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Abstract

Simpleartificial creatures(‘animats’),which operateasautonomous,adaptive robotsin the

real-world, canserve bothasmodelsof biology andasa radicalalternative to conventional

methodsof designingintelligentsystems.We describetheevolution andimplementationof

theautonomousrobotARBIB, which learnsfrom andadaptsto its environment.A primary

goalwasto testthenotionthateffectiverobotlearningcanbebasedonneuralhabituationand

sensitization,sovalidatingthesuggestionof HawkinsandKandelthat(associative)classical

and‘higher order’conditioningmight bebasedon anelaborationof these(non-associative)

formsof learning.Accordingly, ARBIB’s ‘nervoussystem’hasanon-homogeneouspopula-

tion of spikingneurons,andlearningis by modificationof basic,pre-existing (‘hard-wired’)

reflexes. By monitoringfiring ratesof specificneuronsandsynapticweightsbetweenneu-

ral connectionsasARBIB learnsfrom its environment,we confirm that both classicaland

higher-orderconditioningoccur, leadingto the emergenceof interestingandecologically

valid behaviors.
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1 Intr oduction

Ever sincethepioneeringexperimentsof Grey Walter [77, 78] on Machina speculatrix(an

electromechanical‘tortoise’) almosthalf a centuryago,biologists,psychologistsandsys-

temsscientistshave soughtto understandlinks betweenneuralhardwareandbehavior by

building and observingsimple artificial creatures– ‘animats’ to useWilson’s [81] term.

In 1984,Braitenberg [10] publishedthesmallbut now-famousbookVehicles:Experiments

in SyntheticPsychology. In it, hedescribedgedankenexperimentsin which simplerobotic

‘creatures’– in spiteof their simplicity – displayedinteresting,apparentlyintentionalbe-

haviorsof light-seeking,obstacle-avoidanceetc.Startingwith a trivially simplevehiclewith

a singlesensorof the externalenvironmentwhoseoutputdrivesa motor, hencepropelling

the vehicle,the abilities of such‘creatures’areincrementallyexpandedby the additionof

morewheelsandsensors,andaddingfeaturesto therudimentary‘nervoussystem’connect-

ing them. Key ideaswerethe way that complex behavior could result from a very simple

physicalsubstrate,thepossibilitiesfor absorbingnew conceptsandgeneralizingto new sit-

uationsofferedby memory(Mnemotrix), andtheextremedifficulty (if not impossibility)of

understandingthe“hiddenmechanism”from its observedbehavior. Braitenberg’s bookhas

hadanenormousimpacton ideasabouttheway thatanartificial intelligencemight emerge

throughinteractionof amachinewith its environment.Thereis now widespreadacceptance

of thenotionthat,to quoteMcFarlandandBösser[49, p.271] “intelligencerequiresabody”

(seealso[22]).

Bottom-upsynthesisof animatsholdsmuchpromisefor achieving engineeringsystems

of greatersophisticationthancanbedesignedby classicalmethods.Again,quotingMcFar-

land andBösser[49, p.2]: “Recently, it hasbeenrealizedthat robots,which arestill at a

veryprimitivestageof theirevolution,mightbetterbedesignedalongthezoologicallinesof

primitive animalsthanalongthe traditional lines of autocraticcontrol” (see[1] and[8] for
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someexemplarywork in this vein). Justasimportant,animatstudiescanalsoprovide mod-

elsof emergentbehavior in biologicalsystems[69]. In particular, sincetherobothasbeen

designedandbuilt by theinvestigator, thereis atleastnomysterysurroundingits mechanism.

We seekto extendthe pioneeringwork of Braitenberg in two ways. First, no physical

systemswereeverbuilt by him. This is anobviousomission,especiallyin light of hisremark

thatobservedbehavior often“goesbeyondwhatwe hadoriginally planned”.(How doeshe

know this?) Thereis currentlysignificantresearchactivity studyingthebehaviors of robots

constructedaccordingto the principlesof ‘synthetic psychology’,with Brooks[11]–[15]

probably the acknowledgedflag-bearerof this field. Second,Braitenberg was not at all

explicit abouttherelationof themechanismsof learningin his vehiclesto known detailsof

nervous-systemfunction. While it is “pleasurableandeasyto createlittle machinesthatdo

certaintricks” [10], it is importantin our view for thesecreationsto bearsomesystematic

relationto therealitiesof biologyandpsychologyif they areto tell usanythingaboutnatural,

intelligentsystems.In thisview, weareinfluencedbyBarlow’s[7] famous‘neurondoctrine’,

or ‘psychophysicallinking principle’, that “. . . active high-level neurons[might] directly

andsimplycausetheelementsof ourperception”,sothatit makeseminentsenseto examine

relationsbetweenthe activity of singleneurons(or small neuronassemblies)and learned

behavior. Hence,we try to make theserelationsexplicit in our implementation(s)sothatwe

effectively modeltherobot’snervoussystematamuchlower(i.e.biologically faithful) level

thanin otheranimatstudies.Learningbehavior is basedon neuralmodelingof habituation,

sensitizationandclassicalconditioning– simple forms of learningwhich have long been

recognizedby biologistsandpsychologists.The result is ARBIB: an AutonomousRobot

Basedon Inspirationsfrom Biology. Our robot is namedin honorof cyberneticistMichael

Arbib, well known for hisseminalbook[3].

Againstthisbackground,thespecificgoalsof thiswork are:

1. to testthenotionthateffective robot learningcanbebasedon neuralhabituationand
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sensitization.Furthermore,we seekto validatethe suggestionof Hawkins andKan-

del [35, 34] that (associative) classicalconditioning– and‘higher’ formsof learning

– mightbebasedon thesameneuralmechanismsas(non-associative)habituationand

sensitization.

2. to observetheemergentbehavior of theARBIB robotwhenprovidedwith thepotential

to learnfrom its environmentusingtheseneuralmechanisms.

3. in line with theneurondoctrine,to relateany interestingemergentbehaviors backto

detailsof ARBIB’s neuralcircuitry.

Accordingly, the remainderof this paperis structuredasfollows. In Section2 immedi-

ately following, we justify the level of abstractionat which we simulateandimplementthe

learningbehavior of ARBIB. Section3 describesthe implementationof theneuralsimula-

tor and,in Section4, we thendescribethebiologicalmotivationsfor the formsof learning

embodiedin the robot. Section5 detailsARBIB’s nervoussystemarrived at on the basis

of simulation,beforedescribingthreephysicalimplementationsof the animat(Section6)

and their resultingbehavior (Section7). Finally, Section8 concludeswith discussionof

theimplicationsof this work for embodiedartificial intelligence(AI) andtheemergenceof

intelligent,purposefulbehavior in autonomoussystems.

2 Levelsof Abstraction in Robot Learning

In this section,we considerthemostappropriatelevel of abstractionat which to designand

implementthe nervoussystemof an autonomousrobot. We shouldmake it clear that the

field is by no meansmatureenoughfor thereto beany inalienablerightsor wrongsin these

matters.Unavoidably, therefore,whatfollowshassomethingof theflavor of amanifesto.
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2.1 Physiologically Faithful Modeling

Oneobviousapproachto modelinga robotnervoussystemwould beto incorporatemost,if

notall, knowndetailsof single-nervefunction,andto wire uptheresultingsingle-nervemod-

elsin accordancewith realnervoussystems.Theproblemswith thisphysiologicallyfaithful

approach(exemplifiedby MacGregor [45]) aremany anddaunting.Thecomplexity of even

singlenerve cells, whenconsideredat a biochemicalor electrophysiologicallevel, means

that interconnectionsof only a very few neuronscanbesimulatedin present-dayreal-time

embeddedsystems– makingsuchmodelsa tool for thephysiologistratherthanfor thesys-

temscientist.Also, the requiredneuroanatomicalknowledgeof detailedpatternsof wiring

is mostlyabsent.Anotherproblem,pointedoutby Sejnowski, KochandChurchland[65], is

that: “As themodelis madeincreasinglyrealisticby addingmorevariablesandparameters,

thedangeris thatthesimulationendsup aspoorly understoodasthenervoussystemitself.”

For thesereasons,wedonotpursuethisapproachhere,althoughit remainsattractive for the

future(giventherapidtechnologicaldevelopmentof computingmachinery).

2.2 Parallel Distrib uted Processing

In recentyears,paralleldistributedprocessing(PDP)or ‘connectionism’[58] hasbecome

the majority paradigmin cognitive modelingand (non-symbolic)AI. It must, therefore,

be takenseriouslyasanapproachto learningin autonomousrobots. For our purposes,we

will considerPDPsystemsto becharacterizedby modelingat thelevel of activationsignals

(ratherthanspikesor somelower level still). Also, ahomogeneouspopulationof neuronsis

typical (but not universallyso) in PDPsystems.Of course,realsystemsof neuronsarenot

homogeneous,but havedifferentneurontypesspecializedto particularfunctions[50].

6



2.2.1 Supervisedlearning

PDP’s greatestsuccessesobviously lie with supervisedback-propagationlearning[21, 59].

In our view, however, conventionalfeed-forwardartificial neuralnetworkstrainedon back-

propagationareof limited usefor developingadaptivemobilerobotsfor severalreasons.

