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X.1 Introduction

We do not existalone.Humansandmostotheranimalspeciedive in societiesvherethe behaviourof

an individual influencesand is influenced by other membersof the society. Within societies,an
individual learnsnot only onits own, throughclassicalconditioningandreinforcementput to a large
extentthroughits conspecificspy observationandimitation. Speciesfrom ratsto birds to humans
havebeenobservedo turn to their conspecificdor efficientlearningof usefulknowledge Oneof the

most important mechanisms for the transmission of this knowledge is imitation.

At the heartof the ability to imitate lies a mechanisnthatmatchegperceivedexternalbehaviourswvith

equivalentinternal behavioursof its own, recruiting information from the perceptual,motor and
memorysystemsThis mechanismhasbeenshownto be presenevenin newborninfants,which have
beenobservedto imitate the facial gesturesof their caretakersIn humans,malfunctionsof this
mechanismsurfacedasan inability to imitate, havebeenusedasdetectorsof pathologicaldisorders
including autismand someforms of apraxia.This chapterpresentsa computationalmodel of this

mechanism.

Why is this an interestingproblem?From an engineeringperspectivedesigningan architecturethat
equips robots with the ability to imitate will allow the possibility for learning through demonstration.
A humandemonstratorcan show an exampleof the task and the robot can learn by imitating the
human.Thiswill give peopleunfamiliarwith robotprogramminghe ability to teachrobotsto perform
tasks. From a scientific perspective, research on imitation spans several disciplines including
neurophysiology psychology,psychophysicsand pathology. The available data are often found at
completely different levels of description, from neural recordings to behavioural data from human
neuropathologicalexaminations(for reviews, see (Carey, Perrett, Oram, 1997, Schaal, 1999)).
Computationalmodelling hasthe potentialto integratedatafrom severaldisciplinesin a common
platform. The needfor very precise descriptionsso that mechanismscan be implementableon
computationaland robotic platformsilluminates gapsin theories,and allows researchto focus on
filling thesegaps.Even more importantly, computationalmodelling enablesthe developmentof
predictions, which can be an important tool for directing further experiments.

In brief, this chapter offers the following contributions:

It introducesa distinction between passive and active imitation, to distinguish between
approachesvherethe imitator goesthrougha “perceive - recognise- reproduce”cycle (passive
imitation) and the motor systemsare involved only during the AAreproduce®@se,and the
approachesvherethe imitatorOmotor systemsare actively involved evenduring the perception
process (active imitation).
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It developsa computationalarchitectureinspired by Meltzoff©sActive Intermodal Matching
mechanism (Meltzoff & Moore, 1997), hypothesised to undarantimitation. The architecture
(thatbelongsto the ““passive" category)is capableof imitating and acquiringany demonstrated
movementhatis within the capabilitiesof the imitator, butits ““passive" characteristicslo not
correlate well with some of the biological data availableafbrlt imitation.

To overcomethe disadvantagesf the passivearchitectureabove,a novel, distributedimitation
architecturewith ““active" propertiess developedThenovelty of this architecturdiesin thatthe
same motor structuresthat are responsiblefor the generationof a movementare recruitedin
orderto perform movementperception Imitation becomesan active, predictive processinstead
of going through a passive “perceive- recognise— reproduce" cycle, the imitator actively
generategossiblebehavioursin parallel, executesthem on internal forward models (internal
simulators,or predictors)and selectsamongthem basedon the quality of the predictionsthey
offer with respecto the statesof the on-goingdemonstrationHoweverthe disadvantagef this
routeis thatit is not capableof imitating demonstrateanovementsot alreadypresentn the
imitator©s repertoire.

In orderto getthe bestof both worlds, the two architecturesaboveare combinedinto the final
dual-routearchitectureknown movementsareimitatedthroughthe activeroute;if the movement
is novel, evidentfrom the fact that all internalbehaviourshavefailed to predictadequatelywell,
control is passedto the passiveroute which is able to imitate and acquirethe demonstrated
movement.

Computationalexperimentsare performedthat demonstratethe ability of the architectureto
imitate,aswell asacquire a variety of movementsncludingunknown,partially known, andfully
known sequence®f movements.They also reveal the inability of the architectureto match
demonstratedhovementsvith existingequivalentonesof its own, whentheyaredemonstratedt
speeds unattainable by the imitator.

Finally, the developedarchitectureis proposedas a model of primate movementimitation
mechanismsA comparisonis performedbetweenthe characteristicof the architectureand
biologicaldataon humanandmonkeyimitation mechanismslt is shownthatthey correlatewell,
thus offering possible explanationsfor the biological data. Perhapsmore importantly, the
computationalexperimentsoffer testablepredictionsregardingthe behaviourof the biological
mechanisms.

X.2 On Passive Imitation

The potential of imitation to easethe robot programming processwas recognisedby robotics
researchersvho realisedthat insteadof going through lengthy and complex programming,robots
could learn how to perform various tasks by observing a human demonstrator. Research by
(Ikeuchi & Suehiro,1992, Suehiro& lkeuchi, 1992, Kuniyoshi, Inaba& Inoue, 1994, Hovland,
Sikka& McCarragher1996,Kaiser& Dillmann, 1996,Kang& lkeuchi, 1997, Yeasin& Chaudhuri,
1997) hassuccessfullyusedhumandemonstratiorto programrobotsto performassemblytasks.The
technigueghathavebeenutilisedto achievethis differ, but the philosophyis essentiallythe samethe
imitation procesgproceedseriallythroughthe threestageof perceptionvisual systems)recognition
(memory systems),reproduction(motor systems). There isn't substantialinteractionbetweenthe
three stages, and the motor systems are only involved at the final reproduction stage.

Approachedy (Hayes& Demiris,1994,Dautenhahn]1995,Demiris& Hayes,1996,Billard, 1999)in
themobile roboticsdomainhaveattemptedo follow a differentapproactby trying to deviseimitation
mechanismshat will work directly without a recognitionstage.This line of work is relatively new,
butit makesanimportantdistinction:theimitator is not imitating becauset is understandingvhatthe
demonstratois showing,but rather,it is understanding becauset is imitating. Imitationis usedasa
mechanism for bootstrapping further learning and understanding.

