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Abstract—In this work we extend the low-cost GELLO
teleoperation system, initially designed for joint position control,
with additional force information. Our first extension is to
implement force feedback, allowing users to feel resistance
when interacting with the environment. Our second extension
is to add force information into the data collection process
and training of imitation learning models. We validate our
additions by implementing these on a GELLO system with
a Franka Panda arm as the follower robot, performing a user
study, and comparing the performance of policies trained with
and without force information on a range of simulated and real
dexterous manipulation tasks. Qualitatively, users with robotics
experience preferred our controller, and the addition of force
inputs improved task success on the majority of tasks.

I. INTRODUCTION

In the last few years, there has been a rapid increase
in the scope of abilities demonstrated by robots, driven by
advances in machine learning (ML). Examples of such abil-
ities include champion-level drone racing [1] and quadruped
parkour [2], achieved through reinforcement learning (RL),
or wheeled/humanoid loco-manipulation [3], [4], achieved
through imitation learning (IL). Although RL has proved
powerful for learning controllers to accomplish specific
tasks, IL has become popular in multi-task settings, as
RL reward functions need to be engineered for each task
under consideration. Even with as simple an IL algorithm
as behavioural cloning (BC) [5], researchers have been able
to deploy mobile manipulators to perform tasks in office
settings, bootstrapped by teleoperation data [6], [7].

Beyond purely autonomous behaviour, human teleoper-
ation of robots can provide a range of useful outcomes.
The most widely-deployed use-case is in robotic surgery
[8], though use-cases can vary from engineering/maintenance
in remote locations [9] to providing social interaction and
employment for disabled people [10]. Although teleoperation
can apply to locomotion or other tasks, manipulation stands
to benefit the most from improvements in teleoperation, as
manually designing controllers or formulating RL reward
functions for dexterous manipulation is challenging and
difficult to generalise [11]. Therefore, we focus the rest of
our exposition on teleoperation for manipulation tasks.

The development of better teleoperation systems has ben-
efits for both direct human control of robots, as well as for
data collection for IL-based control policies. Devices such
as gamepads or the SpaceMouse! have been commonly used
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Fig. 1: The low-cost GELLO teleoperation system (right),
controlling a Franka Panda 7 DoF robot arm (centre).

for teleoperation in the past, and nowadays with widening
public adoption, virtual reality controllers have also become
more popular for robot teleoperation [12]. However, these
devices have few degrees of freedom (DoF), and hence are
limited to end-effector control in task/Cartesian space. The
downside of control in task space is under-specification of
the robot’s joint positions, and encountering singularities that
prevent motion.

This can be obviated through leader-follower teleoperation
systems, where the joints of a leader robot can be directly
manipulated by a human, and the follower robot mimics this
movement. Unfortunately, leader-follower systems typically
assume two of the same robot, and for many robots cost (or
even space) make this solution prohibitive.

This limitation is overcome by the GELLO system [13],
which uses a low-cost (less than $300) kinematically-
equivalent 3D-printed “robot”. The authors built equivalents
for Franka, URS, and xArm robots, with the robotics com-
munity subsequently contributing further models.> With open
source hardware and software, GELLO significantly lowers
the barriers to entry for leader-follower teleoperation.

However, the original GELLO system does not provide
any feedback to the user, and ignores force information. In
this work we extend the control scheme to enable force-
position control, i.e., force feedback, so that users can feel
interactions with the environment (Fig. 1). We test our system
with a user study; although there was no significant differ-
ence in usability across the population, those experienced
with robots preferred having the feedback. In addition, we

2https://github.com/wuphilipp/gello_mechanical.



use data collected from our augmented controller to train
an action chunking Transformer (ACT) policy [14] on 4
manipulation tasks in simulation and the real world, and we
find that performance was improved in 3/4 of the tasks.

