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Abstract—Imitation learning has been proposed as the basis
for fast and efﬁcient acquisition of new sensorimotor behaviors.
Movement representations such as dynamic movement primitives
were designed to enable the reproduction of the demonstrated
behaviors and their modulation with respect to unexpected external perturbations. Various statistical methods were developed
to generalize the acquired sensorimotor knowledge to new conﬁgurations of the robot’s workspace. However, statistical methods
can only be successful if enough training data are available. If
this is not the case, usually the teacher must provide additional
demonstrations to augment the database, thereby improving
the performance of generalization. In this paper we propose
an approach that enables robots to expand their knowledge
database autonomously. Efﬁcient exploration becomes possible
by exploiting the structure of the search space deﬁned by the
previously acquired example movements. We show in real-world
experiments that this way the robot can expand its database and
improve the performance of generalization without the help of
the teacher.
Keywords—imitation learning, reinforcement learning, dynamic
movement primitives, statistical generalization, training data, autonomous database expansion.

I.

I NTRODUCTION

It has been suggested that imitation learning can provide
means to limit the huge state-action space of high degree of
freedom robots such as humanoids [1]. Through imitation a
robot can gain the ﬁrst approximation of the desired movement,
which can later be improved by autonomous exploration. It
has been demonstrated that this way the robot can acquire
difﬁcult to learn behaviors, e. g. the game of kendama, which
consists of two parts, throwing a ball up on an attached string
and catching it in a cup [2]. Based on these early works,
reinforcement learning of robot movements has started to be
seen as a viable approach to motion learning in robotics [3]–
[7], even in the case of high degree freedom humanoid robots.
Reinforcement learning algorithms such as PoWER (Policy
learning by Weighing Exploration with the Returns) [8] and
PI2 (Policy Improvement with Path Integrals) [5] are able to
deal with sensorimotor learning in high dimensional spaces.
Reinforcement learning focuses on how to acquire optimal
task performance in a given situation. Other researchers have
studied how to generalize the available movement primitives
to new situations [9]–[12] or represent multiple movements
c
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within a dynamical system that can represent multiple control policies [13], [14]. The main difference between both
approaches is that in the ﬁrst approach, the primitives are
combined on-line so that the optimal movement for the current
situation is generated, whereas the second approach generates
a representation of all movements off-line using a global
optimization approach.
The described approaches enable the robot to autonomously improve single movements using reinforcement
learning and to generate new variants of the learned behaviors
using statistical techniques. In this paper we focus on how the
robot can autonomously acquire new example movements for
its database, which is the key to improving the performance of
the initially roughly learned behavior. Up to now generalization
mainly relied on the availability of the sufﬁcient amount of
training data, which were provided by the demonstrator. In this
paper we show that ﬁrstly, the robot can exploit the structure
provided by the previously acquired example movements to
accelerate its learning process and secondly, that by adding
the newly acquired trajectories to the database of example
movements we can increase the performance of statistical
generalization. Note that successfully solving the ﬁrst problem
does not necessarily mean the accuracy of generalization will
also be improved; statistical learning can only be successful
if we can ensure that the newly acquired data is correlated
with the existing pattern of motor primitives in the database.
Thus we must ensure that the new trajectories identiﬁed by
reinforcement learning are correlated with the ones that are
already in the database.
First we obtain a few training movements that solves the
given task in some speciﬁc situations. Then we apply statistical
generalization to compute relatively good initial approximation
of new situation inside learning space. As the next step the
reinforcement learning is used to reﬁne the approximation
in few steps so the robot can accomplish the task correctly.
Every learned movement is then stored in the training base,
so that additional approximations of different situations can
be estimated more accurately and that reinforcement learning
can get faster results. When the learning space is fairly
revealed, which means that enough training data is acquired,
the statistical generalization itself offers movement that is good
enough and the reinforcement learning is not needed any more.

II.

