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Abstract We present a new learning framework for syn-
thesizing goal-directed actions from example movements. The
approach is based on the memorization of training data and
locally weighted regressionto compute suitable movementsfor a
large range of situations. The proposed method avoids making
specibc assumptions about an adequate represetation of the
task. Instead, we use a general representation based on pfth
order splines. The data usedfor learning comeseither from the
obsewation of eventsin the Cartesian spaceor from the actual
movement execution on the robot. Thus it informs us about the
appropriate motion in the example situations. We show that
by applying locally weighted regressionto such data, we can
generateactions having proper dynamicsto solve the given task.
To testthe validity of the approach,we presentsimulation results
under various conditions as well as experimentson a real robot.

I. INTRODUCTION

Humanoidroboticshasdealtwith the problemof learning
comple humanoidbehaiors for along time. It wassoonreal-
izedthatto overcomeproblemsarisingfrom high dimensional
and continuousperception-actiorspaces,it is necessaryto
guide the searchprocessthus effectively reducingthe search
spaceandalsoto develop higherlevel representationsuitable
for fasterlearning.To achieve thesegoals,researcher sen-
sorimotorlearning have explored various solutions. Some of
the mostnotableamongthosearelearningfrom demonstration
(or imitation learning)and motor primitives.

Building on the large body of work by the computer
graphicscommunity it hasbeenshavn that motion capture
technologycanbe usedto generatecomplex humanoidrobot
motionsthat may requirea greatdeal of skills and practicing
to be realized, e.g. dancing[11], [18], [19]. Techniquesto
adaptthe generatednovementswith respectto variousrobot
constraintdhave alsobeenproposé [10], includingmorecom-
plex constraintssuchasself-collisionavoidanceandbalancing
of a free standingdancig robot [8], [14]. Dynamics Plter

that can createa physically consistentmotion from motion
capturedatahasalso beenproposed22]. While theseworks
can overcomethe problem of different embodimentsof the
robot andthe demonstratqrthey do not dealwith the effects
of motion actingon the externalworld. Differentmethodsare
neededto adaptthe capturedmotionsto the changesin the
external world and synthesizegoal-directed actions, suchas
in the caseof object manipulationtasks.

In tasksinvolving the manipulationof objects,it is neces-
saryto adaptthe obsened movementsto the currentstateof
the 3-D world. For ary given situation, it is highly unlikely
that an appropriatemovementwould be obsened in advance
andincludedin the library. While mary taskscanbe learned
assuminga properrepresentatiotior the physics of the task,
such an approachrelies on a priori knowledge about the
action and therefore does not solve the complete learning
problem.To avoid specifyingthe physical model of the task,
Miyamoto et al. [9] basedheir methodologyon programming
by demonstratiorand derived a representatiofior optimal tra-
jectories,which they referredto asvia-points. They wereable
to teacha robotic arm a fairly difpcult gameof Kendamaand
tennissenes. Schaalet al. [5], [17] proposeda more general
nonparametri@pproachbasedon nonlineardynamicsystems
as policy primitives. They developedcanonicalequationsfor
rhythmic anddiscretemovementsanddemonstratethatthese
systemscan be usedto learn tasks such as tennis strokes
and drumming.Hidden Markov models(HMMs) are another
popular methodologyto encodeand generalizethe obsened
movements[1], [3], [6]. While techniquesthat enablethe
reproductiorof generalizednovementsrom multiple demon-
strationshave beenproposedgeneralizatiormcrossnovements
to attain an external goal of the taskis not centralto these
works. HMMs, however, can be usedeffectively for motion
and situationrecognition[6] andto determinewhich control
variablesshouldbe imitated and how [3].



Fig. 1.

The computergraphicscommunityhasalso studiedhuman
motion synthesisfrom example movements.The most com-
mon approachis to generalizeacrossa numberof movements
by linearinterpolationJike e.g.[21]. If donecorrectly suchan
approactresultsin physicaly correctmovementsundermary
circumstance$15]. Roseet al. [13] representhe motionsby
B-splinesanduseradial basisfunctionsto interpolatebetween
the control points of B-Splines. Automatic re-timing of the
captured movementsbasd on registration curves has also
beenconsidered7]. Most of the early works dealt with the
intepolationof relatively short movements,but interpolation
of longer action sequencess also possibleas shavn in [16].
While theseworks addressmary problemsrelevant to the
robotics community their main aim is to generaterealistic
computeranimations.Our focus, however, is to shav that
movementinterpolationcan generateactionsthat can change
the external world in sucha way that the goal of an action
is attained.In order words, we focus on the synthesisof
goal-directed actions andhow to make action synthesisfrom
example movementsapplicablefor the implementationon a
real robotic system.

