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Abstract— Kinesthetic teaching is an established method of
teaching robots new skills without requiring robotics or pro-
gramming knowledge. However, the inertia and uncoordinated
motions of individual joints decrease the intuitiveness and
naturalness of interaction and impair the quality of the learned
skill. This paper proposes a method to ease kinesthetic teaching
by combining the idea of incremental learning through warping
several demonstrations into a common frame with virtual tool
dynamics to assist the user during teaching. In fact, during
a sequence of demonstrations the stiffness of the robot under
Cartesian impedance control is gradually increased, to provide
stronger assistance to the user based on the demonstrations
accumulated up to that moment. Therefore, the operator has
the opportunity to progressively refine the task’s model while
the robot more docilely follows the learned action. Robot
experiments and a user study performed on 25 novice users
show that the proposed approach improves both usability as
well as resulting skill quality.
Keywords: Kinesthetic Teaching; Incremental Learning; Dy-
namic Time Warping; Virtual Tool Dynamics

I. INTRODUCTION

Many physical human skills rely on mastering specific
procedural knowledge, organized according to different lev-
els of expertise. The ‘hows’ of such skills are extremely
hard to remap into the conventional declarative language
of computer science. This especially holds true for tasks
crucially involving contact forces at the interface between our
hands (or tools) and the external environment. In other words,
transferring human expertise, concerning complex physical
interaction with the world, to machines can result into a
daunting task.

Programming by Demonstration at the trajectory level [1]
addresses this problem by eliminating the need for explicit
translation. Positional and force requirements that character-
ize the task can be directly modeled from the demonstration
given by a human expert. By integrating kinesthetic teaching
into the PbD paradigm, the human demonstrator can phys-
ically grab parts of the robot (or the tool mounted on its
flange) and compose appropriate configurations of the robot
in space and time as required by the task.

Although extremely natural and intuitive in principle, this
approach quickly grows impractical in coordinating even rel-
atively simple robotic arms with several degrees of freedom
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Fig. 1. Experimental setup. During kinesthetic teaching the human
demonstrator directly grabs the robot and executes the task.

(as in the case of our experiments reported in this paper) or
massive parts. Indeed, the manipulation of the robot’s moving
parts can be facilitated in robots capable of impedance
control by such functionalities as gravity compensation.
Nevertheless, the inertia of the robot itself (the weight of
a state of the art lightweight robot capable of impedance
control is typically around 15 kg) and the uncoordinated
movement of its many joints can typically disrupt the fluent
execution of movements, otherwise familiar to the human
demonstrator, during kinesthetic teaching. Furthermore, the
intrinsic variability of human demonstration must be taken
into account when using multiple demonstrations. As the
main contribution of this paper we study how multiple
demonstrations can be used to incrementally build precise
trajectory skills in a natural fashion. We suggest, develop and
examine experimentally a general assistive framework sup-
porting human experts towards intuitive and natural kines-
thetic teaching in PbD. Our novel approach, Incrementally
Assisted Kinesthetic Teaching (IAKT), combines ideas from
incremental learning (IL), virtual tool dynamics (VTD, [2])
and dynamic time warping (DTW, [3]) to capture natural
human expertise of specific physical skills with minimal
perturbation. The method incrementally capitalizes on the
knowledge about positional and force requirements, mea-
sured and then encoded at the trajectory level by a Dynamic
Movement Primitive model (DMP, [4]) during the sequence
of demonstrations of a simple in-contact task. Technically,



our method profits from the possibility to control the stiffness
of a state of the art robotic arm capable of Cartesian
impedance control.

Our results with the methods are detailed in this paper,
directly comparing IAKT with kinesthetic teaching under
gravity compensation. The chosen task (i.e. connect four
points marked on a sheet of white paper to draw a square)
allows us to align quantitative and qualitative analyses over
a fairly large sample of 25 participants in the experiments.
As will be clarified in the following sections, inexperienced
users report an overall positive experience with IAKT, in
terms of accuracy in the task, simplicity of use and lack of
negative emotional connotations of the system.

