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Abstract— Training humans to control dynamic systems such
as prosthetic limbs or teleoperated robots typically requires
extensive practice. In this study, we investigate whether passive
exposure to skilled control behavior—delivered via synchro-
nized haptic and visual playback—can accelerate visuomotor
learning in a non-trivial control task. Using a simulated cart-
pole environment, we compare performance between partici-
pants who received an initial session of passive visuo-haptic
replay and those who directly began with active control. Our
results show that passive exposure yields two clear benefits:
improved initial performance and a steeper learning curve
across subsequent sessions. These findings suggest that passive
sensorimotor experience, even without haptic guidance during
active control, can support the acquisition of motor skills
necessary for dynamic control. This approach may provide a
low-effort and scalable training paradigm for enhancing skill
acquisition in robotic and assistive technologies.

I. INTRODUCTION

Training users to control complex dynamic systems such
as robotic arms, prosthetic limbs, or industrial machinery
requires significant practice [1], [2], which may lead to
frustration, inefficient use of time and resources. Prior work
in haptic guidance [3], [4] has shown that physically guiding
users along expert trajectories during task execution can
accelerate learning by enforcing motor patterns. These ap-
proaches typically operate online, blending user input with
autonomous controller assistance or constraining movement
within a reference trajectory. A general classification of
haptic training methodologies are given in [5] which include
haptic guidance. Most of these methods find application in
rehabilitation and sport science, where the primary goal is to
restore or refinement the motor functions. In contrast, the ap-
plication of haptic training for more general cognitive motor
learning tasks, such as visuomotor control, remains limited.
This study aims to explore the potential of offfine visuo-
haptic demonstration for improving learning in dynamic
control scenarios where the mapping between perception and
action must be acquired for novel tasks learning.
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In a recent report [6], it has been shown that the so called
ceiling effect for expert piano players can be overcome by
haptic practice enforced to the piano players by a finger
exoskeleton. While this study seems to cover our research
interest, there is a critical difference. In piano playing
what is learned is a complex sequence of motor activation
patterns, an example of a new motor memory formation,
which involves storing, and later recalling motor patterns as
a function of time. On the other hand, visuomotor learning,
is characterized by associating the visually sensed current
state of the environment (e.g., pose of an object) with
appropriate motor commands. Visuomotor learning is critical
for tasks that require online adaptation or correction, which
may involve complex dynamics such as driving a car.

The existing works on the effect of passive visuo-haptic
feedback prior to visuomotor learning are limited, and focus
on simple tasks such as rotation adaptation [7] or do not
strictly use passive visuo-haptic playback, but rather have
human participants learn with haptic guidance [3]. To the
best of our knowledge, our study is the first to use passive
haptic and visual playback of skilled execution performance
to speed up the acquisition of visuomotor control skills
in non-trivial dynamical control tasks. It is worthwhile to
emphasize that our approach differs from the well established
approaches that intervene during task execution such as
haptic guidance [3], [4] and shared control [8], [9], since we
deliver expert control experience as a synchronized visual
and haptic information before the task learning begins with
no intervention during human learning.

In addition to the scientific motivation, this study aims
to develop practical training methods to allow users to
efficiently acquire control skills for artificial devices, in-
cluding prosthetic limbs, teleoperated robots, and industrial
machinery. As a proof of concept, we use the cart-pole
task in simulation where the users must move the cart
in one axis so as to keep the pole close to vertical. By
comparing the learning curves of participants who receive
passive replay of expert control commands to those who do
not, we assess whether passive visuo-haptic exposure, can
boost subsequent learning of the cart-pole control task. We
hypothesize that passive exposure facilitates skill acquisition
by engaging motor imagery [12], [13] through the haptic
sensation and movement induced by the control interface.
Such engagement can enable forward model learning [14]-
[16]. Fig. 1 illustrates the usual skill acquisition (Active
Learning) on the left (a) together with proposed Passive
Learning mechanism on the right (b).
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Fig. 1: How passive visuo-haptic replay may facilitate visuo-motor skill acquisition is illustrated. During Active visuo-motor
learning, the central nervous system (CNS) uses several mechanisms to learn to generate motor commands to succeed in the
target task [10], [11]. One mechanism relies on a forward model that predicts sensory consequences of motor commands
and updates them to minimize the prediction error between predicted and actual sensory feedback (a). In the Passive visuo-
haptic replay, the hand of the user and the cart-pole are moved externally (blue arrows) rather than by CNS-generated motor
commands. Yet, the haptic feedback and the passive hand movements may induce ‘motor imagery’ (red dashed arrows) and
enable forward model learning thereby accelerating skill acquisition in the subsequent active learning trials (b).

