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Abstract. This paperis concernedvith the evaluationof amodelof humanim-
itation of arm movements.The modelconsistsof a hierarchyof artificial neural
networks,whichareabstractionsf brainregionsinvolvedin visuo-motorcontrol.
Thesearethe spinalcord, the primary and pre-motorcortexes (M1 & PM), the
cerebellumandthe temporalcortex. A biomechanicakimulationis developed
which modelsthe musclesandthe completedynamicsof a 37 degreeof freedom
humanoid.Input to the model are datafrom humanarm movementsrecorded
usingvideoandmarler-basedrackingsystems.

The models performances evaluatedfor reproducingreachingmovementsand
oscillatorymovementof thetwo arms.Resultsshav ahigh qualitatve andquan-
titative agreementvith humandata.ln particular the modelreproduceshe well
known featureof reachingnovementsn humansnamelythebell-shapedures
for the velocity and quasi-linearhandtrajectories.Finally, the models perfor
manceis comparedo that of humansperformingthe sameimitation task.It is
shavn thatthe model’s reproductionis betteror comparabléo thatof humans.

1 Introduction

The goal of roboticsis to have robotsbecomea part of humaneverydaylives,in the
rolesof caretalersfor the elderlyanddisabledassistantin sugeryandrehabilitation,
and machinepetsandtoys for children. A key challengego making this possibleis
developingflexible motor skills in orderto give robotsthe ability to be programmed
and interactedwith more easily and naturally andto assisthumansin varioustasks.
A very challengingandexciting areaof currentresearchs concernedvith developing
human-like robots(humanoids¥or assistinghumansin medicalsumgery[30,32] and
rehabilitation[3], for providing helpin everydaytasksto the elderly andthe disabled
[50], andfor replacinghumansin low-level industrialtasksand unsafeareag21,26]
(includingspacenuclear andwastemanagemenndustries).

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



andre-calibrationof sensomrocessing13,41]. An alternatve is to provide the robot
with learning or adaptive capabilities,which canbe usedfor on- and/oroff-line op-
timization of predefinedmotor control parameter$9, 24,47]. Particularly challenging
is the problemof how to teacha robot new motor skills, without going throughrepro-
gramming but insteadhroughdemonstrationin suchascenariotherobotlearnsnovel
motor sequenceby replicatingthosedemonstratedy a humaninstructorandby tun-
ing its motor programdescriptionsso asto successfullyachieve the task. The method
is interestingbecausét allows therobotto be programmedandinteractedwvith merely
by humandemonstrationa much more naturaland simple meansof human-machine
interface.Furthermorejt makesthe robot flexible with respectto the tasksit canbe
taughtand,thus,facilitatesthe end-useof robotic systems.

Thefirst roboticswork to addressmitation wasfocusedon assemblytask-learning
from obsenation. Typically, a seriesof visualimagesof a humanperforminga simple
objectmoving/stackingtaskswasrecorded sggmentedjnterpretedandthenrepeated
by anindustrialnonhuman-likeroboticarm[20, 19,28,17,23]. Theseefforts constitute
asignificantbody of researchn robotics,andcontributeto video sgmentatiorandun-
derstandingHowever, they provide highly task-specificsolutions with little flexibility
for applying the samealgorithmto imitation after differenttypesof movementsand
tasks.More recentefforts, including our own, have beenorientedtowardanalyzingthe
underlyingmechanismsf imitationin naturalsystemsndmodelingthoseon artificial
ones[4,6,5,10,11,22,33,44,43]. The endeaor, there,is, on the one hand,to build
biologically plausiblemodelsof animals imitative abilities,and,on the otherhand,to
developarchitectureor visuo-motorcontrolandlearningin robotswhich would shav
someof theflexibility of naturalsystems.

Ourwork wishesto complemenbtherabove approachedyy investigatingaconnec-
tionist basedmodel, coupledto a completebiomechanicasimulationof a humanoid.
Wefollow neurosciencstudiesof primatemotionrecognitiorandmotorcontrol.Specif-
ically, ourwork is drivenby the obsenationthat 1) visualrecognitionof movementss
donein bothexcentricandegocentricframeof referencg37,48]; 2) thata neuralsys-
tem,themirror neuron system, encapsulatea high-level representationf movements,
thelink betweervisualandmotorrepresentatiofd0, 12]; and3) thatmotorcontroland
learningis hierarchicabndmodulategevolutionary)primitive motorprogramgcentral
patterngeneratorslocatedin primates’spinalcord[46]).