The distinction betweenthe two approachess new in the field of roboticsbut not in psychology.
Researchersstudying imitation in infants have made a similar distinction while formulating
hypotheses



regardingthe mechanismsinderlyingearly infant imitation. (Meltzoff & Moore, 1977)first reported
young infants, between 12 and 21 days old in the original report, being able to imitate both facial and
manualgesturesincluding tongueprotrusion,mouth openingandlip protrusion. The experimenters
suggestedhat the infants are able to representvisual and proprioceptiveinformation in a form
commonto both modalities.Theseresultswere againstthe popularbelief of the time, thatinfantsare
only capableof imitation after 8-12 monthsfrom birth, andthatimitation abilities are a resultof the
infant©s

cognitive developmentVarious hypothesegegardingthe mechanismsinderlying this phenomenon
were comparedby (Meltzoff & Moore, 1989), including the ““innate releasemechanism(IRM)
model" which postulateghat the demonstrator@shavioursimply triggers and releasesquivalent
fixed-action-patterngFAPS) by the infant. The IRM modelrelies on the existenceof a setof FAPs,
but thereisn©a precisespecificationof whatthis setis (Meltzoff & Moore, 1989).IRM wasjudgedto
be an unlikely candidate for two reasons:

Therangeof actionsimitatedwaswide, which would meanthat the infantwould haveto havea
large number of FAPSs in its repertoire.

The fact that the infants attemptto and succeedn improving the quality of the imitated act
(Meltzoff, 1981).

(Meltzoff & Moore, 1983, Meltzoff & Moore, 1989) put forward the “"Active IntermodalMapping"
hypothesiswhich postulatesthat the infants use the demonstrator@sates,perceivedvisually, as a
targetagainstwhich to direct their own body states,perceivedproprioceptively.This hypothesisis
particularlyattractivein the caseof facial or headmovementgor which theinfant hasno otherway of
knowing the stateof its own body other than proprioception.The existenceof a mechanismthat
matchesstimuli betweendifferent modalitieshasalso beenadvocatedoy (Maurer, 1993), but while
MeltzoffO&AIM mechanismappeargo be activatedasa choicemadeby theinfant, Maurerargueghat
the infant©sintermodal matching of stimuli is a by-product of what was termed neonatal
““synesthesia"the infant confusesnput from the different senses.The infant, it is argued,doesnot
registerthe modality thatthe stimuli appearedn but ratherit respondgo changesn the stimulation©s
intensitysummedbver all of theundifferentiatedsensorymodalities.Synesthesig hypothesisedo be
a normalstageof early infant developmentit is arguedthat the primary sensorycortex is not very
specialisedn infants,butwith developmenit becomeso,the sense®ecomemoredifferentiatedand
“true" intermodalmatchingdevelops Whateverthe exactmechanisnis, the ability of the infant to
match stimuli betweenmodalitiesis well documentedand has been demonstratedetweenother
modalitiesin additionto the visual/proprioceptiveeasesmentionedearlier,for exampletactual/visual
intermodal matching (Meltzoff, 1981, 1993).

At this stageit is useful to draw parallels betweenthis work and the assemblyand mobile robot
imitation work mentionedearlier. There are a lot of commonalitiesbetweenthe passiveimitation
model in assemblyrobots and the IRM model in infants. Both rely on the existenceof a set of
predefinedaction patterns,which are triggeredafter the perceptionand classificationof the visual
input. This set,at leastin the robotwork is fixed, andfrequentlytunedto the requirement®f the task
in hand.

The mobile robot imitation work (Hayes& Demiris, 1994, Dautenhahn1995)is closerto the AIM
hypothesismodel, sincethe robotsdo not attemptto recognisethe type of action performedby the
demonstratorput imitate directly. However there is a difference betweenAlIM and the approach
followed by the mobile robot researchersthe robot imitators do not attempt to match the
demonstrator@gatewith their own (asAIM suggests)but usuallyachieveit by trying to maintaina
guantityconstantFor examplejn (HayesandDemiris, 1994)wherea robotlearnshowto negotiatea
mazeby imitating the movementsof anotherrobot, the imitator robot simply tries to maintainthe
distance between itself and the demonstrator robot constant.

(Demiris and Hayes,1996) presentedh computationabrchitecturethat follows the AIM modelmore
closely,anddemonstrated in the contextof imitation of headmovementsy arobotichead(Demiris



et al, 97). The details of this architecturehave beenpresentectlsewhere(Demiris and Hayes, 96,
Demiris et al 97), but the essential parts are shown in figure 1:

Figure 1: the passive imitation architecture
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The visual stimuli from the visual perceptionmodulesare fed into the postureestimationmodule,
which at eachiterationestimatesand outputsthe currentposturalstateof the demonstrato(postureis
definedhereasthe setof anglesbetweenall connectedbody partsof the agent).This posturestream
is storedin memory after beingfiltered so only the ““representativgostures" (the posturesthat are
sufficientto definethe movementsequencéo bereproducedpre retained.The posturesarethenfed
into the movementmatching module which outputsthe motor commandsneededto match these
postures with equivalent postures by the imitator, perceived proprioceptively.

Experimentgerformedutilising this architectureon a robot headin the contextof imitation of head
movements performed by a human demonstrator have shown (Demiris et al, 97) that the architecture is
capableof imitating any kind of demonstrateenovementhatthe hardwareof the imitator systemcan

afford. It does so by having very low requirements on needed information: the postures of the
demonstratorperceivedvisually, andthoseof the imitator, perceivedproprioceptively.The choiceof

posture as the unit of representation is not arbitrary. The postures of the demonstrator and imitator are
alwayswell definedandcomputableln addition,postureshavea high biological significance:animals
frequentlyusethemfor communicativepurposegBruce& Green,1990,Groothuis,1993),e.g. threat,
appeasemerdand mating postures,and humanbody language. Their biological significancemight
evenhaveled to the developmenbf specialisedeaturedetectordhatrespondselectivelyto postures.
Indeed,work by Perrettand his colleagueshasshownthe existenceof cellsin the superiortemporal
sulcus(STS) areaof the monkey@lsrain, thatrespondwhena demonstratoassumesertainpostures,

for example cellsthatareresponsiveo specificheadviews (Perrettet al, 1990,1991). Cellsselective

to otherbody partshavealsobeenreported(Tanaka93)seealso(Carey,Perrettand Oram,1997)for

an overview.

Similarly, as (Tillery, Soechtingand Ebner, 1996) point out, physiological studiesthroughoutthe
somatosensorgystemhave revealeddischargegelatedto own static limb posturesunit activity is
usually monotonicallyrelatedto changesn joint angle.The degreeof accuracyof a proprioception-
basedestimateof the static postureis not completely determined,and it has beenshown that it
improveswhenvisual informationaboutthe stateof the body partis alsoavailable(Desmurgett al,
1995),0r is evenbeingpartially substitutedoy it whenproprioceptions not availablein deafferented
patients(Ghezand Sainburg,1994). (Scott & Kalaska,1995) demonstratedhat cell activity in the
monkeymotor cortexis highly sensitiveto changesn armpostureevenif theresultinghandtrajectory
remains similar.



