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Feedback for Shared Contact Tasks

Deniz Yilmaz!, Shinya ChiyoharaQ, Jun-ichiro Furukawa?3, Erhan Oztop1’4,
Hiroshi Imamizu®®, Jun Morimoto®®, and Barkan Ugurlul’2

Abstract—In this work, we propose a human-robot physical
interaction scheme designed to facilitate contact-rich manip-
ulation tasks. In the proposed framework, neither the robot
nor the human agent can complete the task independently,
but a shared cost function aligns their efforts and drives them
toward success. The robot agent, governed by a reinforcement
learning algorithm, can exert forces and modulate its Cartesian
impedance while continuously receiving evaluative feedback
in the standard RL training paradigm. Simultaneously, the
human agent applies forces via a standard PS4 joystick and
receives both vibrotactile and visual feedback reflecting task
performance. During training, the learning algorithm receives
the superposition of its own and the human’s actions, allowing it
to implicitly benefit from the human’s rapidly adapting strategy.
We hypothesize that human agents can adapt more rapidly
than RL and, when provided with feedback grounded in real
measurements, can make more quantifiable decisions. During
this rapid human adaptation phase, the robot concurrently ac-
quires skills from the human, thereby accelerating training and
improving overall efficiency. The proposed interaction scheme
was evaluated in a realistic simulation environment involving
10 participants. Preliminary results indicate that participants
receiving vibrotactile feedback adapted more quickly, enabling
the robot to acquire the desired skill in only a few episodes
for simple tasks. For more challenging tasks, human-trained
RL agents required additional autonomous training, yet still
achieved convergence far faster than PPO-only training. This
co-adaptive framework combines the complementary strengths
of humans and robots, providing a versatile foundation for
contact-rich manipulation that may be extended to diverse tasks
and robotic platforms.

I. INTRODUCTION

Contact-rich manipulation tasks, such as polishing or sand-
ing, require precise regulation of interaction forces to ensure
accuracy, safety, and repeatability [1]. In robotics, these
tasks are challenging because the robot must maintain stable
contact forces even when surface properties or environmental
conditions change. Fully autonomous systems often struggle
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Fig. 1. Proposed framework for human—RL collaborative force regulation,
with color-coded blocks for baseline impedance control (green), PPO-based
RL agent (orange), and human input via joystick (purple). The unit delay is
denoted via z~! to indicate previous actions. Depending on the task, some
of the actions may be fixed.

to adapt to unexpected variations due to limited generaliza-
tion beyond their training data and slower adaptation to novel
conditions [2], while purely human-operated methods can
lead to inconsistent results and even operator fatigue [3].
These limitations have motivated the development of hybrid
strategies that combine the strengths of both humans and
robots.

Human-in-the-loop (HITL) learning addresses these chal-
lenges by enabling humans and robots to collaboratively
acquire skills through ongoing interaction [4]. In such sys-
tems, humans accelerate robot learning by providing demon-
strations or corrective actions, while the robot’s autonomy
increases as its control policy improves. HITL has demon-
strated strong results in various application areas, including
shared control, teleoperation, and assistive robotics [5].

In human-robot collaboration, adaptation is mutual: as the
robot’s control policy improves, the human refines her/his
strategy in response [6]. Reciprocal feedback enables both
agents to adjust actions in real time, supporting co-adaptation
and improving performance [7]. In physical human-robot
interaction (pHRI), this may lead to smoother coopera-
tion and greater efficiency. Yet, existing human-in-the-loop
approaches typically provide only visual feedback to the
human and treat the human agent’s actions as the ground
truth [8]. This one-way adaptation often limits the human’s
ability to refine their strategy in response to the robot’s
changing behavior, potentially slowing down joint learning
and reducing overall task efficiency.

Addressing this gap, the contribution of this paper is a co-
adaptive pHRI framework in which neither the human nor
the robot can initially complete the task alone, yet together
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Fig. 2. System architecture showing sensor data flow, human/RL actions,
objective functions, and real-time feedback. Action-1: force; Action-2:
stiffness. For simplicity, the force control block encompasses joint-level
force control, sensing, and task-space force estimation as a single unit.
Depending on the task, some of the actions may be fixed.

they achieve rapid, stable, and efficient skill acquisition. The
robot learns a force—stiffness policy and receives feedback
as a reward for reinforcement learning, while the human si-
multaneously applies corrective force through a joystick and
receives both visual and vibrotactile feedback based on task
performance. A distinctive element is the integration of real-
time vibrotactile feedback [9], complementing visual cues to
support informed and precise human adjustments guided by
measured task performance. By superimposing the human
agent’s previous force action with the RL agent’s action,
the robot leverages rapid human adaptation to accelerate its
own learning. For simpler tasks, comparable performance to
fully autonomous training was reached within only 10-15
episodes, while for more challenging tasks, human-trained
agents still required further training but converged about 4x
faster than PPO-only training. This yields an efficient co-
adaptation scheme for contact-rich manipulation.