In thefollowing we proposea nevw movementgeneralization
methodologybasedon locally weightedregression[2]. The
goal of an actionis usedto index into the library of stored
movementsWe alsobriel3y dealwith differentapproachethat
can be appliedto genera¢ a suitablemovementlibrary. We
shav bothin simulationandon a real robot thatthe proposed
approactcanbe usedto synthesizegoal-directedactions.As a
testexamplewe usethe task of throwing a ball into a baslet,
which hasthe adwantagethat its physicsis well understood
andwe canthus compareour resultswith anideal system.

Il. COLLECTING THE EXAMPLE MOVEMENT LIBRARY

As mentionedin the introduction,motion capturehasbeen
usedsuccessfullyto generateairly complex movementson a

Humandemonstratiorof the ball throw, unsuccessfutlirect reproductionon a humanoidrobot, and a successfulction executionafter coaching

humanoidrobot. However, direct reproductionof movements,
even if it includesthe physical constraintsof a robot, rarely
resultsin a successfulexecution of the task that involves
external goals.In the throwing example of Fig. 1, the direct
reproductionended up in a throw that missedthe baslet
(middle row of bgures). Moreover, the execution of the
throwing movementwas suboptimalin mary otherwayssuch
asfor exampletiming of the ball releaseand smoothnessit

was thereforenecessaryto develop a methodologyto adapt
the initial robot motion. In our previous work, we explored
the coaching paradigmto solve these problems. Coaching
provides a familiar setting to most people for interacting
with anddirectingthe behaior of a complex humanoidrobot
wherehuman-robocommunicatiortakes the form of coach®
demonstrationgind high-level qualitative instructions.In this

way it is possibleto generatehrowing movementsthat result
in successfuthrows with good dynamical properties,which

are suitablefor generalizationSee[12] for more detalils.

Thereareotherwaysthancoachingto adaptcapturednave-
mentsto attainthegoalof thetaskin agivensituation.Thevia-
point representatiorbasedon the forward-inverse relaxation
neuralnetwork model (FIRM) [20] is one of them. Via points
are extracted sequentiallyby taking the prst two via-points
to be the end-pointsof the movementand interpolating the
movementusing the minimum principle for the approximated
dynamicsmodel (point mass),which resultsin a minimum
jerk trajectory (Pfth order polynomial). New via-points are
determinedby calculatingthe distancebetweenthe obsered
and interpolatedtrajectory and adding the via-points at the
point of the maximum squarederror until the error is small
enough.Hovewer, the movementgeneratedoy the bnal set
of via-points still cannotensurethe successfulexecution of
the task. It wasthereforeproposedo adaptthe trajectoryby
moving the via-pointsuntil the robotis successfu[9]. This is



accomplishedby constructinga functionfrom via-pointsto the
task goal and by moving the via-pointsusing a Newton-like
optimizationmethod.

In certain situations, it is well possible that a skilled
engineemwould be ableto designoptimal trajectoriesfor some
situations.The coachingparadigmdescribedabove just pro-
videsthe technologythat enablesnon-skilledpeopleto design
Ogood@novementsfor learning. Thus, all thesemethodsfor
trajectorieggeneratiorcanbe utilized for the constructiornof a
library of movementsThe methodwe proposén thefollowing
is independentf the datacollection method.

I11. GENERALIZATION ACROSS MOVEMENTS

The datacollection mechanismsiescribedin the previous
section provide us with a set of movements M;, i =
1,..., NumFz, that were executedby the robot and suc-
ceededo accomplishthe goal of the taskin the obsered situ-
ations.We denotethegoalsby g, €« R™, i = 1,..., NumEx.
In the caseof throwing a ball into a baslet, thegoals{q,} are
specibedy the positionsof the baslet. Every movementM ;
is encodedby a sequenceof trajectory points p,; at times
tij, 7 = 1,...,n;. We have experimented both with end-
effectortrajectorieq(in this casep,; arepointsin the Cartesian
space)and with robot joint trajectories(in this casep,; are
thejoint anglesstemmingfrom the active degreesof freedom).
Our aimis to develop a methodthat can computemotionsthat
attainthe goal of the taskfor ary given query point (goal) q.

