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Abstract

Tangentialhand velocity pro les of rapid humanarm movementsof-
tenappearassequencesf severalbell-shapedicceleration-deceleration
phasegalledsubmaementsor movementunits. This suggesthiow the
nenoussystemmightef ciently controlamotorplantin the presencef
noiseandfeedbaclkdelay Anothercritical obsenationis thatstochastic-
ity in a motor control problemmalkesthe optimal control policy essen-
tially differentfrom the optimalcontrolpolicy for thedeterministiccase.
We usea simpli ed dynamicmodelof anarmandaddressapidaimed
armmovementsWe usereinforcementearningasatool to approximate
the optimal policy in the presenceof noiseandfeedbackdelay Using
a simpli ed modelwe showv that multiple submwementsemege asan
optimalpolicy in the presenc®f noiseandfeedbaclkdelay Theoptimal
policy in this situationis to drivethearm'sendpoint closeto thetargetby
onefastsubmaemen@andthenapplyafew slow submaementgo accu-
ratelydrivethearm's endpointinto thetargetregion. In our simulations,
the controllersometimegyeneratesorrectve submawementseforethe
initial fastsubmaementis completed muchlik e the predictive correc-
tionsobsenedin anumberof psychophysicagxperiments.

1 Intr oduction

It hasbeenconsistentlyobsened that rapid humanarm movementsin both infantsand
adultsoften consistof several submaementssometimesalled “movementunits” [21].
Thetangentialhandvelocity pro les of suchmovementsshov sequencesf several bell-
shapedacceleration-deceleratigghasessometimesoverlappingin the time domainand
sometimescompletelyseparate.Multiple movementunits are obsened mostly in infant
reaching5, 21] andin reachingmovementsy adultsubjectdn the faceof dif cult time-
accurag requirementg§15]. Thesedataprovide cluesabouthow the nenoussystemef-
ciently producesfastand accuratemovementsin the presenceof noiseand signi cant
feedbackdelay Most modelingefforts concernedwvith movementunits have addressed
only thekinematicaspect®f movemente.g.,[5, 12].

We show thatmultiple movementunitsmightemegeastheresultof acontrolpolicy thatis
optimalin the faceof uncertaintyandfeedbacldelay We usea simpli ed dynamicmodel



of anarm andaddressapid aimedarm movements.We usereinforcementearningasa
tool to approximatehe optimalpolicy in the presenc®f noiseandfeedbacldelay

An importantmotivationfor this researchs thatstochasticityinherentin the motorcontrol
problemhasa signi cant in uence ontheoptimalcontrolpolicy [9]. We arefollowing the
preliminary work of Zelevinsky [23] who showved that multiple movementunits emege
from the stochasticityof the environmentcombinedwith a feedbackdelay Whereashe
restrictedattentionto a nite-state systemto which he applieddynamicprogrammingpur
modelhasa continuousstatespaceandwe usereinforcementearningin a simulatedreal-
time learningframawork.

2 The modeldescription

The modelwe simulatedis sketchedin Figure 1. Two main partsof this modelare the
“RL controller” (Reinforcement.earningcontroller)andthe “plant” The controllerhere
representsomefunctionality of the centralnenous systemdealingwith the control of

reachingmovements.The plantrepresents simpli ed armtogethemwith spinalcircuitry.

Thecontrollergeneratethecontrolsignal,u, whichin uenceshow thestate s, of theplant
change®vertime. To simulatedelayedfeedbackhe stateof the plantis madeavailableto

thecontrollerafteradelayperiodA, soattime ¢t thecontrollercanonly obsere s (¢t — A).

To introducestochasticity we disturbedu by addingnoiseto it, to producea corrupted
control@. Thecontrollerlearnsto move the plantstateasquickly aspossibleinto a small
region abouta targetstatesr. Thereward structureblock in Figurel providesa negative
unit reward whentheplant's stateis out of thetargetareaof the statespaceandit provides
zeroreward when the plant stateis within the target area. The reinforcementiearning
controllertriesto maximizethetotal cumulatverewardfor eachmovement.With theabove
mentionedreward structure,the fasterthe plantis driveninto the target region, the less
negative rewardis accumulatediuringthe movement.Thusthis reward structurespeci es
the minimumtime-to-goalcriterion.

reward target state St

'y
s [: state s
efferent copy delay

RL controller<Y . plant
u noise|-Y

Figurel: Sketchof themodelusedin our simulations.“RL controller” standsfor a Rein-
forcement_earningcontroller
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2.1 Theplant

To modelarm dynamicstogethemwith the spinalre ex mechanismsve useda fractional-
power dampingdynamicmodel[22]. The simplestmodelthat captureghe mostcritical
dynamicalfeatureds a spring-massystenwith anonlineardamping:

mi—}—bx’é—}—k(m—u)zo.

