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Abstract

Tangentialhandvelocity pro�les of rapid humanarm movementsof-
tenappearassequencesof severalbell-shapedacceleration-deceleration
phasescalledsubmovementsor movementunits. This suggestshow the
nervoussystemmightef�ciently controlamotorplantin thepresenceof
noiseandfeedbackdelay. Anothercritical observationis thatstochastic-
ity in a motor control problemmakesthe optimal control policy essen-
tially differentfrom theoptimalcontrolpolicy for thedeterministiccase.
We usea simpli�ed dynamicmodelof anarmandaddressrapidaimed
armmovements.Weusereinforcementlearningasatool to approximate
the optimal policy in the presenceof noiseandfeedbackdelay. Using
a simpli�ed modelwe show that multiple submovementsemerge asan
optimalpolicy in thepresenceof noiseandfeedbackdelay. Theoptimal
policy in thissituationis to drivethearm'sendpointcloseto thetargetby
onefastsubmovementandthenapplyafew slow submovementsto accu-
ratelydrivethearm'sendpoint into thetargetregion. In oursimulations,
thecontrollersometimesgeneratescorrective submovementsbeforethe
initial fastsubmovementis completed,muchlike thepredictive correc-
tionsobservedin anumberof psychophysicalexperiments.

1 Intr oduction

It hasbeenconsistentlyobserved that rapid humanarm movementsin both infantsand
adultsoften consistof several submovements,sometimescalled“movementunits” [21].
The tangentialhandvelocity pro�les of suchmovementsshow sequencesof severalbell-
shapedacceleration-decelerationphases,sometimesoverlappingin the time domainand
sometimescompletelyseparate.Multiple movementunits areobserved mostly in infant
reaching[5, 21] andin reachingmovementsby adultsubjectsin thefaceof dif�cult time-
accuracy requirements[15]. Thesedataprovide cluesabouthow the nervoussystemef-
�ciently producesfastand accuratemovementsin the presenceof noiseandsigni�cant
feedbackdelay. Most modelingefforts concernedwith movementunits have addressed
only thekinematicaspectsof movement,e.g.,[5, 12].

Weshow thatmultiplemovementunitsmightemergeastheresultof acontrolpolicy thatis
optimalin thefaceof uncertaintyandfeedbackdelay. We usea simpli�ed dynamicmodel



of an arm andaddressrapid aimedarm movements.We usereinforcementlearningasa
tool to approximatetheoptimalpolicy in thepresenceof noiseandfeedbackdelay.

An importantmotivationfor this researchis thatstochasticityinherentin themotorcontrol
problemhasa signi�cant in�uence on theoptimalcontrolpolicy [9]. We arefollowing the
preliminarywork of Zelevinsky [23] who showed that multiple movementunits emerge
from the stochasticityof the environmentcombinedwith a feedbackdelay. Whereashe
restrictedattentionto a �nite-statesystemto which heapplieddynamicprogramming,our
modelhasa continuousstatespaceandwe usereinforcementlearningin a simulatedreal-
time learningframework.

2 The modeldescription

The modelwe simulatedis sketchedin Figure1. Two main partsof this modelare the
“RL controller” (ReinforcementLearningcontroller)andthe“plant.” Thecontrollerhere
representssomefunctionality of the centralnervoussystemdealingwith the control of
reachingmovements.Theplantrepresentsa simpli�ed armtogetherwith spinalcircuitry.
Thecontrollergeneratesthecontrolsignal,� , whichin�uenceshow thestate,� , of theplant
changesover time. To simulatedelayedfeedbackthestateof theplantis madeavailableto
thecontrollerafteradelayperiod

�
, soat time � thecontrollercanonly observe ������� �
	 .

To introducestochasticity, we disturbed� by addingnoiseto it, to producea corrupted
control �� . Thecontrollerlearnsto move theplantstateasquickly aspossibleinto a small
region abouta targetstate�
� . Therewardstructureblock in Figure1 providesa negative
unit reward whentheplant'sstateis outof thetargetareaof thestatespace,andit provides
zero reward when the plant stateis within the target area. The reinforcementlearning
controllertriesto maximizethetotalcumulativerewardfor eachmovement.With theabove
mentionedreward structure,the fasterthe plant is driven into the target region, the less
negativerewardis accumulatedduringthemovement.Thusthis rewardstructurespeci�es
theminimumtime-to-goalcriterion.
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Figure1: Sketchof themodelusedin our simulations.“RL controller” standsfor a Rein-
forcementLearningcontroller.