To bnd a representatiorfor the desired movements,we
follow [9], [20] and representthe trajectoriesby bfth order
splines Dueto theirlocal supportproperty we choseB-splines
[4] to implement the spline functions, which resultsin the
following representation

M(t) = ) biBx(t). (1)
k

where B, are the bask functionsfrom the sekectedB-spline

basis.

A. Determination of Basis B-Spline Functions

We adaptedthe via-point approachof [9] to bnd a good
spline basis.Unlike [9], which dealswith only one example
movement,we needto considermultiple examples.We there-
fore introduce what we call common knot points. Common
knot points are extractedsequentiallyas follows:

1) First all trajectoriesare time-scaledto interval [0, 1].
The duration of every movement 7; is also stored
with each example. Without re-timing it is not pos-
sible to interpolate betweenthe examples. See Sec-
tion IlI-C for more details on this issue. The initial
knot sequencdor the pfth order spline is taken to be
K, = {0,0,0,0,0,0,1,1,1,1,1 1}, which resultsin a
socalledclampedspline.Clampedsplinescanbeusedto
calculateminimum jerk splinesinterpolatingthe desired
position, velocity, and acceleratiorat the end points (0

IHowever, avia-pointlike methodis usedto obtaina suitablerepresentation
for goal-directedactions.

and 1). The initial spline basis consistsof six basis
functions.

For every movementM ; we determinghe bestapproxi-

matingpbfth orderspline S;; with basisfunctionsdebned
by the currentknot sequencek;.

For all conbgurations(p,;, si;), sij tii/Ti, we

calculatethe distanceto the generatedplinetrajectories

)

We selectthe knot point to be addedto the existing knot
sequenceat the point of the maximum squarederror
e;; betweenthe examplemovementsandthe generated
splinetrajectories.The new knot sequencas given by

Kl+1={0,...,sij...,l}. (3)

4) The procedurecontinuesat step2 (with [ < [+ 1) until
the differencebetweenthe examplemovementsandthe
generatedplinetrajectoriesbecomessufbciently small.

The above processis similar to the way Miyamoto et al. [9]
determinevia-points. Its bPnal result, the knot sequenceX,
is appliedto debnea spline that we useto synthesizegoal-
directedactions.

2)

3)

elij = ||pij — Sui(sij)ll-

B. Synthesizing New Actions

Given a goal q, we would like to Pnd movementM(q)
that can attain this goal. Using the above representatiorwe
canwrite

N
M(q) = ) bi(q)By, @)
k=1
where N is the numberof B-spline basisfunctionsdebnedoy
theknot sequencds,. In computergraphics,neny movements
are often synthesizedby simply interpolating the splines

approximatingthe example movements[15]

1

However, if the approximationby splinesis not accurate,
suchanapproackcanintroduceundesireddeformationsn the

examplemovementswhich canaffect the synthesizedctions.
We thereforestudiedothertechniquesuchasiocally weighted

regression [2] to generatanovementsfor ary given goal. Our

main motivationis thatit is difbcultto Pndglobal modelsthat
arevalid everywhereandthatit is thereforebetterto look for

local modelsthat are correctonly in one particularsituation,
but areeasierto computen locally weightedregressionjocal

models are bt to nearbydata. Its applicationresultsin the

following optimizationproblem

M(q) = arg mgn {C(a)},

N 2

Z bBk(si) — pi;

k=1

NumEzxz nj

Claw= > >

i=1 j=1

W (di(q, qi)) -
(6)

Here W is the weighting kernel function and d; are the
distancefunctionsbetweerthe querypoint andthe datapoints




q;. The unknovn parameterswe minimize over are b =
... bL]".

SinceW (d;(q, q;)) doesnotdependonthe B-splinecoeb-
cientsby, the optimizationproblem(6) is a classiclinear least
squareproblem.lt is, however, very large becauset contains
all datapointsp,; describingthe examplemovementsBefore
describinghow to solve it, we debnedistancefunctions d;
and the kernel function W. We take the weighted Euclidean
distancefor d;, i. e.

()

It is bestto selecta; so that thereis someoverlap between
the neighboringquery points. One possibility is

1
di(q,qi) = ;IIq —q;l, a; > 0.

(8)

By selectinga; in this way we ensurethat as query points
transitionfrom one datapoint to anotherthe generatednove-
mentsalso transitionbetweenexample movementsassociated
with the datapoints.

