Chapter 4

Brains and Behaviour

Shelookedliked shelearnedo dance,
Froma seriesof still pictures.
— Elvis Costello,Satellite

4.1 Neuropsychology and Neuroethology

Therearetwo stratgiesfor tacklinga really difficult problem. Thefirst is to breakit down into
discretesub-problemssolve eachof thesein isolation,andhopethatthe partial solutionscanbe
addedtogetherto form an explanationof the whole. Marny problemsaresuitedto this approach;
it underliesour spectaculaprogressn developingnew technologyfor example.Thissucces$has
encourageds applicationto mary otherareas,ncluding the philosophyof mind and cognitive
science Thusthephenomenatompleity of humarthoughtis brokendown into thesub-problems
of perceptionlanguage-usédggical reasoninggconcepformation,emotionsmotorco-ordination,
associatre learning, social intelligence,etc, and eachof these'modules’ are then studiedand
analysedseparately

The alternative stratgyy is to start with the simplestpossibleexample of the whole phe-
nomenongnde&our to understandt asa unifiedwhole,andthenconsidemoreandmorecom-
plex examples,noting qualitatve and quantitatve changesn behaiour aswe do so. Thereis
goodreasorto believe thatcognitionis bettersuitedto this type of approach— afterall, thestrict
modularityassumedby cognitive sciencebeardittle relationto how brainsevolve,develop,learn,
or areusedin practice. The conclusionis thatwe shouldnot startby consideringsolatedcom-
petenciesof large, cognitively comple, creaturesput ratherwe shouldstartby consideringthe
whole of simpleones. Whynot the wholeiguana? asDennettputit (1978). Iguanasmaylack
mary of our highercognitive functions. They areprobablynot evenconsciousNonethelesshey
cannegotiatea comple ervironment,find food andmatesavoid predatorsandsoon. They area
simple,complete exampleof anintentionalsystemandsoseemlike agoodstartingpoint— both
for ourattemptdo studynaturalcognisersandalsoto engineeartificial ones.Thereforechapters
4-5aremostly concernedvith only the simplesttypesof intentionalactivity of bothanimalsand

1Dparwin was perhapghinking alongthe samelines whenhe claimedthat ‘he who understandbaboonwould do
moretowardmetaphysicshanLocke’.
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robots,andl only startto considerhigher’ linguistic abilitiesin chapter®.

It is alsoworth rememberinghat the vast majority of humanbehaiour is similarly basic.
Without the ability to navigate and manipulateour ervironment,humanswould not be able to
supporthigher cognitive functions, eitherindividually or socially The thin layer of conscious,
linguistic, reflective icing topsa very thick practicalcake:

It is instructive to reflecton the way in which earth-basetiological evolution spent
its time. Single-cellentitiesaroseout of the primordialsouproughly 3.5 billion years
ago. A billion yearspassedefore photosyntheti plantsappeared. After almost
anotherbillion anda half years,around550 million yearsago,thefirst fish andver-

tebratesarrived, andtheninsects450 million yearsago. Thenthingsstartedmoving

fast. Reptilesarrived 370million yearsago,followedby dinosaursat 330andmam-
mals at 250 million yearsago. The first primatesappeared 20 million yearsago
andtheimmediatepredecesson® the greatapesa merel18 million yearsago. Man

arrivedin roughly his presenform 2.5 million yearsago. He inventedagriculturea
merel9,000yearsago,writing lessthan5000yearsagoand‘expert’ knowledgeover
thelastfew hundredyears.

This suggestshatproblemsolving,languageexpertknowledgeandapplicationand
reason,are all pretty simple oncethe essencef being and reactingare available.
That essencas the ability to move aroundin a dynamicervironment,sensingthe
surroundinggo a degreesufficient to achieve the necessarynaintenancef life and
reproductionThis partof intelligenceis whereevolution hasconcentratedts time —
it is muchharder (Brooks,1991)

Traditionalphilosophyof mind has,like a spoilt child, tried to pick theicing off the cake. It
hasconcentratedn our ability to contemplateheworld in isolationfrom our morefundamental
andpreciousability to acton andwithin it. And unfortunatelythis attitudehasbeenencouraged
by thedevelopmenbf powerful brainimagingtechniquesuchasCAT, PET, andespeciallyNMR
(Tootell et al., 1995)that canmap neuronalactivity acrossthe brainwhile the (usually) human
subjectremainsperfectlystill and performsa simple psychologicatask. The flood of datathat
theseexperimentgyeneratés veryimpressie, but it is still uncleamwhetherit is particularlyuseful
Although correlationsbetweenpsychologicalstateand brain activity canbe demonstratedthe
link is notmadeintelligible. Thereis no senseof anexplanationof why or howthe brain actiity
produceghe psychologicaphenomenalNor canthesesxperimentdell uswhetherthe correlation
is significantor epiphenomenallesioningexperimentsandthe studyof aphasicsnay be useful
in this lastrespectput they do not tell us whataspecbf the actiity of the disruptedtissuewas
important,nor why.