First, they rely on anexternaltrainingsignal(‘teacher’)of uncertainorigin: Crick [24]

describesback-propagationas“ratherfar-fetchedasabiologicallearningmechanism”.Sec-

ond,asstatedby Sharkey andHeemskerk [68, p.177] “. . . real-timeneuralcontrolsystems

thatmake no distinctionbetweena learninganda performancephasearepromisingcandi-

datesfor the control of adaptive behavior”, yet back-propagationrequiresa prior training

phaseafter which learningcannoteasily be modified incrementally. Autonomousagents

shouldnot needto bepre-trained:they shoulddiscover their world andadapt‘on-line’ to it,

by themselves. Finally, back-propagationmodelsaretypically passive, open-loopandun-

grounded(see[33] for theclassicstatementanddiscussionof theproblem)in thesensethat

they areunattachedto the environment: outputfrom a network generallyhasno effect on

thenetwork’s environment.Thus,their semanticinterpretationcanonly be left to a human

observer or homunculus(seetherecentwork of Billard andDautenhahn[9]). Comparethis

with a simpleinvertebratenervoussystemor the‘nervoussystem’of a Braitenberg vehicle.

In thesecases,theoutputof the network makesa differenceto the world, andchangesthe

input that the network receives. Learningtypically involvesassociatingtwo inputs rather

thanassociatinganinputwith anoutput,andtheinput trainingset(if it canbecalledthat)is

determinedby boththeenvironmentandthemotoroutputof thenetwork.

Theseobjectionshave not, however, preventedthe useof back-propagationin training

mobile robots(e.g.[53]). At worst, this hasled to the faintly ridiculousscenario(asfar as

autonomousagentsareconcerned)of the teacher/experimenterfollowing the robot around

andpressinga buttonwhenit makesanerror! Back-propagationhasalsobeenusedto train

subsumptionarchitectures[36, 68], which were pre-programmedor fixed in the original
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work of Brooks[11].

2.2.2 Unsupervisedlearning

Many of theaboveobjectionscanberemovedif robottrainingis unsupervised,particularlyif

it is alsoincrementalsothatlearningandperformancephasescanbeintegratedon-linerather

thanbeingseparate.Self-organizingfeaturemaps[42] have provedpopular(e.g.[5, 54]) in

view of theirability to extractfeaturesfrom raw sensorydata.However (becauseof theway

thatthewinning-neuronneighborhoodis variedduringlearning),incrementaltrainingis still

notdirectlyachieved.

Gaudianoandcoworkers[29, 30] have alsodescribedmobile robotcontrolusingunsu-

pervisedneuralnetwork learningbasedontheearlierbiologicalsensory-motorcontrolmod-

elsof BullockandGrossberg [17] andGaudianoandGrossberg [28]. Thisworkaddressesthe

questionof how anautonomoussystemcanlearn(“by doing”) aboutits own sensory-motor

endowmentsand their groundingin the complex andchangingexternalworld. Although

having strongerbiological motivationsthantypical PDPwork, the control modelsarestill

(to borrow a phrasefrom Hawkins andKandel[35, p.376]) “hypothetical. . . ” ratherthan

“based. . . onknownneuralmechanisms”atsuchalow levelashabituationandsensitization.

2.3 Computational Neuroscience

Computationalneuroscience[65] attemptsto exploit the relative strengthsof the two

paradigmsjust mentioned– neurobiologicalmodelingand parallel distributedprocessing

– by linking someof the principlesof connectionismwith datafrom experimentalneuro-

physiology. This is the approachwe favor, as it allows an appropriatetradeto be made

betweenbiologicalfidelity andcomputationalexpediency. Thus,we aim to modelARBIB ’s

nervoussystemat a level of abstractionintermediatebetweenthePDPstyle (which largely

abandonsbiologicalfidelity almostat theoutset)andthephysiologicallyfaithful modeling
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of realneuralsystems.A primarygoalwasto modelthelearningata level sufficiently close

to neurophysiologythatthelinks betweenARBIB ’s adaptivebehavior andits neuralendow-

mentsmighthavesomeverydirectandobviousrelevanceto realbiologicalcreatures,in line

with Barlow’sneurondoctrine.

Certainsimplelower animalswith only very rudimentarynervoussystemsstill exhibit

interestingbehaviors, adaptingto andsurviving in their environment.Studiesof small sys-

temsof neuronsin suchanimalshave revealedmuchabouttherelationshipbetweenneuro-

physiologyandbehavior [40]. Thesimplicity of thesesmallsystemsallows theobserver to

seehow eachindividual neuronin a circuit contributesto behavior. However, the behav-

iors so far examinedin this way form only a tiny fragmentof an extensive andcomplex

repertoire.Thegill-withdrawal reflex in themarinesnailAplysia, for example,hasbeenex-

tensively studied[18, 40] (andevenmodeledin CMOSVLSI circuitry [20]) but this animal

is also involved in activities of locomotion,finding food, eating,escapingfrom predators

(includinginking), mating,etc.Enoughhasbeenlearned,however, to make it worthwhileto

link someof theprinciplesof connectionismwith datafrom experimentalneurophysiology,

in accordancewith thecomputationalneuroscienceparadigm.

Ourapproachhasbeento draw inspirationseclecticallyfrom acrossarangeof biological

systems.Thereis noattemptto baseARBIB specificallyoneitheravertebrateor invertebrate

animal.Ratherwe aim only to usegeneralbiologicalprinciples,notingthathabituationand

sensitizationareubiquitousprocessesin vertebrateandinvertebratenervoussystems.

3 Implementation of Neural Simulator

We have previously developeda programcapableof simulating small systemsof neu-

rons [62]–[64] at variouslevels of abstraction. The neuralsimulator is called Hi-NOON

(HierarchicalNetwork of Object-OrientedNeurons). In Hi-NOON, synapses,neuronsand
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networks are all representedas objectswithin an object-orientedhierarchy. This section

briefly describesthemethodologyof its designanddetailsits working.

In line with thecomputationalneuroscienceapproach,we have usedthemembranepo-

tential (strictly, transmembranepotentialdifference)astheobservableparameterin thenet-

work model.This is amuchlower-level approachthantheuseof ‘activation’ valuesroughly

correspondingto thespike or actionpotential(AP) rateof individualneuronsor collections

of neuronsasin PDPmodels. By contrast,Hi-NOON allows us explicit knowledgeof the

informationprocessingoccurringin thecell, muchof which is lost in thetraditionalconnec-

tionistapproach.Moreimportant,Hi-NOON facilitatesuseof anon-homogeneouspopulation

of neurons.

The original programwaswritten in object-orientedPascal,but hassubsequentlybeen

rewritten in C usingthedisciplinesof object-orientedprogramming(OOP)[23, 27]. C was

used(ratherthan C++ with its explicit supportof OOP features)to maximizeportability

amongthe varioushardware/softwarerealizationsof ARBIB. The benefitsof the OOPap-

proachare two-fold. First, the ability for objectsto inherit propertiesfrom other objects

meansthat it is easyto definemorephysiologicallyexactneuronsin termsof simplerneu-

rons. (In fact, the systemallows a simplethresholdunit asthe mostbasictype of object.)

More complex objectsinherit certainpropertiesfrom this object (e.g. the fact that it has

weightedconnectionsto otherobjects).Thesecondbenefitof OOPis polymorphism.This

meansthatthenetwork maycontainmany differenttypesof neuron,at many levelsof com-

plexity, without theprogrammerhaving to beconcernedwith this.

3.1 Neuron Parameters

Basic neurophysiologysuggeststhoseattributesa model spiking neuronmust have. The

fixed parametersBaseMP, Threshold andTimeConst correspondto the restingpo-

tential, thresholdand time constantof the neuron,respectively. Thereare also dynamic
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parametersMP, SynPot andfired (a 1/0 predicate)which model the actualmembrane

potentialasit variesin time, accumulatetheweightedsumof synapticinputswhich influ-

encetheupdatingof MP at thenext time step,andindicateif theobjectis in theprocessof

firing, respectively. This parametersystemallows useasilyto describedifferencesbetween

neuronsandto keeptrackof thechangingstatesof neuronsover time.

3.2 Networks, Neuronsand SynapsesasObjects

Theneuralnetwork is heldasalist of objects,whereeachsuchobjectcorrespondsto asingle

neuronandholdsall theinformationaboutits state(seebelow) andaboutsubsidiaryobjects.

Theinformationheldin theneuronobjectis comprisedof:

� asetof parameterswhich definestheneuron;

� asetof datastructureswhichdefinesthe‘axonterminals’for theneuron,eachof which

is itself anobjectandhasits own parameters;

� a setof methods– pointersto functions,i.e. piecesof codewhich accessandalter

parametervaluesandsodetermineexactly how theneuronfunctions.

Thetop-level list correspondsto thenetwork object.Thispossessestwo methods(called

h_access andadd) for accessingnetwork objectsandaddingfurtherobjectsontothelist,

respectively. Simulationrun lengthis handledby a globalobject.This storesthesimulation

and concurrentsocket interface ‘housekeeping’ data, including a counterwhoseoriginal

valuespecifiesthe lengthof simulation. It decrementsaftereachevaluationof thenetwork

object,andthesimulationhaltswhenthecounterreacheszero.