In the remainder of this paper we will first relate our
work to the current literature (Section II) and offer a bird’s
eye view of our approach (III). Then we will illustrate our
method at the level of technical detail (IV) and present
our quantitative and qualitative results (V). Finally, we will
discuss our method and draw our conclusions (VI).

II. RELATED WORK

A few different lines of research fall within the main
scope of this paper. In [5] iterative kinesthetic teaching was
implemented with the support of a motion refinement tube.
Following an initial demonstration, and then over multiple
demonstrations, the stiffness value of a compliant robot was
set gradually higher for every joint, to define ”an area of
allowed motion refinement around the nominal trajectory”
[5]. Therefore, the user’s freedom to move the passive robotic
system is incrementally subject to stronger constraints. Con-
versely, our method consists of an incrementally active
support to the execution of the task.

Incremental learning was utilized in [6] for encoding
trajectories and null-space motions through kinesthetic teach-
ing a robotic system capable of impedance control. The
authors address the complexity of the task by incrementally
adding subtasks (e.g. avoiding obstacles while following a
trajectory) and refining the learned end-effector trajectory.
The implemented multi-priority kinematic controller assigns
priorities to corrections exerted by the user and groups these
corrections into subtasks. On the contrary, the method we
present in this paper does not naturally lead to such a
segmentation. As clarified in the following section, each task
is incrementally refined as a whole, while the system actively
supports the demonstration.

Under this point of view, the spirit of the work in [7]
appears much closer to our motivations. In their user study,
the authors evaluated the effect of VTD on naturalness of
the motion, sense of control of the robot and accuracy of
the results. This work showed that VTD have the potential
to facilitate and naturalize physical HRI. On a similar key,
in [8], the response of two groups of users kinesthetically
driving a robotic arm was compared. The first group operated
in standard gravity compensation, guiding the end effector
through an appropriate trajectory while avoiding collisions
between the robot’s parts and the surrounding environment.

The second group worked with an assisted gravity compensa-
tion mode that allowed them to simply focus on the trajectory
of the end effector rather than of the whole redundant joint
configuration of the robotic arm. The results also show
how assistive systems for kinesthetic teaching may have a
positive effect on the usability and performance during HRI
on redundant robots.

Due to the relatively simple task chosen for this study, the
crucial role of contact forces deployed in our setup might be
overlooked. Unfortunately, and in spite of its practical impor-
tance, little research on PbD for in-contact tasks is currently
available in the robotics literature. A few studies focus on
the encoding of positional and force profiles required by the
demonstrated task [9], [10]. Even less work explores complex
scenarios for physical skill transfer from human to robots
[11], and much research is still required in this direction.
However, the significance of the present paper should be
particularly considered in the light of this latter stream of
research. Transferring to machines realistic physical human
interaction with its environment entails the implementation
of more intuitive and natural programming interfaces. In
particular, during kinesthetic teaching interference between
natural human action and robot’s inertia and uncoordinated
joints’ movement should be minimized.

III. THE IAKT APPROACH

During kinesthetic teaching for PbD, two crucial issues
hinder the implementation of a general purpose, intuitive
and natural HRI. First, the robot’s inertia, internal friction
and uncoordinated motion of its several joints can determine
awkward-feeling and inaccurate demonstrations. Second, the
variability of human movement, due to intrinsic or contin-
gent effects, requires a strategy to align in time multiple
demonstrations, thus remapping each single demonstration
to create a coherent set of reciprocally commensurable mea-
surements. Therefore, combining and extending, as required
by our declared goal, several ideas in the robotics literature,
namely incremental learning, VTD and DTW, is the main
contribution of this paper. For this reason, in this section we
draw a concrete overview of the approach we propose.