II. METHOD
A. Leader-Follower Teleoperation

In leader-follower teleoperated systems, we can identify
three main components: a leader device, in contact with
the human operator; a follower device, that interacts with
the environment; and a communication channel between the
two systems. Both the leader and follower have their own
dedicated controllers. Controllers may differ in terms of
information exchanged over the channel, sensors used, and
feedback provided to the user, but in teleoperation there are
two common objectives that they can aim to accomplish [15]:

« Stability: we desire values of the state of the two sys-
tems (position, velocity) to be bounded in response to
bounded external inputs (forces applied by the operator).

o Transparency: the human operator should feel a direct
interaction with the remote environment during the
execution of the task. In free space, without collision,
the resistance felt by the human user should be low
and the follower should accurately track the desired
trajectory. When an interaction between the follower
and the environment happens, the stiffness perceived
by the human operator should be the same as the one
experienced on the follower side.

Developing haptic interfaces for position and force feedback,
and adopting a leader device with dexterity and a kinematic
structure as similar as possible to the follower device, are
therefore key to designing a suitable teleoperation user
interface and guaranteeing high levels of transparency.

It is also possible to use kinematically-dissimilar leader
and follower robots, but these need to be coupled at the end
effector level. For example, this is often the case for large
industrial or surgical robots that are controlled by smaller
haptic interfaces. However, this setup means that the human
operator is made oblivious to kinematic constraints on the
follower side, such as reaching joint limits, self collisions,
and configuration singularities.

GELLO overcomes the downsides of end-effector mapping
as it is kinematically equivalent to the leader robot. It is
also cost- and space-effective, using open-sourced 3D-printed
parts and off-the-shelf servomotors. Overall, it is one of
the most accessible and user-friendly teleoperation interfaces
available today [16].

B. Force Feedback

In general, both force and position information can be
exchanged between the leader and follower systems, and
different control systems vary in which kind of information
they share. Although it is possible to perform teleoperation
without feedback to the user, as in the original GELLO, it
has been shown in prior work that providing haptic feedback
improves task performance [17], [18], [19]. The main con-
trollers used in teleoperated systems that can provide haptic

feedback are: position-position (PP), force-position (FP), and
four channel (4C) [20]:

o PP: the only information shared between the robots is
their position. The leader position acts as a reference for
the follower, who will try to track it, e.g., by means of a
proportional—derivative controller. Similarly, the leader
will receive and track the follower position. In this
scheme, no force information is exchanged and force
reflection emerges as a result of a growing tracking
error on the follower side when in contact with the
environment.

o FP: the follower robot acts identically as in the PP
controller, tracking the position of the leader. However,
when the follower comes in contact with the environ-
ment, the resulting forces are (scaled and) transmitted
to the leader side so that the operator can feel them.
In this force reflection scheme, the magnitude of the
scaling term is a critical factor on system stability due
to the system’s asymmetry [21].

¢ 4C: this control scheme, a.k.a. bilateral control, not only
achieves position tracking, but also uses the principle
of action and reaction in the force transmission. The
follower replicates the leader’s motion, and the leader
exerts feedback forces equal to the interaction forces on
the follower from the environment [22]. The position
and force responses of the leader and follower are
identical, resulting in “ideal kinesthetic coupling” [23].

4C is the control scheme that achieves the best perfor-
mance in terms of tracking and force reflection, and has
been used in recent works in teleoperation for IL [24], [25],
[26]. The common characteristic in these works is that they
use identical robots on the leader and on the follower side,
enforcing the action-reaction relation between forces at the
joint level.

Unfortunately, 4C requires force sensors/estimation on
both the leader and the follower side. The GELLO leader
robot is a kinematically-scaled version of the follower, but
no dynamic relation (e.g., relative mass) is given. Moreover,
GELLO is equipped with motors that fail to sustain its
own weight. This last aspect hinders any dynamic parameter
identification procedure needed for force estimation. This
therefore precludes implementing 4C control for GELLO.

