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Abstract—Hitting and batting tasks, such as tennis fore-
hands, ping-pong strokes, or baseball batting, depend on
predictions where the ball can be intercepted and how it
can properly be returned to the opponent. These predictions
get more accurate over time, hence the behaviors need to
be continuously modied. As a result, movement templates
with a learned global shape need to be adapted during the
execution so that the racket reaches a target position and
velocity that will return the ball over to the other side of the
net or court. It requires altering learned movements to hit a
varying target with the necessary velocity at a speci c instant
in time. Such a task cannot be incorporated straightforwardly
in most movement representations suitable for learning. For
example, the standard formulation of the dynamical system
based motor primitives (introduced by ljspeert et al. [1]) does
not satisfy this property despite their exibility which has
allowed learning tasks ranging from locomotion to kendama.
In order to ful ll this requirement, we reformulate the ljspeert
framework to incorporate the possibility of specifying a desired
hitting point and a desired hitting velocity while maintaining
all advantages of the original formulation. We show that the
proposed movement template formulation works well in two
scenarios, i.e., for hitting a ball on a string with a table tennis
racket at a speci ed velocity and for returning balls launched by
a ball gun successfully over the net using forehand movements.
All experiments were carried out on a Barrett WAM using a
four camera vision system.

I. INTRODUCTION

Learning new skills can frequently be helped signi cantly

by choosing a movement template representation that

cilitates the process of acquiring and re ning the desire

in table tennis, a typical movement consists of swingingbac
from a rest postures, hitting the ball at a desired position
with a desired orientation and velocity, continuing thersyvi

a bit further and nally returning to the rest posture. See
Figure 1 for an illustration. Sports sciences literatur@][1
[11] indicates that most striking movements are composed of
similar phases that only appear to be modi ed by location
and velocity at the interception point for the ball [12]-]15
These ndings indicate that similar motor primitives are
being used that are invariant under these external in ugnce
similar to the ljspeert motor primitives [1]-[3] being inva

ant under the modi cation of the nal position, movement
amplitude and duration. However, the standard formulation
by ljspeert et al. cannot be used properly in this context as
there is no possibility to directly incorporate either a-via
point or a target velocity (if the duration cannot be adapted
as, e.g., for an approaching ball). Hence, a reformulaton i
needed that can deal with these requirements.

In this paper, we augment the ljspeert approach [1]-[3]
of using dynamical systems as motor primitives in such a
way that it includes the possibility to set arbitrary vetoes
at the hitting point without changing the overall shape of
the motion or introducing delays that will prevent a proper
strike. This modi cation allows the generalization of lead
striking movements, such as hitting and batting, from demon
strated examples. In Section Il, we present the refornanati

the motor primitives as well as the intuition behind the

fsf
behavior. For example, the work on dynamical system%-dapte‘j approach. We apply the presented method in Sec-

based motor primitives [1]-[3] has allowed speeding up,

on Il where we show two successful examples. First, we
est the striking movements primitive in a static scenafio o

poth |m|ta'F|on and remforcerr_]ent Iearn|ng_wh|le, at the eamhitting a hanging ball with a table tennis racket and show tha
time, making them more reliable. Resulting successes have

shown that it is possible to rapidly learn motor primitives
for complex behaviors such as tennis swings [1] with only
a nal target, constrained reaching [4], drumming [5], kdpe
locomotion [2], [6] and even in tasks with potential indiestr
application [7]. Although some of the presented examples,
e.g., the tennis swing [1] or the T-ball batting [8], arelstrg
movements, these standard motor primitives cannot prpperl
encode a hitting movement. Previous work needed to make
simplistic assumptions such as having a static goal [8], a
learned complex goal function [9] or a stationary goal th
could only be lightly touched at the movement's end [1].
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rs‘lléig. 1. This gure illustrates the different phases of a &at#nnis stroke.
The blue box on the left represents a ping-pong ball laundher table

Most racket sports require that we hit a non-stationarig shown in green and the different states of the robot arerpoged. A

: . : ; TP ypical racket trajectory is indicated by the dark gray ddine while the
target at various positions and with various veIOC|t|esnrgjr orange dashed line represents the ball's trajectory. Thetrgoes through

the execution of a complete striking movement. For example@yur stages: it swings badk1 2), it strikes the ball at a virtual hitting
point with a goal-oriented velocity at posture, it follows the strike through
(4 4) and nally returns to the rest posture . While the complete
arm movement can be modeled with the ljspeert approach, themefation
in this paper is required to be able to properly strike thé. bal
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Nonlinear

