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X.1 Introduction

We do not existalone.Humansandmostotheranimalspecieslive in societieswherethebehaviourof
an individual influencesand is influencedby other membersof the society. Within societies,an
individual learnsnot only on its own, throughclassicalconditioningandreinforcement,but to a large
extentthroughits conspecifics,by observationand imitation. Speciesfrom rats to birds to humans
havebeenobservedto turn to their conspecificsfor efficient learningof usefulknowledge.Oneof the
most important mechanisms for the transmission of this knowledge is imitation.

At theheartof theability to imitate lies a mechanismthatmatchesperceivedexternalbehaviourswith
equivalentinternal behavioursof its own, recruiting information from the perceptual,motor and
memorysystems.This mechanismhasbeenshownto bepresentevenin newborninfants,which have
beenobservedto imitate the facial gesturesof their caretakers.In humans,malfunctionsof this
mechanism,surfacedasan inability to imitate,havebeenusedasdetectorsof pathologicaldisorders
including autismand someforms of apraxia.This chapterpresentsa computationalmodel of this
mechanism.

Why is this an interestingproblem?From an engineeringperspective,designingan 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 robotprogrammingtheability to teachrobotsto perform
tasks. From a scientific perspective, research on imitation spans several disciplines including
neurophysiology,psychology,psychophysicsand pathology.The availabledata 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 has the potential to integratedata from severaldisciplinesin a common
platform. The need for very precise descriptionsso that mechanismscan be implementableon
computationaland robotic platforms illuminates 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 introduces a distinction between passive and active imitation, to distinguish between
approacheswherethe imitator goesthrougha ‘‘perceive- recognise– reproduce’’cycle(passive
imitation) and the motor systemsare involved only during the ÁÁreproduce©©phase,and the
approacheswherethe imitator©smotor systemsareactively 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 underlie infant imitation.  The architecture
(that belongsto the ``passive'' category)is capableof imitating andacquiringany demonstrated
movementthat is within the capabilitiesof the imitator, but its ``passive'' characteristicsdo not
correlate well with some of the biological data available for adult imitation.

· To overcomethe disadvantagesof the passivearchitectureabove,a novel, distributedimitation
architecturewith ``active'' propertiesis developed.Thenoveltyof thisarchitecturelies in that the
same motor structuresthat are responsiblefor the generationof a movementare recruitedin
order to performmovementperception. Imitation becomesan active,predictiveprocess:instead
of going through a passive``perceive- recognise– reproduce'' cycle, the imitator actively
generatespossiblebehavioursin parallel, executesthem on internal forward models (internal
simulators,or predictors)and selectsamongthem basedon the quality of the predictionsthey
offer with respectto the statesof the on-goingdemonstration.Howeverthe disadvantageof this
routeis that it is not capableof imitating demonstratedmovementsnot alreadypresentin the
imitator©s repertoire.

· In order to get the bestof both worlds, the two architecturesabovearecombinedinto the final
dual-routearchitecture:knownmovementsareimitatedthroughtheactiveroute;if themovement
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 performed that demonstratethe ability of the architectureto
imitate,aswell asacquire,a varietyof movementsincludingunknown,partiallyknown,andfully
known sequencesof movements.They also reveal the inability of the architectureto match
demonstratedmovementswith existingequivalentonesof its own,whentheyaredemonstratedat
speeds unattainable by the imitator.

· Finally, the developedarchitectureis proposedas a model of primate movementimitation
mechanisms.A comparisonis performedbetweenthe characteristicsof the architectureand
biologicaldataon humanandmonkeyimitation mechanisms.It is shownthat theycorrelatewell,
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 programmingprocesswas recognisedby robotics
researcherswho 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& Ikeuchi, 1992, Kuniyoshi, Inaba & Inoue, 1994, Hovland,
Sikka& McCarragher,1996,Kaiser& Dillmann, 1996,Kang& Ikeuchi,1997, Yeasin& Chaudhuri,
1997)hassuccessfullyusedhumandemonstrationto programrobotsto performassemblytasks.The
techniquesthathavebeenutilisedto achievethis differ, but thephilosophyis essentiallythesame:the
imitation processproceedsserially throughthethreestagesof perception(visualsystems),recognition
(memory systems),reproduction(motor systems). There isn't substantialinteractionbetweenthe
three stages, and the motor systems are only involved at the final reproduction stage. 

Approachesby (Hayes& Demiris,1994,Dautenhahn,1995,Demiris& Hayes,1996,Billard, 1999)in
themobileroboticsdomainhaveattemptedto follow adifferentapproachby trying to deviseimitation
mechanismsthat will work directly without a recognitionstage.This line of work is relatively new,
but it makesanimportantdistinction:the imitator is not imitating becauseit is understandingwhat the
demonstratoris showing,but rather,it is understandingit becauseit is imitating. Imitation is usedasa
mechanism for bootstrapping further learning and understanding.

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



regardingthe mechanismsunderlyingearly 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
manualgestures,including tongueprotrusion,mouthopeningandlip protrusion. The experimenters
suggestedthat the infants are able to representvisual and proprioceptiveinformation in a form
commonto bothmodalities.Theseresultswereagainstthe popularbelief of the time, that infantsare
only capableof imitation after 8-12 monthsfrom birth, andthat imitation abilities area resultof the
infant©s
cognitive development.Various hypothesesregardingthe mechanismsunderlying this phenomenon
were comparedby (Meltzoff & Moore, 1989), including the ``innate releasemechanism(IRM)
model'' which postulatesthat the demonstrator©sbehavioursimply triggersand releasesequivalent
fixed-action-patterns(FAPs)by the infant. The IRM model relieson the existenceof a set of FAPs,
but thereisn©taprecisespecificationof whatthissetis (Meltzoff & Moore,1989).IRM wasjudgedto
be an unlikely candidate for two reasons: 

· Therangeof actionsimitatedwaswide, which would meanthat the infant would haveto havea
large number of FAPs in its repertoire. 

