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Abstract— In this paper we exploit Iterative Learning Controllers (ILC) schemes in force adaptation tasks. We propose to
encode the control signal with Radial Basis Functions (RBF),
which enhances the robustness of the ILC scheme and allows
to vary the execution speed of the learned motion. For that
a novel control scheme is proposed, which updates the feedforward compensation signals based on current iteration cycle
signals in contrast to the standard ILC, which uses signals from
the previous iteration cycle. This reduces the computational
burden and enhances the adaptation speed. Stability of the
proposed control law is analysed and discussed. The proposed
approach is evaluated in simulation and on a Kuka LightWeight
Robot Arm where the task was to perform force-based surface
following with both discrete and periodic movements.

I. I NTRODUCTION
Iterative learning control (ILC) is often used in robotics
due to its simplicity, effectiveness and robustness when
dealing with repetitive operations. Many tasks can be found
in industry as well as in home environments, that need to be
executed repeatedly. In such cases, humans usually acquire
and perfect the skill over several repetitions of the task.
The same learning principle can also be adopted in machine
motor control theory, where a system follows a similar
trajectory repeatedly and updates necessary parameters in
order to perfect the skill.
One possible method for improving the skill knowledge
is iterative learning control. The main objective of ILC is
to improve the behavior of the control system that operates
repeatedly by iterative refinement of the feed-forward compensation signal [1]. The ILC is also closely related to the
Repetitive Control (RC), where the desired task trajectory is
a periodic function of time, and without resetting between
periods [2]. In contrast to the RC framework, the ILC system
is designed to return to the same initial condition before
each new execution of the task. The ILC framework has
been successfully applied to many practical tasks that arise in
manufacturing and robotics [3], [4], humanoid robotics [5],
path tracking [6], medical robotics [7], health care robotics
[8], and visual servoing [9]. Furthermore, the basic ILC
schemes can be extended with methods that enhance their
robustness [10], [11] and the adaptability of the overall
system [12], [13]. The problem of the minimum variance
learning has also been addressed within the ILC framework
[14].
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In [15] an ILC scheme was applied for motion coordination of a bimanual robot task using force feedback. In
this case the dynamic motion primitives (DMP) framework
was used for the representation of motion trajectories. The
feed-forward compensation signal was generated by the ILC.
DMPs in conjunction with ILC were applied also in [16] to
improve a force based assembly skill, where phase stopping
algorithm was utilized to enhance the robustness of the
overall framework. By replacing the time dependency in the
ILC with the phase dependency, a standard ILC assumption
of the equal duration of the trials could be removed. Using
this substitution, ILC framework was successfully applied
also for speed optimization of the demonstrated skills [17].
In this paper we propose a new learning controller that
combines the ideas of standard ILC and on-line coaching
[18], resulting in improved adaptation speed, robustness
and ease of implementation. The structure of the proposed
algorithm is closely related to the DMP framework. The
proposed algorithm is general and can be used with both
types of movements that can be represented by DMPs, i. e.
discrete and periodic movements. The performance of the
proposed algorithm was evaluated and compared with ILC
schemes as proposed by our previous research [16], using
both simulation and real robot experiments. Two experiments
were performed, one showing the performance of the algorithm on a discrete task and the other on a periodic task,
respectively.
The paper is organized as follows. In Section II we
briefly outline the dynamic movement primitives for discrete
and periodic tasks. In Section III, the classical ILC control
scheme and how this scheme evolves into the newly proposed algorithm is presented. In Section IV the experimental
results and the effectiveness of the proposed algorithm in
comparison to the more standard ILC approaches is shown.
Two different cases were considered 1) discrete tasks and
2) periodic tasks, both involving force interaction with the
environment.
II. E NCODING TRAJECTORIES WITH DMP S
In this section we give a brief overview of the underlying
representation used in our approach. It is based on parametric
description of trajectories and signals with dynamic movement primitives [19]. Within this framework, trajectories,
given either in joint or in task space, are described as an
output of the second order differential equation modulated
with radial basis functions to get the desired shape. Every
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degree of freedom is described by its own dynamic system,
but with a common phase which synchronise them together.
For point-to-point movements (also referred to as discrete
movements) the trajectory for each degree of freedom y is
described by the following system of nonlinear differential
equations
τ ż

= αz (βz (g − y) − z) + f (x),

(1)

τ ẏ

= z,

(2)

