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Abstract—In this paper, we present an approach that allows
a robot to observe, generalize, and reproduce tasks observed
from multiple demonstrations. Motion capture data is recorded
in which a human instructor manipulates a set of objects. In
our approach, we learn relations between body parts of the
demonstrator and objects in the scene. These relations result
in a generalized task description. The problem of learning
and reproducing human actions is formulated using a dynamic
Bayesian network (DBN). The posteriors corresponding to the Fig. 1. Learning the whiteboard cleaning task. Left: The harimstructor
nodes of the DBN are estimated by observing objects in the demonstrates how to clean the whiteboard using visual motgudng.
scene and body parts of the demonstrator. To reproduce a task, Ml(_idle: After the rst demonstration, the rpbot can repla)ethecord_ed
we seek for the maximum-likelihood action sequence according :Légegglr(y'amg?gpQféircg‘ei\t’el:ﬁldgreg?:rfg:é'ocnosﬁ dti?ignrs()bft:)? ggﬁ;g“;e
to the DBN. We additionally show how further constraints : P : L '
can be incorporated online, for example, to robustly deal with whiteboard with different size and position.
unforeseen obstacles. Experiments carried out with a real 6-DoF
robotic manipulator as well as in simulation show that our and the 3D positions of relevant objects in the scene. The

approach enables a robot to reproduce a task carried out by pody con guration as well as the relations between objects

a human demonstrator. Our approach yields a high degree of :
generalization illustrated by performing a pick-and-place and and body parts of the demonstrator are in turn modeled

a whiteboard cleaning task. as normally distributed observation nodes of a dynamic
Bayesian network (DBN). For reproducing an observed skill,
|. INTRODUCTION the network is evaluated at each time step in order to infer th

Several techniques exist for transferring new skills tenost-likely action. Within our framework, new constraints
robots. A very promising technique is called “imitationcan be dynamically added to the network, e.qg., to incorgorat
learning”: Here, a robotic system observes an instructélewh collision avoidance during reproduction in order to deahwi
performing a task [4], [2]. From multiple demonstrationsunforeseen obstacles.
the robot then needs to infer a generalized task descriptionOur relation-based approach extends the recent work of
and reproduce it accordingly even under slightly modi edCalinon and Billard [6] by formalizing the problem by means
conditions. As an example, consider Fig. 1. The task aff a DBN. We furthermore allow for incorporating additional
cleaning a whiteboard is demonstrated by a human amdnstraints for modeling unexpected obstacles that shmeild
transferred to a simulated as well as to a real roboticonsidered during imitation.
manipulator. The remainder of the paper is organized as follows: We

Teaching skills by direct demonstration is a very naturdbrie y review related work on imitation learning in Sec. II.
way of skill transfer in humans and animals. In the aim t@ur framework on imitation learning via inference in a DBN
create more versatile, adaptable, and sociable robotie plés introduced in Sec. lll, followed by Sec. IV on learning
forms, research on the mechanisms of learning new behavidh&e parameters of the DBN from motion capture data and
by observation has a very high potential. Furthermore, su@®ec. V on reproducing the generalized skill. Experimental
social learning can speed up learning complex behaviorssults obtained with a real 6-DoF robotic manipulator as
enormously, as it provides strong prior information for thewvell as in simulation are presented in Sec. VI.
learning process, thereby scaling back the learning task fo
the robot. This can reduce the search space for traditional II. RELATED WORK
learning algorithms signi cantly, such that previously-in

tractablg tasks can be learned. o ) . ferring task knowledge to a robotic system. Initially, the

In this paper, we show that imitation learning is Well,oqired motion trajectories were hand-coded by an en-
suited as a user-friendly instruction method for manipatat inqer [10], [19]. However, the more complex the task
tasks. Our approach uses motion capture data gener""g“’(-f%cription becomes, the more dif cult it is to create and

by a vision system to track body parts of the instructop, inain large controllers. Alternatively, the requiresn

