
Chapter 4

Brains and Behaviour

Shelookedliked shelearnedto dance,
Fromaseriesof still pictures.
— Elvis Costello,Satellite

4.1 Neuropsychology and Neuroethology

Therearetwo strategiesfor tacklinga really difficult problem. Thefirst is to breakit down into

discretesub-problems,solve eachof thesein isolation,andhopethat thepartialsolutionscanbe

addedtogetherto form anexplanationof thewhole. Many problemsaresuitedto this approach;

it underliesourspectacularprogressin developingnew technology, for example.Thissuccesshas

encouragedits applicationto many otherareas,including the philosophyof mind andcognitive

science.Thusthephenomenalcomplexity of humanthoughtis brokendown into thesub-problems

of perception,language-use,logicalreasoning,conceptformation,emotions,motorco-ordination,

associative learning,social intelligence,etc, and eachof these‘modules’ are thenstudiedand

analysedseparately.

The alternative strategy is to start with the simplestpossibleexample of the whole phe-

nomenon,endeavour to understandit asa unifiedwhole,andthenconsidermoreandmorecom-

plex examples,noting qualitative andquantitative changesin behaviour as we do so. Thereis

goodreasonto believethatcognitionis bettersuitedto this typeof approach— afterall, thestrict

modularityassumedby cognitivesciencebearslittle relationto how brainsevolve,develop,learn,

or areusedin practice.The conclusionis that we shouldnot startby consideringisolatedcom-

petenciesof large, cognitively complex, creatures,but ratherwe shouldstartby consideringthe

wholeof simpleones.Whynot thewholeiguana?, asDennettput it (1978)1. Iguanasmaylack

many of our highercognitivefunctions.They areprobablynot evenconscious.Nonethelessthey

cannegotiatea complex environment,find foodandmates,avoid predators,andsoon. They area

simple,complete,exampleof anintentionalsystem,andsoseemlike agoodstartingpoint— both

for ourattemptsto studynaturalcognisers,andalsoto engineerartificial ones.Thereforechapters

4–5aremostlyconcernedwith only thesimplesttypesof intentionalactivity of bothanimalsand

1Darwin wasperhapsthinking alongthesamelineswhenhe claimedthat ‘he who understandsbaboonwould do
moretowardmetaphysicsthanLocke’.
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robots,andI only startto consider‘higher’ linguisticabilitiesin chapter6.

It is alsoworth rememberingthat the vastmajority of humanbehaviour is similarly basic.

Without the ability to navigateandmanipulateour environment,humanswould not be able to

supporthighercognitive functions,either individually or socially. The thin layer of conscious,

linguistic,reflective icing topsa very thick practicalcake:

It is instructive to reflecton theway in which earth-basedbiologicalevolution spent
its time. Single-cellentitiesaroseoutof theprimordialsouproughly3.5billion years
ago. A billion yearspassedbeforephotosynthetic plantsappeared.After almost
anotherbillion anda half years,around550million yearsago,thefirst fish andver-
tebratesarrived,andtheninsects450million yearsago. Thenthingsstartedmoving
fast. Reptilesarrived370million yearsago,followedby dinosaursat 330andmam-
mals at 250 million yearsago. The first primatesappeared120 million yearsago
andthe immediatepredecessorsto thegreatapesa mere18 million yearsago. Man
arrived in roughlyhis presentform 2.5 million yearsago. He inventedagriculturea
mere19,000yearsago,writing lessthan5000yearsagoand‘expert’ knowledgeover
thelastfew hundredyears.

Thissuggeststhatproblemsolving,language,expertknowledgeandapplication,and
reason,are all pretty simpleoncethe essenceof being and reactingare available.
That essenceis the ability to move aroundin a dynamicenvironment,sensingthe
surroundingsto a degreesufficient to achieve thenecessarymaintenanceof life and
reproduction.Thispartof intelligenceis whereevolutionhasconcentratedits time—
it is muchharder. (Brooks,1991)

Traditionalphilosophyof mind has,like a spoilt child, tried to pick the icing off thecake.It

hasconcentratedon our ability to contemplatetheworld in isolationfrom our morefundamental

andpreciousability to acton andwithin it. And unfortunatelythis attitudehasbeenencouraged

by thedevelopmentof powerful brainimagingtechniquessuchasCAT, PET, andespeciallyNMR

(Tootell et al., 1995)that canmapneuronalactivity acrossthe brain while the (usually)human

subjectremainsperfectlystill andperformsa simplepsychologicaltask. The flood of datathat

theseexperimentsgenerateis veryimpressive,but it is still unclearwhetherit isparticularlyuseful.

Although correlationsbetweenpsychologicalstateandbrain activity canbe demonstrated,the

link is not madeintelligible. Thereis nosenseof anexplanationof whyor how thebrainactivity

producesthepsychologicalphenomena.Nor cantheseexperimentstell uswhetherthecorrelation

is significantor epiphenomenal.Lesioningexperimentsandthestudyof aphasicsmaybeuseful

in this last respect,but they do not tell us whataspectof theactivity of thedisruptedtissuewas

important,norwhy.