τ ẋ

= −αx x,

(3)

where x is the phase variable and z is an auxiliary variable.
αx , αz , βz and τ are defined such that the system converges
to the unique equilibrium point (z, y, x) = (0, g, 0). By
setting αz = 4βz , the linear dynamic system is critically
damped.
The nonlinear term f contains free parameters that are
used to modify the dynamics of the second-order differential
equation system to approximate any smooth point-to-point
trajectory from the initial position y0 to the final configuration denoted as goal g. The nonlinear term f is given by
PN
i=1 wi Ψi (x)
f (x) =
x,
(4)
PN
Ψi (x)
i=1


2
Ψi (x) = exp −hi (x − ci ) ,
(5)
where the given initial and final velocity are equal to zero.
N radial basis functions with width hi > 0 are equally
distributed along the trajectory where ci are the centers.
Weights wi are estimated with regression in such that the
DMP encodes the desired trajectory.
For the periodic representation of the trajectories, the
nonlinear differential equations take the identical form as for
discrete signals given with (1) and (2), except for the phase,
which is
ẋ = Ω.
(6)
Here, Ω = 1/τ denotes the frequency of an periodic signal.
Note that in the case of the periodic representation the phase
x is a monotonically increasing function. Also the non-linear
function f has the same form as for discrete signals, except
that the kernel functions ψj are Gaussian periodic functions
defined as
!
1
ψj (x) = exp
(cos(x − cj ) − 1 .
(7)
2h2j
Parameters cj and hj respectively define the center and width
of the j-th periodic basis function, while wi are adjustable
weights used to define the desired shape of the trajectory.
One of the advantages of DMPs is that they can be
modulated both spatially and temporally without changing
the overall shape of motion. Ijspeert et al. [19] introduced a
slow-down feedback, where the robot is automatically halted
on excessive position error. In [16] this principle was used
to slow down the trajectory execution on excessive forces
and torques. Another benefit of the DMPs is the robustness
against the sudden change of the goal variable g. Whenever a

new goal is specified during the DMP evolution, the resulting
trajectory is governed according to the response of the second
order system.
III. R ECURSIVE R EGRESSION I TERATIVE L EARNING
C ONTROLLER (RRILC)
The output y of the DMP enables us to follow the
demonstrated trajectories. In many practical situation, it is
necessary to change the output of the learned DMP to
achieve the desired goal (see Section IV for some practical
examples). In this paper we consider the situation where we
add a control signal u to the output of the DMP y, i. e. the
positional signal for robot control is defined as
y = yDMP + u.

(8)

To learn the optimal control signal u, the widely used
iterative learning control approach can be applied [1]
ul+1 (k) = Q(ul (k) + Lel (k + d)),

(9)

where l is the learning iteration index, k denotes the time
sample, d is constant time delay, el (k) is the error signal
that describes the difference between the desired and the
actual task execution. See Section IV for some practical
implementations of e. Q and L could be selected as discrete
transfer functions that determine the ILC behaviour and
the overall stability of the learning system. In many cases,
including in our experiments, they are set to constant values.
In the cases when the control system time delay is known in
advance, a transient response of the system can be improved
by setting parameter d to a proper value, otherwise it is often
set to 1.
Standard ILC assumptions include: 1) Stable system dynamics, 2) System returns to the same initial conditions at the
start of each trial, 3) Each trial has the same length. Stability
analysis can be performed in a lifted time domain system or
in frequency domain using z-transformation [1]. Parameters
may be tuned also using heuristic approach [20] where the
choice of Q is a tradeoff between the stability region and
steady-state error. Q in the form of low pass filter rejects
disturbances and enhances the robustness [20].
ILC in the form (9) ’waits’ one cycle before it modifies the
control signal. To override this limitation, a feedback control
signal is usually added to the plant resulting in
ul+1 (k)

=

Cel+1 (k) + Q(ul (k) + Lel (k + d))

=

Cel+1 (k) + sl (k).