Our modelis composedf a hierarchyof artificial neuralnetworks and givesan
abstracandhigh-level representationf the neurologicaktructureunderlyingprimates
brain’s visuo-motorpathways. Theseare the spinal cord, the primary and pre-motor
cortexes (M1 & PM), the cerebellumand the temporalcortex. The model hasfirst
beenevaluatedin a pair of demonstrateimitator humanoidavatarswith 65 degrees
of freedom[6]for learningby imitation gestureandcomplex movementsnvolving all
the avatars limbs. In this paper we evaluatethe model's performanceat reproducing
humanarm movementsA biomechanicakimulationis developedwhich modelsthe
musclesandthe completedynamicsof a 37 degreeof freedomhumanoidt. Theaim of

! The previous implementatiorof the modeluseda partial dynamicsimulationof a 65 DOFs
humanoidavatar wherewe did not calculateall the physics(no internaltorques)of the hu-
manoid.



theseexperimentsds to evaluatetherealismof themodelandthe dynamicsimulationat
modelinghumanimitation.

In theexperimentgpresentedhere,only 11 DOFsareactively commandedo match
the obsened performancg4 DOFsperarmand3 for the torso),while the restof the
joints arekeptimmobile.In theexperimentgeportedn [6, 8], we demonstratetheva-
lidity of thearchitecturdor controllingthe65 DOFsof our avatarfor imitating complex
movementgequiringall limbs. There,datafor the imitation weresimulated produced
by a demonstratoevatar, andwe could generatedatafor the whole body: In this pa-
per, we usehumandata.However, becaus®f thelimitation of our trackingsystemwe
could not recordmotion of the whole body andwere constrainedo usingmovements
of theuppertorsoonly. In thefuture,wewill useafull bodytrackingsystemwhichwill
allow usto further validatethe modelfor controlling the whole 37 DOFson real data
(asopposedo simulatedoneasdonepreviously).

Therestof the paperis organizedasfollows. In Section2, we describan detailthe
model,and,in particular the visual processingf the dataandthelearningalgorithm.
In Section3, we evaluatethe model’s performanceon a seriesof experimentsfor re-
producinghumanarmmotion,namelyreachingnovementsandoscillatorymaovements
of the two arms.We comparethe model’s performanceo thatof humansin the same
imitation task. Section4 concludeghis paperwith a shortsummaryof the presented
work.

2 Themodd

We have developeda highly simplified modelof primateimitative ability [6] (see
Figurel). This modelis biologically inspiredin its function, asits compositemodules
have functionalitiessimilar to thatof specificbrainregions,andin its structure asthe
modulesarecomposeaf artificial neuralarchitectureg¢seeFigure?). It is looselybased
on neurologicalfindingsin primatesandincorporatesabstractmodelsof somebrain
areasnvolvedin visuo-motorcontrol,namelythetemporalkortex (TC), thespinalcord,
the primary motor cortex (M1), the premotorarea(PM) andthe cerebellum.

2.1 Brief description of the modules

Visualinformationis processedn TC for recognitionof the directionandorientation
of movementof thedemonstratoslimbs relative to a frameof referencdocatedonthe
demonstratosbody: Thatis, the TC moduletakesasinputthe Cartesiarcoordinate®f
eachjoint of thedemonstratoglimbsin anexcentricframeof referencgwhoseorigin
is fixed relative to the visual tracking system).It thentransformsthesecoordinatego
a new setof coordinategelative to an egocentricframe of reference Our assumption
of the existenceof orientation-sensitie cellsin anegocentricframeof referencen TC
is supportedby neurologicakvidencein monkeys[37,38] andhumang?2, 27,48]. The
vision systemalsoincorporatesa simplified attentionalmechanisnwhich is triggered
whenever a significantchangeof position(relative to the positionat the previoustime
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Fi g. 1. Thearchitectureconsistsof seven moduleswhich give an abstracandhigh-level representationf corresponding
brain areasinvolved in visuo-motorprocessingThe seven modulesare: the attentionaland temporalcortex modules the
primary motor cortex andspinalcordmodulesthe premotorcortex andcerebellunmodule,andthe decisionmodule.

step)in oneof thelimbs is obsened. At this stageof the modelingandgiventhe sim-
plicity of this module,the attentionaimoduledoesnot relateto ary specificbrainarea.
Theattentionaimechanisntreatesaninhibition, preventinginformationflow from M1
to PM andfurther to the cerebellumthereforeallowing learningof new movements
only whena changein the limb positionis obsened. In Section2.2, we describethe
motiontrackingsystemwe usedn theexperimentsandexplainin moredetailthestages
of visualprocessingn the TC module.

Motor controlin our modelis hierarchicalwith, atthelowestlevel, the spinalcord
module,composeaf primaryneuralcircuits (central pattern generators (CPGs)[46]),
madeof motor neurons andinterneurons? (seeSection2.3). The motor neuronsin our
simulationactivatethemusclesf thehumanoidavatar seeSection2.5. TheM1 module
monitorstheactivationof the spinalnetworks.Nodesin M1 aredistributedfollowing a
topographianapof thebody.