· The fact that the infants attemptto and succeedin 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©sstates,perceivedvisually, as a
targetagainstwhich to direct their own body states,perceivedproprioceptively.This hypothesisis
particularlyattractivein thecaseof facial or headmovementsfor which theinfant hasno otherway of
knowing the stateof its own body other than proprioception.The existenceof a mechanismthat
matchesstimuli betweendifferent modalitieshasalso beenadvocatedby (Maurer,1993),but while
Meltzoff©sAIM mechanismappearsto beactivatedasachoicemadeby theinfant,Maurerarguesthat
the infant©sintermodal matching of stimuli is a by-product of what was termed neonatal
``synesthesia'':the infant confusesinput from the different senses.The infant, it is argued,doesnot
registerthemodality that thestimuli appearedin but ratherit respondsto changesin thestimulation©s
intensitysummedoverall of theundifferentiatedsensorymodalities.Synesthesiais hypothesisedto be
a normalstageof early infant development:it is arguedthat the primary sensorycortex is not very
specialisedin infants,butwith developmentit becomesso,thesensesbecomemoredifferentiated,and
``true'' intermodalmatchingdevelops.Whateverthe exactmechanismis, the ability of the infant to
match stimuli betweenmodalities is well documented,and has beendemonstratedbetweenother
modalitiesin additionto thevisual/proprioceptivecasesmentionedearlier,for exampletactual/visual
intermodal matching (Meltzoff, 1981, 1993).

At this stageit is useful to draw parallelsbetweenthis work and the assemblyand mobile robot
imitation work mentionedearlier. Thereare 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 therobotwork is fixed, andfrequentlytunedto therequirementsof the task
in hand. 

The mobile robot imitation work (Hayes& Demiris, 1994,Dautenhahn,1995) is closerto the AIM
hypothesismodel,sincethe robotsdo not attemptto recognisethe type of action performedby the
demonstrator,but imitate directly. However there is a differencebetweenAIM and the approach
followed by the mobile robot researchers:the robot imitators do not attempt to match the
demonstrator©sstatewith their own (asAIM suggests),but usuallyachieveit by trying to maintaina
quantityconstant.For example,in (HayesandDemiris,1994)wherea robot learnshow to negotiatea
mazeby imitating the movementsof anotherrobot, the imitator robot simply tries to maintain the
distance between itself and the demonstrator robot constant.

(DemirisandHayes,1996)presenteda computationalarchitecturethat follows the AIM modelmore
closely,anddemonstratedit in thecontextof imitation of headmovementsby a robotichead(Demiris



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

Figure 1: the passive imitation architecture

The visual stimuli from the visual perceptionmodulesare fed into the postureestimationmodule,
which at eachiterationestimatesandoutputsthecurrentposturalstateof thedemonstrator(postureis
definedhereasthesetof anglesbetweenall connectedbodypartsof theagent).This posturestream
is storedin memoryafter being filtered so only the ``representativepostures'' (the posturesthat are
sufficient to definethemovementsequenceto bereproduced)areretained.Theposturesarethenfed
into the movementmatchingmodule which outputs the motor commandsneededto match these
postures with equivalent postures by the imitator, perceived proprioceptively. 

Experimentsperformedutilising this architectureon a robot headin thecontextof imitation of head
movements performed by a human demonstrator have shown (Demiris et al, 97) that the architecture is
capableof imitating anykind of demonstratedmovementthat thehardwareof the imitator systemcan
afford.  It does so by having very low requirements on needed information: the postures of the
demonstrator,perceivedvisually, andthoseof the imitator, perceivedproprioceptively.Thechoiceof
posture as the unit of representation is not arbitrary. The postures of the demonstrator and imitator are
alwayswell definedandcomputable.In addition,postureshavea highbiologicalsignificance:animals
frequentlyusethemfor communicativepurposes(Bruce& Green,1990,Groothuis,1993),e.g. threat,
appeasementand mating postures,and humanbody language. Their biological significancemight
evenhaveled to thedevelopmentof specialisedfeaturedetectorsthat respondselectivelyto postures.
Indeed,work by Perrettandhis colleagueshasshowntheexistenceof cells in the superiortemporal
sulcus(STS)areaof themonkey©sbrain, that respondwhena demonstratorassumescertainpostures,
for example,cellsthatareresponsiveto specificheadviews(Perrettet al, 1990,1991). Cellsselective
to otherbody partshavealsobeenreported(Tanaka93),seealso(Carey,PerrettandOram,1997)for
an overview.

Similarly, as (Tillery, Soechtingand Ebner, 1996) point out, physiologicalstudiesthroughoutthe
somatosensorysystemhaverevealeddischargesrelatedto own static limb postures:unit activity is
usuallymonotonicallyrelatedto changesin joint angle.The degreeof accuracyof a proprioception-
basedestimateof the static postureis not completely determined,and it has beenshown that it
improveswhenvisual informationaboutthestateof thebody part is alsoavailable(Desmurgetet al,
1995),or is evenbeingpartially substitutedby it whenproprioceptionis not availablein deafferented
patients(Ghezand Sainburg,1994). (Scott & Kalaska,1995) demonstratedthat cell activity in the
monkeymotorcortexis highly sensitiveto changesin armpostureevenif theresultinghandtrajectory
remains similar.