Here, z is the position of the massattachedo the spring, z and# arerespectiely the
velocity andthe acceleratiorof the object, m is the massof the object (the massof the
springis assumedaqualto zero),b is thedampingcoefcient, k is thestiffnesscoefcient,

andu is the control signalwhich determineghe resting,or equilibrium, position. Later
in this paper we call v activation, referringto the activation level of a musclepair. The



Tablel: Parametewaluesusedin the simulations.

description value | description value
thebasicsimulationtimestep 1ms thresholdvelocity radius 0.1cm/s
thefeedbacldelay A 200ms | standardleviation of thenoise 1cm
initial position Ocm valuefunctionlearningrate 0.5
initial velocity 0cm/s | preferencesearningrate 1
targetposition 5cm discountfactor, «y 0.9
targetvelocity 5cm bootstrappindactor A\ 0.9
targetpositionradius 0.5cm

valuesfor the massthe dampingcoefcient, andthe stiffnesscoefcient weretakenfrom

Bartoetal.[3]: m = 1kg,b=3N (s/m)é, k = 30 N/m. Thesevaluesprovide movement
trajectoriegyualitatively similar to thoseobsenedin humanwrist movementg22].

The fractional-paver dampingin this model is motivated by both biological evidence
[8, 14] andcomputationatonsiderationsControllinga systemwith suchaconcare damp-
ing functionis an easiercontrol problemthanfor a systemwith apparentlysimplerlinear
damping.Fractional-paver dampingcreatesa qualitatively novel dynamicalfeaturecalled
a stictionregion, aregionin the positionspacearoundthe equilibrium positionconsisting
of pseudo-stablstateswherethe velocity of the plantremainsvery closeto zero. Such
statesarestablestatedor all practicalpurposesFor the parametemagnitudesisedin our
simulations the stictionregion is a region of radius2.5 cm aboutthe true equilibriumin

thepositionspace.

Anotheressentiafeatureof the neuralsignaltransmissiortanbe accountedor by usinga
cascadef low-passemporal lters ontheactivationlevel v [16]. We useda second-order
low-passlter with thetime constanbf 25ms.

2.2 Thereinforcementlearning controller

We usedtheversionof theactokcritic algorithmdescribedy SuttonandBarto[20]. A pos-
siblemodelof how anactorcritic architecturemightbeimplementedn thenenoussystem
wassuggestethy Barto[2] andHouketal.[10]. Weimplementedheactokcritic algorithm
for a continuousstatespaceanda nite setof actions,i.e., activation level magnitudes
evenly spacecdevery 1 cm betweer0 cm and10 cm. To represenfunctionsde ned over
the continuousstatespacewe useda CMAC representatiofil] with 10tilings, eachtiling
spansall threedimensionsof the statespaceandhas10 tiles per dimension. The tilings
have randomoffsetsdravn from the uniformdistribution. Learningis donein episodesAt
thebgginningof eachepisodéeheplantis ata x edinitial state andtheepisodas complete
whenthe plantreacheghe targetregion of the statespace.Table1 shows the parameter
valuesusedin the simulations.Referto ref. [20] for algorithmdetails.

2.3 Clocking the control signal

For the controllerto have sufcient informationaboutthe currentstateof the plant, the
controllerinternalrepresentatiomf the stateshouldbe augmentedy a vectorof all the
actionsselectedduring the lastdelayperiod. To keepthe dimensionof the statespaceat
a feasiblelevel, we restrictthe setof available policies and make the controllerselecta
new activation level, u, in a clocked mannerat time intervals equalto the delay period.
Onestepof thereinforcementearningcontrolleris performedoncea delayperiod,which
correspondgo mary stepsof the underlyingplant simulation. To simulatea stochastic
plantwe addedGaussiamoiseto u. A new Gaussiardisturbancavasdrawvn everytime a



new activationlevel wasselected.

Apart from the computationaimotivation, thereis evidenceof intermittentmotor control
by humansubjectd13]. In our simulationswe useanoversimpli ed specialkind of inter
mittentcontrolwith a piecavise constantontrolsignalwhosemagnitudechangesat equal
time intervals, but this is donefor the sale of acceleratiorof the simulationsand overall
clarity. Intermittentcontroldoesnot necessarilyassumehis particularkind of the control
signal;the mostimportantfeatureis thatcontrol sgmentsare selectedat particularpoints
in time, andeachcontrolsegmentdetermineghe controlsignalfor anextendedime inter-
val. Thetime interval until selectionof the next control sgmentcanitself be oneof the
parameter§ll].

3 Results

Themodellearnedto move themassquickly andaccuratelyto thetargetin approximately
1,000episodesFigure2 shavs the correspondindearningcurve. Figure3 shovs atypical
movementaccomplishedby the controllerafterlearning. Themovementshovn in Figure3
hastwo acceleration-deceleratigphasegalledmovementunitsor submaements.
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Figure 2: The learningcurve averagedover 100 trials. The performancas measuredn
time-perepisode.

Correctve submarementsnay occurbeforethe plantreachegerovelocity. The controller
generateshis corrective submaement‘on the y " i.e., beforethe initial fastsubmae-
mentis completed. Figure 4 shovs a samplemovementaccomplishedy the controller
after learningwheresuchoverlappingsubmaementsoccur This canbe seenclearlyin
panel(b) of Figure4 wherethe velocity pro le of the movementis shavn. Eachof the
submeementappearasabell-shapedinit in thetangentialvelocity plot.