2 Inter- and motor neuronsare commonterminologyfor describingthe spinal cord neurons
with, respectiely, no directanddirectinputto themuscles.
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Fig. 2. schematicef the neuralstructureof eachmoduleandtheir interconnections.

Learningof movementsis donein the PM and cerebellummodules.Thesemod-
ulesareimplementedisingtheDynamicalRecurrenfAssociatve MemoryArchitecture
(DRAMA)[7] whichallows learningof time seriesandof spatio-temporahvariancen
multi-modalinputs(seeSection2.4 for details).Finally, the decisionmodulecontrols
the transitionbetweenobservingand reproducingthe motor sequences,e. it inhibits
PM neuralactivity dueto TC (visual)inputto flow downwardsto M1 (for motoractiva-
tion). It isimplementedhsa setof if-thenrulesandhasno directbiologicalinspiration.

Neuronsin the PM modulerespondto both visual information (from TC) andto
correspondingnotor commandsproducedby the cerebellum.As such,they give an
abstractrepresentatiomf mirror neurons. Mirror neuronsrefer to neuronslocatedin
therostralpartof inferior premotorarea6 in monkey [12,40], which have beenshovn
to fire bothwhenthe monkey graspsanobjectandwhenit obsenesanothemonkey or
ahumanperformingasimilar grasp.

In the next sectionwe describen moredetailsthevisual, motor, andlearningparts
of ourmodel.

2.2 Visual Segmentation

Datafor our experimentqseeSection3) arerecordingsof humanmotion. Thefirst set
of datawasrecordedusinga motion-trackingsystem.The systemwe usedis capable
of selectinga collection of featuresfrom the moving image, basedon a constrained
(un-occludedandunambiguousinitial positionandkinematicmodelof agenericadult
human(See[49] for a detaileddescription).Trackingis done off-line and basedon



imagefrequeny of 15 Hz. Thesystemallows trackingof the upperbodyin thevertical
plane,wherethe body featurescorrespondo thoseof a stick figure (seeFigure 3). It
calculateghe positions(relative to a fixed,excentricframeof referencepf nine points
onthebody:two locatedonthewrists,two onthe elbows, two ontheshoulderspneon
thelowertorso,oneonthe neckandoneonthehead.

e

Fig. 3. (left) Motion trackingsystemof humanmovement (Right) The Cosimirsimulator

A secondsetof humanarmdata,usedin the experimentswasgatheredy Mataric
and Pomplunin a joint interdisciplinaryproject conductedat the National Institutes
of Health Resourcdor the Study of Neural Models of Behavior, at the University of
Rochestel[34,39]. Subjectswatchedand imitated short videos of arm movements,
while wearing FastTak marker mechanisnfor recordingthe positionsof 4 marlers
onthearm:attheupperarm,neartheelbow, thewrist, andthe hand.

In the experiments theseCartesiancoordinatesare input to the temporalcortex
module(TC) of our model,in which they are processedn four stagesDataarefirst
transferrednto aframeof referenceaelative to the demonstratos body, by calculating
the joint anglesof the elbows and shouldersin a secondstage,a low-passfilter is
appliedto the calculationof the angularvelocity for eachof the four joints. This stage
correspond$o the attentionaimechanisnof Figurel. This allows usto eliminatesmall
arm movementswhich we considemoisefor theseexperiments Thesesmall motions
aredueto two factors:1) the locationsof the nine pointsof referenceof the tracking
are imprecise;the coordinatesare extrapolatedacrossthreetime stepsof recording;
2) becausef the interactiontorquesacrosshe body, mavementof onelimb resultsin
smallmotionsof therestof thebody. Thesesmallmovementsarenoiseto us,aswewish
to recognizeonly voluntarymovementgasopposedo movementsnadeto compensate
for theinteractiontorques) Sinceshoulderandelbovs have differentdynamicsdueto
their differentlengthsandmuscularcompositionwe applieddifferentfilter parameters
are appliedto each.The filtering processdependon a setof 2 parameterper DOF
These2 are thresholdsdefining 1) the minimum displacemen®, (in joint angle)for
detectingamotion,2) theminimumtime delayTy duringwhichnodisplacemengreater
thané, hasbeenobsered.Thelatteris thenconsideredsastopof themotionor small,



noisy movements.Table 1 shows the valueswe usedfor the experimentsreportedin
Section3. Note thatin the experimentswe usedat most2 (abductionandflexion) of
the 3 DOFsof the shouldersasthe third DOF, humeralrotation,wasnot recordedby
ary of thetwo trackingsystemsFigure6 shav theresultsof thevisualsegmentatiorfor
threeoscillatorymovementof thetwo arms.Only thelarge movementsaresggmented.