At the beginning of the IAKT procedure for PbD, the
system starts with no prior explicit information about the
task. Initially, the robot’s TCP is moved to its starting
position on a sheet of paper and the orientation of its tool
(i.e. the marker) is locked. During the first demonstration,
the robotic arm is operated under fully compliant Cartesian
impedance control with the support of VTD. Assuming the
point of view of the human while mobilizing the robotic
arm to draw a line on paper, under this condition the robot
follows the demonstration passively, although in the comfort
of a reduced perceived operative inertia. In our opinion,
the use of VTD significantly increases the manoeuvrability
of the system (the opinion of the layman demonstrator,
according to our case study, will be reported in Section
V). Unfortunately, when applied to in-contact tasks VTD
presents a serious drawback. In fact, VTD processes and
amplifies the interaction between tool and its environment



(in our example, in first approximation, a complex dynamic
involving visco-elastic properties of the marker and friction
between tip of the marker and paper that generate audible
vibration). As a first measure, we eliminated this undesired
effect by increasing the Cartesian stiffness of the system
in the longitudinal direction of the tool when contact was
detected. This empiric solution guarantees a stable contact
of the tip of the marker with the paper, until the user exerts
an opposite force (pulling the marker away from the paper)
while maintaining the possibility for the user to exert the
desired force on the paper (for details on our implementation
of VTD, see Section IV-A).

Each further demonstration begins from the original start-
ing position. The robotic system actively reenacts the task
based on the current DMP representation of the task, while
adopting incrementally varying levels of stiffness, from very
low to relatively stiff. The maximal levels of stiffness can be
high in relative, yet not in absolute terms, thus guaranteeing
a safe interaction with the demonstrator. Reenactment takes
place under the kinesthetic lead of the human demonstrator,
whose corrections in terms of trajectory and force require-
ments are recorded and contribute to updating the current
DMP model. To compensate for ineluctable variations among
several demonstrations (e.g. due to different instantaneous
speed of execution), DTW aligns them in time. As a re-
sult of DTW, a single homogeneous temporal dimension is
extracted, and each demonstrations refers to it (details of
how DTW is adapted to the specific problem are given in
Section IV-C).

Summarizing, as multiple demonstrations accumulate, two
elements of the system evolve and increase in parallel:
the model’s accuracy and confidence regarding the quality
of its encoding on the one hand, and the stiffness of the
Cartesian impedance controller on the other. Accordingly, the
demonstrator initially experiences a largely passive robot (the
robot is actively moving, yet low stiffness is hardly sufficient
to overcome the sum of its own internal friction and the
friction between tool and surface). Subsequently, as stiffness
levels increase, the robot becomes increasingly autonomous
in following its current model, built on the basis of its
previous experience. Progressively, guiding the robot along
the trajectory becomes an easy task. To the human user, the
robot looses its inertia and the autonomous coordination of
the different joints allow smooth movement of the TCP. The
robot’s action supports (seemingly “anticipates”) human ac-
tion. Therefore, the attention of the human demonstrator can
gradually shift from drafting the general outline of the raw
task (while operating a largely passive robot) to correcting its
finer details (as the robot becomes more actively assistive).
In parallel, the physical effort for the demonstration, simply
fades. A virtuous circular causality emerges, where better
models afford better assistance, and better assistance affords
better models. As a final outcome of the process, the robot
is capable of autonomous execution of the complete task.
In principle, the process can be reiterated, until satisfactory
results are eventually achieved.

IV. SYSTEM

Our method requires a robotic arm with multiple degrees
of freedom and integrated torque sensors at each joint,
capable of Cartesian impedance control. The robot’s overall
control cycle in the range 1–5 ms allows effective force con-
trol. A six-axis F/T sensor with appropriate sensing range and
accuracy must be rigidly mounted between robot’s flange and
tool (see Fig. 1). The tool consists of a whiteboard marker,
rigidly connected through a custom aluminum adapter to the
F/T sensor.