Therearemary possibilitiesto dePneheweightingfunction
W [2]. We chosethe tricube kernel

11313

This kernel has Pnite extent and continuouskrst and second
derivative. Combinedwith distance(7), thesetwo functions
determinehowv much inBuenceeach of the example move-
mentsM ; has.It is easyto seethatthe inBuenceof eachM;
diminisheswith the distanceof the query point ¢ from the
datapoint g,. If the datapoints g, are distributed uniformly
along the coordinate axes then every new goal directed
movementM (q),q 7 gq;, will beinBuencedoy 4™ example
movement$, wherem is the dimensionof the query point.

Optimizationof criterion (6) is a linear least-squareprob-
lem. Locally weighted regressioncombinedwith the local
supportof B-spline basisfunctions make the resultinglinear
systemthat needsto be resohed sparse.Additionally, since
only the weights and not the basisfunctions dependon the
query point g, the sparsesystemmatrix can be precomputed
in its entirety We appliedthe Matlabimplementatiorof sparse
matrix algebrato solve the resulting linear problems,which
enabledus to generatenew actionsquickly despie the large
number of trajectory points p,;. Another advantageof the
proposedmethodis that thereis no needto searchfor nearby
movmentsin the databasejocally weighted regressionand
sparsematrix algebrado this job.

a:= 2min g, - q

if|d| <1
otherwise

(9)

C. Re-Timing of the Generated Actions

To interpolatebetweenexample movements,we neededo
prstscalethe timing of all trajectoriesto a commoninterval,
which we choseto be [0, 1]. This scaling, however, causes
the velocities and accelerationsof both the example move-
mentsandthe synthesizedctionsto be scaled.To synthesize

2Exceptionare the movementsat the edgeof the training space.

movementswith propervelocities and acceleration® which
is essentialto solve dynamic tasks B we needto rescale
the resulting actions back to the original time interval. As
describedn Sectionlll-A, thetiming of eachexamplemotion
M ; is scaledby 1/T;, whereT; is the duraton of the example
movement.Henceto re-time the synthesizedaction, we need
to computean estimatefor the expectedtime durationT'.

For this purpose,we approximatethe expectedtiming by
a multivariate B-spline function f; : R™ — R, which is
estimatedby minimizing the following criterion

NumFEzx
> (fulg) — T, (10)
=1
In our experimentswe debneda B-spline basisby uniformly
subdving the domainof the goal pointsg,. A suitabletiming
for the synthesizedactionis thengiven by

M
T=1f(q)= > a:Bi(q). (11)

i=1
Finally, the correctly timed trajectoriesfor the synthesized
actionsobtainedby minimizing criterion (6) canbe calculated
by mappingtheknotpoints K, = s; to thenew knotsequence
K}

K;=10,....,T*s;,...

T} (12)

The optimal coebcients b(q) remain unchangedand the
spline with thesecoebcientsdebnedon the knot sequence
K specipesan actionwith appropriatevelocitiesand accel-
erations.

It should be noted here that uniform scaling might not
be suitable for every task. In some situationsit might be
more appropriateto segment the example movementsand
apply different scalng factors to different time intervals.
Here matchingof key eventsis crucial for good results[15].
Computergraphicscommunityhasproposedsomeapproaches
to automatically resole this problem [7], [13]. Since the
task consideredin this paper does not require nonuniform
scaling,we did not attemptto developmorecomplex re-timing
methodshere.

IV. EXPERIMENTAL RESULTS

We validatedour approactbothin simulationandonthereal
robot. As a testexamplewe consideredhe task of throwing
a ball into a baslet, which has the adwantagethat it is a
dynamic task, dependentot only on the positional part of
the movement,and that its physics is well understood.This
allows us to compareour resultswith anideal system.It can
easilybe shavn thatthe trajectoryof the ball afterthe release
is fully specibedby the position and velocity at the release
point

, 2
x = 29+ votcosl ), y= yo+ votsin(!) — 97, (13)

where(zg, yo) is thereleasepoint, vy is the linear velocity of
the ball at releasetime and! is theinitial angleof the throw.
We consideredhe problemwherethe target baslet is placed



in zy-plane.Note that a humanoidrobot could normally turn
towardsthe baslet, thussolving this problemallows the robot
to throw the ball to arny positionin space.