Finally, evidencethat, at leastsometype of movementsare controlledon the basisof a joint angular
error has been provided by (Desmurget & Prablanc, 1997) who have shown that three-dimensional
upper-limbmovementsare controlledvia a mechanismnthat is comparingan estimateof the current
postural state with a target value.

By relying on information known to exist in the human brain and requiring only an intermodal
matchingmechanismthat is known to be within the capabilitiesof infants, the passivearchitecture
abovemanifestsitself asan attractivemodelfor the infantimitation abilities. Couldit be a universal
modelfor movementmitation for later agestoo? Therearetwo issuesthat are againstthis. First, by

virtue of its design,thereis no conceptof known and novel movements:all demonstrationsare
processe@ndimitatedthroughthe samemechanism.In addition,thereis a clearseparatiorbetween
perceptionand action: the motor systemis involved only at the late stagesof imitation. Both these
aspectdiavebeenchallengedy recentbiologicaldata,andin particularhumanbrain activationdata,
that indicatethat actionsare processedlifferently if they are known to the imitator thanif they are
novel, and that the motor systemis already actively involved during the perceptionphaseof the
imitation. In the next section,a different type of architecturewill be introducedthat tacklesthese
issues,and explainsthesebiological data better. However, it would be prematureto dismiss this

““passive"architectureasinvalid. Lateronin this chapter this architecturewill be combinedwith the
“active" architectureof the nextsection:it will be usedasa learningcomponenin whatwill bethe

final dual-route active-passive imitation architecture.

X.3 Active Imitation

Having seenthe advantagesnd disadvantagesf the passiveimitation approach this sectionwill
describe work towards the development of an architecture that tightly couples the perception
andthe generationof an action. The conceptof internal forward modelswill be introduced,andthe
imitation architecture will subsequently be developed as a parallel set of

behaviourgairedwith forward models.Using a dynamicssimulatorof a thirteendegreeof freedom
robotit will be demonstrate¢how suchan architecturecanbe usedto generatean actionaswell as
perceiving it when generated by others.

Definitions

The architecturethat will be describedmakesextensiveuse of the conceptsof behavioursand of
forward models.A forward model of a controlledobject (a ““plant” asit is known in the control
literature)is a function that, given the currentstateof the plantanda control commando be applied
onit, outputsthe predictednext state.Also, for the purposef this work, a behaviouris definedasa
functionthat,giventhe currentstateof the plantandthetargetgoal(s),outputsthe control commands
that are needed in order to achieve or maintain the goal(s). Target goals might be implicit or need to be
madeexplicit. For example,for a pick-objectbehaviour,the targetobjectto be picked up mustbe
statedexplicitly andfed to the behaviourwhile for ahead-nodding-yekehaviour the targetgoal (i.e.
movingthe headdownwards)s alreadydefinedimplicitly andthe currentstateis enoughto determine
themotor commandseededo executehis behaviour. A behaviouiis similar to whatis knownin the
control literature as an “inverse model", however,contraryto behaviours,nverse modelsdo not
usuallyutilise feedbackaboutthe currentstate but outputcommandsn a feed-forwardmanner. The
boundarybetweenbehaviourand inversemodel however,is not a rigid one since, as (Wolpert &
Kawato,1998)pointedout, " evencontrol strategiessuchasfeedbackcontrol, which do not explicitly
invoke an inverse model can be thought of as implicitly constructing an inverse model".

Combinationsof forward and inversemodelshave beenusedfor variousapplicationssuchas arm
trajectory formation (Wada & Kawato, 1993) and supervisedearning (Jordan& Rumelhart,1992)
among others. Internal forward and inverse models have also been hypothesised to exist in the



humanbrain (Wolpert,Miall & Kawato,1998),wherethey areutilised for a variety of tasksincluding
sensorimotomtegration(Wolpert, Ghahraman& Jordan,1995),andmotor control(Miall & Wolpert,
1996, Wolpert & Kawato, 1998).

The architecture

The fundamentaktructureof the architecturds a behavioumairedwith aforward model(figure 2). In

orderto executea behaviourwithin this structure the behaviourmodulereceivesinformation about
the current state(and, optionally, of the targetgoal(s)),and it outputsthe motor commandshat it

believesarenecessaryo achieveor maintainthe implicit or explicit targetgoal(s).The forwardmodel
providesan estimateof the nextstate(for time t+1) which is fed backto the behaviour, allowing it to

adjustany parameterf the behaviour(an exampleof this, aswill be shownin the next section
(implementation)js adaptingthe gainsof the PID controller usedto implementa behaviourin order
to achieve different movement speeds).

Figure 2: the architecture's basic building block, a behaviour paired with a forward model.

More importantly,the samestructurecanbe usedin orderto matcha visually perceiveddemonstrated
behaviour with the imitator©s equivalent motor one. This is done by feeding the demonstrator©s
currentstateas perceivedby the imitator to the behaviourmodulesand havingit generatehe motor
commandghatit would outputif it wasin that stateand wantedto executethis particular behaviour
The motor commandsareinhibited from beingsentto the motor system.The forward model outputs

an estimatednext state which is a prediction of what the demonstrator@gext statewill be. This
prediction is compared with the actual demonstrator©s state at the next time step.

This comparisorresultsin an error signalwhich can be usedto increaseor decreasehe behaviour©s
confidence value, which is an indicator of how confident the particular imitator©s behaviour is that
it can match the demonstrated behaviour.



Figure 3 showsthe complete architecturewhich consistsof severalof the structuresthat were
described above, operating in parallel. When the demonstrator executes a behaviour, the
perceivedstatesarefed into the imitator©availablebehavioursvhich generatenotor commandghat
aresentto theforward models.The forwardmodelsgeneratgredictionsaboutthe demonstrator@ext
statewhich arecomparedvith the actualdemonstrator@tateat the nexttime step,andtheerror signal
resulting from this comparisonaffectsthe confidencevaluesof the behaviours At the end of the
demonstratiorgor earlierif required)the behavioumwith the highestconfidencevalue,i.e. the onethat
is the closest match to the demonstrator is selected.