(10)

This scheme is often referred to as ’current iteration’ ILC
[1]. Please note that C = C(q) is actually a discrete transfer
function, where q −1 is the backward shift operator [21]. For
the sake of simplicity we omitted q dependence. The ILC
feed-forward signal sl (k) can be computed in advance after
the completion of each learning phase l. Here we propose to
replace the sequence {sl (k)} with σ(wl , x), where σ(wl , x)
is the same signal encoded with radial basis functions, i.e.
PN
i=1 wl,i Ψi (x)
,
(11)
σ(wl , x) = P
N
i=1 Ψi (x)
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where Ψ is defined as in (5) in the case of discrete movements and as in (7) in the case of periodic movements. x is
the phase (3) used to drive the DMP. In this case, (10) turns
into
ul+1 (k) = σ(wl , x(k)) + Cel+1 (k)
(12)
where σ(wl , x(k)) ≈ sl (k) provides the phase dependent
feed-forward compensation signal. The benefits of encoding
the feed-forward signal using (11) are:
•

•

Since the reference trajectory yDM P (k) is encoded with
DMPs (1) – (3), the time dependency is removed form
the ILC update and replaced with the phase dependency.
Consequently, each learning trial can have different
duration and assumption 3) changes to: Each trial has
the same length in the phase domain. This enables
us to modulate the execution speed according to the
interaction with the environment, which enhances the
robustness of assembly tasks [16].
Signal encoded with RBF is close to the original signal
passed through the low pass filter. Therefore, with RBF
encoding of the ILC feed-forward compensation signal
we inherit the robustness of the overall system.

We can estimate weights wl+1 for the feed-forward signal
σ(wl+1 , x), which will be used in the next iteration l + 1
also recursively with a recursive least-squares regression,

wl+1 (k−d) = wl+1 (k−d−1) + Q(ul (k − d) + Lel (k)+

−a(k−d)T wl+1 (k−d−1) P(k−d)a(k−d),
(13)
1
P(k−d) =
P(k−d−1) +
λ

P(k−d−1)a(k−d)aT (k−d)P(k−d−1)
,
(λ + aT (k−d)P(k−d−1)a(k−d))


Ψ1 (x(k−d))
1


..
a(k−d) = PN

 ,(14)
.
i=1 Ψ(x(k − d))
ΨN (x(k−d))
where λ is the forgetting factor, usually set between 0.97
and 1. This mitigates the need for saving discrete samples
sl (k) needed to compute (10). We need two sets of weights,
wl , calculated recursively in the previous learning cycle and
used in the current learning cycle and wl+1 , calculated in
the current cycle for the next learning cycle.
Let’s consider the possibility to use wl+1 already in the
current cycle. Doing so, we have to take into account that w
changes in each k-th time instance and affects the control
instance in the next time instance. The update equation
becomes
ul (k)

= Qσ(wl+1 (k − 1), x(k)) + Cel (k)

(15)

≈ Qul (k − 1) + Cel (k).
We can see that this choice simply integrates control signal u
across the samples k. Moreover, the signal σ depends only on
the initial weights at k = 1. Therefore, it does not change in
the next cycle and the algorithm loses its learning capability.

Instead, we propose to replace (13) with
wl (k) = wl (k − 1) + Kr el (k)P(k)a(k),

(16)

similar as for coaching in [18]. Kr is suitably chosen gain.
In continuation we will show that (16) and (12) actually
form an ILC. First, it is essential to know the transfer
function, which maps Kr e(k) → w(k) → σ(w(k), x(k))
using (16), (13) and (11). Since it is difficult to evaluate it
analytically, we used identification instead. The results of the
identification showed, that σ can be approximated with
σ(wl (k), x(k)) ≈

l
X

GKx Kr ei (k),

(17)

i=1

where Kx is fixed gain and G is a transfer function of
a second order low pass filter. Both the gain Kx and the
parameters of the filter G depend on the widths hi (5) and
the number of the gaussian kernel functions. Fig. 1 shows
an example, where σ was calculated using (16),(13) and (11)
and approximated using identified system given by (17).
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Fig. 1. Comparison of σ(w, x) and approximated σ using (17) at given error e/Kx , generated randomly. 22 gaussian kernel functions with width h =
−2
+0.135z −1 +0.0675
0.75 were used. Identified system was G = 0.067z
z −2 −1.143z −1 +0.413
and Kx = 39.216 respectively.

