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Abstract. This paperdescribesthe Hi-NOON neural simulator, originally conceived as a general-purpose,
object-orientedsoftwaresystemfor thesimulationof smallsystemsof biologicalneurons,asanaidto thestudy
of links betweenneurophysiologyandbehaviour in lower animals.As such,the artificial neuronsemployed
arespiking in nature:to effect an appropriatecompromisebetweencomputationalcomplexity andbiological
realism,modelingwasat the transmembranepotentiallevel of abstraction.Further, sincereal neuralsystems
incorporatedifferenttypesof neuronsspecializedto somewhatdifferentfunctions,thesoftwarewaswritten to
accommodatea non-homogeneouspopulationof neurons.Hi-NOON hasbeenusedin animat(cricket phono-
taxis)andbiologically-basedrobotstudies.In particular, it wasemployedto implementthenervoussystemof
ourARBIB robot.A simplemodelof synaptogenesishasbeenaddedsoimproving thestabilityof its learningin
thelight of thestability-plasticitydilemma,andasamechanismfor long-termmemory. Theefficacy of thesim-
ulatoris illustratedwith respectto somerecentapplicationsto situatedsystemsstudies.Now thatHi-NOON has
beenexpandedto simulatelargenervoussystemsin a concurrentenvironment,it canbeappliedto humanoid
roboticsin thefuture.

1 Intr oduction

Whenconsideringa complex system,understandingis dependenton methodsfor convenientlyrepresentingand
structuringits componentparts.This is especiallytrue at the designstageof a new project,wherea high-level
object-orientedapproachto programminghasoften proveduseful in building complex softwareapplications.In
muchthesamewayashigh-level developmentof softwareallowsdelegationof particulartasksto specializedpro-
gramstructures,ahigh-level approachto therepresentationof artificial nervoussystemfunctionallowsdelegation
of tasksamongspecializedneuralstructures.We regardthesestructuresasa hierarchy:from synapsesto circuits
throughincrementalsubsystems[4] to a completenervoussystem.

This paperdescribesa programoriginally designedto simulatesmallsystemsof neuronswithin thecomputa-
tionalneuroscienceparadigm,its morerecentdevelopmentandapplications,andits futurerole in thedevelopment
of ahumanoidnervoussystem.Theprogramis calledHi-NOON, whichstandsfor HierarchicalNetwork of Object-
OrientedNeurons.As thenamesuggests,synapses,neuronsandnetworksarein principlerepresentedasobjects
within anobject-orientedhierarchy[26,28] at variouslevelsof abstraction.The lowestsuchlevel usesthemem-
branepotential(strictly, transmembranepotentialdifference)asthe observableparameterin the network model.
This is a muchlower-level approachthanthe useof activation valuesroughly correspondingto the spike or ac-
tion potentialrate of individual neuronsor collectionsof neuronsas in popularparallel distributedprocessing
(PDP)models.By contrast,Hi-NOON retainsdetailsof individual spike generationwhich is lost in thetraditional
connectionistapproach.Also, Hi-NOON facilitatessimulationof a non-homogeneouspopulationof neurons.In
principle, this allows different,higherlevelsof abstractionto be usedin a ‘mixedmode’.Most obviously, PDP-
typeneuronsmodeledat thelevel of activationcouldbemixedwith morebiologically-realisticspikingneurons,in
whichspikegenerationis stochastic.Thus,althoughonewouldbeexercisingonly aproportionof its flexibility and
power, onecouldevenuseHi-NOON asthesimulatorfor ahighly conventionalPDP-typeartificial neuralnetwork.

Weconcentratein thispaperon thelessusualsimulationof spikingbehaviour. Onemight reasonablyaskwhat
advantagesthismightoffer, i.e.whatcanasimulationbasedonspikingneuronsachievethatcannotbedoneusing



moregrossPDP-typemodelneurons?Thisis currentlyavexedquestionin computationalneuroscience,andafully
definitiveanswercannotbegivenat thisstage.Clearly, detailedtiming informationfor individualspikes,andrela-
tive timing betweenspikes,offersanadditionaldimensionto theneuralcode,asdoesthestochasticaspect.There
is suggestiveevidencethatthissortof informationis indeedimportantin biology. Citing Riekeet al. [25, p.279]:

“. . . undermany conditions,behavioral decisionsaremadewith of orderonespikepercell, . . . individual
spikescanconvey severalbits of informationaboutincomingsensorystimuli . . . precisediscriminations
could. . . bebasedon theoccurrenceof individualspikes. . . ”

Theremainderof this paperis structuredasfollows.Next, in Section2, weconsiderthestructureandfunction
of the Hi-NOON simulator. Then,in Section3, we presenta moredetaileddescriptionof neuronsandsynapses
within its neuralmodel.In Section4, we considercluesthatbiology hasgivenus for implementinga simplified
mechanismof long-termmemory. In Section5, wedescribehow Hi-NOON hasbeenusedto designandimplement
the ‘nervoussystems’of two ratherdifferentsituatedsystems:a modelof phonotaxisin the cricket anda model
incorporatingsynaptogenesisin the ARBIB autonomousrobot. Next in this section,a simple neuralcircuit for
colourperceptionis described,beforeconsideringhow a complex humanoidnervoussystemmight beorganized
usingtheHi-NOON architecture.Finally, weconclude(Section6).