The remainder of this paper is as follows. The proposed
method is disclosed in section II. The results are presented
and discussed in section III. The paper is concluded in IV.

II. METHODS
A. Problem Statement & General Overview

Contact-rich manipulation tasks require high fidelity force
control, skillful adaptation to the environment, and robot
platforms. Achieving high performance in such tasks de-
mands experts, both to program the robot for the specific
hardware and to fine-tune control strategies for the task
at hand. This limits scalability and makes it challenging
to deploy solutions across diverse human operators and
robotic systems. To address this limitation, we propose
a human-robot co-adaptation framework in which neither
agent can complete the task alone, but both improve through
interaction: the human is guided by real-measurement-based
vibrotactile and visual feedback, while the robot learns in
parallel via reinforcement learning from combined actions.
This enables rapid human adaptation, efficient skill transfer,

and deployment across varied operators and robotic platforms
without expert intervention.

The proposed framework integrates human input and an
RL agent within a unified architecture; see Fig. 1. The
human provides force input exclusively along the z axis via
a joystick, whereas the RL agent generates six actions: three
regulating stiffness and three regulating force along the x, v,
and z axes. Depending on the task, some of these actions may
be fixed. The final force command is obtained component-
wise: Fob = Fil + Fii¥ and FZ ;= Fiy + F+ Frumans
showing that the human input contributes only to the z
direction. The Cartesian stiffness is exclusively regulated
by the RL agent, which also considers its previous actions
(2~1) to promote consistent behavior. Real-time visual and
vibrotactile feedback guide the user during training, and a
dominance metric tracks the evolving balance of control
between the human and RL, as detailed in Fig. 2.

B. Baseline Controller: Impedance Control

To achieve trajectory tracking while regulating the inter-
action force, we employed an operational-space impedance
controller as the baseline method [10]. In this approach, the
task-space torque command 745 is computed as below:

J(@)T Fysi (H
A(z) (iref + Kpe, + Kaéy) +n(x, &) (2)

Ttsk —
Ftsk =

where x and ¢ represent task space and joint space variables.
The underscript ref denotes reference values. Trajectory
tracking error is e, and computed as: e; = .y —x. J(g) is
the end-effector Jacobian matrix. The diagonal matrices K,
and K store Cartesian stiffness and damping coefficients.
The z-axis Cartesian stiffness was assigned by the RL agent,
while the remaining axes were set to relatively high values to
ensure accurate trajectory tracking. The damping coefficients
were chosen to achieve critically damped behavior consistent
with the selected stiffness values. A(z) and n(z,) stand
for the inertia matrix and nonlinear terms in operational task
space, respectively. They can be computed as follows:

AMe) = (J@M(g) (@) 3)
A@) (J(@)M (@) Cla.4) = Ja)q) @

In (3)-(4), M (q) is the joint space inertia matrix. C(q, ¢) is
the term that stands for Coriolis and centrifugal terms in the
joint space. The final torque command, 7.,,q is synthesized
as follows:

n(w, )

Temd = Ttsk + Tg + Nanl (5)

where 7, represents the gravity compensation torque values.
The term 7,; stands for null-space torques and [V, is the
dynamically consistent null-space projector:

Ny =1—J(q)"A(x)J(q)M(q)~" (6)

Null-space torques are designed as in the following:

T = —kiM(q)"" diag prek —kad ()

(e

+ k3vq§(q) - k4vq']cnt (Q) - kSVchnv (Q)
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where we minimize task torques and joint velocities, maxi-
mize manipulability, respect joint limits and penalize elbow-
down configuration, thereby ensuring safe, efficient, and
well-coordinated motion during task execution. In (7), 7,"%*
is the maximum torque of the i‘" joint. The gradients V4£(q)
is VqJent(q), and VgJeny(g) correspond to manipulability,

joint limitations, and elbow-up configuration, respectively.