Table 1. Thresholdgin degrees)for visualfiltering. LSx is the DOF x of the left shoulder LE is the left elbaw. 8¢ (in
radians)is the minimum displacementor detectinga motion. T (in recordingcycles)is the minimum time delay during
which nodisplacemengreaterthanfy hasbeenobsered.

Experimentdo  [To
LSx P1/1615
LSy Pl1/16{15
RSx Pl1/16{15
RSy PI/1615
LE PI/8 ({10
RE PI/8 ({10

In a third stage ,we calculatethe direction of movementof eachlimb relative to
thelimb to whichit is attachedelbow relative to shoulderandshoulderelative to the
torso). The direction of movementis positive or negative dependingon whetherthe
limb movesupwardsor downwards,respectiely. In the fourth stage the TC module
activatesa seriesof cellscodingfor thepossiblgoint angledistributions.Therearetwo
cellsperdegreeof freedom(DOF) perjoint, codingfor positive andnegative direction
of movementrespectiely. Theoutputof the cellsencodedoththedirectionandspeed
of the movement.The fasterthe speedthe greaterthe output excitation of the cell.
Only onecell of the pair is active at atime. If both cells areinactive, the limb is not
moving. Thedecompositiorof thelimbs’ motioncaneasilybemappedo the muscular
structureof the imitator; eachDOF of a limb is directedby a pair of flexor-extensor
muscles Upward and downward directionsof movementcorrespondo the activation
of the extensorandflexor musclesrespectiely.

In summarythevisualmoduleperformsfour levels of processingn thedata:1) a
transformatiorfrom extrinsic to intrinsic frame of reference) filtering of smalland
noisy motions, 3) a parameterizatiomf the movementsin termsof speedanddirec-
tion, and4) sgmentationof the motion, basedon changedn velocity and movement
direction.

2.3 Motor control

Soinal Cord Module

In our model, motor control is hierarchical.On the lowestlevel of motor control
is the spinal cord module.lIt is composedf primary neuralcircuits madeof motor
neurons (afferentto themusclesandresponsibldor themuscleactivationor inhibition)
andinterneurons.



In our experiments the spinal circuits are built-in and encodeextendingand re-
tractingarm movementsaswell asrhythmic movementsof legs andarmsinvolvedin
the locomotion,following a biological model of the walking neuralcircuits in verte-
brates[18]. The neuronsof the spinalcord moduleare modeledas leaky-integrators,
which computethe averagefiring frequeng [16]. Accordingto this model,the mean
membrangotentialm; of aneuronh; is governedby the equation:

T; - dmz/dt = —m; + Zwi,jxj (1)

wherez; = (1 + e(mith; ))_1 representshe neurons short-termaveragefiring frequeng, b; is the neurons bias, 7;
is a time constantassociateavith the passie propertiesof the neurons membraneandw; ; is the synapticweight of a

connectiorfrom neuronN; to neuroniV;.

Motor Cortex Module: M1

The primary motor cortex (M1) modulecontainsa motor map of the body (similar
to thecorrespondindprainarea[36]). It is dividedinto layersof threeneuronnetworks,
eachactivating distinct (extensorflexor) musclepairs(seeFigure2). Thethree-neuron
network allows for independentlyregulating the amplitude (two nodes,onefor each
muscle)andthe frequeng (onenode)of the oscillation of the correspondinglexor-
extensorpair, similarto [18]. An oscillationof alimb segmentis generatedby activating
all threeneuronsallowing a smalltime delaybetweeractivation of thefirst andsecond
neuron,thus creatingan asymmetrybetweenthe two motor neurons’actiity andthe
correspondingnusclecontraction Motion of asinglemuscle(flexor or extensor)is ob-
tainedby activatingonly oneof thetwo amplitudenodeswhile keepingthefrequeng
nodeat zero.The speedof the movement,i.e., the speedof contractionof the muscle,
is controlledby increasinghe outputvalueof the amplitudeneuronand consequently
thatof the correspondingnotor neuronin the spinalcord. The amplitudeof the move-
ment(in the caseof one-musclectivation)is controlledby the durationof the neuron
activation. The longerthe activation of the amplitudeneuron(andsubsequentlpf the
motorneuron) thelongerthedurationof musclecontractionthelargerthe movement.