2 Overview of Hi- NOON

In this section,we considerthe structureand function of the neuralsimulatorHi-NOON. The original program
was written in object-orientedPascalandwasusedfor modelingsmall systemsof biological neurons,notably
work with Aplysia’swithdrawal reflex [27]. Hi-NOON hassubsequentlybeenrewrittenin C usingthedisciplinesof
object-orientedprogramming(OOP)[8, 13].C wasused(ratherthanC++with its explicit supportof OOPfeatures)
to maximizeportabilityamongvariousrealizationsin differentapplications.Thebenefitsof theOOPapproachare
two-fold. First, theability for objectsto inherit propertiesfrom otherobjectsmeansthat it is easyto definemore
physiologicallyexactneuronsin termsof simplerneurons.Thus,thesystemallows a simplethresholdunit asthe
mostbasictypeof object.More complex objectsinherit certainpropertiesfrom this object(e.g.thefactthatit has
weightedconnectionsto otherobjects).Thesecondbenefitof OOPis polymorphism.Thismeansthatthenetwork
maycontainmany differenttypesof neuron,at many levelsof complexity, without theprogrammerhaving to be
concernedwith this.

2.1 GrossAnatomy of Hi- NOON

Hi-NOON comprisestwo elements(Figure1): aMessagePassingInterface(MPI) basedsimulatorwhichdistributes
its simulationover � processes,and a non-MPI simulator intendedfor (but not limited to) sensoryand motor
processingtasks.By allowing the division of the nervoussystemmodel in this way, areasthat requirespecial
processingresourcescanbeaccommodated.

As shown in Figure1, clientsandservers[9, 24] areverysimilar in organization:

Network model: Thisdescribesthe‘nervoussystem’thatexecutesonHi-NOON. TheMPI simulatordistributesit
amongall clientprocesses,whereeachprocessformsanetwork objectfrom its portionof thenetwork model.
Servershave individual modelsandsharethenetwork layerwith hardwarespecificto their applicationin the
robot.It is possiblefor a server to be“compute-only”.That is, it hasno hardwareinterfaceto thesensoryor
motorcircuitsin therobot.

Hardware: This aspectof a server simulatoris the interfacebetweenthe network modelandthe robot’s sensor
andmotorsystems.Examplesincludeserialandparallelcommunicationportsandvideodigitizers.

Application program: Serversimulatorsthatcontrolinterfacehardwareneeddevicedriversoftware.This is pro-
videdthroughtheapplicationprogram.Serversthathavenohardwareinterfaceto therobot’ssensorandmotor
systemshavea verysimpleapplicationprogram.In this case,it simply callsthesimulatorcode.

Neural model: Thiscontainsthealgorithmsthatdescribeneuronandsynapsebehaviour.
Synapserouting: This controlsthe destinationof messagesthat are relayedaroundthe system.For example,

a messagefrom a synapsein a server simulatorcanhave a destinationthat exists within the samesimula-
tion, or in the simulationrun by theclient that the server is connectedto (socket-to-socket communication).
Communicationrouting performedby a client is a little morecomplex. In this casea messagemay have a
destinationthatis foundin partof thenervoussystemthatexistsin thesameclientprocess,or in aserver (that
requiressocket-to-socket communication),or indeedon anotherclient process(that requiresMPI client-to-
client communication.)
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Fig.1. Thearchitectureof Hi-NOON. (a)Clientandserversimulatorscanbestandalone,but areintendedto beusedtogetherto
form a client-server architecturefor largeneurally-basedexperimentalrobotcontrolapplications.(b) In sucha joint effort, the
MPI simulatorprocessesrunningonahighperformanceclusterof processorsaretheclientscommunicatingthroughsocketsto
thenon-MPIserver(s)runningonPCswith specialpurposeinput andoutput(I/O) facilities.



Socket communication: Client andserver usethis to communicatethrougha socket-to-socket internetconnec-
tion.

MPI: Client processesusetheMPI standardfor inter-processcommunicationandsynchronization.Synchroniza-
tion is achieved throughblocking and is necessaryfor processesthat are running on different CPUswith
differentloads.Without this safeguard,thedifferentsectionsof thenetwork modelwould executeat different
rates.

2.2 Neuron Parameters

Basicneurophysiologysuggeststheattributesamodelspikingneuronshouldhave.ThefixedparametersBaseMP,
Threshold andTimeConst correspondto the restingpotential,thresholdand time constantof the neuron,
respectively. DynamicparametersMP, SynPot andfired (a1/0predicate)modeltheactualmembranepotential
as it variesin time, accumulatethe weightedsumof synapticinputswhich influencethe updatingof MP at the
next time step,andindicateif theobjectis in theprocessof firing, respectively. This parametersystemallows us
easily to describedifferencesbetweenneuronsandto keeptrack of the changingstatesof neuronsover time. It
approximatelysatisfiesSelverston’s [30] “minimum requirements”for effectiveneuralmodeling.

2.3 Hi- NOON Objects

Theneuralnetwork is heldasa list of objects,whereeachsuchobjectcorrespondsto asingleneuronandholdsall
theinformationaboutits state(seebelow) andaboutsubsidiaryobjects.Theinformationheldin theneuronobject
is comprisedof:

– asetof parameterswhich definestheneuron;
– asetof datastructureswhich definesthe‘axon terminals’for theneuron,eachof which is itself anobjectand

hasits own parameters;
– asetof methods(pointersto functions)whichaccessandalterparametervaluesandsodetermineexactlyhow

theneuronfunctions.

The top-level list correspondsto the network object.This possessestwo methods(calledh_access and
add) for accessingnetwork objectsandaddingfurther objectsonto the list, respectively. Simulationrun length
is handledby a global object.This storesthe simulationand concurrentsocket interface‘housekeeping’data,
includinga counterwhoseoriginal valuespecifiesthelengthof simulation.It decrementsaftereachevaluationof
thenetwork object,andthesimulationhaltswhenthecounterreacheszero.

