
Studying Links Between Neurophysiology and Behavior
with the ARBIB Autonomous Robot

R.I. DamperandR.L.B. French
Image,SpeechandIntelligentSystemsResearchGroup

Departmentof ElectronicsandComputerScience
Universityof Southampton

SouthamptonSO171BJ
UK

Abstractsubmittedto the5th InternationalConferenceon CognitiveandNeuralSystems,
Boston,MA, May 30–June2, 2001.

Correspondingauthor: R.I. Damper

Presentingauthor: R.L. B. French

Emails:
�
rid|rlbf98r � @ecs.soton.ac.uk

Telephone: +4423 80594577

FAX: +4423 80594498

First choice: robotics(B)

Secondchoice: robotics(T)



Studying Links Between Neurophysiology and Behavior with the ARBIB Autonomous Robot

R.I. DamperandR.L.B. French
Image,SpeechandIntelligentSystemsResearchGroup

Departmentof ElectronicsandComputerScience
Universityof Southampton,SouthamptonSO171BJ,UK

Emails: � rid|rlbf98r � @ecs.soton.ac.uk
A goal of neuroscienceis to establishthe neurophysiologicalunderpinningsof animal behavior. Becauseof the
sheercomplexity of vertebratenervous systemsunderpinningintelligent behavior, simple invertebrateshave been
studiedin the hopeof uncovering low-level neuralmechanismswhich might act as building blocks for complex
behaviors (Hawkins andKandel1984). Computationalneuroscience(Sejnowski, Koch, andChurchland1988)and
situatedrobotics(Harnad1995)togethergive a powerful way of studyinglinks betweenlow-level neurophysiology
andbehavior. This is thepathwe pursuein our work with the ARBIB autonomousrobot(Damper, French,andScutt
2000). Earlier instantiationsof ARBIB hadseveralobviousshortcomingswhich limited biological realismandstood
in theway of scalingfrom simpleinstinctive behaviors towardsmorecomplex, intelligentcapabilities.In this paper,
we describerecentdevelopmentsaimedatovercomingtheselimitations.

ARBIB is unusualin its useof anetwork of spikingneurons,executedduring‘life’ on theHi-NOON neuralsimula-
tor (Damper, French,andScutt,forthcoming;FrenchandDamper,submitted(a)). Ratherthanusingpopularlearning
mechanismslike reinforcementwhich operateat a relatively high level of abstraction,Hi-NOON synapsesarebased
on low-level modelsof non-associativehabituationandsensitization,andassociativeclassicalconditioning.ARBIB’s
experienceof its environmentleadsto changesin synapticstrengths(‘learning’) which originally werefar tooplastic.
Learninghasbeenstabilisedby addingasimplemodelof synaptogenesis(FrenchandDamper2000),sogiving ARBIB

a long-termmemoryandsolvingthestability-plasticitydilemma(Grey Walter1951;CarpenterandGrossberg 1988).
Additionally, ARBIB wasgivena medium-termmemoryformedfrom Grey Walter’s recurrentneuralcircuit.

As previously implemented,ARBIB’snervoussystemwasmanuallydesigned.Hence,its architecturewasfixedby
theimaginationandprejudicesof its programmer. Becauseneurosciencehasnot yetprogressedto thestatewherewe
understandtherelationshipsbetweennervoussystemstructureandintelligentbehaviour, it seemslikely thatmanual
designwill limit thepotentialfor thenervoussystemto scale-upandarguablyhampersprogresstowardscomplex and
intelligentbehaviours.A possiblesolutionto this problem,which we have explored,is to constructARBIB’s nervous
systemusingtheparadigmof evolutionarycomputation(FrenchandDamper,submitted(b)).

Thepresentedpaperwill demonstratethesedevelopmentswith examples.The long-termmemorywastestedby
comparingfiring activity in bump sensoryneuronswith andwithout synaptogenesis.With synaptogenesis,knowl-
edgegainedthroughexperienceof theenvironmentwasstabilizedasshown by decreasedbumpsensoractivity. The
medium-termmemorywastestedusinga sonarrangesensor:ARBIB habituatedto a targetplacedat a constantdis-
tancefrom it, but dishabituated(andtriggeredactivity in therecurrentcircuit) to a transitorytargetthatpassedwithin
closerangeof thesensor. Lastly, we successfullyevolveda nervoussystemfor anobstacleavoidancecompetencein
a simulatedworld. The evolved solutionalsoshowed robustwall-following behavior which hadnot beenspecified
in thefitnessfunction. Whentransferredto a realrobot,obstacleavoidanceandwall-following wereperformedasin
thesimulation.
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