinput, and henceinfluencingthe membranepotentialat the next

time step.

ramp: similarto noisy, but hasability to rampup spike generatiorrate. It is usedasatest

signalsourcein network development.
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burst: similar to noisy but producesa shortburst of spikeswhenits membranepotential

crosseshreshold.
sensor: similarto basic but actsasa sensoryneuronwith ARBIB’s on-boardsensors.

motor: similarto basic, but actsasa motorneuronwith ARBIB’s motordrives.

3.4 State System

Eachneuronis treatedasbeingin oneof a number(or occasionallynorethanone)of six
statesdependingon the presentmembranepotential,cell thresholdand whetheror not the
cell hasjust fired, etc. For example,if the membraneyotentialof the basiccell is above
threshold,andthe cell hasnot just fired, thenthe neuronwill startto generatea spike and

will initiate synaptictransmission.
*** FIGURE 1 ABOUT HERE ***

Figurel (takenfrom aHi-NOON simulation)shavsthestategpassedhroughby aneuron
duringfiring. In the caseillustrated,the minimum, restingandpeakpotentialsof the neuron
aresetat —69, —60 and+45mV respectrely, andthe thresholdvaluewas —45mV. Note
that actualvalueswill under/owvershootthesesettingsbefore statecan changeat the next

iterationof simulation.The statesare:

VP above restingpotentialandbelow threshold
above thresholdandbelow peak

atpeak

post-firing

atminimum

Tmg o w2

hyperpolarized
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The equationsggoverning the membranepotentialin eachof thesestatesand the synaptic
weightsare givenin AppendixA. The statesystemis not ‘pure’ — thereis someoverlap
betweenstates.For instancea neuronmay be sub-thresholdbut f i r ed may still betrue,
indicatingthatthe membrangpotentialis undegoingits post-firinghyperpolarization.
Theuseof astatesystenfor controllingthemembrangotentialfacilitatestheadditionof
new featurego the program;it is only necessaryo identify which of the statesmay trigger
this featureandto adda procedurecall at that particularstate. This, coupledwith OOP’s

inheritanceallows modelsto be developedandalteredrelatively easily

3.5 Axonal and Synaptic Transmission

Our neuronamodelsub-thresholdbehaiour but sub-thresholgbotentialsarenot propagated
(from axon hillock to terminal fibers) in real neurons,only action potentialsare. This,
however, is not a seriousconcernbecausahe model’s behaiour dependsntirely on how
pre-synapti@ctiity is transformednto post-synapti@ctuity. It is only in supra-threshold
statesB, C andD (seeFigure 1 and AppendixA.2) that synapticcommunicationcantake
place.Hence,it is irrelevantthatwe are,in somesensemodelingsub-thresholdehaiour
incorrectly An alternatve view is thatwe arenotmodelingaxonaltransmissioni.e. we have

‘point’ neuronsasis commonin neuralmodeling[45, pp.21-4].

To facilitatethereplicationof ourwork by others codefor the C versionof theHi-NOON
simulatoris madeavailable by anorymousftp to nun. ecs. sot on. uk from directory

pub/ users/rid/ hi noon.

4 Biologically Moti vated Learning

In this section,we detail the biologically-motivatedapproachto learningimplementedn

ARBIB, andbriefly comparethis with other more behaiorally-basedapproacheso robot
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learning.

4.1 Associatve and Non-Associatve Learning

Learningin ARBIB is modeledon habituationand sensitization the most basicforms of
non-associave learning,andassociatie classicalconditioning A full andcompletereview
of theseextremely-wellstudiedtopicswould beanenormousindertakingandis well beyond
thescopeof thispaper Hence we concentratéereonthebasicpointswhich haveinfluenced
ourmodel. Thereadelis referredto [25, 43,46, 47] for extensve, additionalbackgroundn
associatie andnon-associatie learning.

Accordingto Brooks[14, p.298]:

“Two classicakypesof learningthathave beenlittle usedin roboticsarehabitu-
ationandsensitizationBoth ... seemto becritical in adaptinga complex robot
to acomplex ervironment. Both arelikely to ... becritical for self-adaptation

of complex systems.

Habituationoccurswhenan animallearnsto ignore a weakrepetitve stimuluswhosecon-
sequenceareneitherrewardingnor noxious.In neuronakerms, this meanghatif neuronA
synapsesntoneuronB, and A firesrepeatedlythe synapticstrengthdecreaseandB’sre-
sponselessensaccordingly This is modeledin Hi-NOON by lowering the Wei ght of a
habituatingsynapseevery time it fires, but Wei ght thenreturnstowardsBaseWei ght
with atime constanideterminedoy Recover y. The synapticweightequationdor an ha-
bituatingsynapsearegivenin AppendixA.2.1. Habituationis non-associate in the sense
thatno otherstimulusis involved.

In sensitizationananimallearnsto respondnorevigorouslyto a variety of stimuli after
it hasreceved a noxiousstimulus. Unlike habituation,it occursin responseo a stimulus

differentfrom that originally receved. Althoughthe termis potentially confusingto those
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outsidethefield of psychologicalearningtheory thisis alsouniversallyreferredto asnon
associatrelearningbecausé¢hereis no specificpairingof thenoxiousandsensitizedstimuli:
theeffectoccursfor avarietyof sensitizedgtimuli andfor arangeof relativetimingsbetween
them. Sensitizations modeledusinga facilitatory interneuronl with synapse-on-synapse
connectionto an A — B synapseasdepictedin Figure2(a). This is essentiallythe neural
modelpresentedy HawkinsandKandel[35, Fig. 1] for thegill withdrawal reflex in Aplysia
Whenl fires, it increaseshe strengthof the latter synapse Recovery is asfor habituation.

The synapticweightequationdor a sensitizingsynapsearegivenin AppendixA.2.2.

*** EFIGURE 2 ABOUT HERE ***

Classicalconditioninghasbeenintensvely studiedever sincethe pioneeringwork of
Pavlov [55]. It is a form of associatie learningin which a pre-isting unconditionede-
flex (UR) undegoesmaodification.(Accordingto McFarlandandBo6ssef49, p. 259], Pavlov
usedthetermsconditionalandunconditionalratherthatconditionedandunconditioned the
latter were an error of translationfrom the original Russian.Theseauthorsstatethat mod-
ernpracticeis to returnto Pavlov’s original terminology We prefer however, to retainthe
terminologynow establishedn the English language.) If the conditionedstimulus(CS)
consistentlyprecedeshe unconditionedstimulus(US) by a shorttime intenval, thenthe CS
strengthenshe UR andeventuallybecomesffective in eliciting it in theabsencef theUS
— so called stimulussubstitution(cf. p.139 of Suttonand Barto [71] and pp.168—-171of
Lieberman[43]). It is referredto asassociativdearningbecausehe pairingof CSandUS
is highly specificandembodiesafairly stricttiming relative constraint.

How might the mechanism®f thesedifferentforms of learningbe related?As pointed

outby Byrne[19, p.479]:

“Classicalconditioningandsensitizatiorsharesomecommonfeatures.n both,

the effectivenesof ateststimulusin eliciting a responses modifiedby arein-
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forcing stimulus. They differ, however, in thatclassicalconditioningrequiresa

closetemporalrelationbetweerthe CSandthereinforcer(UR).”

In anintriguing paper Hawkins andKandel[35] arguethatthe cellularmechanismunderly-
ing classicalconditioningin Aplysiais anextensionof the mechanisnmunderlyingsensitiza-
tion. They go onto state[p. 375]: “This finding suggestshatthe mechanismsef yet higher
forms of learningmay similarly be basedon the mechanism®f ... simpleformsof learn-
ing” referringto this as“an elementarycellularalphabebf learning”[p. 376]. Thisis a key
hypothesidor this paperin thatwe attemptto build classicakonditioning(andhigherorder
featuressuchasgeneralizatiorandsecond-or higherorderconditioning)onthebasicneural
model of habituation/sensitizationHence,our succesgor otherwise)hasa direct bearing
on the plausibility of the notion of a “cell biological alphabet”. We emphasizehowever,
that we make no attemptat this stageto modelthe full rangeof conditioningphenomena
(e.g.blocking): only the basicaspectareconsidered.

Accordingly, classicalconditioningis modeledin a similar way to sensitization(Fig-
ure 2(b)), exceptfor the direct synapticconnectionfrom the interneuronto the US neuron:
the strengthof the facilitation dependsuponthe length of time sincethe last firing of the
CS— UR synapsesothat CSandUS form a pairedassociation.In our work, the facili-
tatory effect is greatestwhenthis periodis 0.5s andthe CS will not, by itself, strengthen
the synapse.Again, recovery is asfor habituation. This is effectively the neuralmodel of
Lieberman43, Fig. 13.10]which restson earliersuggestion®f Byrne [19] concerninghe
cellularmechanismef learningin Aplysia The synapticweightequationgor a condition-
ing synapsearegivenin AppendixA.2.3. Importantwork on neuralmodelsof conditioning
hasalsobeendescribedy Grossbeg andSchmajuk{32], SchmajukandDiCarlos[61] and
Raymondet al. [56].