Spring-Damper and is particularly well-suited for striking movements.igh

Target . . . . . -
Moved DoF System modi cation allows setting both a hitting point and a stnigi
% velocity while maintaining the desired duration and the
learned shape of the movement. Online adaptation of these
hyperparameters is possible and, hence, it is well-suited f
(a) lispeert Motor Primitive learning racket sports such as table tennis. The basidioriui
Moving Target behind the modi ed version is similar to the one of ljspegrt’
[ primitives, i.e., both assume that the controlled degree of
HH 5 freedom is connected to a specic spring damper system;
however, the approach presented here allows overcoming
(b) Hitting Motor Primitive previous limitations by assuming a connected moving tar-

Fig. 2. In this gure, we convey the intuition of the presemteeactive get, see Figure 2. The resulting approach is explained in

templates for learning striking movements. The ljspeert foation can be ~S€ction [1-B.

seen as a nonlinear spring damper system that pulls a degfezedém to A further drawback of the ljspeert motor primitives [1]-

a stationary goal V\_/h_ile exhibiting alearned movement shape.p‘fesented [3] is that. when generalizing to new targets they tend to

approach allows hitting a target with a speci ed velocitythvaut replanning ! . . !

if the target is adapted and, in contrast to the ljspeert féatiun, can be Produce large accelerations early in the movement. Such an

seen as a degree of freedom pulled towards a moving goal. acceleration peak may not be well-suited for fast movements
and can lead to execution problems due to physical limita-

th N i It ball locati Aft tions; Figure 4 illustrates this drawback. In Section lI1v@&
€ movement generaiizes well 1o new ball localions. eélropose a modi cation that alleviates this shortcoming.
this proof of concept, we take the same movement template

representation in order to learn an adaptable forehand for Discrete Movement Primitives

table tennis. The later is tested in the setup indicated by While the original formulation in [1], [2] for discrete
Figure 1 where we use a seven degrees of freedom Barrgjtnamical systems motor primitives used a second-order
WAM in order to return balls launched by a ball cannon. system to represent the phageof the movement, this
formulation has proven to be unnecessarily complicated in
ractice. Since then, it has been simpli ed and in [3] it was
own that a single rst order system suf ces

Il. MOVEMENT TEMPLATES FORLEARNING TO STRIKE

lispeert et al. [1] suggested to use a dynamical syste
approach in order to represent both discrete point-totpoin
movements as well as rhythmic motion with motor primi- = 2Z: Q)

tives. This framework allows the representation of arhiya This canonical system has the time constamt1=T where

Sth?ﬁ movementstthrough ths prlmtl_t|vets gollfy P T]rt?meteg:%is the duration of the motor primitive, a parameter
an ese parameters can be esimated straightiorwarGi¥icp, s chosen such that 0 at T to ensure that the

by. ch;ally weighted regression. In the Qiscrete case, theﬁ“?uence of the transformation function, shown in Eq. (3),
primitives can be modied through their hyperparameter§/anishes_ Subsequently, the internal stateof a second

in order to adapt to the nal goal position, the movemengystem is chosen such that positiogsof all degrees of
amplitude or the duration of the movement. The resulting - are given by = xi, the velocitiesg by g =

movement can start from arbitrary positions and velocities » = x; and the accelerationg by ¢ = x,. Under

and QIJIO :10 arbnfra::ly tna] ptosmolnsswhllle rTIIIaEtamlng t.hethese assumptions, the learned dynamics of ljspeert motor
overall shape ot Ihe trajectory. In Secltion 1i-A, We TeVIEW, jitives can be expressed in the following form
the most current version of this approach based on [2], [3]. X2)+ Af (2); (2)

2 ’