As synapsesare also objects,they too have fixed and dynamicparametersmuch like

theneurons.Thus,BaseWeight is the ‘normal’ or default weightof thesynapseandis a

constant;Weight holdsthepresentsynapticstrengthandis variableduringsimulation;Re-

covery is aconstant(within eachsynapse)whichdetermineshow quicklyWeight returns
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to BaseWeight. To preventsynapticweightsgrowing without limit, Weight is bounded

duringsimulation.This modelsthefinite sizeof storesof neuro-transmitterin thesynaptic

terminalsof realbiologicalneurons.Also, accordingto SuttonandBarto[71, p.161]:

“If it is assumedthat synapticstrengthslowly decaysin theabsenceof a rein-

forcementsignal,thena boundon weight sizeis imposedthat is a function of

reinforcementlevel andthedecayrate.. . . In systemtheoreticterms,theadap-

tive elementhasdefinitememory: it cannotrememberanything that occurred

arbitrarily far in thepast.”

SuttonandBarto call this autonomousdecay. This decaymechanismis alsoimplemented

here(via Recovery).

3.3 Neuron Types

Hi-NOON allows a non-homogeneouspopulationof neuronsto be simulated– reflecting

the fact that neuronshave specializedfunctions in real neurobiologicalsystems– at the

mostappropriatelevel of abstraction.Modelingindividualneuronsat thelevel of membrane

potentialallows sub-thresholdandspiking behaviors to be simulatedat low computational

cost.Thefixedparameterscaterfor differencesbetweenneuronswhich, in this work, areof

thefollowing types:

basic: tells its synapsesto fire whenits membranepotentialcrossesthresholdfrom below.

noisy: similar to basic, but hasan additional internal noisecomponentdeterminingthe

weightedsynapticinput, and henceinfluencingthe membranepotentialat the next

timestep.

ramp: similar to noisy, but hasability to rampup spike generationrate. It is usedasa test

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

crossesthreshold.

sensor: similar to basic, but actsasasensoryneuronwith ARBIB’s on-boardsensors.

motor: similar to basic, but actsasamotorneuronwith ARBIB ’smotordrives.

3.4 StateSystem

Eachneuronis treatedasbeingin oneof a number(or occasionallymorethanone)of six

statesdependingon the presentmembranepotential,cell thresholdandwhetheror not the

cell hasjust fired, etc. For example,if the membranepotentialof the basiccell is above

threshold,andthe cell hasnot just fired, thenthe neuronwill start to generatea spike and

will initiatesynaptictransmission.

* * * FIGURE 1 ABOUT HERE * * *

Figure1 (takenfrom aHi-NOON simulation)showsthestatespassedthroughby aneuron

duringfiring. In thecaseillustrated,theminimum,restingandpeakpotentialsof theneuron

aresetat � 69, � 60 and+45mV respectively, andthe thresholdvaluewas � 45mV. Note

that actualvalueswill under/overshootthesesettingsbeforestatecan changeat the next

iterationof simulation.Thestatesare:

A: MP aboverestingpotentialandbelow threshold

B: above thresholdandbelow peak

C: at peak

D: post-firing

E: at minimum

F: hyperpolarized
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The equationsgoverning the membranepotential in eachof thesestatesand the synaptic

weightsaregiven in AppendixA. The statesystemis not ‘pure’ – thereis someoverlap

betweenstates.For instance,a neuronmaybesub-threshold,but fired maystill be true,

indicatingthatthemembranepotentialis undergoingits post-firinghyperpolarization.

Theuseof astatesystemfor controllingthemembranepotentialfacilitatestheadditionof

new featuresto theprogram;it is only necessaryto identify which of thestatesmaytrigger

this featureandto adda procedurecall at that particularstate. This, coupledwith OOP’s

inheritance,allowsmodelsto bedevelopedandalteredrelatively easily.

3.5 Axonal and SynapticTransmission

Our neuronsmodelsub-thresholdbehaviour but sub-thresholdpotentialsarenot propagated

(from axon hillock to terminal fibers) in real neurons,only action potentialsare. This,

however, is not a seriousconcernbecausethe model’s behaviour dependsentirely on how

pre-synapticactivity is transformedinto post-synapticactivity. It is only in supra-threshold

statesB, C andD (seeFigure1 andAppendixA.2) that synapticcommunicationcantake

place.Hence,it is irrelevant thatwe are,in somesense,modelingsub-thresholdbehaviour

incorrectly. An alternativeview is thatwearenotmodelingaxonaltransmission,i.e.wehave

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

To facilitatethereplicationof ourwork by others,codefor theC versionof theHi-NOON

simulator is madeavailable by anonymousftp to mun.ecs.soton.uk from directory

pub/users/rid/hinoon.

4 Biologically Moti vatedLearning

In this section,we detail the biologically-motivatedapproachto learningimplementedin

ARBIB, andbriefly comparethis with other, morebehaviorally-basedapproachesto robot
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learning.

4.1 Associativeand Non-AssociativeLearning

Learningin ARBIB is modeledon habituationandsensitization, the most basicforms of

non-associative learning,andassociativeclassicalconditioning. A full andcompletereview

of theseextremely-wellstudiedtopicswouldbeanenormousundertakingandis well beyond

thescopeof thispaper. Hence,weconcentratehereonthebasicpointswhichhaveinfluenced

ourmodel.Thereaderis referredto [25, 43,46,47] for extensive,additionalbackgroundon

associativeandnon-associative learning.

Accordingto Brooks[14, p.298]:

“Two classicaltypesof learningthathavebeenlittle usedin roboticsarehabitu-

ationandsensitization.Both . . . seemto becritical in adaptingacomplex robot

to a complex environment. Both arelikely to . . . becritical for self-adaptation

of complex systems.”

Habituationoccurswhenananimallearnsto ignorea weakrepetitive stimuluswhosecon-

sequencesareneitherrewardingnornoxious.In neuronalterms,this meansthatif neuronA

synapsesontoneuronB, and A firesrepeatedly, thesynapticstrengthdecreasesandB’s re-

sponselessensaccordingly. This is modeledin Hi-NOON by lowering the Weight of a

habituatingsynapseevery time it fires, but Weight then returnstowardsBaseWeight

with a time constantdeterminedby Recovery. Thesynapticweightequationsfor anha-

bituatingsynapsearegivenin AppendixA.2.1. Habituationis non-associative in thesense

thatno otherstimulusis involved.

In sensitization,ananimallearnsto respondmorevigorouslyto avarietyof stimuli after

it hasreceived a noxiousstimulus. Unlike habituation,it occursin responseto a stimulus

differentfrom thatoriginally received. Although the term is potentiallyconfusingto those
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outsidethefield of psychologicallearningtheory, this is alsouniversallyreferredto asnon-

associativelearningbecausethereis nospecificpairingof thenoxiousandsensitizedstimuli:

theeffectoccursfor avarietyof sensitizedstimuli andfor arangeof relativetimingsbetween

them. Sensitizationis modeledusinga facilitatory interneuronI with synapse-on-synapse

connectionto an A � B synapse,asdepictedin Figure2(a). This is essentiallytheneural

modelpresentedby HawkinsandKandel[35,Fig.1] for thegill withdrawal reflex in Aplysia.

When I fires, it increasesthestrengthof the lattersynapse.Recovery is asfor habituation.

Thesynapticweightequationsfor asensitizingsynapsearegivenin AppendixA.2.2.

* * * FIGURE 2 ABOUT HERE * * *

Classicalconditioninghasbeenintensively studiedever sincethe pioneeringwork of

Pavlov [55]. It is a form of associative learningin which a pre-existing unconditionedre-

flex (UR) undergoesmodification.(Accordingto McFarlandandBösser[49, p.259],Pavlov

usedthetermsconditionalandunconditionalratherthatconditionedandunconditioned: the

latterwereanerrorof translationfrom theoriginal Russian.Theseauthorsstatethatmod-

ernpracticeis to returnto Pavlov’s original terminology. We prefer, however, to retainthe

terminologynow establishedin the English language.) If the conditionedstimulus(CS)

consistentlyprecedestheunconditionedstimulus(US) by a shorttime interval, thentheCS

strengthenstheUR andeventuallybecomeseffective in eliciting it in theabsenceof theUS

– so called stimulussubstitution(cf. p.139 of Suttonand Barto [71] and pp.168–171of

Lieberman[43]). It is referredto asassociativelearningbecausethepairingof CSandUS

is highly specificandembodiesa fairly strict timing relativeconstraint.

How might themechanismsof thesedifferentformsof learningberelated?As pointed

outby Byrne[19, p.479]:

“Classicalconditioningandsensitizationsharesomecommonfeatures.In both,

theeffectivenessof a teststimulusin eliciting a responseis modifiedby a rein-
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forcing stimulus.They differ, however, in thatclassicalconditioningrequiresa

closetemporalrelationbetweentheCSandthereinforcer(UR).”