However, we can exploit the kinematic equivalence to
adopt the FP control scheme. Given an external wrench,
Fewr € RS, applied by the follower end-effector on the
environment, the corresponding joint torque is

T = T} Fear, (1)

where Jy € R6%" s the follower end-effector Jacobian,
and n is the number of joints. Since the leader’s Denavit-
Hartenberg parameters are a scaled version of the follower’s,
the linear part of the leader’s end-effector Jacobian is a
scaled version of the corresponding linear part in J¢, while
the angular part stays unchanged. Thus, the component of
Tf” due to the external linear force should be scaled down
when reflected on the leader’s side, while the component
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Fig. 2: Current feedback for joints two (blue) and four
(orange) during teleoperation for the whiteboard erasing task,
highlighting three key instants: free motion, collision 1, and
collision 2. These joints exhibit the highest activity during
collisions, with sharp current spikes indicating the system’s
response to external forces. During the free motion phase,

non-zero currents are observed due to noise in the internal
computation of external torque on the Franka arm.

<

coming from the external moment should be transmitted as
is. In practice, as the linear contribution is dominant in our
experiments, and this breakdown would require an online
pseudo-inversion of JfT, the joint torque we impose on the
leader is simply

= kT, 2)
where k¢ > 0 is a scalar gain (scaling factor) and ‘rlref e R®
is the reference torque for the leader. As the external torque
Tf“ is non-zero only when the follower robot interacts with
the environment, during free motion the leader will not have
any force feedback. As depicted in Fig. 2, the user will feel
resistance only when there is an environment interaction on
the follower side.

The value of the force-feedback ratio k¢ in (2) plays a
crucial role in the system stability and transparency. There
is an upper limit on its value in order to have a stable system,
and higher values also show an oscillatory response in the
force reflection, masking the benefit of such feedback. A
detailed analysis can be found in [21].

On the follower side, we use the leader’s joint positions
as reference for a joint space impedance controller [27]. We
also experimented with providing a joint velocity reference
to the leader, but the resulting motion on the leader side
turned out to be less smooth and stable.

C. Imitation Learning

By collecting data through teleoperation, nowadays it is
possible to train IL policies that can accomplish challenging
manipulation tasks. The simplest IL. method is BC [5], which
is the application of supervised learning to expert trajectories.
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In general, with a control policy 7, BC maximises the
likelihood of expert actions, a, at the states, s, encountered
by the expert, at timesteps ¢: max 7(az|s¢).

One of the recent revolutions in the application of IL in
robotics is the development of expressive policy formula-
tions: in particular, ACT [14] and diffusion policies [28].
By using powerful models to predict sequences of actions
(“action chunks”), these methods are able to better capture
multimodal action distributions and temporal dependencies
between actions. These models predict sequences of k ac-
tions: w(a.i+k|St)-

We base our method on ACT (Fig. 3), which trains a
Transformer model [29] to predict action sequences using
BC. During deployment, a Transformer encoder takes in the
current state (camera images, embedded via convolutional
neural networks, and the joint information, embedded via
a linear layer), and a latent variable, z (set to the zero
vector during deployment), and produces a set of embed-
dings using self-attention. These are then used as keys and
values for cross-attention in a Transformer decoder that takes
position embeddings as input (for queries), and produces the
action sequence as output. ACT is trained as a conditional
variational autoencoder (CVAE) [30], with an additional
Transformer encoder that takes in the joint information (em-
bedded via a linear layer), the action sequence (plus position
embeddings), and a [CLS] token®, and produces the latent
variable z that is taken as input by the rest of the ACT model
that is used during deployment. In addition to maximising the
likelihood of the action sequence, z is regularised by min-
imising the Kullback-Leibler divergence between sampled z
vectors and a Normal distribution: Dy (z||N(0, I)).

For deployment, the authors of ACT predicted action
sequences at every time step, and averaged the predictions
over time to produce smoother trajectories (as opposed to
following the predicted action sequences open-loop). We also
use this temporal averaging for deployment.

Whilst ACT originally only used position data, Bi-ACT
[26] and Comp-ACT [32] have extended it to use force in-
formation. Bi-ACT implements 4C (bilateral) control, which
is made possible by using the same leader and follower
robots (ROBOTIS OpenMANIPULATOR-X). Comp-ACT
uses forward dynamics compliance control [33], which is
an impedance control scheme in Cartesian space, and hence
retains the disadvantages of end-effector mapping. We also
show the benefits of incorporating force information in
IL with ACT, but with the low-cost GELLO teleoperation
system for joint control.

