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Abstract. This paperdescribeshe Hi-NOON neural simulator originally conceved as a general-purpose,
object-orientedoftwaresystentor thesimulationof smallsystemf biologicalneuronsasanaidto the study
of links betweenneurophysiologyand behaiour in lower animals.As such,the artificial neuronsemplo/ed
arespikingin nature:to effect an appropriatecompromisebetweencomputationacomplexity andbiological
realism,modelingwas at the transmembrangotentiallevel of abstractionFurther sincereal neuralsystems
incorporatadifferenttypesof neuronsspecializedo somevhat differentfunctions,the softwarewaswritten to
accommodata non-homogeneousopulationof neurons Hi-NOON hasbeenusedin animat(cricket phono-
taxis)andbiologically-basedobotstudiesIn particular it wasemplg/edto implementthe nenoussystemof
our ARBIB robot.A simplemodelof synaptogenesisasbeenaddedsoimproving the stability of its learningin
thelight of the stability-plasticitydilemma,andasa mechanisnfor long-termmemory Theefficacy of thesim-
ulatoris illustratedwith respecto somerecentapplicationgo situatedsystemsstudiesNow thatHi-NOON has
beenexpandedo simulatelarge nenoussystemsdn a concurrentervironment,it canbe appliedto humanoid
roboticsin thefuture.

1 Intr oduction

When consideringa complex system,understandings dependenbn methodsfor corvenientlyrepresentingand
structuringits componenfarts.This is especiallytrue at the designstageof a new project,wherea high-level
object-orientechpproacito programminghasoften proved usefulin building complex softwareapplications.in
muchthe sameway ashigh-level developmenbf softwareallows delegationof particulartasksto specializegro-
gramstructuresa high-level approacho therepresentatioof artificial nenoussystenfunctionallows delegation
of tasksamongspecializecheuralstructures\We regardthesestructuresasa hierarchy:from synapseso circuits
throughincrementakubsystem§l] to a completenernwoussystem.

This paperdescribes programoriginally designedo simulatesmall systemsof neuronswithin the computa-
tional neurosciencparadigmjts morerecentdevelopmentaindapplicationsandits futurerolein thedevelopment
of ahumanoidchenoussystemTheprogramis calledHi-NOON, which standgor HierarchicaNetwork of Object-
OrientedNeurons As the namesuggestssynapsespeuronsandnetworks arein principle representedsobjects
within anobject-orientedhierarchy[26, 28] at variouslevels of abstractionThe lowestsuchlevel usesthe mem-
branepotential(strictly, transmembranpotentialdifference)asthe obsenable parametein the network model.
This is a muchlower-level approactthanthe useof activation valuesroughly correspondingo the spike or ac-
tion potentialrate of individual neuronsor collectionsof neuronsasin popularparallel distributed processing
(PDP)models.By contrastHi-NOON retainsdetailsof individual spike generatiorwhichis lostin the traditional
connectionistapproach Also, Hi-NOON facilitatessimulationof a non-homogeneougopulationof neurons.n
principle, this allows different, higherlevels of abstractiorto be usedin a ‘mixed mode’. Most obviously, PDP-
type neurongnodeledatthelevel of activationcouldbe mixedwith morebiologically-realisticspikingneuronsin
which spike generations stochasticThus,althoughonewould be exercisingonly a proportionof its flexibility and
power, onecouldevenuseHi-NOON asthe simulatorfor a highly corventionalPDP-typeartificial neuralnetwork.

We concentratén this paperonthelessusualsimulationof spikingbehaiour. Onemightreasonablyskwhat
adwantageshis might offer, i.e. whatcana simulationbasedn spiking neuronsachiese thatcannotbe doneusing



moregrossPDP-typemodelneurons?Thisis currentlyavexedquestiorin computationaheurosciencegndafully
definitive answercannotbe givenat this stage Clearly, detailedtiming informationfor individual spikes,andrela-
tive timing betweerspikes,offersanadditionaldimensionto the neuralcode,asdoesthe stochasti@aspectThere
is suggestie evidencethatthis sortof informationis indeedimportantin biology. Citing Rieke etal. [25, p.279].

“... undermary conditions behavioral decisionsaremadewith of orderonespike percell, ... individual
spikescancorvey severalbits of informationaboutincomingsensorystimuli ... precisediscriminations
could... bebasedntheoccurrencef individual spikes. ..”

Theremaindeiof this paperis structuredasfollows. Next, in Section2, we considerthe structureandfunction
of the Hi-NOON simulator Then,in Section3, we presenta more detaileddescriptionof neuronsand synapses
within its neuralmodel.In Section4, we considercluesthatbiology hasgivenus for implementinga simplified
mechanisnof long-termmemory In Section5, we describenow Hi-NOON hasbeenusedto designandimplement
the ‘nervoussystems’of two ratherdifferentsituatedsystemsa modelof phonotaxisn the cricket anda model
incorporatingsynaptogenesim the ARBIB autonomougobot. Next in this section,a simple neuralcircuit for
colour perceptioris describedpeforeconsideringhow a comple« humanoidnenoussystemmight be organized
usingthe Hi-NooN architectureFinally, we conclude(Section6).