2.1 The plant

To modelarmdynamicstogetherwith thespinalre�ex mechanismswe useda fractional-
power dampingdynamicmodel [22]. The simplestmodel that capturesthe mostcritical
dynamicalfeaturesis a spring-masssystemwith anonlineardamping:

������������������ � � � � 	��! #"
Here, � is the position of the massattachedto the spring, �� and �� are respectively the
velocity and the accelerationof the object, � is the massof the object (the massof the
springis assumedequalto zero), � is thedampingcoef�cient, � is thestiffnesscoef�cient,
and � is the control signalwhich determinesthe resting,or equilibrium, position. Later
in this paper, we call � activation, referringto the activation level of a musclepair. The



Table1: Parametervaluesusedin thesimulations.

description value description value
thebasicsimulationtimestep 1 ms thresholdvelocity radius 0.1cm/s
thefeedbackdelay,

�
200ms standarddeviationof thenoise 1 cm

initial position 0 cm valuefunctionlearningrate 0.5
initial velocity 0 cm/s preferenceslearningrate 1
targetposition 5 cm discountfactor, � 0.9
targetvelocity 5 cm bootstrappingfactor, � 0.9
targetpositionradius 0.5cm

valuesfor themass,thedampingcoef�cient, andthestiffnesscoef�cient weretakenfrom
Bartoetal. [3]: � ���

kg, � ����� �	��

� 	 �� , � ���  �� 
�� . Thesevaluesprovidemovement
trajectoriesqualitatively similar to thoseobservedin humanwrist movements[22].

The fractional-power dampingin this model is motivatedby both biological evidence
[8, 14] andcomputationalconsiderations.Controllingasystemwith suchaconcavedamp-
ing function is aneasiercontrolproblemthanfor a systemwith apparentlysimplerlinear
damping.Fractional-powerdampingcreatesaqualitatively novel dynamicalfeaturecalled
a stictionregion, a region in thepositionspacearoundtheequilibriumpositionconsisting
of pseudo-stablestates,wherethe velocity of the plant remainsvery closeto zero. Such
statesarestablestatesfor all practicalpurposes.For theparametermagnitudesusedin our
simulations,the stiction region is a region of radius2.5 cm aboutthe true equilibrium in
thepositionspace.

Anotheressentialfeatureof theneuralsignaltransmissioncanbeaccountedfor by usinga
cascadeof low-passtemporal�lters ontheactivationlevel � [16]. Weusedasecond-order
low-pass�lter with thetimeconstantof 25ms.

2.2 The reinforcementlearning controller

Weusedtheversionof theactor-critic algorithmdescribedby SuttonandBarto[20]. A pos-
siblemodelof how anactor-critic architecturemightbeimplementedin thenervoussystem
wassuggestedby Barto[2] andHouketal. [10]. Weimplementedtheactor-critic algorithm
for a continuousstatespaceanda �nite setof actions,i.e., activation level magnitudes�
evenly spacedevery 1 cm between0 cm and10 cm. To representfunctionsde�ned over
thecontinuousstatespacewe useda CMAC representation[1] with 10 tilings, eachtiling
spansall threedimensionsof the statespaceandhas10 tiles per dimension.The tilings
haverandomoffsetsdrawn from theuniformdistribution. Learningis donein episodes.At
thebeginningof eachepisodetheplantis ata�x edinitial state,andtheepisodeis complete
whenthe plant reachesthe target region of the statespace.Table1 shows the parameter
valuesusedin thesimulations.Referto ref. [20] for algorithmdetails.

2.3 Clocking the control signal

For the controller to have suf�cient informationaboutthe currentstateof the plant, the
controller internal representationof the stateshouldbe augmentedby a vectorof all the
actionsselectedduring the last delayperiod. To keepthedimensionof thestatespaceat
a feasiblelevel, we restrict the setof availablepoliciesandmake the controllerselecta
new activation level, � , in a clocked mannerat time intervals equalto the delayperiod.
Onestepof thereinforcementlearningcontrolleris performedoncea delayperiod,which
correspondsto many stepsof the underlyingplant simulation. To simulatea stochastic
plantwe addedGaussiannoiseto � . A new Gaussiandisturbancewasdrawn every time a



new activationlevel wasselected.

Apart from the computationalmotivation, thereis evidenceof intermittentmotor control
by humansubjects[13]. In our simulationswe useanoversimpli�ed specialkind of inter-
mittentcontrolwith apiecewiseconstantcontrolsignalwhosemagnitudechangesatequal
time intervals,but this is donefor thesake of accelerationof thesimulationsandoverall
clarity. Intermittentcontroldoesnot necessarilyassumethis particularkind of thecontrol
signal;themostimportantfeatureis thatcontrolsegmentsareselectedat particularpoints
in time,andeachcontrolsegmentdeterminesthecontrolsignalfor anextendedtime inter-
val. The time interval until selectionof the next control segmentcanitself be oneof the
parameters[11].

3 Results

Themodellearnedto move themassquickly andaccuratelyto thetargetin approximately
1,000episodes.Figure2 showsthecorrespondinglearningcurve. Figure3 showsatypical
movementaccomplishedby thecontrollerafterlearning.Themovementshown in Figure3
hastwo acceleration-decelerationphasescalledmovementunitsor submovements.
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Figure2: The learningcurve averagedover 100 trials. The performanceis measuredin
time-per-episode.