Themissingexplanatorylink is activity. Explaininghow brainswork requiresunderstanding
how brainstateglay acausakolein behaiour, notjustobservingcorrelationsThisis theaim of
neuroethologyAnd in orderto understandhow brainstatescanplay sucharoleit is necessaryo
discover their relationshipto the restof the centralnenous systemof the animal,from sensoto
muscle andvia feedbackrom its ervironment.Thefactthatthebrainhasa bodyis true,obvious,
important,andusuallyignored.Understandinghe bodily andernvironmentalcontext of the brain
canchangeour pictureof whatit is doing:

Theseobsenationscanbe summarisedisingtwo contrastingnusicalmetaphorsThe
nenous systemis often seenas the conductorof the body, choosingthe program



Chapter4. BrainsandBehaviour 35

for the playersanddirectinghow they play. The resultsreviewed above suggest
differentmetaphor:the nenoussystemis oneof a groupof playersengagedn jazz
improvisation,andthefinal resultemegesfrom the continuedgive andtakebetween
them. In otherwords,adaptve behaiour is the resultof the continuousinteraction
betweerthe nenoussystemsthebodyandtheervironment,eachof whichhaverich,
complicated highly structureddynamics. The role of the nenous systemis not so
muchto director programbehaiour asto shapét andevokethe appropriateatterns
of dynamicsfrom the entire coupledsystem. As a consequencene cannotassign
creditfor adaptive behaiour to ary onepieceof this coupledsystem.(Beer& Chiel,
1997)

If we wantan explanationof the soundof anorchestrave have only to look to the conductor
andthescorethatthey arefollowing. Thecharacteristicef theindividual musiciansarerelatively
unimportant.But if we wantanexplanationof the performanceof jazzensembleghenno player
canbeignored. Thisis notto imply thatsuchan understandings impossible but thatit cannot
bereducedo beingtheresponsibilityof a singleisolatedelement.Similarly, if we wantanexpla-
nationof how the neuralmechanismsef a creaturesubseresits behaiour, thenit is notenough
to justobsenetheactivity of a singlepart,but ratherwe mustunderstandhow it is coupledto the
restof the system— i.e. its bodyandervironment.

To take a simple example, the periodiclimb movementsinvolved in mostforms of animal
locomationare often presumedo be dueto internal centralpatterngeneratorsvhich propagate
centrifugalsignalswhich controlthemusclesandlimbs. But thisignorestherole of environmental
feedbackin generatinghe overall activity. For example,if you takealampre/ out of waterthen
the changein resistanceneansthat the samestimulationof the musclesproducesa completely
differentwriggle; thereforerecordingthe outputfrom the centralpatterngeneratorsén its spinal
gangliawill giveyou only partof the picture. Withoutunderstandinghe propertiesandrole of the
waterit is impossibleto understandhow alampre/ swims.

Theproblemwith neuroethologys thatit is very hard. Insteadof studyingisolatedpartsof the
brainof acreaturdt is necessary— atleastin principle— to understandts entirecentralnenous
systempodyandervironment.This hastendedo limit thegrowth of neuroethologyAs Dawkins
pointsout (1995),thereis still alarge gapbetweemeurobiologyandethology maintainedoy the
factthatthetwo disciplinestendto studydifferentanimalsandaskdifferentquestionsEthologist
gravitate towardslarge intelligentanimals— includinghumans— with interestingandcomplex
behaiours but with poorly understoodcheurobiology whereasneurobiologistdavour seaslugs
andleecheghatethologistdind boring. Themostinterestingwork in neuroethologyasoccurred
somevherein the middle, with creatureghatarelarge enoughto displayinterestingbehaiours
but are still simple (and disposablenoughfor investigationof the entire neuralpathwayto be
possible:prey-catchingin frogsandtoads,echolocatiorin bats,auditorysourcedocationin owls,
andsoon.

The difficulties of neuroethologyare madeevenworseby the factthatit is not enoughto in-
vestigatethe wholeiguana(or bat, frog, or owl), but thatthey mustalsobeinvestigatedheright
ervironmentaland behavioual context. For example,over a period of 50 yearsfrom 1926 the
visual systemof the Horseshoerabbecameone of the mostthoroughlyinvestigatecheurophys-
iological systemsn the animalkingdom. However it was not until the late 1970's thatit was
discoveredthattheway thattheretinareactsto light follows a circadianrhythm,becominga mil-
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lion timesmoresensitve at nightin orderto aid matedetection.This crucialfunctionalproperty
of the nenoussystemhadremainedundiscaoveredwhilst the visual systemhadbeeninvestigated
in in vitroisolationasalab preparationinsteadt requiredtakingmeasuremenfsom awholelive
animalin its native conditionsof shallov coastalvaterat night (Barlow etal., 1984)(Barlov etal.,
1986).

Theneedto getthebehaioural environmentright canstretchtheingenuityof scientistgo the
limit. Considerthe problemsof investigatingthe neuroethologyof locustflight. Someprogress
had beenmadeby taking microelectroderecordingsfrom paralysednsects,but suchartificial
conditionstendsto produceartefactuatesults. The only solutionwasto taking recordingsfrom
locustswhile they are flying free andthis requiredimplantingthe insectswith microelectrodes
thatwould notdisrupttheir movementsandconnectedo miniatureradiotransmittergied to their
backs(Kutschetal., 1993)— a painstakingintricate,andvery frustratingprocess Nonetheless,
experimentsconductedn ervironmentaland behaioural situ canyield neurologicaldatathat it
would not be possibleto derive, evenin principle, from non-situatednvestigation.A bird in the
bushis worthtwo in thehand,neuroethologicallgpeaking.