A. Virtual Tool Dynamics

To facilitate natural HRI between the user and the robot
VTD [2] has been implemented. We can formally clarify the
role of VTD. In fact, the control law of the controller is [12]:

τcmd = JT (kc(xdes − xmsr) + Ffwd

+D(dc)) + fdyn(q, q̇, q̈), (1)

where τcmd is the commanded torque, JT the transposed
Jacobian, xdes and xmsr the desired and measured Cartesian
pose respectively, kc the Cartesian stiffness, Ffwd the Carte-
sian force/torque, D(dc) the damping term and fdyn(q, q̇, q̈)
the dynamic model of the robot.

Typically, the exact dynamic model of the robot is not
available. However, ignoring frictions, the general dynamic
model can be expressed in the form [14]:

JT (M(x)ẍ+ C(x, ẋ)ẋ+ g(x)) = τcmd (2)

where M(x) is the symmetric, positive definite inertia ma-
trix, C(x, ẋ) is a combined matrix for the Coriolis and
centrifugal terms, g(x) is the gravity vector and τcmd the
commanded torque. The terms C(x, ẋ)ẋ and g(x) in the
dynamic model are part of fdyn(q, q̇, q̈).

Comparing the dynamic model to the control law, and
considering that C(x, ẋ)ẋ and g(x) can be identified with
fdyn(x, ẋ, ẍ) gives:

M(x)ẍ− kc(xdes − xmsr)−D(dc) = Ffwd. (3)

When the F/T sensor offers a reading of the current external
force Fext exerted on the tool, and we command the robot
to react with an external force proportional to the stimulus
through a gain factor (Ffwd = α · Fext):

M(x)

α
ẍ = Fext +

1

α
kc(xdes − xmsr)− 1

α
D(dc). (4)

In other words, the inertia of the resulting system M̂(x) =
M(x)/α reduces the effective inertia perceived by user by
factor α.

Oscillations can emerge from the use of VTD in in-contact
scenarios. As mentioned above (Section III), empirical solu-
tions can be deployed to overcome this problem.



B. Learning and motion control

Learning motor primitives from demonstrations requires
an adaptive framework capable of capturing and retaining
the essential features of the task. In the case of the IAKT
approach proposed in this paper, we have chosen an im-
plementation of the DMP framework in combination with
Locally Weighted Regression (LWR) [4]. DMPs are known
for producing smooth trajectories with short learning and
retrieval time, while LWR proved to be a fast learning
method [13]. However, this choice makes a trade-off be-
tween the retention of past demonstrations and sensitivity
to novel information necessary. In other words, to prevent
the system’s insensitivity to the features of the most recent
demonstrations, at each given iteration only up to the last
three demonstrations (in case such a number of demonstra-
tions is already available) are considered to adapt the DMP
model representing the task.

As detailed in [4], DMP models isolate each relevant
dimension. Each dimension is independently represented by
a spring-damper system (transformation system):

τ ÿ = αz(βz(g − y)− ẏ) + f, (5)

with positive constants αz and βz , related to the system’s
stiffness and damping. Spontaneously, the value y, repre-
senting the current state for the specific dimension (with
ẏ, ÿ first and second derivatives, respectively), tends to relax
from the initial to its final state g (critical damping assures
monotonic convergence of the second-order dynamic for
βz = αz/4), where τ is a temporal scaling factor. However,
this convergence can be modulated by the forcing function
f , defined as:

f(x) =

N∑
i=1

Ψi(t)wi

N∑
i=1

Ψi(t)

x(g − y0), (6)

where wi are adjustable weights and y0 is the initial state.
Ψi is a sequence of fixed basis functions:

Ψi(x) = exp

(
− 1

2σ2
i

(x− ci)2
)
, (7)

with σi and ci width and centers of each basis function
[4]. The effect of the forcing functions is to remap the
spontaneous relaxation dynamic of the autonomous spring-
damper system onto the demonstrated dynamic, as closely
as possible. This is made possible by the selection of
appropriate values for the weights wi, that can be efficiently
identified by LWR [4].