Let’s rewrite (17) into the form
σ(wl (k), x(k))

≈

l−1
X

GKx Kr ei (k) + GKx Kr el (k)

i=1

= σ(wl−1 , x(k)) + GKx Kr el (k) (18)
If we now include also the current iteration loop controller
C, the control update equation becomes
ul (k)

= σ(wl , x(k)) + Cel (k)),

(19)

= σ(wl−1 , x(k)) + (GKx Kr + C)el (k),
which proves, that parameter update using (16) results in
an ILC like algorithm, where L = 0 (referred as ’current
cycle learning’ [22]). Note that this algorithm learns signal
σ(w, x(k)), which is not exactly the control input from
the previous iteration. As we use recursive regression, we
name this approach Recursive Regression Iterative Learning
Controller (RRILC). For discrete tasks, the vector a(k) is
formed using kernel functions according to (5). For repetitive
tasks, kernel functions in vector a(k) in (14) are chosen
according to (7). In the continuation of the paper we refer
to the version of the algorithm with periodic kernels as
Recursive Regression Repetitive Controller (RRRC). Note
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that the smoothing of the previous control inputs with filter
Q in (10) is inherited by (11) in (19). Note also that this kind
of smoothing does not introduce a phase lag as with Q. If an
additional attenuation of the control signal from the previous
cycle is necessary, this can be done simply by multiplying
learned weights w by a scalar value Q0 after the completion
of each learning cycle, wl = Q0 wl−1 . In contrast to the
standard ILC, this formulation contains additional feedback
term in the current iteration loop, which can be approximated
with GKx Kr e(k). With careful selection of parameters, this
term can enhance the robustness and stability, as it will be
shown latter in our experiments. Additionally, this algorithm
allows to non-uniformly vary the speed of the given task
during the iterations, which is not possible with standard
ILC.
A. Stability analysis
The aim of the stability analyses is to determine how the
iteration loop affects the stability of our ILC system. It is
assumed, that the feedback system without the iteration loop
is already stable. If we apply one sided z-transformation to
(19), we obtain
Ul

= Ul∗ + CEl
∗
= Ul−1
+ DEl ,

(20)

∗

where U denotes the z-transformation of the signal σ
(19) and D = GKx Kr + C. Capital letters denote ztransformation of the corresponding time dependent signals
denoted with lower case letters. Again, for sake of simplicity, we omitted the z dependence in transfer functions
and signals. Further, we assume that S is known transfer
function which describes the linearized robot dynamics. Ztransformation of the feedback error can be thus given in the
form
El = Yd − SUl ,
(21)
where Yd denotes the z-transformation of the desired output
value Y . Inserting (20) into (21) yields
El

∗
= Yd − S(Ul−1
+ DEl )

by e.g. Bode or Nyquist plot, 2) Tune the parameters of the
transfer function C, gain Kr , widths h and number N of the
Gaussian Kernel Functions until (23) is fulfilled.
IV. S IMULATION AND EXPERIMENTAL EVALUATION
In this section we evaluate the performance of the proposed algorithm and compare it to the standard ILC as given
by (10). As some features and benefits of the new algorithm
are easier to show in simulation, we evaluate the methods
both in simulation and in real experiments. Real experiments
were performed with KUKA LWR robot equipped with
Barrett hand. The robot was controlled from Matlab/Simulink
environment using Fast Research Interface [23] at 100 Hz.
Both in simulation and in real world experiments we used
an identical setup. We selected low gains in the position
controller of the KUKA robot, which results in compliant
behaviour. The arm stiffness was set to 1000, 1000 and 500
N/m for translational axes and to 100 Nm/rad for rotational
axes, respectively.
A. Force based surface following
In many industrial applications the robot is required to
maintain a contact with a previously unknown surface.
Typical operations which involve this problem are polishing,
grinding, cleaning, etc. This problem is relevant also for the
future generation of home robots while performing task from
everyday life such as cleaning the table, polishing furniture,
etc [24]. Force control is needed to solve such problems.
Clearly, if the robot is able to move around while precisely
maintaining the contact force, the surface shape can be
directly captured from the robot’s motion. In our experiment,
one robot was holding a paint roller in the hand. The task was
to follow the previously unknown surface at constant speed
of 0.15 m/s in X direction while maintaining the constant
force of 5 N in Z direction. The shape of the object was
a triangle as illustrated in Fig. 2. The search trajectory was
defined as a straight line in X direction and encoded with
DMPs using (1) and (2). We applied the admittance stiffness
force control [25], combined with ILC, in discrete time form,

∗
= Yd − S(Ul−1
+ CEl−1 − CEl−1 + DEl )

= Yd − S(Ul−1 − CEl−1 + DEl )

yc,l+1 (k) = yDM P (k) +

= Yd − Yl−1 + SCEl−1 − SDEl
El
El−1

Kf i el+1 (j) +

j=1

Kf p el+1 (k) + sl (k),

= El−1 + SCEl−1 − SDEl ,
1 + SC
=
.
1 + SD

el+1 (k) = Fd (k) − RFm,l+1 (k)),

(22)

