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Abstract. This paperis concernedwith theevaluationof a modelof humanim-
itation of armmovements.Themodelconsistsof a hierarchyof artificial neural
networks,whichareabstractionsof brainregionsinvolvedin visuo-motorcontrol.
Thesearethe spinalcord, the primary andpre-motorcortexes(M1 & PM), the
cerebellum,andthe temporalcortex. A biomechanicalsimulationis developed
whichmodelsthemusclesandthecompletedynamicsof a37 degreeof freedom
humanoid.Input to the model are datafrom humanarm movementsrecorded
usingvideoandmarker-basedtrackingsystems.
Themodel’s performanceis evaluatedfor reproducingreachingmovementsand
oscillatorymovementsof thetwo arms.Resultsshow ahighqualitativeandquan-
titative agreementwith humandata.In particular, themodelreproducesthewell
known featuresof reachingmovementsin humans,namelythebell-shapedcurves
for the velocity andquasi-linearhandtrajectories.Finally, the model’s perfor-
manceis comparedto that of humansperformingthe sameimitation task.It is
shown thatthemodel’s reproductionis betteror comparableto thatof humans.

1 Introduction

The goal of roboticsis to have robotsbecomea part of humaneverydaylives,in the
rolesof caretakersfor theelderlyanddisabled,assistantsin surgeryandrehabilitation,
andmachinepetsand toys for children.A key challengesto making this possibleis
developingflexible motor skills in order to give robotsthe ability to be programmed
and interactedwith moreeasilyandnaturally, and to assisthumansin varioustasks.
A very challengingandexciting areaof currentresearchis concernedwith developing
human-like robots(humanoids)for assistinghumansin medicalsurgery [30,32] and
rehabilitation[3], for providing help in everydaytasksto the elderly andthe disabled
[50], andfor replacinghumansin low-level industrial tasksandunsafeareas[21,26]
(includingspace,nuclear, andwastemanagementindustries).

Providing robotswith human-like capabilities,andin particularwith sophisticated
motor skills for flexible andprecisemotions,is a very difficult task,requiringimpor-
tant low-level programming(with high cost) for fine tuning of the motor parameters
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andre-calibrationof sensorprocessing[13,41]. An alternative is to provide the robot
with learning or adaptive capabilities,which canbe usedfor on- and/oroff-line op-
timizationof predefinedmotorcontrol parameters[9, 24,47]. Particularly challenging
is theproblemof how to teacha robotnew motorskills, without goingthroughrepro-
gramming,but insteadthroughdemonstration.In suchascenario,therobotlearnsnovel
motorsequencesby replicatingthosedemonstratedby a humaninstructorandby tun-
ing its motorprogramdescriptionssoasto successfullyachieve the task.Themethod
is interestingbecauseit allows therobotto beprogrammedandinteractedwith merely
by humandemonstration,a muchmorenaturalandsimplemeansof human-machine
interface.Furthermore,it makesthe robot flexible with respectto the tasksit canbe
taughtand,thus,facilitatestheend-useof roboticsystems.

Thefirst roboticswork to addressimitation wasfocusedon assemblytask-learning
from observation.Typically, a seriesof visual imagesof a humanperforminga simple
objectmoving/stackingtaskswasrecorded,segmented,interpreted,andthenrepeated
by anindustrialnonhuman-likeroboticarm[20,19,28,17,23].Theseeffortsconstitute
asignificantbodyof researchin robotics,andcontributeto videosegmentationandun-
derstanding.However, they providehighly task-specificsolutions,with little flexibility
for applying the samealgorithmto imitation after different typesof movementsand
tasks.More recentefforts, includingour own, have beenorientedtowardanalyzingthe
underlyingmechanismsof imitation in naturalsystemsandmodelingthoseonartificial
ones[4,6,5,10,11,22,33,44,43]. The endeavor, there,is, on the onehand,to build
biologically plausiblemodelsof animal’s imitative abilities,and,on theotherhand,to
developarchitecturefor visuo-motorcontrolandlearningin robotswhich would show
someof theflexibility of naturalsystems.

Ourwork wishesto complementotheraboveapproaches,by investigatingaconnec-
tionist basedmodel,coupledto a completebiomechanicalsimulationof a humanoid.
Wefollow neurosciencestudiesof primatemotionrecognitionandmotorcontrol.Specif-
ically, ourwork is drivenby theobservationthat1) visualrecognitionof movementsis
donein bothexcentricandegocentricframeof reference[37,48]; 2) thata neuralsys-
tem,themirror neuron system, encapsulatesa high-level representationof movements,
thelink betweenvisualandmotorrepresentation[40,12]; and3) thatmotorcontroland
learningis hierarchicalandmodulates(evolutionary)primitivemotorprograms(central
patterngenerators,locatedin primates’spinalcord[46]).

