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Abstract— We present multipanda ros2, a novel open-
source ROS 2 architecture for multi-robot control of Franka
Robotics robots. Leveraging ros2 control, this framework
provides native ROS 2 interfaces for controlling any number
of robots from a single process. Our core contributions address
key challenges in real-time torque control, including interaction
control and robot-environment modeling. A central focus of
this work is sustaining a 1kHz control frequency, a necessity
for real-time control and a minimum frequency required by
safety standards. Moreover, we introduce a controllet-feature
design pattern that enables controller-switching delays of ≤
2 ms, facilitating reproducible benchmarking and complex
multi-robot interaction scenarios. To bridge the simulation-to-
reality (sim2real) gap, we integrate a high-fidelity MuJoCo
simulation with quantitative metrics for both kinematic ac-
curacy and dynamic consistency (torques, forces, and control
errors). Furthermore, we demonstrate that real-world inertial
parameter identification can significantly improve force and
torque accuracy, providing a methodology for iterative physics
refinement. Our work extends approaches from soft robotics
to rigid dual-arm, contact-rich tasks, showcasing a promising
method to reduce the sim2real gap and providing a robust,
reproducible platform for advanced robotics research.

I. INTRODUCTION

For robots to be able to operate in the challenging,
dynamic and cluttered environments they are used in today,
there are high requirements towards their control, among
them: Torque control, Real-time capability, and the ability
to quickly change between controllers to adapt to new tasks,
constraints and environments. The foundation for robots to
sense was laid with force and torque control [1], which rep-
resents a critical facet of robotics and automation, serving as
a key enabler for robots to interact with their environments in
a refined and intelligent manner. The capability to precisely
control force and torque is indispensable for performing
delicate tasks, ranging from assembly operations in industrial
settings [2] to surgical procedures [3].

The early important work on giving robots a sense of
touch and variable stiffness was performed by Salisbury [4]
in 1980, which allowed the control of the stiffness of and
all 6 degrees of freedom with a control rate of 60 Hz. In
further research [5], this approach was extended to allow
for a separation of directions where either force or position
could be controlled. In these experiments, an improved force
response could be observed by increasing the servo rate from
60 Hz to 120 Hz, but it was still unable to control the
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Fig. 1: An overview of multipanda ros2, summarizing its core features.

higher oscillations at about 280 Hz, due to computational
limitations. With the development of more lightweight and
flexible robots, the frequency of these oscillations further
increased [6] leading to a necessity of control frequency of
up to 1 kHz [7], [8].

Controlling the robots for safe and effective interaction
now goes beyond traditional positional and force-based
control, e.g. impedance control [9] in scenarios where the
robot requires compliance, or the converse, admittance con-
trol [10], mapping force inputs to motion outputs. Even
more complex tasks like wiping a surface require unified
frameworks [11] for successful task execution. Other scenar-
ios like hand-over or the manipulation of unwieldy objects
involve two or more robots in synchronous, cooperative, or
coupled movement [12], [13]. Naturally, scenarios in which
a combination of such skills is required would inevitably
call for the robot to be capable of rapidly and seamlessly
switching from one skill to another.

Having discussed the different control types, the impor-
tance of maintaining a high control sample rate, and the
necessity for ensuring flexible controller interchangeability,
outlined in Fig. 1, the novel contributions of our work can
be stated as follows:

• Review real-time torque control for single- and
dual-arm robots, emphasizing interaction control and
robot–environment modeling challenges.

• Introduce an open-source ROS 2 multirobot framework
for Franka Robotics robots with ≤ 2 ms controllet-
switching delays for reproducible benchmarking.

• Integrate MuJoCo simulations with metrics for kine-
matic accuracy and dynamic consistency (torques,
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forces, control errors).
• Assess force-based fidelity, extending soft-robotics ap-

proaches [14] to rigid dual-arm, contact-rich tasks.
• Real-world inertial parameter identification reduces the

sim-to-real gap, improving force/torque accuracy and
enabling iterative physics refinement.