17



4.2 PDP Approachesto Conditioned Learning

As we have seen,the computationaheurosciencgaradigmattemptsto link someof the

principlesof connectionisnwith datafrom experimentaheurophysiologylt remainssome-
what arbitrary however, preciselywherewe draw the line betweenthe two. In particular

severalworkers[66, 71, 72] have considerednodificationsto the kind of synapticupdating
rulesusedin connectionistearningto allow the simulationof conditioningbehaior. Thus,

ratherthanmodelingthis behaior at the level of cell parametersvithin spiking neuronsas

we do in Hi-NOON, it is modeledat a much higherlevel within synapticweight updating
equationdor PDPtype neurons.t is anopenquestionhow muchpracticaldifferencethere
will bein the outcomebetweenthe two approachesindeed,it is worth noting Suttonand

Barto’s [71] obsenationthatthe deltarule (of which back-propagatioins a generalization)
is nearidenticalin its mathematicaformulationto Rescorlaand Wagners [57] model of

classicakconditioning.

To our knowledge,therehave beenno previous attemptgo useclassicalconditioningin
conjunctionwith spikingneuronsn roboticstudies.By contrastthe PDPapproactoutlined
in the previous paragraphasbeenoccasionallyusedas a learningparadigmfor robotics.
BuhlimeierandManteufel [16] andArkin [4, pp.322—-325]have bothrecentlyreviewedthis
work. Accordingto BuhlmeierandManteufel [p. 204] “there arethreedifferentdirections
in theresearclof conditioningmodels:attentionaimodels expectang or comparatotbased
modelsandoperantehaior networks” but they also[p. 206] briefly considerclassicakon-
ditioning. This, they say “canbeinterpretedasa mechanisnenablingasystento adaptvely
anticipateprotectveactions. .. Thishard-wiredknowledgemightbeusedo adaptherobots
behaior”. Finally, Andrea€[2] hasdescribed'associatve learning”asa basisfor robotin-
telligenceandpresentec neuralmodel[p. 21] for this. However, thisis doneat arelatively

high level — essentiallywithin the PDPparadigm.
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4.3 ReinforcementLearning

Supervisedrainingis inherentlyunsatiséctoryasalearningtechniqugor autonomousys-
tems. As analternatve to the provision of ateacherit is generallypossibleto derve some
kind of reinforcemensignalfrom the ervironment. Accordingto Kaelbling [38, p.5], this
is “a mappingfrom eachstateof the environmentinto a scalarvalueencodinghow desirable
that stateis for the agent”. Learningthenactsto maximizethe reward or return associated
with or predictedrom thereinforcemensignalovertime. Themary variantsof this form of
learning(especiallythe Q-learningparadigmof Watkins[79, 80]) have beenvery popularin
animatstudies(e.q.[37, 39,44, 48,52, 70]).

Reinforcementearningis similar to the S-Rtheory of conditioning[43, p.350] which
positsa directlink betweerthe conditionedstimulusandresponsein contrasto Pavlovian
S-Stheorywhich positsassociatiorof two stimuli — the CS andthe US. Thus, although
we have not doneso, a detailedcomparisorof our Pavlovian approachwith reinforcement
learning could be potentially revealing from the point of view of psychologicallearning

theory(seediscussionn section8).

5 Robot NervousSystem

In this section,we describethe neuralsystemof ARBIB arrivedat on the basisof Hi-NOON

simulations.

5.1 Central Pattern Generator

Centralpatterngenerator¢CPGs)are simpleoscillatory neuralcircuits that underlierhyth-
mic behaiors in animalssuchas breathing,walking or swimming[41, 67]. Thereis no
single pacemakr cell, and CPGscanoperateautonomouslyvithout control from the brain

or external feedback. They arefound in both invertebratesand vertebrates:in the latter,
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CPGsareoftensitedin the spinalcord.
*** FIGURE 3 ABOUT HERE ***

Figure 3 shaws the simple hard-wiredCPG which providesthe basicdriving force for
ARBIB, in the form of a wanderingbehaior. Although not basedon any specificanimal,
this CPGusegprinciplesfrom identifiedneuralcircuitry, e.g.the Clione swim network [60].
It consistsof a four-neuronloop, C1-C2-C3-C4with mutualinhibition betweertwo of the
neurons,C1landC3, sothatthereis a cyclical or oscillatory patternof firing. Thereis an
excitatory connectionfrom neuronC1 to the forward motor, and from C2 and C4 to the
right andleft steermotorneurongespectiely. Thesynapse$o the steemeuronsareof type
noisy, which meanghatthe probability of the synapsdiring dependsn the actvity of the
parent,pre-synapticmeuron.thusallowing for deviation from the robot’s generallystraight-
line pathwhenwanderingoverlong distancesThe CPGdoesnot startfiring spontaneously;
an excitatory connectionfrom the rear bumpersensoryneuron(Fig. 3) actvatesC1, thus
startingthe oscillatorypatternof firing of the CPG. Thisis a practicalexpedientthatallows

ARBIB to be ‘kick-started’by pressingts backbumper

5.2 ReflexResponses

Classical conditioning assumeghat there are genetically-preided (or ‘pre-wired’) be-
haviours, or reflexes, which have evolved to help the species’survival in its ervironment
Theseare then modified by an individual's experienceof the ervironment. The obvious
questionthen arises: How do we decidewhat shouldbe hard-wiredin ArRBIB? Clearly,
this shapewvhatthe robotcanandcannotlearn. In their seminal1984 paper Hawkins and

Kandelwrite [35, footnotel]:

. we believe that the neuralconnectiondor mostor all possiblestimulus-

responsessociationsre prewired, andtraining merely altersthe strengthsof
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thoseconnectionsin somecasedringingtheresponsdrom below thresholdo

abore threshold.

This is exactly the point of view adoptechere,andgivesaway to interpretemegence An
emegentbehaior is onewhich hasbeenbroughtabove thresholdby interactionwith the
ervironment.

ARBIB hastwo (Left/Right) hard-wiredreflex responseasdepictedin Figure4. These
areusedasthe unconditionedstimuli for classicalconditioningandform the startingpoint
for learningin therobot. Eachof thetwo front bumpsensorsnakesanexcitatoryconnection
to theipsilateralreflex interneuron.Thesereflex neuronsn turn connecto thereversemotor
neuronandtheipsilateralsteemotor. If, for example theleft bumpsensois activated,then
ARBIB will reverseaway from the objectthatit collidedwith while turningatthesametime.
Hence pncethereflex hasbeencompleted ARBIB will nolongerbefacingtowardtheobject
with which it collided. This hasan obvious analogywith the ‘withdraw-from-pain’ reflex

thatall animalspossess.
*** FIGURE 4 ABOUT HERE ***

Thereis onefinal reflex thatplaysno partin theadaptve behaior. An inhibitory connec-
tion from therearbumpersensoryneuronto thereversemotorneuronmeanghatthevehicle
will stopreversingif it backsinto somethingallowing it to wanderforwardagainunderthe

controlof the CPG.

5.3 ClassicalConditioning

Figure 5 illustratesthe addition of conditioningcircuitry (Figure 2(b)) to the basicreflex
circuitry. Interneurondeatureboth becausenonosynaptiageflexesareuncommonin biol-
ogy [35, pp.376—7]andbecausehis givesa natural,structuredway of introducinghigher

order conditioning(seebelov). Note thatthe circuit is ‘over-provided’ with conditioning
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synapse# accordanceavith the quotationfrom Hawkins andKandelabove,i.e. ARBIB has
the potentialto learn‘wrong’ thingsbut shouldbe preventedfrom doing so by the environ-

ment.

*** FIGURE 5 ABOUT HERE ***

We now outlinetheseoperationaprinciplesin alittle detail. Eachbumpsensoryneuron
makesconditioningconnectiongo the synapsesonnectingfrom theinfraredsensoryneu-
rons)to theipsilateralinfraredinterneuron(liL andlIR, respectiely). Eachinfraredsensory
neuron(IR) makesconnectiongo both of theinfraredinterneurongseeFigure5): thus,the
network is initially wired up neutrally (Thatis, to avoid explicitly pre-determiningts be-
havior, ARBIB is over-endavedwith the potentialto learn.) TheconnectionbetweerthelR
sensoryandinterneurongsare very weakinitially; evenif both sensoryneuronsfire, the IR
interneuronsvill not. This meanghat,to begin with, ARBIB essentiallyignoresthe signals
from the IR sensoryneurons-they have no effectonits behaior. However, asit exploresits
world, theconnectiongrom theIR sensoryneurondecomestrengthened,e. it increasingly
usegheinformationfrom its IR neurondo avoid hitting obstaclesin fact, IR signalsleadto
reflex behaior justasif ARBIB hadstruckanobstacle How doesthis happen?