2 Overview of Hi-NOON

In this section,we considerthe structureand function of the neuralsimulatorHi-NOON. The original program
was written in object-orientedPascaland was usedfor modelingsmall systemsof biological neurons,notably
work with Aplysidswithdrawal reflex [27]. Hi-NOON hassubsequentlpeenrewrittenin C usingthedisciplinesof

object-orienteghrogramming OOP)[8, 13]. C wasused(ratherthanC++with its explicit supportof OOPfeatures)
to maximizeportability amongvariousrealizationsn differentapplicationsThebenefitsof the OOPapproachare
two-fold. First, the ability for objectsto inherit propertiesfrom otherobjectsmeanshatit is easyto definemore
physiologicallyexactneuronsn termsof simplerneuronsThus,the systemallows a simplethresholdunit asthe

mostbasictype of object.More complex objectsinherit certainpropertiesrom this object(e.g.thefactthatit has
weightedconnectiongo otherobjects).The secondenefitof OOPis polymorphism This meanghatthe network

may containmary differenttypesof neuron,at mary levelsof compleity, without the programmeiaving to be

concernedvith this.

2.1 GrossAnatomy of Hi-NOON

Hi-NOON compriseswo elementgFigurel): aMessagéassingnterface(MPI) basedsimulatorwhichdistributes
its simulationover n processesand a non-MPI simulatorintendedfor (but not limited to) sensoryand motor
processingasks.By allowing the division of the nernous systemmodelin this way, areasthat requirespecial
processingesourcegsanbeaccommodated.

As shavnin Figurel, clientsandseners[9, 24] arevery similar in organization:

Network model: Thisdescribeshe‘nervoussystem’thatexecuteon Hi-NOON. The MPI simulatordistributesit
amongall clientprocessesyhereeachprocesgormsa network objectfrom its portion of the network model.
Senershave individual modelsandsharethe network layerwith hardwarespecificto their applicationin the
robot. It is possiblefor a sener to be “compute-only”. Thatis, it hasno hardwareinterfaceto the sensoryor
motor circuitsin therobot.

Hardware: This aspeciof a sener simulatoris the interfacebetweenthe network modelandthe robot’s sensor
andmotor systemsExamplesncludeserialandparallelcommunicatiorportsandvideodigitizers.

Application program: Senersimulatorshatcontrolinterfacehardwareneeddevice driver software.Thisis pro-
videdthroughtheapplicationprogram Senersthathave no hardwareinterfaceto therobot’s sensolandmotor
systemdave avery simpleapplicationprogram.In this casejt simply callsthe simulatorcode.

Neural model: This containghe algorithmsthatdescribeneuronandsynapséehaiour.

Synapserouting: This controlsthe destinationof messageshat are relayedaroundthe system.For example,
a messagdrom a synapsdn a sener simulatorcan have a destinationthat exists within the samesimula-
tion, or in the simulationrun by the client thatthe seneris connectedo (socket-to-soclet communication).
Communicatiorrouting performedby a client is a little more complex. In this casea messaganay have a
destinatiorthatis foundin partof thenernoussystenthatexistsin thesameclient processor in asener (that
requiressoclet-to-soclet communication)pr indeedon anotherclient procesqthat requiresMPI client-to-
clientcommunication.)
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Fig. 1. Thearchitectureof Hi-NOON. (a) Clientandsener simulatorscanbe standalonehut areintendedo be usedtogetherto
form aclient-serer architecturdor large neurally-base@xperimentarobotcontrolapplications(b) In suchajoint effort, the
MPI simulatorprocessesunningon a high performancelusterof processorarethe clientscommunicatinghroughsocletsto
thenon-MPIsener(s)runningon PCswith specialpurposenput andoutput(l/O) facilities.



Socket communication: Client andsener usethis to communicate¢hrougha soclet-to-soclet internetconnec-
tion.

MPI: Clientprocessessethe MPI standardor inter-processommunicatiorandsynchronizationSynchroniza-
tion is achieved throughblocking andis necessanfor processeshat are running on different CPUswith
differentloads.Without this safegguard,the differentsectionof the network modelwould executeat different
rates.

2.2 Neuron Parameters

Basicneurophysiologpuggestsheattributesa modelspikingneuronshouldhave. Thefixedparameter8aseMP,
Thr eshol d andTi meConst correspondo the resting potential,thresholdand time constantof the neuron,
respectiely. DynamicparameterdP, SynPot andf i r ed (a1/0predicate)nodeltheactualmembrangotential
asit variesin time, accumulatehe weightedsum of synapticinputswhich influencethe updatingof MP at the
next time step,andindicateif the objectis in the procesof firing, respectiely. This parametesystemallows us
easilyto describedifferencedetweemeuronsandto keeptrack of the changingstatesof neuronsover time. It
approximatelysatisfiesSeherstons[30] “minimum requirementsfor effective neuralmodeling.

2.3 Hi-NOON Objects

Theneuralnetwork is heldasalist of objectswhereeachsuchobjectcorrespondso a singleneuronandholdsall
theinformationaboutits state(seebelon) andaboutsubsidiaryobjects. Theinformationheldin theneuronobject
is comprisedf:

— asetof parametersvhich definesheneuron;

— asetof datastructuresvhich definesthe ‘axonterminals’for the neuron,eachof whichis itself anobjectand
hasits own parameters;

— asetof methodgpointersto functions)which accesandalterparametervaluesandsodeterminesxactly how
the neuronfunctions.

The top-level list correspondgo the network object. This possessetvo methods(calledh_access and
add) for accessingietwork objectsand addingfurther objectsonto the list, respectiely. Simulationrun length
is handledby a global object. This storesthe simulationand concurrentsoclet interface ‘houseleeping’ data,
including a counterwhoseoriginal valuespecifieghe lengthof simulation.It decrementsifter eachevaluationof
the network object,andthe simulationhaltswhenthe countemreachesero.

As synapsesire alsoobjects,they too have fixed and dynamicparametersimilar to thoseof neurons.Thus,
BaseWei ght isthedefaultweightof the synapseandis a constant)i ght holdsthe presensynapticstrength
andis variableduring simulation;Recover y is a constaniwithin eachsynapsewhich determinediow quickly
Wi ght returnsto BaseWei ght . To preventsynapticweightsgrowing withoutlimit, Wei ght is boundediuring
simulation.This modelsthefinite storesof neurotransmittein the synapticterminalsof biologicalneurons.