In anintriguingpaper, HawkinsandKandel[35] arguethatthecellularmechanismunderly-

ing classicalconditioningin Aplysiais anextensionof themechanismunderlyingsensitiza-

tion. They go on to state[p.375]: “This finding suggeststhatthemechanismsof yet higher

formsof learningmaysimilarly bebasedon themechanismsof . . . simpleformsof learn-

ing” referringto this as“an elementarycellularalphabetof learning”[p.376]. This is a key

hypothesisfor thispaper, in thatweattemptto build classicalconditioning(andhigher-order

featuressuchasgeneralizationandsecond-or higher-orderconditioning)on thebasicneural

modelof habituation/sensitization.Hence,our success(or otherwise)hasa direct bearing

on the plausibility of the notion of a “cell biological alphabet”. We emphasize,however,

that we make no attemptat this stageto model the full rangeof conditioningphenomena

(e.g.blocking): only thebasicaspectsareconsidered.

Accordingly, classicalconditioningis modeledin a similar way to sensitization(Fig-

ure2(b)), exceptfor thedirect synapticconnectionfrom the interneuronto theUS neuron:

the strengthof the facilitation dependsuponthe lengthof time sincethe last firing of the

CS � UR synapse,so that CSandUS form a pairedassociation.In our work, the facili-

tatory effect is greatestwhenthis period is 0.5s andthe CS will not, by itself, strengthen

the synapse.Again, recovery is asfor habituation.This is effectively the neuralmodelof

Lieberman[43, Fig. 13.10]which restson earliersuggestionsof Byrne[19] concerningthe

cellularmechanismsof learningin Aplysia. Thesynapticweightequationsfor a condition-

ing synapsearegivenin AppendixA.2.3. Importantwork on neuralmodelsof conditioning

hasalsobeendescribedby Grossberg andSchmajuk[32], SchmajukandDiCarlos[61] and

Raymondet al. [56].
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4.2 PDPApproachesto Conditioned Learning

As we have seen,the computationalneuroscienceparadigmattemptsto link someof the

principlesof connectionismwith datafrom experimentalneurophysiology. It remainssome-

what arbitrary, however, preciselywherewe draw the line betweenthe two. In particular,

severalworkers[66, 71, 72] have consideredmodificationsto thekind of synapticupdating

rulesusedin connectionistlearningto allow thesimulationof conditioningbehavior. Thus,

ratherthanmodelingthis behavior at the level of cell parameterswithin spikingneuronsas

we do in Hi-NOON, it is modeledat a muchhigher level within synapticweight updating

equationsfor PDPtypeneurons.It is anopenquestionhow muchpracticaldifferencethere

will be in the outcomebetweenthe two approaches.Indeed,it is worth noting Suttonand

Barto’s [71] observation that thedeltarule (of which back-propagationis a generalization)

is nearidentical in its mathematicalformulation to RescorlaandWagner’s [57] modelof

classicalconditioning.

To our knowledge,therehavebeenno previousattemptsto useclassicalconditioningin

conjunctionwith spikingneuronsin roboticstudies.By contrast,thePDPapproachoutlined

in the previous paragraphhasbeenoccasionallyusedasa learningparadigmfor robotics.

BühlmeierandManteuffel [16] andArkin [4, pp.322–325]havebothrecentlyreviewedthis

work. Accordingto BühlmeierandManteuffel [p.204] “therearethreedifferentdirections

in theresearchof conditioningmodels:attentionalmodels,expectancy or comparator-based

modelsandoperantbehavior networks” but they also[p.206] briefly considerclassicalcon-

ditioning. This,they say, “canbeinterpretedasamechanismenablingasystemto adaptively

anticipateprotectiveactions. . . Thishard-wiredknowledgemightbeusedto adapttherobots

behavior”. Finally, Andreae[2] hasdescribed“associative learning”asa basisfor robot in-

telligenceandpresenteda neuralmodel[p.21] for this. However, this is doneat a relatively

high level – essentiallywithin thePDPparadigm.
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4.3 ReinforcementLearning

Supervisedtrainingis inherentlyunsatisfactoryasa learningtechniquefor autonomoussys-

tems.As analternative to theprovision of a teacher, it is generallypossibleto derive some

kind of reinforcementsignalfrom theenvironment. Accordingto Kaelbling [38, p.5], this

is “a mappingfrom eachstateof theenvironmentinto ascalarvalueencodinghow desirable

thatstateis for theagent”. Learningthenactsto maximizethe reward or returnassociated

with or predictedfrom thereinforcementsignalovertime. Themany variantsof this form of

learning(especiallytheQ-learningparadigmof Watkins[79, 80]) havebeenverypopularin

animatstudies(e.g.[37, 39,44, 48,52,70]).

Reinforcementlearningis similar to the S-Rtheoryof conditioning[43, p.350] which

positsa direct link betweentheconditionedstimulusandresponse,in contrastto Pavlovian

S-Stheorywhich positsassociationof two stimuli – the CS and the US. Thus,although

we have not doneso,a detailedcomparisonof our Pavlovian approachwith reinforcement

learningcould be potentially revealing from the point of view of psychologicallearning

theory(seediscussionin section8).

5 Robot NervousSystem

In this section,we describetheneuralsystemof ARBIB arrivedat on thebasisof Hi-NOON

simulations.

5.1 Central Pattern Generator

Centralpatterngenerators(CPGs)aresimpleoscillatoryneuralcircuits thatunderlierhyth-

mic behaviors in animalssuchasbreathing,walking or swimming [41, 67]. Thereis no

singlepacemaker cell, andCPGscanoperateautonomouslywithout control from thebrain

or external feedback. They are found in both invertebratesandvertebrates:in the latter,
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CPGsareoftensitedin thespinalcord.

* * * FIGURE 3 ABOUT HERE * * *

Figure3 shows the simplehard-wiredCPGwhich providesthe basicdriving force for

ARBIB, in the form of a wanderingbehavior. Although not basedon any specificanimal,

thisCPGusesprinciplesfrom identifiedneuralcircuitry, e.g.theClioneswimnetwork [60].

It consistsof a four-neuronloop, C1-C2-C3-C4, with mutualinhibition betweentwo of the

neurons,C1andC3, so that thereis a cyclical or oscillatorypatternof firing. Thereis an

excitatory connectionfrom neuronC1 to the forward motor, and from C2 and C4 to the

right andleft steermotorneuronsrespectively. Thesynapsesto thesteerneuronsareof type

noisy, which meansthat theprobabilityof thesynapsefiring dependson theactivity of the

parent,pre-synapticneuron,thusallowing for deviation from therobot’s generallystraight-

line pathwhenwanderingover longdistances.TheCPGdoesnotstartfiring spontaneously;

an excitatory connectionfrom the rearbumpersensoryneuron(Fig. 3) activatesC1, thus

startingtheoscillatorypatternof firing of theCPG.This is a practicalexpedientthatallows

ARBIB to be‘kick-started’by pressingits backbumper.

5.2 ReflexResponses

Classicalconditioning assumesthat there are genetically-provided (or ‘pre-wired’) be-

haviours, or reflexes,which have evolved to help the species’survival in its environment

Theseare then modified by an individual’s experienceof the environment. The obvious

questionthenarises: How do we decidewhat shouldbe hard-wiredin ARBIB? Clearly,

this shapeswhat therobotcanandcannotlearn. In their seminal1984paper, Hawkins and

Kandelwrite [35, footnote1]:

“. . . we believe that the neuralconnectionsfor mostor all possiblestimulus-

responseassociationsareprewired, andtraining merelyaltersthe strengthsof
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thoseconnections,in somecasesbringingtheresponsefrom below thresholdto

above threshold.”

This is exactly thepoint of view adoptedhere,andgivesa way to interpretemergence. An

emergentbehavior is onewhich hasbeenbroughtabove thresholdby interactionwith the

environment.

ARBIB hastwo (Left/Right) hard-wiredreflex responsesasdepictedin Figure4. These

areusedastheunconditionedstimuli for classicalconditioningandform thestartingpoint

for learningin therobot.Eachof thetwo front bumpsensorsmakesanexcitatoryconnection

to theipsilateralreflex interneuron.Thesereflex neuronsin turnconnectto thereversemotor

neuronandtheipsilateralsteermotor. If, for example,theleft bumpsensoris activated,then

ARBIB will reverseawayfrom theobjectthatit collidedwith while turningat thesametime.

Hence,oncethereflex 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 thatplaysnopartin theadaptivebehavior. An inhibitory connec-

tion from therearbumpersensoryneuronto thereversemotorneuronmeansthatthevehicle

will stopreversingif it backsinto something,allowing it to wanderforwardagainunderthe

controlof theCPG.

5.3 ClassicalConditioning

Figure5 illustratesthe additionof conditioningcircuitry (Figure2(b)) to the basicreflex

circuitry. Interneuronsfeatureboth becausemonosynapticreflexesareuncommonin biol-

ogy [35, pp.376–7]andbecausethis givesa natural,structuredway of introducinghigher-

orderconditioning(seebelow). Note that the circuit is ‘over-provided’ with conditioning
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synapsesin accordancewith thequotationfrom Hawkins andKandelabove, i.e. ARBIB has

thepotentialto learn‘wrong’ thingsbut shouldbepreventedfrom doingsoby theenviron-

ment.