A. Simulation Results

For the interpolationto work, the style of example move-
mentsmustbe similar. Interpolationbetweenmovementsthat
have nothingin commonwould not resultsin sensibleactions.
To generateexamplesthat can be usedfor action synthesis,
we usedEg. (13) to design Cartesianspacetrajectoriesthat
theoretically result in successfulthrows for a given baslet
position. The baseof therobot, which wastakento be a seren
degreesof freedomarm, was bPxed in space.The designed
trajectoriesconsistef circularandlinear parts.Fromagiven
baslet postion, we determineda suitablereleasepoint and by
specifyingthe desiredangle underwhich the ball shouldfall
into a baslet (taken to be 60 degrees),a good trajectory for
each situation could be calculated.We distributed the goal
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Fig. 3. The throw error The graphcorrespondgo the condition of Tah |

with grid size50" 50, joint spacesynthesisThe erroris larger at the edges
of the training areawherelessdatais available for synthesis.

theerrorin the completetraining areaandin the areareduced
baslet positionswithin a rectangulaareaof size4 x 2 meter by the side length of the grid along the edges.In Tah | the
squares,with the lower left corner positionedat (1.2,0.1) datapointsp,; usedin (6) consistecf both positionsandve-
meters Thebaseof therobotwasplacedat (—0.5,0.1) meters. |ocities®, which wereapproximatedy the splinefunctions.In

Fig. 2 shavs the velocity problesof the movementsgenerated Tah Il the datapointsp;; consistedof positionalinformation
by specifying a grid in thin rectangularareawith baslets only. To testthe methodwe evaluatedthe throws by applying
placedevery 0.5 meters(altogetherd5 baslet positions).We  a grid of 2.5x 2.5 centimetersquaresyhich resultedin 13041

used inverse kinematicsto generateexample trajectoriesin
joint space.

By specifyingdifferentgrid sizesfor training (we took grid
side lenghtsof 0.25, 0.5, and 1 meter which resultedin 15,
45, and 153 examplemovementswithin the training area),we
testedhov mary examplemovementsare necessaryo throw
a ball anywherewithin the training areawith good precision.
Tablesl andll shav the errorsin the synthesizedhrows. They
were calculatedby using Eq. (13) to determinethe ball Right
trajectory after release All valuesin the tablesare given in
centimeters.The density of the training datais specibedby
the grid size (rightmostcolumn). Sincethe error was smaller
away from the edgesof the library (seeFig. 3), we estimated
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Fig. 2. Cartesianvelocitiesof examplemovements

testthrows for every training condition.

Both tables shav that the accurag of the ball throw
is signibcantly improved when more data is available. We
achieved average precision betweenl and 2.5 cm for the
two Pnergrids. Hence,45 training exampleswere enoughfor
an averageprecisionof belov 2 cm within the reducedarea.
The comparisonof Tah | and Il also shavs that the explicit
additionof velocity informationdid not improve the throwing
precision.We believe that the main reasonfor this is that our
datawas simulatedat a typical robot seno rate of 500 Hz,

SFormula (6) is valid for positional information only, but extension to
velocities and accelerationsis straightforvard and does not signibcantly
changethe linear systemthat needsto be resohed.

4
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time (sec)
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- y position (m)
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Fig. 4. Spline function approximatingthe releasetimes of the movements
with respectto the baslet position



TABLE |
ERRORS IN THE SYNTHESIZED THROWS (IN CENTIMETERS). SEE TEXT
FOR THE EXPLANATION.

Joint space Cartesiarspace Grid size
Trainingarea | Full Reduced| Full Reduced
Averageerror | 2.18 1.52 1.70 1.28 25" 25
Max. error 10.39 5.79 9.63 4.67 25" 25
Averageerror | 2.72 1.75 2.25 1.40 50" 50
Max. error 12.57 7.08 13.79 6.01 50" 50
Averageerror | 10.15 7.03 9.85 6.37 100" 100
Max. error 38.97 15.27 37.71 13.23 100" 100

Error (cm)

. . . .
170 180 190 200
Distance (cm)

0 I I
140 150 160 210

Fig. 5. Accuragy of the learnedthrowing action executedby the robot

hence enoughdata was available to estimatethe velocities
from positionalinformation. For sparserdatathe addition of
velocity and acceleratiorwill becomemore important.

We appliedthe proposedapproachto the datacollectedin
both the Cartesiarandthe joint spaceTah | andll shav that
in mostbut not all caseghe precisionwasslightly betterwhen
usingthe Cartesiarspacedata.However, the differencesavere
so small that we considerboth typesof dataequally suitable.

