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Human-like Robot Interaction: A Framework for Generating Natural Robot
Dynamics Using Bilateral Control and Transformer Neural Networks

ANONYMOUS AUTHOR(S)

Fig. 1. A schematic representation representing the work described in this paper. A 4-channel teleoperation setup allows the collection
of force data during a displacement task. Data are then fed to a transformer, which learns to replicate human-generated resistive
forces. Finally, a modified Turing test shows that the forces generated by the transformer are indistinguishable for human generated
forces.

In the advancing field of human-robot interaction, the ability of robots to authentically replicate human behavior is essential for their
integration into industrial and everyday settings. This paper introduces a framework to enable robotic mimicry of human dynamics.
We utilize force-based bilateral control to enable bidirectional, robot-mediated human-to-human interactions. Interaction data are
collected and fed to transformer models capable of learning and replicating human dynamic responses. The approach is validated
through a modified Turing test, where participants are unable to distinguish between human-operated and the movements generated
by our framework. These results confirm the model’s ability to mimic human-generated interaction forces convincingly. We discuss
the implications of our results, suggesting significant potential for the application of our framework in scenarios requiring robots
mediated human-to-human interaction to deliver forces in a natural, human-like manner.
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2 Anon.

1 Introduction

The ability of robots to mimic human behaviours is pivotal for advancing both industrial applications and everyday
human-machine interactions. Human-like movements and behaviors in robots can enhance interaction by making the
robots’ actions more predictable and relatable for humans [27], [10].

Current robotic systems have made significant advances in achieving human-like level of performance for numerous
tasks, with imitation learning (IL) being one of the most successful ways to achieve such feat.

Interestingly, the great majority of IL literature focuses on obtaining human-like performances, such as biologically
plausible motion trajectories [21] or controlling forces in a pincher grasp well enough to pick up objects [31]. However,
to this date, no IL-based system or framework focuses on generating robots that not only perform like humans but feel
human-like as well.

Yet, generating seamless human-like robot interactions has been a complex issue often revisited by researchers in the
field of haptics, which strived to achieve human likeness of the haptic feedback on generic impedance devices[3] , [25]
as well as more task-oriented ones, such as handshake devices [33] or even kissing devices [9] In this work we propose
an IL-based framework that allows a robotic arm (Franka) to respond to human-generated forces in a displacement task
in a way that is indistinguishable from a human. The IL in this work focuses specifically on reaction forces, which our
framework can learn directly and decoupled from position information thanks to the use of data acquisition protocol
leveraging a 4-channel bilateral control [13].

This robot’s ability to deliver haptic(force) feedback that feels human-generated has potential repercussions in many
areas, as for example social haptics, where affective robots have been used to soothe and emotionally support users [46].
It can also be useful in human-robot collaboration, where biologically plausible haptic feedback could work alongside
human-like trajectories to facilitate object handover asks [? ]. Most relevant in the case of our work, human-like haptic
feedback could be used in medical training [11] and remote medical treatment [37].

Our work is particularly relevant to the field of robotic telerehabilitation and AI-powered healthcare. In robotic
rehabilitation, robots can assist and even replace physiotherapists delivering treatments to patients [37]. While this
approach has often yielded outstanding results (e.g. [30]), recent works highlighted the limitation of a fully robotic
telerehabilitation system, showing that the presence of a therapist in the treatment can increase motivation and
engagement in patients [32].

Moreover, telerehabilitation protocols using robotic systems have been shown to lack adaptability to the patients’
variable performances [2]. Artificial Intelligence has been often proposed to obviate this issue, and it has been applied to
the identification of a patient’s state and the optimization of treatment plans [8]. Our framework leverages AI (and more
specifically, transformers [44] to develop the very control of the robot and allows the system to resist displacement
attempts in a human-like manner. Such resistive effort is often used by therapists to train the patient’s force and motor
control in training exercises where the patient is asked to extend or curl their limbs while the therapist attempts to
keep them in place (Manual Resistance Techniques, MRTs, [28].