As synapsesarealsoobjects,they too have fixed anddynamicparameterssimilar to thoseof neurons.Thus,
BaseWeight is thedefaultweightof thesynapseandis a constant;Weight holdsthepresentsynapticstrength
andis variableduringsimulation;Recovery is a constant(within eachsynapse)which determineshow quickly
Weight returnstoBaseWeight. To preventsynapticweightsgrowingwithout limit, Weight is boundedduring
simulation.Thismodelsthefinite storesof neurotransmitterin thesynapticterminalsof biologicalneurons.

2.4 Neuron Types

Hi-NOON allows a non-homogeneouspopulationof neuronsto be simulated– reflectingthe fact that neurons
havespecializedfunctionsin realneurobiologicalsystems– at themostappropriatelevel of abstraction.Modeling
individual neuronsat thelevel of membranepotentialallows sub-thresholdandspikingbehaviors to besimulated
at low computationalcost.Thefixedparameterscaterfor differencesbetweenneuronswhich, in this work, areof
thefollowing types:

basic: tells its synapsesto fire whenits membranepotentialcrossesthresholdfrom below.
noisy: similar to basic, but hasanadditionalinternalnoisecomponentdeterminingtheweightedsynapticinput,

andhenceinfluencingthemembranepotentialat thenext timestep.
ramp: similar to noisy, but hasability to rampupspikegenerationrate.It is usedasatestsignalsourcein network

development.
burst: similar to noisybut producesashortburstof spikeswhenits membranepotentialcrossesthreshold.
sensor: similar to basic, but actsasasensoryneuronin a situatedsystem,suchasa mobilerobot.
motor: similar to basic, but actsasa motorneuronin asituatedsystem.



2.5 ApproximateStateSystem

Eachneuronis treatedasbeingin oneof anumberof six statesdependingon thepresentmembranepotential,cell
thresholdandwhetheror not thecell hasjust fired, etc.For example,if themembranepotentialof the basiccell
is above threshold,andthe cell hasnot just fired, thenthe neuronwill start to generatea spike andwill initiate
synaptictransmission.
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Fig.2. Time evolution of typical actionpotential(spike) of a basicneuronin a Hi-NOON simulation.Seetext for specification
of thestates(A..F) passedthroughby a neuronduringfiring. Here,thesampleperiodis approximately4ms(this varieswith
themachineon which thesimulationruns.)

Figure2 (taken from a Hi-NOON simulation)shows the statespassedthroughby a neuronduring firing. In
the caseillustrated,the minimum, restingand peakpotentialsof the neuronare set at 
 69, 
 60 and +45mV
respectively, and the thresholdvalue was 
 45mV. Note that actualvalueswill under/overshootthesesettings
beforestatecanchangeat thenext iterationof simulation.Thestatesare:

A: MP aboverestingpotentialandbelow threshold
B: abovethresholdandbelow peak
C: at peak
D: post-firing
E: at minimum
F: hyperpolarised

The equationsgoverningthe membranepotential in eachof thesestatesand the synapticweightsaregiven in
Section3 below.

Theuseof a statesystemfor controllingthemembranepotentialfacilitatestheadditionof new featuresto the
program;it is only necessaryto identify which of the statesmay trigger this featureandto adda procedurecall
at that particularstate.This, coupledwith OOP’s inheritance,allows modelsto be developedandalteredwith a
minimumof changesto thesourcecode.

2.6 Axonal and Synaptic Transmission

Our neuronsmodelsub-thresholdbehaviour but sub-thresholdpotentialsarenot propagated(from axonhillock
to terminalfibers) in real neurons,only actionpotentialsare.For computationalpracticality, we do not attempt
to model (regenerative) spike transmissionalongthe axon.This, however, is not a seriousconcernbecausethe
model’s behaviour dependsentirely on how pre-synapticactivity is transformedinto post-synapticactivity. It is
only in supra-thresholdstatesB, C andD (seeFigure2 andSection3.2) that synapticcommunicationcan take



place.Hence,it is irrelevant thatwe are,in somesense,modelingsub-thresholdbehaviour incorrectly. An alter-
native view is thatwe arenot modelingaxonaltransmission,i.e. we have ‘point’ neuronsasis commonin neural
modeling[22, pp.21–24].

2.7 Learning in Hi- NOON

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

3 Neuronsand Synapses

In thissection,wepresentmoredetaileddescriptionsof neuronsandsynapseswithin Hi-NOON. Sinceit is intended
for (amongotherthings)applicationsin situatedroboticsstudies,thereis provision for sensoryandmotorneurons
which connectto theenvironment,aswell asfor moreprosaic‘basic’ (informationprocessing)neurons.

3.1 Neurons

The‘basic’ neurontypehasthestatesystemfunctionalitywhich is subsequentlyembeddedin all derivatives,such
asthesensoryandmotorcells.

Basicneurons Updatingequationsfor themembranepotential( �� – in milli volts) for this neurontypeare:

stateA: ������������������������
�� �"!#�����
stateB: ������������������������
%$&�'!#�����
stateC: ��������������)( �'!#�����
stateD: ������������������������
�*+�"!#�����
stateE: ���������������,-�"!.�����
stateF: �����������������������+�0/21436587:9�;<7=9?>A@CBD �'!#�����

where: !#����� is thesynapticpotential(SynPot) at time �FE equalto GIHKJ HML ���� H �����?
%N OQP�RS�� H �T
is a counterwhichcountsoveractivepre-synapticcells.J H is thesynapticweightfrom a pre-synapticneuron.� is theneurontimeconstant.U �V�KWYX is thepost-undershootincrementrate.*Z�)[\X is thepost-actionpotentialpeak-MPdecrement.L �]�_^S`aXKb is aheuristically-setlearningconstant.$c�)[Kb is thepost-thresholdattackincrement.(+�d`aX is thepost-thresholdmaximumMP.,<�
.egf is thepre-undershootminimumMP.