Themissingexplanatorylink is activity. Explaininghow brainswork requiresunderstanding

how brainstatesplayacausalrole in behaviour, not justobservingcorrelations.This is theaimof

neuroethology. And in orderto understandhow brainstatescanplaysucha role it is necessaryto

discover their relationshipto therestof thecentralnervoussystemof theanimal,from sensorto

muscle,andvia feedbackfrom its environment.Thefactthatthebrainhasabodyis true,obvious,

important,andusuallyignored.Understandingthebodily andenvironmentalcontext of thebrain

canchangeourpictureof whatit is doing:

Theseobservationscanbesummarisedusingtwo contrastingmusicalmetaphors.The
nervous systemis often seenas the conductorof the body, choosingthe program
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for the playersanddirectinghow they play. The resultsreviewed above suggesta
differentmetaphor:thenervoussystemis oneof a groupof playersengagedin jazz
improvisation,andthefinal resultemergesfrom thecontinuedgiveandtakebetween
them. In otherwords,adaptive behaviour is the resultof the continuousinteraction
betweenthenervoussystems,thebodyandtheenvironment,eachof whichhaverich,
complicated,highly structureddynamics. The role of the nervoussystemis not so
muchto director programbehaviour asto shapeit andevoketheappropriatepatterns
of dynamicsfrom the entirecoupledsystem. As a consequenceonecannotassign
creditfor adaptivebehaviour to any onepieceof thiscoupledsystem.(Beer& Chiel,
1997)

If we wantanexplanationof thesoundof anorchestrawe have only to look to theconductor

andthescorethatthey arefollowing. Thecharacteristicsof theindividualmusiciansarerelatively

unimportant.But if we wantanexplanationof theperformanceof jazzensemblethenno player

canbe ignored. This is not to imply thatsuchanunderstandingis impossible,but that it cannot

bereducedto beingtheresponsibilityof asingleisolatedelement.Similarly, if wewantanexpla-

nationof how theneuralmechanismsof a creaturesubservesits behaviour, thenit is not enough

to just observe theactivity of a singlepart,but ratherwemustunderstandhow it is coupledto the

restof thesystem— i.e. its bodyandenvironment.

To takea simpleexample,the periodic limb movementsinvolved in most forms of animal

locomotionareoften presumedto be dueto internalcentralpatterngeneratorswhich propagate

centrifugalsignalswhichcontrolthemusclesandlimbs. But thisignorestheroleof environmental

feedbackin generatingtheoverall activity. For example,if you takea lamprey out of waterthen

the changein resistancemeansthat the samestimulationof the musclesproducesa completely

differentwriggle; thereforerecordingthe outputfrom thecentralpatterngeneratorsin its spinal

gangliawill giveyouonly partof thepicture.Withoutunderstandingthepropertiesandroleof the

waterit is impossibleto understandhow a lamprey swims.

Theproblemwith neuroethologyis thatit is veryhard.Insteadof studyingisolatedpartsof the

brainof acreatureit is necessary— at leastin principle— to understandits entirecentralnervous

system,bodyandenvironment.Thishastendedto limit thegrowth of neuroethology. As Dawkins

pointsout (1995),thereis still a largegapbetweenneurobiologyandethology, maintainedby the

factthatthetwodisciplinestendto studydifferentanimalsandaskdifferentquestions.Ethologists

gravitate towardslarge intelligentanimals— includinghumans— with interestingandcomplex

behaviours but with poorly understoodneurobiology, whereasneurobiologistsfavour seaslugs

andleechesthatethologistsfind boring.Themostinterestingwork in neuroethologyhasoccurred

somewherein the middle,with creaturesthatarelarge enoughto displayinterestingbehaviours

but arestill simple(anddisposable)enoughfor investigationof the entireneuralpathwayto be

possible:prey-catchingin frogsandtoads,echolocationin bats,auditorysourcelocationin owls,

andsoon.

Thedifficultiesof neuroethologyaremadeevenworseby thefact that it is not enoughto in-

vestigatethewholeiguana(or bat, frog, or owl), but that they mustalsobe investigatedtheright

environmentaland behavioural context. For example,over a periodof 50 yearsfrom 1926the

visualsystemof theHorseshoecrabbecameoneof themostthoroughlyinvestigatedneurophys-

iological systemsin the animalkingdom. However it wasnot until the late 1970’s that it was

discoveredthattheway thattheretinareactsto light followsacircadianrhythm,becomingamil-
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lion timesmoresensitiveat night in orderto aid matedetection.This crucialfunctionalproperty

of thenervoussystemhadremainedundiscoveredwhilst thevisualsystemhadbeeninvestigated

in in vitro isolationasalabpreparation;insteadit requiredtakingmeasurementsfrom awholelive

animalin its nativeconditionsof shallow coastalwateratnight(Barlow etal.,1984)(Barlow etal.,

1986).

Theneedto getthebehaviouralenvironmentright canstretchtheingenuityof scientiststo the

limit. Considerthe problemsof investigatingtheneuroethologyof locustflight. Someprogress

had beenmadeby taking microelectroderecordingsfrom paralysedinsects,but suchartificial

conditionstendsto produceartefactualresults.Theonly solutionwasto takingrecordingsfrom

locustswhile they are flying free, andthis requiredimplantingthe insectswith microelectrodes

thatwouldnotdisrupttheirmovementsandconnectedto miniatureradiotransmitterstied to their

backs(Kutschet al., 1993)— a painstaking,intricate,andvery frustratingprocess.Nonetheless,

experimentsconductedin environmentalandbehavioural situ canyield neurologicaldatathat it

would not bepossibleto derive,even in principle, from non-situatedinvestigation.A bird in the

bushis worth two in thehand,neuroethologicallyspeaking.