2.4 NeuronTypes

Hi-NOON allows a non-homogeneougopulationof neuronsto be simulated- reflectingthe fact that neurons
have specializedunctionsin realneurobiologicabystems- at the mostappropriatdevel of abstractionModeling
individual neuronsat the level of membrangootentialallows sub-threshol@ndspiking behaviors to be simulated
atlow computationatost. Thefixed parametersaterfor differencedetweemeuronswhich, in this work, areof
thefollowing types:

basic: tellsits synapseso fire whenits membranepotentialcrosseshresholdfrom below.

noisy: similar to basig but hasan additionalinternalnoisecomponenteterminingthe weightedsynapticinput,
andhencenfluencingthe membrangotentialat the next time step.

ramp: similarto noisy, but hasability to rampup spike generatiomate.It is usedasatestsignalsourcen network
development.

burst: similarto noisy but producesa shortburstof spikeswhenits membrangotentialcrosseshreshold.

sensor: similarto basig but actsasa sensoryneuronin a situatedsystem suchasa mobilerobot.

motor: similarto basic but actsasa motorneuronin a situatedsystem.



2.5 Approximate State System

Eachneuronis treatedasbeingin oneof a numberof six statesdependingnthe presentmembrangotential,cell
thresholdandwhetheror not the cell hasjust fired, etc. For example,if the membrangotentialof the basiccell
is above threshold,andthe cell hasnot just fired, thenthe neuronwill startto generatea spike andwill initiate
synaptictransmission.
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Fig. 2. Time evolution of typical actionpotential(spike) of a basic neuronin a Hi-NOON simulation.Seetext for specification
of the stateqA..F) passedhroughby a neuronduringfiring. Here,the sampleperiodis approximately4 ms (this varieswith
themachineon which the simulationruns.)

Figure 2 (taken from a Hi-NOON simulation)shows the statespassedhroughby a neuronduring firing. In
the caseillustrated,the minimum, restingand peakpotentialsof the neuronare setat —69, —60 and +45mV
respectiely, and the thresholdvalue was —45mV. Note that actualvalueswill under/awershootthesesettings
beforestatecanchangeat the next iterationof simulation.The statesare:
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The equationsgoverningthe membranepotentialin eachof thesestatesand the synapticweightsare givenin
Section3 below.

The useof a statesystenfor controllingthe membrangotentialfacilitatesthe additionof new featuredo the
programi;it is only necessaryo identify which of the statesmay trigger this featureandto adda procedurecall
at that particularstate.This, coupledwith OOPS inheritance allows modelsto be developedandalteredwith a
minimumof changedo the sourcecode.

2.6 Axonal and Synaptic Transmission

Our neuronsmodel sub-thresholdehaviour but sub-thresholgotentialsare not propagatedfrom axon hillock
to terminalfibers)in real neuronsonly action potentialsare. For computationapracticality we do not attempt
to model (regeneratie) spike transmissioralong the axon. This, however, is not a seriousconcernbecausehe
model’s behaiour dependsntirely on how pre-synapticactvity is transformednto post-synapti@ctiity. It is
only in supra-thresholdtatesB, C andD (seeFigure 2 and Section3.2) that synapticcommunicationcan take



place.Henceiit is irrelevantthatwe are,in somesensemodelingsub-thresholdehaiour incorrectly An alter
native view is thatwe arenot modelingaxonaltransmissioni.e. we have ‘point’ neuronsasis commonin neural
modeling[22, pp.21-24]

2.7 Learningin Hi-NOON

Thereis no specificsupportfor learningin Hi-NOON. Thus,if PDP-typelearning(e.g. back-propagationis to
be used,this mustbe implementedexternalto the simulator In light of Hi-NOON’s ability to modelat the level
of transmembrangotential,however, thereis implicit supportfor biologically-basedorms of learning,suchas
habituation,sensitizationand classicalconditioning[12,19,21]. Generally thesesimple forms of learningare
implementedisingsynapse-on-synapsennectionsn Hi-NOON.

3 Neuronsand Synapses

In thissectionwe presenmoredetaileddescription®f neuronsandsynapsewithin Hi-NOON. Sinceit is intended
for (amongotherthings)applicationdn situatedroboticsstudiesthereis provision for sensoryandmotorneurons
which connecto the environment,aswell asfor moreprosaic'basic’ (informationprocessingheurons.

3.1 Neurons

The'basic’ neurontype hasthe statesystenfunctionalitywhichis subsequentlgmbeddedhn all derivatives,such
asthesensoryandmotorcells.

Basicneurons Updatingequationdor the membrangotential(M P — in milli volts) for this neurontypeare:

stateA: MP(t+1) = MP(t) — 7 + S(t)

stateB: MP(t+1) = MP(t) — a+ S(t)

stateC: MP(t+1)=h+S(t)

stateD: MP(t+1)= MP(t) — p+ S(t)

stateE: MP(t+1) =1+ 5(t)

stateF:  MP(t+1) = MP(t) + ZaeMP-MP®) | g ()

n

where:
S(t) is thesynapticpotential(SynPot ) attime ¢, equalto Y, w;x (M P;(t) — BaseM P;)
1 is acounterwhich countsover active pre-synapticells.
w; is the synapticweightfrom a pre-synaptimeuron.
T is the neurontime constant.
n = 1.5 is thepost-undershodhcrementate.
= 25 is the post-actiorpotentialpeak-MPdecrement.
k = 1/450 is aheuristically-setearningconstant.
a = 20 is the post-thresholdttackincrement.
h = 45 is the post-thresholgnaximumMP.
[ = —69 is the pre-undershoaninimumMP.