Certainof the above parameters(e.g. � , U ) aretime-dependentandhave beensetempirically to suit a range
of processorspeedsandimplementations.However, they may be inappropriatein somecircumstances(aswhen
implementinga real-timeroboticsystemusinga fastprocessor).



Sensoryneurons Thesensoryneuronsreactto changesin light level, objectcolourandproximity.

1. Changesin light level: Hi-NOON is equippedwith light sensingcells inspiredfrom the visual ability of the
scallopPectenmaximus[33]. Light, shadow andmovementdetectionin this animalis provided througha com-
poundof approximately60 eyes.Eachconsistsof a cornea,a largelens,sense( h ) cellsarrangedasproximaland
distalretinae,a reflectingargentaeanda layerof screeningpigmentcells.Proximalcellsrespondto anincreasein
light intensityby generatingAPsuntil a constantillumination hasbeendetected,at which point spike generation
decays.Dischargeceaseswith a decreasein light intensity. By contrast,distalcellsrespondto a decreasein light
intensity, showing noactivity duringconstantillumination or anincreasein light intensity[33, pp.244–245].

Optical devices feed delta sensoryneuronswith a sampledvalue i2����� . Thereare two modesof operation:
proximalanddistal. Distalmodeoperationsimply invertsthemeasurementtakenfrom theenvironment.However,
distalmodedepolarizestheMP in responseto measureddecreases.

Proximal mode: depolarizesthemembranewith anincreasein light intensity, accordingto:�������������� j ��������k�'hli if hlinmob�������� otherwise

Distal mode: depolarizesthemembranewith a decreasein light intensity, accordingto:�������������� j ��������?
phli if hlinqob�������� otherwise

where: hli&��rts ik���<�I�S�?
%i2�����6u
and r is anempiricallysetscalingfactorwhosevaluedependson theparticularphysicalsensoremployed.

2. Proximity sensing: Distancesensorsfeedsensorycells with a sampledvalue(approximately)proportionalto
objectrange,v , at time � , whence: ������t����������������<�0w�P�vl�����Mx
where w�x representsthe floor function and P is an empirically set scalingfactor whosevalue dependson the
particularphysicalsensoremployed.

In a similar way, sensoryneuronscanbe groupedto form a retina-like structure.In this case,eachneuron
respondsto red,green,or blue light insteadof a proximity stimulus,having its receptive field definedat thestart
of thesimulation.

Motor neurons Theseclosethe loop betweenthe nervoussystemandthe environment.Motor drive activity is
givenas: y �������{z}|�~ ��������( �
where

y �\� is usedat a lower level at abstraction(closerto thehardware)to determinethespeedof motoroutput,
and ~ is ascalingconstantsetto suit theparticularrobothardwarein use.Its signis determinedby therequirement
for forwardor reversedrive.

3.2 Synapses

Thebasicsynapse(which is noisefree)is shown in Figure3. It hasfunctionalitywhich is subsequentlyembedded
in all derivativessuchasthehabituating,sensitizingandconditioningtypes.Theseallow usto implementasimple,
biologically-basedform of learning.

Weightsareupdatedas:
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Fig.3. Synapsefrom parentneuron� to targetneuron� , with weight � .

J ���<�I�S���
����������� ����������
J ������
�� if J ������moJ����8���J �����2�%� if J �������oJ����8���J����8� if J ������moJ����8�J ��� � if J ������qoJ ��� �J ��� � otherwise

where � is the MP recovery parameterand J �4�F�C� is the baseweight (typically 0). Theseare individually set
(togetherwith J ��� � and J ���8� , typically | ��e ) for eachneuron.

Noise-freesynapseA noise-freesynapseis guaranteedto fire whenever theparentneuronfires,accordingto:���_���}� ������� j TRUE if (stateB, C,D)

FALSE otherwise

Noisy synapse A noisy synapsewill fire, with a probability setby the amountby which membranepotential
exceedsthreshold,whenever theparentneuronfires:���_�Q�}� ������� j TRUE if cond1

FALSE otherwise

where:

cond1 � (stateB,C,D �<�¡  ��<¢£
�¤�¢(l
c¤ ¢ ¥ ��b\b=¦ randmod��bgbK§
and̈ denotesa parent(pre-synaptic)neuron.

Habituating type Themagnitudeof thesynapticweight J.© , shown in Figure3, is simply decreasedevery time
thesynapsefires. ª J ���<����� ª � j

ª J=����� ª 
%« if stateC
ª J=����� ª otherwise

where « is a constantdecrement(typically ¬� ).
Sensitizingtype Thesynapsefrom

y
to N shown in Figure4 is strengthenedevery time  fires,accordingto:J ���<���S�M® �F¯C° � j J ����� ® �8¯�°��±J �������C²8� if cond2J ����� ® �8¯�° otherwise

wherecond2 is
���_�Q�}� ® �8¯C°�� fired �C²F� , ‘targ’ denotesthetargetsynapse(to besensitized)and‘sos’ denotesthe

synapse-on-synapseinfluence.
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Conditioning type Thesynapsefrom conditionedstimulus(CS)to unconditionedresponse(UR), shown in Fig-
ure4, is strengthenedproportionallyto theinterstimulusinterval (ISI) betweentheCSandtheUSfiring. Maximum
strengtheningoccurswhentheCSprecedestheUS (theISI) by 0.5s.This is illustratedin Figure5. Thus:J ���k����� ® �8¯�°£� j J ����� ® �F¯C°.�"raJ=�����6��²8� if cond2J �����M® �F¯C° otherwise

where: r:� �téêìëîíQï   
#�téð §
and �té is a count of sampleperiodsinitiated by encounteringstateC for the target neuron,

ê
(= 250) is an

empirically-setscalingfactor and ð (= 500) is a constantchosento maximizethe effect of conditioningwhen
theconditioningstimulusprecedestheunconditionedstimulusby 0.5s.