In the rest of the paper, we first give the details of the
learning task, control interface and the general experiment
design in Methods. Then, in Experiments and Results we
detail the experimental procedure and present the results
obtained. Finally, in Conclusion we point out the limitations
and future directions.

METHODS
Apparatus and Task

In the experiments, participants interacted with a simulated
cart-pole environment rendered in real time on a computer
display (see Fig. 2). The task required maintaining the pole
within 45 degrees offset from the vertical while preventing
the cart from leaving the bounded horizontal area. If either
the pole is passed 45 degrees or the cart pole leaves the
play area the trail is ended. The control input was provided
via a commercially available haptic interface (Touch from
3D Systems). In the teleoperation experiments, the velocity
of the haptic pointer held by the participants was used to
generate force commands on the cart-pole system.

During visuo-haptic replay the device replays pre-recorded
force trajectories corresponding to successful task execu-
tions whereas during teleoperation, the hand velocity of the
participants are scaled to control actions in the range of
[—1, 1], which are then converted into forces applied to the
simulated cart (see the Experimental Design subsection).
The simulation provides real-time visual feedback on the
computer screen in both visuo-haptic replay and active
control conditions. To compute the force applied to the cart,
we extract the velocity in the table plane, i.e., x and y axes
communicated by the haptic device at 100 Hz. We include
the y component as users often use wrist articulation yielding
radial motion in the table plane leading to displacement in
y axis in addition to the main axis of x. The main axis
movement is also used to determine the sign of the control

Fig. 2: The experimental interface is shown. The setup allows
delivering passive replay of prerecorded control trajectories
through the haptic device held by the users. Alternatively the
users can control the cart-pole in real-time.

command. Finally, the z component, measuring the motion
perpendicular to the interaction plane is not used in control
command computation. Thus we have:

Vhand (t) = sign(ve (1)) (V2 (t) + v3(t)"° 0

where t indicates the time step. vp,qnq(t) is then mapped to an
action signal, a(t) that is used by the cart-pole simulator for
controlling the cart-pole. We use the following empirically
tuned equation to make the mapping.

a(t) = Copyna(t) 2)

where C is a tuned constant which is kept fixed through
out the experiments for aligning the velocity range of the
haptic device with the action range allowed by the simulation
(C =~ 7.78 x 1075). The exponentiation in Equation 2
introduces a desirable nonlinear sensitivity that facilitates
an intuitive mapping: finer control at low velocities and
amplified responses for higher velocities.
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To suppress the effects of high-frequency noise in the
control signal, a moving average filter is applied with a
window size of N (N = 3 in the experiments reported).
In addition, to assist users in keeping the cart in the game
area we inject a small damping term, compensating for
overshoots. With these, the net action driving the cart-pole
simulation is giving as follows:

1 N
et (1) = > a(t — i) = 0.050car () (3)
=0

Overall, the combination of hand velocity mapping (Equa-
tion 2), action filtering and cart-velocity based dampening
(Equation 3) helps ensure responsive but stable control
during teleoperation.

Cart-Pole Simulation and Dynamics

The cart-pole environment is based on the classical control
problem originally described by Barto, Sutton, and Ander-
son, and implemented following reference implementation
given by Sutton and Barto [17]. This system consists of a cart
of mass M and a pole of mass m and length 2/, hinged to the
cart. The objective is to balance the pole upright by applying
horizontal forces to the cart. The dynamics are governed by:

F+ msinf <Zé2 —|—gcost9>
M + m(1 — cos? )
i —Fcos 0 — mlb? cosOsinf — (M + m)gsin 0
B I(M 4+ m(1 - cos?0))

where M and m are taken as 1.0kg and 0.07kg respectively,
and the half-pole length [ is set to 1.0m. To increase the
novelty of the dynamics, g, the gravitational acceleration is
set to half-earth level. Finally, F' is the force applied to the
cart which is computed by F' = 50 x a with a being the
simulator action input in the range of [—1,1].

The simulation was implemented in Python based on a
continuous-action version of the cart-pole task included in
the Gymnasium toolkit [18], which was originally published
by Matt Alan Wright [19], and modified by us to work with
the current Gymnasium libraries.