ACQUISITION OF EXAMPLE DATABASE AND
GENERALIZATION

We use kinesthetic guiding [15] to acquire the initial
example movements. Lets assume that a set of S example trajectories Mi , i = 1, . . . , S, has been collected by
kinesthetic guiding, and that all these trajectories result in
a successful execution of the desired task in different (but
related) situations. See Fig. 1 for an example where a human
demonstrator guided the robot to pour water from a bottle
into a glass located at different positions on the table and
with different quantities of water in the bottle across different
demonstrations. We call the vector deﬁned by parameters
describing the task a query point (in the above example, the
query point consists of position of the glass on the table and
volume of the water in the bottle). Let qi ∈ Rm , i = 1, . . . , S,
be the query points associated with every demonstration, where
m is the dimensionality of these parameters. The example
trajectories Mi are represented
as sequences of
 positions,

velocities and accelerations yij , ẏij , ÿij ∈ Rdof , measured
at times tij , j = 1, . . . , ni , ti1 = 0, where ni deﬁnes the
number of data points on the example trajectory Mi and dof
denotes the number of degrees of freedom on the trajectory.
Both Cartesian space and joint space trajectories can be used
to deﬁne the example data set. In experiments described in this
paper we use joint space trajectories.

Fig. 1.

Acqusition of example movements by kinesthetic guiding.

The aim of generalization is to compute a trajectory that
solves the desired task at any given query point q. In the above
example, the output trajectory is the appropriate pouring movement. We implemented two different approaches to statistical
generalization [9], [11]. In this paper we use the more efﬁcient
but less accurate approach described in [11]. This approach
is based on dynamic movement primitives (DMPs) [16] and
Gaussian process regression (GPR) [17]. For every query point
q, GPR computes an approximation of the task solution
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where w, τ , and g are the parameters deﬁning a DMP that

describes the movement for the given query point q. For every
degree of freedom, the DMP is deﬁned by a second order dynamical system consisting of a linear and nonlinear part, where
the linear part has a well-deﬁned attractor dynamics, which
ensures the convergence of the system, while the nonlinear
part provides the ability to follow any desired trajectory on
the given time (phase) interval
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Here y is the one of the robot’s degrees of freedom, z is
an auxiliary variable, and x is the phase variable common
across all of the robot’s degrees of freedom. αx , αz , and βz
are constants, which are speciﬁed so that the linear part of
system (2) – (4) converges to the unique equilibrium point,
which is at z = 0, y = g and x = 0, regardless of where the
movement has started. τ > 0 is the temporal scaling factor that
can be used to modulate the velocity of the movement. The
nonlinear part f of the system contains free parameters wk
that enable the robot to track any desired trajectory from the
initial position (y0 , ẏ0 ) to the ﬁnal equilibrium point (0, g, 0)
N
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Here ck are the centers of radial basis functions distributed
along the trajectory and hk > 0. They can be computed as
described in [9]. While αx , αz , βz , τ , and x are the same for
all of the degrees of freedom, z, y, g and the parameters wk
vary across the degrees of freedom. Note that since x converges
to 0, f (x) also converges to 0 and the system (2) – (4) becomes
linear as time tends to inﬁnity (and consequently phase x to
zero). Given a new query point q, the algorithm of Forte et al.
[11] computes the DMP parameters for all degrees of freedom.
Thus w ∈ RN ×dof contains the weights wk associated with
every degree of freedom and vector g ∈ Rdof the ﬁnal
conﬁguration of every degree of freedom. τ is associated with
the phase variable and is therefore common across all of the
degrees of freedom.
The details of the described generalization approach can be
found in [11]. What is important for this paper is that for every
query point q, the generalization function (1) computes the
corresponding DMP. Thus statistical generalization provides a
low-dimensional parametrization of the solution space, which
can be exploited to accelerate the acquisition of new example
trajectories.
III.

E XPANDING THE EXAMPLE DATABASE BY
AUTONOMOUS EXPLORATION

Although generalization can provide an estimate for the
trajectory (with respect to the demonstrated ones), which
can be used to accomplish the desired task, the computed
movement can of course only be good enough for successful
task accomplishment if enough training data are available.
Additional training examples need to be provided if the task
performance is not as good as expected. While a human teacher
could provide more data, it would be advantageous if the robot
could explore the solution space on its own and expand the

database autonomously. In this section we show how to realize
such autonomous exploration.

shape of the new trajectory remains similar to the shape of
initial trajectories (see Section III-B).