M1 recevessensoryfeedbackijn the form of joint angleposition,from the spinal
cordmodule.Eachmotorareaof M1 receivessensoryfeedbackrom its relatedsensory
area(armareareceivesfeedbackonjoint positionsof the shoulderjoints). Thisis used
to modulateghe amplitudeor speedof the movementby increasingor decreasingfor
smalleror larger speed)the output of the M1 nodes.The sensoryfeedbackprovides
inhibition; thelargerthefeedbackthe sloverthemovementln theexperimentsf Sec-
tion 3.1, this is usedto modulatereachingmovementsWhenthe movementstarts the
sensoryfeedbackis at its minimum and consequentlyhe tonic input (i.e., the ampli-
tudeof theM1 nodes’output)is atits maximum.Whenthearmhasreachedalf of the
requireddistancethe sensoryfeedbacks atits maximumand,consequentiythe tonic
inputis decreasetb 10% of its maximum.The arm stopsshortly afterwardswhenthe
torqueproducedoy the muscle(proportionafto the motor neurons output,seeSection
2.5)equalsthatof gravity.

Premotor Cortex Module: PM
The PM modulecreatesa direct mappingbetweenthe parameterizationf the ob-
senedmaovementin TC, following visualsegmentationandthatusedfor motorcontrol



in M1. In TC, the obsened motionis sggmentedn termsof speeddirectionanddu-

ration of movement(the delaybetweentwo changesn velocity andmotion direction)
of eachlimb (seeSection2.2).In M1, speedanddirectionof movementof eachlimb

CPG(in the spinalcord) arecontrolledby the amplitudeof the nodeswhich projectto

therelevantinterneuronsPM nodestransferthe activity of the TC nodes(obsenation

of a specificmovement)into anactiity patternof M1 nodes(motorcommandor the

correspondingnovement).A large outputactivity in TC cells (comprisedoetween0

and 1) will leadto animportantoutputfrom PC nodes,and further from M1 nodes
which further to activation of the correspondingamplitudenode. Duration of move-

mentis proportionato thedurationof activationof theamplitudenode.Learningof the

movementsconsiststhen,of storingthe sequentiahctivation (recordingthe amplitude
andthe time delay)of eachof the TC nodes,and mappingtheseto the corresponding
M1 nodesThiswill befurtherexplainedin Section2.4.

Decision module

Finally, the executionof a movement(asduring rehearsabf the motionin the ex-
periments seeSection3) is startedby the decisionmodule,by activating one of the
cerebellumodes(the nodewhich encodeghe correspondingequencef muscleacti-
vation,describedn Section2.4). Theactiity of the cerebellumodeis passediovn to
thenodesof thepremotorcortex, which encodeco-activationof themusclein aspecific
stepof the sequencédescribedn Section2.4), and,further, down to the nodesof the
secondayerof primarymotorcortex (M1). Finally, theactiity of thenodesn thesec-
ondlayerof M1 activatesthe nodesin the spinalcord module,which further activates
themotorneuronsandthesethe simulatednusclesof the avatar

2.4 Thelearning modules

Winner-take-all @ y*T<y
y. (t) \ [
@ -] = @ 79 y (1)
Time delay Weight X i
t, Lo+ T

Fig. 4. schematicsf oneconnectiorfrom uniti andunitj. Eachconnectiorof theDRAMA network is associategvith two
parametersa weightw; j andatime parameterr; 7. Weightscorrespondo the synapticstrengthwhile thetime parameter
specifiesa synapticdelay Eachunit hasa self connectionRetrieval follows awinnertake-all rule on theweights.

Learningof motor sequenceis doneby updatingthe connectvity betweerthe pri-
mary cortex (M1), the premotorcortex (PM), and the cerebellummodules.PM and
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cerebellummodulesconsistof a DynamicalRecurrentAssociatve Memory Architec-

ture (DRAMA) [7], afully recurrentneuralnetwork without hiddenunits. Similarly to

time delaynetworks[31], eachconnections associatedvith two parametersa weight
w;; andatime parametet;; (seeFigure4). Weightscorrespondo thesynapticstrength,
while hetime parametespecifiesa synapticdelay thatis a delayon thetime required
to propagatehe activity from oneneuronto the other Both parameteraremodulated
by thelearningin orderto representhe spatial(w) andtemporal(7) regularity of the

inputto a node.The parameterare updatedfollowing Hebbianrules,givenby Equa-
tions 2 and 3. Learningstartswith all weightsandtime parametersetto zero,unless
specifieddifferently to represenpredefinecconnection(asbetweenrPM-M1 modules,
seeSection2.3).

dwji(t) = a-yi(t) - y;(t) (2
Tji t—1)- 2 + yj—(?
75i(t) = ( =D 0 *uw ) - yi(t) - y;(t) 3

2E 41
wherea is aconstanfactorby which theweightsareincremented.

In the presentexperiment,learning acrossTC-PM, PM-M1 and PM-cerebellum
consistsof building up the connectity of nodesacrossthesemodulesso asto rep-
resentspatio-temporapatternsof activationin the TC and PM modules respectiely.
The connectvity PM-M1 is constructedsimultaneouslyo thatof TC-PM to represent
theisomorphismbetweervisualandmotorrepresentation.