4 Cluesfr om Biology for Long-Term Memory

As previously implemented[11] ARBIB suffered a major shortcomingin that its learning was far too plas-
tic (becauseof recovery of synapticweights).This problemhasbeenwell recognizedin the stability-plasticity
dilemma([16, p.63] and[7]). That is: How cana nervoussystemretainits stability of learningwhile still being
plasticenoughto adaptin a changingenvironment?

In thissection,weconsiderthecluesthatbiologyhasgivenusfor building along-termmemorythatwill correct
this shortcoming.A possiblebiologicalsubstratefor long-termmemoryis thesynapse.Sensitizationexperiments
with Aplysiahaveassociatedlong-termmemorywith thegrowth of new synapticconnectionsactivatedby altered
geneexpressionandproteinsynthesis[1, 35]. Studiesof ratsgiven reaching[15] or acrobatictraining tasks[3]
havealsoshown anincreasein synapsecount.

4.1 SynaptogenesisThr oughLong Term Potentiation (LTP)

Synaptogenesis,which hasbeenfoundto occurafterLTP, duplicates(andsostrengthens)localizedsynapsecon-
nectivity. Hence,Toni etal.[34,p.421]write:

“As pharmacologicalblockadeof LTP preventedthesemorphologicalchanges,we concludethatLTP is
associatedwith theformationof new, matureandprobablyfunctionalsynapsescontactingthesamepre-
synapticterminalandtherebyduplicatingactivatedsynapses.”

Theseauthorscontinue:

“This mechanismof synapseduplicationmaintainsspecificityin informationprocessingandprovidesa
framework for understandingthe numerousin vivo experimentsthat have demonstratedan increasein
synapsenumberandcomplexity of dendriticarborizationfollowing exposureto anenrichedenvironment
or learningparadigms”(p.424).

Also, LevitanandKaczmarek[20, p.501]write on thesubjectof associativeLTP:

“The requirementsfor temporalpairing of the two stimuli areidenticalto thoserequiredfor associative
learningparadigms.”

So the questionarises:canwe implementsynaptogenesisin Hi-NOON usinga variantof the associative mecha-
nism?Thatis, cana temporalrelationshipbeusedto decidethestrengthof new synapses?This questionis taken
up in Section5.2below.

4.2 Cell Biological Alphabet

An intriguing possibility proposedby Hawkins and Kandel [19], following studiesof Aplysia, is that the (as-
sociative) learningmechanismof classicalconditioningmay be basedon the sameneuralmechanismsas(non-
associative)habituationandsensitization.They goonto state(p.375): “This findingsuggeststhatthemechanisms
of yethigherformsof learningmaysimilarlybebasedonthemechanismsof . . . simpleformsof learning”referring
to this as“an elementarycellularalphabetof learning”(p.376).

This ideacanbeextendedto synaptogenesisin Hi-NOON wherethetemporalrelationshipusedfor determining
the strengthof a new synapsecanbe an evolved form of the associative classicalconditioningmechanism.The
newly-createdsynapsehasastrengthcalculatedfrom thedifferencebetweentheelapsedtimeof post-synapticcell
firing andelapsedtimeof conditionedsynapsefiring.

Pursuingthis idea,it wasdecidedto constrainthe formationof new synapsesby introducinga new predicate
into the Hi-NOON model.This is simply the conditionthata new synapseis only created,parallelto anexisting
conditionedsynapse,oncethe conditionedsynapticstrengthreachessomepercentage(say, 90%) of the allowed
maximum.This is illustratedin Figure6 with the gradualcreationfour new synapsesbetweenneuronsA andB.
Thesametemporalmechanismis commonto bothclassicalconditioningandto synaptogenesisin oursimulator.

5 SituatedSystems

In this sectionwe begin by describinghow the Hi-NOON simulatorhasbeenusedto designandimplementthe
‘nervoussystems’of two ratherdifferentsituatedsystems,a modelof phonotaxisbehaviour in the cricket, and
a model illustrating synaptogenesisusingthe ARBIB autonomousrobot.Also, a simpleneuralcircuit for colour
perception,taken from relatedwork, is describedasan exampleof a specializedsensemodality interfacedto a
Hi-NOON server simulator. This sectionthenconcludeswith a look at how a complex humanoidnervoussystem
might beorganizedusingtheHi-NOON architecture.
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5.1 Crick et Phonotaxis

WebbandScutt[36] haveusedHi-NOON to simulateandthenimplementtheauditorysystemof thecricketwithin
a mobile robot, to study the neurophysiologicalunderpinningsof phonotaxis,i.e. the movementof the female
towardsthemale’s matingsong.Therobotproducesbehaviour closelysimilar to thecricket in mostsituations.In
theirwords:“No alternativemodelshaveasyet beenpresentedwith a comparabledetailor evaluation”.

5.2 ARBIB

Another situatedsystembasedon Hi-NOON simulationsis the ARBIB autonomousrobot [10] which hasbeen
implementedon a varietyof hardwareandsoftwareplatforms.ARBIB learnsfrom andadaptsto its environment,
whichconsistsof hardobjectsandlight sourcescastingshadows.A primarygoalof thiswork wasto testthenotion
that effective robot learningcan be basedon neuralhabituationandsensitization,so validating the suggestion
of Hawkins and Kandel [19] that (associative) classicaland ‘higher order’conditioningmight be basedon an
elaborationof these(non-associative)formsof learning,cf. their ‘cell biologicalalphabet’.