* * * FIGURE 5 ABOUT HERE * * *

We now outlinetheseoperationalprinciplesin a little detail.Eachbumpsensoryneuron

makesconditioningconnectionsto thesynapsesconnecting(from theinfraredsensoryneu-

rons)to theipsilateralinfraredinterneuron(IIL andIIR, respectively). Eachinfraredsensory

neuron(IR) makesconnectionsto bothof theinfraredinterneurons(seeFigure5): thus,the

network is initially wired up neutrally. (That is, to avoid explicitly pre-determiningits be-

havior, ARBIB is over-endowedwith thepotentialto learn.) TheconnectionsbetweentheIR

sensoryandinterneuronsarevery weakinitially; even if both sensoryneuronsfire, the IR

interneuronswill not. This meansthat,to begin with, ARBIB essentiallyignoresthesignals

from theIR sensoryneurons– they havenoeffecton its behavior. However, asit exploresits

world, theconnectionsfrom theIR sensoryneuronsbecomestrengthened,i.e. it increasingly

usestheinformationfrom its IR neuronsto avoid hitting obstacles.In fact,IR signalsleadto

reflex behavior justasif ARBIB hadstruckanobstacle.How doesthis happen?

ImaginethatARBIB is wanderingaroundwhenit approachesanobstacleon its left hand

side. As it draws closeto the obstacle,the left IR sensoryneuronbegins to fire (because

anIR sensoris active whenit picksup ARBIB ’s active IR signalsreflectedbackoff nearby

objects).However, althoughtheIR sensoryneuronsendssignalsto bothIR interneurons(IIL

and IIR), the connectionis too weakfor the interneuronsto fire, so that ARBIB continues

forward. A secondor two later, the left bumpsensorhits theobject. The immediateeffect

is that the left reflex interneuronis triggeredand ARBIB begins its reflexive withdrawal

behavior. The othereffect is the possibleconditioningof the connectionsfrom the two IR

sensoryneuronsto IIL . However, only theleft IR sensoryneuronhasfired recently, soonly
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theconnectionfrom thatneuronto IIL will be facilitated– its weightwill be increased.In

future(perhapsafter just oneor two more‘trials’ dependingon theexactparametersused),

theconnectionfrom theleft IR sensoryneuronandtheIIL is strongenoughthattheIR signal

on its own is enoughto triggertheleft reflex interneuronandcausethebacking-off behavior.

ARBIB haslearnedto usea differentsensorymodality to avoid the ‘pain’ of colliding with

obstacles– asit approachesanobject,its IR neuronfiresandit reversesaway.

Once theseconditionedconnectionshave beenformed, the next stageof adaptation

takesplace.

5.4 Chained (‘Second-Order’) Conditioning

Thetaskof learningto avoid obstaclesthroughtheassociationof objectswith shadows oc-

cursin a similar mannerto theassociationof bumpandIR detectionpreviously described.

However, thelight detectingresistors(LDRs)usedin this casegenerateagradedsignal(be-

tween0 and255) ratherthanthe binary 0 or 1 outputof the bump sensorsandIR sensors.

Also, we wishedto avoid explicit pre-programmingof light-seekingability. Accordingly,

ARBIB wasprovidedwith ameansof sensingchangesin light ratherthandetectingabsolute

levelsof light perse.

ARBIB is equippedwith light sensingcircuitry inspiredfrom thevisualability of thescal-

lop Pectenmaximus[73]. Light, shadow andmovementdetectionin this animalis provided

throughacompoundof approximately60eyes.Eachconsistsof acornea,a largelens,sense

cellsarrangedasproximalanddistal retinae,a reflectingargentaeanda layerof screening

pigmentcells. For our purposes,this is simplified to two ‘eyes’ and four sensory(or
�

)

cells: two proximalandtwo distal. Proximalcells respondto an increasein light intensity

by generatingAPsuntil aconstantilluminationhasbeendetected,at whichpointspikegen-

erationdecays.Dischargeceaseswith a decreasein light intensity. By contrast,distalcells

respondto a decreasein light intensity, showing no activity duringconstantillumination or
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anincreasein light intensity[73, p.244–5].

In ARBIB, two LDRs give a simpleview of the left andright half-fieldsof the scene

ahead.Thesefeedto the (proximal)
�

+L and
�

+R cells andthe (distal)
�

–L and
�

–R

cellsasshown in Figure6. Light intensityis sampledandcomparedwith thepreviousvalue.

If thedifferenceis positiveandthecell is proximal,thisdifferenceis addedto themembrane

potential. If the differenceis negative andthe cell is distal, the differenceis againadded

to the membranepotential. Here, thresholdsarevery closeto the restingpotentialof the

sensorycells,makingthemverysensitive to changesin light.

As depictedin Figure6, the four
�

neuronsmake weakconnectionsto thesetof light

interneurons(LI � , LI+, RI+ andRI � ) sothateach
�

neuronconnectsto theipsi- andcontra-

lateralneuronwith thesamesign.Theseconnectionscanbeconditionedby thesynapse-on-

synapseconnectionsfrom the infraredinterneuron(s),but initially arenot strongenoughto

causethelight interneurons(andthereforethereflex) to fire.

* * * FIGURE 6 ABOUT HERE * * *

As for the learning,supposeARBIB entersa patchof shadow behindan obstacleto its

left. This hasno immediateeffect on thebehavior, but doescausethe
�

–L neuronto fire.

A momentlater, the left IR sensorpicksup theobstacleandfires theL.IR sensoryneuron,

causingIIL to fire. Thisnotonly triggersthelearnedreflex behavior, but alsostrengthensthe

connectionfrom a
�

neuronto theleft light interneuronsif that
�

neuronhasrecentlyfired.

In thiscase,
�

–L hasrecentlyfiredsothatconnectionis strengthened.It typically takestwo

to threeincidentssuchasthis beforeARBIB startsto backaway from shadowsevenwithout

eitherIR sensoryneuronfiring.

Notice that the initial wiring of thevehicledoesnot make assumptionsabouttheworld

(exceptfor thefact that touchis a shorter-rangemodality thanIR which, in turn, is shorter-

rangethanlight). No attemptwasmadeto implementany kind of rangesensingalgorithm:
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ARBIB wassimplygiventhepotentialto senserange.Thetheoretical/empiricalissueis how

it learnsto usethesepotentialities,given its (limited) neuralendowments.For example,if

we wereto put reversingglasseson ARBIB or if obstacleswerebright ratherthandark,the

neuralcircuit would still adaptcorrectlyto its environment.Thus,its behavior cantruly be

describedasemergentintelligence,albeitat a relatively low level (of ‘animal’ asopposedto

‘human’ intelligence).

6 Implementation of the AutonomousRobot

Variousimplementationsof ARBIB havebeenconstructedoperatingontheaboveprinciples.

6.1 Z180 Implementation

Figure7 shows this implementation,which hastwo independentdriving wheels,anda rear

trailing wheel. It wasconstructedat low costmakingextensive useof sheetmetal for the

bodywork.

* * * FIGURE 7 ABOUT HERE * * *

Theelectronichardwareis divided into analoganddigital subsystems,realizedon sep-

arateprintedcircuit boards.The collectionandrefinementof sensoryinformationis done

by the analogsubsystem,while the digital hardware is responsiblefor executingthe neu-

ral network code,monitoringsensoryinformationfrom theanalog-to-digitalconverter, and

controlling the motorsdriving the wheels. The digital hardwareis basedon a Zilog Z180

microprocessoroperatingat6.144MHz, with 1Mbyteaddressingcapability, built-in support

for directmemoryaccess,andvariousotherrefinementswhich allow a highly compactde-

sign.TechnicalinformationontheZilog Z180microprocessoris availableontheWorldWide

Webfrom URL:
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http://www.zilog.com/frames/fz80_180micro.html

Thesystemhas8Kbyte ROM containingbootstrappingcodeand128Kbyte RAM con-

tainingtheneuralnetwork code.Threeprogrammablelogic devicesprovideaddressdecod-

ing for the memorysystems,control of the input/outputdecodingandpulse-widthmodu-

lation signalsto control the motor speedsanddirections,respectively. The IR sensorsare

L14G1phototransistorsandtheLDRs areNORP-12’s from EG& G Vactec.The latterare

cadmiumsulphideLDRs with a peakresponseat 530nm anda dark resistanceof 1M � ,

falling to 400 � at 1000lux.

After simulation to verify correct operation,the neural software was rewritten in a

SmallC subsetof theC programminglanguage,implementingmostof theC languagecon-

structsbut restrictingdatatypesto integersandsingle-dimensionarrays.Theoneusedhere

wasdesignedfor usewith Zilog Z80systemsandworksviaaZ80cross-assemblerandlinker.

Themonitorprogramin therobot’sROM wasdesignedto recognizetheoutputfilesfrom the

linker. Thesoftwarewasdevelopedincrementally:first theCPGwascoded;thenthebump-

sensorreflex wasadded;finally, the IR andLDR sensorsand IR andLDRsensoryneurons

andconditioningsynapseswereadded.(Note theparallelto Brook’s layered,subsumption

architecture[11].) Thedevelopingsystemwasextensively testedat eachstage.