This work was partly supported by the DFG under contract numbengle traJe(?tO”es of the robot can be shown by a S_Ingle
SFBI/TR-8 as well as by the EC under contract number FP6-1588+ demonstration, for example, by a human teacher using a
INDIGO joystick, a motion capturing system, or kinesthetic tnagni
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In the past, various techniques have been used for trans-



unpredicted disturbances in the task environment occur,
simple playback of the recorded motion is in general not
suf cient to reliably reproduce a given task. To deal with
noise in the observations and to generalize over multiple
demonstrations of the same tasks, several authors sudgeste
hidden Markov models (HMM) to encode and reproduce a 1
demonstrated action, e.g., [1], [7], [20]. @

Reinforcement learning techniques have been successfully |
applied to learn controllers for an individual skill or for _ ) ) ) ) -
motor primitives [12], [3], [17). AS the size of the search®. 2 DY1aic Bayesian netuork (DB Hlstatng (e ciate
space grows exponentially with the dimensionality of therrows indicate conditional dependencies between vasablerez denotes
learning problem, ljspeert and Schaal [13], [18] proposetie observation of the demonstrators body con guration Wigaepresented

. . g (joint angles)z is the observation of the world statethat encodes the
to learn parameterized controllers instead that are based g%sition of relevant object in the scene. The object-maatpulrelations

differential equations. as well as the constraints on joint anglesre used to model the action
Pardowitz and Dillmann presented a system that generdat _zho_u'd be 'earf]“ed Ia”_d r&if;'ed (;)UE t;y_ ”(‘je robot. au%ﬂgﬁ'ﬂgr the

: ; . . istributions over the relations(r) andp(r) is determined. During repro-

|_zes over household tasks in a hierarchical manner [16]' A‘guction, these relations are known and the most likely bodyguoation

tions performed by the human demonstrator are recognizefkthe robot is to be estimated and executed by the robot.

as a sequence of “elementary operators”, of which a graph-

based task representation is learned. In this approach, Hi&ions of a human demonstrator is observed by the robot.
incrementally updated network topology re ects the le@ne e yohot has to infer the relevant parts of the demonstrated
temporal ordering of the individual actions. , task and to build an internal representation. This is done in

Although symbolic representations are well suited fof,e 5q_called learning step. Second, the robot must be able

planning and reasoning, their limitation to higher-levills 4 reproduce an action to actually imitate the demonstrator
renders them inapplicable in domains where a continuoys,g step is called imitation or reproduction step.

motor control is required. By contrast, trajectory leagiin - From a more formal point of view, we treat the problems
directly starts by encoding each demonstration by a seguengs 5 stochastic process that can be described by means of
of continuous observations. Due to the massive amounts gfg dynamic Bayesian network depicted in Fig. 2. The DBN
captured data, dimensionality reduction techniques aenof js an intuitive graphical description of the conditionatién
applied. Chalodhoret al. [8] used principal component anal- hendence assumptions made in the model. While the teacher
ysis (PCA) to reduce the high-dimensional motion capturgemonstrates the task several times during the rst phase of
data of a recorded human walk. While a direct playback, imitation learning approach, we learn relevant refatjo

of the human data on a humanoid robot would make thgss called constraints, betweenobjects in the world and
robot fall, the authors showed that after a few trials theotob o manipulator as well as the joint angle constraints for
was able to modify the imitated gait incrementally. There, @ach point in time. Thus, the constraints encode the actions
sensory-motor predictor was learned and used to produggcessary to carry out the task which is being demonstrated.
dynamically stable actions. Similarly, Grimest al. [11] Tpe corresponding latent variables are denat@d 2 R3"

also used PCA to reduce the high-dimensional con guration the constraints between objects in world space, encoded
space and applied a DBN to infer dynamically stable imitagg the 3D displacement from end-effector to each object —
tive actions using constraint variables and a learned fiatwa g K(t) 2 R™ the constraints in con guration space — i.e.,
model of the robot dynamics. the joint angles of then-DoF manipulator — respectively.