Certainof the above parameterge.g. 7, n) aretime-dependenand have beensetempirically to suit a range
of processospeedsandimplementationsHowever, they may be inappropriateén somecircumstancegaswhen
implementinga real-timerobotic systemusingafastprocessor).



Sensoryneurons Thesensoryneurongeactto changesn light level, objectcolourandproximity.

1. Changesin light level: Hi-NOON is equippedwith light sensingcells inspiredfrom the visual ability of the
scallopPectenmaximug33]. Light, shadev and movementdetectionin this animalis provided througha com-
poundof approximately60 eyes.Eachconsistf acorneaalargelens,sensg A) cellsarrangedasproximaland
distalretinae areflectingargentaeanda layerof screeningpigmentcells. Proximalcellsrespondo anincreasen
light intensityby generatingAPs until a constanillumination hasbeendetectedat which point spike generation
decaysDischage ceasesvith a decreasén light intensity By contrastdistal cellsrespondo a decreasén light
intensity shaving no activity during constanillumination or anincreasen light intensity[33, pp.244-245].

Optical devices feed delta sensoryneuronswith a sampledvalue A(t). Thereare two modesof operation:
proximalanddistal. Distal modeoperatiorsimply invertsthe measurementkenfrom theervironment.However,
distalmodedepolarizeshe MP in respons¢o measuredlecreases.

Proximal mode: depolarizeshe membraneavith anincreasen light intensity accordingo:

MP(t)+ AN ifAXN>0
MP(t+1) =
MP(t) otherwise

Distal mode: depolarizeshe membranevith a decreasén light intensity accordingto:

MP(t) — AN ifAXN<O
MP(t+1) =
MP(t) otherwise

where:
AN = k[A(t+ 1) — A(2)]
andk is anempirically setscalingfactorwhosevaluedepend®nthe particularphysicalsensoemployed.

2. Proximity sensing: Distancesensordeed sensorycells with a sampledvalue (approximately)proportionalto
objectrange,R, attimet, whence:

MP(t + 1) = MP(t) + |sR(1)]

where | | representghe floor function and s is an empirically set scaling factor whosevalue dependson the
particularphysicalsensoremployed.

In a similar way, sensoryneuronscan be groupedto form a retina-like structure.In this case,eachneuron
respondgo red,green,or bluelight insteadof a proximity stimulus,having its receptve field definedat the start
of the simulation.

Motor neurons Theseclosethe loop betweenthe nenous systemandthe ervironment.Motor drive actiity is
givenas:

A@:[ .

i'yMP(t)J

where A() is usedat a lower level at abstractior(closerto the hardware)to determinethe speedof motor output,
and~ is ascalingconstansetto suitthe particularrobothardwarein use.lts signis determinedy therequirement
for forwardor reversedrive.

3.2 Synapses

Thebasicsynapséwhichis noisefree)is shovn in Figure3. It hasfunctionalitywhichis subsequentigmbedded
in all derivativessuchasthehabituating sensitizingandconditioningtypes.Theseallow usto implementasimple,
biologically-basedorm of learning.

Weightsareupdatedas:



O 4@

Fig. 3. Synapsdrom parentneuronk to targetneuronyg, with weightw.

(w(t) — B  if w(t) > Whase
w(t) + B8  if w(t) < woase
w(t+1) = Wnmax if w(t) > Wmax
Wmin if w(t) < Wmin
\ Wimin otherwise

where 3 is the MP recovery parametermand wy,,s. iS the baseweight (typically 0). Theseare individually set
(togethemwith wy,;;, andwy,.y, typically +£16) for eachneuron.

Noise-freesynapse A noise-freesynapses guaranteedo fire wheneer the parentneuronfires,accordingto:

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

FALSE otherwise

Noisy synapse A noisy synapsewill fire, with a probability setby the amountby which membranepotential
exceedghresholdwheneerthe parentneuronfires:

TRUE if condl

fired(t) = {

FALSE otherwise

where:

MP, -6

condl = (stateB,C,D) A ( P 2 %100 > randmoleO)
—Yp

andp denotesa parent(pre-synapticheuron.
Habituating type The magnitudeof the synapticweightwy, shovn in Figure3, is simply decreasedvery time
thesynapsdires.
lw(t)| —d if stateC
lw(t +1)| =

|w(t)] otherwise

whered is a constantdecremen(typically ~ 1).

Sensitizingtype Thesynapsdrom A to B showvn in Figure4 is strengtheneeverytime I fires,accordingo:

w(t)targ + w(t)sos  if cond2
’UJ(t =+ 1)targ =

w(t)targ otherwise

wherecond2 isfiredag AT i I edges, ‘targ’ denoteshetargetsynapsegto besensitizedpnd‘sos’ denoteshe
synapse-on-synapg#luence.



facilitatory
interneuron

synapse on synapse
connection

(@

facilitatory
interneuron

(b)
Fig. 4. (a) Sensitizatiorand(b) classicakonditioningaremodeledusingsynapse-on-synapsennections.
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Conditioning type Thesynapsdrom conditionedstimulus(CS)to unconditionedespons€UR), shovn in Fig-
ure4, is strengthenegroportionallyto theinterstimulusnterval (ISI) betweerthe CSandtheUSfiring. Maximum
strengtheningccurswhenthe CS precedeshe US (theISI) by 0.5s. Thisis illustratedin Figure5. Thus:

’lU(t)targ + k’LU(t)sos if cond2

’lU(t + l)targ = {

w(t)arg otherwise

where:

k nTe (—nT)
= — eXx -
( P

andnT is a countof sampleperiodsinitiated by encounteringstateC for the target neuron, (= 250) is an
empirically-setscalingfactor and ¢ (= 500) is a constantchosento maximizethe effect of conditioningwhen
the conditioningstimulusprecedeshe unconditionedstimulusby 0.5s.