II. STATE OF THE ART

A. High Frequency Torque Control

High-frequency torque control is fundamental for safe and
accurate physical human–robot interaction. A 1 kHz low-
level torque command loop enables robots to be modeled
according to Lagrangian dynamics, such that higher-level
controllers can treat the joints as ideal torque sources [8]. At
the same time, safety standards such as ISO 10218 [35] spec-
ify 1 kHz measurement frequencies for collision detection to
minimize injury risk, which has driven widespread adoption
of this frequency in collaborative robots (cobots). Prominent
examples include the DLR Lightweight Robot series [11],
[15], Franka Emika Panda [8], KINOVA Gen 3 [31], and
Barrett WAM [20].

These systems often employ cascaded architectures [29],
where an outer-loop controller generates task-level com-
mands and inner loops regulate motor torques or velocities.
This design improves precision and disturbance rejection
while retaining fast safety responses. At the joint level,
torque control is critical to guarantee safe human interaction
[36]. However, as noted by [37], torque sensing alone is
insufficient for fine-grained force control in contact-rich
environments, motivating integrated strategies that combine
sensing, impedance regulation, and high-rate control.

B. Existing Multimanual Architectures

Dual-arm and humanoid platforms impose stricter real-
time requirements due to higher degrees of freedom and the
need for coordinated control. Middleware frameworks such
as ROS and ROS 2 [38], [39], extended with packages like
ros control [40], have become de facto standards for

modular development, while OROCOS [41] and custom-built
architectures provide low-latency real-time support.

ROS is widely used across many robot configurations,
including dual-arm systems such as Baxter [19], GARMI
[30], and Berkeley Blue [28]. The ros control package
[40] enables real-time, hardware-agnostic control, allowing
the same code to run seamlessly on different robots. ROS
2 [39] improves on ROS by enhancing real-time capability,
security, and robustness, introducing node composition [42]
and leveraging data distribution service (DDS) [43] for high-
performance data exchange to meet strict timing require-
ments in modern robotics.

Custom software enables 1 kHz control loops with mini-
mal latency, critical for safety and for bridging the sim2real
gap. DLR’s bimanual Justin [17] uses a component-based
Robot Development concept [44] with modular subsystems
and a dedicated real-time system for precise control. Sim-
ilarly, KIT’s ARMAR-6 [26] employs ArmarX [45] for
distributed parallel processing and tightly integrated real-
time control. Table I summarizes humanoid setups, control
frequencies, and software frameworks.

C. Robotic simulators

Simulation plays a crucial role in modern robotics, en-
abling researchers and engineers to design, test, and validate
algorithms in a safe, cost-effective environment. It allows
rapid prototyping without the risk of damaging hardware
and accelerates development by supporting parallel testing
of control strategies, perception pipelines, and interaction
scenarios. Moreover, simulation makes it possible to explore
edge cases and rare events that would be expensive or unsafe
to reproduce on physical robots.

The field of robotics currently supports a wide range of
simulators. A few of the most known are Gazebo [46],
MuJoCo [47], Webots [48], CoppeliaSim [49], NVIDIA
Isaac Sim [50], PyBullet [51], and Pinocchio [52], each
designed with specific requirements in mind and varying
in fidelity, ease of integration, and computational efficiency

Name Structure Year Command τd freq. Internal freq. Sensor freq. Middleware
DLR LWR I [15] Single 2000 1 kHz 3 kHz 1 kHz Custom
DLR LWR II [16] Single 2001 1 kHz 3 kHz 1 kHz Custom
DLR LWR III [7] Single 2002 1 kHz 3 kHz 1 kHz Custom
DLR Justin [17] Humanoid 2006 1 kHz 3 kHz 1 kHz Custom

DLR-Kuka LWR [18] Single 2008 1 kHz 3 kHz 1 kHz Sunrise.OS
Rethink Robotics Baxter [19] Bimanual 2011 1 kHz - 1 kHz ros control