Beer, amongstothers,arguesthat theproblemof neuroethologyis to understandhow central

nervoussystemsarecoupledto environmentsvia bodies.But thesituationis actuallymorecom-

plicatedthanthat. If it weresimply thecasethatbehaviour is generatedby thecouplingbetween

a nervoussystemandan environmentthenit would be possible,at leastin theory, to studythe

organismin isolationandthentry to determinetheresultif it wereput into a particularenviron-

ment2. Themorefundamentalproblemis thatthiscouplingcanchangetheintrinsic propertiesof

thecentralnervoussystemitself. TheHodgkin-Huxley modelof neuronalactivity, which models

neuronsasdiscrete‘units’ with fixedelectricalresponses,hasbeenvery successful.But thissuc-

cessshouldnot makeusforget thatneuronsareliving cellswhoseseeminglyintrinsic properties

areaffectedby themetabolismandbiochemistryof theentirebodyandits environment.In some

casesthereareclearlystereotypedreflex behaviours— suchasescaperesponses— in which the

strongevolutionarypressureto favour fast andreliableperformanceproducesdedicatedneural

structureswith very stableandclearlydefinedproperties.However it is now becomingapparent

that modulators— hormones,diffuseneurotransmitters,and lessobvious agentssuchasnitric

oxidesynthases— canaltereventhemostseeminglyfixedandapparentpropertiesof individual

neurons(Harris-Warrick& Marder, 1991):

The effectsof modulatorysubstancescanbe soprofoundthatcells acquireentirely
new propertiesnot seenin the absenceof the modulator. The effectsof modulators
coverstherangeof intrinsic properties,includingincreasedor decreasedexcitability,
the modulationof spikefrequency adaption,the enhancementof post-inhibitoryre-
bound,the inductionof plateaupotentials,and the expressionof intrinsic bursting.
(Getting,1989)

Thesekindsof modulatoryprocessesareusuallyignoredwhenconstructingartificial neuralnet-

workswhichmodelbiologicalneuralsystemsusingtheformalismof systemstheory. Thesemod-

elshave oftenbeencriticisedby biologistsfor beingtoo simplistic. This maybetrue,but if this

2For a formal analysisandexperimentaldemonstrationof how we cando this for anartificial nervoussystemsee
(Jakobi,1997).
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werethesoleproblemthenit couldbesolvedby increasingtheir complexity andaccuracy — as

hasbeendonein many cases(Lansner& Liljenström,1994). Themorefundamentalproblemis

thatvirtually all suchmodelsassumea fixedneuralstructure,comprisedof unitswith fixedelec-

trical responsesandconnections,or onesthat changeirreversibly throughincrementallearning3

— andthisassumptionis rarelytrue.

For exampleSoffe (1993)describeshow thesamesetof neuronsdriveboththeswimmingand

strugglingbehavioursin Xenopustadpoles.A tadpolethatstartsby swimmingmay, dependingon

its environment,encountera predator. This sensorystimulationhastheeffect of modulatingthe

synapticconnectionsandintrinsicpropertiesof themotorneuronsin its spinalcord,with theresult

thatit startsstruggling.Notethatthisis not justtheeffectof new stimuli provokingnew responses,

but ratherinvolvesa reorganisationof the neuralsystemthatsubservesbehaviour. Thereforein

order to properlyunderstandtheseeventswe first have to understandthe neuronalorganisation

underlyingthe initial swimmingbehaviour. We thenhave to understandhow that behaviour, in

thatparticularenvironment,resultsin thecreaturebeingthreatened.Lastlywehave to understand

how this resultsin changesat the level of individual neuronsas it startsto struggle. Thereis

thusa dialecticalcausalcycle, from neuroscienceto intentionalbehaviour andback again. The

propertiesof nervoussystemsareanemergentproductof behaviour, asmuchasviceversa. So,

for example,if we wereto studya Xenopusembryoin a lab preparationwe would not uncover

the mechanismresponsiblefor struggling,nor that for swimming,but rathersomebiochemical

mish-mashof thetwo. Theneurologicalrootsof its behaviour would remaina mystery.

Dif ferentbehavioursproduce,andareproducedby, differentneurologicalorganisations.You

cannotstudyanorganismin onecontext andbesurethateventhemostintrinsic neuralproperty

thatyou discover will persistin another. In short,if you wantto understandhow thebrainof an

animalworks,youhave to studyit in anappropriatebehaviouralenvironment.And thereis simply

nowayroundthis.

4.2 Representation and Explanation

Neuroethologyis a dialoguebetweenneuroscienceandethology, born from the conviction that

eachmustbe understoodin the light of the other. This implies that your neurosciencewill de-

pendonyourethology:your understandingof how a neuralmechanismsubservesbehaviour will

dependon how you understandthat behaviour. For exampleHoyle, in his manifestofor neu-

roethology(1984),assumesatraditionalLorenzianethology, completewith FixedActionPatterns,

psychohydraulics,displacementactsandreleasersetc.Thereforehisneuroscientificinvestigations

concernsuchissuesastheneuralmechanismsunderlyingvariationsin internaldrive andmotiva-

tion.