In our approach, we also use a DBN to learn and re- The relationsrt) regarding the joint angles are only
produce tasks. By means of the DBN, relations betwegReaningful if the demonstrator and the imitator have a
objects in the environments and body parts are learn@gilar body structure. They are important in case actions
and considered during reproduction. We show that by usinghqould be imitated as precise as possible.
this framework, it becomes also possible to incorporate |n the second phase, we use the learned relations to infer
additional constraints (such as collision avoidance) rduri actions of the robot. At this time, the relation variables ar

skill reproduction. observable variables in the DBN and generate the actions of
We use the idea presented by Calinon and Billard [6] tgne robot given the estimated world state.

describe actions using relations between objects. In ashtr  For reasons of simplicity, let us consider rst the DBN
to their approach which is based on Gaussian mixture mogbr one time stept (neglecting the index t). Leqg 2 R™
els, we use a kernel estimator to model the relations. Thigfer to the con guration of then-DoF arm of the demon-
way, we can deal with a small number of demonstrations anglrator (during learning) or the robot (during reprodus}io
avoid tting Gaussian mixtures. Let x 2 R3"*3 e the vector of the 3D positions of relevant

lIl. IMITATION LEARNING FRAMEWORK objects in the scene
As most techniques for generating imitative actions, our
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the scene. In the remainder of the paper, we use a rob&t Motion Capturing and Object Pose Estimation

manipulator for imitating humanoid arm movements agd 19 estimate the motion trajectories of the human demon-
is the position of the end effector. Note that any set of bodyirator while executing a task and the 3D position of relevan
parts can be used in case full body actions should be imitatg@jects in the scene, we use passive markers and images of a
without changing the math except for adding additionaiyonocular camera. In particular, we use the ARToolKit [14],
variables and indices<g would becomexe,;:::; X, )- which is a software library providing the means to extraet th
The observation of 3D poses is calledz 2 Rgm?* 6D pose (orientations and position) of ducial markers @la
and the observations of joint con guratiors 2 R™ will  gq,ares on a white background) from single camera images.
be referred to ag2 R™. o o We attach compounds of 4 markers around the teacher's
Our DBN deplcte_d in Fig. 2 implies the following inde- ., (see left image of Fig. 1) to bypass the problem
pendence assumptions: of occlusions. In most cases, not more than one marker
p(Eg;zrxz) = pzjix) pjg pE pr) of the same compounq .is visjble. To deal with t_he case
p(xjq:r) p(ajm @) that two markers are y|3|b!e 'S|multa.neously (sensmg more
) o _ markers at the same time is impossible due to their mutual
In our model, we assume the foI_Iowmg dlstr_lbutlons INorthogonality within one compound), we perform a linear
the nodes of the DBN: The observation modg(s j x) and  interpolation between their poses depending on the degree o
p(z ] g) are assumed to be Gaussian distributions and so afgipility of the markers. Finally, we apply a Kalman Iteot
the distributions over the relationgr) andp(r). Since we rack the 3D marker position estimates over time. To derive
have no information about the distributions over relations he demonstrator's joint angles from marker poses, we use
the beginning, we set their variance to in nity. _an anthropomorphic arm model and apply straightforward
The posterior about the objects in the scene can be WritteRometric operations. As a result, we are able to reliably
as follows: estimate the probability distributions overand x during
p(xja;r) = p(Xe jq P(X1;iiiXpjxe;r) (3) the demonstrations.