Beer amongsbthers,aguesthatthe problemof neuroethologys to understandhow central
nenoussystemsare coupledto environmentsvia bodies.But the situationis actuallymorecom-
plicatedthanthat. If it weresimply the casethatbehaiour is generatedby the couplingbetween
a nenous systemand an ervironmentthenit would be possible,at leastin theory to studythe
organismin isolationandthentry to determinethe resultif it wereputinto a particularerviron-
meng. Themorefundamentaproblemis thatthis couplingcanchangetheintrinsic propertiesof
the centralnenoussystemitself. The Hodgkin-Huxley modelof neuronalactivity, which models
neuronsasdiscrete'units’ with fixed electricalresponsediasbeenvery successfulBut this suc-
cessshouldnot makeusforgetthatneuronsareliving cells whoseseeminglyintrinsic properties
areaffectedby the metabolismandbiochemistryof theentirebody andits ervironment.In some
casedhereareclearly stereotypedeflex behaiours— suchasescapeesponses— in which the
strongevolutionary pressurgo favour fast andreliable performanceproducesdedicatedneural
structureswith very stableandclearly definedproperties.However it is now becomingapparent
that modulators— hormonesdiffuse neurotransmittersand lessobvious agentssuchas nitric
oxide synthases— canaltereventhe mostseeminglyfixed andapparenpropertiesof individual
neurongHarris-Warrick & Marder 1991):

The effects of modulatorysubstancesanbe so profoundthat cells acquireentirely
new propertiesnot seenin the absencef the modulator The effectsof modulators
coverstherangeof intrinsic propertiesjncludingincreasedr decreasedxcitability,
the modulationof spikefrequeng adaptionthe enhancemeraf post-inhibitoryre-
bound,the inductionof plateaupotentials,and the expressionof intrinsic bursting.
(Getting,1989)

Thesekinds of modulatoryprocesseareusuallyignoredwhenconstructingartificial neuralnet-
workswhichmodelbiologicalneuralsystemausingthe formalismof systemgheory Thesemod-
els have often beencriticisedby biologistsfor beingtoo simplistic. This may betrue, but if this

2For a formal analysisand experimentaldemonstratiorof how we cando this for anartificial nenoussystemsee
(Jakobi,1997).
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werethe soleproblemthenit could be solved by increasingheir compleity andaccurag — as
hasbeendonein mary caseqLansner& Liljenstrom, 1994). The morefundamentaproblemis
thatvirtually all suchmodelsassumea fixed neuralstructure comprisedf unitswith fixed elec-
trical responsesnd connectionspr onesthat changeirreversibly throughincrementalearning
— andthisassumptions rarelytrue.

For exampleSofie (1993)describehow the samesetof neurondrive boththe swimmingand
strugglingbehaioursin XenopugadpolesA tadpolethatstartsby swimmingmay, dependingn
its ervironment,encounteia predator This sensorystimulationhasthe effect of modulatingthe
synapticconnectionsindintrinsic propertieof themotorneuronsn its spinalcord, with theresult
thatit startsstruggling.Notethatthisis notjusttheeffect of new stimuli provoking new responses,
but ratherinvolvesa reoganisationof the neuralsystemthat subseresbehaiour. Thereforein
orderto properlyunderstandheseeventswe first have to understandhe neuronalorganisation
underlyingthe initial swimmingbehaiour. We thenhave to understandow that behaiour, in
thatparticularervironment,resultsin the creaturebeingthreatenedLastly we have to understand
how this resultsin changesat the level of individual neuronsasit startsto struggle. Thereis
thusa dialecticalcausalcycle, from neurosciencéo intentionalbehaiour and badk again The
propertiesof nenoussystemsarean emegentproductof behaiour, asmuchasviceversa So,
for example,if we wereto studya Xenopusmbryoin alab preparatiorwe would not uncover
the mechanisnresponsibldor struggling,nor that for swimming, but rathersomebiochemical
mish-mastof thetwo. Theneurologicalootsof its behaiour would remaina mystery

Differentbehaioursproduce andare producedy, differentneurologicalorganisationsYou
cannotstudyan organismin onecontext andbe surethateventhe mostintrinsic neuralproperty
thatyou discover will persistin another In short,if youwantto understandhow the brainof an
animalworks,you have to studyit in anappropriatdehaiouralenvironment.And thereis simply
noway roundthis.

4.2 Representation and Explanation

Neuroethologyis a dialoguebetweenneurosciencand ethology born from the corviction that
eachmustbe understoodn the light of the other This implies that your neurosciencevill de-
pendonyour ethology:your understandingf how a neuralmechanisnsubseresbehaiour will
dependon how you understandhat behaiour. For exampleHoyle, in his manifestofor neu-
roethology(1984),assumeatraditionalLorenziarethology completewith FixedAction Patterns,
psychohydraulicgjisplacemenactsandreleasergtc. Thereforehis neuroscientifiégnvestigations
concernsuchissuesasthe neuralmechanismsinderlyingvariationsin internaldrive andmotiva-
tion.