C. Al Agent: Reinforcement Learning Architecture

For autonomous skill acquisition, we chose the Proximal
Policy Optimization (PPO) RL algorithm for its robustness
in continuous action spaces, stability through clipped policy
updates, and competitive sample efficiency compared to other
on-policy methods [11]. The learning setup consists of an
observation space, an action space, and a reward function.

The observation space was chosen as a 33-dimensional
state vector including end-effector pose, 6D twist, estimated
joint torques, contact wrench, and target states from the
reference trajectory, enabling the agent to have information
on both the robot’s state and its interaction with the environ-
ment.

The action space depends on the task: in the simplest
cases it comprises two continuous outputs (a force command
in [0,300] N and a Cartesian stiffness along the z axis in
[50,150] N/m), whereas in the full setting it expands to
six dimensions (three forces and three stiffness components
along the x, y, and z axes). In standard PPO, the environment
transitions as s;+1 ~ P(si11 | s¢,at), where a! is the
RL-generated action. In the proposed method, the applied
action is obtained as the superposition a; = al"™ + gl
and this combined action is fed back to the PPO agent
for policy update. PPO evaluates these updates using an
advantage estimate At, which measures how much better an
action is compared to the policy’s average at a given state.
The human contribution introduces a beneficial bias in this
estimate, shifting transitions toward positive rewards earlier
in training, reducing variance in Ay, enhancing the clarity of
policy gradient updates, and thereby enabling faster, more
stable learning [12].

The reward function, computed at every timestep, consists
of five components: 1 = Zle r;. Brror-based terms use the
Huber loss [13], which balances precision and robustness by
applying quadratic penalties for small deviations and linear
penalties for large ones. For all reward terms, £ denotes the
Huber loss and w the corresponding weight.

The first term penalizes the deviation between the refer-
ence and measured contact forces along the z-axis:

T =wy - 561 (Fzref - Fz) (8)

The second term penalizes the deviation between the
reference and measured tool position along the z-axis:

T = w3 - 562 (Zref - Zmea) 9

The third term penalizes rapid fluctuations in the contact
force to promote smoother interactions and reduce instability:

ry = ws - Ls, (F) (10)

The fourth term penalizes velocity along the z-axis to
ensure smooth motion:

(1)

Finally, the fifth term encourages stable interaction by
rewarding contact forces within a target range, modeled as a
Gaussian:

T4 = Wy - [:54 (Z)

75 = w5 - N (Funea | 1, 0%) (12)

where p is the midpoint and o controls the range of the
desired force interval. The weights from w; to w5 were set
based on the task goals and system behavior, giving more
importance to force tracking and stability, and keeping other
penalties moderate to allow sufficient exploration.

D. Two-Channel Feedback to Human

To support effective human—robot collaboration and facili-
tate user adaptation during training, the system provides two
feedback channels: vibrotactile feedback through joystick
vibration and a real-time visual display.

1) Channel-1: Vibrotactile Feedback: This is delivered
through joystick vibration, with intensity inversely propor-
tional to the force error magnitude. As the error decreases,
the vibration becomes stronger, giving an intuitive sense of
how far they are from the target force. To map the force error
into a continuous vibration signal, a double-layered feedback
function was designed.

The double-layered Gaussian feedback function uses the
force error as input and combines two Gaussian-shaped
curves: a wide component for gradual feedback across the
full range and a narrow component for sharper feedback near
the target. The final feedback signal is the weighted sum of
these curves:

Feedback(e) = a-N(e | p,02)+b-N(e | p,02) (13)

where N(e | p,0?) is the Gaussian function evaluated at
the force error e with mean p = 0. Weights @ = 0.75 and
b = 1.0 control the contribution of the wide and narrow
curves, and standard deviations o,, = 12 and o,, = 6 set
their widths.

2) Channel-2: Visual Feedback: To assess the relative
control contributions of the human and robot agents during
task execution, we compute a dominance score from the
root-mean-square (RMS) magnitudes of their applied force
signals, as defined by:

RMS (Fir)

C =
RMS(FAI) + RMS(Fhuman)

(14)

Here, RMS(F') denotes the root-mean-square magnitude of
the force signal, and C' represents the dominance score.
The score ranges from O (full human control) to 1 (full
robot control) and provides a continuous measure of which
agent contributes more to the total force applied to the
environment. Monitoring this score across episodes reveals
the gradual shift of control to the robot during learning.
The visual feedback included a real-time simulation of
the robot and its environment, allowing users to observe
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task execution and assess system response. In the simulation,
the contact point with the surface is indicated by a red
sphere. Human action input and the real-time confidence
score were displayed separately to indicate the current shared
control state. This simulation environment is implemented
using RaiSim [14], a cross-platform multi-body physics
engine providing accurate contact dynamics and real-time
visualization.