Imaginethat ARBIB is wanderingaroundwhenit approacheanobstacleonits left hand
side. As it draws closeto the obstaclethe left IR sensoryneuronbeginsto fire (because
anIR sensolis active whenit picksup ARBIB’s active IR signalsreflectedbackoff nearby
objects).However, althoughthe IR sensoryneuronsendssignalsto bothIR interneurongliL
andlIR), the connectionis too weakfor the interneurongo fire, sothat ARBIB continues
forward. A secondor two later, the left bump sensorhits the object. The immediateeffect
is that the left reflex interneuronis triggeredand ARBIB begins its reflexive withdrawal
behaior. The othereffect is the possibleconditioningof the connectionsrom the two IR

sensoryneurongo IIL. However, only theleft IR sensoryneuronhasfired recently soonly
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the connectionfrom thatneuronto IIL will befacilitated— its weightwill beincreased.In
future (perhapsafterjust oneor two more‘trials’ dependingn the exactparametersised),
theconnectiorfrom theleft IR sensoryneuronandthellL is strongenoughthattheIR signal
onits own is enoughto triggertheleft reflex interneurorandcausehebacking-of behaior.
ARBIB haslearnedto usea differentsensorymodality to avoid the ‘pain’ of colliding with
obstacles- asit approacheanobject,its IR neuronfiresandit reversesaway.

Once theseconditionedconnectionshave beenformed, the next stageof adaptation

takesplace.

5.4 Chained (‘Second-Order’) Conditioning

Thetaskof learningto avoid obstacleghroughthe associatiorof objectswith shadevs oc-
cursin a similar mannerto the associatiorof bumpandIR detectionpreviously described.
However, thelight detectingresistorLDRs) usedin this casegenerate gradedsignal(be-
tween0 and 255) ratherthanthe binary 0 or 1 outputof the bump sensorsaandIR sensors.
Also, we wishedto avoid explicit pre-programmingf light-seekingability. Accordingly,
ARBIB wasprovidedwith ameansf sensingchangesn light ratherthandetectingabsolute
levelsof light perse

ARBIB is equippedvith light sensingcircuitry inspiredfrom thevisualability of thescal-
lop Pectenmaximug73]. Light, shadev andmovementdetectionin this animalis provided
throughacompoundf approximately60 eyes.Eachconsistf acorneaalargelens,sense
cellsarrangedasproximal anddistal retinae,a reflectingargentaeanda layer of screening
pigmentcells. For our purposesthis is simplified to two ‘eyes’ andfour sensory(or A)
cells: two proximal andtwo distal. Proximalcells respondo anincreasen light intensity
by generatingAPsuntil a constanillumination hasbeendetectedat which point spike gen-
erationdecays.Dischage ceasesvith a decreasén light intensity By contrastdistal cells

respondo a decreasén light intensity shaving no actvity during constantllumination or
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anincreasan light intensity[73, p.244-5].

In ARBIB, two LDRSs give a simpleview of the left andright half-fields of the scene
ahead. Thesefeedto the (proximal) A+L and A+R cells andthe (distal) A-L and A—-R
cellsasshavnin Figure6. Light intensityis sampledandcomparedvith the previousvalue.
If thedifferences positive andthecell is proximal,this differenceis addedo themembrane
potential. If the differenceis negative andthe cell is distal, the differenceis againadded
to the membraneootential. Here, thresholdsare very closeto the restingpotentialof the
sensorycells,makingthemvery sensitve to changesn light.

As depictedin Figure6, the four A neuronsmake weak connectiongo the setof light
interneurongLl—, LI+, RI+ andRI-) sothateachA neuronconnectgo theipsi- andcontra-
lateralneuronwith the samesign. Theseconnectionganbe conditionedby the synapse-on-
synapseonnectiongrom the infraredinterneuron(s)but initially are not strongenoughto

causehelight interneurongandthereforethereflex) to fire.

*** EIGURE 6 ABOUT HERE ***

As for the learning,supposeARBIB entersa patchof shadev behindan obstacleto its
left. This hasno immediateeffect on the behaior, but doescausethe A—L neuronto fire.
A momentlater, the left IR sensompicks up the obstacleandfiresthe L.IR sensoryneuron,
causingdlIL tofire. Thisnotonly triggersthelearnedeflex behaior, but alsostrengthenthe
connectiorfrom a A neuronto theleft light interneuronsf that A neuronhasrecentlyfired.
In this case A—L hasrecentlyfired sothatconnectioris strengthenedt typically takestwo
to threeincidentssuchasthis beforeARBIB startsto backaway from shadevs evenwithout
eitherIR sensoryneuronfiring.

Notice thattheinitial wiring of the vehicledoesnot make assumptiongboutthe world
(exceptfor thefactthattouchis a shorterrangemodality thanIR which, in turn, is shorter

rangethanlight). No attemptwasmadeto implementary kind of rangesensingalgorithm:
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ARBIB wassimply giventhepotentialto senseange.Thetheoretical/empiricalksueis how
it learnsto usethesepotentialities,givenits (limited) neuralendavments. For example, if
we wereto put reversingglasseon ARBIB or if obstaclesverebright ratherthandark,the
neuralcircuit would still adaptcorrectlyto its environment. Thus, its behaior cantruly be
describedasemepentintelligence albeitat arelatively low level (of ‘animal’ asopposedo

‘human’ intelligence).

6 Implementation of the AutonomousRobot

Variousimplementation®f ARBIB have beenconstructeaperatingontheabove principles.

6.1 Z180Implementation

Figure7 shows this implementationwhich hastwo independentriving wheels,andarear
trailing wheel. It wasconstructedat low costmaking extensve useof sheetmetalfor the

bodywork.
*** FIGURE 7 ABOUT HERE ***

The electronichardwareis divided into analoganddigital subsystemg,ealizedon sep-
arateprintedcircuit boards. The collectionandrefinementof sensoryinformationis done
by the analogsubsystemwhile the digital hardware is responsiblgor executingthe neu-
ral network code,monitoringsensoryinformationfrom the analog-to-digitacorverter and
controlling the motorsdriving the wheels. The digital hardwareis basedon a Zilog Z180
microprocessooperatingat 6.144MHz, with 1 Mbyte addressingapability built-in support
for directmemoryaccessandvariousotherrefinementsvhich allow a highly compactde-
sign. TechnicalinformationontheZilog Z180microprocessais availableonthe WorldWide

Webfrom URL:
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http://ww. zi | og. conf frames/ fz80 _180m cro. ht m

The systemhas8Kbyte ROM containingbootstrappinggodeand128Kbyte RAM con-
tainingthe neuralnetwork code. Threeprogrammabléogic devicesprovide addresslecod-
ing for the memorysystemscontrol of the input/outputdecodingand pulse-widthmodu-
lation signalsto control the motor speedsanddirections,respectrely. The IR sensorsare
L14G1 phototransistorandthe LDRs areNORP-125 from EG & G Vactec.Thelatterare
cadmiumsulphideLDRs with a peakresponset 530nm and a dark resistanceof 1M€,
falling to 4002 at 1000lux.

After simulationto verify correctoperation,the neural software was rewritten in a
SmallC subsebf the C programminganguageimplementingmostof the C languagecon-
structsbut restrictingdatatypesto integersandsingle-dimensiorarrays.The oneusedhere
wasdesignedor usewith Zilog Z80systemsandworksviaaZ80cross-assemblandlinker.
Themonitorprogramin therobot's ROM wasdesignedo recognizeheoutputfilesfrom the
linker. The softwarewasdevelopedincrementally:first the CPGwascoded;thenthe bump-
sensoreflex wasadded;finally, the IR andLDR sensorsand IR andLDR sensoryneurons
andconditioningsynapsesvereadded.(Note the parallelto Brook’s layered,subsumption
architecturg11].) Thedevelopingsystenwasextensvely testedateachstage.

OnresettheROM codeinitializesthesystemandsetsup aseriallink toaPC. Thisis the
only physicallink to/from ARBIB: we intendto dispensavith thisin the nearfuture. Neural
network codeis thendownloadedto RAM from the PC,andtherobotstartsto interactwith

—andlearnfrom — its ervironment.