However, as outlined in Section I, this formulation of the X2=  x(x(t xi)
motor primitives cannot be used straightforwardly in racke X1 = Xz

sports as incorporating a desired virtual hitting point][10 ;g set of differential equations has the same time con-
[11] (consisting of a de;ired target position and vglocitygtant as the canonical system, parameters, x set
cannot be achieved straightforwardly. For example, inetably,cp, that the system is critically damped, a goal parameter
tennis, f",’lSt forehand'move.ments need t‘? hit a ball att"’,‘ a transformation functiof and an amplitude matrix
pre-speci ed speed, hitting time and a continuously adaptey — diag(a; as:::::an), with the amplitude modi era =
location. In the original ljspeert formulation, the goaleds [a1; @2 an]. In [3], they usea =t x? with the initial
to be determined at the start of the movement and @sitionx9, which ensures linear scaling. Other choices are
approximately zero velocity as in the experiments in [1]; & ,ssibly better suited for speci ¢ tasks, see e.g., [L6]e Th
via-point target can only be hit properly by modifying eithe yanstormation functiorf (z) alters the output of the rst
the policy parameters [8] or, indirectly, by modifying thegystem in Eq. (1), so that the second system, in Eq. (2), can
goal parameters [9]. Hence, such changes of the target Gbresent complex nonllgpear patterns and it is given by
only be achieved by drastically changing the shape of the f)= (D) wiz: 3)
trajectory and duration. i=1 | 1
As an alternative, we propose a modied version ofHerew; contains thé™ adjustable parameter of all degrees

lispeert's original framework that overcomes this limitet of freedom,N is the number of parameters per degree of

| N



(a) Position (b) Velocity (c) Acceleration

joint angle go[rad)
Joint velocity gs[rad/s]

time [s]

time [s] time [s]

—— Demonstration — Ijspeert’s original — Reformulation for Hitting —Acceleration-Safe Reformulation for Hitting

Fig. 3. Target velocity adaptation is essential for stgkimovements.
This gure illustrates how different versions of the dynaalisystem based
motor primitives are affected by a change of the target velotiere, an
arti cial training example (i.e.,.q = 2t2 + cos(4t ) 1) is generated.
After learning, all motor primitive formulations manage to reguce the
movements accurately from the training example for the samettaedpcity
and cannot be distinguished. When the target velocity itetligthis picture
changes drastically. For ljspeert's original model the atadé modi er a
had to be increased to yield the desired velocity. The irsgr@aamplitude
of the trajectory is clearly visible for the positions anceevmore drastic
for the velocities and accelerations. The reformulatiorssented in this
paper, stay closer to the movement shape and amplitude. Raxicthe
velocities and accelerations exhibit that the new appradotvs much better
generalizing of the learned behavior. This gure furthermolemonstrates
how a large initial step in acceleration appears for ljspeeriginal model
(and the reformulation for hitting) even if a transformatiemdtion is used
to partially suppress it for the training example.

freedom, and j(z) are the corresponding weighting func-

forced to arbitrary nal velocities by changing the shape
parameters of the movement. As the last basis function in
the transformation functioti (z) decays almost to zero at
time T the active parameters, the last parametgr needs

to be over-proportionally large. If the motor primitive is
trained with x4(T) = 0 it simply rests atx; tif it
runs for longer thanT. However, largewy often cause
overshooting inx; and the trajectory is subsequently pulled
back to the nal positiont only using the linear attractor
dynamics in Eq. (2) which may not be suitable for a given
task. The target velocitx,(T) can only be changed either
by scaling the duration of the movemeiit or with the
amplitude modi era; however a mapping df andx,(T) to

a has to be established rst. The main downsides of these
approaches, respectively, are that either the total durasi
changed (which makes the interception of a table tennis ball
hard) or thata modi es the whole motion including shape
and amplitude (which causes undesired movements and often
requires overly strenuous movements in table tennis). & hes
effects are illustrated in Figure 3. Note, if the target is
constantly adapted as in table tennis (where the ball t@jgc

is not certain until the ball has bounced on the table the
last time), these effects will produce signi cantly stramg
undesired effects and, possibly, unstable behavior.

tions [3]. Normalized Gaussian kernels are used as weghtin  oq an alternative for striking movements, we propose a

functions given by
@ exp a)?
iLexp h(z g)?
These weighting functions localize the interaction in ghas

space using the centecs and widthsh;. Note that the de-
grees of freedom (DoF) are usually all modeled independ

h; (Z

(4)

e
in the second system in Eq. (2). All DoFs are synchronm.g‘
as the dynamical systems for all DoFs start at the same tim
have the same duration, and the shape of the movement

is generated using the transformatibz) in Eq. (3) that
is learned as a function of the shared canonical system
Eqg. ().