A further first-order relaxation dynamic (canonical system)
implicitly represents time in a phase variable x. The phase
variable has the function to synchronize the otherwise inde-
pendent remaining dimensions. The canonical system can be
formally described as:

τ ẋ = −αxx. (8)

Therefore, the canonical system monotonically relaxes with
a time constant τ and a positive constant αx. The phase

variable x asymptotically converges from an initial state x0
to zero. Values of x approaching zero denote that the system
is asymptotically approaching the goal g.

C. Trajectory Optimization

The variability of human demonstration is commonly
expressed in terms of different trajectories, forces and speed
during execution. As the adaptive DMP framework tends to
adapt as the result of the average of all available demonstra-
tions, a fundamental step is to align in time all the available
information. What is required is a method that generates
a non-linear remapping of multiple demonstrations onto a
common time dimension on the basis of some similarity
metrics, so that all demonstrations become directly and recip-
rocally commensurable (experiment V-A makes a concrete
case for the need of time-alignment). Since in the kind of
problems we are currently studying we can identify specific
force-position pairs (i.e. at a certain point of the trajectory
a certain contact force has to be applied at the interface
tool-environment) only positional information needs to be
considered for time-alignment. Force-position pairs remain
intact after time warping.

The original DTW algorithm (e.g. see [3]) needs to be
adapted to our needs in at least two senses. Firstly, in
order to align two trajectories t1 and t2 in a 3D space, the
algorithm has to be extended from one to three dimensions.
Therefore, the distance function takes the generalized form:
|(t1x− t2x)|+ |(t1y− t2y)|+ |(t1z− t2z)|. The more warping
is required to align the trajectories, the longer the resulting
trajectories are, as one single position on one trajectory can
map onto entire intervals of the other trajectory. To prevent
uncontrolled lengthening of the common time dimension,
and thus a dilatation of the time for reproduction, only
the average of such an interval is stored, preserving 1:1
relationship.

Secondly, in general, according to our approach, the trajec-
tories of three demonstrations require time-warping. To align
three trajectories with each other we propose crosswarping.
Consider three trajectories in a 3D space requiring temporal-
alignment, t1,t2 and t3. Assume that t3 is carrying the most
detailed information (e.g. in the case of our experiments,
it has been recorded last in the sequence and therefore
with extended prior-knowledge and assistance). Therefore,
t3 becomes the most natural reference for time-alignment.
This choice reduces the possibility of miss-alignments due to
artifacts created in early demonstrations. First, t1 and t2 are
separately aligned to t3 to generate the resulting trajectories
t′1, t

′
31, t

′
2, t
′
32, where t′31 and t′32 result from t3 aligned with

t1 and t2, respectively (see Fig. 2). In case the variations in
the execution speed during demonstrations is large, temporal
discrepancy between t′1 and t′2 can still be significant. This
fact suggests the application of crosswarping, which requires
the alignment between t′1 with t′32, and t2 with t′31. The
outcome is four trajectories perfectly aligned in time, while
t′′31 and t′′32 are identical. To uniformly weigh the three initial
trajectories, only one between t′′31 and t′′32 is considered for
learning.



Fig. 2. Principle of Crosswarping.

D. Interface

We have designed an interface to support the human
demonstrator during IAKT. This interface is responsible for
commanding the robot, recording and aligning the position
and force profiles, and communicating with the framework
that manages the DMP model.

During the first demonstration, the robot is set into Carte-
sian impedance control. The selected value for the stiffness
in Eq. 1 is kc = 0, which activates gravity compensation.
The human demonstrator moves the robot to the starting
position. The controller locks the current orientation and
activates VTD by setting Ffwd = α · Fext, where α is the
VTD gain.

After initial demonstration, LWR is invoked to identify
the model’s parameters. After increasing the mechanical
stiffness of the system kc, the DMP framework commands
the reenactment of the task. Positional and force profiles
are recorded, tracking the kinesthetic corrections by the
demonstrator. The process can be reiterated until the system
reaches satisfactory performance. During further iterations,
LWR adaptation of the system only takes into account the
last three time-aligned demonstrations (when available). The
maximal values for kc are chosen as a trade-off between
precise motion and safe HRI.