Our model is composedof a hierarchyof artificial neuralnetworks andgivesan
abstractandhigh-level representationof theneurologicalstructureunderlyingprimates
brain’s visuo-motorpathways.Theseare the spinal cord, the primary andpre-motor
cortexes (M1 & PM), the cerebellumand the temporalcortex. The model hasfirst
beenevaluatedin a pair of demonstrator-imitator humanoidavatarswith 65 degrees
of freedom[6]for learningby imitation gesturesandcomplex movementsinvolving all
the avatar’s limbs. In this paper, we evaluatethe model’s performanceat reproducing
humanarm movements.A biomechanicalsimulationis developedwhich modelsthe
musclesandthecompletedynamicsof a 37degreeof freedomhumanoid1. Theaimof

1 The previous implementationof the modeluseda partial dynamicsimulationof a 65 DOFs
humanoidavatar, wherewe did not calculateall the physics(no internaltorques)of the hu-
manoid.
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theseexperimentsis to evaluatetherealismof themodelandthedynamicsimulationat
modelinghumanimitation.

In theexperimentspresentedhere,only 11DOFsareactively commandedto match
the observedperformance(4 DOFsperarm and3 for the torso),while the restof the
jointsarekeptimmobile.In theexperimentsreportedin [6, 8], wedemonstratedtheva-
lidity of thearchitecturefor controllingthe65DOFsof ouravatarfor imitatingcomplex
movementsrequiringall limbs.There,datafor theimitation weresimulated,produced
by a demonstratoravatar, andwe could generatedatafor the whole body. In this pa-
per, we usehumandata.However, becauseof thelimitation of our trackingsystem,we
couldnot recordmotionof thewholebodyandwereconstrainedto usingmovements
of theuppertorsoonly. In thefuture,wewill useafull bodytrackingsystemwhichwill
allow us to furthervalidatethemodelfor controlling the whole37 DOFson real data
(asopposedto simulatedoneasdonepreviously).

Therestof thepaperis organizedasfollows.In Section2, we describein detailthe
model,and,in particular, thevisualprocessingof thedataandthe learningalgorithm.
In Section3, we evaluatethe model’s performanceon a seriesof experimentsfor re-
producinghumanarmmotion,namelyreachingmovementsandoscillatorymovements
of the two arms.We comparethe model’s performanceto thatof humansin thesame
imitation task.Section4 concludesthis paperwith a shortsummaryof the presented
work.

2 The model

We have developeda highly simplified modelof primateimitative ability [6] (see
Figure1). This modelis biologically inspiredin its function,asits compositemodules
have functionalitiessimilar to thatof specificbrainregions,andin its structure,asthe
modulesarecomposedof artificial neuralarchitectures(seeFigure2). It is looselybased
on neurologicalfindings in primatesand incorporatesabstractmodelsof somebrain
areasinvolvedin visuo-motorcontrol,namelythetemporalcortex (TC), thespinalcord,
theprimarymotorcortex (M1), thepremotorarea(PM) andthecerebellum.

2.1 Brief description of the modules

Visual informationis processedin TC for recognitionof thedirectionandorientation
of movementof thedemonstrator’slimbsrelativeto a frameof referencelocatedonthe
demonstrator’sbody. Thatis, theTC moduletakesasinput theCartesiancoordinatesof
eachjoint of thedemonstrator’s limbs in anexcentricframeof reference(whoseorigin
is fixed relative to the visual trackingsystem).It thentransformsthesecoordinatesto
a new setof coordinatesrelative to an egocentricframeof reference.Our assumption
of theexistenceof orientation-sensitivecells in anegocentricframeof referencein TC
is supportedby neurologicalevidencein monkeys[37,38] andhumans[2, 27,48]. The
vision systemalsoincorporatesa simplifiedattentionalmechanismwhich is triggered
whenever a significantchangeof position(relative to thepositionat theprevioustime
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Fig. 1. Thearchitectureconsistsof sevenmoduleswhich give anabstractandhigh-level representationof corresponding

brain areasinvolved in visuo-motorprocessing.The seven modulesare: the attentionalandtemporalcortex modules,the

primarymotorcortex andspinalcordmodules,thepremotorcortex andcerebellummodule,andthedecisionmodule.

step)in oneof the limbs is observed.At this stageof themodelingandgiventhesim-
plicity of this module,theattentionalmoduledoesnot relateto any specificbrainarea.
Theattentionalmechanismcreatesaninhibition, preventinginformationflow from M1
to PM andfurther to the cerebellum,thereforeallowing learningof new movements
only whena changein the limb position is observed. In Section2.2, we describethe
motiontrackingsystemweusedin theexperimentsandexplainin moredetailthestages
of visualprocessingin theTC module.

Motor control in our modelis hierarchicalwith, at thelowestlevel, thespinalcord
module,composedof primaryneuralcircuits(central pattern generators (CPGs)[46]),
madeof motor neurons andinterneurons2 (seeSection2.3).Themotorneuronsin our
simulationactivatethemusclesof thehumanoidavatar, seeSection2.5.TheM1 module
monitorstheactivationof thespinalnetworks.Nodesin M1 aredistributedfollowing a
topographicmapof thebody.

2 Inter- and motor- neuronsare commonterminologyfor describingthe spinal cord neurons
with, respectively, nodirectanddirectinput to themuscles.
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Fig. 2. Schematicsof theneuralstructureof eachmoduleandtheir interconnections.