4 Cluesfrom Biology for Long-Term Memory

As previously implemented[11] ArBIB suffered a major shortcomingin that its learning was far too plas-
tic (becausef recovery of synapticweights).This problemhasbeenwell recognizedn the stability-plasticity
dilemma([16, p.63] and[7]). Thatis: How cana nenoussystemretainits stability of learningwhile still being
plasticenoughto adaptin a changingervironment?

In thissectionwe considethecluesthatbiology hasgivenusfor building along-termmemorythatwill correct
this shortcomingA possiblebiological substratdor long-termmemoryis the synapseSensitizatiorexperiments
with Aplysiahave associatedbng-termmemorywith the growth of new synapticconnectionsctivatedby altered
geneexpressionand proteinsynthesiq1, 35]. Studiesof ratsgiven reaching[15] or acrobatictraining tasks[3]
have alsoshovn anincreasdn synapsesount

4.1 SynaptogenesighroughLong Term Potentiation (LTP)

Synaptogenesisyhich hasbeenfoundto occurafter LTP, duplicates(andso strengthenslocalizedsynapsecon-
nectiity. Hence,Toni etal.[34,p.421] write:

“As pharmacologicablockadeof LTP preventedthesemorphologicalchangesye concludethatLTP is
associateavith the formationof new, matureandprobablyfunctionalsynapsegontactingthe samepre-
synapticterminalandtherebyduplicatingactivatedsynapses.

Theseauthorscontinue:

“This mechanisnof synapseaduplicationmaintainsspecificityin informationprocessingand providesa
framework for understandindhe numerousin vivo experimentsthat have demonstratecn increasein

synapsewumberandcompleity of dendriticarborizationfollowing exposureto anenrichedenvironment
or learningparadigms”(p.424).

Also, LevitanandKaczmarel{20, p.501] write on the subjectof associatie LTP:

“The requirementdgor temporalpairing of the two stimuli areidenticalto thoserequiredfor associatie
learningparadigms.

Sothe questionarises:canwe implementsynaptogenesis Hi-NOON usinga variantof the associatie mecha-
nism?Thatis, canatemporalrelationshipbe usedto decidethe strengthof new synapsesThis questionis taken
upin Section5.2 below.

4.2 Cell Biological Alphabet

An intriguing possibility proposedby Hawkins and Kandel [19], following studiesof Aplysig is that the (as-
sociatie) learningmechanisnof classicalconditioningmay be basedon the sameneuralmechanismas (non-
associatie) habituatiorandsensitizationThey go onto state(p. 375): “This finding suggestshatthe mechanisms
of yethigherformsof learningmaysimilarly bebasednthemechanismsf ... simpleformsof learning”referring
to this as“an elementancellularalphabebf learning”(p. 376).

Thisideacanbeextendedo synaptogenesis Hi-NOON wherethetemporalrelationshipusedfor determining
the strengthof a new synapsecanbe an evolved form of the associatie classicalconditioningmechanismThe
newly-createdsynapséasa strengthcalculatedrom the differencebetweertheelapsedime of post-synapticell
firing andelapsedime of conditionedsynapseiring.

Pursuingthis idea,it wasdecidedto constrainthe formationof new synapse$y introducinga new predicate
into the Hi-NoON model. This is simply the conditionthat a new synapsas only created parallelto an existing
conditionedsynapsepncethe conditionedsynapticstrengthreachesomepercentaggsay 90%) of the allowed
maximum.This is illustratedin Figure 6 with the gradualcreationfour new synapsed®etweemeuronsA andB.
The sametemporalmechanisnis commonto both classicalkconditioningandto synaptogenesis our simulator

5 Situated Systems

In this sectionwe begin by describinghow the Hi-NOON simulatorhasbeenusedto designandimplementthe
‘nervous systems’of two ratherdifferent situatedsystemsa model of phonotaxisbehaiour in the cricket, and
a modelillustrating synaptogenesigsingthe ARBIB autonomousobot. Also, a simple neuralcircuit for colour
perception taken from relatedwork, is describedasan exampleof a specializedsensemodality interfacedto a
Hi-NOON sener simulator This sectionthenconcludeswith a look at how a complex humanoidnenoussystem
mightbeorganizedusingthe Hi-NOON architecture.



Fig. 6. Synaptogenesisadsto thegrowth of new synapticconnectionssostrengtheningheoverall A — B connectiorweight.

5.1 Cricket Phonotaxis

WebbandScutt[36] have usedHi-NOON to simulateandthenimplementthe auditorysystenof thecricket within
a mobile robot, to study the neurophysiologicalinderpinningsof phonotaxis,.e. the movementof the female
towardsthe male's matingsong.Therobotproducesdehaiour closelysimilarto the cricketin mostsituationsin
theirwords:“No alternatve modelshave asyet beenpresentedavith a comparableletailor evaluatiori.

5.2 ARBIB

Another situatedsystembasedon Hi-NOON simulationsis the ARBIB autonomousobot [10] which hasbeen
implementecdbn a variety of hardwareandsoftware platforms.ARBIB learnsfrom andadaptgo its ernvironment,

which consistof hardobjectsandlight sourcesastingshadavs. A primarygoalof thiswork wasto testthenotion

that effective robot learning can be basedon neural habituationand sensitization so validating the suggestion
of Hawkins and Kandel [19] that (associatie) classicaland ‘higher order’conditioningmight be basedon an

elaboratiorof these(non-associatie) formsof learning,cf. their ‘cell biologicalalphabet'.