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

yi(t) = F(s(t) + i - yi(t — 1) + Y G750, wji,y;(t — 1)) 4)
J#i

F is theidentity functionfor input valueslessthan1 andsaturateso 1 for inputvaluesgreatethanl (F(z) = zif z < 1

andF(z) = 1 otherwise)andG is theretrieving functionwhoseequationis givenin 5.
G(7ji,wji,yi(t — 1)) = A(7j:) - B(wji) (5)

A(rji) = 1= O(ly;(t — 1) — 75, €(735))
B(wj;) = 0(wji, 6(wij))

Thefunction®©(z, H) is athresholdfunctionthatoutputsl whenz >= H andO otherwise Thefactore is aerrormargin
onthetime parameterit is equalto 0.1 - 7;; in thesimulations allowing a 10%imprecisionin therecordof thetime delay
maxy >0(wj) )
TR O(w;;) = 2 inthe
experimentsmaxy ; >o0(wjs) is themaximumvalueof theweightof all the connectiondetweeractivatedunits j andunit

of units co-actvation. Theterm § (w; ;) is athresholdon the weight. It is equalto

4, which satisfythetemporalconditionencodedn A(7;;).

Eachunit in the network hasa self-connectionassociatedvith a time parameters
7;1. This providesa short-termmemoryof unit activation,whoserateis specifiecby the
valueof 7;i < 1. Thisdecayis representetly thetermdy; /dt = (1;; — 1) - y;, obtained
from Equationd, whenputtingto zeroall otherterms.
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Equation4 canbe paraphrasedsfollows: the outputy; of a unit 4 in the network
takesvaluesbetweerD and1: y;(¢t) = 1, when(i) aninput unit z; (TC nodesinputto
thePM andPM nodesinputto thecerebellumhasjust beenactivated(nev movement)
or (ii) whenthe sumof activation provided by the othernetwork unitsis sufficient to
passhetwo thresholdof time andweight,representetly thefunctionG (seeEquation
5). A valuelessthanl representthe memoryof a pastfull activation(valuel).

2.5 3-D biomechanical simulation of a humanoid

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

TheaccelerationX; andangularacce'leratiorﬁi of eachlink 7 dependon E;, the
forcesexertedby the environment,on T3, the torquesdueto the paired musclesof

joint(s) j, andon Cf theinnerforcesdueto the constraintf joint(s) j:

miX;=E;+)» C} (6)
J
[M:f; =Y 17 + > CY xr! (7)
J J

wherem; and[I]; arethe massandthe momentof inertia of link 4. ‘r‘z is the positionvectorof joint j comparedo the
centerof massof link 7.

Thesedynamicsequationsare solved using MathEngine$ Fastdynamic® which
computesthe internal forceskeepingthe links connectedas well asthe forcesdue
to contactswhile the externalforcessuchasthe musclestorques,the forcesdue to
gravity andto the dampingdueto theair aregivenby theuser

Muscle torques A muscleis simulatedasa combinationof a springandadampef29].

Thetorqueexertedon eachjoint is determinedy a pair of opposedlexor andextensor
musclesThesemusclescanbe contractedy input signalsfrom motorneuronswhich

increasetheir spring constant,and thereforereducetheir restinglength. The torque
acting at a particularjoint is thereforedeterminedoy the motoneuroractvities (M

and M.) of theopposedlexor andextensomuscles:

T = o(My — M,) + B(My + M, +7)Ap + 5A¢ (®)

where Ay is the differencebetweerthe actualangleof the joint andthe default angle.The differentcoeficientsa, 3, v,
andd determinerespectiely, thegain,thestiffnessgain, thetonic stiffness,andthe dampingcoeficient of themuscles.

3 Seewww.mathengine.com
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3 Experiments

We presentiseriesof experimentsn whichwe measuredheperformancef themodel
atreproducingwell-known featuresof humanarm movementduring reachingandthe
precisionwith which the modelreproducedsequencesf oscillatoryarm movements.
We alsocomparedhe modelperformancdo humangperformancemitating the same
armmovements.

The modelwasimplementedon eight setsof humanarm motions.The first three
setswererecordedusingthevideotrackingsystemdescribedn [49], andconsistebf
2D oscillatorymovementof thetwo armsin theverticalplane(lifting upanddown the
shouldersaandbendingthe elbows). The otherfive setswererecordedusinga FastTrak
marker-basedsystem(see[39] for a completereport) and consistedof 3D oscillatory
movementsf theleft arm.