Learningof movementsis donein the PM andcerebellummodules.Thesemod-
ulesareimplementedusingtheDynamicalRecurrentAssociativeMemoryArchitecture
(DRAMA)[7] whichallows learningof timeseriesandof spatio-temporalinvariancein
multi-modalinputs(seeSection2.4 for details).Finally, the decisionmodulecontrols
the transitionbetweenobservingandreproducingthe motor sequences,i.e. it inhibits
PM neuralactivity dueto TC (visual)input to flow downwardsto M1 (for motoractiva-
tion). It is implementedasasetof if-thenrulesandhasnodirectbiologicalinspiration.

Neuronsin the PM modulerespondto both visual information(from TC) andto
correspondingmotor commandsproducedby the cerebellum.As such,they give an
abstractrepresentationof mirror neurons. Mirror neuronsrefer to neuronslocatedin
therostralpartof inferior premotorarea6 in monkey [12,40], which have beenshown
to fire bothwhenthemonkey graspsanobjectandwhenit observesanothermonkey or
a humanperformingasimilar grasp.

In thenext section,wedescribein moredetailsthevisual,motor, andlearningparts
of ourmodel.

2.2 Visual Segmentation

Datafor our experiments(seeSection3) arerecordingsof humanmotion.Thefirst set
of datawasrecordedusinga motion-trackingsystem.The systemwe usedis capable
of selectinga collection of featuresfrom the moving image,basedon a constrained
(un-occludedandunambiguous)initial positionandkinematicmodelof agenericadult
human(See[49] for a detaileddescription).Tracking is doneoff-line and basedon
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imagefrequency of 15Hz. Thesystemallowstrackingof theupperbodyin thevertical
plane,wherethe body featurescorrespondto thoseof a stick figure (seeFigure3). It
calculatesthepositions(relative to a fixed,excentricframeof reference)of ninepoints
onthebody:two locatedonthewrists,two ontheelbows,two on theshoulders,oneon
thelower torso,oneon theneckandoneon thehead.

Fig. 3. (left) Motion trackingsystemof humanmovement.(Right)TheCosimirsimulator.

A secondsetof humanarmdata,usedin theexperiments,wasgatheredby Mataríc
and Pomplunin a joint interdisciplinaryproject conductedat the National Institutes
of HealthResourcefor the Studyof NeuralModelsof Behavior, at the University of
Rochester[34,39]. Subjectswatchedand imitated short videosof arm movements,
while wearingFastTrak marker mechanismfor recordingthe positionsof 4 markers
on thearm:at theupperarm,neartheelbow, thewrist, andthehand.

In the experiments,theseCartesiancoordinatesare input to the temporalcortex
module(TC) of our model,in which they areprocessedin four stages.Dataarefirst
transferredinto a frameof referencerelative to thedemonstrator’sbody, by calculating
the joint anglesof the elbows and shoulders.In a secondstage,a low-passfilter is
appliedto thecalculationof theangularvelocity for eachof thefour joints.This stage
correspondsto theattentionalmechanismof Figure1. Thisallowsusto eliminatesmall
armmovementswhich we considernoisefor theseexperiments.Thesesmallmotions
aredueto two factors:1) the locationsof the nine pointsof referenceof the tracking
are imprecise;the coordinatesare extrapolatedacrossthreetime stepsof recording;
2) becauseof the interactiontorquesacrossthebody, movementof onelimb resultsin
smallmotionsof therestof thebody.Thesesmallmovementsarenoiseto us,aswewish
to recognizeonly voluntarymovements(asopposedto movementsmadeto compensate
for theinteractiontorques).Sinceshouldersandelbowshavedifferentdynamics,dueto
their differentlengthsandmuscularcomposition,weapplieddifferentfilter parameters
areappliedto each.The filtering processdependson a setof 2 parametersper DOF.
These2 are thresholdsdefining1) the minimum displacement��� (in joint angle)for
detectingamotion,2) theminimumtimedelay��� duringwhichnodisplacementgreater
than ��� hasbeenobserved.Thelatteris thenconsideredasastopof themotionor small,
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noisy movements.Table1 shows the valueswe usedfor the experimentsreportedin
Section3. Note that in theexperiments,we usedat most2 (abductionandflexion) of
the3 DOFsof theshoulders,asthe third DOF, humeralrotation,wasnot recordedby
any of thetwo trackingsystems.Figure6 show theresultsof thevisualsegmentationfor
threeoscillatorymovementsof thetwo arms.Only thelargemovementsaresegmented.

Table 1. Thresholds(in degrees)for visual filtering. LSx is the DOF x of the left shoulder. LE is the left elbow. �	� (in

radians)is the minimum displacementfor detectinga motion. 
�� (in recordingcycles)is the minimum time delayduring

which nodisplacementgreaterthan � � hasbeenobserved.