Implementation of the architecture

This sectionpresentsandanalyseghe resultsof implementingthe architectureaboveon a dynamics
simulatorof a thirteendegreeof freedomrobot. The resultsshowthat the architectureis capableof

correctly selectingthe appropriatebehavioureven when the demonstratorand the imitator have
differentdynamics.As behaviourswe implementedsariousmovementsnvolving moving both arms
from the rest positionto variouspositions.To allow for easycomparisoncompactdescriptionand
graph display of the results,we used an “alphabet”, the posturesof the international standard
semaphoreode (ISSC) as the final positionsthat the armsreach(implementingherea total of 26

behaviours)For examplejn figure 5 the eight windowsare a snapshobf behaviourswvhich currently
show movementtowardslettersE, N, L, K, I, E, T, and E respectively.The experimentsnvolved

single movements ("letters") and sequences of movements (“"words").

A thirteendegreesf freedomsimulatedrobot was constructedandits dynamicssimulatedusingthe
DynaMechsdynamicalsimulationlibrary (McMillan, Orin & McGhee,1995). ' Bouncer" (figure 4)

hasthreedegreeof freedomat the neckjoint, threeat eachshoulder,one at eachelbow, andoneat

each wrist.

Figure 4: Bouncer, the thirteen degrees-of-freedom simulated robot

Bounceroperatesinderthe effectof gravity, soif no forcesareappliedto ajoint, the connectedody
partmovestowardthe ground.Movementis alsosubjectto friction atthejoints. Thefull experimental
platform (figure 5) consistof two simulatedrobots,a demonstratoandanimitator, with similar body
structure.In someof the experimentghat were conductedthe dynamicsof the two robotswere the
same,while in otherthey were different. The imitator is allowedto readthe demonstrator@estural
stateqjoint angles)in a crudesimulationof visual capabilities. To accounfor thefact thatin thecase
of the imitator, real vision and proprioceptionneverresultin perfectly correctvaluesof the visually
perceiveddemonstratorstatesand proprioceptivelyperceivedimitator states,uniformly-distributed
random noise is added to both of them before they become available to the imitator.



Figure 5: the complete experimental platform includes a demonstrator and an imitator (top left and right), and
windows for displaying the behaviours that the imitator is currently considering.

Behaviourswere implementedas setsof representativdbody postures,coupledwith proportional-
integral-derivative(PID) controllers (Astrom & Hagglund, 1996), that drive the controlled body
part(s)throughthesekey postureghat constitutethe behaviour. The PID controllers,one for eachof

the thirteen controlled joints, output torque values which are calculated by summing three terms: the
proportional,integral,and derivativetermsrespectively all of which are basedon the error between

the currentstateandthe targetstate.If we takee(t), the errorattimet, to bethe differencebetween

the targetstateand the plant©stateat time t, thenthe formula is as follows (for more details see
(Demiris, 1999)):

de t
dt

Tt kalignl et k;, etd Kk,

whereKp, Ki, Kd are gainscoefficientswhich were determinedexperimentally,and areallowedto
adapt (within limits) in order to cope with different movement speeds.

An importantissueto note is that the PID controllersperform bestwithin a specific rangeof gain
values; if they are not tuned within this range, they perform sub-optimally or might even lead to a
destabilizationof the controlledplant. The gain parameterKp, Ki andKd of all behavioursstart
havingtheir optimal settings but are allowedto adaptin orderto reducethe predictionerror between
theanticipatedstategproducedrom internally executecdbehavioursandperceiveddemonstratostates.
A simple adaptationrmechanismwas implementedfor this: at eachiteration, if the predictionfor a
joint anglevalue provesto be different from the actualvalue, the correspondingyainsfor the PID
controllerthat controlsthatjoint angleareincreasear reduceddependingon whetherthe prediction
underestimatedr overestimatedhe actualvalue) by a small constantamount.However,althoughthe
gain parametersare allowed to fluctuate, (experimentallydetermined)upperand lower boundsare
imposedin orderto preventthe controllerfrom outputtingvery high torquevaluesand destabilising
the plant. As it will be demonstratedhater, this rendersthe perceptionof particularinstancef some
behaviours impossible.

The DynaMechssimulation package(McMillan, Orin & McGhee, 1995) includes libraries for
simulatingrigid body dynamics,andthesewereusedin orderto implementthe forward models.The
procedure involves four steps:



Applying the forces supplied by the behaviour,taking into accountthe current state (joint
positions and velocities) of the robot.

Calculatingall the forcesexerted(including joint friction and gravity) and the inertiasthat are
present in each joint.

Calculatingthe resultingaccelerationsecursivelyfor eachbody part startingfrom the torsoand
moving towards the wrist.

Calculating the new state (joint positions and velocities).

Althoughin the experimentseportedhere,the forward modelsaredirectly codedin, they canalsobe
learnedby randomly generatingmotor commandsand using the resultingactual stateas the target
output state for the forward model, in what is sometimescalled ““motor babbling" (Bullock,
Grossbergd Guenther1993,Jordan& Rumelhart,1992) which is consideredan importantstagein
the development of infants (Meltzoff & Moore, 1997, Meer, Weel & Lee, 1995).

Experimental results

The first setof experimentgeportedhere consistsof the demonstratoperforminga behaviourthat
was composedof a single action and the imitator observingit having a set of behavioursin its

repertoire The numberof behaviourds notimportantsincethe behaviourgunin parallelandtheyare
independentof each other (only their confidencesneedto be compared,a simple computation
performedat the endof the demonstration).Experimentswith six behavioursare shownfor graph
clarity reasons.

Figure6 showan exampleconfidencegraphfor anexperimenwherethe demonstratowasexecuting

the behaviourR], while theimitator hadin its repertoirebehaviourdA, B, C, D, E, R]: theimitator©s

Figure 6: Confidences of imitator©s internal behaviours [A, B, C, D, E, R] when demonstrator executes behaviour
[RI;

behavioursstart initially by having the same confidence,zero, and end up having a confidence
correlated with their similarity to the demonstrated behaviour. Since the demonstrator is demonstrating
themovementowardsreachingthe letter[R], theimitator©fR] behaviourgetsthe highestconfidence,

well abovezero.All the otherbehavioursendup well below zero.Sinceall the behavioursn the first
iterationassumehe postureof the demonstratorinitially, andfor severaliterations,they all receive
positivereinforcementpecausehey all look plausibleat the onsetof the movementlt is only aftera

few iterations(i.e. after the demonstratednovemenhasadvanced}hat someof the behaviourdook
lessplausible(i.e. their predictionsare very different from the actualdemonstratedtates),andtheir
confidence levels begin to reflect that.