A straightforward approach to generate more data would be
to start with the initial approximation for the desired movement
as provided by statistical generalization at the given query
point and continue with one of the standard reinforcement
learning algorithms to ﬁnd a better solution. There are several
problems with this straightforward approach:

Thus to learn the weights w that deﬁne the shape of the
movement, we propose to apply PI2 . To learn the remaining
DMP parameters, i. e. the time duration of the movement τ
and the goal of the movement g, and to tune the initial query
point q, we use the PoWER algorithm.

•

•

General reinforcement learning is model-free and it
might take a long time before a better solution can be
found.
The solution is often not unique, e. g. a given amount
of water can be poured into a glass in many different
ways, therefore general reinforcement learning might
ﬁnd a solution which is different from the solution
selected by the demonstrator. Signiﬁcantly different
movements are not suitable for statistical generalization.

To address the ﬁrst problem, we exploit the parametrization
provided by the statistical generalization function (1). To address the second problem we need to bias the search algorithm
towards the trajectory manifold deﬁned by the generalization
function.
Another issue to be considered when augmenting the
database is that the performance of statistical generalization is
usually better if query points are uniformly distributed throughout the desired query point space. In the proposed system,
once the robot determines that the accuracy of generalization is
insufﬁcient, we systematically add new, uniformly distributed
queries to the database and determine the associated movements using the structured reinforcement learning approach.

B. Augmenting the Example Database
The search process of Section III-A enables the robot
to ﬁnd a new movement M that solves the task at query
point q. We can now expand the example database used
to compute generalization function (1) with a pair (M, q).
However, not every movement is suitable to be added to the
database. Statistical learning can only be successful if the
movements in the database smoothly transition between each
other. Since generalization function (1) is smooth, it always
generates smooth movement patterns. Unfortunately, in general
it is not guaranteed that the optimal movement lies on the
manifold deﬁned by the current estimate of the generalization
function. Hence we need to allow the robot to search also
outside of this manifold. This search can be accomplished by
reinforcement learning, but this could result in discontinuities
in the movement pattern because the solution is not unique
and the robot could ﬁnd a different type of solution than the
ones in the database.
To ensure that this does not occur, we utilize the ﬁrst movement approximation computed by the generalization function
(1). This function computes the reference DMP ỹ, which is
guaranteed to transition smoothly between the neighboring
DMPs (movements) in the database. Let y denote the current estimate for the desired movement. We can deﬁne the
immediate cost function r that can be used by PI2 as follows

A. Exploiting the Structure of the Trajectory Space
Given a new query point, the generalization function (1)
can calculate the appropriate DMP. To improve the performance of the generalization function, we propose to add
additional movements into the existing database of movements,
where additional movcements are generated by reinforcement
learning. By exploiting the available data, we can organize reinforcement learning around two different types of parameters:
query point q, which dimensionality is always low, and DMP
parameters (w, τ and g), which combined dimensionality is
high. As noted in [18], many tasks require high accuracy only
on a low-dimensional manifold of the complete movement
space. In all our practical examples, the dimensionality of the
query points was between 1 and 3.
We propose to compute the optimal movement at a new
query point in two steps. First we perform the search for
an optimal query point, from which the DMP parameters
are computed using Eq. (1). Since this exploration process is
limited to the trajectory manifold deﬁned by (1), the obtained
DMP parameters can be further improved by exploration in the
full DMP parameter space. We considered two reinforcement
learning algorithms to implement these steps: PoWER [19]–
[21] which operates using terminal reward only, and PI2 [5],
[22], [23], which can also take into account intermediate
rewards. Intermediate rewards are important to ensure that the

r(t) = κy(x(t)) − ỹ(x(t))2 + ẏT Γẏ,

(6)

where x is the common phase of the DMPs and Γ is the
regularization matrix. Such immediate reward ensures that new
trajectories generated by PI2 stay close to the generalized
trajectories, which results in smooth transitions between the
neighboring trajectories.
PI2 has only one free parameter, i. e. the exploration noise.
In general the exploration noise can be set signiﬁcantly smaller
than usually because most of the exploration is expected to
occur in the query point space and not in the full parameter
space. We will omit the details of reinforcement learning
algorithm PI2 in this paper. See [5], [7] for more details about
PI2 .
Let R be the terminal reward function and let r be the
immediate cost function for the desired task. Reinforcement
learning in the trajectory space parametrized by q and its
neighborhood can then be deﬁned as follows:
1)