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

By relying on information known to exist in the humanbrain and requiring only an intermodal
matchingmechanismthat is known to be within the capabilitiesof infants, the passivearchitecture
abovemanifestsitself asan attractivemodelfor the infant imitation abilities.Could it be a universal
modelfor movementimitation for lateragestoo?Therearetwo issuesthat areagainstthis. First, by
virtue of its design, there is no conceptof known and novel movements:all demonstrationsare
processedandimitatedthroughthesamemechanism.In addition,thereis a clearseparationbetween
perceptionand action: the motor systemis involved only at the late stagesof imitation. Both these
aspectshavebeenchallengedby recentbiologicaldata,andin particularhumanbrainactivationdata,
that indicatethat actionsare processeddifferently if they are known to the imitator than if they are
novel, and that the motor systemis alreadyactively involved during the perceptionphaseof the
imitation. In the next section,a different type of architecturewill be introducedthat tacklesthese
issues,and explains thesebiological data better. However, it would be prematureto dismiss this
``passive''architectureasinvalid. Lateron in this chapter,this architecturewill becombinedwith the
``active'' architectureof thenextsection:it will be usedasa learningcomponentin what will be the
final dual-route active-passive imitation architecture.

X.3 Active Imitation

Having seenthe advantagesand disadvantagesof 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
behaviourspairedwith forwardmodels.Using a dynamicssimulatorof a thirteendegreesof freedom
robot it will be demonstratedhow 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'' as it is known in the control
literature)is a function that,given thecurrentstateof theplant anda control commandto beapplied
on it, outputsthepredictednextstate.Also, for thepurposesof this work, a behaviouris definedasa
function that,given thecurrentstateof theplantandthetargetgoal(s),outputsthecontrol 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 targetobject to be picked up must be
statedexplicitly andfed to thebehaviour,while for ahead-nodding-yesbehaviour,thetargetgoal (i.e.
movingtheheaddownwards)is alreadydefinedimplicitly andthecurrentstateis enoughto determine
themotorcommandsneededto executethis behaviour.A behaviouris similar to whatis knownin the
control literature as an ``inversemodel'', however,contrary to behaviours,inversemodelsdo not
usuallyutilise feedbackaboutthe currentstate,but outputcommandsin a feed-forwardmanner. The
boundarybetweenbehaviourand inversemodel however,is not a rigid one since,as (Wolpert &
Kawato,1998)pointedout, ``evencontrolstrategies,suchasfeedbackcontrol,which donot explicitly
invoke an inverse model can be thought of as implicitly constructing an inverse model''.

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



humanbrain(Wolpert,Miall & Kawato,1998),wheretheyareutilisedfor a varietyof tasksincluding
sensorimotorintegration(Wolpert,Ghahramani& Jordan,1995),andmotorcontrol(Miall & Wolpert,
1996, Wolpert & Kawato, 1998).

The architecture

Thefundamentalstructureof thearchitectureis a behaviourpairedwith a forwardmodel(figure 2). In
order to executea behaviourwithin this structure,the behaviourmodulereceivesinformationabout
the currentstate(and, optionally, of the targetgoal(s)),and it outputsthe motor commandsthat it
believesarenecessaryto achieveor maintainthe implicit or explicit targetgoal(s).Theforwardmodel
providesanestimateof thenextstate(for time t+1) which is fed backto thebehaviour,allowing it to
adjustany parametersof the behaviour(an exampleof this, as will be shown in the next section
(implementation),is adaptingthegainsof thePID 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,thesamestructurecanbeusedin orderto matcha visually perceiveddemonstrated
behaviour with the imitator©s equivalent motor one. This is done by feeding the demonstrator©s
currentstateasperceivedby the imitator to the behaviourmodulesandhavingit generatethe motor
commandsthat it would outputif it wasin that stateandwantedto executethis particular behaviour.
Themotor commandsareinhibited from beingsentto themotor system.The forward modeloutputs
an estimatednext statewhich is a prediction of what the demonstrator©snext statewill be. This
prediction is compared with the actual demonstrator©s state at the next time step.
This comparisonresultsin an error signalwhich canbe usedto increaseor decreasethe 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 shows the completearchitecturewhich consistsof severalof the structuresthat were
described above, operating in parallel. When the demonstrator executes a behaviour, the
perceivedstatesarefed into the imitator©savailablebehaviourswhich generatemotorcommandsthat
aresentto theforwardmodels.Theforwardmodelsgeneratepredictionsaboutthedemonstrator©snext
statewhicharecomparedwith theactualdemonstrator©sstateat thenext timestep,andtheerrorsignal
resulting from this comparisonaffects the confidencevaluesof the behaviours.At the end of the
demonstration(or earlierif required)thebehaviourwith thehighestconfidencevalue,i.e. theonethat
is the closest match to the demonstrator is selected.