Sometimeghe controlleraccomplishes movementwith a single smoothsubmaement.
A sampleof sucha movementis shavn in Figure5.

4 Discussion

Themodellearnsto producemovementghatarefastandaccuraten the presenc®f noise
anddelayedsensoryfeedback.Most of the movementsconsistof several submaements.
The rst submaementis alwaysfastandcoversmostof the distancefrom the initial po-
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Figure3: A samplemovementaccomplishedby thecontrollerafterlearning.Panels(a)and
(b) shaw the positionandvelocity time courserespectiely. Panel(c) shavs the activation
time courses. The thin solid line shavs the activation v selectedby the controller The
thick solid line shaws the disturbedactivation@ which is sentasthe control signalto the
plant. Thedashedine shavstheactivationafterthetemporal Itering is applied.Panel(d)
shaws the phaserajectoryof the movement. Thethick barat the lowerright corneris the
targetregion.

sitionto thetarget. All of the subsequerdubmarementsaremuchslowver andcover much
shortersgmentsin the positionspace.

This featurestandsn goodagreementvith the dualcontrolmodel[12, 17], wheretheini-
tial partof a movementis conductedn a ballistic manneyandthe nal partis conducted
underclosed-loopontrol. Someevidencefor this kind of dualcontrolstrategyy comesrom
experimentsn which subjectswveregivenvisual feedbackonly duringthe initial stageof
movement. Subjectsdid not shawv signi cant improvementundertheseconditionscom-
paredto trials in which they weredeprived of visualfeedbaclduringthe entiremovement
[4, 6]. In anothersetof experimentsproprioceptve feedbaclwasalteredby stimulations
of muscletendons.Movementaccurag decreasednly whenthe stimulationwasapplied
atthe nal stage®f movemen{18]. Note,however, thatthedualcontrolstratgy thoughis
not explicitly designednto our model,but naturallyemegesfrom the existing constraints
andconditions.

Thereinforcementearningcontrolleris encouragetby the reward structureto accomplish
eachmovementas quickly as possible. On the other hand, it faceshigh uncertaintyin
the plantbehaior. In stateswith low velocitiesthe informationavailableto the controller
determineghe actualstateof the plant quite accuratelyas opposedto stateswith high



(@) (d)

6 20
£
O4r
E 15}
g ol
wn
€ 10f
0 ; ; ; ; 5
0 200 400 600 800 1000 =
t, ms S
° 5f
>
(b)
20
® 0
IS 15}
o
210 ; ; ; ; ;
= _5
8 0 1 2 3 4 5 6
g 57 position, cm
0 ; ; ;
0 200 400 600 800 1000
t, ms
(©)
15
5
- 10 T
s [ [T
g ]
Z 5t
« ]
0 ‘ ‘ ‘ ‘
0 200 400 600 800 1000

t, ms

Figure4: A samplemovementaccomplishedy the controllerafter learningwith a well
expressedgredictive correction.

velocities. If the controllerwereto adopta policy in which it attemptsto directly hit the
targetin onefastsubmaement.thenvery often it would missthe targetand spendiong
additionaltime to accomplishthe task. The optimal policy in this situationis to move the
armcloseto thetargetby onefastsubmaementandthenapplyafew slov submaements
to accuratelynove arminto thetargetregion.

Themodellearnsto producecontrol sequencesonsistingof pairsof high activationsteps
followed by low activation steps. This featurestandsin goodagreementvith pulse-step
modelsof motorcontrol[7, 19]. Eachof the pulse-stegombinationgproducesa submawe-

mentcharacterizedby a bell-shapedinitin thevelocity pro le.

In biological motor control correctve submaementsare obsered very consistentlyin-

cluding both the overlappingand separatesubmaements. In the caseof overlapping
submaementsthe corrective movementis calleda predictive correction. Multiple sub-
movementsare obsened mostlyin infant reaching[5]. Adults performroutine everyday
reachingmovementsordinarily with a single smoothsubmaement,but in caseof tight

time constraintor accurag requirementshey revertto multiple submaementq15]. The
suggesteanodelsometimesccomplishesnovementswith a singlesmoothsubmaement
(seeFigureb), but in mostcasest producesnultiple submaementsmuchlike aninfantor

anadultsubjecttrying to move quickly andaccurately

The suggestednodelis also consistentwith theoriesof basalgangliainformation pro-
cessingfor motor control [10]. Someof thesetheoriessuggesthatdopamineneuronsn
the basalgangliacarry information similar to the secondaryreinforcement(or temporal
difference)in the actorcritic controller, i.e., informationabouthow the expectedperfor
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Figure5: A samplemovementaccomplishedby the controllerafterlearningwith a single
smoothsubmaement.

mance(time-to-taget) changesver time duringa movement.A possibleuseof this kind
of informationis for initiating corrective submaementsbeforethe currentmovementis
completed. Thiskind of behavior is exhibitedby our model(Figure4).
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