Theimprovementwith densertraining datawasmuchmore
signipcanwhenmoving from thegrid sizeof 1x 110 0.5x 0.5
metersquareshanwhenmaoving to thegrid sizeof 0.25x0.25.
Themainreasorwasthatthe estimationof thetiming function
f, of Sectionlll-C (seeFig. 4) usedthe sameset of basis
functionsto form the approximatingsplinein all cases.Thus
whenthe grid sizewasreducedthe inaccuraciesn thetiming
function startedto dominateand the throwing precisiondid
not improve ary further This shavs the importanceof the
properestimationof timing.

Our results demonstratethat albeit the system was not
provided with the model of the task, it managedto learn
how to throw the bal with high precision using no other
information but the example movementsand the associated
baslet positions.

TABLE 1l
ERRORS IN THE SYNTHESIZED THROWS WITHOUT INCLUDING
VELOCITIES IN THE DATA (IN CENTIMETERS). SEE TEXT FOR THE
EXPLANATION.

Joint space Cartesiarspace Grid size
Trainingarea | Full Reduced| Full Reduced
Averageerror | 2.25 1.50 2.25 1.60 25" 25
Max. error 10.03 4.89 9.69 4.58 25" 25
Averageerror | 2.41 154 2.43 1.61 50" 50
Max. error 13.35 6.17 13.77 5.91 50" 50
Averageerror | 10.39 6.55 10.23 6.40 100" 100
Max. error 38.31 13.34 37.78 12.94 100" 100

velocities (m/sec)

0 100 200 300 400

time (milliseconds)

500 600 700

Fig. 6. Cartesiarvelocitiesof generatedobot movementsfor throws into a
baslet positionedat 1.4, 1.45,1.5, ... 2.1 meters

B. Robot Experiments

We used a humanoidrobot arm with seven degreesof free-
dom for our brstreal-world action synthesisexperimentsWe
usedbvetrainingexamples(takenat1.37,1.63,1.77,1.98,and
2.18meters)to train thethrowing behaior alongtheline from
1.4to 2.1 metersFig. 5 shavs the accurag of the synthesized
throws. The averageerror was 3.36 centimetersThe training
hadto be donein the joint spae becausehe robot can not
follow Cartesianspacetrajectorieswith sufecient accurag.
Also, it is importantto usethedesiredoint trajectoriesandnot
the actualjoint trajectoriedfor training, sothatthe synthesized
actions directly relate to the actual robot commands.Our
resultsshow thatlocally weightedregressionprovidesus with
theability to synthesizegoal-directedactionsdirectly from the
datainsteadof brstapproximatinghe examplemovementsby
spline functionsand theninterpolatingthe coefcientsof the
approximatingsplines,

Fig. 6 depictsthe velocities of robot hand movementsin
xy—planeof the Cartesiarspace Thesevelocitiesaredifferent
from the velocities of example simulatedmovementsin Fig.
2 becausewe used different types of throws in thesetwo
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Fig. 7. Spline function approximatingthe releasetimes (blue) and release
times of the examplemovements(red)

examples.Nevertheless both bPguresshav a typical smooth
transition betweenmovementsas the target position moves
in space.Finally, Fig. 7 shavs the spline approximating
the releasepoint timings. Again, the form of the spline is
someavhat different from the simulatedspline of Fig. 4, but
both splinesexhibits smoothtransitionof releaseimesasthe
baslet position changes.

V. CONCLUSION

The most important result of this paperis that dynamic
goal-directedactionscan be synthesizedby applying locally
weighted regressionto the library of example movements,
whereeachof the example movementsis known to fulbl the
task in one particular situation. We shaved how to connect
action synthesiswith techniquessuch as coachingand pro-
grammingby demonstrationwhich enablesus to acquirethe
example library. Our experimentsdemonstratethat we can
achieve fairly accurateresuls without providing the system
with modelsaboutthe dynamicsof the taskandwithout need-
ing to acquirean excessve amountof example movements.
Finally, we demonstratedhat locally weightedregressionis
suitable for synthesizinggoal-directedactionsdirectly from
the training data insteadof bra approximatingthe example
movementsby spline functions and then interpolating the
approximatingsplines.

Our approachis by no meandimited to ball throwing. It is
pretty straightforvard to apply it to otherdiscretemovements
suchas reaching,catching,tennis strokes, etc. More work is
necessaryo generalizethe approachto rhythmic movements.
We believe, however, that sucha generalizatioris possibleby
utilizing closedsplinesinsteadof the clampedsplines,which
we usedto synthesizaliscretemovementsin this paper
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