By presenting a framework able to successfully replicate human resistive forces to a displacement task, this work
is the first crucial step toward a new way of developing control for telerehabilitation devices. The contributions of
this work spur forward a vision where the robots’ feedback is able to seamlessly mimic the feedback from a therapist,
therefore mitigating the limitations concerning the adaptability of fully robotics systems and even supporting the
design of AI therapists able to engage patients with seamless human-like interactions. In summary, the contributions of
this work are as below:
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• We present a framework to replicate human reaction forces in a displacement task. This framework is the first
of its kind to leverage both a 4-channel bilateral control to record force feedback decoupled from the position
and a transformer model to generate a control capable of imitating human-generated force feedback.

• We show that this framework can successfully generate an IL-based control providing human-like reaction and
resistive force feedback in a displacement task.

• We discuss the results of our test as highly relevant for the field of robotic telerehabilitation, defending that this
work represents a first step towards a novel way to design telerehabilitation controls.

Section I introduces the work to the reader, its contribution, and the context of impact. Section II discusses the
technological foundation of our model providing an overview of the literature related to its components, namely
bilateral control and imitation learning. It also provides a short review of telerehabilitation systems, providing the
foundation to understand the selection of the task in our experiment. Section III includes the first contribution of this
work, describing our framework, including the bilateral 4-channel controller and the transformer-based IL. Section
IV describes the details of the experimental setup and evaluates reports on the results of our study. It represents the
second contribution of this work. Section V explores the implications of these findings, while Section VI concludes by
highlighting the limitations of our current setup and potential research directions of interest for the HCI community

2 Related Works

2.1 Telerehabilitation systems

Our framework aims at simulating human behavior and force responses in robot-mediated, human-to-human interaction.
This type of interaction is common in the field of human-robot and human-computer interaction, appearing in contexts
such as social haptic (e.g., [7]), Virtual Reality (e.g., [3]) and healthcare (e.g., [23]).

On the latter, robot-mediated human-to-human interaction finds multiple applications. For example, surgical robots
can be teleoperated by medical professionals to carry out complex procedures [42]. Crucially, these systems can also
provide haptic feedback to their users, conveying the feeling of the forces acting on them from the patient’s side [36].
Alongside teleoperation systems, telerobotic rehabilitation has recently gained momentum, due to the recent pandemic
[6]. Telerobotic rehabilitation systems allow therapists to manipulate, train, and even perceive patients’ reactions via
robotic proxy [23].

Many systems include the delivery of force feedback to the therapist, allowing them to adapt treatment dynamically
within sessions based on patient performance (e.g., [4, 17]). Some systems bypass direct feedback to the therapist
and instead leverage adaptive technologies, such as AI [29] or soft, adaptive actuation [38] to vary the difficulty of
tasks in real time. Crucially, these latter implementations, while adaptable, largely exclude the therapist from the
treatment loop. This has the obvious advantage of providing patients with treatment anytime it is needed, without
expending the time and resources of a healthcare professional. On the other hand, the role of the therapist goes beyond
simply granting adaptability. In [10] authors highlight the role of therapists in maintaining patients’ engagement and
motivation throughout the treatment. The work presented in this paper constitutes a first step towards an adaptable
system that, despite removing the therapist from the treatment loop, allows users to experience treatments as if a
human therapist delivered them, therefore maintaining the patients’ motivation and engagement.
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4 Anon.

2.2 Bilateral controllers

In our research, we developed a framework to first record, and then learn, the resistive forces in a specific robot-mediated
displacement task. The exchange and the recording of force data between 2 users during this task is enabled through
bilateral control of the robots the users interact with.

The application of bilateral controllers in teleoperation has been well-documented, leading to multiple control
strategies and applications in various domains [16, 18, 20]. Bilateral controls are particularly effective when the system
needs to convey users with haptic feedback, for example in robotic surgery [35] and remote maintenance in hazardous
environments (including space exploration [43]).

As in the case of this study, bilateral controllers have also been used to enable human-to-human interaction via
robotic proxy. For example, [3] describes a system where two users interact in a virtual environment, each receiving
force feedback based on the other’s input. In [4] multiple examples are included where bilateral controls are used in
telerehabilitation settings, with therapists and users providing each other haptic feedback as a consequence of their
movements.