Correctivesubmovementsmayoccurbeforetheplantreacheszerovelocity. Thecontroller
generatesthis corrective submovement“on the �y ,” i.e., beforethe initial fastsubmove-
ment is completed.Figure4 shows a samplemovementaccomplishedby the controller
after learningwheresuchoverlappingsubmovementsoccur. This canbe seenclearly in
panel(b) of Figure4 wherethe velocity pro�le of the movementis shown. Eachof the
submovementsappearsasabell-shapedunit in thetangentialvelocityplot.

Sometimesthe controlleraccomplishesa movementwith a singlesmoothsubmovement.
A sampleof sucha movementis shown in Figure5.

4 Discussion

Themodellearnsto producemovementsthatarefastandaccuratein thepresenceof noise
anddelayedsensoryfeedback.Most of themovementsconsistof severalsubmovements.
The �rst submovementis alwaysfastandcoversmostof thedistancefrom the initial po-
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Figure3: A samplemovementaccomplishedby thecontrollerafterlearning.Panels(a)and
(b) show thepositionandvelocity time courserespectively. Panel(c) shows theactivation
time courses.The thin solid line shows the activation � selectedby the controller. The
thick solid line shows thedisturbedactivation �� which is sentasthecontrol signalto the
plant.Thedashedline showstheactivationafterthetemporal�ltering is applied.Panel(d)
shows thephasetrajectoryof themovement.Thethick barat thelower-right corneris the
targetregion.

sition to thetarget.All of thesubsequentsubmovementsaremuchslower andcovermuch
shortersegmentsin thepositionspace.

This featurestandsin goodagreementwith thedualcontrolmodel[12, 17], wheretheini-
tial partof a movementis conductedin a ballistic manner, andthe �nal part is conducted
underclosed-loopcontrol.Someevidencefor thiskind of dualcontrolstrategy comesfrom
experimentsin which subjectsweregivenvisual feedbackonly during the initial stageof
movement. Subjectsdid not show signi�cant improvementundertheseconditionscom-
paredto trials in which they weredeprivedof visualfeedbackduringtheentiremovement
[4, 6]. In anothersetof experiments,proprioceptive feedbackwasalteredby stimulations
of muscletendons.Movementaccuracy decreasedonly whenthestimulationwasapplied
at the�nal stagesof movement[18]. Note,however, thatthedualcontrolstrategy thoughis
not explicitly designedinto our model,but naturallyemergesfrom theexistingconstraints
andconditions.

Thereinforcementlearningcontrolleris encouragedby therewardstructureto accomplish
eachmovementas quickly as possible. On the other hand,it faceshigh uncertaintyin
theplantbehavior. In stateswith low velocitiestheinformationavailableto thecontroller
determinesthe actualstateof the plant quite accuratelyas opposedto stateswith high
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Figure4: A samplemovementaccomplishedby the controllerafter learningwith a well
expressedpredictivecorrection.

velocities. If the controllerwereto adopta policy in which it attemptsto directly hit the
target in onefastsubmovement,thenvery often it would missthe targetandspendlong
additionaltime to accomplishthetask. Theoptimalpolicy in this situationis to move the
armcloseto thetargetby onefastsubmovementandthenapplya few slow submovements
to accuratelymovearminto thetargetregion.

Themodellearnsto producecontrolsequencesconsistingof pairsof high activationsteps
followed by low activation steps.This featurestandsin goodagreementwith pulse-step
modelsof motorcontrol[7, 19]. Eachof thepulse-stepcombinationsproducesasubmove-
mentcharacterizedby abell-shapedunit in thevelocitypro�le.

In biological motor control corrective submovementsareobserved very consistently, in-
cluding both the overlappingand separatesubmovements. In the caseof overlapping
submovements,the corrective movementis calleda predictive correction. Multiple sub-
movementsareobservedmostly in infant reaching[5]. Adults performroutineeveryday
reachingmovementsordinarily with a singlesmoothsubmovement,but in caseof tight
time constraintsor accuracy requirementsthey revert to multiple submovements[15]. The
suggestedmodelsometimesaccomplishesmovementswith a singlesmoothsubmovement
(seeFigure5), but in mostcasesit producesmultiplesubmovementsmuchlikeaninfantor
anadultsubjecttrying to movequickly andaccurately.

The suggestedmodel is also consistentwith theoriesof basalgangliainformation pro-
cessingfor motor control [10]. Someof thesetheoriessuggestthatdopamineneuronsin
the basalgangliacarry informationsimilar to the secondaryreinforcement(or temporal
difference)in the actor-critic controller, i.e., informationabouthow the expectedperfor-
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Figure5: A samplemovementaccomplishedby thecontrollerafter learningwith a single
smoothsubmovement.

mance(time-to-target)changesover time duringa movement.A possibleuseof this kind
of information is for initiating corrective submovementsbeforethe currentmovementis
completed.Thiskind of behavior is exhibitedby ourmodel(Figure4).
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