3.1 Reaching movements

We evaluatedthe model’s performancean reproducingreachingmovementof the left
armusingthe datarecordedusingthe FastTak system(seeSection2.2).In this exper
iment, the modelwas giventhe target of the trajectory(i.e. the desiredanglefor each
DOF of theshoulderandelbow) asinput for the reproductionThesevalueswereused
by the spinalcord moduleof the modelto modulatethe valueof the sensonfeedback.
Thereis no learningin this example.The model’s predefinectonnectvity for reaching
(in the PC module)is exploited to generatehe motions.We testedthe correctedness
of themodelin reproducingwo mainfeaturesassociateavith humanarmmovements,
namelythe bell-shaped/elocity curve andthe quasi-straighturvatureof the handtra-
jectoryin spacqd1, 35,45].

Figure5 (3 first graphsstartingfrom the bottomof the figure) showvs thetrajectory
velocity profile, and the handpath of the avatar’s handduring a reachingmovement
directedtowardsa point at 25 degreesin the x directionand 30 degreesin the z direc-
tion. Figure5 (3 first graphsstartingfrom thetop of the figure) shavs the samevalues
for the trajectoryof the humanhandin a similar reach(aimedat the sametarget). In
both avatarand humanmovementsthe velocity profilesfor the biggestdirectionsof
movements(x and z) follow a bell-shapecurve. In the direction of small movements
(y axis), which resultfrom internaltorquescausedy movementin the two otherde-
greesof freedom,the velocity profile is madeof small oscillatorymovementsin both
avatarandhuman.Similarly to the humandata,the avatar's handtrajectoryis smooth,
reachingts sharpesslopeat middledistancdafactreflectedby thebell-shaperelocity
profile). In our model,the slow increaseof velocity for thefirst half of the distanceis
dueto thesmoothincreasenf neuralactivationof the motorneuron(the motorneurons
outputis directly proportionalto the elasticity constraintof the modeledmusclessee
Equation8), whichfollows a sigmoid(seeEquationl). Theplateauanddecreasef the
velocity startingat midistances dueto: 1) the dampingfactorin Equation8, a muscle
property andto 2) a propertyof the controller which decreasethe tonic input (from
PM andM1 nodes)kentto themotorneuronsvhenreceving sensoryfeedbackrelative
positionin joint angles)from the spinalcord moduleindicatingthat abouthalf of the
requestedlistancehadbeenachieved.
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Fig. 5. The3 first graphsfrom the top shav humandata,while the 3 remaininggraphsbelow thoseshow the avatardata.
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 directionand 30 degreesin the z
direction.

3.2 Oscillatory arm movements

This sectiondescribesesultsusingthethreemotionsetsrecordedvith thevideotrack-
ing systemwhichconsisteaf lifting upandloweringleft andright upperarms(vertical
rotationaroundthe shoulders)while bendingand extendingthe lower arms(rotation
aroundthe elbows), respectiely. For eachset,the motionwasrepeatedwice.

For theseexperimentsthereproductiorof themovementwasnotdrivenby atarget
in joint angleasin the previous Section.Here, obsened motionsof eachlimb were
fed continuouslyto the TC module.Eachchangeof movementtriggeredthe TC cells.
Their actwvity, which encodedthe new orientationand speedof the movement,was
passedurther to the PC and cerebellummoduleto learnthe sequencef movement.
At the end of the obsenation, the cerebellumand PC were activatedby the decision
moduleto triggerrehearsabf thelearnedsequence.

Figure6 shows superimposetrajectoriesf theleft andright shoulderaindelbows
of theavatarandthe humanfor thethreesetsof motions.Theblackverticallinesshav
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theinstantsduringthe movementat which the visual segmentatiortriggered(detecting
a startor endof the motion basedon velocity anddirectionchanges)The avatar’s re-
productionshaws a qualitative and quantitatve agreementvith the humanmovement.
It reproducesll the large movementsof the shouldersandelbows, with a similar am-
plitude.A goodreproductiorof theamplitudeof themovements obtainedn themodel
by keepinga good measureof the speedof the obserned movement.The speedof the
movementis transmittedby the amplitudeof the outputof the TC cells (seeSection
2.2),which is thenrecordedn 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,
onecanapproximatehe precisionwith which humancanmalke similar measurement.
We discusghisin thenext section.