Similar resultswereobtainedwith a variety of differentdemonstratoandimitator dynamicsandwith
behavioursmplementingsequencesf movements("words"). The full setof experimentalresults
can be found in (Demiris, 1999).

Thearchitecturedescribedn this sectiononly consideredhe caseswvherethe demonstratedctionor
sequencef actionswere alreadyin the imitator©sepertoire.If the demonstratedctionis notin the
imitator©setof known actions,it will neitherbe recognisedr imitated.In the next sectionwe deal
with thesecasespy blendingthe activeimitation architectureof this section,with the passiveone of
the previous section, with the final dual-route architecture able to imitate and learn novel behaviours.



X.4 Combining Active and Passive Imitation Routes

In the experimentsdescribedin the previous section, the demonstratordoes not perform any
movementghat are not alreadyin the imitator©sepertoire.One of the imitator©sehavioursalways

ends up having positive confidenceand is selectedas the one to be imitated. However, if the
demonstratoperformsa behaviourthat the imitator doesnot know (figure 8), all behavioursendup

with negative or zero confidence and none of them is judged as suitable for imitation. This can be used
asatrigger conditionin orderto attemptto learnthe demonstratedehaviour.Note thatin the work
reportechere learningis the procesof acquiringa behaviour githerits trajectoryspecificationsor the

motor commandsneededto achieveit. Learning as used here does not imply generalisationor
adaptatiorto differentcircumstance®r any otherprocessessusedin the field of machine learning

(Shavlik & Dietterich, 1990).

The solutionthatis proposedn this sectionis to usethe passivearchitectureof section2 in orderto
imitate any movementsot alreadyin the imitator©sepertoire Figure 7 demonstratethis at the high
level.

The representativeposturesthat are extractedwhile the unknown behaviouris demonstrated are
stored, and together with a PID controller, form new behaviours which are added to the imitator©s set.
Figure 7: the complete dual-route architecture featuring generative-predictive and learning components.



Figure 8 shows the confidencesplot of the imitator©dehaviours[A-F] while the demonstrator
executesARGAIl of the imitator©sehavioursend up with a negativeconfidencevalue; concurrently
with theinternalexecutionof candidatébehavioursthe passiveroutewasextractingthe representative
posturesof the demonstratednovement.Sincenone of the behavioursperformedadequatelyduring
thedemonstrationthe extractedrepresentativposturestogethemwith a PID controller,formeda new
behaviour ([learned-R]) which was added to the imitator©s repertoire.

Figure8: Confidence®f imitator©mternalbehaviourdA, B, C, D, E, F] when demonstratoexecutedehaviour
[R];

The experimentis now repeatedvith the imitator equippedwith the [learned-R]behaviour.Figure9
showsthe confidenceglot of the imitator©mternal behavioursvhile the demonstratoexecutegR],
where [learned-R] does end up with positive confidence. This demonstrateghe ability of the
architecture to learn new behaviours through the passive route and utilise them through the active one.

Figure 9:Confidences of imitator©s internal behaviours [A, B, C, D, E, Learned-R] when demonstrator executes
behaviour [R];



Experimentsvere also donewith sequencesf movementscoveringthe casesvhereall or someof
thedemonstratedomponent®f the sequencareknown,andthelearningof the sequencés required,
with equally favourable results (Demiris, 1999).

X.5 A model of primate imitation mechanisms

In the previoussectionsiwo imitation architecturesvere presenteda passiveandan activeone,anda
combinationof them was subsequentlydeveloped.In this section,the biological plausibility of the
combineddual-routearchitecturewill be examinedby proposingit as a model of primate action
imitation mechanismsFirst, a setof criteria that a model must meetin orderto be usefulwill be
presented, followed by an analysis of the model based on these criteria.

On criteria for useful models

Despiteextensiveusein the Artificial Intelligence,Cognitive ScienceandArtificial Life fields of the
word AAmodel©©, there are surprisingly few attempts to develop a set of criteria with respect to
whata properandusefulmodelshouldbelike (notableexceptionsfrequentlyfrom scientistan other
fields, include (Lehman, 1977, Rothenberg, 1989, Webb, 1993). By considering programs as the
computationabmbodiment®f atheoryof how the modelledsystemmightwork, a substantiahmount

of theoreticalwork from the philosophyof scienceliterature (Popper,1972) on the possiblecriteria
concerningthe adequacyand properform of a theorycanbe usefulhere.Having asa primary target
the development of useful models, the following criteria were set for use in this work:

A modelshouldbe clearonwhatit is a modelof. This allows the incorporationof a numberof
piecesof evidenceregardingthe structureand behaviourof the modelledsystemastest setsfor
the plausibility of the model. A model should be accuratewith respectto this evidence.The
degreeof accuracyandthe rangeof evidencehatit agreesvith canbeused asa measuref the
generality of the model.

By virtue of beingdesignedasan analogof the modelledsystema modelshouldprovidepossible
explanations for the data available about the modelled system.



A modelshouldbe ableto generatdestablepredictionsThisis consideredmportantin orderto
establishthe scientific usefulness of the model, and demarcatet from uselessexercisesin
computer programming.

The architecture as a model of primate imitation mechanisms

Thefirst criterion of the onesdescribedearlierrequiresan explicit statementn whatthe architecture
is amodelof. Theaim of this sectionis to proposehe dual-routearchitecturedescribedn section4 as
a modelof primateimitation mechanismsanddescribeevidencefrom imitation researchin primates
thatcanbe usedastestsetsfor the plausibility of the model. Why specificallytargetprimates?The
main reasonfor this is that, in contrastto loweranimalswhere the majority of researchhas
concentrate@n whethera certainanimalis capableof imitation or not, thereis a sufficientamountof
datawith respectto the underlyingmechanismf primateimitation to makea computationamodel
possible.

The validation data

This sectionpresentseurophysiologicalpsychologicaland brain activationdatapertainingto issues
important to the approach adopted in this work. Firstly, human brain activation data are presented,
followed by neurophysiologicaldata on mirrgreurons found in the premotor areasof the
monkeybrain. The interplay betweenobserving,imagining, performingandimitating a movements

the unifying theme of the psychophysicaldata presentedright after, and the presentationof the
validation datais concludedwith the examinationof dataavailableon humanimitation capabilities
following brain damage, focusing on resulting apraxia disorders.