However, asmany of the peerreviews to Hoyle’sarticlepoint out, thereis a lot moreto an-

imal behaviour thanthoseaspectsconsideredby Lorenz. Most neuroethologyis concernedwith

behaviour — or ratheraspectsof behaviour — thatshouldproperlybeclassedasintentional;i.e.

thosein whichinternalstatesareattributedto acreaturein ordertounderstandhow its behaviour is

co-ordinatedwith respectto objectsin theenvironment.Theneuroethologicalproblemis thento

explain how this co-ordinationis subservedby thecentralnervoussystemof theagent;andto do

3Thoughsee(Husbands,1998)for aninterestingcounterexample
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this we mustfind someneurophysiologicalpropertythat is capableof explaininghow this inten-

tionalaspectof thebehaviour is achieved.If thebehaviour to beexplainedis definedwith respect

to a distalobject,thenthemechanismthatproducesit mustbeunderstoodin thesameway. The

explanansandexplanandamustsharesomecommonvocabulary in orderfor theconnectionto be

madeintelligible, andacommontermthatrelatesbehaviour andmechanismis representation, by

which I meanthewaythata functionalproperty, processor entityof anagent(therepresentational

vehicle)playsarole in theintentionalbehaviour of anagentin virtueof informationthatit carries

abouttheobject(thecontent).

For example,supposewearetrying to understandhow ratsmanageto relocatesourcesof food

in a laboratoryarena— whichthey candodespitetheexperimenter’sattemptsto confusethemby

moving landmarks,or evenfloodingthearenaandforcingtheanimalto swim. Thisability cannot

beexplainedby simply mappingneuronalconnectionsfrom sensorystimuli to motor responses,

sinceboth the stimuli andresponseswill changeastheexperimenterchangesthearena.Rather

anexplanationmustrevealhow theratachievesa ‘senseof place’by integratingmany sourcesof

information,includingrecognisinglandmarksandits senseof its own movement.And avital part

of thiswasthediscoveryby O’KeefeandDostrovsky (1971)thatcertainhippocampalneuronsare

selectively active astheanimalmovesbetweendifferentlocationsin anenvironment— socalled

‘placecells’.

Now a greatdealremainsunknown abouttherole of the hippocampusin spatialnavigation,

despitea hugeamountof empiricalinvestigation(see(McNaughton,1996)and(Knierim et al.,

1995)).Wemustadmitthat,althoughweknow thattherearestrikingcorrelationsbetweenthean-

imal’sperceivedlocationandparticularneuralactivity, wedonot know how thosecorrelationsfit

into theentiresensory-motorsystemof therat. For example,oneof themostperplexing problems

is how the sameareaof hippocampuscanserve asa mapfor many differentarenassimultane-

ously, dependingonothercontextual cues.Indeedit is quitepossiblethatoncewe getthebigger

picturewewill find thatthesimpleplace-cellsthatwe naively thoughtplayeda rolearejustsome

epiphenomenalby-productsof a morecomplex, higher-level, picture. Nonetheless,unlessand

until theseproblemsaresolvedwe will not have a properexplanationof how therat navigatesits

environment.

Place-cellsareanexampleof how a singleneuron,or localisedgroupof neurons,may play

a representationalrole (Barlow, 1972). But thereis no reasonwhy this shouldbe the casein

general.At thestartof thelastcenturySherringtonarguedthatbehaviourally significantaspects

of neuronalactivity may be organisedat a higher level than that of the single neuron(1906).

For exampleFreeman(1985)hasdemonstratedhow oscillationsin the vertebrateolfactorybulb

involving up to a quarterof a million neuronscanencodeodorantinformation.Theseoscillations

haveadominantfrequency typically around40-90Hz,but therefractoryperiodof atypicalneuron

restrictsit to producingactionpotentialsat around5-10Hz.Thereforethebulbaroscillationmust

betheresultof co-ordinatedactivity acrosstheentire bulb; it cannotbea purelyepiphenomenal

aggregateeffect. For eachindividualneurontheonly thingoscillatingat40-90Hzis theprobability

that it will fire, sinceit canactuallyonly produceanactionpotentialevery 10 cyclesor so. The

large-scaleoscillationsemerge from the massactionof the whole, but in turn they entrainthe

activity of theindividuals(Faith,1995).
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Odorantinformationonly existsat a level of organisationmuchhigherthanthatof thesingle

neuron.Indeedthereis no reasonin principlewhy a representationalvehiclecouldnot bea state

or processdefinedoveranentirecentralnervoussystem,in thesamewaythatthepressureof agas

is subservedby anaggregatepropertydefinedover all its constituentmolecules.But at whatever

level of organisationwe discover them, representationsarea necessaryterm in an explanation

of how a neuralmechanismproducesintentionalbehaviour. Unlesswe canunderstandhow the

organismrepresentsaspectsof its environmentwe cannotunderstandhow its behaviour is co-

ordinatedwith respectto thoseaspects,we only know that it is. Of course,barringmiracles,

theremustbeanexplanationof how specificstimuli provokespecificresponses.But thisdoesnot

provide anexplanationof theintentionalbehaviour perse; only representationscando this. This

issuewill bediscussedin morephilosophicaldetailin thenext chapter, but thesamepointhasalso

recentlytakenamorepracticalform.

4.3 South Coast AI

Dretskeonceclaimedthat ‘if you can’t makeone,you don’t know how it works’, andtheories

abouthow intelligentbehaviour isproducedhavealwaysbeentestedin thetribunalof construction.