However, asmary of the peerreviews to Hoyle's article point out, thereis a lot moreto an-
imal behaiour thanthoseaspectsonsideredy Lorenz. Most neuroethologys concernedvith
behaiour — or ratheraspectof behaiour — that shouldproperlybe classedasintentional;i.e.
thosein whichinternalstatesareattributedto acreaturen orderto understandhow its behaiour is
co-ordinatedwvith respecto objectsin the environment. The neuroethologicabroblemis thento
explain how this co-ordinationis subseredby the centralnenoussystemof the agent;andto do

3Thoughsee(Husbands]1998)for aninterestingcountergample
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this we mustfind someneurophysiolgical propertythatis capableof explaining how this inten-
tional aspecbf thebehaiour is achieved. If thebehaiour to be explainedis definedwith respect
to a distalobject,thenthe mechanisnthatproducest mustbe understoodn the sameway. The
explanansandexplanandamustsharesomecommonvocatularyin orderfor the connectiorto be
madeintelligible, andacommontermthatrelatesbehaiour andmechanisnis representationby
which| meantheway thatafunctionalproperty proces®r entity of anagent(therepresentational
vehicle)playsarolein theintentionalbehaiour of anagentin virtue of informationthatit carries
aboutthe object(the content).

For example,supposeve aretrying to understandhow ratsmanageo relocatesourcef food
in alaboratoryarena— whichthey cando despitehe experimenters attemptdo confusethemby
moving landmarkspr evenfloodingthearenaandforcing theanimalto swim. This ability cannot
be explainedby simply mappingneuronalconnectiongrom sensorystimuli to motorresponses,
sinceboth the stimuli andresponsesvill changeasthe experimenterchangeghe arena.Rather
anexplanationmustrevealhow therat achiezesa ‘senseof place’by integratingmary sourcesf
information,includingrecognisindandmarksandits senseof its own movement.And avital part
of thiswasthediscovery by O’'K eefeandDostrovsky (1971)thatcertainhippocampaheuronsare
selectvely active asthe animalmovesbetweendifferentlocationsin anernvironment— socalled
‘placecells’.

Now a greatdealremainsunknovn abouttherole of the hippocampusn spatialnavigation,
despitea hugeamountof empiricalinvestigation(see(McNaughton,1996)and (Knierim et al.,
1995)). We mustadmitthat, althoughwe know thattherearestriking correlationdetweerthean-
imal’s percevedlocationandparticularneuralactity, we do notknow how thosecorrelationdit
into theentiresensory-motosystenof therat. For example,oneof the mostperpleing problems
is how the sameareaof hippocampusansene asa mapfor mary differentarenassimultane-
ously, dependingon othercontextual cues.Indeedit is quite possiblethatoncewe getthe bigger
picturewe will find thatthe simpleplace-cellghatwe naively thoughtplayedarole arejustsome
epiphenomenaby-productsof a more comple, higherlevel, picture. Nonethelessunlessand
until theseproblemsaresolvedwe will nothave a properexplanationof how the rat navigatesits
ervironment.

Place-cellsarean exampleof how a single neuron,or localisedgroup of neuronsmay play
a representationalole (Barlow, 1972). But thereis no reasonwhy this should be the casein
general.At the startof the last centurySherringtorarguedthat behaiourally significantaspects
of neuronalactivity may be organisedat a higher level thanthat of the single neuron(1906).
For exampleFreeman(1985) hasdemonstratethow oscillationsin the vertebrateolfactory bulb
involving up to a quarterof a million neuronscanencodeodorantinformation. Theseoscillations
have adominantfrequeng typically around40-90Hz but therefractoryperiodof atypicalneuron
restrictsit to producingactionpotentialsat around5-10Hz. Thereforethe bulbaroscillationmust
be theresultof co-omdinatedactivity acrossthe entire bulb; it cannotbe a purely epiphenomenal
aggreateeffect. For eachindividualneurontheonly thing oscillatingat40-90Hzs theprobability
thatit will fire, sinceit canactually only producean actionpotentialevery 10 cyclesor so. The
large-scaleoscillationsemege from the massaction of the whole, but in turn they entrainthe
actvity of theindividuals(Faith, 1995).
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Odorantinformationonly exists at a level of organisatiormuchhigherthanthatof the single
neuron.Indeedthereis no reasonn principlewhy arepresentationalehiclecould not be a state
or processlefinedover anentirecentralnenoussystemjn the samewaythatthepressuref agas
is subseredby anaggrgatepropertydefinedover all its constituenmolecules.But at whatever
level of organisationwe discover them, representationare a necessaryerm in an explanation
of how a neuralmechanisnproducedntentionalbehaiour. Unlesswe canunderstandow the
organismrepresent@aspectof its ervironmentwe cannotunderstandhow its behaiour is co-
ordinatedwith respectto thoseaspectswe only know that it is. Of course,barring miracles,
theremustbe anexplanationof how specificstimuli provoke specificresponseBut this doesnot
provide an explanationof the intentionalbehaiour per se only representationsando this. This
issuewill bediscussedh morephilosophicabetailin thenext chapteyrbut the samepointhasalso
recentlytakenamorepracticalform.

4.3 South Coast Al

Dretskeonceclaimedthat‘if you cant makeone,you don't know how it works’, andtheories
abouthow intelligentbehaiour is producecave alwaysbeernestedn thetribunalof construction.
So, for example,computationalisnas a theory of mind naturallyled to computationalisnmas a
way of building artificial intelligences:aninterdiscipliraryresearctprogramthatwasbornat the
famousDartmouthConferencen the Eastcoastof the USin1956.