In this work, we adopt a 4-channel bilateral controller. 4-channel bilateral control systems utilize four distinct
feedback channels: position and force control in both master-to-slave and slave-to-master directions. The master system
transmits position/velocity commands to the slave, which replicates the operator’s movements. Simultaneously, the
slave measures and sends interaction forces (from the environment) back to the master. These forces are reflected to the
operator via the master device, providing haptic feedback [43]. The key advantage is the decoupling of position and
force feedback, allowing independent control and tuning of both, which enhances transparency (fidelity of feedback) and
stability, especially in the presence of time delays or dynamic environments [26], as well as improving the operational
symmetry and interaction fidelity between the operator and the robotic system.

Importantly, in our framework, the decoupling of force feedback from position information serves a further purpose, as
it allows our transformer to directly learn force information from the interaction data recorded during our experimental
task.

2.3 Human-like robot behaviour via imitation learning

The concept of Imitation Learning (IL) in robotics has been extensively explored to enable robots to perform tasks
by mimicking human actions. Seminal works such as [1] laid foundational principles for this domain, highlighting
the potential of learning from the demonstration as a method to teach robots complex behaviours without explicit
programming.

Recent advancements have shown an increasing interest in the integration of force dynamics within imitation
learning frameworks. For instance, [47] demonstrated the significance of force feedback in enhancing the accuracy
and reliability of robotic tasks involving delicate human interactions, such as in medical surgeries or caregiving The
significance of incorporating force data is further emphasized by numerous studies employing diverse techniques to
achieve this objective. In [24] for example, reaction forces from robot-mediated interaction are learned via kinaesthetic
teaching through a haptic device, while in [45] a reinforcement learning algorithm aimed at precisely controlling forces
complements the imitation learning of robot’s trajectories.

In our case, our framework feeds the force data directly collected from the bilateral control system to a transformer
network able to imitate human behaviour in a displacement task. Initially popularized by [44] in the field of natural
language processing, transformer models have been adapted for robotics as in the case of [14], which successfully
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employed these models to predict and replicate complex human-robot interactions. Transformers have also demonstrated
remarkable capabilities in predicting users’ intent from trajectory data [21] and in anticipating human movements and
forces, as shown in [15] where a GPT-2 Transformer \cite{radford2019language} was employed to predict up to 800 ms
into the future.

3 A framework to replicate reaction forces in a robot-mediated displacement task

This section highlights the first contribution of our paper, that is: The creation of a framework leveraging on 4-channel
bilateral control and transformer-based imitation learning to generate forces in human-robot interaction tasks that feel
human-generated. It first describes the components separately and later dives into the application of the framework to
learn the reaction forces exerted by users in a displacement task.

3.1 Framework components

3.1.1 Robots setup and bilateral control. Our setup includes two identical Franka Emika Panda robots (hereafter referred
to as Franka) configured to operate side by side within a shared workspace. Each comes equipped with eight links
and seven joints giving the robot seven degrees of freedom (7-DOF) therefore allowing the dynamics of the robots
to closely mimic the dexterity and range of motion of a human arm. Each of these seven joints comes equipped with
a highly sensitive torque sensor, allowing the robot to accurately measure and respond to external Cartesian forces.
Ethernet cables and an offline router connect the robots to a dedicated control machine, ensuring stable, high-speed
communication above the operational threshold of 1 kHz. The underlying control architecture of the system is built
upon the C++ Franka Libraries. The Robot Operating System (ROS) [39] is used to facilitate the synchronization and
data exchange between robots and two ROS nodes are used to call the control functions and exchange Cartesian
Force Measurements. A moving average of five datapoints is used to reduce the noise affecting the external Cartesian
forces applied to the robots. The underlying torque control algorithm is based on a simplified version of a 4-channel
bilateral controller, with only the force sent bilaterally. The rest of the control structure is based on a purely damped
PD controller. This structure enables a smooth bilateral exchange of force allowing for a torque-based control:

𝜏𝑘,1 = Kp

(
𝜃(k-1),1 − 𝜃𝑘,1

)
− Kd . ¤𝜃𝑘,1 + J1 (𝜃 )𝑇 F2 + g (1)