6.2 ARM Implementation

The original implementationbasedon the 6.144MHz Z180 processorfappearedo make
mary ‘mistakes’ which we interpretedto be failuresto learnin time for the learningto be

useful,i.e. beforea collision. This wasthoughtto be a consequencef the slow clock rate
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and limited processingability of the Z180. Hence,a subsequentmplementationuseda
muchfaster40MHz 32-bit ARM710 processoifrom AdvancedRISC MachinesLimited.
The ARM710 hasan 8 Kbyte cachewith write buffer and memory managementinit on-

chip. Fuller detailscanbefoundat URL.:
http://ww. arm td. co. uk/ Docunent at i on/ User Mans/ #ARM/ TDM

Softwarefor the ARM implementatiorwaswritten in C usingthe ARM Software Develop-
mentToolkit. Thebodywork hasbeenrekuilt usingLego.

In practice,the ARM implementationreactstoo fast— in that the processoemulates
ARBIB’s neuralcircuitry considerablyfasterthanthe ervironmentchangesThus,after hit-
ting anobstacletherobotwould backoff just enoughto stopthe bump sensofrom making
contact,but nomore. Thisis aconsequencef theabsencef a globalclock or otherdevice
for imposingrealistictiming on the simulation:the neuralsystemmerelyrunsasfastasthe
processoallows. The problemwascuredby addingdelayloopsto the programcodeso as
to matchits speedf operationto thetime scaleof significanteventsin its environment.

This is aninterestingobsenation. The problemof matchingthe timescalesf internal
computatiorto thoseof externaleventshasrecentlypeencomprehensiely discussedby Bal-
lard etal. [6]. A centraltenetof their work is that“intelligence hasto relateto interactions
with thephysicalworld, meaninghatthe particularform of the... bodyis avital constraint
in delimiting mary aspect®f intelligentbehaior”. They proposehat“pointing movements
areusedto bind objectsin theworld to cognitive programs™ so-called‘deitic computation”
— asa solutionto this problem.Deitic computatiorreflectsa particularlevel of hierarchical
organization(andthereforeof abstraction)and so operateson a characteristidcimescale—
aboutl/3 secondor the humansensory-motoandcognitive systemsAccordingto this no-
tion, the'slow’ speedf neuronsriewedascomputingelementdbecomesvirtue/necessity
contrituting to the matchingof internalandexternaltimescales- ratherthananengineering

disadwantageor ‘paradox’[31].
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6.3 Khepera Implementation

ARBIB hasalsobeenimplementecon a Kheperaminiaturerobot. Technicaldetailsof this

productareavailableat:
http://1am ww. epfl.ch/lam /robots/K-fam|y/Khepera. htni
andat:
http://1 am ww. epfl . ch/ Kheper a/ #kheper a

It hasa cylindrical shape,55mm in diameterand 30mm in height. A seriallink allows
masterslave operationof the unit from aworkstation,or alternatvely, applicationprograms
canbeuploadedo Kheperaor executiononits onboardViC68331processarkEightinfrared
proximity devices(SiemensSFH900s)arelocatedat its perimeter sensingdistanceaswell
aslight level. Kheperais equippedwith two motorsproviding mobility throughits erviron-
ment,eachmotor giving feedbacko the onboardprocessothroughanincrementakncoder

mountedonits drive shaft.

7 Results

Here, we reporton experimentsdesignedto monitor changesn ARBIB’S behaiour asit
adaptsandlearnsfrom its ervironment. This presentsomethingof a difficulty becausehe
variousimplementationfiave insufficient on-boarddata-loggingcapabilityto do this totally
autonomouslyHowever, theKheperasimulator{51] givesaway of capturingandprocessing
real-timedatafrom theKheperamplementatiorof ARBIB viaanumbilicallink. In thiscase,
it alsomakessensdo simulateARBIB’s nenoussystenremotely(butin real-time)onthePC
runningthesimulator We emphasize¢hatthedatabeingcollectedarein noway ‘simulated’:
they comefrom arealimplementatiorof ARBIB. The Kheperasimulatoris merelyusedas

anexpedientmeansof datalogging.
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Evidenceof ARBIB’s ability to adaptto anernvironmentwasacquiredover anextended
period,asdescribedelon. Adaptationwasmonitoredby recordingneuralandsynapticac-
tivity at key pointswithin Arbib’s nenoussystemduringits explorationof thetesterviron-
ment. ARBIB wasimplementedn a Kheperarobotin mode3 (controlledby seriallink pro-
tocolat38400Baud).An 80486Linux PCrantheKheperasimulator(version2), augmented
with Hi-NOON capability Physically the Kheperarobot doesnot possessump sensors.
Hence the bump sensoryneuronsareactuallyfed with infraredsignalsat positions6 and7
of Khepera(seeFigure3 of [51]) asa corvenientway of detectingobjectsat shortrange.

BecauseARBIB’s behaior is probabilistic, resultsare averagedover several ‘runs’ .
Also, it mustbe given sufficient exposureto the ervironmentfor learningto be effective.
Thus,each’run’ consistsf several‘mini-trials’, startingfrom approximatelythe samestart
point. Weightsareresetto baselinevaluesonly at the beginning of a new run: they arenot
resetat the beginning of eachmini-trial. In this way, extendedperiodsof learningcanbe
studiedevenwith arelatively compactesternvironment.

ARBIB was initially positionedat the start location, chosensuchthat IR sensorsat
positions6 and7 (seeabove) are active (and capableof kick-startingthe CPG). Directly
aheadat a distanceof 28cm (measuredenterto center),a cylindrical objectof 8cmin di-
ameterand9cmin heightwasplaced.(A redmugwasusedfor this purposewith thehandle
facing away from the robot.) Viewing the scenefrom the startlocation, a light source(a
benchpower supplyunit feedinga 4.8V, 0.5A MB3 filamentbulb) waspositioned8dcmto
the left, suspended 6.5cm above and9 cm behindthe mug. The robot laboratory(which
is windowless)was darkenedas muchaspossibleso thatthe mug threw a distinct shadev
(which did notencompasghe startposition).

Eachmini-trial commencedy placingARBIB atthe startlocation(asdescribedabove)
andinvoking the simulator The robot wasallowed to move towardsthe mug, reactingto

the obstacle(possiblycolliding) until finally it left the areaof its shadev, away from ary
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potentialcollision. The mini-trial wasthenstoppedandARBIB replacedatthe startlocation
— readyfor the next mini-trial. After six suchmini-trials, constitutinga completerun, the

simulatorwasterminatedanddataloggedfor subsequerdnalysis.Six runswerecompleted,
accumulatingdatafor 36 mini-trials, lastinga total of approximatelyl.7 hoursandyielding

54584KB of data.

To avoid thedangersnherentin presentingesultsfrom singleruns,actionpotentialsand
synapticweightshave beenaveragedverall six runs.Becausef the probabilisticoehaior,
the differentstagesof learningand the fact that the start point is only approximatelythe
same,the time scalesover eachmini-trial (and, therefore,over eachrun) actually differ.
Unfortunately thereis no ohbviously bestway to presentthe resultsof learning. Should
we take averagesover real time or over somenormalizedtime scale?In whatfollows, we
have decidedto presentesultsin termsof realtime. This meanghat dataaretruncatedo
the shortesttime scaleof the six runs (approximately850s or just over 14 minutes). This
shortesttime scalewasthendivided into bins of 50s and APs were countedin eachbin

beforeensembleveragingthebin valuesacrosghe six runs.

*** FIGURE 8 ABOUT HERE ***

Figure8 shavstheresultingplotsof averageAP countfor theleft andright bumpsensory
neurons.In interpretingthis (and subsequentplots, the readershouldrecall that eachrun
is a compositeof six mini-trials. Accordingly we would expectfirings to clusterinto six
groupsmoreor lessequallyspacedacrosghetime extentof theplot, becauseollisionscan
only take placetowardsthe end of a mini-trial. As canbe seen,however, actvity decays
with time in bothcases- left bumpandright bump. This is evidenceof sensorysubstitution
throughclassicakonditioning.Thatis, ARBIB learnsto rely uponadifferentsensemodality
for proximity detectionthanthe oneinvolvedin its hard-wiredreflexes(i.e. bumpinginto an

object).
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As shown in Figure9, right andleft infraredsensoryneuronactyvity alsodecaysalbeit
at a lower rate. Again, this is evidenceof ARBIB learningthroughchainedconditioning.
In time, it startsto usea differentsensanodality thanthatpreviously learned- theinfrared
senseas beingsubstitutedy thelight sens€usingthedeltalight sensoryneuronsjpsasource

of collision detection.

*** FIGURE 9 ABOUT HERE ***

Theactvitiesof theinfraredinterneuronsgepictedn Figure10, shaw signsof increasing
beforereducing. This resultsfrom strengtheningf synapticweightsbetweenthe infrared
sensoryandinfraredinterneurondeforethe establishmendf chainedconditioning. After
thisis establishedhowever, theactvities reduceaslight sensingakesoverfrom theinfrared

sensan evoking the withdrawal reflex.