Implementation of the architecture

This sectionpresentsandanalysesthe resultsof implementingthearchitectureaboveon a dynamics
simulatorof a thirteendegreesof freedomrobot.The resultsshowthat the architectureis capableof
correctly selectingthe appropriatebehavioureven when the demonstratorand the imitator have
differentdynamics.As behaviours,we implementedvariousmovementsinvolving movingbotharms
from the rest position to variouspositions.To allow for easycomparison,compactdescriptionand
graph display of the results,we used an “alphabet'', the posturesof the internationalstandard
semaphorecode(ISSC) as the final positionsthat the armsreach(implementingherea total of 26
behaviours).For example,in figure 5 theeight windowsarea snapshotof behaviourswhich currently
show movementtowardslettersE, N, L, K, I, E, T, and E respectively.The experimentsinvolved
single movements (``letters'')  and sequences of movements (``words'').
A thirteendegreesof freedomsimulatedrobot wasconstructedandits dynamicssimulatedusingthe
DynaMechsdynamicalsimulationlibrary (McMillan, Orin & McGhee,1995).``Bouncer'' (figure 4)
hasthreedegreesof freedomat the neckjoint, threeat eachshoulder,oneat eachelbow,andoneat
each wrist.

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

Bounceroperatesundertheeffectof gravity, so if no forcesareappliedto a joint, theconnectedbody
partmovestowardtheground.Movementis alsosubjectto friction at thejoints.Thefull experimental
platform(figure5) consistsof two simulatedrobots,a demonstratorandanimitator,with similarbody
structure.In someof the experimentsthat wereconducted,the dynamicsof the two robotswere the
same,while in other they were different.The imitator is allowedto readthe demonstrator©spostural
states(joint angles)in acrudesimulationof visualcapabilities.To accountfor thefact that in thecase
of the imitator, real vision andproprioceptionneverresult in perfectlycorrectvaluesof 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 representativebody postures,coupledwith proportional-
integral-derivative(PID) controllers (Astrom & Hagglund, 1996), that drive the controlled body
part(s)throughthesekey posturesthat constitutethebehaviour. ThePID controllers,onefor eachof
the thirteen controlled joints, output torque values which are calculated by summing three terms: the
proportional,integral,and derivativetermsrespectively,all of which arebasedon the error between
thecurrentstateandthe targetstate.If we takee(t), the errorat time t, to be the differencebetween
the targetstateand the plant©sstateat time t, then the formula is as follows (for more details see
(Demiris, 1999)): 

P

T
�

t ��� kalignl ����� e
�

t �	� k i




t

e
�

t � dt � k d

de
�

t �

dt
�

whereKp, Ki, Kd aregainscoefficientswhich were determinedexperimentally,andareallowed to
adapt (within limits) in order to cope with different movement speeds.

An important issueto 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 parametersKp, Ki and Kd of all behavioursstart
havingtheir optimal settings,but areallowedto adaptin orderto reducethepredictionerrorbetween
theanticipatedstatesproducedfrom internallyexecutedbehavioursandperceiveddemonstratorstates.
A simple adaptationmechanismwas implementedfor this: at eachiteration, if the prediction for a
joint anglevalue provesto be different from the actualvalue, the correspondinggainsfor the PID
controllerthatcontrolsthat joint angleareincreasedor reduced(dependingon whethertheprediction
underestimatedor overestimatedtheactualvalue)by a smallconstantamount.However,althoughthe
gain parametersare allowed to fluctuate,(experimentallydetermined)upperand lower boundsare
imposedin order to preventthe controller from outputtingvery high torquevaluesanddestabilising
theplant.As it will be demonstratedlater, this rendersthe perceptionof particularinstancesof some
behaviours impossible.

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



 
· Applying the forces supplied by the behaviour, taking into account the 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 resultingaccelerationsrecursivelyfor eachbody part startingfrom the torsoand

moving towards the wrist. 
· Calculating the new state (joint positions and velocities).

Althoughin theexperimentsreportedhere,theforwardmodelsaredirectly codedin, theycanalsobe
learnedby randomlygeneratingmotor commands,and using the resultingactualstateas the target
output state for the forward model, in what is sometimescalled ``motor babbling'' (Bullock,
Grossberg& Guenther,1993,Jordan& Rumelhart,1992)which is consideredan importantstagein
the development  of infants (Meltzoff & Moore, 1997, Meer, Weel & Lee, 1995).

Experimental results

The first set of experimentsreportedhereconsistsof the demonstratorperforminga behaviourthat
was composedof a single action and the imitator observingit having a set of behavioursin its
repertoire.Thenumberof behavioursis not importantsincethebehavioursrun in parallelandtheyare
independentof each other (only their confidencesneed to be compared,a simple computation
performedat the endof the demonstration).Experimentswith six behavioursareshownfor graph
clarity reasons.  

Figure6 showanexampleconfidencegraphfor anexperimentwherethedemonstratorwasexecuting
thebehaviour[R], while theimitator hadin its repertoirebehaviours[A, B, C, D, E, R]: the imitator©s
Figure 6: Confidences of imitator©s internal behaviours [A, B, C, D, E, R] when  demonstrator executes behaviour
[R];

behavioursstart initially by having the sameconfidence,zero, and end up having a confidence
correlated with their similarity to the demonstrated behaviour. Since the demonstrator is demonstrating
themovementtowardsreachingtheletter[R], theimitator©s[R] behaviourgetsthehighestconfidence,
well abovezero.All theotherbehavioursendup well belowzero.Sinceall thebehavioursin thefirst
iterationassumethe postureof the demonstrator,initially, andfor severaliterations,they all receive
positivereinforcement,becausetheyall look plausibleat theonsetof themovement.It is only aftera
few iterations(i.e. after the demonstratedmovementhasadvanced)that someof the behaviourslook
lessplausible(i.e. their predictionsarevery different from the actualdemonstratedstates),andtheir
confidence levels begin to reflect that.

Similar resultswereobtainedwith a varietyof differentdemonstratorandimitator dynamics,andwith
behavioursimplementingsequencesof movements(``words''). The full set of experimentalresults
can be found in (Demiris, 1999).