As suggested in [1], [2] locally-weighted linear regressio
can be used for imitation learning. The duration of discret

modi cation of the dynamical system based motor primitives
that allows us to directly specify the desired(T) while
maintaining the duration of the movement and having the
possibility to change the amplitude of the motion indepen-
dently. For doing so, we introduce a moving target and
include the desired nal velocity in Eg. (2). We use a lingarl
oving target but other choices may be better suited for
Ifferent tasks. This reformulation results in the follogi

uations for the learned dynamics |

X1

e

g gltm Xp)+ Af;  (5)

n X1 X2,
In(z)

0
td

tm ; (6)
e h

movements is extracted using motion detection and the tim@eret_is the desired nal velocityt, is the moving target

constants are set accordingly. Additional feedback terams ¢
be added as shown in [3], [16], [17].

B. Adapting the Motor Primitives for Striking Movements
The regular formulation [1]-[3] which was reviewed in
Section 1I-A, allows to change the initial positiod) and
target positiont (which corresponds to the position at the
end of the movement at time) of the motor primitive while
maintaining the overall shape of the movement determin
by the parametersvi. For disturbed initial conditions, the
attractor dynamics that pull the motor primitive to the ried

forward adaptation of the hitting time. I =

and the initial position of the moving targef, = t t
ensures that,, (T) = t. The term In(z)=( ) is
proportional to the time if the canonical system in Eq. (1)
runs unaltered; however, adaptationzollows the straight-
0, this

formulation is exactly the same as the original formulation
The imitation learning approach mentioned in Section II-A

n be adapted straightforwardly to this formulation. Fégsi

C
elfﬁstrates how the different approaches behave when dorce
to achieve a speci ed desired nal velocity.

behavior and it is guaranteed to nally reach to the targe€. Safer Dynamics for Generalization

position t, see [1]. However, the formulation above only Generalizing fast movements such as a forehand in table
considers the case of a nal goal with a favored velocitytennis can become highly dangerous if the primitive reguire

of x;(T) = 0 at the targett and nal time T. However, exceedingly high accelerations or has large jumps in the
using the transformation function(z) in Eq. (3), it can be acceleration (e.g., the fastest table tennis moves that we



(a) Position (b) Velocity (c) Acceleration

Surprisingly, after this modi cation the unaltered dynasni
(i.e., wherew = 0 and, hence, Af (z) = 0) result in trajec-
tories that roughly resemble a minimum jerk movements and,
hence, look very similar to human movements. Exactly as for
the ljspeert formulation, we can arbitrarily shape the béira

time [ time [9] ° e Py learning the weights of the transformation function. é&lot
that [16] also introduced a similar modi cation cancelirget
initial acceleration caused by the offset between initiadl a

Fig. 4. An important aspect of the ljspeert framework is thathsu target position; however, their approach cannot deal with a
primitives are guaranteed to be stable and, hence, safe donitg. A deviati initial locit

problem of the regular formulation highly unevenly disttibdi acceleration eviating nitial velocity. ) . . .

with a jump at the beginning of the movement of its unaltered thios. The proposed acceleration jump compensation also yields

These high accelerations affect the movement when the behavather smoother movements during the adapta‘[ion of the h|tt|ng
generalized to new goals or when during trial-and-errornieg where

the initial parameters are small. Some of these problem haveopsly ~ POINt @S well as smoother transitions if motor primitives ar
been noted by Park [16], and are particularly bad in the coraé fast Sequenced. The later becomes particularly important when

striking movements. Here, we compare the different formulationth  the preceding motor primitive has a signi cantly different
respect to their acceleration in the unaltered dynamics Gasew = 0).

For a better comparison, we set the target velocity to zerg Q). The Ye_'oc'ty t_han during training (by imitation learning) or if
ljspeert formulation clearly shows the problem with the éaagceleration, it iS terminated early due to external events. All presented
gs ;‘093 _tge r_efﬂ;mu'?]t_ilon gor hitE”G (;Yith a hitting SP_eEdhLOf,: 0 modi cations are compatible with the imitation learning
oth are identical). While the Park modi cation starts withabe jump . . : CY
in acceleration, it requires almost as high accelerationstighafterwards. app_roach dISCUSS_ed in Section II-A and the adaptation is
The acceleration-safe reformulation for hitting also start without a step  Straightforward. Figures 3 and 4 show how the presented
in acceleration and does not require huge accelerations. modi cations overcome the problems with the initial jumps

in acceleration.