Accordingly, ARBIB’s ‘nervoussystem’hasa non-homogeneouspopulationof spiking neurons,its drive to
explore its environmentwasprovidedby a simplecentralpatterngeneratorneuralcircuit [29], andlearningwas
by modificationof a basic,pre-existing (‘hard-wired’) reflex to reverseand turn on hitting an obstruction.By
monitoringfiring ratesof specificneuronsandsynapticweightsbetweenneuralconnectionsasARBIB learns,we
haveconfirmedthatbothclassicalandhigher-orderconditioningoccur, leadingto theemergenceof interestingand
ecologically-valid,obstacle-avoidancebehaviors.

SynaptogenesisARBIB’s synapticplasticity, providedby modelsof associative classicalconditioningandnon-
associative sensitizationandhabituation,allows it to learncollision avoidanceskills by switchingfrom short-to
long-rangesensorymodalities.However, oncethelong-rangemodalityhasbecomedominantin eliciting theavoid-
ancereflex, thisconditionedresponsewill eventuallyextinguishvia autonomousdecay[10,32], whichconstitutes
ARBIB’s short-termmemory. Thus, the useful information is lost until ARBIB onceagainre-acquiresthe skill
throughstimulussubstitutionfor acollision avoidancereflex. This is thestability-plasticitydilemma[7,16].

ARBIB thereforeneedsa way to keepuseful informationacquiredby its short-termmemorybeforeit extin-
guishes.Here,we apply the synaptogenesisintroducedin the previoussectionto ARBIB’s nervoussystemin an
attemptto stabilizetheretentionof usefulinformation.

Obstacle avoidance experiments A Nomad Scout 2 robot (seehttp://www.robots.com), controlled
throughthe NomadicTechnologiesNserversoftwarevia the Scout’s hostport, wasusedfor all experimentsre-
portedin this subsection.TheScouthas6 bumpsensorsand16 sonardevicesarrangedaroundits circumference
(Figure7). In this instantiationof ARBIB, the infraredsensoryneuronshave beenreplacedby sensorycells that
arecoupledto theScout’s forwardfacingsonardevicesandthedeltalight sensoryneuronshavebeendisabled.

A total of 14 runswascarriedout.Each11 minuterun consistedof ARBIB having freerangeto travel around
therobotlaboratory, negotiatingobstaclesin its path.Thefirst sevenrunsweremadewith synaptogenesisenabled
in theHi-NOON model.For comparison,theremainingrunsweremadewith synaptogenesisdisabled[14].

By interactionwith the environment,ARBIB learns(by stimulussubstitution)to elicit its avoidancereflex.
Hence,the measureof bump sensoryneuronactivity (the unconditionedstimulus)is a useful indicatorof how
successfullyit haslearnedto avoid directcontactwith obstacles.Figure8 showstheaverageactionpotentialcount
for binsof 100membranepotentialsamplepointsthroughoutthetests.



Fig.7. TheNomadScout2 instantiationof ARBIB usedin thesynaptogenesisexperiments.

Resultsof the first sevenrunsareshown in Figures8(a)and8(b). Comparingtheseresultswith Figures8(c)
and8(d), we seea decreasein activity during the runswith synaptogenesisenabled.An interestingobservation
is that Figure 8(b) still shows activity at the end of the test. This meansthat stimulussubstitutionduring the
synaptogenesisruns hasimproved the obstacleavoidanceskill of ARBIB, but seemsnot to have saturatedthe
network with anoverwhelmingpopulationof new synapses.

However, theimportantsubjectof ‘forgetting’ in thecontext of synaptogenesismustbemadea focusof future
work. As pointedoutby Bailey andKandel[1, p.42]:

“Recentstudiesin vertebratesfurtherstrengthentheideathat thenervoussystemmayutilize similar cell
biologicalmechanismsto achieve learning-relatedplasticity in the matureanimalasit doesfor synapse
formationduringdevelopment. . . atcritical developmentalstagestherefinementof synapticconnections,
their growthandregression, is determinedby anactivity dependentprocessthatseemsrelatedto LTP in
thehippocampus.”

Cell Synapses
Pre PostAveragenumberCollective weight
RIR IIL 18 22
RIR IIR 30 139
LIR IIL 18 128
LIR IIR 6 30

Table 1. Summaryof synapticgrowth andcollective synapticstrength.KEY: LIR – left infraredsensoryneuron;RIR – right
infraredsensoryneuron;IIL – left ipsilateralinfraredinterneuron;IIR – right ipsilateralinfraredinterneuron.See[10, Fig. 5]
for full details.Pre andPostaretheidentifiersof pre-andpost-synapticcells,respectively. (In the implementationusedhere,
‘infrared’ sensoryneuronswereactuallyconnectedto theforwardsonarsensorsof Nomad.)

In Table1, Pre andPost are the identifiersof pre- andpost-synapticcells, respectively. The termsaverage
numberandcollectiveweightreferto theaveragenumberof synapsescreatedbetweenthepre-andpost-synaptic
cells over the first seven test runs,and the total synapticweight betweenthe pre- and post-synapticcells also
averagedover thefirst seventestruns,respectively.

The collective weight valuesof 139and128 in Table 1 show an importantadaptationin ARBIB’s nervous
systemandsoareworthyof closerinspection.Thesetwo figuresareinterestingbecausetheirpre-andpost-synaptic
cells arealsothe ipsilateralpairsof neuronswhich allow thesonarsensorsto act, throughstimulussubstitution,
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(a)Left bumpsensoryneuronfiring activity with synaptogenesis.
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(b) Rightbumpsensoryneuronfiring activity with synaptogenesis.
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(c) Left bumpsensoryneuronfiring activity without synaptogen-
esis.
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(d) Right bumpsensoryneuronfiring activity without synaptoge-
nesis.

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



for bumpsensorson thesameside[10, Figure5]. This makesmoresensethanif thecontralateralconnections–
thepre-andpost-synapticpairswith collective weightsof 22and30, respectively – hadbecomedominant.If the
sonarsensorytransducerswereto beswappedover, weexpectthatthecontralateralpairswouldbecomedominant
instead.This experimentremainsto bedone.