Thearchitecturedescribedin this sectiononly consideredthe caseswherethedemonstratedactionor
sequenceof actionswerealreadyin the imitator©srepertoire.If the demonstratedaction is not in the
imitator©ssetof knownactions,it will neitherbe recognisedor imitated.In the next sectionwe deal
with thesecases,by blendingtheactiveimitation architectureof this section,with thepassiveoneof
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
movementsthat arenot alreadyin the imitator©srepertoire.Oneof the imitator©sbehavioursalways
ends up having positive confidenceand is selectedas the one to be imitated. However, if the
demonstratorperformsa 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
asa trigger conditionin orderto attemptto learnthe demonstratedbehaviour.Note that in the work
reportedhere,learningis theprocessof acquiringabehaviour,eitherits trajectoryspecificationsor the
motor commandsneededto achieve it. Learning as used here does not imply generalisationor
adaptationto differentcircumstancesor anyotherprocessesasusedin the field of machine learning
(Shavlik & Dietterich, 1990).

Thesolutionthat is proposedin this sectionis to usethepassivearchitectureof section2 in orderto
imitate anymovementsnot alreadyin the imitator©srepertoire.Figure7 demonstratesthis at thehigh
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©sbehaviours[A-F] while the demonstrator
executesÁR©.All of the imitator©sbehavioursendup with a negativeconfidencevalue;concurrently
with the internalexecutionof candidatebehaviours,thepassiveroutewasextractingtherepresentative
posturesof the demonstratedmovement.Sincenoneof the behavioursperformedadequatelyduring
thedemonstration,theextractedrepresentativepostures,togetherwith a PID controller,formeda new
behaviour ([learned-R]) which was added to the imitator©s repertoire.

Figure8: Confidencesof imitator©sinternalbehaviours[A, B, C, D, E, F] when demonstratorexecutesbehaviour
[R];

Theexperimentis now repeatedwith the imitator equippedwith the [learned-R]behaviour.Figure9
showsthe confidencesplot of the imitator©sinternalbehaviourswhile the demonstratorexecutes[R],
where [learned-R] does end up with positive confidence. This demonstratesthe 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];



 
Experimentswerealso donewith sequencesof movements,coveringthe caseswhereall or someof
thedemonstratedcomponentsof thesequenceareknown,andthelearningof thesequenceis required,
with equally favourable results (Demiris, 1999).

X.5 A model of primate imitation mechanisms

In theprevioussections,two imitation architectureswerepresented,apassiveandanactiveone,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 mechanisms.First, a set of criteria that a model must meet in order to be useful will be
presented, followed by an analysis of the model based on these criteria.

On criteria for useful models

Despiteextensiveusein theArtificial Intelligence,CognitiveScienceandArtificial Life fields of the
word ÁÁmodel©©, there are surprisingly few attempts to develop a set of criteria with respect to
whata properandusefulmodelshouldbelike (notableexceptions,frequentlyfrom scientistsin other
fields, include (Lehman, 1977,  Rothenberg, 1989, Webb, 1993). By considering programs as the
computationalembodimentsof a theoryof how themodelledsystemmightwork, asubstantialamount
of theoreticalwork from the philosophyof scienceliterature(Popper,1972)on the possiblecriteria
concerningtheadequacyandproperform 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 clearon what it is a modelof. This allows the incorporationof a numberof
piecesof evidenceregardingthe structureandbehaviourof the modelledsystemastestsetsfor
the plausibility of the model. A model should be accuratewith respectto this evidence.The
degreeof accuracy,andtherangeof evidencethat it agreeswith canbeused asa measureof the
generality of the model.

· By virtue of beingdesignedasananalogof themodelledsystem,amodelshouldprovidepossible
explanations for the data available about the modelled system.



· A modelshouldbeableto generatetestablepredictions.This is consideredimportantin orderto
establishthe scientific usefulness of the model, and demarcateit from uselessexercisesin
computer programming.

The architecture as a model of primate imitation mechanisms

Thefirst criterionof theonesdescribedearlierrequiresanexplicit statementon what thearchitecture
is a modelof. Theaim of thissectionis to proposethedual-routearchitecturedescribedin section4 as
a modelof primateimitation mechanisms,anddescribeevidencefrom imitation researchin primates
that canbe usedas testsetsfor the plausibility of the model. Why specificallytargetprimates?The
main reasonfor this is that, in contrastto �� lower��animalswhere the majority of researchhas
concentratedon whethera certainanimalis capableof imitation or not, thereis a sufficientamountof
datawith respectto the underlyingmechanismsof primateimitation to makea computationalmodel
possible.

The validation data

This sectionpresentsneurophysiological,psychologicalandbrain activationdatapertainingto issues
important to the approach adopted in this work. Firstly, human brain activation data are presented,
followed by neurophysiologicaldata on �� mirrorneurons�� found in the premotor areasof the
monkeybrain. The interplaybetweenobserving,imagining,performingandimitating a movementis
the unifying theme of the psychophysicaldata presentedright after, and the presentationof the
validationdatais concludedwith the examinationof dataavailableon humanimitation capabilities
following brain damage, focusing on resulting apraxia disorders.

Activation of brain structures in humans

In humans,severalexperimentshaveinvestigatedthe interplaybetweenactiongenerationandaction
perception.(Fadigaet al, 1995) stimulatedthe motor cortex of humanobserversand recordedthe
motor evoked potentials (MEPs) from hand muscles, utilising the assumption that if action observation
activatesthepremotorcortex(asit doesin monkeys),this activationshouldinducean increaseof the
motor evoked potentialselicited by the magneticstimulation of the motor cortex. They found a
significantincreaseof theMEPswhensubjectsobservedmovements,andadditionallythepatternsof
muscleactivationwasvery similar to thepatternof musclecontractionpresentduringtheexecutionof
the sameaction, i.e. the increasewaspresentonly in thosemusclesthat areactive whenthe human
subjects executed these actions.  