So, for example,computationalismasa theoryof mind naturally led to computationalismasa

way of building artificial intelligences:aninterdisciplinaryresearchprogramthatwasbornat the

famousDartmouthConferenceon theEastcoastof theUSin1956.

Thecornerstoneof computationalismis that intelligenceis necessarilygroundedin a formal

symbolsystemor languageof thought— a directdescendentof Frege’s insistencethat thestart-

ing point for a philosophyof mind is the formal studyof language.Computationalismtherefore

implies that thekey to building anartificial intelligenceis a systemthatmanipulatessymbolsin

the right way, asenshrinedin Newell andSimon’s PhysicalSymbolSystemHypothesis(1972).

If thecomputationalistwantsto build a robot thatcanphysicallyinteractwith theworld thenthe

trick is to connectthesymbolmanipulatorto distinctperceptual‘modules’thatgeneratesymbolic

representationsof theworld which arethenmanipulatedsyntacticallyto produceasetof symbols

representinga plan,andthis is thentransformedinto physicalmovementsby themotormodules

(Fodor, 1983).Thesensoryandmotormodulesare‘the stupidityin thesystem’(Karmiloff-Smith,

1994),while the real intelligenceresidesin the symbolmanipulation. According to this view,

thesensoryandmotorlinks to theoutsideworld canbeeliminatedandcognitionunderstoodasa

purelydisembodiedphenomenon;hencethe inputsandoutputsto mostAI systemsaresymbols

with noessentialconnectionto thestatesof theworld they aresupposedto represent.

However, practicalproblemswithin AI raiseconcommitantdoubtsaboutcomputationalismas

a theoryof mind. In particular, althoughAI hasbeenspectacularlysuccessfulon tasks(suchas

playingchess)thathumansfind verydifficult, it hadbeenrelatively unsuccessfulontasks(suchas

simplesociallanguageuseandsensory-motorco-ordination)thathumansfind veryeasy. Thefirst

anti-AI wind blew from Berkeley in theWestwith thepublicationof theDreyfus brothers’What

ComputersCannotDo (1972).This challengedthefundamentalassumptionsof Anglo-American

analyticphilosophyon which computationalistAI wasbuilt, andpointedto analternative philo-

sophicaltradition that includedthe existentialphenomenologyof HeideggerandMerleau-Ponty

andtheanti-logicismof thelaterWittgenstein.Thiscritiqueof EastCoastAI wassoonjoinedby
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othersthattookideasfrom biology(Maturana& Varela,1980)(Winograd& Flores,1986),Soviet

Psychology’semphasisonactivity (Norman,1993)(Wertsch,1981),andevenconceptstakenfrom

ZenBuddhism(Varela,Thompson,& Rosch,1991).

But Dretske’s claim still haunts.The WestCoastmayprovide effective critiquesof compu-

tationalism,but can it yield a practicalguideto building artificial intelligences?For a while it

seemedasthoughconnectionismmight providea suitablealternative(Dreyfus & Dreyfus,1988),

but thishas(usually)repeatedthecomputationalistassumptionthatcognitionis thetransformation

of onesetof representationalsymbolsinto another. Theonly realdifferencebetweenthis form of

connectionismandcomputationalismis thattheformerusesavectoralgebra,ratherthanscalar, to

manipulateits symbols(Cummins& Schwarz,1987)(Smolensky, 1988).4

AnotherWest-Coastalternativehasbeento try to understandhow orthodoxcomputersystems

are embeddedandusedwithin a social context (see(Laurel, 1997) for a good example). But

this approachdoesnot yield artificially intelligent systems,just oneswith betterinterfaces.A

tamagochi, for example,mayberegardedby its ownerasa livesentientcreaturethatdeservescare

andattention.And suchproductscertainlytell ussomethinginterestingaboutour relationshipto

‘intelligent’ computers.But this hardly constitutesthe foundationsfor a researchprograminto

building artificial systemsthatexhibit theintelligenceof animals.

However, if theWestCoastis correctto insistthatcognitivebehaviour cannotbecharacterised

asa formalandabstractinput-outputmappingthentheonly way to build a cogniseris to build an

agentthatphysicallyinteractswith its world. Thustherehasbeena rapid increasein researchin

roboticsthateschewsconventionalcomputationalisttechniques,variouslyknown asartificial life,

behaviour-basedrobotics,thesimulationof adaptivebehaviour, nouvelleAI, post-modernrobotics

andsoon. However I prefertheterm‘SouthCoastAI’, referringto theArtificial Life groupof the

Universityof Sussex on the southcoastof England.This is not a questionof academicpriority

but rathera recognitionof the unusualsynthesisof philosophicaldebate,robotengineering,and

neuroethologyin this institution,asnotedby Keeley (1998).