𝜏𝑘,2 = Kp

(
𝜃(k-1),2 − 𝜃𝑘,2

)
− Kd . ¤𝜃𝑘,2 + J2 (𝜃 )𝑇 F1 + g (2)

• 𝜏𝑘,𝑖 : is the joint control torque applied on each robot at time step 𝑘 on the robot 𝑖
• 𝜃𝑘,𝑖 and 𝜃(k-1),𝑖 are the current and previous joint positions of robot 𝑖 , respectively
• Kp and Kd are the proportional and derivative gains, respectively
• J𝑖 (𝜃 ) is the end-effector Jacobian matrix for robot 𝑖
• F1 and F2 are the Cartesian force vector component applied at the end-effector of the first and second robot

respectively
• g corresponds to the gravity compensation torques at the joint level

This control structure can then be used to specifically gather force data arising from an exchange between two
humans during a displacement task.

3.1.2 Transformer architecture: In our work, the collected force data is used to train a Transformer model. Transformers
[44] are deep learning models that have achieved significant success in handling sequential data such as time series.
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Table 1. Proportional and Derivative Gains

Joint 𝐾𝑝 𝐾𝑑
1 80.0 8.0
2 60.0 6.0
3 80.0 8.0
4 100.0 8.0
5 100.0 8.0
6 100.0 8.0
7 50.0 6.0

Fig. 2. Block diagram of the implemented bilateral PD + bilateral force controller

Fig. 3. Transformer architecture. The multivariate input series is split into multiple univariate series, which are then fed into the
Transformer backbone. Within the Transformer, these univariate series are divided into batches and normalized before entering the
encoder, where multi-headed attention scores are computed.

Their popularity is partly due to the introduction of self-attention that captures dependencies between the elements in
the sequence. This mechanism mitigates the vanishing gradient issue that affects traditional sequence models such as
Recurrent Neural Networks (RNNs) [5].

The specific transformer used in our system is adapted from [34]. A model designed for time-series analysis that has
consistently outperformed most state-of-the-art (SoTA) Transformers. This architecture, shown in figure 3, introduced
two mechanisms into Transformers: 1) Patching, and 2) Channel-independence. This improves the network performance
in numerical sequence analysis. Patching consists of aggregating multiple time steps into sub-series patches to capture
local semantic information that might be lost if elements were analyzed independently. Channel-independence manages
multivariate time series as multichannel signals, with each input token containing information from a single channel,
while the embeddings and weights are shared across all channels.
Manuscript submitted to ACM
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Fig. 4. Point cloud representing the totality of the input data fed to the Transformer. Each point represents a force recorded in time
across the x, y, and z axes

4 Applying the framework on a displacement task

We tested the framework described above by applying it to a robot-mediated human-to-human displacement task.
This task involved 2 users, each interacting with a Franka robot: one responder, tasked with maintaining the initial
position of their robot’s end-effector, and one disturber, whose task was to perturb the responder’s position. Our bilateral
control allowed users to teleoperate with each other’s robot, effectively providing them with haptic feedback. Thus, the
responder could feel the disturber’s pushes and pulls and react to them by counteracting the perceived forces to keep
their end-effector in place. The disturber, on the other hand, attempted to move their robot to displace their partner
through teleoperation and felt the reaction forces exerted by the responder. \textcolor{red} , noteworthy, in the context
of telerehabilitation, the role of the disturber is akin to that of the patient, which attempts to move their limb while
being restrained by the therapist (in the context of this task referred as responder) in an MRT task. However, the use of
the terms patients and physiotherapist would be imprecise in this instance, as healthy, untrained subjects took part in
the data collection and in the following study (see Limitations and future research directions below)

4.1 Data collection

The first step in our framework consisted of collecting task-related data to feed the transformer. As such, 2 male users
(ages 39 and 23) performed the displacement task in a single session of the duration of 11 minutes. Data were collected
at 1 kHz and included the forces exerted in the Cartesian space as shown in figure 4 and a rotation vector (roll, pitch,
and yaw) at the end-effectors’ level for both robots.

Notably, the collection of continuous interaction data for a sustained period of time allowed the transformer to
exploit its self-attention mechanism to capture long-range dependencies, consequentially improving the accuracy of its
prediction [44].