This framework enables the human to adapt quickly by
relying on intuitive, real-time feedback on task performance.
Meanwhile, the robot continuously observes human behavior
and updates its policy via RL. As training progresses, the
robot increasingly contributes to task execution and eventu-
ally becomes capable of performing the task autonomously.
This transition is captured by the dominance score, which
gradually increases and approaches one as the robot has
full control, under the assumption that human inputs remain
within reasonable bounds and are generally aligned with the
task goals.

E. Simulation Experiment Protocol

We conducted a simulation-based human—robot interaction
experiment with 10 volunteer participants (6 male, 4 female),
aged 23-36. The experimental protocol was approved by
the institutional ethics committee of Ozyegin University, and
all participants provided written informed consent prior to
participation.

Before the experiment, participants received a training
session where the task objectives, the joystick-based control
interface, and the system’s behavior were explained. Par-
ticipants were also shown demonstrations of the feedback
mechanisms. A short pre-experiment questionnaire was then
administered to assess prior experience, including previous
use of joysticks or interaction with robots.

Participants performed two tasks in the 2-action setting,
both aimed at helping the robot reach a predefined contact
force with human assistance. They were able to apply vertical
force (Fhyman) Via the right analog stick (0-100 N range). The
experiment took place entirely in a simulated environment,
allowing participants to observe the robot and its interaction
with the environment in real time.

In Task-1, the robot remained fixed with a constant refer-
ence force. In Task-2, the robot followed a varying trajectory
along the y-axis, and participants assisted by applying force
along the z-axis to maintain the target contact force. Task-
1 was limited to a maximum of 10 episodes,Task-2 to 15
episodes and tas, where each episode refers to a single trial
of the task. These limits were based on preliminary tests
showing they were sufficient for the robot to learn the task
with human guidance. Although each task had a predefined
episode limit, participants were allowed to end early if they
believed the robot could perform the task autonomously.

After completing Task-2, participants filled out a second
questionnaire evaluating task difficulty, sense of control,
and quality of interaction with the robot. They were also
invited to provide open-ended feedback on the task structure,
feedback modalities, and potential improvements.
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Fig. 3. Reward progression for Task-1, comparing the proposed method

with autonomous PPO learning.

In addition to these two tasks, we introduced a more
challenging scenario. Task-3 required the robot to follow a
circular trajectory in a six-dimensional action space, which
included Cartesian stiffness along the x and y axes as well as
additional force components. This task was conducted with
the best and worst performing participants from the earlier
experiments, following the same procedure.

III. RESULTS AND DISCUSSION

To evaluate the framework, we defined a success criterion
for models learned via human guidance: a participant was
considered successful if the mean absolute error between
measured and reference contact force stayed within +12%
of the reference throughout a test episode. This threshold
reflects realistic tolerances in physical human—robot interac-
tion, accounting for human variability and acceptable robotic
control deviation. Success rates quantified human teaching
performance across both tasks.

For proof of concept, Task-1 involves static force regula-
tion, while Task-2 adds end-effector motion along the y-axis,
introducing greater interaction dynamics. Task-3 represents
a substantially more challenging scenario, requiring force
regulation along a circular trajectory in an expanded six-
dimensional action space. The pre-defined human episode
limit was determined empirically based on pre-test results,
considering the dimensionality of the action space and the
inherent properties of the task. This progression of tasks
enables analysis of how human guidance and shared control
perform under increasingly demanding conditions.

A. Task 1: Learning a Static Contact Force

Fig. 3 compares learning curves of the proposed method
and autonomous PPO training under two-channel feedback
for Task-1. In our case, participants had a maximum of
10 episodes, which is sufficient to guide the robot to the
target behavior, whereas PPO-only training, with the chosen
hyperparameters, required nearly 600 episodes for similar
performance. The lower reward in the proposed method
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Fig. 5. Force error over time during a representative task execution in

Task-1, comparing PPO-only (black dashed line) and the proposed method.

stems from stability-related penalties in the reward function
rather than inferior performance, as human inputs avoid these
penalties while the PPO agent initially incurs them before
stabilizing. Hence, it gradually accumulates reward over
more episodes through the Gaussian force-tracking term; see
eq. (12). These results show how human guidance accelerates
training compared to autonomous learning.