Experiment�
� ���
LSx PI/16 15
LSy PI/16 15
RSx PI/16 15
RSy PI/16 15
LE PI/8 10
RE PI/8 10

In a third stage,we calculatethe directionof movementof eachlimb relative to
thelimb to which it is attached(elbow relative to shoulderandshoulderrelative to the
torso).The direction of movementis positive or negative dependingon whetherthe
limb movesupwardsor downwards,respectively. In the fourth stage,the TC module
activatesaseriesof cellscodingfor thepossiblejoint angledistributions.Therearetwo
cellsperdegreeof freedom(DOF) perjoint, codingfor positiveandnegativedirection
of movement,respectively. Theoutputof thecellsencodesboththedirectionandspeed
of the movement.The fasterthe speed,the greaterthe output excitation of the cell.
Only onecell of the pair is active at a time. If both cells areinactive, the limb is not
moving. Thedecompositionof thelimbs’ motioncaneasilybemappedto themuscular
structureof the imitator; eachDOF of a limb is directedby a pair of flexor-extensor
muscles.Upwardanddownwarddirectionsof movementcorrespondto the activation
of theextensorandflexor muscles,respectively.

In summary, thevisualmoduleperformsfour levelsof processingon thedata:1) a
transformationfrom extrinsic to intrinsic frameof reference,2) filtering of small and
noisy motions,3) a parameterizationof the movementsin termsof speedanddirec-
tion, and4) segmentationof the motion,basedon changesin velocity andmovement
direction.

2.3 Motor control

Spinal Cord Module
In our model,motor control is hierarchical.On the lowest level of motor control

is the spinal cord module.It is composedof primary neuralcircuits madeof motor
neurons (afferentto themusclesandresponsiblefor themuscleactivationor inhibition)
andinterneurons.
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In our experiments,the spinal circuits are built-in and encodeextendingand re-
tractingarmmovements,aswell asrhythmicmovementsof legsandarmsinvolvedin
the locomotion,following a biological modelof the walking neuralcircuits in verte-
brates[18]. The neuronsof the spinalcord modulearemodeledas leaky-integrators,
which computethe averagefiring frequency [16]. Accordingto this model,the mean
membranepotential��� of aneuron��� is governedby theequation:� ����� � ������� �"! � �$#&% '(�*) +�,-+ (1)

where .0/214365�798;:=< /?>�@6/BADCFEHG representstheneuron’s short-termaveragefiring frequency, IJ/ is theneuron’s bias, K	L
is a time constantassociatedwith the passive propertiesof the neuron’s membrane,and M$LDN / is the synapticweight of a

connectionfrom neuronOP/ to neuronOQL .
Motor Cortex Module: M1

Theprimarymotorcortex (M1) modulecontainsa motor map of thebody(similar
to thecorrespondingbrainarea[36]). It is dividedinto layersof threeneuronnetworks,
eachactivatingdistinct(extensor-flexor) musclepairs(seeFigure2). Thethree-neuron
network allows for independentlyregulating the amplitude(two nodes,one for each
muscle)and the frequency (onenode)of the oscillationof the correspondingflexor-
extensorpair, similarto [18]. An oscillationof alimb segmentis generatedby activating
all threeneurons,allowing asmalltimedelaybetweenactivationof thefirst andsecond
neuron,thuscreatingan asymmetrybetweenthe two motor neurons’activity andthe
correspondingmusclecontraction.Motion of asinglemuscle(flexor or extensor)is ob-
tainedby activatingonly oneof thetwo amplitudenodes,while keepingthefrequency
nodeat zero.Thespeedof themovement,i.e., thespeedof contractionof themuscle,
is controlledby increasingtheoutputvalueof theamplitudeneuronandconsequently
thatof thecorrespondingmotorneuronin thespinalcord.Theamplitudeof themove-
ment(in thecaseof one-muscleactivation) is controlledby thedurationof theneuron
activation.The longertheactivationof theamplitudeneuron(andsubsequentlyof the
motorneuron),thelongerthedurationof musclecontraction,thelargerthemovement.

M1 receivessensoryfeedback,in the form of joint angleposition,from the spinal
cordmodule.Eachmotorareaof M1 receivessensoryfeedbackfrom its relatedsensory
area(armareareceivesfeedbackon joint positionsof theshoulderjoints).This is used
to modulatestheamplitudeor speedof themovement,by increasingor decreasing(for
smalleror larger speed)the outputof the M1 nodes.The sensoryfeedbackprovides
inhibition; thelargerthefeedback,theslowerthemovement.In theexperimentsof Sec-
tion 3.1, this is usedto modulatereachingmovements.Whenthemovementstarts,the
sensoryfeedbackis at its minimum andconsequentlythe tonic input (i.e., the ampli-
tudeof theM1 nodes’output)is at its maximum.Whenthearmhasreachedhalf of the
requireddistance,thesensoryfeedbackis at its maximumand,consequently, thetonic
input is decreasedto 10%of its maximum.Thearmstopsshortlyafterwardswhenthe
torqueproducedby themuscle(proportionalto themotorneuron’soutput,seeSection
2.5)equalsthatof gravity.