A differentsetof experimentswith 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)normalsubjectswereaskedto eitherpassivelyobservemovementsof a virtual
hand graspingobjectsor to imagine their own handgraspingobjects,presentedthrougha virtual
reality
system.Their brain activity during theseconditions was mapped.The results demonstratedthat
cortical and sub-corticalmotor structureswere activatedboth during movementobservationand
movementimagery.It was concludedthat consciouslyrepresentingan action involved a patternof
cortical and subcorticalactivationthat resemblesthe one observedduring an intentionally executed
action.It is importantto notethat during theobservationcondition,subjectswereinstructedto watch
the movementsof the virtual hand�� asif it weretheir own hand�� (this is similar to the first step
takenby thebehavioursin theactiveimitation route,i.e. internallyassumingtheobservedstateof the
demonstrator).The importanceof theobserver©sintentionsduring observationwasfurther examined
in (Decetyet al, 1997) wheresubjectsobservedactionswith the aim of either recognisingthemor
imitating themlater. The resultsshowedthat the patternof activationwasdifferent betweenthe two
conditions, suggestingthat the motivations and intent of the observerduring the demonstration



determine(or at least influence) which brain structureswill be activatedto processthe incoming
stimuli. (Decetyet al, 1997)alsoexaminedtheeffect that themeaningof theobservedactionshason
thepatternsof brainactivationduringobservation.Theresultswerestriking: differentbrainstructures
wereactivatedwhenthe actionsdemonstratedweremeaninglessto the observerthanthoseactivated
whentheactionswereknown to the observer.This is very interestingsinceit indicatesthatknowing
or not theactiondemonstratedhasan influenceon theway this actionwill beprocessedin orderto be
imitated.

Mirror neurons in monkeys.

Neurophysiologicalexperimentswith macaquemonkeyshaverevealedan importantclassof neurons
in areaF5 of the monkey©spremotorcortex, which were termed�� mirrorneurons�� (Galleseet al,
1996,di Pellegrinoet al, 1992). Theseneuronswerefound to becomeactiveboth whenthe monkey
executesgoal-orientedmovements,and when it observesthe demonstrationof similar movements
executedby anothermonkeyor a humandemonstrator.A varietyof mirror neuronswerediscovered:
grasping,tearing,manipulating,and placing objectsneurons,among others.Someof the neurons
wereactiveonly duringthedemonstrationwhile someothersremainedactivefor a while aftertheend
of the
demonstratedaction.The majority of the mirror neuronsare active selectivelywhen the monkeyis
observinga particulartypeof action(e.g.grasping),andsomeof themarehighly selectivenot only to
the type of action,but also to the particularway that the action is executed(e.g. graspingwith the
index finger and the thumb). The distance of the demonstrator from the monkey does not affect the
responsesof the mirror neurons,and control experimentshave ruled out the possibility that the
neuronsareactivesimply asa responseto particularvisual configurations(for example,eitherof the
demonstrator©shand or of the monkey©sown hand) since most of them are also active when the
monkeyexecutestheactionin darkness.Non-biologicalstimuli (for example,observinga setof pliers
grasping the object) do not activate the neurons.

Observation, imagery, actual performance and imitation

Of relevanceto the work presentedin this chapterarealsopsychophysicalexperimentsinvestigating
the differencesbetweenobservingan action, imagining an action and executingthat action. (Vogt,
1995)performeda seriesof studieswheresubjectslearnedto reproducea sequenceof cyclical arm
movements,either throughrepeatedlyobservingthe sequenceon a monitor, or throughmentallyor
physically rehearsingthe sequence.The resultswere very interestingsince they demonstratedthat
observationor mentalor physicalrehearsalled to similar improvementin temporalconsistencywhen
thesubjectwaslateraskedto reproducetheobservations.Somefurtherexperiments(Vogt, 1996)with
a short-termmemoryparadigmwheresubjectswere allowed to observethe model movementonly
once,showedthat timing imitation did not benefitfrom any further intermediateimitation (imaginary
or physical)in the interval betweenthe presentationof the modelmovementandthe point were the
subjectswere asked to reproduceit. Related results were obtained in �� mentalchronometry��
experimentsby (Decety,1996).Subjectswereaskedto performa taskeithermentallyor physically.
The movementtimes requiredto executethe task were very similar irrespectiveof the modality of
execution(mentalor physical).In relatedsetsof experiments(Decetyet al, 1991,Wang& Morgan,
1992,Wuyamet al, 1995),subjectswereaskedto mentallyperformtasksthat would requiredifferent
physicaleffort and found that autonomicresponses(cardiacand respiratoryactivity) during motor
imagery paralleled the autonomic responses to physically performing the task.