Barrett WAM 7DoF [20] Single 2011 1 kHz - ≥1 kHz Custom
Boston Dynamics Atlas 1 [21] Humanoid 2013 333 Hz 1 kHz - Custom

NASA Valkyrie [22] Humanoid 2013 1 kHz 5 kHz 1 kHz ros control
DLR TORO [23] Humanoid 2014 1 kHz 3 kHz 1 kHz Custom

Rethink Robotics Sawyer [19] Single 2015 1 kHz - 1 kHz ros control
PAL Robotics TIAGo [24] Humanoid 2016 1 kHz - 1 kHz ros(2) control
PAL Robotics TALOS [25] Humanoid 2017 1 kHz - 1 kHz ros control

KIT ARMAR-6 [26] Humanoid 2018 1 kHz - 1 kHz Custom
Doosan M-Series [27] Single 2018 - - ≥1 kHz Custom

Berkeley Blue [28] Bimanual 2019 170 Hz - 20 kHz (Current) ros control
Franka Robotics robot [8] Single 2019 1 kHz 3 kHz 1 kHz ROS, Custom

DLR SARA [29] Single 2021 - 8 kHz - Custom
GARMI [30] Humanoid 2021 1 kHz 3 kHz 1 kHz ros control

KINOVA Gen3 [31] Single 2022 1 kHz - ≥1 kHz Custom
1X Eve [32] Humanoid 2023 - - - Custom

Han’s Robots Elfin Pro Series [33] Single 2023 1 kHz - ≥1 kHz Custom
Apptronik Apollo [34] Humanoid 2024 - - - Custom

TABLE I: A non-exhaustive list of torque-controlled commercial and research robots. To be included, a robot must explicitly state that it supports torque
or effort command. For commercial robots, only those certified as cobots are considered. Unidentified values are marked with ’-’.

9696



Legend: ROS2 Control Components Multimode Controller Hardware Interface ControllersSimulation/Real Robot

ROS2 Services

list_controllers

load_controller

unload_controller

switch_controller

ROS2 Interfaces

joint_torque joint_position joint_velocity

cartesian_force cartesian_position cartesian_velocity

Multimode Controller for N-Robots
Loads, unloads and calls updates to controllers

Controllet 1

Controllet 4

Controllet 2 Controllet 3

e.g., Controllet 1

Control Function (e.g. PID)

Desired Subscriber

Robot Data Pointer

Hardware Interface (Simulaton and/or Real Robot)

Joint Limits

Command Read

Effort Transmissions System states

Simulation/Real Robots

Robot Data & States

... Robot Data Libfranka

Real System

MuJoCo Simulation

MuJoCo Physics Engine

Fig. 2: Architecture diagram of the multipanda ros2 within ros2 control framework.

[53], [54]. MuJoCo and Pinocchio are often preferred for
high-frequency, physics-accurate simulations: MuJoCo for
control-intensive tasks and sim-to-real benchmarking, and
Pinocchio for fast rigid-body dynamics computations, par-
ticularly in multi-body or humanoid systems, as summarized
in Table I.

The sim-to-real gap is especially prevalent in the field of
reinforcement learning, where policies trained in simulation
often fail on real systems. Current work mainly tackles this
by making policies robust to discrepancies, for example,
through transfer learning and domain adaptation, without
improving the simulator itself [55]. To the best of our knowl-
edge, the examples of closing the gap from the simulation
side, using real-world data to iteratively update and refine
simulators, are scarce. One exception is the work of [14]
which utilizes residual physics networks to learn from real
data and reduce the sim-to-real gap. However, additional
research is needed to see the full effect of this approach
on the sim-to-real gap challenge.

III. IMPLEMENTATION

In this section, we present multipanda ros21, a soft-
ware framework developed for the coordinated control of
multiple Franka Robotics robots. Our framework is built
upon the ros2 control infrastructure, as illustrated in
Fig. 2, and is fully compatible with the ROS 2 Humble
distribution.