It hasto besaidthatprogressin SouthCoastAI hasbeenpainfully slow comparedto thatof

the EastCoast.Computerchessplayerscanbeathumangrandmasters,but the robot footballers

thatarea featureof mostroboticsconferenceswouldscarcetroublea two yearold child, let alone

Pele. Sometimesit is difficult to seeany advanceover the work of the pioneersof cybernetics

in the 1950’s, suchasGrey Walter andRossAshby (1952),or the robotic thoughtexperiments

of the SwissneuroscientistValentinoBraitenberg (1984),despitemany billion-fold increasesin

computerpower now used.A critical observer wouldbejustifiedin thinking thatSouthCoastAI

is on a slow roadto nowhere,andthat this shouldtell ussomethingaboutthe theoryon which it

is based.But thefact is thatwe simplydonot have a goodtheoryto replacecomputationalismas

a guideto constructingintelligentagents.And in theabsenceof a convincing theory, a thousand

roboticflowershave bloomed.SouthCoastAI at themomentis characterisedby a largenumber

of often very small researchgroups,eachworking on their own particulartechniqueswith very

little senseof constructive,cohesiveprogress.Theonly notableexceptionis MIT’ sCogproject,in

which adiversesetof particularsolutionsto partialproblems— suchassaccadingeyes,reaching

4Notethat this is a criticism of connectionismconsideredasa methodof mappingonesetof representationsonto
another, ratherthantheuseof artificial neuralnetworkto controlembodiedagents— seebelow.
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for anobject,andtensinganarm— arebeingprogressively addedto a singlehumanoidrobot,in

thehopethathumanoidintelligencewill onedaycollectively emerge.

However two of theseflowersareof theoreticalinterest.Thefirst is to copy— or at leasttake

inspirationfrom — nature,andusethefindingsof neuroethologyto modelsimplenaturalsensory-

motor systemsin robots. This is generallyknown ascomputationalneuroethology(see(Beer,

1990)and(Cliff, 1991)).Thesecondapproachis to artificially evolve neuralnetworkcontrollers

for robotsusinggeneticalgorithms.This is evolutionaryrobotics(see(Beer& Gallagher, 1992)

and(Harvey etal., 1997)).Whatboththeseapproacheshave in commonis that,in theabsenceof

a goodtheory, they avoid designingrobotcontrolsystemsby hand,andinsteadleave thedesign

processupto natural,or artificial,selection.Theuseof representationsis thusnolongerana priori

assumptionabouthow to build intentionalagents,but is ratheranopenempiricalquestionabout

how they work. And a significantminority of researchershave concludedthey aresimply not

necessary, mostnotablyin Brooks’ landmarkpaperIntelligenceWithout Representation(1991).

(Also see(Beer, 1995b),(Harvey, 1992),(Clif f & Noble,1997),(VanGelder, 1992)and(Wheeler,

1994)for variantson thesametheme.)

However all theseobjectionsassumethat representationsmustfit the EastCoastmodel, in

which themechanismof theagentcanbeneatlycarvedupinto humuncularmoduleswhich ‘com-

municate’usinga vocabularyof symbolicrepresentations.Thesemodulesarefixed,disjoint,and

completelygeneralpurpose(in the sensethat thereis a singlemodularorganisationcapableof

producingall behaviours).For exampleWheeler, in discussingtheanalysisof evolvedrobotcon-

trol systems,citesBeer’s remarkthat ‘highly distributedandrichly interconnectedsystems[such

asevolvedneuralnetworks]. . .donotadmitof any straightforwardfunctionaldecompositioninto

representationsandmoduleswhich algorithmicallymanipulatethem’ (Beer, 1995a,p128)(cited

in (Wheeler, 1998)).

However Beer et al are shootingat the wrong target. They are correct that suchevolved

networksdo not show a modulardecompositionobeying algorithmicrules,andsuchempirical

evidenceis apowerfulweaponagainstcomputationalandcognitivist assumptionsaboutthemind.

Moreover, centralnervoussystemsarethemostcomplex, non-linear, andfeedback-riddensystems

we know of andunderstandingthemis rarely‘straightforward’,especiallywhenwe aretrying to

understandtheirinteractionswith amessyrealworldenvironment.(I onceaskedanethologistwho

hadstudiednavigationin insectsfor many yearswhy hedid not encouragestudentsto investigate

the neuralmechanismsunderlyingthe behaviour hewasso interestedin. His reply wasnot that

this would beimpossible,but thatsomeonecouldeasilyspend20 yearson this researchandstill

not getanywhere— andthis is for a relatively well understoodbehaviour in a ‘simple’ insect.)

However in thelastsectionI emphasisedthatrepresentationsareonly definedwith respectto,

andin thecontext of, thebehaviour of awholeagentwithin anenvironment.This impliesthat(1)

thereneedbenogeneral-purposealgorithmicor representationalorganisationunderlyingdifferent

behaviours, and(2) that any representationalfunctionalorganisationis an emergentproductof

the interactionbetweenanagentandits environment. For exampleaswe saw in thecaseof the

Horseshoecrabandthe rat hippocampus,the modeof organisationand‘intrinsic’ propertiesof

a neuralsystemmay changeradically from onebehavioural context to another, andthereis no

reasonwhy representationalcorrelationsfoundin onesituationshouldplay a role, or evenexist,
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in another. If this is takeninto accountthenBrooks’ et al objectionslosetheir forceandwe can

insteadappreciatehow theexamplesof robotcontrolsystems,andanimalnervoussystems,that

are often held up as paradigmcasesof non-representationalintentionality do, in fact, have an

emergentrepresentationalcharacter(Faith,1997).