Manuscript submitted to ACM



365

366

367

368

369

370

371

372

373

374

375

376

377

378

379

380

381

382

383

384

385

386

387

388

389

390

391

392

393

394

395

396

397

398

399

400

401

402

403

404

405

406

407

408

409

410

411

412

413

414

415

416

8 Anon.

4.2 Transformer training

Data collected were first downsampled by averaging every 10 data points. The resulting dataset was then split into
training (70%), validation (20%), and test data (10%). The transformer aimed at learning the responder’s strategies,
enabling the system to produce reaction forces in a human-like manner when disturbed. The model consists of a single

Table 2. Training parameters

Transformer parameters Chosen values
Number of Encoder layers 1

Attention Heads 4
Model dimension 256
Dropout rate 0.05
Kernel size 6

Training epochs 200

encoder layer with four attention heads, a complete list of training parameters is provided in Table 2. Training took
place across 200 epochs and the network took 30 minutes on average to train. Prediction time was on average 0.9 ms.
Both training and testing were performed on a Nvidia Geforce RTX 4090 machine. Predicted force errors across the 3
axes averaged 1.81N, with the biggest prediction errors found on the y-axis (2.16N), followed by the x-axis (1.78N) and
then by the z-axis, where we observed the least error (1.50N). Errors in rotation averaged (0.29N).

Figure 5 shows a comparison between test and predicted data on the x-axis within a 40-second interval.

5 Testing the human-likeness of the control algorithm

In this section we report the second contribution of our work and demonstrate that our framework can generate resistive
forces that feel human-generated, seamlessly mimicking the feedback delivered by the responder in the displacement
task

5.1 Conditions:

Our framework provides a way to generate human-like robot behaviour in robot-mediated human-to-human interactions.
To test the extent to which the force feedback generated by our framework was considered human-like, we ran a
modified Turing test where participants played the part of the "disturber" in the displacement task as shown in Figure 1.
The role of the "responder" was taken on by either:

(1) The experimenter (Human-Based control). The robot was operated by an examiner, in a classic robot-mediated
human-to-human interaction setup using the developed bilateral force controller (1), (2).

(2) The Transformer-Based Control. The robot reaction forces were generated autonomously using the transformer
model. In this case, the torques are computed as

𝜏𝑘 = Kp

(
𝜃(k-1) − 𝜃𝑘

)
− Kd ¤𝜃𝑘 + J1 (𝜃 )𝑇 F𝑇 + g, (3)

where F𝑇 is the Cartesian force vector outputted by the Transformer.
(3) A proportional-derivative (PD) Control. The reaction forces to the disturber’s attempt at displacement followed

the formula below:
𝜏𝑘 = Kp (𝜃𝑑 − 𝜃𝑘 ) − Kd ¤𝜃𝑘 + g, (4)
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Fig. 5. A direct comparison of human-generated and transformer-predicted forces. For simplicity and to avoid redundancy, the picture
reports the forces in the x axes as an example.

where 𝜃𝑑 = 𝜃(0) is the desired reference position, equal to the initial robot joint position in our case.

Due to the nature of the chosen task, the third controller was selected to act as a mass-spring damper under
pure damping. Its architecture allows it to implicitly generate a pseudo-force profile that increases smoothly and
proportionally to the positional error. To maintain a standardized baseline and ensure that controller behavior was not
all gains were maintained to be same for all controllers. The addition of this third controller to the test served as a lower
anchor. The comparison between Human-based and PD controllers ensured that participants could indeed discriminate
between a human and a robotic responder. Each participant taking part in the experiment interacted with all three
controllers according to the procedure described below. Participants were not informed of the number of controllers in
the test.