The primary goal of multipanda ros2 is to provide
the existing community of Franka Robotics robot users with
easy access to ROS 2, while also enabling the full list of
features that are provided through the robot’s Franka Control
Interface (FCI) and libfranka, and to ease the entry
into doing bimanual or multimanual torque-control research.
The open-source repository includes extensive tutorials and
examples to further aid this effort.

The multimode controller (MC), shown in the
blue block of Fig. 2, plays a central role in the proposed

1 https://github.com/tenfoldpaper/multipanda_ros2

framework. It is implemented as a typical ros2 control
controller, meaning it can be used alongside other controllers
without issue. The MC itself does not implement a controller;
instead, it uses controllets. Each controllet takes ownership
of one or more robots in the ros2 control framework
specified at runtime, and implements the actual command
torque τcmd calculation for the loop. The MC can be in-
stantiated with an arbitrary number of such controllets, and
handles the robot assignment for all the controllets, ensuring
that only one controllet has ownership of a robot at any given
time.

The proposed framework has been designed with minimal
overhead in mind, making heavy use of move operators and
references to avoid unnecessary copying. The MC is instanti-
ated with a vector of controllets upon initialization based on
the user’s configuration. Each element contains information
about the robot that it needs to control, and references to the
shared τcmd vector and robot data that are centrally managed
by the MC. Such a design allows a controllet to have real-
time access to the controlled robots’ data, which is crucial for
algorithms that require the full state and dynamic information
of the involved robots. Additionally, this ensures that there
are minimal copy operations in the framework, so that the
τcmd calculation across controllets and the final commanded
torque in the robot’s libfranka loop stays consistent.

The 1 kHz control loop inside the MC calls the control
loop function of the currently active controllets for each step.
This enables the implementation of a switching function,
which allows the MC to change the currently active controllet
at runtime, with a delay of about 2ms (see section VI-A for
more details). The controllet switching function is exposed
as a ROS 2 service, and the MC ensures that the new set
of activated controllers does not have conflicting resource
requirements. While it is more desirable to create a single
controller that is capable of handling all the tasks that a
robot is expected to perform, custom controllers are written
for different tasks in practice. As such, this feature allows for
complex behaviors in scenarios that require rapid transitions
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between different controllers to be implemented effectively.
One additional benefit of the proposed structure is the

significantly reduced amount of the required boilerplate cod-
ing. The controllets make heavy use of C++ templating and
inheritance to achieve this. Typically, a communication-less
instance of the controllet is implemented, which performs
the desired τcmd calculation for a given desired pose, and
defines the parameter update function. Then, this class is
inherited by a ROS 2-enabled instance, which implements
the callback functions for desired pose subscription and
parameter handling. This allows control algorithms to be
only implemented once, then inherited to create a wide range
of custom ROS 2 instances whose subscriptions match the
particular task. Finally, these controllets can then be loaded
into the MC with a simple yaml file update.

Given that ros2 control abstracts away the robot’s
interfaces, the proposed MC controller is, in fact, agnostic to
the model of the robots it is controlling. This means that the
proposed framework can be easily extended to other robots
that already have their own ros2 control frameworks,
such as the Baxter [19] and the TIAGo [24]. Additionally,
while the framework is currently only implemented for the
torque control mode of the Franka Robotic robot, extensions
to the other control modes are planned.

A. Simulation Environment

Our primary research focus is physical human–robot in-
teraction (pHRI), which involves high-frequency, control-
intensive tasks. Accordingly, we selected the MuJoCo sim-
ulator [47] due to its efficient handling of dynamics and
contact interactions at rates comparable to real hardware,
enabling precise torque control and fast feedback loops
essential for stable and responsive pHRI experiments.