Onemuch-citedexampleis an experimentconductedat the University of Sussex in which

artificial evolutionwasusedto generatenotonly thecontrolsystemfor a robot,but alsoasuitable

body for it to control (Harvey, Husbands,& Clif f, 1994). The ‘fitness’ of the robot wasjudged

by its ability approachawhite triangulartarget,whilst avoidingarectangularone.Thesuccessful

robot usedjust two sensors,onewith a visual field above the other, andlocatedthe triangleby

rotatingon thespotuntil just thelowersensorsaw white andmoving straightahead.This hasthe

effect of fixating theroboton theobliqueedgeof thetriangle.As thetriangleloomsup suchthat

bothsensorsgohigh,or if themotioncausestheedgeto belost, thentherobotwill startto rotate

until theedgecanbefixatedagain.Therotate/move-straightdistinctionis effectedby asingleunit

that takesan inhibitory connectionfrom the uppersensorandanexcitatory link from the lower,

andis thusonly fully activatedwhentherobotis facingtowardsthetriangle’sedge.

Two pointsaboutthis robotmustbenoted. Thefirst is that its successdependson having a

sensormorphologythat is perfectlysuitedto thetargetsin its environment.If thosetargetswere

shapedevenslightly differentlythentherewould beno simpleway of usingthesameeyesto do

the samediscrimination. The control systemis alsofinely tunedto the typesof motor and the

timing of rotation:if evenjust theamountof noisein thesystemis changedthenthewholerobot

hasatendency to overshootandendupliterally goingin circles.Therefore,youcannotunderstand

thebrainof therobotwithoutalsounderstandingits bodyandenvironment.Nonethelessacrucial

partof understandinghow it doesthis is to notethecorrelationbetweenthetriangulartargetbeing

straightahead,theactivationof aparticularunit,andtherobotmovingstraight— arepresentation,

in thesensedefinedabove.

To takeanotherexample,FloreanoandMondadadescribetheartificial evolution of a neural

networkcontrollerfor a robotwhosetaskis to explorea simplearena,returningto a recharging

basethatis demarcatedby a blackfloor patchanddirectedby abright light. It wasfoundthatthe

fittestindividualusedahiddennodeof thenetworkwhoseactivationcorrespondedto thedistance

from thebase,reachinga maximumwhenit was‘home’. As theexperimentersnote:

In this experiencethe robotautonomouslyevolved the ability to usethe raw sensor
dataandbuilt an internalrepresentationof theworld in orderto find the recharging
areaandreturnto this placeat a giventime. This behaviour is basedon anaccurate
evaluationof the batteryresidualtime andon an internal representationof the en-
vironment. In fact someof thehiddennodesdisplayedactivation levels thatclearly
mappedtheenvironmentgeometry. (Mondada& Floreano,1996)

Evolutionary roboticsis in its infancy, and the tasksit tacklesare so simple that in many

casesthey canbesolvedby agentswith only themostdirect stimulus-responsereflexes. Indeed

theevolutionarystrategy is brilliant at finding ingeniousstimulus-responsesolutionsto tasksthat

a humandesignerwould normally insist could only be achieved by forming andmanipulating

representationsof the robot’s environment. (This specificquestionis investigatedempirically

by (Miglino et al., 1998).) However, as tasksbecomemorecomplex the useof internalstates
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thatcarry informationabouttheenvironmentbecomeslessandlessavoidable(Kirsh, 1991),and

even in the very simplecasesmentionedabove we find that individual units act asvery simple

representationsin mediatinginteractionsbetweentherobotandits world. IndeedBrookshimself

later concededthat he wasnot arguing againstrepresentationsper se, but that he was merely

advocatingdifferenttypesof representation:

My earlierpaper(1991) is often criticised for advocatingabsolutelyno repre-
sentationof the world within a behaviour-basedrobot. This criticism is invalid. I
makeit clearin thepaperthatI rejecttraditionalArtificial Intelligencerepresentation
schemes.I alsomadeit clearthatI rejectexplicit representationsof goalswithin the
machine.

Therecan,however, berepresentationswhich arepartialmodelsof theworld —
in fact I mentionedthat “individual layersextract only thoseaspectsof the world
which they find relevant— projectionsof a representationinto a simplesubspace”.
The form theserepresentationstake,within the context of thecomputationalmodel
we areusing,will dependon theparticulartaskthoserepresentationsareto beused
for. (Brooks,1995)

Thesamesofteningof anti-representationalistattitudesamongstSouthCoastengineerscanbe

seenamongstClark andWheeler(1998),ScheierandPfeifer(1998),Bickhard(1998),Calabretta

et al (1998),andTani et al (1998),who all agreethat even very simple intentionalbehaviours

aremediatedby representations,but representationsthat canonly be understoodin the context

of activity. At leastoneneuroethologistdraws a similar lesson,but againconfusesrejectionof

computationalistsymbolsandmodules,with rejectionof representationsperse:

Of coursethe cognitive approach— the representationalparadigm— is a level of
interpretationin its own right. At best,it is like Ptolemy’ssystemof epicycles,which
coulddescribethemovementsof theplanetsin sufficientdetail;but aswenow know,
theheliocentricview of theworldprovidesasimplerwayof understandingthismove-
mentandonethatcomescloserto whatisactuallythecase.By analogy, thecognitive-
mapapproachmight obscuresomeof the most importantcomputationalstrategies
usedby the brain. In general,the brain hasevolvednot to reconstructa full repre-
sentationof thethree-dimensionalworld, but to find particularsolutionsto particular
problemswithin thatworld. (Wehner, Michel, & Antonsen,1996)

The representationsadvocatedby both Wehnerand Brooks are not general-purposesym-

bolssyntacticallymanipulatedaccordingto anEastCoastalgorithm,but ratherdescribehow the

sensory-motortransformationsrequiredfor particularbehaviours areachieved. The representa-

tional organisationunderlying,andemergentwithin, onebehaviour needbearno relationto that

underlyinganother.