Eq. (3) is obtained by applying the product rule and byB. Multiple Demonstrations

assuming that the poses of objects are independent from theyyr approach relies on demonstrating the same task mul-
joint con guration given the position of the end effectoly B (e times in order to achieve a good generalization. One
further applying the product rule, we obtain: problem when generalizing task descriptions from multiple
pXja;r) = p(xeja) p(xijXxe;r) demonstrations is the fact that the repeatedly observed ac-
P(X2:: 1 Xn | Xe 1 F) (4) tions are npt time-_synchronized, even though the difl‘er_ent
_ , N o demonstrations typically do not vary largely. To deal with
= P(Xe jO) =1 P(XijXe;iri) (3)  varying movement velocity proles. we apply derivative
p(xe j@ LN (Xi Xxe: i) (6) dynamic time warping (DDTW) [15] which is able to account
Eq. (4) is obtained by assuming that given the relations for local distortions in the time domain by computing a
as well asxg, the positions of two objects in the scene ardionlinear tr_ansforma’uon of the tlme axis of the |nd_|V|duaI
independent. By applying this assumptiotimes, we obtain demonsfnratlons. Bas_ed on the ah_gned demonstratlor_ws, we
Eq. (5). can Qerlve the relations and r which encode the action
We additionally assume that also the posterior about tH8 Imitate.
pose of the end effectqp(xe j g) is Gaussian, which is @ ¢ periving Relations for Generalized Task Descriptions
reasonable assumption for the robots equipped with aecurat
joints (such as Schunk modules in our cag€xe j q) then
corresponds to the kinematic function.
Finally, we make the assumption that the difference

By assuming that all relations in andr are (individual)
Gaussians, we can directly infer a mean and a variance
gstimate for the individual relations for each point in time

between actions carried out during the individual demanstr 3VeN the estimates for andq. Especially the variance is a

tions can be described by Gaussian distributions. Thus, t &y element for the tasks descriptions since it describes ho

individual r; 2 r are represented by a mean and a Varianﬁccurately the demonstrator enforced this relation duttieg

for the three dimensions. This leads to Eq. (6). Similarl ,emonstlrlations.l . i fully d ived b
the individual joint constraints; 2 r are represented by Formally, a relationr; is fully described by a 3D mean

Gaussians. Thug(qj ) can also be computed by a product | and 3D variance ? vector (assuming the relations in the
as in Eq. (6) three dimensions to be independent).

In theory, we could compute; and ? directly from the
IV. LEARNING PHASE estimates fox andq during learning. In practice, however,

In the rst phase, the robot observes a person that reve typically have to deal with a rather small number of
peatedly carries out the task the robot has to perform. Givelemonstrations and therefore rather rough and non-smooth
the DBN structure explained above, the key challenge of thisstimates are obtained if the values are computed dirdctly.
learning phase is to learn the object-manipulator relatipp overcome this problem, we apply a Parzen window kernel
and — if needed — the joint constraints.( estimator for computing smooth function approximations.



This is a non-parametric technique that allows for estingati world coordinates in joint space. We achieve this by apjlyin

a function based on a set of sample points. To computa variant of the damped-least squares method described by
estimates of the relations between objects in the sceard Buss [5]. This approximative technique performs a lineariz
the end effector, we compute relation samples consisting tibn of the kinematic function. According to this method, a
time and positiorit; | (t; d;i)gwith I(t; d;i) = x%(t) xd(t), desired movement in world coordinates)(is transformed

demonstrations. Then, we obtain

0 ~t+1) = 3T+ A+ (12
, iy KGRI ~(t+1) = 33T+ ot
(19 = == ; (7)
P e @+ 3 00T+ 2ty
d=1 i=1

whereh is the Parzen window size (empirically determinedy\’here_ is the so-galled dampi”g factor gddrefers t_o the
h =0:2s) andK is a kernel function. We use the standargf@cobian. i(t+1) isa3 3 matrix encoding the variances

choice for theK , namely the squared exponential kernel from the relationr; with the corresponding variances for
dimensionx, y, andz on the diagonal. Due to the linear