Experimental Design

The experiment involved passive and active experience
sessions as described in the following:
Passive Visuo-Haptic Experience Session: Participants pas-
sively hold a haptic joystick while it replayed pre-recorded
force trajectories corresponding to successful task execu-
tions. Each participant goes through 30 trials, each lasting 15
seconds. All trials begin with the cart centered at zero linear
and angular velocities, and the pole angle, 6 is initialized
to one of the angles from A = {—3°,—2° —1° 1° 2° 3°}
depending on the shuffled order they receive for experiencing
expert control playback.
Active Control Session: Participants actively control the cart-
pole system without haptic feedback. Hand velocity, mea-
sured via the Touch device, is mapped to control actions in
the range [-1, 1], which are then mapped into forces applied

to the cart. Each participant is asked to complete 60 trials
each of which may last up to a maximum of 20 seconds. As
in the visuo-haptic experience sessions, the trials begin with
the cart centered, and the pole angle initialized with 6 € A,
while ensuring each initial condition is presented exactly ten
times per participant.

Farticipant Groups

Participants were randomly assigned to one of two exper-
imental groups. Group 1 participants went through two con-
secutive active control sessions without prior passive visuo-
haptic exposure (Active + Active group), whereas Group 2
participants were given a passive visuo-haptic experience
session prior to active control sessions (Passive + Active +
Active group). The participants were allowed to rest between
sessions for about one minute.

With this design, we can make the following comparisons.
(i) By focusing on the first two session of each group, we can
perform Active + Active vs. Passive + Active comparison as
one the the main results of this study. In addition, (ii) we can
consider having passive exposure or not as an independent
variable and check its effects on the upcoming active learning
sessions. This can generate useful information as to whether
a cognitively less demanding passive session can boost active
learning of the participants.

II. EXPERIMENT AND RESULTS

At the start of the experiment, all participants were given
approximately one minute to familiarize themselves with
the haptic joystick and the visual rendering of the cart-
pole system. Participants were instructed to maximize the
duration the pole remained within the allowed range and the
cart stayed within the game area. Each experimental group
consisted of five participants, for a total of ten participants
in the study (9 men, 1 woman with mean age, 25.7 & 3.5).
These participants were recruited from university students
and research staff who were not informed of the experi-
mental details beforehand. To analyze the effect of visuo-
haptic playback on task performance, all the haptic device
movements of the participants and the task performances
were recorded.

State Space Trajectories. The visual inspection of the state
space trajectories of the participants confirm that, even after
learning, their control performance did not reach the level of
the expert demonstration. In Fig. 3, we show representative
trajectories in the 3D state space of the cart-pole system,
defined by pole angle, angular velocity, and cart position. The
green and cyan curves correspond to typical trials from the
expert demonstration data. Expert trajectories stay clustered
near the origin, particularly along the cart position (Z-axis),
indicating well stabilization of the pole with minimal cart
displacement signature of a good control. In contrast, typical
participants trajectories at the end of Active + Active (blue),
Passive + Active (orange), and Passive + Active + Active
(red) training exhibit broader excursions across the state
space indicating less efficient control and more frequent
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deviations from the upright equilibrium. Especially high
deviation in the Cart position (Z) axis shows that the subjects
had difficulty keeping the cart in the center region and
thus failed. The expert trajectories span 15 seconds whereas
Active + Active and Passive + Active condition trajectories
last 5.10 and 5.75 seconds respectively. The sample trajectory
from the Passive + Active + Active condition shows 8.89
second survival performance, a marked increase compared
to the other conditions. These times correspond to the path
lengths shown in the state space plot (Fig. 3). The trajectories
for the passive visuo-haptic exposure conditions (red and
orange curves) exhibit more cyclic patterns resembling the
expert trajectories, corroborating the longer survival times
and indicating better control compared to the Active + Active
condition.
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Fig. 3: Example trajectories in the 3D state space of the cart-
pole system, plotted as a function of pole angle (deg), angular
velocity, and cart position. Two typical expert trajectories
are shown in green and cyan, alongside example trajectories
from participant from the Passive + Active + Active group
(orange and red curves) and Active + Active group (blue
curve). The expert trajectories are tightly clustered near the
origin, reflecting stable control around the upright equilib-
rium. In contrast, trajectories from the experimental groups
show broader excursions, indicating greater variability and
less consistent stabilization of the system.