5.3 Colour Perception

This subsectiondescribesrelatedwork with Hi-NOON andis givenasanexampleof interfacinga complex sense
modality to a Hi-NOON server simulator. TheHi-NOON retinais constructedfrom anarrayof (10 ¥ 10) receptive
fields.Eachreceptive field is inspectedby threeneuronssensitive to red,green,andbluelight. This arrangement
resultsin 300sensoryneuronsspreadoveragrid of 100receptivefields,shown in Figure9.
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Red 1:1 Green 1:1 Blue 1:1 Red 10:10 Green 10:10 Blue 10:10
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300 Sensory neurons

Colour interneurons

Colour output neurons

Fig.9. A neuralcircuit for colourdetectionin theretina.

Fig.10.View from therobot’s cameraof a blueobject,showing theretina.

Eachredsensoryneuronmakesanexcitatoryconnectionwith the RED interneuron.Thesameschemeis fol-
lowedby thegreenandbluesensoryneurons(which in turnconnectto theGREEN andBLUE interneurons,respec-



tively). Inhibitory connectionsmadefrom the RED interneuronto theI GREEN andI BLUE colouroutputneurons
(with thesamereasoningapplyingto the GREEN andBLUE interneurons)createcompetitionbetweenthecolour
outputs.An imagetakenfrom theretinaof a blueobjectis shown in Figure10,with anexampleof circuit activity
is shown in Figure11.
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(a) Activity dueto thecolourredin theimage.
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(b) Activity dueto thecolourgreenin theimage.
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(c) Activity dueto thecolourbluein theimage.

Fig.11.Neuralactivity in theI RED, I GREEN, andI BLUE colouroutputneuronsof Figure9, in responseto theimageformed
on theretinashown in Figure10.

As canbeseenin Figure11(c),theI BLUE neuronshows themostactivity. Hence,this indicatescorrectlythat
theimageformedon theretinahasa greaterbluecomponentthanred(Figure11(a))or green(Figure11(b)).

5.4 Applying Hi- NOON to Humanoids

Brooks,perhapsthe bestknown exponentof behavioural robotics,hasraisedtwo concernsaboutbiology asa
motivationfor robotics.First,adangerlies in modelingbiologicalsystemstoo closelybecausethismayresultin a
modelthat is inefficientor indeedhasredundantstructures[5]. Second,any attemptat functionaldecompositions
from whatis known of thebrainshouldbetreatedwith scepticismbecauseit “. . . doesnothavethemodularitythat
eithera carefullydesignedsystemmight have,nor a philosophicallypure,wishedfor, brainmight have.” [6] Our
work recognizesthesepoints,asHi-NOON abstractsawayfrom finegraindetailsof, for example,ion channels,and
is notexplicitly targetedat themodelingof “modulesextractedfrom” vertebratebrain.

Humanoids and the Turing test Harnad[18] hasobserved that the Turing test is underdeterminedandso has
describeda hierarchyof testswhichcouldbeappliedto robotsof varyingsophistication.Thesimplestlevel of the



hierarchy, T1, is concernedwith modelsthatdescribea fragmentof our total abilities.Next in thehierachyis T2,
theoriginal Turing test.Humansensory-motorcapabilitiesarethedomainof T3, with T4 concernedwith robots
which areneuromolecularlyidenticalto their humancounterparts.

Hence,a humanoidentersthe hierarchyasa candidatefor T3. It is a machinewhich duplicatesour sensory-
motorcapabilitiesin sucha thoroughway thatit is potentiallyableto gainexperienceof theworld comparableto
our own.

Moti vational states– a clue to scaling? So far our machinesarecandidatesfor a Turing test falling between
T1 andT2 of Harnad’s hierarchy. We are still very much on the learningcurve and don’t know the detailsof
cognitivearchitecturesneededby ahumanoid.However, throughanimalandanimatstudies,weareableto identify
someof thelow-level attributesthatexist in all creatures,from simplemolluscsandinsectsupwards.For example,
animalshave motivationalstates,they experiencehungerand fear to namebut two. Motivationalstatescanbe
thoughtof asthedriving forcefor ananimal’sactivities in its environment.

Let usprovide our Hi-NOON basedrobot,ARBIB, with motivationalstatesfor hunger(for appetitive stimuli),
andfear (of aversive stimuli). Onceactive, a motivationalstatewill prime appropriatebehaviors which arethen
selectedby releasersin theenvironment.For example,if therobot is in thepresenceof anaversive stimulusthen
it may freezeor attemptto escape.Alternatively, if it is hungry it may foragefor appetitive stimuli, andwhen
in the presenceof an appetitive stimulusit may approachandattemptto collect it. Thesemotivationalstatesare
mutuallyexclusive. ARBIB cannotexhibit bothhungerandfearat thesametime. Similarly, it cannotboth freeze
andattemptescapewhenfearis thedominantmotivationalstate.It would beinterestingto seehow ARBIB copes
with motivationalconflicts.

Also, ARBIB, ontheroutefrom animatto humanoid,mustbeableto setits own goals.Thisaspectof autonomy
hasbeendefinedby Smithers[31]:

“. . . the underlyingnotion is oneof self-law making,or self-governing,and it is closely relatedto the
conceptsof self-identityandself-determination:anautonomousagentis onewhosebehavior is regulated
by rulesor lawsgeneratedby itself. As a result,its identity is a productof itself: it hasself-identity.”

Theprincipleof anagent’s identity beinga productof itself (andinteractionswith its environment)hasbeen
commentedonby Black [2]:

“. . . Animalsraisedin complex environmentsaresuperioratmany differenttypesof learningtasks.These
abilitiesaregeneralizedacrossawide rangeof learningtests,. . . theenrichedratappearsto have learned
howto learnbetter.”