Brain & cognitive disorders and imitation abilities

Sinceimitation is acomplextaskinvolving theintegrationof informationfrom multiple brainsystems
including perception, memory and motor systems, it has been used as a reference task for
identifying andassessingvariousbrainandcognitivedisorders.In particular(andmostrelevantto this
chapter)it hasbeenusedto identify andassessthevariousformsof apraxia, a �� neurologicaldisorder
of learnedpurposivemovementskills that is not explainedby deficits of elementalmotor or sensory
systems�� (Rothi & Heilman,1997).Apraxia usually resultsfrom brain damage(usually in the left



hemisphere)and its 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 meaninglessgestures,and gesturerecognitionand naming.A type of apraxiaof
particular relevancehere is visuo-imitativeapraxia (Mehler, 1987). Patientssuffering from this
apraxiaareableto performmeaningfulgestureswhenthey aredescribedverbally, 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 demonstratedact, and in
particularwhethertheactis knownor not to theimitator, appearsto bevery importantanddetermines
whetheror not thepatientwill beableto imitate it. This correlateswell with thebrainactivationdata
describedearlier,which show that different brain areasareactivateddependingon the natureof the
demonstrated
act, and its meaning to the observer (Decety et al, 1997).

Two additional disordersare also of interest here: autism and imitation behaviour. Autism is a
syndrome which includes abnormalities of social and communicative development, partially
characterisedby aninability to comprehendtheviewpointsof otherpeople(Baron-Cohen,Flusberg&
Cohen,1993).Peoplesufferingfrom autismdisplayseveredeficits in imitation andpantomimetasks
(Smith & Bryson,1994),which cannotbe attributedto visual recognitionmemory,motor initiation
and basic motor coordination deficits (Rogers et 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 �� imitationbehaviour��
(Lhermitte,Pillon & Serdaru,1986).Thesepatientsimitate the demonstrator©sgesturealthoughthey
were not instructedto do so, and sometimes evenwhen told not to do so (de Renzi, Cavalleri &
Facchini,1996). An explicit, direct commandfrom thedoctorto thepatientwould stopthe imitation
behaviourbut a simple distractionto a different subjectwassufficient to seeimitation reappearing,
despite the patient remembering what (s)he had been told.

Explanations

Involvement of motor systems during perception

Thehumanbrain andmirror neuronactivationdatasuggestthat thereis a motorsysteminvolvement
duringobservationof movement.Theexplanationofferedfor thesedataby this work (Demiris,1999)
is that themotorsystemis activatedin orderto generateandinternallysimulatecandidatebehaviours,
and offer predictionsregardingthe incoming perceptualdata from the demonstrator.On a more
specificnote,thefact thatsomemirror neuronsceaseto beactivewhenthedemonstrationis complete
while otherscontinueto be activefor a while after the endof the demonstrationcanbe explainedif
viewedwithin thecompositenatureof theorganisationof thebehaviours:morecomplexonescanbe
composedfrom elementaryones.Upon completion,a behaviourX ceasesto be active; however,a
behaviourX* which incorporatesX asits initial stepwill continueto be active,sinceit is still capable
of offering furtherpredictionsaboutthedemonstrator©sfuturestatesuntil X* completesits remaining
steps.This suggeststhat the mirror neuronsthat ceaseto be active when the demonstratedaction
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 architectureunderstandsan action by internally generatingit. The observer
doesimitate the demonstratedmovementinternally, even when it doesnot do so externally.This
featureof the architecturecould explain why physically imitating a setof demonstratedmovements
doesnot aid their later recall (Zimmer & Engelkamp,1996),aswell aswhy physicalrehearsalof a
demonstratedbehaviourdoesnot lead to any significant differencesin the levels of performance
improvementfrom mentalrehearsalor mereobservation(Vogt, 1995).Sinceobservation,imageryand
imitation aredoneusingmostly the samestructures(behaviouralmodulesand forward models)the
samelaws shouldgoverntheir 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 theobservationof anactiondependingon whethertheactionis known
to the observeror not. This is explained by the dual-route nature of the architecture:if the
demonstratedact is known to the imitator, then the correspondingbehaviourin the active imitation
route will be
activated.If thedemonstratedact is not knownto the imitator, thenthepassiveroutewill beactivated
in orderto extracttherepresentativeposturesandacquirethedemonstratedbehaviour.Currently,there
areno brainactivationdatato correlatewith thebehaviourof thearchitecturefor thecaseswherethe
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
successfullyimitated.This correlatesfavourablywith theneuropathologicaldatafor patientssuffering
with visuo-imitative
apraxia (Mehler, 1987).

Predictions

Thecomputationalstudiesof (Demiris,1999)revealedlimits to what thearchitecturecanperceive,in
particularwith respectto movementspeeds.Forexample,in figure10, thedemonstratoris executinga
behaviourthat the imitator doeshave in its repertoire([cooler]); howeverthis time the imitator is
400%heavierthanthe demonstrator,so it is not capableof executingthe demonstratedbehaviourat
the demonstrator©sspeedlevels. As a result, all the behavioursend up with very low (below zero)
confidence values. 

Figure 10: Confidencesof imitator©sinternal 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 demonstrationis doneat 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
demonstrationareencodingmorecomplexsequencesthat incorporatethedemonstrationastheir first
part. Further investigationthrough manipulationof the demonstration(adding further actionsto it,
while retainingthe first part) shouldrevealtheexactsequencethat the 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 neuronsfor othergoal-directedactions:sinceperceptionandgenerationof anactionis so
tightly coupled, it can be expected that at least the most important actions in the monkey©s repertoire
(body posturesthat conveymessages,for examplethreatpostures,facial expressions,amongothers)
shouldhavemirror neuronsassociatedwith them.Thesecondonepredictsthat,sincethepassiveroute
providestheactiveroutewith newbehavioursaftertheir demonstration,it shouldbepossibleto create
new mirror neurons by training the monkey to imitate a demonstrated action.