Activation of brain structures in humans

In humans severalexperimentshaveinvestigatedhe interplay betweenaction generatiorand action
perception.(Fadigaet al, 1995) stimulatedthe motor cortex of humanobserversand recordedthe

motor evoked potentials (MEPs) from hand muscles, utilising the assumption that if action observation
activateghe premotorcortex(asit doesin monkeys)this activationshouldinducean increaseof the

motor evoked potentialselicited by the magnetic stimulation of the motor cortex. They found a
significantincreaseof the MEPswhen subjectsobservednovementsandadditionallythe patternsof
muscleactivationwasvery similar to the patternof musclecontractionpresenturing the executionof

the sameaction, i.e. the increasewas presentonly in thosemusclesthat are active whenthe human
subjects executed these actions.

A different setof experimentaith humansubjectsusedPositronEmissionTomography(PET) brain
scanning as a way of mapping the brain regions whose activations are associated with the observation
of handactions(Decetyet al, 1997),aswell asmentalrehearsal(Decetyet al, 1994) (similar to what

was termed internal generation in the architecture of section 3).

In (Decetyet al, 1994)normalsubjectsvereaskedto eitherpassivelyobservemovement®f a virtual
hand graspingobjectsor to imagine their own hand graspingobjects, presentedhrougha virtual
reality

system.Their brain activity during these conditions was mapped.The results demonstratedhat
cortical and sub-corticalmotor structureswere activated both during movementobservationand
movementimagery. It was concludedthat consciouslyrepresentingan action involved a patternof
cortical and subcorticalactivationthat resembleghe one observedduring an intentionally executed
action.lIt is importantto notethat during the observatiorcondition,subjectswereinstructedto watch
the movementf the virtual hand dsit weretheir own hand (this is similar to the first step
takenby the behaviourdn the activeimitation route,i.e. internally assuminghe observedstateof the
demonstrator).The importanceof the observer@stentionsduring observationwvas further examined
in (Decetyet al, 1997) where subjectsobservedactionswith the aim of either recognisingthem or
imitating themlater. The resultsshowedthat the patternof activationwas different betweenthe two
conditions, suggestingthat the motivations and intent of the observerduring the demonstration



determine(or at leastinfluence)which brain structureswill be activatedto processthe incoming
stimuli. (Decetyet al, 1997)alsoexaminedhe effectthat the meaningof the observedactionshason
the patternsof brain activationduring observationThe resultswerestriking: differentbrain structures
were activatedwhenthe actionsdemonstratedvere meaninglesso the observerthanthoseactivated
whenthe actionswereknown to the observer.This is very interestingsinceit indicatesthatknowing
or notthe actiondemonstratettasaninfluenceon the way this actionwill be processedn orderto be
imitated.

Mirror neurons in monkeys.

Neurophysiologicakxperimentavith macaguanonkeyshaverevealedanimportantclassof neurons
in areaF5 of the monkey©premotorcortex, which were termed mirroeurons (Galleseet al,
1996,di Pellegrinoet al, 1992). Theseneuronswerefoundto becomeactiveboth whenthe monkey
executesgoal-orientedmovementsand when it observesthe demonstratiorof similar movements
executedoy anothemonkeyor a humandemonstratorA variety of mirror neuronswerediscovered:
grasping,tearing, manipulating,and placing objectsneurons,among others.Someof the neurons
wereactiveonly duringthe demonstratiorwhile someothersremainedactivefor a while aftertheend
of the

demonstratedction. The majority of the mirror neuronsare active selectivelywhen the monkeyis
observinga particulartype of action(e.g.grasping)andsomeof themarehighly selectivenot only to
the type of action, but alsoto the particularway that the action is executede.g. graspingwith the
index finger and the thumb). The distance of the demonstrator from the monkey does not affect the
responsesf the mirror neurons,and control experimentshave ruled out the possibility that the
neuronsare active simply asa responseo particularvisual configurations(for example eitherof the
demonstrator@sand or of the monkey©swn hand) since most of them are also active when the
monkeyexecuteghe actionin darknessNon-biologicalstimuli (for example pbservinga setof pliers
grasping the object) do not activate the neurons.

Observation, imagery, actual performance and imitation

Of relevanceto the work presentedn this chapterare also psychophysicaéxperimentsnvestigating
the differencesbetweenobservingan action, imagining an action and executingthat action. (Vogt,
1995) performeda seriesof studieswheresubjectslearnedto reproducea sequencef cyclical arm
movementsegither throughrepeatedlyobservingthe sequencen a monitor, or through mentally or
physically rehearsinghe sequenceThe resultswere very interestingsince they demonstratedhat
observatioror mentalor physicalrehearsaled to similar improvementn temporalconsistencywhen
thesubjectwaslateraskedo reproducehe observationsSomefurther experimentgVogt, 1996)with
a short-termmemory paradigmwhere subjectswere allowed to observethe model movementonly
once,showedthattiming imitation did not benefitfrom any further intermediatamitation (imaginary
or physical)in the interval betweenthe presentatiorof the model movementandthe point werethe
subjectswere askedto reproduceit. Related results were obtained in mentahronometry
experimentdy (Decety,1996). Subjectswere askedto perform a task either mentally or physically.
The movementtimes requiredto executethe task were very similar irrespectiveof the modality of
execution(mentalor physical).In relatedsetsof experimentgDecetyet al, 1991, Wang & Morgan,
1992,Wuyamet al, 1995),subjectswereaskedto mentally performtasksthat would requiredifferent
physical effort and found that autonomicresponsegcardiacand respiratoryactivity) during motor
imagery paralleled the autonomic responses to physically performing the task.

Brain & cognitive disorders and imitation abilities

Sinceimitation is a complextaskinvolving theintegrationof informationfrom multiple brain systems
including perception, memory and motor systems, it has been used as a reference task for
identifying andassessingariousbrainandcognitivedisordersln particular(andmostrelevantto this
chapter)it hasbeenusedto identify andassesshevariousformsof apraxia a neurologidéorder
of learnedpurposivemovementskills thatis not explainedby deficits of elementalmotor or sensory
systems (Rothi & Heilman,1997). Apraxia usually resultsfrom brain damage(usuallyin the left



hemispherepndits symptomsvary, giving rise to the variousforms of apraxia,which areidentified
through a series of tests, that involve performance of actions on verbal command, imitation

of meaningfuland meaninglesgesturesand gesturerecognitionand naming.A type of apraxiaof
particular relevancehere is visuo-imitativeapraxia (Mehler, 1987). Patientssuffering from this
apraxiaare ableto perform meaningfulgesturesvhenthey are describedverbally, or whenthey are
asked to imitate them after a demonstration,but are unable to imitate meaninglessgestures
(Goldenberg& Hagmann,1997, Merianset al, 1997). The natureof the demonstratedct, and in
particularwhetherthe actis knownor not to theimitator, appeardo be veryimportantanddetermines
whetheror notthe patientwill be ableto imitateit. This correlatesvell with the brainactivationdata
describecdearlier,which showthat different brain areasare activateddependingon the natureof the
demonstrated

act, and its meaning to the observer (Decety et al, 1997).