Accordingly, ARBIB’S ‘nervous system’hasa non-homogeneougopulationof spiking neuronsijts drive to
explore its ervironmentwas provided by a simple centralpatterngeneratomeuralcircuit [29], andlearningwas
by modificationof a basic,pre-&isting (‘hard-wired’) reflex to reverseand turn on hitting an obstruction.By
monitoringfiring ratesof specificneuronsandsynapticweightsbetweemeuralconnection@sARBIB learnswe
have confirmedthatbothclassicakndhigherorderconditioningoccur, leadingto theemegenceof interestingand
ecologically-alid, obstacle-aoidancebehaiors.

SynaptogenesisARBIB’s synapticplasticity, provided by modelsof associatie classicalconditioningand non-
associatie sensitizatiorand habituation allows it to learncollision avoidanceskills by switchingfrom short-to
long-rangesensorymodalities However, oncethelong-rangemodalityhasbecomedominantin eliciting theavoid-
ancereflex, this conditionedresponsevill eventuallyextinguishvia autonomouslecay{10, 32], which constitutes
ARBIB’s short-termmemory Thus, the useful informationis lost until ARBIB onceagainre-acquireghe skill
throughstimulussubstitutiorfor a collision avoidancereflex. This is the stability-plasticitydilemma][7, 16].

ARBIB thereforeneedsa way to keepusefulinformationacquiredby its short-termmemorybeforeit extin-
guishesHere,we apply the synaptogenesigmtroducedin the previous sectionto ARBIB’S henoussystemin an
attemptto stabilizetheretentionof usefulinformation.

Obstacle avoidance experiments A Nomad Scout 2 robot (seeht t p: / / ww. r obot s. com), controlled
throughthe NomadicTechnologieNserversoftware via the Scouts hostport, wasusedfor all experimentsre-
portedin this subsectionThe Scouthas6 bump sensorsaand 16 sonardevicesarrangecdaroundits circumference
(Figure7). In this instantiationof ARBIB, the infraredsensoryneuronshave beenreplacedby sensorycellsthat
arecoupledto the Scouts forwardfacingsonardevicesandthe deltalight sensoryneuronshave beendisabled.

A total of 14 runswascarriedout. Each11 minuterun consistedf ARBIB having freerangeto travel around
therobotlaboratory negotiatingobstaclesn its path. Thefirst sevenrunsweremadewith synaptogenesisnabled
in the Hi-NOoON model.For comparisonthe remainingrunsweremadewith synaptogenesiisabled14].

By interactionwith the ervironment, ARBIB learns(by stimulussubstitution)to elicit its avoidancereflex.
Hence,the measureof bump sensoryneuronactvity (the unconditionedstimulus)is a usefulindicator of how
successfullyt haslearnedo avoid directcontactwith obstaclesFigure8 shavsthe averageactionpotentialcount
for binsof 100membrangotentialsamplepointsthroughouthetests.



Fig. 7. TheNomadScout2 instantiationof ARBIB usedin the synaptogenesixperiments.

Resultsof the first sevenrunsare showvn in Figures8(a) and8(b). Comparingtheseresultswith Figures8(c)
and 8(d), we seea decreaseén activity during the runswith synaptogenesisnabled An interestingobsenation
is that Figure 8(b) still shaws actiity at the end of the test. This meansthat stimulus substitutionduring the
synaptogenesisuns hasimproved the obstacleavoidanceskill of ARBIB, but seemsnot to have saturatedhe
network with anoverwhelmingpopulationof new synapses.

However, theimportantsubjectof ‘for getting’in the context of synaptogenesisiustbe madea focusof future
work. As pointedout by Bailey andKandel[1, p.42]:

“Recentstudiesin vertebrategurther strengtherthe ideathatthe nenoussystemmay utilize similar cell
biological mechanismgo achieve learning-relateglasticity in the matureanimalasit doesfor synapse
formationduringdevelopment .. atcritical developmentaktagegherefinemenbf synapticconnections,
their growth andregressionis determinediy anactvity dependenprocesghatseemselatedto LTP in
thehippocampus.

Cell Synapses
Pre|PostAveragenumberCollective weigh
RIR] IIL 18 22
RIR| IR 30 139
LIR|IIL 18 128
LIR|IIR 6 30

Table 1. Summaryof synapticgrowth andcollective synapticstrength Key: LIR — left infraredsensoryneuron;RIR — right
infraredsensoryneuron;liL — left ipsilateralinfraredinterneuron]IR — right ipsilateralinfraredinterneuron See[10, Fig. 5]
for full details.Pre andPostaretheidentifiersof pre-andpost-synapticells, respectiely. (In theimplementatiorusedhere,
‘infrared’ sensoryneuronsvereactuallyconnectedo theforward sonarsensor®f Nomad.)

In Table1, Pre and Post are the identifiersof pre- and post-synapticcells, respectiely. The termsaverage
numberandcollectiveweightreferto the averagenumberof synapsesreatedetweerthe pre-andpost-synaptic
cells over the first seven testruns, and the total synapticweight betweenthe pre- and post-synaptiacells also
averagedoverthefirst seventestruns,respectiely.

The collective weight valuesof 139and128 in Table 1 shov an importantadaptationin ARBIB’S nenous
systemandsoareworthy of closerinspectionThesewo figuresareinterestingoecaus¢heir pre-andpost-synaptic
cellsarealsotheipsilateralpairsof neuronswhich allow the sonarsensorgo act, throughstimulussubstitution,
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(d) Right bump sensoryneuronfiring activity without synaptoge-
nesis.