V. EXPERIMENTS
The following experiments were all conducted on a KUKA

LWR4+ industrial robot with an attached ATI Mini45 force
torque sensor. The general task was to train the robot to
connect four points that were 10 cm apart on prepared paper
sheets with a standard marker, whose tip had a diameter of
4 mm. It was necessary to choose a simple task to minimize
the impact of different skill levels of the user. We assume
this as a static task, although the system could be readily
adapted to more dynamic scenarios. The α factor for VTD
was heuristically defined as 2.5. In general, the stiffness
value is calculated with kc = 2i−1 · 100N

m where i is the
current number of demonstration. Until kc reaches 2000N

m
the stiffness is only increased in x and y direction, while the
stiffness in z direction is set as 2000N

m , to avoid bouncing as
described in Section IV-A. For higher values the stiffness is
increased in all dimensions equally. For finally reproducing
the learned task, the stiffness is set in all directions as
kc = 4000N

m . The setup can be seen in Fig. 1.

A. Dynamic Time Warping

This experiment was performed to visualize the necessity
for time alignment of the trajectories through DTW. For

Fig. 3. The learned motion primitive of the same demonstrations with
DTW and without DTW.

all demonstrations IAKT was used and five iterations were
performed, the first one fully compliant with virtual tool
dynamics and then with increasing stiffness. The recorded
trajectories were saved in their original form and the tra-
jectories used for learning were time-aligned. The resulting
primitive, learned from the last three demonstrations, was
replicated twice with a stiffness of 4000 N

m , once using the
original trajectories and once using the DTW-aligned trajec-
tories. The difference can be seen in Fig. 3. It is apparent
that the square primitive extracted using DTW (blue square)
shows distinct corners. On the opposite, the primitive learned
from non DTW-aligned trajectories, although extracted from
the same set of demonstrations, does not capture the quality
of sharp corners. The corners are rounded and changes in
direction occur too early. This emphasizes the importance of
trajectory-alignment for incremental learning approaches.

B. Teaching a skill by an expert user

An initial study on the task was conducted to contrast
the user study, based on novice users, against expert perfor-
mance. The robot was trained by an expert user under both
gravity compensation and IAKT. To quantitatively compare
the result, the mean square error was chosen, which is
the distance of the result compared to a template, which
constitutes a perfect representation of the skill.

1) Setup: The experiment consisted of ten teaching trials
in gravity compensation and ten teaching trials with IAKT.
The assistance system used virtual tool dynamics and set the
robot fully compliant for the initial demonstration. Then four
iterations were performed.

2) Result: The result for the ten teaching trials in gravity
compensation mode can be seen in Fig. 4. Moving the robot
straight in the desired direction that connects two points is
apparently hard. The teaching trials were performed clock-
wise, starting at the upper right corner and ending in the same
point. Directly after the start large jerky deviations from the
template are visible. In fact, to draw a straight line a robot



Fig. 4. The replications of ten teaching trials in gravity compensation
mode compared to the template.

needs to perform a synchronized movement of several joints.
Kinesthetic teaching without assistance results in the passive
movement of several joints that prevents the achievement of a
smooth movement for the user steering the robot. The mean
distance of all trajectories trained in gravity compensation
from the hardcoded perfect square was 2.16±1.10 mm with
a p-value of <0.001.

Fig. 5. The replications of ten teaching trials with the assistance system
compared to the template.

Fig. 5 reports the results achieved with IAKT. The mean
distance to the template was 1.96 ± 0.84 mm. The first
teaching trial had a mean distance of 3.4 mm. If this result
is omitted as an outlier, the mean distance of all results
from the template would be 1.80± 0.53 mm. This result is
highly significant with a p-value of <0.001. Taking the size
of the tip of the pen into account and that only the corner
points were marked, that is a very close result to a perfect
representation of the skill. The assistance system shows its

Fig. 6. Answers for the question whether the intensity of assistance should
change.

strength in comparing the straightness of lines. It is apparent
that the squares were much straighter than the results trained
in gravity compensation mode. Training with the assistance
system results in squares much more similar to the template,
while showing straighter lines and more distinct corners.