*** FIGURE 10 ABOUT HERE ***

Considemext how synapticweightschangeduringthis experiment.lt wasobsenedthat
two classe®f behaior emeged: whenavoiding themug, ARBIB eitherconsistentlypassed
it onits right (runs2,4,5 and6) or consistentlypassedt onits left (runs1 and3). Because
thepatternof learningis differentin thetwo casestesultsarepresentedeparatelyor thetwo
behaiors. Figure1l shavs weightsdevelopingbetweeninfraredsensoryandinterneurons
for the first case(runs2,4,5 and6). Clearly, the left infraredipsilateralandright infrared
contralaterasynapseblave beenconsiderablystrengthenelly conditioning whereagheleft
infrared contralaterabndright ipsilateralsynapsesiave not. However, in the secondcase
(runsland3) in which ARBIB learnsto passthe mug on its left, the situationis reversed
(Fig. 12). Thatis, theright infraredipsilateralandleft infrared contralaterabynapsesave

beenstrengthenedyut theright infraredcontralaterahndleft ipsilateralsynapsesave not.

*** FIGURE 11 ABOUT HERE ***
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*** FIGURE 12 ABOUT HERE ***

Activity in thedeltalight interneuronss depictedn Figurel3. Firingsareclearlybiased
to laterin the run, indicatingthe strengtheningf their pre-synaptioveightsonly after the
establishmenof the infraredinterneuronsascollision detectorsasa resultof chainedcon-
ditioning. Finally, Figure 14 shows the averageactvity of thereflex interneuronsover the
six runs. Both left andright interneuronsshow signsof reducingactiity with time. This
indicatesthat ARBIB hasacquirednformationthatallowsit to reducethefrequeny of col-
lisions(i.e. ‘pain’) thatit experiencesvhile exploring its ervironment.So, althoughARBIB
hasno explicit value systemhard-codednto its nernwoussystem(asin the caseof [76] for
instance)jt hasstill established behaiour thatreduceghechance®f anaversive stimulus

occurring.
*** FIGURE 13 ABOUT HERE ***
*** FIGURE 14 ABOUT HERE ***

The variousimplementationsvere alsoobsered informally asthey learnedfrom their
ervironment.Obseredbehaior wasentirely consistentvith the morequantitatve descrip-

tion above.

8 Conclusionsand Discussion

We have detailedthe evolution and embodimentof a simple robot creature ARBIB, Situ-
atedin the real world. In orderto exploit the specificadvantagesof eachapproachwe
aim to model ARBIB’S nenous systemat a level of abstractionntermediatebetweenthe
PDP style andthe physiologicallyfaithful modelingof real neuralsystemsjn accordance
with the tenetsof computationaheuroscience.This imposesa necessityto decidewhere

the dividing line between'neuroscienceand‘PDP modeling’ shouldlie. In this work, we
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attemptto maintainbiologicalfidelity by modelingat the level of neuronmembraneoten-
tial. Thus,ARBIB’s nenoussystemwasinitially designecanddeluggedusingthe authors’
Hi-NOON neuralsimulatorin which synapsesnpeuronsandnetworks areall representeds
objectswithin an object-orientechierarchy This allows a non-homogeneousopulationof
neurongo beimplementedreflectingthefactthatneuronshave specializedunctionsin real
neurobiologicakystems.

Variousphysicalinstantiationsof ARBIB have beenconstructecand obsened to adapt
to the real world using simpleforms of non-associatie andassociatie learning— exhibit-
ing shadav- andcollision-aroidancebehaior. This behaior is both ecologicallyvalid and
emegent: it was not programmednto the simulationbut resultsfrom learnedmodifica-
tion to pre-«isting, hard-wiredreflexes. Admittedly, thereis a sensdn which behaior is
“pre-wired” but thisis notin ary deliberatewvay. Thatis, therobot’s nenoussystemis over-
providedwith conditioningsynapsessothatit hasthe potentialto learnall sortsof things.
But, of coursejt doesnotlearnjustarnything. Its learningis shapedy the ervironment.

Thework hassimilaritiesto othersituated-systemstudieswithin the‘new Al’ paradigm,
whichemphasizetheimportanceof embodimenandlearningfrom theervironment,but has
deliberatelygreaterbiologicalfidelity. Perhapshe closeststudyto oursis thatof Verschure,
KroseandPfeifer[75]. Theseauthorsalsodescribehow classicakonditioning(basecnthe
“adaptie fields” of VerschureandCoolen[74]) canmodify pre-&isting reflexesto produce
collision-avoidanceandgoal-seekindehaiorsin autonomousobots.

Thereare,however, severalimportantdifferencesFirst, Verschurest al. merelysimulate
anautonomousobotratherthanbuilding one. Secondthey modeltherobot’s nernoussys-
temat a significantlyhigherlevel thanwe do. Ratherthanusingnon-homogeneouspiking
neurons,the so-calledCS, US and UR fields containhomogeneousinear thresholdunits
with binary activations. Conditioningis modeledby the effectsof the CSfield on the US™

andUS™ fields as opposedo our synapse-on-synapseechanismand [p. 185] “connec-
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tionsbetweerthe US-fieldsandUR-fieldsareprewired andarenot modifiable”. Third, there
is nothing as low level (from the biological perspectie) as our central patterngenerator
to provide the motivationalforce for exploring the environment. In placeof our CPGare
“commandneurons”and“specific motor responses”Finally, Verschureet al. seemto have
a differentview of reinforcementiearningto ours. They state[p. 185] that their classical
conditioningapproacH'would fall underthe paradigmof reinforcementearning” whereas
we have preferredo emphasizéhe distinctions(section4.3). In short,Verschurestal’s ap-
proachis behaiorally-basedwhile oursis biologically-based As pointedout by Donegon,
GluckandThompsor{26], thereseemsnuchto be gainedfrom attemptingo integratethese
two approachesVerschureet al’s work hassinceevolved considerabl\{76], principally by
the constructiorof “a behaing realworld artifact” which confirmsandextendstheir ideas.
However, theapproachremainsbehaiorally-based.

In therealmof psychologicalearningtheory controversyhasragedfor decade®n the
preciserelation betweenclassicalconditioningand reinforcementearning. For instance,

Lieberman43, p.355] says:

“Reinforcementand classicalconditioning are extraordinarily similar in their
basicprinciples,which suggestshatthey involve thesamédearningmechanism,
but neitherform of learningis ableto accountor the other: R-S* andS-S* con-
tingencieshave differenteffectson behaior, andthe effects of one cannotbe
reducedto the other Anotherway to accountfor their similarity is to assume

thatbothrely onacommonsystenmfor detectingrelationshipdbetweerevents:

and

“Any analysighatclaimsthatreinforcemenandclassicatonditioningarebased
onthesamdearningprocessieedso beableto explainwhy classicacondition-

ing influencesautonomicresponsesnore that skeletal responsesvhereasthe
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reverseis truefor reinforcement..”

Thereseemsavery prospecthatrobotic work of the sortdescribedn this papercould con-
tribute to the resolutionof this debate by implementingeachin the sameartifactandcom-
paringtheir behaior underarangeof experimentakconditions.

A key questionfor future work is the extent to which the approachdescribedhere—
which leadsto simple ‘animal-level’ behaiors — canscaleandgeneralizein the direction
of morecomplex ‘human-lesel’ intelligence. The issuehasbeendiscussedy Wilson [82]
and,morerecently by Brooks[14]. Wilson adwcateqp 20] “. .. maintainingthe holism of
the situationof realanimalsin realervironmentswhile progressiely ... increasinganimat
complity only asnecessary’in orderto copewith increasinglycomplex environments.
This is onedirectionwe intendto follow. In this regard, we shouldnot lose sight of the
extremesimplicity of ARBIB in its currentinstantiation. Giventhis, it is remarkablethat
ARBIB’S behaior is ascomple asit is. Thereis clearly someway to go in following

Wilson’s “animatpathto Al”.

Acknowledgements

Preliminaryversionsof this papemwerepresentectthe 19971EEE InternationalConference
on SystemsMan andCyberneticsQrlando,FL, atthe 1998IEEE InternationalSymposium
on CircuitsandSystemsMontergy, CA, andin seminardy authorRID to the Departmenbf
CyberneticsUniversityof Reading UK andthelnstitutefor HumanandMachineCognition,
Departmeniof ComputerScience,University of WestFlorida, PensacolafFL. Thanksto
questioneranddiscussantgvhoseperceptve commentn thoseoccasiongpromptedusto

improve the presentatiomndcontentof this manuscript.

35



References

[1] T. L. AndersonandM. Donath. Animal behaior asa paradigmfor developingrobot

autonomy Roboticsand AutonomousSystems6:145-168,1990.