The cornerstonef computationalisnis thatintelligenceis necessarigroundedn a formal
symbolsystemor languageof thought— a directdescendentf Frege’s insistencehatthe start-
ing pointfor a philosophyof mind is the formal studyof language.Computationalisntherefore
impliesthatthe key to building an artificial intelligenceis a systemthat manipulatesymbolsin
the right way, asenshrinedn Newell and Simon’s PhysicalSymbol SystemHypothesis(1972).
If the computationalistvantsto build a robotthatcanphysicallyinteractwith theworld thenthe
trick is to connecthe symbolmanipulatorto distinctperceptualmodules’thatgeneratesymbolic
representationsf the world which arethenmanipulategyntacticallyto producea setof symbols
representingx plan, andthis is thentransformednto physicalmovementsby the motor modules
(Fodor, 1983). Thesensoryandmotormodulesare‘the stupidityin the system’(Karmiloff-Smith,
1994), while the real intelligenceresidesin the symbolmanipulation. Accordingto this view,
the sensoryandmotorlinks to the outsideworld canbe eliminatedandcognitionunderstoodisa
purely disembodiegphenomenonhencethe inputsand outputsto mostAl systemsare symbols
with noessentiatonnectiorto the statesof theworld they aresupposedo represent.

However, practicalproblemswithin Al raiseconcommitantoubtsaboutcomputationalisnas
a theoryof mind. In particular althoughAl hasbeenspectacularlysuccessfubn tasks(suchas
playingchessthathumandind very difficult, it hadbeerrelatively unsuccessfuin tasks(suchas
simplesociallanguagaiseandsensory-motoco-ordinationthathumandind very easy Thefirst
anti-Al wind blew from Berkelg/ in the Westwith the publicationof the Dreyfus brothers’'What
ComputersCannotDo (1972). This challengedhefundamentahssumptionsf Anglo-American
analyticphilosophyon which computationalisAl wasbuilt, andpointedto analternatve philo-
sophicaltraditionthat includedthe existential phenomenologyf Heideggerand Merleau-Ponty
andtheanti-logicismof thelaterWittgenstein.This critique of EastCoastAl wassoonjoined by
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othersthattookideasfrom biology (Maturana& Varela,1980)(Winograd& Flores,1986),Soviet
Psychologysemphasignactivity (Norman,1993)(Wertsch,1981),andevenconceptdakenfrom
ZenBuddhism(Varela,Thompson& Rosch,1991).

But Dretskes claim still haunts. The WestCoastmay provide effective critiquesof compu-
tationalism,but canit yield a practicalguideto building artificial intelligences?For a while it
seemedisthoughconnectionisnmight provide a suitablealternative (Dreyfus & Dreyfus, 1988),
but thishas(usually)repeatedhecomputationalisassumptiorthatcognitionis thetransformation
of onesetof representationalymbolsinto another The only real differencebetweerthis form of
connectionisnandcomputationalisnis thattheformerusesavectoralgebrayatherthanscalayto
manipulatets symbols(Cummins& Schwarz1987)(Smolensk 1988)#

AnotherWest-Coasalternative hasbeento try to understandhow orthodoxcomputersystems
are embeddedand usedwithin a social context (see(Laurel, 1997)for a good example). But
this approachdoesnot yield artificially intelligent systemsjust oneswith betterinterfaces. A
tamagodi, for example,mayberegardedoy its ownerasalive sentientreaturghatdeserescare
andattention.And suchproductscertainlytell us somethingnterestingaboutour relationshipto
‘intelligent’ computers.But this hardly constitutesghe foundationsfor a researchprograminto
building artificial systemghatexhibit theintelligenceof animals.

However, if theWestCoastis correctto insistthatcognitive behaiour cannotbecharacterised
asaformalandabstracinput-outputmappingthenthe only way to build a cogniseiis to build an
agentthat physicallyinteractswith its world. Thustherehasbeena rapidincreaséen researchn
roboticsthateschevs corventionalcomputationalistechniquesyariouslyknown asartificial life,
behaiour-basedobotics thesimulationof adaptve behaiour, nouvelleAl, post-modermobotics
andsoon. However| prefertheterm‘SouthCoastAl’, referringto theAtrtificial Life groupof the
University of Sussg on the southcoastof England. This is not a questionof academigriority
but rathera recognitionof the unusualsynthesisf philosophicaldebate robotengineeringand
neuroethologyn thisinstitution,asnotedby Keele/ (1998).