The simulation is implemented as a plugin to the work of
[56], which wraps the MuJoCo physics engine into a ROS
2 package. This allows development within the same ROS
2 framework used for real hardware, ensuring consistency
between simulated and physical experiments. The setup
also supports multi-arm simulations, enabling the same con-
trollers to be run on both simulated and real robots. As with
the real-hardware framework, control in simulation relies
on ros2 control, facilitating straightforward extension
to other robots that implement their own ros2 control
interfaces. Following these design principles, a controller
needs to be developed only once and can run on both
simulation and real hardware without any modifications.

IV. METHODS

To evaluate the multimode controller performance and
sim-to-real gap in robotic manipulation, we implemented the
Unified Force-Impedance Control (UFIC) framework from
[57] and a classical Cartesian impedance controller (baseline)
for both simulation and real-world experiments using Franka
Robotics robots. This comparison quantifies performance dif-
ferences in force tracking, stability, and energy management,
assessing simulation fidelity for real-world deployment.

A. Controller Implementation

Both controllers were coded in C++ with real-time inter-
facing via the Franka Emika Fast Research Interface (FRI)

at 1 kHz. The baseline impedance controller uses:

τi = JT (q)

[
Kcx̃+Dc

˙̃x

+Mc(q)ẍd +Cc(q, q̇)ẋd + Fg(q)

]
. (1)

where x̃ = xd − x, with task torque

τtask = JT (−Kcx̃−Dc(Jq̇)) (2)

and nullspace torque

τnull = (I− J†J)T (KN (qdN
− q)−DN q̇) (3)

The UFIC extends this with force control:

τ ′
m = τ ′

i + τ ′
f , τ ′

f = JT (q)F′
f , (4)

where F′
f = (γf + αf (1 − γf ))Ff (PID output modulated

by tank signals αf and γf = exp(−∥x−xc∥2

d2
max

)), and τ ′
i uses

modulated x̃′ = x′
d − x with x′

d = xd + αi(xd − x). Tank
energies are initialized as Ef,0 = 1

2Kp∥Fd∥2, Ei,0 = Ef,0.
Dual-arm coordination applied a ±15 cm y-axis off-

set to goal poses. Additional features included GJK-based
self-collision avoidance (τca for distances < 0.05 m) and
manipulability-based singularity avoidance:

mkin(q) =
√

det(J(q)JT (q)), (5)

Vsing(q) =

{
km(mkin(q)−m0)

2 mkin(q) ≤ m0

0 otherwise,
(6)

τma = −
∂Vsing(q)

∂q
, (7)

with km = 10, m0 = 0.1. The final command was:

τcmd = τtask + τnull + τcor + τca + τma, (8)

where τcor = C(q, q̇)q̇ + g(q). Parameters were: Kp =
200I N/m, Kd = 10I Ns/m, Ki = 50I NRs/m; Kc =
diag(100, 100, 50, 10, 10, 10) N/m; Dc for critical damping;
tank limits Emin = 0 J, Emax = 100 J; dmax = 0.05 m; no
friction feedforward (FFF = 0).

V. EXPERIMENTAL PROCEDURE

A. Controller performance
To evaluate the performance of the proposed framework,

we conducted a series of experiments. For this purpose,
we implemented a multimode controller with 2 distinct
controllets: a dual Cartesian impedance controller (DC), and
a coupled dual Cartesian impedance controller (CDC), as de-
tailed in section IV, to command two Franka Robotics robots
connected to the same network. To increase the complexity
to the control loop calculation, we additionally implemented
the self-collision avoidance algorithm from [58] and the
manipulability potential algorithm from [59]. This creates
5 conditions that are being tested: 1) the DC controllet
with no features (NF), 2) DC with self-collision avoidance
(CA), 3) DC with manipulability potential (MA), 4) DC
with both features (CA-MA), and 5) the CDC controllet
with manipulability (C-MA). These acronyms are used for
reference in Fig. 3.
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For control cycle time calculation, we calculated the dif-
ference between the start and end of the control function, i.e.
after the τcmd were calculated for both robots. The τcmd delay
was measured by recording both the τcmd and the time at the
moment the values are written to the shared memory between
ros2 control and the robot’s libfranka loop, and the
same values within the libfranka control loop. The two
datasets were then linearly interpolated across the union of
the two datasets’ timestamps, and then cross correlation was
performed to identify the delay. Finally, for the computer
resource measurement, the command top -bn1 for the
control program was executed every 0.3 seconds and its
corresponding CPU and memory usage data were recorded.
Additionally, we measured the controllet switching delay
from 50 trials by measuring the time difference from when
the controller receives the switch request to the first control
loop of the new controllet. All experiments were conducted
on the ASRock Industrial 4x4 BOX 7735U/D NUC mini-PC
with 32GB of DDR5-5800 Mhz RAM.