K (x) = exp ( }jjxjjz): (8) mapping, we obtain also a Gaussian in con guration space.
2 The constraints de ned byt + 1) can be easily used to
The variance given the sample points can be estimate@mpute a desired movement
similarly as

Te(t+1) = H(t+1) q (14)
"Ry e w2
2 d=1 i=1 e T while the varianceg t + 1) do not need to be transformed.
fty = PP S C)) All constraints resulting from the observation of the
K(“’ht demonstrator's joint angle con gurations or from the ar-
d=1i=1 rangement of objects in the scene are expressed in terms of

This procedure is carried for each object in the scene anghdates in joint space. This allows us to combine them by

accordingly done for the joint relatiorrs multiplying the normal distributions as it has also beenalon
V. REPRODUCTION PHASE by Calinon and Billard [6]. The resulting distribution iseth

product over the\ + 1 Gaussians resulting from thé task

The goal of the reproduction or imitation phase is to Carmy,, 6 relations plus the joint space relations. We can tse it
out the demonstrated task to achieve the same result. G“’&i'r’ectly obtain the next con guratio (t +1) according to

the DBN, we can seek for the con guration of joirgs that - g, (10 by selecting the mean from this combined Gaussian,
maximizes the likelihood given the demonstrations.

as given by
A. Incremental Optimization L
If we consider only one time step during the optimiza- Gt+1) = aq+ Tt+l) (Te(t+1) ~(t+1)
tion, we seek for the con guratior that maximizes the NG
joint probability. During reproduction; and k- are known. + (Ti(t+1) i+ (15)
Furthermore, the robot can control its body/manipulator by i=1
specifying a joint con guration and does not have to relyyith
on noisy marker observations of its body. Therefore, the " I
maximization turns into Tt+1)= ((t+1) T4(~(t+1) 1 (16)

q = argmaxp(qjHp(xjra)p(zjx): (10 =1
d The mean of that distribution de nes the con guration of
As discussed before in Sec. Ill, the posterip(s| j /), the robot at the next time step that maximizes the probwbilit
p(x jr;q), andp(z j x) are basically products of Gaussiansdistribution speci ed in Eq. (10).
and lead to a Gaussian distribution again. Thus, to maximize
the joint probability, we need to determine the mean of thd#- Local Optimization with Obstacles
Gaussian. To do so, we proceed as follows. Consider thatThe technique described in the previous section can di-
we are currently at time step and want to seek for the rectly be applied to deal with unforeseen obstacles in the
joint con guration that maximizes Eq. (10) at+ 1. Each scene during reproduction. Consider that the robot observe
relation betweex; andxg generates a relative displacementan obstacle during the imitation that was not there during
vector ;: the demonstrations. To avoid this obstacle during the repro
duction task, we can add additional constraints between the
(D)= %M xe® (t+1) (1) observed obstacle and the closest point on the robot's body,
Since we want to compute a new joint con guration foras used in approaches based on potential elds for collision
the robot, we need to convert the constraints expressed amoidance.



Without changing the framework described above, the
robot can reactively introduce constraints for avoiding ob
stacles while carrying out its task as close a possible to the
human demonstrator. Lety be the position of the obstacle.
Instead of adding a repellent force, we add an attractor at

the opposite side of the end-effector, Fig. 3. Photos of the demonstrated pick-and-place task. fEjectory is

Xg Xo recorded both, in task and joint space.
o = IVRE——— 17)

kxg Xok
o exp kxg Xok® I (18)
where determines the desired distance to the obstacle arvme ‘ : : :
gives the relative importance with respect to the othe I | I ‘ I

constraints.
. . ig. 4. Reproduction of the pick-and-place task by a humieananipu-
It should_be noted that this technique works well for smalgItor using both, task and joint space constraints.
or rather simple structured obstacles added to the scene. In
case complex or, for example, U-shaped obstacles are four &
in the environment, this approach is likely to suffer from

local minima caused by contradictory constraints.