Two additional disordersare also of interesthere: autism and imitation behaviour Autism is a
syndrome which includes abnormalities of social and communicative development, partially
characterisethy aninability to comprehendhe viewpointsof otherpeople(Baron-CohenFlusberg&
Cohen,1993).Peoplesuffering from autismdisplay severedeficits in imitation and pantomimetasks
(Smith & Bryson,1994), which cannotbe attributedto visual recognitionmemory, motor initiation
and basic motor coordination deficits (Rogerset al, 1996). Furthermore,autistic children show
deficienciesin empathyand joint attentiontasks,as well as an inability to engagein pretendplay
(Charmanet al, 1997).On the other side of the spectrumare patientsthat suffer from frontal-lobe
damage,and display a pathological behaviour that has been termed imitatiobehaviour
(Lhermitte, Pillon & Serdaru,1986). Thesepatientsimitate the demonstrator@gsturealthoughthey
were not instructedto do so, and sometimes evenwhentold not to do so (de Renzi, Cavalleri &
Facchini,1996). An explicit, direct commandrom the doctorto the patientwould stopthe imitation
behaviourbut a simple distractionto a different subjectwas sufficient to seeimitation reappearing,
despite the patient remembering what (s)he had been told.

Explanations
Involvement of motor systems during perception

The humanbrain andmirror neuronactivationdatasuggesthatthereis a motor systeminvolvement
during observatiorof movementThe explanatiorofferedfor thesedataby this work (Demiris, 1999)
is thatthe motor systemis activatedin orderto generatandinternally simulatecandidatebehaviours,
and offer predictionsregardingthe incoming perceptualdata from the demonstratorOn a more
specificnote,the factthat somemirror neuronsceasdo be activewhenthe demonstratioris complete
while otherscontinueto be activefor a while after the end of the demonstratiorcan be explainedif
viewedwithin the compositenatureof the organisatiorof the behavioursmorecomplexonescanbe
composedrom elementaryones.Upon completion,a behaviourX ceasedo be active; however,a
behaviourX* which incorporatesX asits initial stepwill continueto be active,sinceit is still capable
of offering further predictionsaboutthe demonstrator@sture statesuntil X* completedts remaining
steps.This suggestghat the mirror neuronsthat ceaseto be active when the demonstratediction
finishes representthat action specifically, while the other class of neuronswhich remain active
represent sequences of actions that incorporate the demonstrated action as their first part.

The active route of the architectureunderstandsn action by internally generatingit. The observer
doesimitate the demonstratednovementinternally, evenwhen it doesnot do so externally. This
featureof the architecturecould explain why physically imitating a setof demonstrategnovements
doesnot aid their later recall (Zimmer & Engelkamp,1996),aswell aswhy physicalrehearsabf a
demonstratecehaviourdoes not lead to any significant differencesin the levels of performance
improvemenfrom mentalrehearsabr mereobservatior(\Vogt, 1995).Sinceobservationjimageryand
imitation are done using mostly the samestructuregbehaviouralmodulesand forward models)the
samelaws should governtheir operation,which explainsthe mentalchronometrydataby (Decety,
1996), which indicate that it takes roughly the same time to perform a task mentally or physically.



Influence of content of the demonstrated action

The human brain activation data describedby (Decety et al, 1997) indicate that different brain
structuresareactivatedduring the observatiorof an actiondependingon whetherthe actionis known
to the observeror not. This is explained by the dual-route nature of the architecture:if the
demonstratedct is known to the imitator, thenthe correspondingehaviourin the active imitation
route will be

activatedIf thedemonstratedctis notknownto theimitator, thenthe passiveroutewill beactivated
in orderto extracttherepresentativposturesandacquirethe demonstratetdehaviour Currently,there
areno brain activationdatato correlatewith the behaviourof the architecturdor the casesvherethe
demonstration consisted of sequences of actions, and particularly partially-known sequences.

If the passiveroute is destroyed,the architecturewill no longer be able to imitate any novel
behaviours,although, with the active route intact, behavioursthat are already known will be
successfullymitated. This correlatedavourablywith the neuropathologicatlatafor patientssuffering
with visuo-imitative

apraxia (Mehler, 1987).

Predictions

The computationabktudiesof (Demiris, 1999) revealedimits to whatthe architecturecanperceive,in
particularwith respecto movemenspeedsFor examplejn figure 10, the demonstratois executinga
behaviourthat the imitator doeshavein its repertoire([cooler]); howeverthis time the imitator is
400% heavierthanthe demonstratorso it is not capableof executingthe demonstratedehaviourat
the demonstrator@peedlevels. As a result, all the behavioursend up with very low (below zero)
confidence values.

Figure 10: Confidencesof imitator©snternal behaviours[Cool, Cook, Cookie, Cooker, Coot, Cooler] when
demonstrator executes behaviour [Cooler] at speeds unattainable by the imitator.

So, if the demonstrationis performed at speedsthat cannot be attained by the imitator, the
demonstrated actions will not be understood, even if they are in the imitator©s repertoire. By
projecting this behaviourto that of the mirror neuronsdescribedearlier, the architectureoffers a
testable prediction: a mirror neuron which is active during the demonstration of an action should
not be active (or possiblybe lessactive)if the demonstratioris done at speedsunattainableby the
monkey. A further prediction with respect to mirror neurons has already been hinted at earlier in the



explanationsection. Mirror neuronsthat remain active for a period of time after the end of the
demonstratiorare encodingmore complexsequencethatincorporatethe demonstratioras their first
part. Furtherinvestigationthrough manipulationof the demonstrationadding further actionsto it,
while retainingthe first part) shouldrevealthe exactsequencéhatthe neuronis encoding.Two less
easily testablepredictionsregardingthe mirror neuronsare: (a) the existenceof other goal directed
mirror neurons and (b) the trainability of new mirror neurons. The first one predicts that there
existmirror neurongfor othergoal-directedactions:sinceperceptiorandgeneratiorof an actionis so
tightly coupled, it can be expected that at least the most important actions in the monkey©s repertoire
(body postureghat conveymessagedpr examplethreatposturesfacial expressionsamongothers)
shouldhavemirror neuronsassociatedavith them.The secondnepredictsthat, sincethe passiveroute
providestheactiveroutewith new behavioursaftertheir demonstrationit shouldbe possibleto create
new mirror neurons by training the monkey to imitate a demonstrated action.