With the above arrangements, the experiment was con-
ducted by running each controllet for 30 seconds. At the
same time, desired poses were calculated and published at
1 kHz on a separate node that implements the circular field
motion generator from [13]. The metrics were measured at
each cycle, resulting in 30000 data points each for the first
2 metrics, and 100 data points for the resource metric.

B. Simulation Validation

To evaluate the fidelity of the proposed simulation en-
vironment, we designed a series of experiments aimed at
progressively challenging the kinematic and dynamic models
of a serial manipulator. The rationale behind this staged
approach is twofold. First, simple tasks allow us to isolate the
effects of pure kinematic modeling errors. Second, gradually
introducing dynamic phenomena, such as inertial effects
and contact interactions, enables a structured evaluation of
how the simulator captures increasingly complex physical
behaviors.

To rapidly quantify deviations between simulated and
real robot behavior, we employ a set of straightforward
yet informative metrics. The primary measure is the
root mean square error (RMSE) between the recorded
simulation data and experimental measurements,
selected for its simplicity and interpretability. Errors
are evaluated over the following key variables:
q (joint positions), q̇ (joint velocities), τ (joint torques),
xEE (end-effector position), FEE (end-effector force), and
Cerr (control error) 2, providing a comprehensive view of
perfomance of both kinematics and dynamics.

We designed five validation tasks, each introducing an
increasing level of kinematic and dynamic complexity. Each
experiment was executed for 10 seconds and repeated 5
times, averaging the results across trials.
Task 1: Executes the default joint impedance example con-
troller (following equation 1), provided by the manufacturer,
controlling the robot in free space.
Task 2: Executes the default Cartesian impedance example

2 Control error: defined as the difference between the commanded and
achieved joint torque values.

controller (following equation 1), provided by the manufac-
turer, controlling the robot in free space.
Task 3: Executes a modified force example controller, pro-
vided by the manufacturer, which uses a variable desired
contact force perpendicular to a flat surface, following a
sinusoidal curve between 0 and 30 N for one period, instead
of using a constant desired force.
Task 4: Executes a custom unified force impedance con-
troller as formulated in equation 4, which maintains a con-
stant 9.81 N contact force perpendicular to a flat surface
(in Z-direction) while following a circular trajectory in X-Y
plane with radius of 10 cm.
Task 5: Executes a custom coupled unified force impedance
controller by extending the formulation of equation 4 for two
arms in order to coordinate them in grasping a box from
opposite sides. Each manipulator maintains a constant 20 N
force perpendicular to the box surface while jointly following
a 20 cm vertical trajectory.

Lastly, to illustrate the potential for improving the sim-
ulation fidelity using real-world data, we perform an iden-
tification procedure on the real system following the steps
of [60] to update the simulated robot’s inertial parameters
before repeating task 4.

VI. RESULTS

A. Controller performance results

The results of the controller performance experiments are
summarized in Fig. 3. We recorded the following metrics: 1)
control loop cycle time, 2) time it takes for the computed
command torque τcmd to reach the robot, and 3) system
resource consumption. The above subfigure (3a) shows the
average τcmd delay for each arm which is on average approx-
imately 0.5 ms. This can be explained by the fact that the
ros2 control’s and the libfranka’s control loops run
on separate threads. From this, it can be ascertained that most
new τcmd are consumed immediately by the robot’s control
loop promptly, with occasional single control cycle delays.