5.2 Methods

Participants were invited to take part to the experiment on a volunteer basis and compensation was offered for their
participation. 15 participants (13 males) were recruited among staff and students of the Computer Science department
at -anonymous-. Of these, one participant had direct experience with working with Franka robots. Each participant
was welcomed by the experimenter, introduced to the setup, and instructed about the necessary safety protocols. The
experimental setup replicated the conditions used during data collection, with the Franka robots mounted on two

Manuscript submitted to ACM



469

470

471

472

473

474

475

476

477

478

479

480

481

482

483

484

485

486

487

488

489

490

491

492

493

494

495

496

497

498

499

500

501

502

503

504

505

506

507

508

509

510

511

512

513

514

515

516

517

518

519

520

10 Anon.

Fig. 6. Left: count of responses for each controller for the question "was the robot on the other side operated by a human?", pooled in
data. Right: Confidence ratings for each controller and response to the Touring test, pooled in data.

separate tables and positioned side-by-side. A screen was mounted between the robotic arms, restricting the field of
view (FOV) of each participant as shown in Fig. 7. Furthermore, a pair of headphones playing music was used during
the trials to prevent participants from noticing any sounds or movements from across the screen. The test began
with a short familiarization, where participants were invited to interact with the experimenter (human-based control).
This provided them with a clear reference of what mediated human-to-human interaction felt like in our setup. The
familiarization was followed by 15 trials (five for each controller) of 10 seconds each, presented in a fully randomised
order. Each trial was initiated verbally and stopped via a visual signal (light indicator) by the experimenter. After each
trial, users were asked 2 simple questions: "was the robot on the other side operated by a human?" and "To what degree of
confidence do you think so?". This latter question was answered on a Likert scale from 1 (no degree) to 7 (maximum
degree). At the end of the 15 questions, users were asked about their thought process in discriminating between robotic
and human-generated responses.

5.3 Results

Participants’ responses were pooled and analyzed using a Chi-Square Test for Homogeneity, comparing the frequency
of instances where participants thought they were interacting with a human across all three conditions (Human-Based
control, Transformer-based control, and fixed reference PD control). Analysis of pooled data showed that the fixed
reference PD controller was identified as human with a significantly lower frequency (0.36) compared to both the
human-based (0.64, p-value < 0.01) and the transformer-based controls (0.60, p-value < 0.01). No statistically significant
difference was found when directly comparing the human-based and the transformer-based controller (p = 0.74). A more
in-depth analysis was then conducted to account for participants’ individual differences. Cochran’s Q Test confirmed
the results of the Chi-Square Test for Homogeneity (p < 0.05), and subsequent pairwise comparison using McNemar’s
Test confirmed the differences between the three conditions, with only the fixed reference PD controller being identified
as human significantly less often (p < 0.05). Confidence data were analysed using a Cumulative Logistic Mixed Model to
Manuscript submitted to ACM
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account for the ordinal nature of the answer and the participants’ differences, which were included in the model as
random effects. Results showed no statistically significant effect of the controller on the confidence ratings. Moreover,
no statistically significant effect on users’ belief concerning the identity of the responder (human or robot) was found.
Finally, users were asked, at the end of the test, what they based their answer on when deciding whether the responder
was human or robot. 13/15 participants mentioned how human responses were characterized by a short delay in the
reaction force. 11/15 participants also mentioned that the force profiles generated by what they believed were human
responders were more variable, less predictable, and less precise.

5.4 Discussion

The results of our test show that the forces exerted by our system were identified as "generated by a human" significantly
more often than those delivered by a classic PD controller. Results also showed no statistically significant difference
in the perceived "human-likeness" between human-based control and our transformer-based control. While the lack
of statistically significant difference is very promising, more focused tests at higher statistical power are needed to
conclude without doubt that our system actions are indistinguishable from those of a human [19]. Despite that, it is
clear that, at the very least, our system feels "more human" than a classic, not imitation-based controller. Based on
users’ feedback, the transformer-based control ability to replicate delays and variability typical of human responses was
the key factor in driving its "human-likeness". This is in line with the evidence on "naturalness" in other technological
systems. For example, in the realm of artificial voices (Text-To-Speech), the role of the variability of the signal in making
the system perceived more human-like has been known for decades [22]. Interestingly, results also showed a number
of trials where the human responder was perceived as robotic and somewhere the fixed reference PD controller was
perceived as human. Average confidence in these trials was not lower than in any other trial (p = 0.6), suggesting
that users were likely to identify human-like aspects in the fixed reference PD controller behaviour and robot-like
aspects in human behaviour to motivate their responses with an acceptable degree of certainty. These trials, while the
minority, constitute an important source of information that might help us understand what aspects of haptic feedback
are interpreted as characteristics of human beings. Further data gathering and a focused investigation will likely shed
light on the matter.