III. EXPERIMENTS

For all of our experiments, in both simulation and the
real world, we use a 7 DoF Franka Emika Panda robot arm.
Communication with the robot is managed via the Franka
Control Interface, which provides access to information on
the robot’s state, including estimates of the external torque
7¢%t required to implement (2). The leader robot, GELLO,

3 An additional token that can be transformed to create the output [31].
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Fig. 3: The ACT architecture. During deployment, the Transformer encoder (middle) takes in images, joint information, and
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Fig. 4: Set of manipulation tasks for IL with different action types: grasping, placing, pulling, and wiping.

is equipped with DYNAMIXEL motors that support current
control, enabling the implementation of (2) by applying
an additional conversion factor.* The Franka robot is also
equipped with one Intel RealSense D435i RGBD camera
mounted on the wrist, and one Intel RealSense D4351 RGBD
overlooks the scene. Our simulation tasks are built in Robo-
Hive [34], with MuJoCo [35] as the physics simulator. We
used a control frequency and data collection rate of 50Hz.
For IL, we use ACT, with its default hyperparameters. The
model has an embedding layer of size 512, and linear layers
of size 3200 in the Transformers. The KL regularisation
weight 3 is set to 50. We predict action chunks of size 50.

A. Tasks

Many manipulation tasks may be achievable with position
and visual information, but can be improved through the in-
clusion of force information. We constructed 4 tasks (Fig. 4),
2 in simulation, and 2 in the real world, to examine this:

1) Nut Assembly (Sim). A version of the Nut Assembly
task from robosuite [36], which involves picking up
a circular nut and placing it on a peg. There is a
small tolerance, requiring precision for placement. To
reduce slippage, we slightly increased the length of the
handle on the nut. The nut position and orientation is

4Discussion with the GELLO authors revealed that they observed motor
disconnections when they tried to implement feedback, due to torque or
power supply limitations. Based on this, we used a more powerful power
supply and scaled down the reflected force.
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2)

3)

4)

randomised every rollout (for both demonstrations and
evaluation). We consider it a success when the nut is
placed so that the peg is completely on the inside.
Door Opening (Sim). A version of the Door Opening
task from robosuite, which involves opening a door
with a revolute joint by turning the handle and pulling
the door open. The position and orientation of the door
is randomised every rollout. We consider it a success
if the door angle reaches at least 0.3 rad.

Drawer Opening (Real). This task involves opening the
top drawer of a chest of drawers, where the drawer
has a prismatic joint. Although it should be possible
to open with motion in a straight line, factors such as
the end-effector angle and static and dynamic friction
make this more challenging than it appears at first. We
randomised the position of the drawer by up to 6cm
for every rollout. We consider it a success if the drawer
is opened by over 15cm.

Whiteboard Erasing (Real). This task involves using
an eraser to remove marks on a whiteboard, with the
eraser already placed in the gripper. For the user study,
users had to erase 2 crosses on the whiteboard that
were drawn by the experimenter. For IL experiments,
the experimenter drew different marks, providing nat-
ural variation, in the centre of the board, and collected
demonstrations of erasing these. We consider it a
success if the majority of the mark is erased.



TABLE I: NASA TLX survey results (mean £ 1 standard
deviation; lower values are better). Across all 6 items,
there were no significant differences on perceived workload
between the two controllers.

No Feedback | Force Feedback
Mental Demand 33.0 £25.7 37.2+255
Physical Demand 38.2+22.1 40.2+19.8
Temporal Demand 22.5£21.5 30.8 £ 26.8
Performance 20.5 £ 25.6 20.5 £+ 20.5
Effort 43.0 £ 25.1 48.2 £22.9
Frustration 29.2 +£21.5 35.5 +£20.1

B. User Study

We recruited a total of 20 volunteers for a user study
(6 female, average age of 32.5 years, standard deviation of
7.7 years) to evaluate our force feedback controller, vs. the
default controller without feedback. Users were briefed on
the teleoperation setup and shown an example of the erasing
task with the real robot. If they consented, we then proceeded
with the study. Our study was given ethical approval by the
Shiba Palace Clinic Ethics Review Committee.