El
El−1

Asymptotic stability is assured iff
< 1 ∀l. Therefore,
the condition for the asymptotic stability becomes [21], [22]
1 + S(ejω )C(ejω )
< 1,
1 + S(ejω )D(ejω )

k
X

∀ω,

(23)

where ω = [−π, π]. ω denote a frequency normalized
with the sampling time of a time discrete system. Stability
condition also implies that the tracking error El (ejω ) tends
to 0 for l → ∞. The design of the ILC controller can be thus
performed in subsequent steps; 1) check if (23) is fulfilled,

(24)

where yc is the control position fed to the robot controller,
yDM P is the position as returned from the DMPs, R is the
current robot rotation matrix, Fd are the desired forces, Fm
are measured forces in the tool coordinate system and Kf i
and Kf p are the force feedback matrices, respectively. ILC
feed-forward signal sl (k) was calculated as in (10), where
error signal (24) was used for learning. d was set to 3.
In RRILC, we applied the same control law as in (24),
except that time dependent feed-forward signal sl (k) was
replaced with the phase dependent RRILC generated signal
σ(wl , x(k)), calculated for each robot coordinate according
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Fig. 2.

The same task was repeated in real environment. The only
difference was that the shape of the unknown object was
selected as shown in Fig. 4. The object was made of thin
aluminium plate, one part of the plate was firmly attached
to the bottom, while the other was not. Therefore, during
the surface following the environment stiffness was changing
from very stiff at the beginning to very compliant at the
end. Again, we compared the performance of the ILC and
RRILC algorithm. The results are shown in Fig. 5. Also
in the real experiment we can see that the newly proposed
RRILC results in faster learning. Similar as in the simulated
environment, also here the standard ILC has lost contact with
the surface at the end of the first learning cycle. However,
after five repetitions, the results were virtually identical with
both algorithms, which is the expected behavior.
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Fig. 3. Comparison of simulation results obtained with ILC and RRILC.
Upper graph shows the force tracking in Z direction. Lower graph shows
the learned Z coordinate of the surface

Experimental setup
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to (11) and (12). The corresponding weights w were calculated using (16) for each Cartesian coordinate, where the
error signal el (k) was the corresponding component of the
force error (24).
Five learning cycles were performed with ILC and RRILC.
The forgetting factor λ was set to 1, i.e., no forgetting was
applied. After each learning cycle, we reset the covariance
matrix to 10I. Parameters Kf i , Kf p , L, Kr , Q, h and
N were set to 0.0001 I, 0.001 I, 0.001 I, 0.0005 I and
0.99 I, 0.75, and 20, respectively. Fig. 3 shows compensation signals, forces, positions and orientations of the robot as
obtained in simulation. For the sake of clarity, only the results
of the first and the fifth (last) learning cycle are shown. It
is evident that RRILC outmatches the ILC especially in the
first cycle. As it generates the feed-forward compensation
signal already in the first cycle, it converges considerably
faster than the standard ILC. Note that the standard ILC lost
the contact with the surface after 4 seconds. It can be easily
verified that the controller (24) is not capable of tracking
constant environment slope with zero force error in the first
cycle, as the compensation term s1 (k) is zero. The gains
Kf i and Kf p were experimentally set in such a way that
the closed loop system exhibited critically damped response
on impact. We can notice also smoother response of RRILC
due to the smoothing provided by regression.

0.75

ILC 1st
ILC 5th
RRILC 1st
RRILC 5th

0.7
0.65
0

1

2

3
time(s)

Fig. 5. Comparison of the real world experiments performed with ILC and
RRILC. Upper graph shows the force tracking in Z direction. Lower graph
shows the learned Z coordinate of the surface.