C. User study

To understand how novice users perceive the assistance
and perform with the system, a user study was conducted,
inspired by the study performed in [8]. 25 participants
were recruited from a university campus and asked to teach
the robot a drawing skill, both in gravity compensation
and with the assistance, and finally take part in a survey.
The participants were aged between 22 and 54, with an
average of 29.96 ± 8.54 years, of whom 21 were males
and four females. The origin of the participants is highly
diverse with participants from Finland, Italy, India, Germany,
Netherlands, Macedonia, Spain, Chile, China and Lebanon.
16 participants stated they have prior experience with robots,
ranging from robotic courses to hands-on experience with
industrial robots. None of the participants had any prior
experience with kinesthetic teaching on a KUKA LWR4+.

Five hypotheses were tested:
• IAKT is easy to use
• IAKT is intuitive to use
• The robot is not perceived as threatening or intimidating
• The user find the assistance helpful
• The results are more accurate with IAKT

For comparability two tasks were studied: Case A consisted
of training the robot to draw a square in gravity compensation
mode and case B in training the same skill with IAKT.

1) Setup: The study was divided into three parts for each
case and an additional survey. First, the tested case was
demonstrated to show the participants how to use the robot.

In the second part, the participants had the possibility
to try the tested case on their own. For case A the robot
was in gravity compensation mode and participants could
move the robot freely. To get acquainted with the gravity
compensation the users were asked to draw four squares. For
case B the users were asked to use IAKT with a total of four



Fig. 7. The rating for the quality of the result for cases A and B.

demonstrations so the user acquired a feeling for the system.
After this warm-up phase the case was tested in teaching
trials. As all participants were new to the system, learning
effects have to be taken into consideration. Therefore 12 of
the participants started the teaching trials with case A, the
remaining 13 with case B. This procedure was necessary to
avoid biasing the results towards the case tested last.

For case A the users were asked to train four squares in
total in gravity compensation. The user had a free choice
where to grab the robot, but most participants grabbed the
robot at its wrist (as it was demonstrated in the first part).
Then the recorded trajectories were batch learned with the
DMP framework and the result shown to the participant.
For case B the participants were asked to give an initial
demonstration by grabbing the robot at an arbitrary place and
then three additional demonstrations with stiffness values of
200 N

m , 400 N
m and finally 800 N

m . Then the result from this
teaching trial was presented to the user.

The last part of the study consisted of a survey that was
composed of questions about the participants, both cases and
a general comparison.

2) Results: For most questions, participants were asked to
give a rating of 1-5 with 1 as very bad or strong disagreement
to 5 as very good or strong agreement. To better compare
the results between case A and B a statistical hypothesis test,
namely the Wilcoxon Signed-Rank Test [15], was performed.

The rating of the simplicity of the system was 3.28±0.94
in case A and 3.56 ± 0.92 in case B with a p-value of
0.2886 as displayed in Table I. The intuitivity was rated
with 3.84 ± 0.90 and 3.56 ± 0.87 and had a p-value of
0.2203. A greater difference was perceived in the quality of
the result. The result with gravity compensation was rated
3.60 ± 0.58, while the result achieved with the assistance
was assessed as better with a rating of 4.16 ± 0.47. This
result is highly significant with a p-value of 9.2 · 10−4.
A comparison of the assessment can be seen in Fig. 7.
The physical demand was rated marginally significant better
for Case B with 3.76 ± 1.05 over 3.40 ± 0.96. Also the
mental demand was rated as less demanding for Case B with
3.88±0.78 over 3.64±0.91 (with 1 as very demanding and 5
as not demanding). In general, the assistance was perceived

Fig. 8. Learned trajectories based on the teaching trials of novice users in
gravity compensation mode.