joint angle g, [rad]
joint acceleration d[rad/s?]

joint

—Ijspeert’s original- ~Reformulation for Hitting —Acceleration-Safe Reformulation for Hitting—Park Reformulation

have executed on our WAM had a peak velocity 7ofi=s Ill. ROBOT EVALUATION

and 10g maximum acceleration). Hence, the initial jump N this section, we evaluate the presented reactive tem-
in acceleration often observed during the execution of thelates for representing, learning and executing forehands
lispeert primitives may lead to desired accelerations thdt the setting of table tennis. For doing so, we evaluate
a physical robot cannot properly execute, and may evén,lr representation for Striking movements rst on h|tt|ng a
cause damage to the robot system. In the following, weanging ball in Section Ill-A and, subsequently, in the task
will discuss several sources of these acceleration jumgs aff returning a ball served by a ball launcher presented in
how to overcome them. If the dynamics are not altere§ection IlI-B.

by the transformation function, i.ew = 0, the highest =~ When hitting a ping-pong ball that is hanging from the
acceleration during the original ljspeert motor primitiveceiling, the task consists of hitting the ball with an ap-
occurs at the very rst time-step and then decays rapidbpropriate desired Cartesian V6|OCity and orientation & th
If the motor primitives are properly initialized by imitati  Paddle. Hitting a ping-pong ball shot by a ball launcher
learning, the transformation function will cancel thistiai ~ requires predicting the ball's future positions and vetesi
acceleration, and, thus, this usually does not pose a p,mb|én order to choose an interception point. The latter is only
in the absence of genera"za’[ion_ However, when Changir%lf Ciently accurate after the ball has hit the table for thst

the amplitudea of the motion (e.g., in order to achieve time. This short reaction time underlines that the movement
a speci ¢ target velocity) the transformation function wil templates can be adapted during the trajectory under strict
over- or undercompensate for this initial accelerationgum time limitations when there is no recovery from a bad
The adaptation proposed in Section 1I-B does not require @eneralization, long replanning or inaccurate movements.
change in amplitude, but suffers from a related shortcoming

i.e., changing the target velocity also changes the initic' (a) Position (b) Velocity (c) Acceleration
position of the target, thus results in a similar jump in
acceleration that needs to be compensated. Using the mag
primitives with an initial velocity that differs from the en :
used during imitation learning has the same effect. FigBres:
and 4 illustrate these initial steps in acceleration foliouzs
motor primitive formulations. As an alternative, we propos el el —
to gradually activate the attractor dynamics of the mota.
primitive (e.g., by reweighting them using the output of the .

ical h bined. th d . Fig. 5. This gure demonstrates the generalization of an itedeébehavior
canonical system). When combined, these two adaptatiops, giferent target that is5cm away from the original target. Note that this

angle g,

it

joint
joint acceleration g[rad/s?]

joint velocity d[rad/s]

example

generalization

result in trajectory is for a static target, hence the slow motion. Tégicted degree
! of freedom (DoF) is shoulder adduction-abduction (i.ee #econd DoF).

L xi The solid gray bars indicate the time before and after the mawvement,

>£2:(1 Z) g g(tm Xl)"' — + Af: (7) the gray dashed lines indicate the phase borders also edpittFigure 1

and the target is hit at the second border.
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(a) Demonstration by a Human Instructor

@) @) @) O @)

(b) Example: Reproduction for Hitting a Stationary Ball

@) @) @) @) @)

(c) Application: Returning Balls launched by a Ball Gun

Fig. 6. This gure presents a hitting sequence from the dernmatisn, a generalization on the robot with a ball attachgdabstring as well as a
generalization hitting a ball shot by a ping-pong ball lswerc The demonstration and the ying ball generalization @aptured by #5Hz video camera,
the generalization with the attached ball is captured ®@AHz through our vision system. From left to right the stills regaet: rest posture, swing-back
posture, hitting point, swing-through and rest posturee Pbstureg 1 4) are the same as in Figure 2.