[2] J.H. Andreae Associativeearningfor a Roboticlntelligence ImperialCollegePress,

London,UK, 1998.

[3] M. A. Arbib. Brains, Machinesand Mathematics(2nd edition). SpringefVerlag,
Berlin, 1987.

[4] R.C.Arkin. BehaviorBasedRobotics MIT PressCambridgeMA, 1998.

[5] N.R.Ball andK. Warwick. Usingself-oiganizingfeaturemapsfor the controlof artifi-
cial organisms.IEE ProceedingsPart D: Control Theoryand Applications 140:176—
180,1993.

[6] D.H. Ballard,M. M. Hayhoe,P. K. Pook,andR. P. N. Rao. Deitic codesfor the em-
bodimentof cognition. Behavioal andBrain Sciences20:723—-7671997. (Including

openpeercommentary).

[7] H.B. Barlow. SingleunitsandsensationA neurondoctrinefor perceptuapsychology?

Perception 1:377-394,1972.

[8] G. A. Bekey. Biologically inspiredcontrol of autonomousobots. Roboticsand Au-

tonomousSystemsl8:21-31,1996.

[9] A. Billard andK. DautenhahnGroundingcommunicationn autonomousgobots: An

experimentaktudy Roboticsand AutonomousSystems24(1-2):71-791998.

[10] V. Braitenbeg. \ehicles: Experimentsn SyntheticPsydology. MIT Press,Cam-
bridge,MA, 1984.

36



[11] R. A. Brooks. A rohustlayeredcontrol systemfor a mobile robot. IEEE Journal of

Roboticsand Automation 1:14-23,1986.

[12] R. A. Brooks. Intelligencewithout representationArtificial Intelligence 47:139-159,
1991.

[13] R. A. Brooks. Humanlevel cognitionin embodiedrobots. In Proceedingof Inter-
national Joint Confeenceon Neural Networks volume2, pagesl079-1084Nagoya,

Japan1993.

[14] R. A. Brooks. Fromearwigsto humans.Roboticsand AutonomousSystems20:291—
304,1997.

[15] R.A. BrooksandL. A. Stein.Building brainsfor bodies.AutonomoudgRobots 1:7-25,
1994.

[16] A. BuhimeierandG. Manteufel. Operantconditioningin robots. In O. Omidvar and
P. vanderSmagteditors,Neural System$or Robotics pagesl95-225Academic,San
Diego, CA, 1997.

[17] D. Bullock andS. Grossbhey. Neuraldynamicsof plannedarm movements:iemegent
invariantsand speed-accurgcpropertiesduring trajectoryformation. Psydological

Review, 95(1):49-901988.

[18] J.H. Byrne. Comparatre aspect®f neuralcircuits for inking behaior andgill with-

drawal in Aplysiacalifornica. Journal of Neuophysiolay, 45:98-106,1980.

[19] J. H. Byrne. Neural and molecularmechanismsinderlying information storagein
Aplysia implicationsfor learningandmemory Trendsin Neuosciences8:478-482,

1985.

37



[20] H. C.CardandW. R. Moore. Siliconmodelsof associatie learningin Aplysia Neuml

Networks 3:333-346,1990.

[21] Y. ChauvinandD. Rumelharteditors. Badkpropagation: Theories Architectuesand

Applications LawrenceErlbaum,Hillsdale,NJ, 1995.

[22] A. Clark. Beingthere: Why implementatiormattersto cognitive science. Artificial

IntelligenceReview, 1:231-244]1987.

[23] P. Coad and E. Yourdon. Object Oriented Analysis Prentice-Hall, Englevood
Cliffs, NJ,1991. SecondEdition.

[24] F. Crick. Therecentexcitementaboutneuralnetworks. Nature, 337:129-1321989.

[25] A. Dickinson. Contempoary Animal Learning Theory CambridgeUniversity Press,

Cambridge UK, 1980.

[26] N. H. Doneggon,M. A. Gluck, andR. F. Thompson.Integratingbiologicalandbeha-
ioral modelsof classicalconditioning. In R. D. Hawkins and G. H. Bower, editors,
ComputationalModelsof Learningin SimpleNeural Systemspages109-156.Aca-
demic,SanDiego, CA, 1989.

[27] A. Eliéns. Principles of Object-OrientedSoftwae Development Addison-Wesley,
Wokingham,UK, 1994.

[28] P. GaudianandS. Grossbeg. Vectorassociatie maps— unsupervisedeal-timeerror
basedearningandcontrol of movementtrajectories.Neural Networks 4(2):147-183,

1991.

[29] P. GaudianoF. H. GuenterandE. Zalama.Theneuraldynamicsapproacho sensory-

motor control: Overvien andrecentapplicationsin mobile robot control and speech

38



production.In O. OmidvarandP. vander Smagt,editors,Neural System$or Robotics

pagesl53-194 Academic,SanDiego, CA, 1997.

[30] P. GaudianoE. Zalama,andJ.L. Coronado.An unsuperviseteuralnetwork for low-
level controlof awheeledrobot: Noiseresistancestability andhardwareimplementa-

tion. IEEE Transaction®n Systemdylan and Cybernetics26(3):485-4961996.

[31] W. GerstnerR. KempterJ.L. vanHemmenandH. Wagner A neuronalearningrule

for sub-millisecondemporalcoding. Nature, 383:76—811996.

[32] S.GrossbegandN. A. Schmajuk.Neuraldynamicsof attentionallymodulatedPavlo-
vian conditioning: Conditionedreinforcement,nhibition, and opponentprocessing.

Psydobiolagy, 15:195-2401987.
[33] S.Harnad.Thesymbolgroundingproblem.PhysicaD, 42:335-3461990.

[34] R. D. Hawkins. A biologically basedcomputationaimodelfor several simple forms
of learning. In R. D. Hawkins and G. H. Bower, editors, ComputationalModels of

Learningin SimpleNeural Systemgpage$5-108 Academic,SanDiego, CA, 1989.

[35] R.D. HawkinsandE. R. Kandel.ls thereacell biologicalalphabetor simpleformsof

learning?Psydtological Review, 91:375-3911984.

[36] J.N. H. Heemslerk and N. E. Sharley. Learningsubsumptiongor an autonomous
robot. In IEE Colloquiumon SelfLearningRobots number026in ColloquiumDigest

Series96, pagesd/1-8/3,London,1996.Institution of ElectricalEngineers.

[37] L. P. Kaelbling. Foundationsof learningin autonomoussystems. Roboticsand Au-

tonomousSystems8:131-1441991.

[38] L. P.Kaelbling. Learningin Embedde®ystemsMIT PressCambridgeMA, 1993.

39



[39] M. KaiserandR. Dillman. Hierarchicalrefinementf skills andskills acquisitionfor

autonomousobots. Roboticsand AutonomousSystemsl9:259-2711997.
[40] E.R.Kandel. Smallsystemsof neurons.ScientificAmerican 241:61-70,1979.

[41] D. Kleinfield and H. Sompolinsk. Associatve neural networks for central pattern
generators.In C. Kochandl. Seyev, editors,Methodsin Neuwonal Modeling: From

Synapseso Networks pagesl95-246 MIT PressCambridgeMA, 1989.

[42] T.KohonenSelf-oganizedormationof topologicallycorrectfeaturemaps.Biological

Cybernetics43:59-69,1982.

[43] D. A. Lieberman. Learning: Behaviorand Cognition (2nd edition). Brooks/Cole,
Pacific Grove, CA, 1993.

[44] L.-J.Lin. Self-improving reactve agentsbasedon reinforcementearning,planning

andteaching.MachineLearning 8:293—-321,1992.
[45] R.J.MacGraor. Neural andBrain Modeling Academic,London,UK, 1987.

[46] N. J. Mackintosh. The Psydology of Animal Learning AcademicPress,New
York, NY, 1974.

[47] N. J. Mackintosh. Conditioningand AssociativeLearning Oxford University Press,

Oxford, UK, 1983.

[48] M. J.Mataric. Reinforcementearningin themulti-robotdomain.AutonomoudRobots

4:73-83,1997.

[49] D. McFarlandandT. Bésser Intelligent Behaviorin Animalsand Robots Bradford

Books/MIT PressCambridgeMA, 1993.

40



[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

C.Miall. Thediversityof neuronapropertiesin R. Durbin,C. Miall, andG. Mitchison,
editors, The ComputingNeuion, pagesl1-34.Addison-Wesle/, Redwood City, CA,
1989.

O. Michel. KheperaSimulatorversion2, User Manual. Downloadablefrom URL
http://di ww. epfl.ch/lam/teanm m chel /khep-sinfindex.htm,
March1, 1996.