Onreset,theROM codeinitializesthesystemandsetsupaseriallink to aPC.Thisis the

only physicallink to/from ARBIB: we intendto dispensewith this in thenearfuture.Neural

network codeis thendownloadedto RAM from thePC,andtherobotstartsto interactwith

– andlearnfrom – its environment.

6.2 ARM Implementation

The original implementationbasedon the 6.144MHz Z180 processorappearedto make

many ‘mistakes’ which we interpretedto be failuresto learn in time for the learningto be

useful,i.e. beforea collision. This wasthoughtto bea consequenceof theslow clock rate
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and limited processingability of the Z180. Hence,a subsequentimplementationuseda

much faster40MHz 32-bit ARM710 processorfrom AdvancedRISC MachinesLimited.

The ARM710 hasan 8Kbyte cachewith write buffer andmemorymanagementunit on-

chip. Fuller detailscanbefoundatURL:

http://www.armltd.co.uk/Documentation/UserMans/#ARM7TDMI

Softwarefor theARM implementationwaswritten in C usingtheARM SoftwareDevelop-

mentToolkit. Thebodywork hasbeenrebuilt usingLego.

In practice,the ARM implementationreactstoo fast – in that the processoremulates

ARBIB ’s neuralcircuitry considerablyfasterthantheenvironmentchanges.Thus,afterhit-

ting anobstacle,therobotwouldbackoff just enoughto stopthebumpsensorfrom making

contact,but no more.This is aconsequenceof theabsenceof aglobalclock or otherdevice

for imposingrealistictiming on thesimulation:theneuralsystemmerelyrunsasfastasthe

processorallows. Theproblemwascuredby addingdelayloopsto theprogramcodesoas

to matchits speedof operationto thetimescaleof significanteventsin its environment.

This is an interestingobservation. The problemof matchingthe timescalesof internal

computationto thoseof externaleventshasrecentlybeencomprehensivelydiscussedby Bal-

lard et al. [6]. A centraltenetof their work is that “intelligencehasto relateto interactions

with thephysicalworld, meaningthattheparticularform of the. . . bodyis avital constraint

in delimitingmany aspectsof intelligentbehavior”. They proposethat“pointing movements

areusedto bindobjectsin theworld to cognitiveprograms”– so-called“deitic computation”

– asa solutionto this problem.Deitic computationreflectsa particularlevel of hierarchical

organization(andthereforeof abstraction)andso operateson a characteristictimescale–

about1/3secondfor thehumansensory-motorandcognitivesystems.Accordingto thisno-

tion, the‘slow’ speedof neuronsviewedascomputingelementsbecomesavirtue/necessity–

contributing to thematchingof internalandexternaltimescales– ratherthananengineering

disadvantageor ‘paradox’[31].
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6.3 Khepera Implementation

ARBIB hasalsobeenimplementedon a Kheperaminiaturerobot. Technicaldetailsof this

productareavailableat:

http://lamiwww.epfl.ch/lami/robots/K-family/Khepera.html

andat:

http://lamiwww.epfl.ch/Khepera/#khepera

It hasa cylindrical shape,55mm in diameterand30mm in height. A serial link allows

master-slaveoperationof theunit from aworkstation,or alternatively, applicationprograms

canbeuploadedto Kheperafor executiononits onboardMC68331processor. Eight infrared

proximity devices(SiemensSFH900s)arelocatedat its perimeter, sensingdistanceaswell

aslight level. Kheperais equippedwith two motorsproviding mobility throughits environ-

ment,eachmotorgiving feedbackto theonboardprocessorthroughanincrementalencoder

mountedon its driveshaft.

7 Results

Here,we report on experimentsdesignedto monitor changesin ARBIB’s behaviour as it

adaptsandlearnsfrom its environment.This presentssomethingof a difficulty becausethe

variousimplementationshave insufficienton-boarddata-loggingcapabilityto do this totally

autonomously. However, theKheperasimulator[51] givesawayof capturingandprocessing

real-timedatafrom theKheperaimplementationof ARBIB via anumbilical link. In thiscase,

it alsomakessenseto simulateARBIB ’snervoussystemremotely(but in real-time)onthePC

runningthesimulator. Weemphasizethatthedatabeingcollectedarein noway‘simulated’:

they comefrom a real implementationof ARBIB. TheKheperasimulatoris merelyusedas

anexpedientmeansof datalogging.
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Evidenceof ARBIB’s ability to adaptto anenvironmentwasacquiredover anextended

period,asdescribedbelow. Adaptationwasmonitoredby recordingneuralandsynapticac-

tivity at key pointswithin Arbib’s nervoussystemduringits explorationof thetestenviron-

ment.ARBIB wasimplementedonaKheperarobotin mode3 (controlledby seriallink pro-

tocolat38400Baud).An 80486Linux PCrantheKheperasimulator(version2),augmented

with Hi-NOON capability. Physically, the Kheperarobot doesnot possessbump sensors.

Hence,thebumpsensoryneuronsareactuallyfed with infraredsignalsat positions6 and7

of Khepera(seeFigure3 of [51]) asaconvenientwayof detectingobjectsat shortrange.

BecauseARBIB ’s behavior is probabilistic, resultsare averagedover several ‘runs’ .

Also, it mustbe given sufficient exposureto the environmentfor learningto be effective.

Thus,each‘run’ consistsof several‘mini-trials’, startingfrom approximatelythesamestart

point. Weightsareresetto baselinevaluesonly at thebeginningof a new run: they arenot

resetat the beginning of eachmini-trial. In this way, extendedperiodsof learningcanbe

studiedevenwith a relatively compacttestenvironment.

ARBIB was initially positionedat the start location, chosensuch that IR sensorsat

positions6 and7 (seeabove) are active (andcapableof kick-startingthe CPG). Directly

ahead,at a distanceof 28cm (measuredcenterto center),a cylindrical objectof 8cm in di-

ameterand9cmin heightwasplaced.(A redmugwasusedfor thispurposewith thehandle

facingaway from the robot.) Viewing the scenefrom the start location,a light source(a

benchpower supplyunit feedinga 4.8V, 0.5A MB3 filamentbulb) waspositioned8cm to

the left, suspended16.5cm above and9cm behindthe mug. The robot laboratory(which

is windowless)wasdarkenedasmuchaspossibleso that themug threw a distinct shadow

(whichdid notencompassthestartposition).

Eachmini-trial commencedby placingARBIB at thestartlocation(asdescribedabove)

andinvoking the simulator. The robot wasallowed to move towardsthe mug, reactingto

the obstacle(possiblycolliding) until finally it left the areaof its shadow, away from any
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potentialcollision. Themini-trial wasthenstoppedandARBIB replacedat thestartlocation

– readyfor the next mini-trial. After six suchmini-trials, constitutinga completerun, the

simulatorwasterminatedanddataloggedfor subsequentanalysis.Six runswerecompleted,

accumulatingdatafor 36 mini-trials, lastinga total of approximately1.7hoursandyielding

54584KB of data.

To avoid thedangersinherentin presentingresultsfrom singleruns,actionpotentialsand

synapticweightshavebeenaveragedoverall six runs.Becauseof theprobabilisticbehavior,

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, there is no obviously bestway to presentthe resultsof learning. Should

we take averagesover real time or over somenormalizedtime scale?In what follows, we

have decidedto presentresultsin termsof real time. This meansthatdataaretruncatedto

the shortesttime scaleof the six runs(approximately850s or just over 14 minutes). This

shortesttime scalewas then divided into bins of 50s andAPs were countedin eachbin

beforeensembleaveragingthebin valuesacrossthesix runs.

* * * FIGURE 8 ABOUT HERE * * *

Figure8 showstheresultingplotsof averageAP countfor theleft andright bumpsensory

neurons.In interpretingthis (andsubsequent)plots, the readershouldrecall that eachrun

is a compositeof six mini-trials. Accordingly we would expectfirings to clusterinto six

groups,moreor lessequallyspacedacrossthetimeextentof theplot, becausecollisionscan

only take placetowardsthe endof a mini-trial. As canbe seen,however, activity decays

with time in bothcases– left bumpandright bump.This is evidenceof sensorysubstitution

throughclassicalconditioning.Thatis, ARBIB learnsto rely uponadifferentsensemodality

for proximity detectionthantheoneinvolvedin its hard-wiredreflexes(i.e.bumpinginto an

object).
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As shown in Figure9, right andleft infraredsensoryneuronactivity alsodecays,albeit

at a lower rate. Again, this is evidenceof ARBIB learningthroughchainedconditioning.

In time, it startsto usea differentsensemodalitythanthatpreviously learned– theinfrared

senseis beingsubstitutedby thelight sense(usingthedeltalight sensoryneurons)asasource

of collisiondetection.

* * * FIGURE 9 ABOUT HERE * * *

Theactivitiesof theinfraredinterneurons,depictedin Figure10,show signsof increasing

beforereducing. This resultsfrom strengtheningof synapticweightsbetweenthe infrared

sensoryandinfraredinterneuronsbeforethe establishmentof chainedconditioning. After

this is established,however, theactivitiesreduceaslight sensingtakesoverfrom theinfrared

sensein evoking thewithdrawal reflex.