C. Global Optimization

The problem of local minima, however, can be avoided by - .. e ,&
not incrementally optimizing the joint probability didtrition b _ I _

of the DBN for the upcoming time step but optimizing it over

-
-
L
-
|

all time stepsl::: T of the task sequence at once: \
Gur = argmax p(dur;XaT;FuTiraT;Z1e)  (19) b .
quT
Note that at a particular time step only the rst 1:::t i _ Ly

observations;.; are already available and can be include(iI:_ 5 Reproduct ‘i kand-olace task by ofoB

. . . . . 19. o. eproduction o € Same picK-and-place las y O -
for planning. DO'”Q th|§ (_)ptlm|za_t|on on a global Ie_V8|'manipuIator. Note that the robot successfully generalizedtask, as the
however, comes with signi cantly increased computationaarget and source location have been swapped.

cost due to the high dimensionality af.; .

One way of rather efciently estimating,.; is to make (ata to learn the relations and thus constraints for the task

use of probabilistic roadmaps or rapidly-exploring randomen oquction online. The motions were sampled at a rate
trees (RRTSs) [9], and nd the shortest p_ath usifig on the  of 5 Hz. we segmented the training trajectories manually.
sampled set of nodes since we are only interested in the most-

likely imitation sequence. Given that we properly encode thA. Imitating Human Actions
likelihoods of all constraints in the cost function latereds  To imitate the observed behavior, we reproduced the tasks
by A , the solution of the planner will approximate Eq. (19)using a real robot equipped with a manipulator and two

well. simulated robots, one with a manipulator and one with a
We propose to base the cost function on the Mahalanokigiman-like arm.
distance to the combined Gaussidr(4(t); { t +1)) com- Fig. 4 shows the reproduction of the pick-and-place task

puted in (15) and (16), as this Gaussian already incorperatefter being demonstrated four times (see Fig. 3). The human-
all constraintsr, r and the obstacle constraints in a timedike simulated robot considers both, the joint and the task
dependent way. For a con guratianat timet, we de ne the constraints, which leads to the uent, human-like movement
cost as the likelihood with respect to the previously coragut  In Fig. 5, the same task is reproduced by our robotic
combined Gaussian, i.e., manipulator. As the demonstrator and the imitator have a
) _ T 1 ] signi cantly different body scheme, the joint constraimts
cost(@;t) = (a av) Tt+1) “(a av):(20) have been disabled. As can be seen, the robot is able to
Then, nding the cost-optimal sequence of con gurationgeproduce the task even though the setup between demon-
.. IS equivalent to maximizing the likelihood of the trajec-stration and imitation has been changed by setting a difere
tory g1 in (19). target location.
We furthermore analyzed the number of demonstrations
VI. EXPERIMENTS needed until a task could be reproduced reliable. For this
We carried out a set of experiments to analyze our amnalysis, a teacher picked up a cup and placed it at a distance
proach. We always observed a human demonstrator equipp&Efdl m. As can be seen in Fig. 6, our approach converged
with markers of the ARToolKit, see Fig. 3. We used thisafter 4 iterations.
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Fig. 6. lllustration how the approach converges to an aditer different 158 -0.6 ).([m]

number of demonstrations. The demonstrated task was to pickcup and

place it 1m away. As can be seen, after 4 demonstrations, quoagh

converged and the robot was able to pick and place the cup. Fig. 10. The plot shows the end effector position of the rabair time
during two experiments. When applying the incremental methoel,end
effector gets stuck in a U-shaped obstacle while the globdhadesolves
the task and the end effector reaches the target location.