Fig. 4 shows the change in dominance scores, where 1
denotes full robot control and 0 full human control. Across
participants, the score generally increased over episodes,
reflecting a gradual shift of control to the robot as the
policy improved. Early episodes exhibited greater variation
due to differences in teaching strategies and applied force.
As training progressed, scores converged at higher values,
indicating reduced human input. This trend matches the
episode-reward results, confirming that guidance decreased
as the autonomous policy converged.

Fig. 5 compares the test performance of PPO-only and
the proposed method for Task-1. While both approaches
achieved low mean force error, the proposed method reached
slightly better performance with far fewer training episodes.
In PPO-only training, the stiffness and force actions were
62.04 N/m and —182.98 N, respectively. With the pro-
posed method, the average values across 10 datasets were
103.10 + 1.61 N/m and —262.67 £+ 2.18 N. While the
proposed method converged rapidly to high performance,
its stiffness modulation remained suboptimal, resulting in a
relatively stiffer behavior that required greater force input.
Nevertheless, variation across participants was modest, as
shown by the shaded areas, indicating most participants could
guide the robot to stable control.

B. Task 2: Learning a Contact Force Along a Varying
Trajectory

In this task, participants helped the robot maintain target
contact force while the end-effector followed a varying y-
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Fig. 7. Progression of dominance score over training episodes in Task-2,
illustrating changes in control contribution between human and robot.

axis trajectory. Unlike Task-1, it added dynamic complexity,
requiring continuous input adaptation. Using the success
criterion defined earlier, only six participants met the require-
ment; their results are analyzed below.

Fig. 6 shows episode-reward curves for Task-2. Learning
was slower than in Task-1 due to the added complexity
of maintaining target force during end-effector motion, yet
participants still guided the robot to good performance much
faster than PPO-only training. Similar to Task-1, dominance
scores increased over episodes, with a slower rise at first
due to the added challenge, as shown in Fig. 7. Variation
between participants was higher early on, reflecting differing
adaptation speeds. By the end of training, most reached high
scores, indicating the robot had largely taken over control.

Fig. 8 compares the test performance of PPO-only and
the proposed method for Task-2. This figure shows that the
applied force in both approaches closely followed the target.
PPO-only achieved lower average error, reflecting longer
training, whereas the proposed method reached comparable
levels within only 15 episodes. In the proposed method, the
shaded areas indicate moderate variability, suggesting that
most participants were able to guide the robot to stable
performance even with dynamic complexity. In PPO-only
training, stiffness and force actions were 72.04 N/m and
—195.68 N. With the proposed method, averages across 6
datasets were 100.77 4+ 1.01 N/m and —268.10 & 1.30 N.
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The method converged rapidly but produced stiffer behavior
requiring greater force input. Participant variation was mod-
est, indicating most could guide the robot to stable control.

C. Re-training Suboptimal Human-Trained Models

To improve suboptimal human-trained models in Task-2,
we selected the worst performer among the four participants
who failed the success criterion and continued training that
model autonomously for 150 additional episodes. The result-
ing policy not only recovered but achieved lower test force
error than the PPO-only baseline, as shown in Fig. 9. These
results suggest a hybrid strategy in which human guidance
rapidly shapes core behavior, even if the initial performance
is weak. Subsequent autonomous training can then refine the
policy to surpass PPO-only accuracy, requiring far fewer total
episodes—e.g., 165 versus 700 in this case.

D. Task 3: Learning a Contact Force Along a Circular
Trajectory

In this task, the robot followed a circular trajectory in an
expanded six-dimensional action space, including Cartesian
stiffness in the x and y axes and additional tangential force
componentss. Pre-tests confirmed that the richer action set
facilitated faster PPO adaptation, with convergence achieved
in roughly 400 episodes instead of 600-700 in the earlier
tasks. Consequently, human guidance was required for fewer
episodes, and the human episode limit was reduced.