* * * FIGURE 10 ABOUT HERE * * *

Considernext how synapticweightschangeduringthisexperiment.It wasobservedthat

two classesof behavior emerged:whenavoiding themug,ARBIB eitherconsistentlypassed

it on its right (runs2,4,5 and6) or consistentlypassedit on its left (runs1 and3). Because

thepatternof learningis differentin thetwocases,resultsarepresentedseparatelyfor thetwo

behaviors. Figure11 shows weightsdevelopingbetweeninfraredsensoryandinterneurons

for the first case(runs2,4,5 and6). Clearly, the left infraredipsilateralandright infrared

contralateralsynapseshavebeenconsiderablystrengthenedby conditioning,whereastheleft

infraredcontralateralandright ipsilateralsynapseshave not. However, in the secondcase

(runs1 and3) in which ARBIB learnsto passthe mug on its left, the situationis reversed

(Fig. 12). That is, theright infraredipsilateralandleft infraredcontralateralsynapseshave

beenstrengthened,but theright infraredcontralateralandleft ipsilateralsynapseshavenot.

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

Activity in thedeltalight interneuronsis depictedin Figure13. Firingsareclearlybiased

to later in the run, indicatingthestrengtheningof their pre-synapticweightsonly after the

establishmentof the infraredinterneuronsascollision detectorsasa resultof chainedcon-

ditioning. Finally, Figure14 shows theaverageactivity of the reflex interneuronsover the

six runs. Both left andright interneuronsshow signsof reducingactivity with time. This

indicatesthatARBIB hasacquiredinformationthatallows it to reducethefrequency of col-

lisions(i.e. ‘pain’) thatit experienceswhile exploring its environment.So,althoughARBIB

hasno explicit valuesystemhard-codedinto its nervoussystem(asin the caseof [76] for

instance),it hasstill establishedabehaviour thatreducesthechancesof anaversivestimulus

occurring.

* * * FIGURE 13 ABOUT HERE * * *

* * * FIGURE 14 ABOUT HERE * * *

The variousimplementationswerealsoobserved informally asthey learnedfrom their

environment.Observedbehavior wasentirelyconsistentwith themorequantitativedescrip-

tion above.

8 Conclusionsand Discussion

We have detailedthe evolution andembodimentof a simple robot creature,ARBIB, situ-

atedin the real world. In order to exploit the specificadvantagesof eachapproach,we

aim to model ARBIB ’s nervous systemat a level of abstractionintermediatebetweenthe

PDPstyle andthe physiologicallyfaithful modelingof real neuralsystems,in accordance

with the tenetsof computationalneuroscience.This imposesa necessityto decidewhere

thedividing line between‘neuroscience’and‘PDP modeling’ shouldlie. In this work, we
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attemptto maintainbiologicalfidelity by modelingat the level of neuronmembranepoten-

tial. Thus,ARBIB’s nervoussystemwasinitially designedanddebuggedusingtheauthors’

Hi-NOON neuralsimulatorin which synapses,neuronsandnetworksareall representedas

objectswithin anobject-orientedhierarchy. This allows a non-homogeneouspopulationof

neuronsto beimplemented,reflectingthefactthatneuronshavespecializedfunctionsin real

neurobiologicalsystems.

Variousphysicalinstantiationsof ARBIB have beenconstructedandobserved to adapt

to the real world usingsimpleforms of non-associative andassociative learning– exhibit-

ing shadow- andcollision-avoidancebehavior. This behavior is bothecologicallyvalid and

emergent: it was not programmedinto the simulationbut resultsfrom learnedmodifica-

tion to pre-existing, hard-wiredreflexes. Admittedly, thereis a sensein which behavior is

“pre-wired” but this is not in any deliberateway. Thatis, therobot’snervoussystemis over-

providedwith conditioningsynapses,so that it hasthepotentialto learnall sortsof things.

But, of course,it doesnot learnjust anything. Its learningis shapedby theenvironment.

Thework hassimilaritiesto othersituated-systemsstudieswithin the‘new AI’ paradigm,

whichemphasizestheimportanceof embodimentandlearningfromtheenvironment,but has

deliberatelygreaterbiologicalfidelity. Perhapsthecloseststudyto oursis thatof Verschure,

KröseandPfeifer[75]. Theseauthorsalsodescribehow classicalconditioning(basedonthe

“adaptivefields” of VerschureandCoolen[74]) canmodify pre-existing reflexesto produce

collision-avoidanceandgoal-seekingbehaviors in autonomousrobots.

Thereare,however, severalimportantdifferences.First,Verschureetal.merelysimulate

anautonomousrobotratherthanbuilding one.Second,they modeltherobot’s nervoussys-

temat a significantlyhigherlevel thanwe do. Ratherthanusingnon-homogeneousspiking

neurons,the so-calledCS, US andUR fields containhomogeneouslinear thresholdunits

with binaryactivations.Conditioningis modeledby theeffectsof theCSfield on theUS�
andUS� fields asopposedto our synapse-on-synapsemechanism,and [p. 185] “connec-
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tionsbetweentheUS-fieldsandUR-fieldsareprewiredandarenotmodifiable”.Third, there

is nothing as low level (from the biological perspective) as our centralpatterngenerator

to provide the motivationalforce for exploring the environment. In placeof our CPGare

“commandneurons”and“specificmotor responses”.Finally, Verschureet al. seemto have

a differentview of reinforcementlearningto ours. They state[p.185] that their classical

conditioningapproach“would fall undertheparadigmof reinforcementlearning”whereas

wehavepreferredto emphasizethedistinctions(section4.3). In short,Verschureet al.’sap-

proachis behaviorally-basedwhile oursis biologically-based.As pointedout by Donegon,

GluckandThompson[26], thereseemsmuchto begainedfrom attemptingto integratethese

two approaches.Verschureet al.’s work hassinceevolvedconsiderably[76], principally by

theconstructionof “a behaving realworld artifact” which confirmsandextendstheir ideas.

However, theapproachremainsbehaviorally-based.

In therealmof psychologicallearningtheory, controversyhasragedfor decadeson the

preciserelation betweenclassicalconditioningand reinforcementlearning. For instance,

Lieberman[43, p.355] says:

“Reinforcementand classicalconditioningare extraordinarily similar in their

basicprinciples,whichsuggeststhatthey involvethesamelearningmechanism,

but neitherform of learningis ableto accountfor theother:R-S
�

andS-S
�

con-

tingencieshave differenteffectson behavior, andthe effectsof onecannotbe

reducedto the other. Anotherway to accountfor their similarity is to assume

thatbothrely ona commonsystemfor detectingrelationshipsbetweenevents.”

and

“Any analysisthatclaimsthatreinforcementandclassicalconditioningarebased

onthesamelearningprocessneedsto beableto explainwhy classicalcondition-

ing influencesautonomicresponsesmore that skeletal responseswhereasthe
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reverseis truefor reinforcement. . . ”

Thereseemsevery prospectthat roboticwork of thesortdescribedin this papercouldcon-

tributeto theresolutionof this debate,by implementingeachin thesameartifactandcom-

paringtheir behavior undera rangeof experimentalconditions.

A key questionfor future work is the extent to which the approachdescribedhere–

which leadsto simple ‘animal-level’ behaviors – canscaleandgeneralizein the direction

of morecomplex ‘human-level’ intelligence.The issuehasbeendiscussedby Wilson [82]

and,morerecently, by Brooks[14]. Wilson advocates[p 20] “. . . maintainingtheholismof

thesituationof realanimalsin realenvironments,while progressively . . . increasinganimat

complexity only asnecessary”in order to copewith increasinglycomplex environments.

This is onedirectionwe intend to follow. In this regard,we shouldnot losesight of the

extremesimplicity of ARBIB in its currentinstantiation. Given this, it is remarkablethat

ARBIB ’s behavior is as complex as it is. There is clearly someway to go in following

Wilson’s “animatpathto AI”.
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Appendix A

A.1 Neurons

A.1.1 Basicneurons

Thebasicneurontypehasthestatesystemfunctionalitywhich is subsequentlyembeddedin

all derivativessuchasthe sensoryandmotor cells. Updatingequationsfor the membrane

potential(M P – in milli volts)are:

stateA: M P � t 	 1
�� M P � t 
���
�	 S� t 

stateB: M P � t 	 1
�� M P � t 
�����	 S� t 

stateC: M P � t 	 1
�� h 	 S� t 

stateD: M P � t 	 1
�� M P � t 
�����	 S� t 

stateE: M P � t 	 1
�� l 	 S� t 

stateF: M P � t 	 1
�� M P � t 
�	 BaseM P � M P � t �� 	 S� t 


where:

S� t 
��
i

�
i � � M Pi � t 
�� BaseM Pi 
 is thesynapticpotential(SynPot)

and:

i is acounterwhichcountsoveractivepre-synapticcells

�
i is thesynapticweightfrom a pre-synapticneuron


 is theneurontimeconstant

� � 1 � 5 is thepost-undershootincrementrate

��� 25 is thepost-actionpotentialpeak-MPdecrement

� � 1� 450is a heuristically-setlearningconstant

��� 20 is thepost-thresholdattackincrement

h � 45 is thepost-thresholdmaximumMP

l � � 69 is thepre-undershootminimumMP
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Certainof the above parameters(e.g. 
 , � ) are time-dependentandhave beensetem-

pirically to suit a rangeof processorspeedsandimplementations.However, they may be

inappropriatein somecircumstances(see,for example,commentson theARM implementa-

tion in Section6.2).