It hasto be saidthat progressn SouthCoastAl hasbeenpainfully slow comparedo that of
the EastCoast. Computerchesslayerscan beathumangrandmasterdyut the robotfootballers
thatareafeatureof mostroboticsconferencesvould scarceroubleatwo yearold child, let alone
Pele. Sometimest is difficult to seeary advanceover the work of the pioneersof cybernetics
in the 1950%, suchas Grey Walterand RossAshby (1952), or the robotic thoughtexperiments
of the SwissneuroscientisValentinoBraitenbeg (1984), despitemary billion-fold increasesn
computermpower now used.A critical obsererwould bejustifiedin thinking that SouthCoastAl
is on a slow roadto nowhere,andthatthis shouldtell us somethingaboutthe theoryon whichi it
is based But thefactis thatwe simply do not have a goodtheoryto replacecomputationalisnas
aguideto constructingntelligentagents.And in the absencef a corvincing theory athousand
roboticflowershave bloomed.SouthCoastAl atthe momentis characterisetly alarge number
of often very smallresearchgroups,eachworking on their own particulartechniqueswith very
little sensef constructie,cohesve progressTheonly notableexceptionis MIT’ s Cogproject,in
which adiversesetof particularsolutionsto partialproblems— suchassaccadingyes,reaching

“Notethatthis is a criticism of connectionisntonsideredsa methodof mappingonesetof representationsnto
anotherratherthanthe useof artificial neuralnetworkto controlembodiecagents— seebelow.
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for anobject,andtensinganarm— arebeingprogressiely addedo a singlehumanoidrobot,in
thehopethathumanoidntelligencewill onedaycollectively emege.

Howevertwo of theseflowersareof theoreticainterest. Thefirstis to copy— or atleasttake
inspirationfrom — nature andusethefindingsof neuroethologyo modelsimplenaturalsensory-
motor systemsn robots. This is generallyknown as computationaheuroethologysee(Beer
1990)and(Cliff, 1991)). The secondapproachis to artificially evolve neuralnetworkcontrollers
for robotsusinggeneticalgorithms. This is evolutionaryrobotics(see(Beer& Gallaghey1992)
and(Harwey etal., 1997)). Whatboththeseapproachebave in commonis that,in the absencef
a goodtheory they avoid designingrobot control systemsby hand,andinsteadeave the design
procesaipto naturalor artificial, selection. Theuseof representations thusnolongerana priori
assumptiorabouthow to build intentionalagentshut is ratheran openempiricalquestionabout
how they work. And a significantminority of researcherbave concludedthey are simply not
necessarymostnotablyin Brooks’ landmarkpaperintelligenceWthout Repesentation(1991).
(Also see(Beer 1995b),(Harwey, 1992),(Cliff & Noble,1997),(VanGelder 1992)and(Wheeley
1994)for variantson the sametheme.)

However all theseobjectionsassumehat representationmustfit the EastCoastmaodel, in
whichthemechanisnof theagentcanbeneatlycanedupinto humunculamoduleswhich ‘com-
municate’usingavocahulary of symbolicrepresentationsThesemodulesarefixed, disjoint,and
completelygeneralpurpose(in the sensethatthereis a single modularorganisationcapableof
producingall behaiours). For exampleWheelerin discussinghe analysisof evolvedrobotcon-
trol systemscitesBeers remarkthat ‘highly distributedandrichly interconnectedystemgsuch
asevolvedneuralnetworks]. .. do notadmitof ary straightforwardunctionaldecompositiorinto
representationand moduleswhich algorithmicallymanipulatehem’ (Beer 1995a,p128)(cited
in (Wheeler1998)).

However Beeret al are shootingat the wrong target. They are correctthat suchevolved
networksdo not shov a modulardecompositiorobeying algorithmicrules, and suchempirical
evidenceis a powerful weaporagainstomputationahndcognitivist assumptionaboutthe mind.
Moreover, centralnenoussystemsarethemostcomple, non-linearandfeedback-riddesystems
we know of andunderstandinghemis rarely ‘straightforward’,especiallywhenwe aretrying to
understandheirinteractionsvith amessyrealworld ervironment.(l onceaskedanethologistwvho
hadstudiednavigationin insectsfor mary yearswhy he did not encouragestudentgo investigate
the neuralmechanismsinderlyingthe behaiour he wasso interestedn. His reply wasnot that
this would beimpossible pbut thatsomeoneould easilyspend20 yearson this researchandstill
not getarywhere— andthisis for arelatively well understoodehaiour in a‘simple’ insect.)

Howeverin thelastsectionl emphasisethatrepresentationareonly definedwith respecto,
andin the contet of, the behaiour of awholeagentwithin anervironment.This impliesthat(1)
thereneedbenogeneral-purposalgorithmicor representationalrganisatiorunderlyingdifferent
behaiours, and (2) that ary representationgunctional organisationis an emegent productof
the interactionbetweenan agentandits ervironment. For exampleaswe saw in the caseof the
Horseshoerab andthe rat hippocampusthe modeof organisationand ‘intrinsic’ propertiesof
a neuralsystemmay changeradically from one behaioural contect to another andthereis no
reasorwhy representationalorrelationoundin onesituationshouldplay arole, or even exist,
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in another If thisis takeninto accountthenBrooks’ et al objectiondosetheir force andwe can
insteadappreciatdhow the examplesof robot control systemsandanimalnenoussystemsthat
are often held up as paradigmcasesof non-representationatentionality do, in fact, have an
emegentrepresentationalharactefFaith, 1997).