J.D. Millan. Reinforcementearningof goal-directedbstacle-aoiding reactionstrate-
giesin anautonomousnobilerobot. Roboticsand AutonomousSystemsl5:237-246,

1995.

U. Nehmzav andB. McGonigle. Achieving rapid adaptationsn robotsby meansof
externaltuition. In D. T. Cliff, P. Husbands,).-A. Meyer, andS. W. Wilson, editors,
From Animalsto Animats3: Proceedingf the Third International Confeenceon
Simulationof AdaptiveBehavior pages301-308.Bradford Books/MIT Press,Cam-
bridge,MA, 1994.

U. Nehmzav, T. Smithers,and J. Hallam. Locationrecognitionin a mobile robot
usingself-oganisingfeaturemaps. In G. Schmidt,editor, Information Processingn

AutonomousVobile Robots pages267-277 SpringefVerlag,Berlin, 1991.

I. P. Pavlov. ConditionedReflexes: An Investigationof the Activity of the Cerebral

Cortex. Oxford University Press].ondon,UK, 1927.(G.V. Anrep, Translator).

J.L. RaymondD. A. Baxter D. V. BuonomanoandJ. H. Byrne. A learningbasedn
empirically-dervedactvity-dependenheuromodulatiosupportsoperantonditioning

in asmallneuralnetwork. Neural Networks 5:789-8031992.

R. A. RescorlaandA. R. Wagner A theoryof Pavlovian conditioning: The effective-

nessof reinforcemenandnon-reinforcementin A. H. Black andW. F. Prokasy edi-

41



tors,ClassicalConditioningll: CurrentReseath andTheory page$4—69.Appleton-
Century-CroftsNew York, NY, 1972.

[58] D. E.RumelhartandJ.L. McClelland(Eds.). Parallel DistributedProcessing:Explo-
rationsin the Microstructue of Cognition (2 Volumes) Bradford Books/MIT Press,

CambridgeMA, 1986.

[59] D. E. Rumelhart,G. E. Hinton, andR. Williams. Learningrepresentationby back-
propagatingerrors.Nature, 323:533-5361986.

[60] R.A. Satterlie.Reciprocalinhibition andpostinhibitoryreboundproducereverberation

in alocomotorpatterngeneratar Science229:402—-4041985.

[61] N. A. SchmajukandJ.J. DiCarlo. Stimulusconfigurationclassicalconditioning,and

hippocampafunction. Psydological Review, 99(2):268-3051992.

[62] T. W. Scutt. SyntheticNeural Networks: A SituatedSystemg\pproadch. PhD thesis,
Departmentof Electronicsand ComputerScience,University of SouthamptonUK,

1995.

[63] T. W. ScuttandR. I. Damper Computationamodellingof learningandbehaiour in
small neuronalsystems.In Proceedingof International Joint Confeenceon Neurl

Networks pagesA30-435 Singapore1991.

[64] T. W. ScuttandR. I. Damper Designinga nenous systemfor an adaptve mobile
robot. In A. Browne, editor, Neural NetworkPerspectiveon Cognition and Adaptive

Robotics pages220-250Instituteof PhysicsPressBristol, UK, 1997.

[65] T.J.Sejnavski, C. Koch,andP. S. Churchland.ComputationaheuroscienceScience
241:1299-13061988.

42



[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

T. J. Sejnavski and G. Tessauro.The Hebbrule for synapticplasticity: Implemen-
tationsandapplications. In J. H. Byrne andW. O. Berry, editors,Neumal Modelsof

Plasticity, page94-103 AcademicPressSanDiego, CA, 1989.

A. |. Selerston. A consideratiorof invertebratgpatterngeneratoras computational

databasedNeuml Networks 1:109-1171988.

N. E. Sharley andJ. N. H. Heemslerk. The neuralmind andtherobot. In A. Browne,
editor, Neural NetworkPerspectiveson Cognition and AdaptiveRobotics pagesl69—
194.Instituteof PhysicsPressBristol, UK, 1997.

L. Steels.Towardsatheoryof emegentfunctionality. In J.-A. MeyerandS.W. Wilson,
editors,From Animalsto Animats: Proceeding®f the Fir st International Confeence
on Simulationof AdaptiveBehavior pagesA51-461 CambridgeMA, 1991.Bradford
Books/MIT Press.

R. S. Sutton. Reinforcementearningarchitecturesor animats. In J.-A. Meyer and
S.W. Wilson, editors,FromAnimalsto Animats: Proceeding®f theFir stinternational
Confeenceon Simulationof AdaptiveBehaviot pages288—296 BradfordBooks/MIT
PressCambridgeMA, 1991.

R. S.SuttonandA. G. Barto. Towardsa moderntheoryof adaptve networks: Expec-

tationandprediction.Psydological Review, 88:135-1701981.

G. Tessauro.Simpleneuralmodelsof classicalconditioning. Biological Cybernetics

55:187-2001986.

U. Thurm. Eyesspecializedor darkresponsesln W. Reichardteditor, Processingf
Optical Data by Organismsand Machines pages236—255Academic,New York, NY,
1969.

43



[74] P.E M. J.VerschurandA. C. C. Coolen.Adaptivefields— distributedrepresentations
of classically-conditionedssociations.Network— Computationin Neural Systems

2:189-206,1991.

[75] P F. M. J.VerschureB. J.A. Krose,andR. Pfeifer Distributedadaptve control: The
self-olganizationof structuredbehaior. Roboticsand AutonomousSystems9:181—

196,1992.

[76] P. F. M. J. VerschureJ. Wray, O. Sprons,G. Tononi, and G. M. Edelman. Multi-
level analysisof classicalconditioningin a behaing realworld artifact. Roboticsand

AutonomousSystemsl6:247-2651995.
[77] W. Grey Walter. An imitation of life. ScientificAmerican 182:42,1950.

[78] W. Grey Walter A machinethat learns. ScientificAmerican pages60-63, August
1951.

[79] C.J.C.H. Watkins. LearningfromDelayedRevards. PhDthesis,Universityof Cam-
bridge,UK, 1989.

[80] C.J.C.H. WatkinsandP. Dayan.Q-learning.MachineLearning 8:279-2921992.

[81] S.W. Wilson. Knowledgegrowth in an artificial animal. In Proceedingf 1stIn-
ternational Confeenceon GeneticAlgorithmsand their Applications pages16—-23,

Hillsdale,NJ, 1985.LawrenceErlbaum.

[82] S.W. Wilson. Theanimatpathto Al. In J.-A.MeyerandS. W. Wilson, editors,From
Animalsto Animats: Proceeding=f the First International Confeenceon Simula-
tion of AdaptiveBehavior pagesl5-21.BradfordBooks/MIT PressCambridge MA,
1991.

44



A.1 Neurons

A.1.1 Basicneurons

Appendix A

Thebasicneurontype hasthe statesystenfunctionalitywhichis subsequentlgmbeddedn

all dervativessuchasthe sensoryand motor cells. Updatingequationgor the membrane

potential(M P —in milli volts) are:

stateA:
stateB:
stateC:
stateD:
statekE:

stateF:

where:

MP(t +1) = MP(t) — 7 + S(t)
MP(t +1) = MP(t) — a + S(t)
MP(t +1) =h+ S(t)
MP(t +1) = MP(t) — u + S(t)
MP(t +1) =1 4 S(t)

MP(t + 1) = MP(t) + B8MENMPO 4 gt

St) = Z wik (MP;(t) — BaseMP,) isthesynapticpotential(SynPot )
i

and:

i is acounterwhich countsover active pre-synapticells

wj is the synapticweightfrom a pre-synapticieuron

T is theneurontime constant

n = 1.5isthepost-undershoahcrementrate

u = 25is the post-actiorpotentialpeak-MPdecrement

k = 1/450is a heuristically-setearningconstant

a = 20is thepost-threshol@ttackincrement

h = 45is the post-thresholagnaximumMP

| = —69is the pre-undershoaninimumMP
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Certainof the above parameterge.g. t, n) aretime-dependenand have beensetem-
pirically to suit a rangeof processospeedsandimplementations.However, they may be
inappropriateén somecircumstancesee for example,commentonthe ARM implementa-

tion in Section6.2).

A.1.2 Sensoryneurons

The sensoryneurongeactto changesn light level andto objectproximity.

1. Changesin light level: TheLDR sensordeeddeltasensoryneuronswith a sampled
valuei(t). Therearetwo modesof operation:proximalanddistal. Distal modeoperation
simply invertsthe measuremertakenfrom theervironment.However, distalmodedepolar
izestheMP in responséo measuredlecreases.