Average survival times. To evaluate the impact of haptic
playback on task performance, we compared average survival
times across different sessions (see Fig. 4). Participants in
the Passive + Active group outperformed those in the Active
+ Active group with small margin (Fig. 4c), despite having
engaged in only one active control session. However, statis-
tical significance cannot be determined due to small number
of participants. This finding suggests that prior exposure to
successful force trajectories through passive haptic playback
may facilitate more efficient learning than repeated active
control alone. Notably, both groups experienced the cart-
pole environment in two sessions, controlling for total visual
exposure. Thus, the performance gain observed in the Passive

+ Active group can be more confidently attributed to the
effect of synchronized visuo-haptic playback.
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Fig. 4: As learning performance mean survival times are
shown for different comparisons. (a) The effect of passive
exposure to visuo-haptic playback. (b) The continued effect
of the passive exposure in the next learning session. (c)
The potential of substituting an active learning session with
passive visuo-haptic exposure. (4) All experiment conditions
together. Error lines show standard error of the mean (SEM).

In the comparisons of Active vs. Passive + Active and Ac-
tive + Active vs. Passive + Active + Active, the performance-
enhancing effect of having a passive exposure before going
through active learning can be seen in Fig. 4a-b. It is
interesting to note that the increment in the second active
learning session is more pronounced (see also Fig. 5).

It is worth noting that participants in Passive + Active +
Active group experienced the simulated environment across
three sessions, whereas the Active + Active group went
through only two. While the initial session of the former
group did not involve active control, the additional observa-
tional exposure to the task could have supported performance
by increasing familiarity or aiding in the development of
mental models. We discuss this issue in the Discussion
section and argue that this might not be a major contributor
to the higher performance observed.

Improvement across sessions. To assess the second-order
effect of learning rate change, we compared the difference
in task performance between two active sessions across
participant groups. Fig 5 shows that the group receiving
initial passive exposure demonstrated a substantially greater
improvement in mean survival time compared to the group
that completed two consecutive active sessions. This extends
earlier findings of enhanced performance in the Passive +
Active group, and now reveals that initial exposure also

1474



facilitates a steeper learning trajectory. While, current result
show that passive synchronized visuo-haptic observation
can enhance subsequent active learning, the weights of the
individual contributions from the components of haptics,
vision and their contingency cannot be determined in this
comparison.

0.7
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Change in the mean survival time between active session 1 and 2

0 I
Act+Act Passive + Act + Act

Fig. 5: The effect of passive experience on the learning rate
of active learning is illustrated. Having a passive experience
prior to engaging in active learning not only improves the
learning level (see Fig.4) but also increases the learning rate.
Bars represent mean survival time change between the groups
of Active + Active and group Passive + Active + Active. The
error lines indicate standard error of the mean (SEM).

Post-experiment questionnaire. We also administered a post-
experiment questionnaire (see Table I) that probed the par-
ticipants’ perception of the task to see whether there is
any perceived difference between the experimental groups.
The answers to questionnaire mostly showed similar patterns

TABLE I: Post-Experiment Questionnaire administered (
compacted for the sake of space). Participants were given
A4 paper and asked to mark one of the circles indicating the
rating between strongly disagree (1) and strongly agree (7).

Statement 1-7
QL. I felt that I was in control of the cart-pole system during the 0000000
active control stage.

Q2. The movements of the cart-pole system felt like they were a
direct result of my own actions.

Q3. The cart-pole system felt as if it had its own intentions or
was alive.

Q4. The movements of the cart-pole system seemed autonomous
or self-driven at times.

Q5. 1 felt that the cart-pole system responded reliably to my
actions.

0000000
0000000
0000000
0000000

Q6. It felt possible to influence the outcome of each trial through
my own movements.

Q7. Over the course of the trials, I felt that my ability to control
the cart-pole system improved.

Q8. I could notice specific strategies or adjustments I made to
improve my performance.

QO. I believe that, given more time or practice, I could success-
fully perform the task for longer durations.

Q10. I would be interested in participating in a follow-up exper-
iment of this kind in the future.