Discussion

The architecture,if viewed as a model, suggestghat when humansand other primatesobservea
movementwith theintentto imitate, they piitemselvesn the placeof the demonstrator anddo
whattheywould doif theywerein the demonstrator@tace.Understandinga demonstratechovement

comes from internally generating alternatives and selecting among those, based on the quality of their
predictions.But why predict? Why not wait until the demonstratiorhas finished and classify the
result?From an evolutionaryperspectivethe ability to predictand its adoptionduring observation

might have

prevailedsinceit allowstheanimalto act/respondo anactionof a conspecificheforethat (potentially
non-beneficial to the observer) action has been completed.

Theinitial steptakenby the observerpf putting herselfin the position of the demonstratorseemgo

be importanttoo. Autistic childrenwho suffer from an inability to do so, aswitnessedby their poor
performancen empathy joint attentionand pretendplay tests,are unableto imitate. Normal children
observing a human experimenter demonstrating an act but failing at it (for example, trying to

pull aparta dumbbell,but failing dueto finger slippage),do imitate the intendedactionof the human
successfully, but do not do so when they see a mechanical device trying to do the same act but failing
(Meltzoff, 1995).An explanatiorfor this could be thatthe childrendid manageo imaginethemselves

in the place of the demonstratowhen the demonstratowas humanbut not when it was not of
biological nature.As alreadymentionedearlier,mirror neuronsalso do not respondwhenthe action

(e.g. grasping) is done with pliers, and not by a human arm (Gallese et al, 1996).

Thedualroutenatureof the architecturas interestingtoo. It wasalreadydiscussedn the explanations
sectionearlier, that damagingthe passiveroute leadsto behavioursimilar to that of visuo-imitative
apraxic patients.What aboutthe reversecondition? Thereis currently no evidencefor the reverse
dissociation,i.e. having the active route destroyedwhile retaining the passiveone intact. This
conditionwould be hardto detect,sinceknown behaviourscanstill be imitated throughthe passive
route as being novel. However, it is importantto note that, essentially,the active route mapsthe
observednovementdo the imitator©mternalones,.e. it servesasarecognitionprocessAny internal
representationassociatedvith thesebehavioursincluding symbolic ones,for examplethe nameof
the behaviour,or emotionalsignificance,intentionsor any other attributes)canbe retrievedthrough
this route (notethat it has beensuggestedGallese& Goldman,1998) that the role of the mirror
neuronsis to facilitate the detectionof the mentalstatesof observedconspecificdy adoptingtheir
perspective)Therearecasegeportedrelatedto a disruptionto this process(Rothi, Mack & Heilman,
1986)reportediwo patientswho could imitate demonstrategpantomimesbut could not recognise(or
discriminate among) them in what is termed as pantomime agnosia

In the experimentgeportedin this chapter,all behaviourghat are presentin the imitator©sepertoire
are activatedin order to generatealternativesand offer predictionsas to what comesnext. For
efficiencyreasonsit is conceivablahat contextcanbe usedin orderto selectamongall the available
actionsthe onesthatareapplicableor at leastrelevantto the currentsituation.Althoughit is still early
to speculate about the exact nature of this process, experiments with humans and monkeys have shown



thatactionsapplicableto a certaincontextareretrievedevenif no actionis requiredon behalfof the
subject.(Rizzolati et al, 1988, Murata et al, 1997) have shownthat thereare neuronsin the areaF5
(sameareawith the mirror neurons)of the monkey©gremotorcortexthatare active during grasping
movements,but are also active when the monkey views a graspableobject. The interpretation
favouredby the experimentersvasthatthe responsesf the F5 neuronsrepresentethe descriptionof
the presentedbjectin motor terms,i.e. the visual featuresof the object are automaticallytranslated
into a potentialmotoraction(regardles®f whetherthe monkeyintendedto moveor not). In humans,
experimentsvith positronemissiontomographyhaveshown(Graftonet al, 1997)that observatiorof
tools activatedthe premotorareasin the absencef any overt motor demand(it is interestingto note
thatthe additionaltaskof silenttool namingdid notresultin any additionalactivationof the premotor
cortex,but tool-usenaming did). Thesedataindicatethatthe brain might indeedbe usingcontextto
reduce the amount of behaviours that will be tried out.

Currently, a single presentatioris enoughfor the architectureto acquirea new behaviour.It is not
clear how this relatesto primate behaviourbut the architecturecould be modified so that only
frequently-occurringbehavioursget acquired, or possibly the most biologically-importantto the
imitator. Then the passiveroute would essentiallyact as a short-termmemaorythat would filter the
behaviours letting only some of them through to the long-term memory of the active route.

X.6 Epilogue

In this chapter,a computationalarchitecturefor equippingrobotswith the capability to imitate was
proposedand subsequentiyroposedasa modelof primateimitation mechanismsThe architecture
hasan active and a passiveroute: within the active route, the imitator mentally placesitself in the
place of the demonstratorand internally executes( imagines dandidatebehaviours,eventually
selectingamong them basedon the accuracyof their predictionsregardingthe demonstrator s
incoming statesasthey are beingperceivedasthe demonstratiorunfolds. If thereare no behaviours
that can predict sufficiently well, the passiveimitation route learnsthe demonstratedehaviour,and
adds it in the imitator s behavioural repertoire.

Computationakxperimentsvere performedinstantiatingthis architectureusinga dynamicssimulator
of a thirteen degreesof freedomrobot, and showedthe architectureto be able to imitate known
behavioursaswell asacquiringnew onesand successfullyutilising themlater. The architecturewvas
alsoproposedasa modelof primateimitation mechanismsndits characteristicsas exploredby the
computationakxperimentsyvere correlatedwith dataon biological imitation generatinga numberof
explanationsand predictions. Completelyunderstandinghe underlyingmechanismf imitation is
still a distantgoal, and utilising computationaland robotic architecturesas models of real neural
systemss adifficult andrelatively new endeavourput the biological datathat areavailableindicate
that the behaviour displayed by this architecture is towards the right direction.
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