" constraint variance
constraint mean

18 ~ reproduction i
reproduction with obstacle during the learning phase, see rstimage of Fig. 9. Then, the
T 16t ] robot had to clean the whiteboard while avoiding obstacles
~ (and thus not cleaning the area of the marker). For reasons
Lar ] of illustration, we removed the marker during the experitnen

/,\‘% but kept it in the internal memory of the robot. In this way,

1.2 .
‘ ‘ ‘ the reader can see that the robot did not clean the correspond
4 5 6 7 8 ing area. Eight photos were taken during the reproduction
time [s] and are depicted in Fig. 9. To avoid the area marked as
Fig. 7. lllustration of a constraint including the varianas well as two @N obstacle area, the robot lifts the sponge away from the

trajectories of reproductions — one for the obstacle frese @ad one in case whiteboard (in the direction of the observing camera).
an obstacle blocks the trajectory.

C. Imitation by Planning

B. Dealing with Obstacles during Imitation The experiments presented above used the reproduction by

means of incrementally computing the maximume-likelihood

The additional obstacle constraints described in Sec. \é'on guration of the DBN. This is can be done ef ciently
B allow the robot to deal with unforeseen obstacles duringn"ne but the approach can suffer from local minima, for

the task execution. The obstacle constraints act similar toexample, in the presence of U-shaped obstacles. Such an

potential eld pushing the robot away from obstacles, whichy, o516 is presented in Fig. 10 where the robot gets stuck.
are labeled by prede ned markers. o _ If one applies the global optimization technique described

Fig. 7 illustrates an example for a constraint in a pick ang, gec. \-C, one can overcome this problem since the optimal
place task. The gure shows a reproduced trajectory for thegution over all time steps is computed. Thus, the robot is
obstacle free case and a trajectory that was selected in %ﬁe to reproduce the task including the avoidance of the U-
presence of an obstacle. As can be seen, the robot moveddfned obstacle. This global method, however, comes with

arm over the obstacle in order to avoid a collision. a signi cantly increased computational load.
We carried out a whiteboard cleaning task that nicely
illustrates the properties of the presented methods., Frst VIl. CONCLUSION

human repeatedly cleaned a whiteboard in an area boundedn this paper, we presented an approach to imitation
by 4 markers with the same number of ups and downs (sésarning that extends a recently published method of Calino
left image of Fig. 1). Then, we attached a sponge to thand Billard. It enables a robot to observe, generalize, and
robot and let it perform the demonstrated task. In the rsteproduce tasks from observing a human demonstrator. We
experiment, we modi ed the size of the area to clean foformalized the problem using a dynamic Bayesian network
illustrating the capabilities of generalization. Photoeni that is used for learning relations between the observed
this experiment can be seen in Fig. 8. Note that in cagsositions of the objects and body parts of the instructor.
the area to clean is much larger than during learning, th&dditional constraints, for example, to avoid unforeseen
whiteboard may not be cleaned well. The reason for that shstacles can be added online. To imitate the action of a
that our approach then scales the trajectory to reprodutte afluman, we estimate the actions that maximize the joint prob-
thus there might be parts that will not be covered by thability distribution represented by the DBN. We evaluated
sponge. the approach and showed that a real robot equipped with a
In the second experiment, we showed the robot duringnanipulator can learn and reproduce demonstrated actions.
reproduction phase an obstacle marker that was not theBased on a pick-and-place and a whiteboard cleaning task,



Fig. 8. The reproduction of the board cleaning task by ouotol imitates the zig-zag movement for cleaning the board Withsponge. Note that the
learned task representation allows for cleaning diffdyesized surfaces based on the markers.

obstacle

l

not cleaned

l

Fig. 9. The board cleaning task with an obstacle reprodugedub 6-DoF manipulator. In the rst frame, the position of thestacle is shown to the
system via a marker. Next, the manipulator cleans the whitelsienilar to the previous experiment shown in Fig. 8 but addily avoids the obstacle. In
our current implementation, the obstacle is supposed to evsize and position of the corresponding marker that can fmiped using the ARToolkit
system. As can be seen in the last frame, part of the text in e @frthe obstacle marker was not wiped.

we illustrated the exibility of the method to generalizeasv [10]

different spatial setups.
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