One much-citedexampleis an experimentconductedat the University of Sussg in which
artificial evolutionwasusedto generataot only the controlsysterfor arobot,but alsoa suitable
body for it to control (Harvey, Husbands& Cliff, 1994). The ‘fithess’ of the robotwasjudged
by its ability approacha white triangulartarget, whilst avoiding arectangulaone. The successful
robot usedjust two sensorspnewith a visual field abore the other andlocatedthe triangle by
rotatingon the spotuntil just thelower sensoisav white andmoving straightahead This hasthe
effect of fixating theroboton the obliqueedgeof thetriangle. As the triangleloomsup suchthat
bothsensorgo high, or if the motioncauseshe edgeto belost, thentherobotwill startto rotate
until theedgecanbefixatedagain.Therotate/mee-straightistinctionis effectedby a singleunit
thattakesan inhibitory connectiorfrom the uppersensorandan excitatory link from the lower,
andis thusonly fully activatedwhentherobotis facingtowardsthetriangle'sedge.

Two pointsaboutthis robot mustbe noted. Thefirst is thatits successlependon having a
sensomorphologythatis perfectlysuitedto thetargetsin its ervironment. If thosetargetswere
shapedavenslightly differently thentherewould be no simpleway of usingthe sameeyesto do
the samediscrimination. The control systemis alsofinely tunedto the typesof motor andthe
timing of rotation:if evenjusttheamountof noisein the systemis changedhenthewholerobot
hasatendenyg to overshootandendupliterally goingin circles. Thereforeyou cannotunderstand
thebrainof therobotwithoutalsounderstandinigts bodyandervironment.Nonethelesa crucial
partof understandingow it doesthisis to notethe correlationbetweerthetriangulartargetbeing
straightaheadtheactivationof a particularunit, andtherobotmoving straight— arepresentation,
in thesensealefinedabove.

To takeanotherexample,Floreanoand Mondadadescribethe artificial evolution of a neural
networkcontrollerfor a robotwhosetaskis to explore a simplearena,eturningto a rechaging
basethatis demarcatethy a blackfloor patchanddirectedby abrightlight. It wasfoundthatthe
fittestindividual useda hiddennodeof the networkwhoseactivationcorrespondetb thedistance
from thebase reachinga maximumwhenit was‘home’. As the experimentersiote:

In this experiencethe robot autonomouslhevolved the ability to usethe raw sensor
dataandbuilt aninternalrepresentationf theworld in orderto find the rechaging

areaandreturnto this placeat a giventime. This behaiour is basedon anaccurate
evaluationof the batteryresidualtime and on an internal representatiomf the en-

vironment. In fact someof the hiddennodesdisplayedactivation levels that clearly

mappedheervironmentgeometry (Mondada& Floreano,1996)

Evolutionary roboticsis in its infangy, and the tasksit tacklesare so simplethatin mary
caseghey canbe solved by agentswith only the mostdirect stimulus-responseeflexes. Indeed
the evolutionarystratey is brilliant at finding ingeniousstimulus-responssolutionsto tasksthat
a humandesignerwould normally insist could only be achiezed by forming and manipulating
representationsf the robot’s environment. (This specificquestionis investigatedempirically
by (Miglino etal., 1998).) However, astasksbecomemore comple the useof internal states
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thatcarryinformationaboutthe environmentbecomedessandlessavoidable(Kirsh, 1991),and
even in the very simple caseanentionedabove we find that individual units act asvery simple
representationm mediatinginteractiondbetweerthe robotandits world. IndeedBrookshimself
later concededhat he was not arguing againstrepresentationper se but that he was merely
adwocatingdifferenttypesof representation:

My earlierpaper(1991)is often criticised for adwocatingabsolutelyno repre-
sentationof the world within a behaiour-basedrobot. This criticism is invalid. |
makeit clearin thepaperthat! rejecttraditionalAtrtificial Intelligencerepresentation
schemesl alsomadeit clearthatl rejectexplicit representationsf goalswithin the
machine.

Therecan,however, berepresentationghich arepartial modelsof theworld —
in fact | mentionedthat “individual layersextract only thoseaspectsof the world
which they find relevant— projectionsof a representatiomto a simple subspace”.
The form theserepresentationtake, within the contet of the computationamodel
we areusing,will dependon the particulartaskthoserepresentationareto be used
for. (Brooks,1995)

Thesamesofteningof anti-representationalisttitudesamongsSouthCoastengineerganbe
seenamongstClark andWheeler(1998),ScheierandPfeifer(1998),Bickhard(1998),Calabretta
et al (1998),and Tani et al (1998),who all agreethat even very simple intentionalbehaiours
are mediatedby representationdyut representationthat canonly be understoodn the context
of activity. At leastone neuroethologistravs a similar lesson,but againconfusegejectionof
computationalissymbolsandmoduleswith rejectionof representationger se

Of coursethe cognitive approach— the representationgbaradigm— is a level of
interpretationin its own right. At best,it is like Ptolemys systemof epigycles,which
coulddescribehe maovementsof theplanetsn sufficientdetail; but aswe now know,
theheliocentricview of theworld providesasimplerway of understandinthis move-
mentandonethatcomescloserto whatis actuallythe case By analogythecognitive-
map approachmight obscuresomeof the mostimportantcomputationaktrateies
usedby the brain. In generalthe brain hasevolved not to reconstruct full repre-
sentatiorof thethree-dimensionakorld, but to find particularsolutionsto particular
problemswithin thatworld. (Wehney Michel, & Antonsen1996)