A. Generalizing Forehands on Static Targets velocities and the safer dynamics allow generalization to a
As a rst experiment, we evaluated how well this newmuch larger area while successfully removing the possibly
formulation of hitting primitives generalizes forehandvee large accelerations at the transitions between motor primi
ments learned from imitation as shown in Figure 6 (a)tives. See Figure 5 for a comparison of the training example
First, we collected arm, racket and ball trajectories foRnd the generalized motion for one degree of freedom and
imitation learning using the 7 DoF Barrett WAM robot as arFigure 6 (b) for a few frames from a hit of a static ball.
haptic input device for kinesthetic teach-in where all fiwér Please see the video accompanying this submission.
forces and gravity were compensated. In the second step, we ) )
employ this data to automatically extract the duration ef thB- Playing against a Ball Launcher
striking movement, the duration of the individual phases as This evaluation adds an additional layer of complexity as
well as the Cartesian target velocity and orientation of ththe hitting point and the hitting time has to be estimated
racket when hitting the ball. We employ a model (as showfrom the trajectory of the ball and continuously adapted
in Section I) that has phases for swinging back, hitting ands the hitting point cannot be reliably determined until the
going to a rest posture. Both the phase for swing-back arwhll has bounced off the table for the last time. In this
return-to-home phases will go into intermediary still pkgs setting, the ball is tracked by two overlapping high speed
while the hitting phase goes through a target point with atereo vision setups witBO0Hz cameras. In order to obtain
pre-speci ed target velocity. All phases can only be safelypetter estimates of the current position and to calculate th
executed due to the “safer dynamics” which we introducedelocities, the raw 3D positions are Itered by a speciadize
in Section II-C. Kalman lter [18] that takes contacts of the ball with the
In this experiment, the ball is a stationary target andable and the racket into account [11]. When used as a
detected by a stereo camera setup. Subsequently, the sup@man predictor, we can again determine the target point
visory level proposed in [11] determines the hitting poinfor the primitive with a pre-speci ed target velocity with
and the striking velocity in con guration space. The motothe method described in [11]. The results obtained for the
primitives are adjusted accordingly and executed on thetrobstill ball generalize well from the static ball to the one
in joint-space using an inverse dynamics control law. Thiaunched by a ball launcher &m=s which are returned
robot successfully hits the ball at different positionshiwit at speeds up t@m=s. A sequence of frames from the
a diameter of approximately{z2m if kinematically feasible. attached video is shown in Figure 6. The plane of possible
The adaptation for striking movements achieves the desireittual hitting points again has a diameter of roughiyn as



Fig. 7.

shown in Figure 7. The modi ed motor primitives generated [2]
movements with the desired hitting position and velocity.
The robot hit the ball in the air in approX@5% of the 3
trials. However, due to a simplistic ball model and exeautio
inaccuracies the ball was often not properly returned on thi4
table. Please see the videos accompanying this submissi rl
http://www.robot-learning.de/Research/HittingMPs .

Note that our results differ signi cantly from previous [
approaches as we use a framework that allows us to learn
striking movements from human demonstrations unlike pre-
vious work in batting [19] and table tennis [20]. Unlike [6]
baseball which only requires four degrees of freedom (as,
e.g., in Senoo et al. [19] who used a 4 DoF WAM arm in
a manually coded high speed setting), and previous work /]
table tennis (which had only low-inertia, was overpowered
and had mostly prismatic joints [20]-[22]), we use a full
seven degrees of freedom revolutionary joint robot ands,thu [8l
have to deal with larger inertia as the wrist adds roughly
2:5kg weight at the elbow. Hence, it was essential to train[9]
trajectories by imitation learning that distribute theques
well over the redundant joints as the human teacher wagy
suffering from the same constraints.

IV. CONCLUSION [11]

In this paper, we rethink previous work on dynamic[lz]
systems motor primitive [1]-[3] in order to obtain move-
ment templates that can be used reactively in batting amth]
hitting sports. This reformulation allows to change theyéar
velocity of the movement while maintaining the overall14
duration and shape. Furthermore, we present a modi cation
that overcomes the problem of an initial acceleration stelp®!
which is particularly important for safe generalization ofj;g
learned movements. Our adaptations retain the advantages
of the original formulation and perform well in practice.
We evaluate this novel motor primitive formulation rst in 17
hitting a stationary table tennis ball and, subsequently, i
returning ball served by a ping pong ball launcher. In both
cases, the novel motor primitives manage to generalize W&F]
while maintaining the features of the demonstration. This
new formulation of the motor primitives can hopefully bel1°]
used together wittgoal learning[9] in a mixture of motor
primitives [9] in order to create a complete framework for

learning tasks like table tennis autonomously. (20]
REFERENCES (21]

[1] A. J. ljspeert, J. Nakanishi, and S. Schaal, “Movementation with
nonlinear dynamical systems in humanoid robots,Phoceedings of [22]

IEEE International Conference on Robotics and Automati@RA),
2002.