3.3 Comparison with human imitative performance

Usingthedatagatheredn [39] on humanimitation of armmovementwe evaluatedhe
precisionwithin which humansreproducearm movementsFigure 7 shavs the trajec-
toriesof theleft handof eachof four humanimitators,thatof the humandemonstrator
andthatof theavatars reproductiorof the sametrajectory

Theimitation by thehumansubjectss qualitatively similarto thedemonstrationas
they correctlyreproducedhetwo oscillationsin thez direction.However, somesubjects
producednovementsn thex andy directionsaswell. Theamplitudeandtiming of the
movements notreproducedrery well. In thesetwo respectsthe avatar’s reproduction
is asgoodasthatof thehuman Notethattheimprecisereproductiorof theavatarresults
from theimprecisesensoryinformationwhich is givento the simulation.The avataris
giventhepositionof eachof thehumanjoints, aswell asthatof its own joints, within 20
degreesof precision It is alsogiventhe speedf the humanmovementwith 20%error.
Thesevalueswerefixedto reproducesomeavhat similar imprecisionasthat displayed
by the proprioceptve andvisual sensingn humansHad perfectsensoryinformation
beengivento the avatar, the reproductiorwould have beenperfect.However, the aim
herewasto malke the input of the systemsuficiently imprecise soasto getanoutput
whichwill shav patternsof imprecisionsimilar to thatof humansn theirfirstimitation
trial.

We measurehe precisionof the imitation following two criteria: 1) the qualitative
similarity betweendemonstratos andimitator’s limbs’ trajectories(handpathin ex-
trinsic coordinategor reachingandshoulderelbow joint anglesfor othermovements),
obtainedby comparingthe numberof maximaandminimaof eachcurve; 2) the quan-
titative similarity of the trajectoriesin termsof amplitudeand speed We measurex
(a =Max(Imitator)/Max(Demonstratioy), theratio betweermaximaof amplitude and
B, (B=—t(max(Imitator)-t(max(dmonstrato)—/T) theratio of thetime differencebe-
tweentwo maximaover the durationT'. This is a straightforvard measureof the ob-
senabledissimilaritiesbetweenthe two trajectorieswhich we will use,in future ex-
periments asfeedbackto tunethe learningso asto improve the reproductiona is a
directmeasuref theamplitudedifferencebetweerthe movementswhile s is anindi-
rectmeasureof the speeddifferencebetweernthe movementslin [39], othermeasures
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Fig. 7. Trajectorieof handmotionof four humansubjectsandthe avatarimitating anoscillatorymovementof theleft arm,
demonstratedy anothethumansubject.First top row: Humandemonstrationfows 2-5, imitation by four humansubjects;
6th row, imitation by the humanoidavatar

of similarity betweenthe trajectoriesfor the samereachingtasksare presentecand
evaluated.

Table2 showvs the meanvaluesof thesemeasurescrosdmitation of the eightdata
setsfor humanimitation and avatar replication. Avatar and humanperformanceol-
lowing thesemeasurearequantitatvely similar. Both shov animprecisionof over 20
percenton averagefor reproducinghe amplitudeandthe speedf the movement.

Thissimilarity betweerhumanandavatardatais encouragingasthelongtermgoal
of this studyis to designa model of humanability to learn movementsby imitation.
Furtherwork will focuson developingprecisemeasuresf trajectoriessimilaritiesand
on determiningthe influenceof eachparametenf the modelandof the biomechanical
simulationon the model's performance.

100
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Table 2. Qualitative comparisonsf humanandavatarimitative performancea is theratio betweermaximaof amplitude
and g is theratio of the time differencebetweentwo maximaover the durationof the demonstratiorior humanandavatar
trajectoriesDataaremeanvaluesandstandardieviation acrossmitation of eightdatasets.

Avatar Human
«(0.22+13 |0.27 £ 16
£(0.23 +0.21{0.25 + 0.19

4 Conclusion

This paperpresented seriesof experimentgo evaluatethe performanceof a connec-
tionist modelfor imitating humanarm movements The modelis composedf a hier-
archy of artificial neuralnetwork models,which eachgive an abstractrepresentation
of the functionality of somebrain areainvolvedin motorcontrol. Thesearethe spinal
cord,theprimaryandpre-motorcortexes(M1 & PM), thecerebellumandthetemporal
cortex.

The modelwasimplementedn a biomechanicasimulationof a humanoidavatar
with 37 degreesof freedom.Datafor theimitation wererecordingsof humanarm mo-
tionsfor reachingandoscillatorymovementsTo validatethe modelusingreal data,as
opposedo simulatedones,and usinga completebiomechanicakimulationwasvery
importantto us,asour goalis to implementthe systemon a realrobotic platform.

Resultsshavedthatthemodelcouldreliablyreproducell motions while datawere
highly noisy. We measurec goodquantitatve agreemenbetweersimulatedandreal
data,basedon an error measureon the amplitudeand speedof the movement.More-
over, the measurecerrorin the model’s reproductiorwas comprisedwithin the range
of error madeby humansengagedn the sameimitation task. Theseresultssuggest
thatthe connectionistnodel,coupledto the biomechanicasimulation,couldbeagood
first approximationof humanimitation. Futurework will aim at evaluatingfurtherthe
model’s performanceon moredataandat comparingits performanceo othermodels
of humanmotorcontrol,suchas[25,15,14,44].
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