The representationadwcatedby both Wehnerand Brooks are not general-purpossym-
bols syntacticallymanipulatedaccordingto an EastCoastalgorithm,but ratherdescribehow the
sensory-mototransformationsequiredfor particularbehaiours are achiezed. The representa-
tional organisationunderlying,andemegentwithin, onebehaiour needbearno relationto that
underlyinganother

In Brooks’ experimentsthis separatioris embodiedin a ‘subsumption’robotic architecture
— asusedon Cog— in which the mechanisms split into largely independentayers’, eachof
which is connectedo both sensorsand motors. Evolution, both naturaland artificial, doesnot
tendto producesuchextremedisjointednessut ratherproducesnixed bagsof tricks madeup of
particularsolutionsto particularproblemsjn which evolvedcircuitry is usedandadaptedo new
purposes.In eithercase,in orderto understandhow thesesystemsachieve robust co-ordination
with objectsn theirervironmentit is necessaro understandhow informationaboutthoseobjects
play arolein controllingthatbehaiour.
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It is interestingto notethatthe mostdoctrinaireanti-representationalisteve beencomputa-
tional neuroethologistandevolutionaryroboaticists ratherthanthe biologistswho study natural
sensory-motosystemslt seemshatthis positionstemsrom a healthydesireamongstomputer
scientiststo disassociat¢hemselesfrom the tradition of computationalisartificial intelligence
and its Cartesianunderstandingf representation.Biologists have rarely beentarredwith the
Cartesiancomputationalisbrush— afterall, no-onecanaccusehem of studyingdisembodied
intelligence— and so seemmore comfortablewith describingthe neuralmechanismshat they
discoverin representationaérms(Roitblat,1994).

Lying behind SouthCoastanti-representationalisthereoften lurks the intuition that some-
thing is only a representatioto the extentthatit is partof a generalisedymbolsystem.Without
sucha systemit is assumedhataninternalstatedoesnot have well-definedsemantigroperties.
They thereforesharethe cognitivist assumptiorthat representations— andintentionality — are
to do with computationratherthanthe ability of anagentto actively engagewith its world. The
philosophicakoots,andimplications,of this agumentwill be discussedh chapter6.

The lessonof SouthCoastAl is thatif you wantto build a cogniseyyou shouldnt startby
making up fang/ data-structuressincewithout a body they are both meaninglessand useless.
Moreover, just bolting on sensoryand motor moduleswill rarely succeedn effectively tying a
symbolsystento theworld, sincethosecontentghata humanintuition assigngo thesymbolsare
unlikely to betheonesthatits crudebody canmakeavailable. Thiswasthe problemof EastCoast
robotics,asexemplifiedby Shakg (Nilsson,1984).

Shakg wasa mobile robot that could move blocksrounda setof rooms,accordingto typed
instructions. At its heartwasa predicatecalculusmodel of its environment, manipulatedby a
means-engbroblemsolver (Newell & Simon,1972),andgeneratedrom a cameraimageof its
ervironment— ‘a serieof still pictures’,in Costellos phrase Howeverthe problemof producing
asymbolicrepresentatioof its ervironmentmeantthatthe roomshadto be speciallydesignedo
be asvisually simpleaspossible with flat floors, evenly colouredsurfacescarefullighting, few
obstructionsandsoon. Although Shakg worked, it provedimpossibleto generaliséts success
to morerealisticervironments.Themoralis to startby gettingthe bodyright, andconcentrat®n
tieing it to the world; representationill be the emegentresult,asthe evolutionaryroboticists
have repeatedlfound. The EastCoastapproacho artificial intelligenceis like notingthata good
Emmenthatheesénvariablyhasholesin it, andconcludingthatthe startingpointfor makingone
is to glue pocketsof air together The SouthCoastapproachis to startwith thecheeself you get
thisright, thenyoufind you getthe holesfor free.

The limiting factor in our developmentof intelligent artificial creatureds not the compu-
tational power of their ‘brains’, but in the more basicengineeringtechnologyof their bodies.
Currentrobot engineersiseroughly the samemotor and sensortechnologythat the pioneersof
cyberneticsdid, andyet this is wherethe real problemsof embodiedntelligencelie. Therefore
we shouldnot be surprisedat the slow progress.Rod Brooksdraws anilluminating comparison
betweenhe developmentof computertechnologyandthat of jet airliners. The power, capacity
andspeedof the formerhave doubledroughly every 18 months,whereaghe sameimprovement
in the latter hastakenalmost40 years. We shouldexpectthe developmentof SouthCoastAl to
be morelike thatof airlinersthancomputersandfor similar reasonsBuilding successfutobots
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dependsnoreonthe ‘hard’ engineeringf bodiesthanonthe‘soft’ engineeringf brains.

4.4 Conclusion

In orderto understanthow neuralimechanismsanunderlieintentionalbehaiour it is necessaryo

understandhow they cancarryinformationaboutthe environmentof the organism.This requires
thatweinvestigateaheentirecausaloop, involving brains bodiesandervironment.Moreover, this

systemmustinvestigatedn vivo, sincethe relevantneurologicalpropertieanay only exist in the

appropriatdbehaioural context. The sameessonapplieswhenconstructingartificial intentional
systems:we cannotstartfrom anisolatedrepresentationahodulethat approximatesiumanoid
problemsolving,sincewithouta humanoidbodyit will have no effective connectiorto theworld

thatit is supposedo represent.