B. Stirring in a pot
One of the most common cooking activities is stirring.
The purpose is to mix liquid ingredients by moving a spoon
(or similar tool) around the pot in a circular motion. In
many cases it is necessary to apply small forces to the pot
wall while stirring. Here, we consider a scenario, where
the stirring motion was obtained by the demonstration for
another pot with smaller diameter and elliptical shape. The
desired forces were captured from human demonstration. The
center of the pot was displaced in X and Y directions for 2
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cm and 3 cm with respect to the center of the demonstrated
motion, respectively. The task of the robot was to adapt to the
new situation as quickly as possible. For this, we applied RC
and RRRC and compared the performance of both algorithm.
The control algorithm in the time discrete form was

radial force (N)
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(25)
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0
0

Fig. 6. Comparison of the experimental results for pot stirring obtained with
RC and RRRC. Upper graph shows the force tracking in radial direction.
Lower graph shows learned compensation term in radial direction. Dotted
vertical lines denote stirring cycles.
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where x denotes the phase angle calculated by (6), yc is
the commanded robot position, yDM P the trained periodic
DMP, R is the current robot rotation matrix, Fd are the
desired forces obtained from user demonstration, Fm are the
measured forces in the robot tool coordinate system, e is the
radial force error, T is the stirring period, and Kf is the
scalar force feedback gain. Transformation r(x) transforms
the phase angle x into a position on the unit circle at height
z = 0.
The RC feed-forward signal s(k − T ) corresponds to the
radial displacement. It was estimated according to the RC
implementation of the ILC update (10), where the signals
from the previous learning phase were replaced with the
signals delayed for one stirring period T . d was set to 3.
Parameters Kf , L and Q were set to 0.001, 0.0005, and 0.99,
respectively. For RRRC, the feed-forward compensation signal s(k − T ) was replaced with the phase dependent RRRC
generated signal σ(x(k)), calculated according to (11) and
(16). The forgetting factor λ, the gain Kr , h and N were
experimentally set to 0.992, 0.0005, 200 and 80, respectively.
The duration of the stirring cycle was 2 seconds and 8 stirring
cycles were preformed. The results are shown in Fig. 6. It can
be seen that the RRRC established full contact with the pot
wall already in the second stirring cycle and proceeded with
almost unchanged response for the following 6 cycles. On the
other hand, RC took 6 stirring cycles to establish full contact
with the pot wall. In the last cycle, learned compensation
terms were almost identical for both algorithms. Fig. 7 shows
the comparison of the learned path for both algorithms,
measured at the wrist position. Due to the compliance of both
orientational axes of the robot and hand fingers, this position
slightly deviates from the end effector (spoon) position.
Finally, we investigated how the motion can be adapted to a
pot with non-smooth edges, e.g, to a square pot, as shown in
Fig. 8. The reference trajectory and forces were the positions
and forces learned in the last stirring cycle from the previous
example. The stirring trajectory was slowed down by a factor
of 4 by changing the τ variable in DMPs from 2 to 8. After
two stirring cycles we increased the stirring speed by factor
of 2 and after four cycles again by factor of 3. As this is
possible only with RRRC learning algorithms, we could not
compare the results with RC algorithm. Results are outlined
in Fig. 9. Also in this case, RRRC exhibited fast adaptation
to the new geometry and to the speed variations. Fig. 10
shows the learned path measured at the robot wrist. Although
the spoon followed the square pot wall, the wrist trajectory
slightly differs due to the high compliance of the robot wrist.
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Fig. 7. Comparison of the learned trajectory for pot stirring obtained with
RC (left) and RRRC (right).

V. C ONCLUSIONS
We proposed a new controller based on ILC and RC
paradigms, which applies recursive estimation of the feedforward signal for the minimization of the control error. It
enables to compensate pure time delays in the controlled
plant and generates smooth control signals. The proposed
learning controller was verified both in simulation and in
real experiments involving force interaction with the environment. Simulation and experimental results have shown
that the main benefit of the new controller is the significantly improved speed of learning. The proposed controller
belongs to a class of causal ILC controller, for which it
was proved that the same steady state error can be obtained
with standard feedback controller applying high gains [26].
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Fig. 8.

Experimental setup for stirring in square pot.
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Fig. 9. Experimental results for stirring in square pot obtained with RRRC.
Upper graph shows the force tracking in radial direction. Lower graph shows
learned compensation term in radial direction. Dotted vertical lines denote
stirring cycles.
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Fig. 10. Learned trajectory for stirring in square pot obtained with RRRC .
The plotted positions correspond to the robot wrist positions. Red and blue
line denote initial and learned trajectory, respectively

However, high gain controllers are not suitable for robots
working in unstructured environment and interacting with
humans, therefore we consider that ILC is still favourable.
In this work our aim was to learn the force-based skills with
highly compliant robot applying low control gains, which are
beneficial for robots working in cooperation with humans
and in unstructured environments. In the future we will
investigate also the behaviour of the proposed algorithm in
torque-based force control schemes.
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