We told users that they would be evaluating 2 different
teleoperation controllers, but they were not informed of the
differences. Users were then given 2 minutes to experiment
with and practice the task with the first controller, before
being asked to erase the crosses on the whiteboard. This
procedure was then repeated for the second controller. Users
were finally asked to fill in a NASA task load index (TLX)
survey [37] for controllers 1 and 2, as a measure of perceived
workload. To avoid confounding from learning effects, the
order of presenting the force feedback or original GELLO
controller were randomised for each user.

The results from the NASA TLX survey are presented
in Table I. Considering the TLX scores as ordinal data, we
used the Wilcoxon signed-rank test for paired non-parametric
data to test if there was a significant difference between the
two conditions. The largest difference between conditions
was on physical demand (W-statistic: 19.0, p-value: 0.06),
but this is not statistically different at a significance level
of 0.05, applying the Bonferroni correction for multiple
statistical tests. Therefore, there was no significant perceptual
difference to users between the two controllers.

We also gathered qualitative feedback from users. Most
users had no experience with robots or teleoperation, and,
if they noticed a difference between controllers, equated the
force feedback with “resistance” to their control. Conversely,
the few users who were familiar with robots recognised that
one controller had force feedback and the other did not.
These users preferred the controller with force feedback,
claiming that it provided complementary information to
visual feedback, allowing operators to confirm that their
actions align with their intentions. This indicates that we can
expect force feedback to help teleoperators with experience.

C. Imitation Learning

We used the open source ACT code for training policies,
modifying the input to the policy to contain leader joint
positions and joint torque due to external forces, Tf“. The
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TABLE II: Success rate on the 4 tasks using different inputs.
Using force inputs increased performance across most tasks.

Inputs Nut Door Drawer Whiteboard
Position 0.60£0.13 | 0.96+£0.21 | 0.62+£0.48 | 0.24£0.43
Position + Force || 0.42 £ 0.10 1.0+0.0 0.93+£0.25 | 0.36 +0.48

prediction targets for ACT were the GELLO joint positions.
We collected 25 demonstrations per task, with 22 demon-
strations used for training, and 3 reserved for validation. We
trained policies using 3 different random seeds per task, and
evaluated each policy 15 times, for a total of 45 evaluation
rollouts per task and input type. Following the authors’
recommendations [14], all policies were trained for 5000
epochs, even though the validation loss plateaued earlier.

As reported in Table II, including force information im-
proved performance on most tasks. The most noticeable
improvement was in the Drawer Opening task, where all
failures were due to failing to grasp the drawer handle well.
With force information, the policy was able to recognise
missed grasps by not feeling a resistance when pulling
away from the drawers, and autonomously recovered by
going back and performing a correct grasp. Without force
information, the policy was unable to recover. In contrast,
with Door Opening, successful manipulation of the handle
is much clearer for both policies.

For Whiteboard Erasing, the overall low success rate is
mostly due to occlusions: once the robot approaches the
scribble whilst holding the eraser, the scribble is not seen
anymore by either of the two cameras.

Nut Assembly is the sole task where arguably force
sensitivity is not important, and in this task the position-
only policy performs better. However, most failures for both
policies were in picking up the nut initially, so we believe
that the performance of both policies could be improved by
collecting more demonstrations.

Performance across seeds was relatively consistent, i.e., for
a given task each seed had approximately the same success
rate. This means that ACT is robust to random initialisation,
which is particularly useful in robotics applications.

IV. CONCLUSIONS

In this study we improved upon an existing teleoperation
system, GELLO, by including force feedback for users, and
force inputs to improve the performance of IL on different
manipulation tasks. For robots to be able to interact with
uncontrolled, real world settings, where visual cues can
be limiting, or even confusing, incorporating other sensor
modalities such as haptic and force feedback would be
essential for improved performance. We believe that our
modification to the low-cost teleportation system, with an
improved user experience, can help contribute to current
efforts to IL, such as the collection of robotic datasets [38],
[39].
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