Fig. 8. Neuralactiity in left andright bumpsensoryneuronswith andwithout synaptogenesis.



for bump sensoron the sameside[10, Figure5]. This makesmoresensehanif the contralateratonnections-
the pre-andpost-synaptipairswith collective weightsof 22 and30, respectiely — hadbecomedominant.If the
sonarsensornytransducersvereto be swappedover, we expectthatthe contralaterapairswould becomedominant
instead.This experimentremainsto bedone.

5.3 Colour Perception

This subsectiordescribegelatedwork with Hi-NOON andis givenasan exampleof interfacinga complex sense
modalityto a Hi-NOON sener simulator The Hi-NOON retinais constructedrom anarrayof (10 x 10) receptve
fields. Eachreceptve field is inspectedy threeneuronssensitve to red, green,andbluelight. This arrangement
resultsin 300sensoryneuronsspreadver agrid of 100receptve fields,shovn in Figure9.

Red 1:1  Green 1:1 Blue 1:1 Red 10:10 Green 10:10 Blue 10:10

Q Q Q Q Q Q m———
——————
|

JAVAN
‘ Colour interneurons

Q Colour output neurons

_RED |_GREEN | _BLUE

O]
®==-0=—
®

Fig. 9. A neuralcircuit for colourdetectionin theretina.

Fig. 10. View from therobot’s cameraof a blue object,shaving theretina.

Eachred sensoryneuronmakesan excitatory connectiorwith the RED interneuron.The sameschemes fol-
lowedby the greenandblue sensoryneurongwhichin turn connecto the GREEN andBL UE interneuronstespec-



tively). Inhibitory connectionsnadefrom the RED interneurorto thel _GREEN andl_BLUE colouroutputneurons
(with the samereasoningapplyingto the GREEN andBLUE interneuronsgreatecompetitionbetweenthe colour
outputs.An imagetakenfrom theretinaof a blue objectis shavn in Figure10, with anexampleof circuit actiity
is shovnin Figurell.
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(c) Activity dueto the colourbluein theimage.

Fig. 11.Neuralactvity in thel_RED, | _GREEN, and|_BLUE colouroutputneuronf Figure9, in responseo theimageformed
ontheretinashavn in Figure10.

As canbeseenin Figurel1(c),thel_BLUE neuronshovs themostactivity. Hence thisindicatescorrectlythat
theimageformedontheretinahasa greatetblue componenthanred (Figurel1(a))or green(Figure11(b)).

5.4 Applying Hi-NOON to Humanoids

Brooks, perhapsthe bestknown exponentof behaioural robotics, hasraisedtwo concernsaboutbiology asa
motivationfor robotics.First,adangetiesin modelingbiological systemgoo closelybecausehis mayresultin a
modelthatis inefficient or indeedhasredundanstructureg5]. Secondary attemptat functionaldecompositions
from whatis known of the brainshouldbetreatedwith scepticisnbecausé “. .. doesnothavethemodularitythat
eithera carefully designedsystemmight have, nor a philosophicallypure,wishedfor, brainmighthave” [6] Our
work recognizeshesepoints,asHi-NOON abstractaway from fine graindetailsof, for example jon channelsand
is notexplicitly targetedatthe modelingof “modulesextractedfrom” vertebratebrain.

Humanoids and the Turing test Harnad[18] hasobsenedthatthe Turing testis underdeterminedndso has
describedh hierarchyof testswhich could be appliedto robotsof varyingsophisticationThe simplestievel of the



hierarchy T1, is concernedvith modelsthatdescribea fragmentof our total abilities. Next in the hierachyis T2,
the original Turing test. Humansensory-motocapabilitiesarethe domainof T3, with T4 concernedvith robots
which areneuromolecularlydenticalto their humancounterparts.

Hence,a humanoidentersthe hierarchyasa candidatefor T3. It is a machinewhich duplicatesour sensory-
motor capabilitiesin suchathoroughway thatit is potentiallyableto gainexperienceof theworld comparabldo
ourown.

Moti vational states— a clue to scaling? So far our machinesare candidatedor a Turing testfalling between
T1andT2 of Harnads hierarchy We are still very much on the learningcurve and don't know the details of
cognitivearchitectureseededy ahumanoid However, throughanimalandanimatstudieswe areableto identify
someof thelow-level attributesthatexist in all creaturesfrom simplemolluscsandinsectsupwards.For example,
animalshave motivational states they experiencehungerandfear to namebut two. Motivational statescan be
thoughtof asthedriving forcefor ananimal's actiities in its ervironment.

Let usprovide our Hi-NOON basedobot, ARBIB, with motivationalstatesfor hunger(for appetitve stimuli),
andfear (of aversive stimuli). Onceactive, a motivationalstatewill prime appropriatebehaiors which arethen
selectedhy releasersn the ervironment.For example,if therobotis in the presencef anaversive stimulusthen
it may freezeor attemptto escapeAlternatively, if it is hungryit may foragefor appetitve stimuli, andwhen
in the presencef an appetitive stimulusit may approachandattemptto collectit. Thesemotivationalstatesare
mutually exclusive. ARBIB cannotexhibit both hungerandfear at the sametime. Similarly, it cannotboth freeze
andattemptescapavhenfearis the dominantmotivationalstate.lt would be interestingto seehow ARBIB copes
with motivationalconflicts.