6 General Discussion

In this paper, we introduced a novel framework to replicate the forces exerted by a human-controlled robot in a
displacement task. Our test shows that forces generated by our framework are considered human-generated at a
frequency comparable to that of forces truly generated by a human.

To the best of our knowledge, this work is the first case of IL combining the direct recording of force data through a
4-channel bilateral control with the learning of reaction force dynamics via Transformer. In fact, These results reflect
the richness and fidelity of data that can be obtained by recording interactions mediated by devices equipped with
bilateral controllers as well as the flexibility and effectiveness of transformers in handling time series in this specific
situation.

To our knowledge, this is also the first study leveraging IL to deliver robotic force feedback that feels human-generated.
In fact, IL mostly concerns itself with achieving human-like performance [21] rather than human-like feeling. It is worth
mentioning that human-like artificial force feedback has been achieved in the past [e.g.[40]. However, in those instances,
the problem was greatly simplified to force delivered by a 1DoF device and computed based on an analytical model,
rather than learned. The relevance of our work for the HCI community is strictly related to the displacement task over
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Fig. 7. User testing setup

which we evaluated our system. In fact, while generalizing the performance of the framework to any force feedback
scenario and any robot-mediated interaction might be farfetched, the successful evidence in our displacement task
allows us to speculate on the specific application of our research in the field of healthcare and robotic telerehabilitation.
The displacement task adopted in the paper is strongly inspired by rehabilitation practices, and in particular by MRTs,
where physiotherapists ask patients to exert forces that they then counteract to achieve isometric contraction of the
users’ muscles. Our framework enables robots to deliver resistive reaction forces to users that can serve the same
purpose. Moreover, the resistive forces delivered by our framework feel human-generated. This specific aspect of our
results is of high importance as it allows us to paint the vision of a future where AI-powered virtual physiotherapists,
indistinguishable from human ones, can deliver telerehabilitation protocols to patients providing flexibility and control
in the delivery of the treatment, while at the same time maintaining the characteristics of adaptability to patient’s
performance and patient’s engagement which are the biggest advantages of human-supervised telerehabilitation.

7 Limitations and future challenges

Despite its potential and the promising results, our work is not without limitations.
While having a potential impact on the field of telerehabilitation, our system has not been tested with therapists or

patients. While there is no reason to believe that the system will perform differently when replicating a professional
application of MRTs, further specialized testing on a larger, gender balanced sample is needed to consolidate the
Manuscript submitted to ACM
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evidence reported here. Specifically on gender balance, it is worth reporting that our sample was primarily constituted
by male subjects. While this is unlikely to have affected the results (as results in gender differences in kinesthetic and
force perception report contradictory results [27], [12] ), future studies will strive to achieve gender balance in testing.
On a more technical note, it is also worth noting that our framework only works with Franka or similar devices capable
of accurate torque control and force reading, while most telerehabilitation systems leverage on haptic or custom devices.
However, it is worth noting that the Franka robot possesses 7DoF, and could be seen as a generalized device whose DoF
could be constrained to simulate the behaviour of more traditional 3DoF and 6DoF haptic devices.

Another advantage of our hardware was its sensing capability, which allowed us to collect force data. Nonetheless,
this framework could still be used on other robotic arms, even in the absence of dedicated force sensors of load cells,
leveraging the results from [41], which introduces a method to compute the interaction force of sensorless robots.
Future work will aim at consolidating the framework by applying it to a system composed of different devices.

Alongside expanding the framework integrating different devices, we will also aim at exploring more complex tasks
integrating joint position, velocity, and Cartesian force profiles into the transformer’s input. This would potentially
allow the robot to exhibit more complex behaviours, for example, generating variable motion in Cartesian space while
also exerting human-like force profiles. Furthermore, other sensory feedback (e.g., tactile) could be integrated to increase
the human-likeness of the forces delivered by our framework. Finally, further avenues of research could include a
further improvement of the transformer architecture. More complex transformers have been used in the past for the
prediction of complex human motion \cite{kedia2024interact}.In the future, we plan to apply such models to force data
to improve the capability of our system.
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