Proximal mode:

MP@®t)+Axr  ifAAL>0

MP(t+1) =
MP () otherwise
Distal mode:
MP@®t)+Axr  if AL <O
MP(t+1) =
MP(t) otherwise
where:

AL = K[A(t +1) — A(1)]

andk is an empirically setscalingfactor whosevalue dependson the particularphysical

sensoemployed.
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2. Proximity sensing: IR sensordeedIR sensorycells with a sampledvalue (approxi-

mately)proportionalto objectrange,R, attimet, whence:
MP(t +1) = MP() + [SR(t)]

where| | representshefloor functionands is anempirically setscalingfactorwhosevalue

depend®on the particularphysicalsensoemployed.

A.1.3 Motor neurons

Theseclosetheloop betweerthe nenoussystemandthe ernvironment.Motor drive activity

is givenas:

At) = {MJ

h

wherey is a scalingconstantfor the robot hardware (10 for Khepera)andits signis deter

minedby therequiremenfor forward or reversedrive.

A.2 Synapses

The basicsynapsérasfunctionality which is subsequentlgmbeddedn all derivativessuch

asthe habituating sensitizingandconditioningtypes.

w(t) —p if w(t) > wpase

w(t) + B if w(t) < wpase

wl) =1 wmax if w(t) > wmax
Wmin If w(t) < Wmin
Wmin otherwise

wherep is the MP recovery parameteandwpaselS the baseweight (typically 0). Theseare

individually set(togethemith wmin andwmay, typically +16) for eachneuron.
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Noise-freesynapse:

. TRUE if stateB, C,D
fired() =

FALSE  otherwise
Noisy synapse:

TRUE if (stateB,C,D) A (Mhpigpep x 100> randmoleO)

fired() =
FALSE otherwise

wherep denotes parent(pre-synapticheuron.

A.2.1 Habituating type

w(t) —d if stateC
wlt+1) =
w(t) otherwise

whered is aconstantdecremenftypically ~ 1).

A.2.2 Sensitizingtype

w(t)taget+ W(t)sos  if firediagetAfiredses
w(t + 1)target =
w (Htaget otherwise
where‘target’ denoteghe synapsdo be sensitizedthe CS— UR connectionn Fig. 2(b)),

and‘sos’ denoteghe synapse-on-synaps#luence.

A.2.3 Conditioning type

—nT
w(Dtaget + w(t)SO”ere< s ) if firedigetAfiredses
w(t + 1)target =
w(Dtaget otherwise
wherenT is acountof sampleperiodsinitiatedby encounteringtateC for thetargetneuron,
Y (= 250)is anempirically-sescalingfactorand¢ (= 500)is aconstanthoserto maximize

the effect of conditioningwhenCS precede4&JS by 0.5s.
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Figurel: Time evolution of typical actionpotential(spike) of a basicneuronin a Hi-NOON
simulation. Seetext for specificatiorof the stateqA..F) passedhroughby a neuronduring
firing. Here,thesampleperiodis approximatelyl ms(this varieswith themachineonwhich
thesimulationruns.)
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facilitatory
interneuron

synapse on synapse
connection

(a)

facilitatory
interneuron

CS <

(b)

Figure 2: (a) Sensitizations modeledusing a facilitatory interneuronl with synapse-on-
synapse&onnectiorto an A — B synapse(b) Classicakonditioningis modeledn asimilar
way, exceptfor thedirectsynapticconnectiorfrom theinterneurorto US andthe strengthof
thefacilitationdependsiponthelengthof time sincethelastfiring of theCS — UR synapse.
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Steer Right

Rear Bumper

Forward Motor

— —

Motor Neuron
——4d Excitatory Connection

Sensory Neuron

—— o |nhibitory Connection

Interneuron

Figure3: Thecentralpatterngenerato(CPG)consistf four neurongC1-C4)with mutual
inhibition betweentwo of the neurons,C1andC3, sothatthereis a cyclical or oscillatory
patternof firing. Thereis an excitatory connectionfrom neuronC1 to the forward motor,
andfrom C2 andC4 to theright andleft steermotor neurongespectiely. The synapses$o
the steemeuronsareof type noisy synapseso promotingwanderingoehaior
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Left Bump Right Bump

Reverse Motor

Left Reflex <'; Right Reflex

Steer Left ‘K—ﬁ Steer Right

Rear Bumper

From C4 From C2

To Cl1

Figure4: Basicreflex behaior is providedby BumperLeft andRight sensoryneuronswhich
areconnectedo the Reflex Left andRightinterneuronsespectrely. (The actualnumberof
bump sensorgiependsiponthe specificimplementation.) EachReflex interneurons con-
nectedto the ReverseMotor neuronandthe ipsilateralSteermneuron. This causesARBIB to
reversewhile turningaway from theobjectthatit hit beforeresumingts wanderingoehavior.
(Key asfor Figure3.)
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LIR R.IR

Left Bump Right Bump
A Reverse Motor A
Left Reflex < ) Right Reflex
To Steer Left From Rear Bumper To Steer Right
—\O<] Conditioning Synapse
as in Fig. 1(b)

Figure5: Adding conditioningto the network. Eachbump sensoryneuronmakes condi-
tioning connectiondo the synapsesonnecting(from the infrared sensoryneurons)o the
ipsilateralinfraredinterneuron(liL andlIR, respectrely). (Theactualnumberof IR sensors
dependsiponthe specificimplementation.) Eachinfraredsensoryneuron(IR) makescon-
nectiongo bothof theinfraredinterneuronsthus,thenetwork is initially wired up neutrally
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Left Reflex Right Reflex

Figure 6: Adding light-dependenbehaior to the network. Four A neuronsmake weak
connectiongo the setof light interneurongLI—, LI+, RI+ andRI-) sothateachA neuron
connectgo the ipsi- and contralateraheuronwith the samesign. Theseconnectionscan
be conditionedby the synapse-on-synapsennectiongrom the infraredinterneuron(s)but
initially are not strongenoughto causethe light interneurongandthereforethe reflex) to

fire.
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Figure7: The ARBIB robot (Z180 implementation).Bump sensorsare mountedat either
end(left andright) of thefront bumpbar. IR sensoraremountedustabove, with the LDRs
mountedhigh on printedcircuit boardg\wherethey canbe angleddown ascorvenient).
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Figure 8: Averagecountsof action potentialsfrom left and right bump sensoryneurons
asARBIB learnsin anernvironmentwherea hard object(a mug) castsa shadev. Activity
reduceswith time, providing evidenceof sensorysubstitutiorthroughclassicakconditioning.
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Figure9: Averagecountsof actionpotentialsfrom left andright infrared sensoryneurons
asARBIB learnsin an ernvironmentwherea hard object(a mug) castsa shadev. Activity
reduceswith time, providing evidenceof sensorysubstitutionthroughchainedconditioning.
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Figure10: Averagecountsof actionpotentialsfrom left andright infraredinterneuronsas
ARBIB learnsin an ervironmentwhere a hard object (a mug) castsa shadev. Activity
initially increasesvith time, providing evidenceof theinfraredsensesubstitutingfor bump
sensebut thendecreaseasthelight sensestartsto substitutefor theinfraredsense.
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Figurell: Synapticweightchangedetweennfraredsensoryandinterneurongor emegent
behaior in which ARBIB learnsto passan obstructionon its left side. Only left ipsilateral
andright contralaterakynapsesre strengthened Weight parametersvere: wmin = —16,
Whase= 0 andwmax = 16.
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Left Infrared Ipsilateral Synapse
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Figure 12: Synapticweight changedetweeninfrared sensoryand interneurongor emer
gentbehaior in which ARBIB learnsto passan obstructionon its right side. Only left
contralateraland right ipsilateral synapsesare strengthened. Weight parameterswere:
Wmin = —16, wpase= 0 andwmax = 16.

62



Left, Positive, Delta Light Interneuron
T T T T T T

Average AP Count
»

L]

. . . . .
0 50 100 150 200 250 300 350 400 450 500 550 600 650 700 750 800 850

Time (s)

Left, Negative, Delta Light Interneuron

Average AP Count
S

0 50 100 150 200 250 300 350 400 450 500 550 600 650 700 750 800 850

Time (s)

Right, Positive, Delta Light Interneuron
T T T T T T T

Average AP Count
»

. . . . . . . . . . . .
0 50 100 150 200 250 300 350 400 450 500 550 600 650 700 750 800 850

Time (s)

Right, Negative, Delta Light Interneuron
T T T T T T T T

Average AP Count
»

. . . . . . . . . .
0 50 100 150 200 250 300 350 400 450 500 550 600 650 700 750 800 850

Time (s)

Figure13: Activity in thefour deltalight interneuronss biasedto laterin the run, indicat-
ing the strengtheningf their pre-synaptioveightsafter the establishmenof the infrared
interneuronsscollision detectors.
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Figurel14: Averageactvity of thereflex interneuronseducesvertime asARBIB learnsto
avoid collisions.
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