Estimate the DMP (ﬁrst approximation) for a new
query point q using statistical generalization (1).
Execute the resulting DMP and compute the terminal
reward. Use these data to initialize the PoWER algorithm and use the weights w of the DMP to initialize
PI2 algorithm.

2)

3)

4)

5)

The learning process is stopped if the terminal reward
R is above a given threshold or the maximum number
of iteration has been reached. Otherwise continue
with one reinforcement learning epoch.
Repeat K times: obtain a new estimate q with
exploration noise. For each new q , compute the DMP
parameters using statistical generalization (1) and add
the exploration noise. Execute the resulting DMP and
calculate the immediate costs and terminal reward
function R.
Use PoWER to compute new goal g and time duration τ on the movement and use PI2 algorithm to
compute new weights w using the results of previous
K steps.
Use the output of PoWER and PI2 algorithms and
execute the DMP to get the terminal reward R.
Continue with step 2.

If the learning process has stopped due to the satisfactory
terminal reward, the newly calculated movement can be added
to the database of example movements.

in the bottle. We used the following terminal reward function
R=

5 · (0.2 − |0.2 − mg | − ms )
0

0≤R≤1
otherwise,

(7)

where mg is the amount of water in the glass and ms the
amount of spilled water. This way we ensure that the robot
learns how to pour without spilling. We used a scale to measure
the ﬁnal amount of water in the glass and the force-torque
sensor in the wrist to estimate the amount of all water poured
from the bottle. The difference between the two quantities
provides the amount of spilled water.
The eight task demonstrations were used to provide initial
data for statistical generalization. The demonstrated trajectories
in joint space were encoded as DMPs with 20 radial basis
functions for each joint trajectory. It turned out that 20 is the
optimal number of radial basis functions depending on the
complexity and length of the pouring movements. Using the
learning process described in Section III, 40 new movements
together with the associated query points were added to the
database. On the average, the reinforcement learning process
of Section III needed about 10 executions of the pouring
behavior to ﬁnd a new movement with satisfactory reward.
This relatively low number of trials was due to the fact
that algorithm can exploit the previously estimated structure
of the solution space. Lets analyze the shape of the newly
learned movements. Fig. 3 shows the trajectories at 9 different
positions on the table for the degree of freedom (5th joint),
at which the largest movement was performed during the
execution of the pouring behavior. The trajectories exhibit
similar shape and transition smoothly from one to another. Fig.
4 show the original and the autonomously learned trajectories
in 3-D Cartesian space after being transformed via forward
kinematics. Again we can see that the trajectories found via
reinforcement learning are qualitatively similar in shape to the
demonstrated trajectories. Note that the new trajectories are
smoother than the demonstrated trajectories, which is due to
the regularization term in reward function (6). Thus we can

Fig. 2. Experimental setup. Movements for 4 different glass positions (shown
in blue) with 2 different quantities of water were initially acquired. In red are
the positions on the table that were later added to the database. The scale used
in the experiments is in the background.