Also, ARBIB, ontheroutefrom animatto humanoidmustbeableto setits own goals.Thisaspecbf autonomy
hasbeendefinedby Smitherq31]:

“...the underlyingnotion is one of self-law making, or self-governing,andit is closely relatedto the
conceptf self-identityandself-determinationan autonomousgentis onewhosebehavior is regulated
by rulesor laws generatedy itself. As aresult,its identity is a productof itself: it hasself-identity”

The principle of anagents identity beinga productof itself (andinteractionswith its ervironment)hasbeen
commentedn by Black [2]:

“. .. Animalsraisedin complex ernvironmentsaresuperiorat mary differenttypesof learningtasks.These
abilitiesaregeneralizedcrossawide rangeof learningtests,... theenrichedratappearso have learned
howto learn better’

Perhapghe way to approachhis is by basingall behaiour uponlower level motivationalstates For exam-
ple, the conditioningof motivationalstatesto chainedexternalstimuli might leadto a kind of “expectationof a
unconditionedstimulus(US)”, andfrom thereto the dual-brain hypothesissoutlinedby Lieberman21]:

“Perhapghefirst learningsystento evolve wasa relatively primitive onein which the conditionedstim-
ulus (CS)wassimply associatedvith the US, andthuselicited the sameresponsedn the courseof time,
ahigher, cognition-basedystemappearedhatinvolvedactive anticipationof the US, thusallowing sub-
jectsto selecta wider rangeof preparatoryresponseshanthe innateones.Insofar asboth systemsstill

coeist in vertebratesthis would explain why animalssometimesctasif the CSwerea signalfor food
andat othertimesasif it wereactuallyfood”

Interaction A humanoids competencemustincludesocialinteraction.For this to berealistic,a humanoidmust
be acceptedsanindividual throughthe displayof human-like pre-programmetehaiors. Suchbuilt-in ‘knowl-
edge’will helppeoplerelateto, andinteractwith therobot.

Throughsocialinteraction,a humanoidlearnsthe correct(andincorrect)approacheso achiering its goals,
mary of which will beinextricably linkedwith thoseof the peopleinteractingwith it. This canbe approachedby
learningsecondaryeinforcers[21, p.202] which satisfythe robot’s active motivationalstate.Thus, cooperation
betweerhumanoidandhumansshouldemege quite naturallyastherobot’s experiencewith peopledevelops.

Generating circuits The next stageof Hi-NOON’s developments the automationof neuralcircuit design.This
will go someway towards solving the problem of designingthe neuralarchitectureof an artificial creature—
building Minsky’s ‘library’ [23]. Suchartificial creaturesvill adaptto their environmentat synapticplasticityand
nenoussystemarchitecturalevels.



Implementation Building ahumanoidobotis probablyoneof themostcomplex engineeringasksthatcouldever
beundertalen.Everythingfrom compliantimbsto colourvision mustclosetheperception-actiotoop throughthe
ervironment,controlledby a nenoussystemwhich hassuitably specializedstructuresor thesedifferentaspects
of therobot.Hence,a methodof high-level implementations needed.

Oneapproachs anexaminationof neuralsubsystems anobject-orientectop down’ mannerAt thetoplevel
of abstractionahumanoids nernwoussystenis onelargenetwork object. Thisin turnis representedsmoduleghat
handlespecificl/O operationge.g. patterngeneratorgor controlling actuatorswith positionfeedbackor image
processingrovidedby edgedetectionof moving stimuli). Decompositiorcontinuesuntil eachmodulebecomes
network objectwhosel/O requirements smallenoughto be handledby a sener simulator

Hi-NOON’s senerscreatea naturalervironmentfor this circuitry, supportingspecializechardwarethatin turn
providesfacilities suchasimagecapturefor vision andseno controllersfor motor control, or serialandparallel
communicationports to ‘intelligent’ subsystemsDistributing the specializedareasof the nerwous systemover
mary processorsisingthe MPI andsoclet programmingstandardsillows the heterogeneitpf the systento span
multiple platforms If adifferentprocessois particularlysuitedto afunction,thenit is only necessaro re-compile
the sourcecodefor anew platformandconnecthe senerwith therestof the network.

Hence thelargenetwork objectis eventuallybrokendown into smaller andasmentionedabore,autonomously
generatedpbjectsthat executeconcurrently The MPI client simulatorsconnectthe sener simulatorstogether
Theseare intendedto form the foundationsfor circuitry capableof abstractreasoningthat is groundedin the
sensory-motoactiity of theseners[17,18].

An importantresultof this hierarchyis thathigh-bandwidthsensemodalitiessuchasvision are pre-processed
neurallyby the hostsener. Hence a higherlevel andlower-bandwidthrepresentatiosanbe projectedto an MPI
clientprocess.

Additionally, becauséhereis no constrainibn thenumberof senersthatdefineahumanoida clusterof sener
simulatorsthatform its sensoryandmotorfacilities canbe groupedtogethemwith oneor moresupportingeclients,
in anindividual robot. Thus, a group of humanoidswvhoseclientsarelinked throughwirelessethernetallows a
naturalcommunicatiorpathbetweerthem.

6 Conclusions

Hi-NOON is anobject-orientedheuronakircuit simulatorspecificallydevelopedfor studyingthe neurophysiologi-
cal basisof behaiourin realanimalsandin situatedartificial systemslt simulateschangesn membrangootential
(including spiking behaviour) ratherthanusingthe continuousactivation functionstypical of PDP-styleartificial
neuralnets.The main simplificationsarethatit treatseachneuronasa single compartmentwith inputsmodeled
asaddedvoltage.In placeof differentialequationsa statesystemis used,alongwith aflexible parametesystem
to caterfor differenceshetweenneurontypesandto keeptrack of the changingstateof eachneuronover time.
This allows circuits of heterogeneouseuronsmodeledon real neurophysiologicatlatato be constructedvith a
minimumof effort andprocessedvith relative ease The capabilityof Hi-NOON for usein situatedsystemsstudies
is illustratedwith examples.The expansionof Hi-NOON to a concurrenervironmentaddressethe possibility of
usingit for realizingthe large-scalecomplex nernwoussystemof a humanoidrobot.
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