Premotor Cortex Module: PM
ThePM modulecreatesa directmappingbetweentheparameterizationof theob-

servedmovementin TC, following visualsegmentation,andthatusedfor motorcontrol
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in M1. In TC, the observedmotion is segmentedin termsof speed,directionanddu-
rationof movement(thedelaybetweentwo changesin velocity andmotiondirection)
of eachlimb (seeSection2.2). In M1, speedanddirectionof movementof eachlimb
CPG(in thespinalcord)arecontrolledby theamplitudeof thenodeswhich projectto
therelevant interneurons.PM nodestransfertheactivity of theTC nodes(observation
of a specificmovement)into anactivity patternof M1 nodes(motorcommandfor the
correspondingmovement).A large outputactivity in TC cells (comprisedbetween0
and1) will lead to an importantoutput from PC nodes,and further from M1 nodes
which further to activation of the correspondingamplitudenode.Durationof move-
mentis proportionalto thedurationof activationof theamplitudenode.Learningof the
movementsconsists,then,of storingthesequentialactivation(recordingtheamplitude
andthe time delay)of eachof theTC nodes,andmappingtheseto thecorresponding
M1 nodes.This will befurtherexplainedin Section2.4.

Decision module
Finally, theexecutionof a movement(asduringrehearsalof themotion in theex-

periments,seeSection3) is startedby the decisionmodule,by activating oneof the
cerebellumnodes(thenodewhich encodesthecorrespondingsequenceof muscleacti-
vation,describedin Section2.4).Theactivity of thecerebellumnodeis passeddown to
thenodesof thepremotorcortex, whichencodeco-activationof themusclein aspecific
stepof thesequence(describedin Section2.4),and,further, down to thenodesof the
secondlayerof primarymotorcortex (M1). Finally, theactivity of thenodesin thesec-
ondlayerof M1 activatesthenodesin thespinalcordmodule,which furtheractivates
themotorneuronsandthesethesimulatedmusclesof theavatar.

2.4 The learning modules

τ
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jy (t)

ix

i i i

Time delay

ijij w

Weight

y *  < y
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Fig. 4. Schematicsof oneconnectionfrom unit i andunit j. Eachconnectionof theDRAMA network is associatedwith two

parameters,a weight M L + anda time parameterK L + . Weightscorrespondto thesynapticstrength,while thetime parameter

specifiesasynapticdelay. Eachunit hasaself connection.Retrieval followsawinner-take-all rule on theweights.

Learningof motorsequencesis doneby updatingtheconnectivity betweenthepri-
mary cortex (M1), the premotorcortex (PM), and the cerebellummodules.PM and
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cerebellummodulesconsistof a DynamicalRecurrentAssociative MemoryArchitec-
ture(DRAMA) [7], a fully recurrentneuralnetwork without hiddenunits.Similarly to
time delaynetworks[31], eachconnectionis associatedwith two parameters,a weight' �R+ andatimeparameter� �=+ (seeFigure4).Weightscorrespondto thesynapticstrength,
while hetime parameterspecifiesa synapticdelay, that is a delayon thetime required
to propagatetheactivity from oneneuronto theother. Both parametersaremodulated
by the learningin orderto representthe spatial( ' ) andtemporal( � ) regularity of the
input to a node.Theparametersareupdatedfollowing Hebbianrules,givenby Equa-
tions2 and3. Learningstartswith all weightsandtime parameterssetto zero,unless
specifieddifferently to representpredefinedconnection(asbetweenPM-M1 modules,
seeSection2.3). S

'T+;�BU*�WV �YXZ��[\�;UD�WV]�0[�+\UD�WV (2)

� +;�BU*�WV �^U � +;�?UD�]!`_aVQ� M$/*Lb #dc /e3gf Cc LF3gf CM /*Lb #Y_ VQ�0[\�WU*�WV]��[�+\U*�WV (3)

where b is a constantfactorby which theweightsareincremented.

In the presentexperiment,learningacrossTC-PM, PM-M1 and PM-cerebellum
consistsof building up the connectivity of nodesacrossthesemodulesso as to rep-
resentspatio-temporalpatternsof activation in the TC andPM modules,respectively.
Theconnectivity PM-M1 is constructedsimultaneouslyto thatof TC-PM to represent
theisomorphismbetweenvisualandmotorrepresentation.

In DRAMA, the neuronactivation function follows a linearfirst orderdifferential
equationgivenby Equation4, below.

[\�;UD�WVh�jikUD,��;U*�WVl# � �m�l�
[\�BUD�Q!&_�Vl#n%+�o1 �-p U � +;�?qW'T+;�Wq;[�+�UD�]!`_aV;VWV (4)

r
is theidentity functionfor input valueslessthan1 andsaturatesto 1 for input valuesgreaterthan1 (

r 3m. C 1k. if .tsu5
and
r 3v. C 1w5 otherwise)and x is theretrieving functionwhoseequationis givenin 5.

p U � +;� q;' +;� qW[ + UD�]!&_�VWV �jyZU � +;� V]��zwU*' +;� V (5)

yZU � +;� V �{_(!}|uU;~ [ + UD�]!`_aVQ! � +;� ~RqB��U � �R+ VWVz�UD'T+;�	V � � UD'T+;�Bq
S
U*'t�R+�V;V