0000000

0000000

0000000

0000000

0000000

among the groups (see Fig 6). One exception is Q3, where we
asked “The cart-pole system felt as if it had its own intentions

or was alive.”. Intriguingly, the group who have experienced
the cart-pole moving itself and feeling it through haptic
feedback, i.e., Passive + Active + Active group, responded
with a (almost) significantly lower rating (p-value t-test <
0.073). This suggests that passive experience enhanced the
perception of the system as mechanical one with predictable
responses. Corroborating with this, the first two questions
probing agency and controllability show a higher average
score for the Passive + Active + Active group. Finally, the
slightly higher score of the same group (p-value t-test <
0.21) in Q10 that asks whether the participant would like
to join a follow-up experiment may suggest that the passive
visuo-motor experience delivery increases user engagement
and motivation for learning.

Mean question scores
: T T T

Mean score
N w S [$,] (o] ~ [e-]

-

o

Q1 Q2 Q@ Q4 Q@5 Q@ Q7 Q@ Q@ o 0o

Questions

[ Group1: without visuo-haptic replay
[ Group2: with visuo-haptic replay

Fig. 6: The average response of participants to the post-
experiment questionnaire (see Table I is shown). The error
lines indicate standard error of the mean (SEM).

Overall results. These findings provide preliminary support
for the use of synchronous visuo-haptic playback as a
learning aid for learning the control of complex dynamic
tasks, particularly in contexts where reducing human effort
or training time is critical. This approach could be especially
valuable in domains where control policies are difficult
to verbalize or demonstrate visually, such as in surgical
robotics, assistive devices, or high-DOF manipulators.

III. DISCUSSION

The comparison between the Passive + Active and Ac-
tive + Active conditions revealed a small but consistent
performance advantage for participants who received passive
visuo-haptic playback prior to active control (Fig. 4). While
the difference was modest, it suggests that exposure to suc-
cessful force trajectories may support more efficient initial
learning in teleoperation tasks. Given the limited number
of participants (five per group), further studies with larger
sample sizes are needed to better characterize the robustness
of this effect.

A more pronounced improvement was observed in the Pas-
sive + Active + Active condition, which achieved the high-
est average performance overall. Furthermore, the between-
session improvement was also strikingly higher for the
participants who received initial exposure to passive feedback
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(Fig. 5). These improvements may indicate that combining
passive visuo-haptic experience with active practice enhances
learning beyond what repeated active control alone can
offer. While the additional passive session introduces the
possibility of increased visual task familiarity, we argue
that the nature of the task limits the likelihood that visual
exposure alone accounts for the observed gains. Research
on the mirror neuron system suggests that action observation
can facilitate motor learning, particularly for tasks within the
natural human action repertoire—such as reaching, grasping,
or tool use [20], [21]. However, the cart-pole balancing task
involves abstract, non-anthropomorphic dynamics that are
far removed from everyday motor behavior. As such, it is
unlikely to engage the mirror system to a meaningful extent
[22], reducing the plausibility that visual input alone drove
the performance improvements.

To further disentangle the contributions of visual and
haptic modalities during passive exposure, future studies
could include a control group receiving visual-only passive
exposure without haptic feedback. Furthermore, incorpo-
rating eye-tracking measurements during passive exposure
could provide insights into how participants allocate their
visual attention, revealing which features they focus on while
observing the task and the extent to which they maintain
attention on the task. This would help clarify the extent
to which passive haptic playback contributes uniquely to
performance improvements. Future studies incorporating a
visual-only passive exposure condition would help clarify
the specific contribution of haptic feedback in facilitating
performance improvements, and better establish the role of
passive experience in learning to control novel complex
dynamical systems.

IV. CONCLUSIONS

This study suggests that passive visuo-haptic exposure to
expert demonstrations has the potential to enhance the acqui-
sition of dynamic control skills in teleoperation tasks. Par-
ticipants who experienced this form of offline replay before
active control exhibited both higher initial performance and a
steeper learning trajectory compared to those trained through
active control alone. These benefits were elicited even though
active sessions involved no haptic guidance, highlighting the
effect of prior passive exposure to subsequent visuomotor
learning- and suggesting potential implications for tasks in
which active control for training is less desirable due to
the risk of higher costs, or safety concerns (e.g., damage
of teleoperated robots).

Beyond potential applications in training for assistive
robotics or prosthetics, these findings encourage further
exploration of passive experience as a low-effort, scalable
strategy for skill acquisition. Future work should examine
the relative contributions of visual and haptic modalities and
assess generalizability to more complex and real-world tasks.
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