Generalization to various targets (ve differentédbands at posture ) are shown approximately when hitting the ball.

S. Schaal, J. Peters, J. Nakanishi, and A. J. ljspeergafhing
Motor Primitives,” in Proceedings of the International Symposium on
Robotics Researct2003.

] S. Schaal, P. Mohajerian, and A. J. ljspeert, “Dynamicstawns vs.

optimal control — a unifying view,Progress in Brain Researchol.
165, no. 1, pp. 425-445, 2007.

A. Gams and A. Ude, “Generalization of example movements with
dynamic systems,” iflProceedings of the International Conference on
Humanoid Robots (HUMANOIDS2009.

D. Pongas, A. Billard, and S. Schaal, “Rapid synchrotira and
accurate phase-locking of rhythmic motor primitives,’Rroceedings
of the International Conference on Intelligent RObots andt&ms
(IROS) 2005.

J. Nakanishi, J. Morimoto, G. Endo, G. Cheng, S. Schaall an
M. Kawato, “Learning from demonstration and adaptation qfebli
locomotion,” Robotics and Autonomous Systems (RAS) 47, no.
2-3, pp. 79-91, 2004.

H. Urbanek, A. Albu-Schffer, and P. van der Smagt, “Learning from
demonstration repetitive movements for autonomous serviasiosty

in Proceedings of the International Conference on Intellige®bots
and Systems (IROS2004.

J. Peters and S. Schaal, “Policy gradient methods for ticdd in
Proceedings of the International Conference on Intellige®bots and
Systems (IROS2006.

J. Peters, J. Kober, K. Mling, D. Nguyen-Tuong, and O. Kmer,
“Towards motor skill learning for robotics,” ifProceedings of the
International Symposium on Robotics Research (ISR&)9.

M. Ramanantsoa and A. Durey, “Towards a stroke constmct
model,” International Journal of Table Tennis Sciene®l. 2, pp. 97—
114, 1994.

K. Mlling, “A computational model of human table tennis for robot
application,” Unpublished M.Sc. Thesis, University afingen, 2009.
R. Schmidt and C. WrisbergMotor Learning and Performance
2nd ed. Human Kinetics, 2000.

R. Bootsma and P. van Wieringen, “Timing an attacking Haired
drive in table tennis,"Journal of Experimental Psychology: Human
Perception and Performanceol. 16, pp. 21-29, 1990.

A. Hubbard and C. Seng, “Visual movements of batteRgsearch
Quaterly, vol. 25, pp. 42-57, 1954.

D. Tyldesley and H. Whiting, “Operational timingJournal of Human
Movement Studiewol. 1, pp. 172-177, 1975.

D.-H. Park, H. Hoffmann, P. Pastor, and S. Schaal, “Mowvemepro-
duction and obstacle avoidance with dynamic movement pringitive
and potential elds,”"Proceedings of the International Conference on
Humanoid Robots (HUMANOIDS2008.

J. Kober, B. Mohler, and J. Peters, “Learning percelptoapling for
motor primitives,” inProceedings of the International Conference on
Intelligent RObots and Systems (IROZ)08.

R. Kalman, “A new approach to linear ltering and predart
problems,”Transactions of the ASME—Journal of Basic Engineering
vol. 82, no. Series D, pp. 35-45, 1960.

T. Senoo, A. Namiki, and M. Ishikawa, “Ball control in Higspeed
batting motion using hybrid trajectory generator.” moceedings of
IEEE International Conference on Robotics and Automati@RA),
2006.

R. Andersson,A robot ping-pong player: experiment in real-time
intelligent control Cambridge, MA, USA: MIT Press, 1988.

H. Fassler, H. A. Beyer, and J. T. Wen, “A robot ping pong player:
optimized mechanics, high performance 3d vision, and intsilig
sensor control,’Robotersystemevol. 6, no. 3, pp. 161-170, 1990.

M. Matsushima, T. Hashimoto, M. Takeuchi, and F. Miyazdki
learning approach to robotic table tennidEEE Transactions on
Robotics vol. 21, no. 4, pp. 767-771, 2005.