In Brooks’ experimentsthis separationis embodiedin a ‘subsumption’robotic architecture

— asusedon Cog— in which the mechanismis split into largely independent‘layers’, eachof

which is connectedto both sensorsandmotors. Evolution, both naturalandartificial, doesnot

tendto producesuchextremedisjointednessbut ratherproducesmixedbagsof tricks madeupof

particularsolutionsto particularproblems,in which evolvedcircuitry is usedandadaptedto new

purposes.In eithercase,in orderto understandhow thesesystemsachieve robustco-ordination

with objectsin theirenvironmentit is necessarytounderstandhow informationaboutthoseobjects

playa role in controllingthatbehaviour.
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It is interestingto notethat themostdoctrinaireanti-representationalistshave beencomputa-

tional neuroethologistsandevolutionaryroboticists,ratherthanthebiologistswho studynatural

sensory-motorsystems.It seemsthatthispositionstemsfrom ahealthydesireamongstcomputer

scientiststo disassociatethemselvesfrom the tradition of computationalistartificial intelligence

and its Cartesianunderstandingof representation.Biologistshave rarely beentarredwith the

Cartesiancomputationalistbrush— after all, no-onecanaccusethemof studyingdisembodied

intelligence— andso seemmorecomfortablewith describingthe neuralmechanismsthat they

discover in representationalterms(Roitblat,1994).

Lying behindSouthCoastanti-representationalismthereoften lurks the intuition that some-

thing is only a representationto theextent thatit is partof a generalisedsymbolsystem.Without

sucha systemit is assumedthataninternalstatedoesnot have well-definedsemanticproperties.

They thereforesharethe cognitivist assumptionthat representations— andintentionality — are

to do with computation,ratherthantheability of anagentto actively engagewith its world. The

philosophicalroots,andimplications,of thisargumentwill bediscussedin chapter6.

The lessonof SouthCoastAI is that if you want to build a cogniser, you shouldn’t startby

making up fancy data-structures,sincewithout a body they are both meaninglessand useless.

Moreover, just bolting on sensoryandmotor moduleswill rarely succeedin effectively tying a

symbolsystemto theworld, sincethosecontentsthatahumanintuition assignsto thesymbolsare

unlikely to betheonesthatits crudebodycanmakeavailable.Thiswastheproblemof EastCoast

robotics,asexemplifiedby Shakey (Nilsson,1984).

Shakey wasa mobile robot thatcouldmove blocksrounda setof rooms,accordingto typed

instructions. At its heartwasa predicatecalculusmodelof its environment,manipulatedby a

means-endproblemsolver (Newell & Simon,1972),andgeneratedfrom a cameraimageof its

environment— ‘a seriesof still pictures’,in Costello’sphrase.Howevertheproblemof producing

a symbolicrepresentationof its environmentmeantthattheroomshadto bespeciallydesignedto

beasvisually simpleaspossible,with flat floors,evenly colouredsurfaces,carefullighting, few

obstructions,andsoon. AlthoughShakey worked,it proved impossibleto generaliseits success

to morerealisticenvironments.Themoralis to startby gettingthebodyright, andconcentrateon

tieing it to theworld; representationswill be theemergentresult,asthe evolutionaryroboticists

have repeatedlyfound.TheEastCoastapproachto artificial intelligenceis like notingthatagood

Emmenthalcheeseinvariablyhasholesin it, andconcludingthatthestartingpointfor makingone

is to gluepocketsof air together. TheSouthCoastapproachis to startwith thecheese.If you get

this right, thenyoufind you gettheholesfor free.

The limiting factor in our developmentof intelligent artificial creaturesis not the compu-

tational power of their ‘brains’, but in the morebasicengineeringtechnologyof their bodies.

Currentrobotengineersuseroughly the samemotor andsensortechnologythat the pioneersof

cyberneticsdid, andyet this is wherethe real problemsof embodiedintelligencelie. Therefore

we shouldnot besurprisedat the slow progress.RodBrooksdraws an illuminating comparison

betweenthedevelopmentof computertechnology, andthatof jet airliners. Thepower, capacity,

andspeedof the formerhave doubledroughlyevery 18 months,whereasthesameimprovement

in the latterhastakenalmost40 years.We shouldexpectthedevelopmentof SouthCoastAI to

bemorelike thatof airlinersthancomputers,andfor similar reasons.Building successfulrobots
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dependsmoreonthe‘hard’ engineeringof bodiesthanonthe‘soft’ engineeringof brains.

4.4 Conclusion

In orderto understandhow neuralmechanismscanunderlieintentionalbehaviour it is necessaryto

understandhow they cancarry informationabouttheenvironmentof theorganism.This requires

thatweinvestigatetheentirecausalloop,involvingbrains,bodiesandenvironment.Moreover, this

systemmustinvestigatedin vivo, sincetherelevantneurologicalpropertiesmayonly exist in the

appropriatebehavioural context. Thesamelessonapplieswhenconstructingartificial intentional

systems:we cannotstart from an isolatedrepresentationalmodulethat approximateshumanoid

problemsolving,sincewithouta humanoidbodyit will havenoeffective connectionto theworld

thatit is supposedto represent.