A.1.2 Sensoryneurons

Thesensoryneuronsreactto changesin light level andto objectproximity.

1. Changesin light level: The LDR sensorsfeeddeltasensoryneuronswith a sampled

value !"� t 
 . Therearetwo modesof operation:proximalanddistal. Distal modeoperation

simply invertsthemeasurementtakenfrom theenvironment.However, distalmodedepolar-

izestheMP in responseto measureddecreases.

Proximal mode:

M P � t 	 1
�� M P � t 
#	 � ! if
� !%$ 0

M P � t 
 otherwise

Distal mode:

M P � t 	 1
�� M P � t 
#	 � ! if
� !%& 0

M P � t 
 otherwise

where:

� !'� k[ !#� t 	 1
(��!"� t 
 ]

andk is an empirically setscalingfactorwhosevaluedependson the particularphysical

sensoremployed.
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2. Proximity sensing: IR sensorsfeedIR sensorycells with a sampledvalue(approxi-

mately)proportionalto objectrange,R, at time t , whence:

M P � t 	 1
�� M P � t 
)	 * sR� t 
,+

where *-+ representsthefloor functionands is anempiricallysetscalingfactorwhosevalue

dependson theparticularphysicalsensoremployed.

A.1.3 Motor neurons

Theseclosetheloop betweenthenervoussystemandtheenvironment.Motor driveactivity

is givenas:

A � t 
.�
/10

M P � t 

h

where
0

is a scalingconstantfor therobothardware(10 for Khepera)andits sign is deter-

minedby therequirementfor forwardor reversedrive.

A.2 Synapses

Thebasicsynapsehasfunctionalitywhich is subsequentlyembeddedin all derivativessuch

asthehabituating,sensitizingandconditioningtypes.

� � t 
��

� � t 
���2 if � � t 
3$ � base

� � t 
)	42 if � � t 
35 � base

�
max if � � t 
3$ � max

�
min if � � t 
3& � min

�
min otherwise

where2 is theMP recovery parameterand � baseis thebaseweight(typically 0). Theseare

individually set(togetherwith � min and � max, typically
/

16) for eachneuron.
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Noise-freesynapse:

fired � t 
�� TRUE if stateB, C,D

FALSE otherwise

Noisy synapse:

fired � t 
�� TRUE if (stateB,C,D) 6 M Pp ��7 p
h ��7 p 8 100 9 randmod100

FALSE otherwise

wherep denotesaparent(pre-synaptic)neuron.

A.2.1 Habituating type

� � t 	 1
.�
� � t 
�� d if stateC

� � t 
 otherwise

whered is aconstantdecrement(typically : 1).

A.2.2 Sensitizingtype

� � t 	 1
 target �
� � t 
 target 	 � � t 
 sos if fired target 6 fired sos

� � t 
 target otherwise

where‘target’ denotesthesynapseto besensitized(theCS � UR connectionin Fig. 2(b)),

and‘sos’ denotesthesynapse-on-synapseinfluence.

A.2.3 Conditioning type

� � t 	 1
 target �
� � t 
 target 	 � � t 
 sos

nT; e < nT=
if fired target 6 fired sos

� � t 
 target otherwise

wherenT is acountof sampleperiodsinitiatedby encounteringstateC for thetargetneuron,
>

(= 250)is anempirically-setscalingfactorand ? (= 500)is aconstantchosento maximize

theeffectof conditioningwhenCSprecedesUSby 0.5s.
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Figure1: Time evolution of typical actionpotential(spike)of a basicneuronin a Hi-NOON

simulation.Seetext for specificationof thestates(A..F) passedthroughby a neuronduring
firing. Here,thesampleperiodis approximately4ms(thisvarieswith themachineonwhich
thesimulationruns.)
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Figure2: (a) Sensitizationis modeledusinga facilitatory interneuronI with synapse-on-
synapseconnectionto an A � B synapse.(b) Classicalconditioningis modeledin asimilar
way, exceptfor thedirectsynapticconnectionfrom theinterneuronto USandthestrengthof
thefacilitationdependsuponthelengthof timesincethelastfiring of theCS � UR synapse.
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Figure3: Thecentralpatterngenerator(CPG)consistsof four neurons(C1-C4)with mutual
inhibition betweentwo of the neurons,C1andC3, so that thereis a cyclical or oscillatory
patternof firing. Thereis an excitatory connectionfrom neuronC1 to the forward motor,
andfrom C2 andC4 to theright andleft steermotorneuronsrespectively. Thesynapsesto
thesteerneuronsareof typenoisysynapsessopromotingwanderingbehavior
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Figure4: Basicreflex behavior is providedby BumperLeft andRightsensoryneuronswhich
areconnectedto theReflex Left andRight interneuronsrespectively. (Theactualnumberof
bumpsensorsdependsuponthespecificimplementation.)EachReflex interneuronis con-
nectedto theReverseMotor neuronandtheipsilateralSteerneuron.This causesARBIB to
reversewhile turningawayfrom theobjectthatit hit beforeresumingits wanderingbehavior.
(Key asfor Figure3.)
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Figure5: Adding conditioningto the network. Eachbump sensoryneuronmakescondi-
tioning connectionsto the synapsesconnecting(from the infraredsensoryneurons)to the
ipsilateralinfraredinterneuron(IIL andIIR, respectively). (Theactualnumberof IR sensors
dependsuponthespecificimplementation.)Eachinfraredsensoryneuron(IR) makescon-
nectionsto bothof theinfraredinterneurons:thus,thenetwork is initially wiredupneutrally.
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Figure 6: Adding light-dependentbehavior to the network. Four
�

neuronsmake weak
connectionsto thesetof light interneurons(LI � , LI+, RI+ andRI � ) sothateach

�
neuron

connectsto the ipsi- andcontralateralneuronwith the samesign. Theseconnectionscan
beconditionedby thesynapse-on-synapseconnectionsfrom theinfraredinterneuron(s),but
initially arenot strongenoughto causethe light interneurons(andthereforethe reflex) to
fire.

56



Figure7: The ARBIB robot (Z180 implementation).Bump sensorsaremountedat either
end(left andright) of thefront bumpbar. IR sensorsaremountedjustabove,with theLDRs
mountedhigh onprintedcircuit boards(wherethey canbeangleddown asconvenient).
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Figure 8: Averagecountsof action potentialsfrom left and right bump sensoryneurons
asARBIB learnsin an environmentwherea hardobject(a mug) castsa shadow. Activity
reduceswith time,providing evidenceof sensorysubstitutionthroughclassicalconditioning.
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Figure9: Averagecountsof actionpotentialsfrom left andright infraredsensoryneurons
asARBIB learnsin an environmentwherea hardobject(a mug) castsa shadow. Activity
reduceswith time,providing evidenceof sensorysubstitutionthroughchainedconditioning.
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Figure10: Averagecountsof actionpotentialsfrom left andright infraredinterneuronsas
ARBIB learnsin an environmentwherea hard object (a mug) castsa shadow. Activity
initially increaseswith time, providing evidenceof theinfraredsensesubstitutingfor bump
sense,but thendecreasesasthelight sensestartsto substitutefor theinfraredsense.
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Figure11: Synapticweightchangesbetweeninfraredsensoryandinterneuronsfor emergent
behavior in which ARBIB learnsto passanobstructionon its left side. Only left ipsilateral
andright contralateralsynapsesarestrengthened.Weight parameterswere: � min � � 16,�

base � 0 and � max � 16.
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Figure12: Synapticweight changesbetweeninfraredsensoryand interneuronsfor emer-
gent behavior in which ARBIB learnsto passan obstructionon its right side. Only left
contralateraland right ipsilateral synapsesare strengthened. Weight parameterswere:�

min � � 16, � base � 0 and � max � 16.

62



0

1

2

3

4

5

6

7

8

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

A
ve

ra
ge

 A
P

 C
ou

nt

"

Time (s)

Left, Positive, Delta Light Interneuron

0

1

2

3

4

5

6

7

8

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

A
ve

ra
ge

 A
P

 C
ou

nt

"

Time (s)

Left, Negative, Delta Light Interneuron

0

1

2

3

4

5

6

7

8

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

A
ve

ra
ge

 A
P

 C
ou

nt

"

Time (s)

Right, Positive, Delta Light Interneuron

0

1

2

3

4

5

6

7

8

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

A
ve

ra
ge

 A
P

 C
ou

nt

"

Time (s)

Right, Negative, Delta Light Interneuron

Figure13: Activity in the four deltalight interneuronsis biasedto later in therun, indicat-
ing the strengtheningof their pre-synapticweightsafter the establishmentof the infrared
interneuronsascollisiondetectors.
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Figure14: Averageactivity of thereflex interneuronsreducesover time asARBIB learnsto
avoid collisions.
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