E XPERIMENTAL RESULTS

In our experiments we focused on showing that the proposed approach addresses the following two key issues: 1)
the generation of task solution trajectories that are similar to
the example trajectories in the existing database, and 2) augmenting the database with autonomously learned trajectories
to improve the accuracy of statistical generalization, thereby
increasing the overall performance of the task.
The robot’s experimental task was to learn how to pour
the same quantity of water (0.2 l) into a glass regardless of
the amount of water in the bottle (see also Fig. 1). For this
purpose we collected 8 initial movements at 4 different glass
positions, as shown in Fig. 2, with 2 different quantities of
water (0.3 l and 1 l) in the bottle. In this case the query point
T
q is deﬁned as [x, y, v] , where x and y denote the position of
the glass on the table and v denotes the volume of the water
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Fig. 4. Similarity of the newly acquired movements. In red are the original
example trajectories obtained by kinesthetic guiding and in blue the newly
acquired trajectories generated by the proposed reinforcement leaning process.
All trajectories were originally determined in joint space and were mapped
onto 3-D Cartesian space via forward kinematics.
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Fig. 3. Similarity of the newly acquired movements. In red are the original example trajectories obtained by kinesthetic guiding and in blue the newly acquired
trajectories generated by the proposed reinforcement leaning process. For easier representation only trajectories of 5th joint, that is changing the most, are shown
in the graphs.

expect that the augmented movement database will be suitable
for statistical generalization.
To evaluate the performance of generalization, we tested
the accuracy of generalization at in-between query points
(shown in Fig. 5), that is at query points that do not exactly
coincide with the training query points. Fig. 6 illustrates the
generation of new trajectories by statistical generalization. As
expected, the generalized trajectories are smooth and similar
to the nearest trajectories in the database. Fig. 5 shows that
a considerable increase in performance can be achieved this
way. When new test movements were generated by statistical
generalization, which used only 8 initial movements as training
data, the average error of the glass ﬁlling process was 0.08
l. This was reduced to 0.02 l for cases in which statistical
generalization used also the newly acquired movements, that
is altogether 8 + 40 example movements. The amount of
spilled water was also reduced. With the initial 8 movements,
statistical generalization produced movements that caused 0.03
l of water to be spilled on the average. With the additional 40
example movements, there was no spilling with generalized
DMPs. We can thus claim that the proposed approach is
successful at ﬁnding new movements for the database and can
autonomously increase the performance of generalization.
V.

C ONCLUSION

The main result of this paper is a new approach to
autonomously augment the database of example movements,
which was initially obtained in a supervised manner, for
example by human demonstration. The newly acquired data
can be used to improve the accuracy of generalization and consequently the performance of task execution. We demonstrated

experimentally that using the proposed approach, the robot can
improve its performance without additional help of the teacher.
We believe that our approach addresses one of the fundamental
problems of imitation, that is how to transition from directly
mimicking the teacher’s movements to practicing, where the
initial movements are modiﬁed and new data are added to the
existing knowledge base.
The integration of autonomous exploration with statistical
generalization also enabled us to deﬁne a new, structured
reinforcement learning algorithm, which can ﬁnd new example
movements in the neighborhood of the estimated trajectory
manifold much quicker than standard reinforcement learning
algorithms. Compared to the method proposed in [6], which
also combined learning in low-dimensional spaces using value
function approximation with learning in high-dimensional
spaces using PI2 , the approach proposed in this paper uses
the results of statistical generalization in addition, thereby
further increasing the speed of convergence. The key to this
accelerated convergence of the learning process lies in the
fact that thanks to statistical generalization function (1), a
signiﬁcant part of the search process could be moved from
the high-dimensional trajectory space spanned by DMPs to
the low-dimensional space determined by query points, which
are deﬁned as task-relevant parameters that characterize the
task. Another important issue is that statistical generalization
provides a reference movement, which can be used to deﬁne
immediate rewards in terms of the distance between trajectories
determined by reinforcement learning and the reference trajectory. This is needed to ensure that the newly found trajectories
are similar to the trajectories in the database.
The developed system is of course not limited to the learn-
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ing of the pouring behaviour. There are only two components
that are action-speciﬁc: the deﬁnition of the query point space
and the deﬁnition of terminal reward functions R. Note that
the immediate reward function r of Eq. (6) is not dependent on
the actual behaviour to be learned. Due to space limitations,
the analysis in this paper focused on pouring. However, in our
previous papers [9], [11], [24] we showed that the algorithms
which form the basis of the proposed system can be applied to
learn many different behaviors including reaching, throwing,
drumming, and kendama.
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