Fig. 9. Learned trajectories based on the teaching trials of novice users
aided with the assistance system.

as helpful with a rating of 3.84±0.80. 48% of all participants
wished the robot would help more, 36% stated that the
assistance is good as it is, while 16% would have preferred
less help. The robot was not perceived as threatening or
intimidating (with 1 as not threatening/intimidating and 5 as
very threatening/intimidating). For clarity, these results are
summarized in Table I and II and Fig. 6.

The teaching trials of the participants were recorded to
be able to evaluate the performance of the system when
utilized by novice user. The four demonstrations given with-
out assistance were batch learned and the learned trajectory
executed and recorded for each user. The result can be seen
in Fig. 8. Despite the fact that the trajectories trained in
gravity compensation mode were batch learned and thus
every plotted result is smoothed by being the mean of four
demonstrations, the lines are unsteady and curved. Fig. 9
shows the results achieved with the aid of IAKT. On average



Case A Case B
Question Mean SD Mean SD P-value

Did you find free-hand/robot-assisted drawing simple? 3.28 0.94 3.56 0.92 0.2886
Did you find free-hand/robot-assisted drawing intuitive? 3.84 0.90 3.56 0.87 0.2203
How would you rate the result? How good is the square? 3.60 0.58 4.16 0.47 0.0009
Did you find free-hand/robot-assisted drawing physically demanding? 3.40 0.96 3.76 1.05 0.0931
Did you find free-hand/robot-assisted drawing mentally demanding? 3.64 0.91 3.88 0.78 0.2854

TABLE I
MEAN RESULTS FOR THE EXPERIENCE IN CASES A AND B.

the assistance helps the user to give better demonstrations.
The results lie closer together and the lines tend to be more
straight. This is also reflected in the mean distance of the final
trajectories from the template trajectory optimally connecting
all points. Unassisted teaching trials result in a trajectory
which has an average distance of 5.10± 3.72 mm while the
usage of the assistance results in a distance of 3.45 ± 1.72
mm. Altogether the results in case B are closer to drawing
a square than the results in case A.

Question Mean SD P-value

Did you find the assistance overall helpful? 3.84 0.80 <0.0001
Did you find the robot threatening? 1.32 0.63 <0.0001
Did you find the robot intimidating? 1.48 0.82 <0.0001

TABLE II
ADDITIONAL STATEMENTS OF THE PARTICIPANTS.

VI. CONCLUSION

This paper presents our IAKT approach for programming-
by-demonstration. IAKT actively supports users in achiev-
ing a higher quality of the demonstrations, thus improving
the overall quality of learned skills. The method targets
trajectory-based skills where accurate replication is impor-
tant. The system incrementally assists human action accord-
ing to a sequence of demonstrations, hence reducing the
operator’s perception of robot’s inertia and uncoordinated
movement of its joints. A system centered on a state-of-the-
art redundant industrial robot, with integrated torque sensors
at each joint and capable of Cartesian impedance control,
was developed to demonstrate the method.

To evaluate IAKT, a user study was performed on 25
novice users. Our qualitative and quantitative results re-
vealed that the proposed approach was found less physically
demanding compared to the gravity-compensation baseline.
More importantly, according to our users, the approach
clearly improved the learned skill. Quantitative analysis of
the skill captured by the robot in its interaction with each user
confirmed that novice users can significantly improve the
quality of their demonstration using the proposed incremental
approach. Moreover, the improvement in teaching quality
was found to extend to experienced users.

For this study we chose an intentionally simple task
in order to allow quantitative analysis. Nevertheless, the
applicability of the method is not limited to this static task

and could be easily extended to more complex or dynamic
tasks (i.e. where the intended goal is dynamically updated
by the operator). However, even though we are considering
in-contact skills, the current experimental evidence covers
only trajectory type skills which do not require significant
modulation of contact forces during the execution of the task.
Therefore, the application of the approach to more general
scenarios will require further study.
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