Thefunction �23v. )J� C is a thresholdfunctionthatoutputs1 when .(��1 � and0 otherwise.Thefactor � is aerrormargin

on thetime parameter. It is equalto �0� 5��WKWLR/ in thesimulations,allowing a10%imprecisionin therecordof thetime delay

of units co-activation.The term �
3mM$Lg/ C is a thresholdon the weight. It is equalto �$�*�F� /e� � :=� /JLJA� :R� LR/?A . ��3mM�LR/ C 1�� in the

experiments.�2�;� � / � � 3mM /*L C is themaximumvalueof theweightof all theconnectionsbetweenactivatedunits + andunit� , whichsatisfythetemporalconditionencodedin �Q3vK /*L C .
Eachunit in the network hasa self-connection,associatedwith a time parameters� �*� . Thisprovidesashort-termmemoryof unit activation,whoserateis specifiedby the

valueof � �*�T�j_ . Thisdecayis representedby theterm �\[\�F�����2�dU � �m�-!4_aV$��[\� , obtained
from Equation4, whenputtingto zeroall otherterms.
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Equation4 canbeparaphrasedasfollows: the output [\� of a unit � in the network
takesvaluesbetween0 and _ : [��;U*�WV���_ , when(i) an input unit ,�� (TC nodesinput to
thePM andPM nodesinput to thecerebellum)hasjustbeenactivated(new movement)
or (ii) whenthe sumof activationprovidedby the othernetwork units is sufficient to
passthetwo thresholdsof timeandweight,representedby thefunction p (seeEquation
5). A valuelessthan1 representsthememoryof a pastfull activation(value1).

2.5 3-D biomechanical simulation of a humanoid

We addeddynamicsto the threedimensionalCosimir graphicalhumanoidsimulation
[42] of a 37 degreesof freedom(DOF) avatar. Shoulders,hips,wrists,anklesandhead
have 3 DOFs.Elbows andkneehave one.The trunk is madeof threesegmentswith
2 DOFs each.All limbs are attachedby hinge-joints.The external force appliedto
eachjoint is gravity. Balanceis handledby supportingthehips;groundcontactis not
modeled.Thereis no collision avoidancemodule.

Theacceleration ��4� andangularacceleration �� � of eachlink � dependson � � , the
forcesexertedby the environment,on �¡ � , the torquesdue to the pairedmusclesof
joint(s) ¢ , andon £  � , theinnerforcesdueto theconstraintsof joint(s) ¢ :

�¤�¥�� � � � � #`% + £9 � (6)¦ §?¨ª©-«� � �¬% + �­ � #`% + £u �¤®�¯  � (7)

where °±L and ² ³*´gµ arethemassandthe momentof inertiaof link � . ¶�·¸ is thepositionvectorof joint + comparedto the

centerof massof link � .
Thesedynamicsequationsare solved using MathEngine’s Fastdynamics3 which

computesthe internal forceskeepingthe links connected,as well as the forcesdue
to contacts,while the external forcessuchas the musclestorques,the forcesdue to
gravity andto thedampingdueto theair aregivenby theuser.

Muscle torques A muscleis simulatedasacombinationof aspringandadamper[29].
Thetorqueexertedoneachjoint is determinedby apairof opposedflexor andextensor
muscles.Thesemusclescanbecontractedby input signalsfrom motorneurons,which
increasetheir spring constant,and thereforereducetheir resting length. The torque
actingat a particularjoint is thereforedeterminedby the motoneuronactivities ( ¹»º
and ¹ 8 ) of theopposedflexor andextensormuscles:

� �Y¼TU ¹½º ! ¹ 8 Vl#½¾hU ¹»º # ¹ 8 #}¿�VWÀ9Á�#
S
ÀÃÂÁ (8)

where Ä2Å is thedifferencebetweentheactualangleof the joint andthedefault angle.Thedifferentcoefficients Æ , Ç , È ,

and � determine,respectively, thegain,thestiffnessgain,thetonicstiffness,andthedampingcoefficientof themuscles.

3 Seewww.mathengine.com
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3 Experiments

Wepresentaseriesof experimentsin whichwemeasuredtheperformanceof themodel
at reproducingwell-known featuresof humanarmmovementduringreachingandthe
precisionwith which the modelreproducedsequencesof oscillatoryarm movements.
We alsocomparedthemodelperformanceto humansperformanceimitating thesame
armmovements.

The modelwasimplementedon eight setsof humanarm motions.The first three
setswererecordedusingthevideotrackingsystemdescribedin [49], andconsistedof
2D oscillatorymovementsof thetwo armsin theverticalplane(lifting upanddown the
shouldersandbendingtheelbows).Theotherfive setswererecordedusinga FastTrak
marker-basedsystem(see[39] for a completereport)andconsistedof 3D oscillatory
movementsof theleft arm.