Perhapsthe way to approachthis is by basingall behaviour uponlower level motivationalstates.For exam-
ple, the conditioningof motivationalstatesto chainedexternalstimuli might leadto a kind of “expectationof a
unconditionedstimulus(US)”, andfrom thereto thedual-brain hypothesisasoutlinedby Lieberman[21]:

“Perhapsthefirst learningsystemto evolve wasa relatively primitiveonein which theconditionedstim-
ulus(CS)wassimply associatedwith theUS,andthuselicitedthesameresponses.In thecourseof time,
a higher, cognition-basedsystemappearedthat involvedactive anticipationof theUS, thusallowing sub-
jectsto selecta wider rangeof preparatoryresponsesthanthe innateones.Insofar asboth systemsstill
coexist in vertebrates,this would explain why animalssometimesactasif theCSwerea signalfor food
andat othertimesasif it wereactuallyfood.”

Interaction A humanoid’scompetencesmustincludesocialinteraction.For this to berealistic,a humanoidmust
beacceptedasanindividual throughthedisplayof human-likepre-programmedbehaviors.Suchbuilt-in ‘knowl-
edge’will helppeoplerelateto, andinteractwith therobot.

Throughsocial interaction,a humanoidlearnsthe correct(and incorrect)approachesto achieving its goals,
many of which will beinextricably linkedwith thoseof thepeopleinteractingwith it. This canbeapproachedby
learningsecondaryreinforcers[21, p.202]which satisfythe robot’s active motivationalstate.Thus,cooperation
betweenhumanoidandhumansshouldemergequitenaturallyastherobot’sexperiencewith peopledevelops.

Generating circuits Thenext stageof Hi-NOON’s developmentis the automationof neuralcircuit design.This
will go someway towardssolving the problemof designingthe neuralarchitectureof an artificial creature–
building Minsky’s ‘library’ [23]. Suchartificial creatureswill adaptto their environmentat synapticplasticityand
nervoussystemarchitecturallevels.



Implementation Building ahumanoidrobotis probablyoneof themostcomplex engineeringtasksthatcouldever
beundertaken.Everythingfrom compliantlimbsto colourvisionmustclosetheperception-actionloopthroughthe
environment,controlledby a nervoussystemwhich hassuitablyspecializedstructuresfor thesedifferentaspects
of therobot.Hence,a methodof high-level implementationis needed.

Oneapproachis anexaminationof neuralsubsystemsin anobject-oriented‘top down’ manner. At thetoplevel
of abstraction,ahumanoid’snervoussystemis onelargenetwork object.Thisin turnis representedasmodulesthat
handlespecificI/O operations(e.g.patterngeneratorsfor controlling actuatorswith positionfeedback,or image
processingprovidedby edgedetectionof moving stimuli). Decompositioncontinuesuntil eachmodulebecomesa
network objectwhoseI/O requirementis smallenoughto behandledby a serversimulator.

Hi-NOON’s serverscreatea naturalenvironmentfor this circuitry, supportingspecializedhardwarethatin turn
providesfacilitiessuchasimagecapturefor vision andservo controllersfor motorcontrol,or serialandparallel
communicationports to ‘intelligent’ subsystems.Distributing the specializedareasof the nervoussystemover
many processorsusingtheMPI andsocketprogrammingstandardsallows theheterogeneityof thesystemto span
multipleplatforms.If adifferentprocessoris particularlysuitedto afunction,thenit is only necessaryto re-compile
thesourcecodefor a new platformandconnecttheserverwith therestof thenetwork.

Hence,thelargenetwork objectis eventuallybrokendown into smaller, andasmentionedabove,autonomously
generated,objectsthat executeconcurrently. The MPI client simulatorsconnectthe server simulatorstogether.
Theseare intendedto form the foundationsfor circuitry capableof abstractreasoningthat is groundedin the
sensory-motoractivity of theservers[17,18].

An importantresultof this hierarchyis thathigh-bandwidthsensemodalitiessuchasvision arepre-processed
neurallyby thehostserver. Hence,a higher-level andlower-bandwidthrepresentationcanbeprojectedto anMPI
client process.

Additionally, becausethereis noconstraintonthenumberof serversthatdefineahumanoid,aclusterof server
simulatorsthatform its sensoryandmotorfacilitiescanbegrouped,togetherwith oneor moresupportingclients,
in an individual robot.Thus,a groupof humanoidswhoseclientsare linked throughwirelessethernetallows a
naturalcommunicationpathbetweenthem.

6 Conclusions

Hi-NOON is anobject-orientedneuronalcircuit simulatorspecificallydevelopedfor studyingtheneurophysiologi-
calbasisof behaviour in realanimalsandin situatedartificial systems.It simulateschangesin membranepotential
(includingspikingbehaviour) ratherthanusingthecontinuousactivationfunctionstypical of PDP-styleartificial
neuralnets.Themainsimplificationsarethat it treatseachneuronasa singlecompartment,with inputsmodeled
asaddedvoltage.In placeof differentialequations,a statesystemis used,alongwith a flexible parametersystem
to caterfor differencesbetweenneurontypesandto keeptrack of the changingstateof eachneuronover time.
This allows circuits of heterogeneousneuronsmodeledon real neurophysiologicaldatato be constructedwith a
minimumof effort andprocessedwith relativeease.Thecapabilityof Hi-NOON for usein situatedsystemsstudies
is illustratedwith examples.Theexpansionof Hi-NOON to a concurrentenvironmentaddressesthepossibilityof
usingit for realizingthelarge-scale,complex nervoussystemof a humanoidrobot.
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