Discussion

The architecture,if viewed as a model, suggeststhat when humansand other primatesobservea
movementwith theintent to imitate,they�� putthemselvesin theplaceof thedemonstrator�� ,anddo
whattheywould do if theywerein thedemonstrator©splace.Understandingademonstratedmovement
comes from internally generating alternatives and selecting among those, based on the quality of their
predictions.But why predict?Why not wait until the demonstrationhas finished and classify the
result?From an evolutionaryperspective,the ability to predict and its adoptionduring observation
might have
prevailedsinceit allowstheanimalto act/respondto anactionof a conspecificbeforethat(potentially
non-beneficial to the observer) action has been completed.

Theinitial steptakenby theobserver,of putting herselfin thepositionof thedemonstrator,seemsto
be importanttoo. Autistic childrenwho suffer from an inability to do so,aswitnessedby their poor
performancein empathy,joint attentionandpretendplay tests,areunableto imitate.Normalchildren
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 thehuman
successfully, but do not do so when they see a mechanical device trying to do the same act but failing
(Meltzoff, 1995).An explanationfor this couldbethat thechildrendid manageto imaginethemselves
in the place of the demonstratorwhen the demonstratorwas humanbut not when it was not of
biological nature.As alreadymentionedearlier,mirror neuronsalsodo not respondwhenthe action
(e.g. grasping) is done with pliers, and not by a human arm (Gallese et al, 1996). 

Thedual routenatureof thearchitectureis interestingtoo.It wasalreadydiscussedin theexplanations
sectionearlier, that damagingthe passiveroute leadsto behavioursimilar to that of visuo-imitative
apraxicpatients.What about the reversecondition?Thereis currently no evidencefor the reverse
dissociation,i.e. having the active route destroyedwhile retaining the passiveone intact. This
conditionwould be hard to detect,sinceknown behaviourscanstill be imitated throughthe passive
route as being novel. However, it is important to note that, essentially,the active route mapsthe
observedmovementsto the imitator©sinternalones,i.e. it servesasa recognitionprocess.Any internal
representationsassociatedwith thesebehaviours(including symbolicones,for examplethe nameof
the behaviour,or emotionalsignificance,intentionsor any otherattributes)canbe retrievedthrough
this route (note that it has beensuggested(Gallese& Goldman,1998) that the role of the mirror
neuronsis to facilitate the detectionof the mentalstatesof observedconspecificsby adoptingtheir
perspective).Therearecasesreportedrelatedto a disruptionto this process:(Rothi,Mack & Heilman,
1986)reportedtwo patientswho could imitate demonstratedpantomimesbut could not recognise(or
discriminate among) them in what is termed as �� pantomime agnosia�� .

In the experimentsreportedin this chapter,all behavioursthat arepresentin the imitator©srepertoire
are activatedin order to generatealternativesand offer predictionsas to what comesnext. For
efficiencyreasons,it is conceivablethat contextcanbeusedin orderto selectamongall theavailable
actionstheonesthatareapplicableor at leastrelevantto thecurrentsituation.Although it 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,Murataet al, 1997)haveshownthat thereareneuronsin the areaF5
(sameareawith the mirror neurons)of the monkey©spremotorcortexthat areactiveduring grasping
movements,but are also active when the monkey views a graspableobject. The interpretation
favouredby theexperimenterswasthat theresponsesof theF5 neuronsrepresentedthedescriptionof
the presentedobject in motor terms,i.e. the visual featuresof theobject areautomaticallytranslated
into a potentialmotoraction(regardlessof whetherthemonkeyintendedto moveor not). In humans,
experimentswith positronemissiontomographyhaveshown(Graftonet al, 1997)thatobservationof
tools activatedthe premotorareasin the absenceof any overt motor demand(it is interestingto note
thattheadditionaltaskof silenttool namingdid not resultin anyadditionalactivationof thepremotor
cortex,but tool-usenaming did). Thesedataindicatethat thebrainmight indeedbe usingcontextto
reduce the amount of behaviours that will be tried out. 

Currently,a single presentationis enoughfor the architectureto acquirea new behaviour.It is not
clear how this relates to primate behaviourbut the architecturecould be modified so that only
frequently-occurringbehavioursget acquired,or possibly the most biologically-important to the
imitator. Then the passiveroute would essentiallyact as a short-termmemorythat 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
proposed,and subsequentlyproposedasa modelof primateimitation mechanisms.The architecture
hasan active and a passiveroute: within the active route, the imitator mentally placesitself in the
place of the demonstratorand internally executes(� imagines� )candidatebehaviours,eventually
selectingamong them basedon the accuracyof their predictions regarding the demonstrator� s
incomingstatesasthey arebeingperceivedasthe demonstrationunfolds.If thereareno behaviours
that canpredictsufficiently well, the passiveimitation route learnsthe demonstratedbehaviour,and
adds it in the imitator� s behavioural repertoire. 

Computationalexperimentswereperformedinstantiatingthis architectureusinga dynamicssimulator
of a thirteen degreesof freedomrobot, and showedthe architectureto be able to imitate known
behaviours,aswell asacquiringnew onesandsuccessfullyutilising themlater.Thearchitecturewas
alsoproposedasa modelof primateimitation mechanismsandits characteristics,asexploredby the
computationalexperiments,werecorrelatedwith dataon biological imitation generatinga numberof
explanationsand predictions. Completelyunderstandingthe underlyingmechanismsof imitation is
still a distant goal, and utilising computationaland robotic architecturesas modelsof real neural
systemsis a difficult andrelatively new endeavour,but the biological datathat areavailableindicate
that the behaviour displayed by this architecture is towards the right direction.
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