3.1 Reaching movements

We evaluatedthe model’s performancein reproducingreachingmovementof the left
armusingthedatarecordedusingtheFastTrak system(seeSection2.2). In this exper-
iment, the modelwasgiventhe targetof the trajectory(i.e. thedesiredanglefor each
DOF of theshoulderandelbow) asinput for thereproduction.Thesevalueswereused
by thespinalcordmoduleof themodelto modulatethevalueof thesensoryfeedback.
Thereis no learningin this example.Themodel’spredefinedconnectivity for reaching
(in the PC module)is exploited to generatethe motions.We testedthe correctedness
of themodelin reproducingtwo mainfeaturesassociatedwith humanarmmovements,
namelythebell-shapedvelocity curveandthequasi-straightcurvatureof thehandtra-
jectoryin space[1, 35,45].

Figure5 (3 first graphsstartingfrom thebottomof thefigure)shows thetrajectory,
velocity profile, and the handpathof the avatar’s handduring a reachingmovement
directedtowardsa point at 25 degreesin thex directionand30 degreesin thez direc-
tion. Figure5 (3 first graphsstartingfrom thetop of thefigure)shows thesamevalues
for the trajectoryof the humanhandin a similar reach(aimedat the sametarget). In
both avatarandhumanmovements,the velocity profilesfor the biggestdirectionsof
movements(x andz) follow a bell-shapecurve. In the directionof small movements
(y axis),which result from internaltorquescausedby movementin the two otherde-
greesof freedom,thevelocity profile is madeof small oscillatorymovementsin both
avatarandhuman.Similarly to thehumandata,theavatar’s handtrajectoryis smooth,
reachingits sharpestslopeatmiddledistance(a factreflectedby thebell-shapevelocity
profile). In our model,theslow increaseof velocity for thefirst half of thedistanceis
dueto thesmoothincreaseof neuralactivationof themotorneuron(themotorneuron’s
outputis directly proportionalto the elasticityconstraintof the modeledmuscles,see
Equation8), which followsasigmoid(seeEquation1). Theplateauanddecreaseof the
velocity startingat midistanceis dueto: 1) thedampingfactorin Equation8, a muscle
property, andto 2) a propertyof the controller, which decreasesthe tonic input (from
PM andM1 nodes)sentto themotorneuronswhenreceiving sensoryfeedback(relative
positionin joint angles)from the spinalcordmoduleindicatingthatabouthalf of the
requesteddistancehadbeenachieved.
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Fig. 5. The3 first graphsfrom thetop show humandata,while the3 remaininggraphsbelow thoseshow theavatardata.

In each3 graphsets,we show: the trajectory(top), the velocity profile (middle) andthe path(bottom)of the handin x, y,

z directionsduring a reachingmovementdirectedtowardsa point at 25 degreesin the x directionand30 degreesin the z

direction.

3.2 Oscillatory arm movements

Thissectiondescribesresultsusingthethreemotionsetsrecordedwith thevideotrack-
ing system,whichconsistedof lifting upandloweringleft andrightupperarms(vertical
rotationaroundthe shoulders),while bendingandextendingthe lower arms(rotation
aroundtheelbows),respectively. For eachset,themotionwasrepeatedtwice.

For theseexperiments,thereproductionof themovementwasnotdrivenby atarget
in joint angleas in the previous Section.Here,observed motionsof eachlimb were
fed continuouslyto theTC module.Eachchangeof movementtriggeredtheTC cells.
Their activity, which encodedthe new orientationand speedof the movement,was
passedfurther to the PC andcerebellummoduleto learnthe sequenceof movement.
At the endof the observation, the cerebellumandPC wereactivatedby the decision
moduleto triggerrehearsalof thelearnedsequence.

Figure6 showssuperimposedtrajectoriesof theleft andright shouldersandelbows
of theavatarandthehumanfor thethreesetsof motions.Theblackverticallinesshow
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theinstantsduringthemovementatwhich thevisualsegmentationtriggered(detecting
a startor endof themotionbasedon velocity anddirectionchanges).Theavatar’s re-
productionshows a qualitative andquantitative agreementwith thehumanmovement.
It reproducesall the largemovementsof theshouldersandelbows,with a similar am-
plitude.A goodreproductionof theamplitudeof themovementis obtainedin themodel
by keepinga goodmeasureof thespeedof theobservedmovement.Thespeedof the
movementis transmittedby the amplitudeof the outputof the TC cells (seeSection
2.2), which is thenrecordedin the PM weightsandfurther transmittedto motor neu-
rons(in the spinalcord) asthe amplitudeof PM andM1 nodes’output.In the above
example,we chosea 1% precisionin the speedrecording.By varying this precision,
onecanapproximatetheprecisionwith which humancanmake similar measurement.
We discussthis in thenext section.

3.3 Comparison with human imitative performance

Usingthedatagatheredin [39] onhumanimitationof armmovement,weevaluatedthe
precisionwithin which humansreproducearmmovements.Figure7 shows the trajec-
toriesof theleft handof eachof four humanimitators,thatof thehumandemonstrator
andthatof theavatar’s reproductionof thesametrajectory.