Fig. 10 shows the episode-reward curves for Task-3.
With human guidance, the policy reached a satisfactory
performance level within about 100 fine-tuning episodes,
as indicated by the first vertical line, following the initial
human training of 6 episodes. In contrast, PPO-only train-
ing required nearly 400 episodes to reach a comparable
reward, marked by the second vertical line. Although both
approaches eventually converged to similar cumulative re-
ward, incorporating human input substantially accelerated the

o 12
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n 1 |
g 0.9- -
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Fig. 11. Progression of dominance score over training episodes in Task-3,

illustrating changes in control contribution between human and robot for
best(green line) and worst(blue line) human cases.

learning process. Among the human cases, the best partici-
pant reached convergence earlier than the worst, highlighting
the effect of demonstration quality on adaptation speed.

Fig. 11 shows the dominance score progression for the
best-case and worst-case human participants in Task-3. In
both cases, the score initially decreased before gradually
increasing as control shifted from the human to the robot.
The best-case participant maintained higher dominance val-
ues throughout, reflecting smoother guidance and earlier
convergence, while the worst-case participant exhibited a
slower rise. These results highlight that participant quality
influenced the speed of adaptation, although both eventually
reached comparable levels of robot dominance.

Fig. 12 compares the force-tracking performance of the
fine-tuned proposed method and PPO-only in Task-3. Both
maintained errors within a similar range, though PPO-only
exhibited slightly lower mean error in the steady state.
Nevertheless, despite the six-dimensional action space where
the human agents could only intervene through force input
along the vertical axis, the proposed method enabled much
faster training, reaching satisfactory performance in far fewer
episodes. This highlights that even limited human input was
sufficient to accelerate learning, final tracking accuracy of
the two approaches was comparable.

E. Participant Perception and Adaptation Analysis

Post-experiment questionnaires were analyzed using
grouped Likert-scale data, summarizing participant feed-
back, adaptation, and sense of agency. A total of 70% of
participants agreed that vibrotactile feedback was intuitive,
90% found it helpful for improving performance, and 80%
reported increased engagement when it was used. These
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findings indicate that vibrotactile feedback provided more
understandable guidance during force regulation, enhancing
user involvement and facilitating faster adaptation.

When human adaptation was analyzed, 90% of participants
felt more comfortable with the task over time, and all
learned to use the joystick more effectively. Furthermore,
90% better understood the robot’s reactions and adapted their
behavior based on vibration feedback. These results suggest
that rapid human adaptation not only improved immediate
task performance but also smoothed the transfer of control
to the robot during learning.

Sense of agency (SoA) in shared control is the user’s
perception of controlling the system’s actions and resulting
outcomes [15]. On average, 67% of participants agreed with
SoA- and trust-related statements, indicating a generally pos-
itive perception of control and trust in the robot. Agreement
rates were 90% for satisfaction with its responses, 80% for
collaboration being intuitive, and 70% for feeling their input
contributed to success. Only 20% of participants reported
feeling in control for most of the time. This suggests that,
as the robot’s policy improved, participants progressively
handed over more direct control to the robot. Instead, they
shifted their focus toward a supervisory role, overseeing the
interaction and intervening when necessary. Along with the
shift in dominance toward the robot, this shows that SoA
changed from direct control to a supervisory role, helped by
increased trust and shared task goals.

IV. CONCLUSION

In this work, we proposed a shared-control framework that
enabled rapid human-robot co-adaptation for contact tasks.
Experiments across three scenarios demonstrated that human
guidance, supported by vibrotactile and visual feedback,
allowed the robot to acquire skills within 10-15 episodes
for simple force-regulation tasks, whereas PPO-only train-
ing required several hundred episodes. In more challeng-
ing tasks with an expanded six-dimensional action space,
human involvement accelerated learning but an additional
100 autonomous episodes were still necessary to achieve
better performance. Even then, the learning process remained
about 4x faster than PPO-only training. The gradual shift in
dominance from human to robot reflected a smooth transfer
of control, maintaining human oversight while benefiting
from the robot’s long-term adaptation capacity. Overall, the
findings indicate both the efficiency and scalability of the
proposed framework, and demonstrate its potential as a

strategy for accelerating reinforcement learning based hu-
man-robot co-adaptation.

The current validation was limited to simulation with
single-axis human input, chosen to reduce cognitive com-
plexity and emphasize the dominant control dimension. This
simplification constrains the generality of the approach for
multi-DoF and real-world contact scenarios, which will be
addressed in future work through physical experiments and
extended shared-control implementations.
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