Theimitationby thehumansubjectsis qualitatively similar to thedemonstration,as
they correctlyreproducedthetwo oscillationsin thezdirection.However, somesubjects
producedmovementsin thex andy directionsaswell. Theamplitudeandtiming of the
movementis not reproducedverywell. In thesetwo respects,theavatar’s reproduction
is asgoodasthatof thehuman.Notethattheimprecisereproductionof theavatarresults
from theimprecisesensoryinformationwhich is givento thesimulation.Theavataris
giventhepositionof eachof thehumanjoints,aswell asthatof its own joints,within 20
degreesof precision.It is alsogiventhespeedof thehumanmovementwith 20%error.
Thesevalueswerefixed to reproducesomewhatsimilar imprecisionasthatdisplayed
by the proprioceptive andvisual sensingin humans.Had perfectsensoryinformation
beengivento theavatar, the reproductionwould have beenperfect.However, theaim
herewasto make the input of thesystemsufficiently imprecise,soasto getanoutput
whichwill show patternsof imprecisionsimilar to thatof humansin theirfirst imitation
trial.

We measuretheprecisionof the imitation following two criteria:1) thequalitative
similarity betweendemonstrator’s andimitator’s limbs’ trajectories(handpathin ex-
trinsiccoordinatesfor reachingandshoulder, elbow joint anglesfor othermovements),
obtainedby comparingthenumberof maximaandminimaof eachcurve;2) thequan-
titative similarity of the trajectoriesin termsof amplitudeandspeed.We measure¼
( ¼4� Max(Imitator)/Max(Demonstration)), theratiobetweenmaximaof amplitude,and¾ , ( ¾ =—t(max(Imitator)-t(max(demonstrator)—/T) theratio of thetime differencebe-
tweentwo maximaover the duration � . This is a straightforwardmeasureof the ob-
servabledissimilaritiesbetweenthe two trajectories,which we will use,in future ex-
periments,asfeedbackto tunethe learningso asto improve the reproduction.¼ is a
directmeasureof theamplitudedifferencebetweenthemovements,while ¾ is anindi-
rectmeasureof the speeddifferencebetweenthemovements.In [39], othermeasures
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Fig. 7. Trajectoriesof handmotionof four humansubjectsandtheavatarimitatinganoscillatorymovementof theleft arm,

demonstratedby anotherhumansubject.First top row: Humandemonstration;rows 2-5, imitation by four humansubjects;

6th row, imitationby thehumanoidavatar.

of similarity betweenthe trajectoriesfor the samereachingtasksare presentedand
evaluated.

Table2 shows themeanvaluesof thesemeasuresacrossimitation of theeightdata
setsfor humanimitation andavatar replication.Avatar andhumanperformancefol-
lowing thesemeasuresarequantitatively similar. Both show animprecisionof over 20
percenton averagefor reproducingtheamplitudeandthespeedof themovement.

Thissimilarity betweenhumanandavatardatais encouraging,asthelongtermgoal
of this studyis to designa modelof humanability to learnmovementsby imitation.
Furtherwork will focuson developingprecisemeasuresof trajectoriessimilaritiesand
on determiningtheinfluenceof eachparameterof themodelandof thebiomechanical
simulationon themodel’sperformance.
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Table 2. Qualitativecomparisonsof humanandavatarimitativeperformance.Æ is theratiobetweenmaximaof amplitude

and Ç is theratio of the time differencebetweentwo maximaover thedurationof thedemonstrationfor humanandavatar

trajectories.Dataaremeanvaluesandstandarddeviationacrossimitationof eightdatasets.

Avatar HumanÉ Ê\Ë ÌaÌ ÍÏÎeÐ Ê\Ë ÌaÑ ÍÏÎeÒÓ Ê\Ë Ì0ÐhÍÔÊ\Ë ÌÕÎ Ê\Ë ÌaÖ ÍÔÊ\ËRÎe×
4 Conclusion

This paperpresenteda seriesof experimentsto evaluatetheperformanceof a connec-
tionist modelfor imitating humanarmmovements.Themodelis composedof a hier-
archyof artificial neuralnetwork models,which eachgive an abstractrepresentation
of thefunctionalityof somebrainareainvolvedin motorcontrol.Thesearethespinal
cord,theprimaryandpre-motorcortexes(M1 & PM), thecerebellum,andthetemporal
cortex.

The modelwasimplementedin a biomechanicalsimulationof a humanoidavatar
with 37 degreesof freedom.Datafor theimitation wererecordingsof humanarmmo-
tionsfor reachingandoscillatorymovements.To validatethemodelusingrealdata,as
opposedto simulatedones,andusinga completebiomechanicalsimulationwasvery
importantto us,asour goalis to implementthesystemon a realroboticplatform.

Resultsshowedthatthemodelcouldreliablyreproduceall motions,while datawere
highly noisy. We measureda goodquantitative agreementbetweensimulatedandreal
data,basedon an error measureon the amplitudeandspeedof the movement.More-
over, the measurederror in the model’s reproductionwascomprisedwithin the range
of error madeby humansengagedin the sameimitation task.Theseresultssuggest
thattheconnectionistmodel,coupledto thebiomechanicalsimulation,couldbeagood
first approximationof humanimitation. Futurework will aim at evaluatingfurther the
model’s performanceon moredataandat comparingits performanceto othermodels
of humanmotorcontrol,suchas[25,15,14,44].
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