The average loop time is presented in Fig. 3b. The baseline
DC controllet requires less than 25µs per cycle, while
the collision avoidance algorithm introduces a noticeable
computational overhead, as expected given the presence of
two nested for loops (one per arm). In contrast, the manip-
ulability potential calculation adds approximately 40–60 µs,
depending on the condition. Nevertheless, the overall control
loop remains sufficiently short to sustain the 1 kHz target fre-
quency, leaving room for additional features before reaching
this limit.

The CPU usage, shown in Fig. 3c, corresponds to a single
core of the 16-core PC. Across all conditions, memory usage
remained constant at 0.2%, constrained by the single-decimal
precision of the top command. Overall, these results indi-
cate that the proposed framework consumes only a modest
amount of resources and does not hinder the execution of
other tasks.

The controllet switching experiment yielded an average
of 2.117ms with a standard deviation of 0.493ms, indicating
that it takes about 2 control cycles before the new controllet
is activated.
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Fig. 3: The metrics measured to determine the performance of the proposed
framework. The x-axis represents the controllet-feature condition.

B. Simulation validation results
The simulation fidelity metrics for the single-arm experi-

ments are shown in Fig. 4, while results for the bimanual task
are reported in Fig. 5. The results show that the discrepancy
between simulation and reality is up to 0.06 rad, 0.05 rad/s,
and 1.3 cm for joint positions, joint velocities, and EE
position, respectively. For dynamics, the differences are up to
1.3 Nm for joint torques, 1.7 N for detected external forces,
and 0.6 Nm for the control error. It is important to note
that the real system exhibited noticeable sensor noise during
no-contact tasks (tasks 1 and 2), which introduces a certain
error for the τ and FEE metrics that is not considered by
default in the simulation. For the bimanual task (task 5),
Fig. 5 reveals pronounced discrepancies between the two
manipulators, particularly in EE position, joint torques, and
control error. Although both arms are of the same model, the
differences indicate that simulation fidelity may vary substan-
tially even among nominally identical systems. Likely causes
include manipulator age and temperature-dependent effects
on actuators and sensors. These observations underscore the
necessity of incorporating real-system data to account for
such variations when addressing the sim-to-real gap.

The final validation results, shown in Fig. 6, illustrate the
effect of updating simulation parameters through a real-world
identification procedure before repeating experiment 4. The
red line indicates a reduced error between the simulation
and the real system compared to the default experiment
(blue line). For instance, the recorded external force er-
ror is reduced by nearly half. These results complement
the findings from task 5 and suggest that incorporating
identification-based parameter tuning into the simulation can
be an effective approach to narrowing the sim2real gap.
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Fig. 4: Simulation error metrics results for the first four experiments:
a) Free motion using a joint impedance example controller, b) Free motion
using a Cartesian impedance example controller, c) Variable force holding,
d) Circle trajectory following while maintaining constant contact force.
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(a) Left manipulator
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(b) Right manipulator

Fig. 5: Simulation error metrics results for the a) left and b) right manip-
ulator during the bimanual box grasping task with constant contact force
during lifting (task 5).
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Fig. 6: Simulation error metrics results comparison between the default
(blue) and updated (red) simulation parameters during task 4 (circle trajec-
tory following with constant contact force).
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VII. DISCUSION AND CONCLUSION

In this work, we introduced multipanda ros2, a novel
architecture for real-time multi-robot control for the Franka
Robotics robots within the ROS 2 framework. The frame-
work integrates the full capabilities of the robot offered
by libfranka, providing an easy entry to bimanual or
multimanual torque control research to the community.

First, we introduce an architecture that provides reliable,
low-latency control, with controllet-feature switching delays
of ≤2 ms. This capability is crucial for high-frequency appli-
cations and aligns with the stringent requirements of physical
human-robot interaction and robot-environment modeling,
which require 1 kHz command loops for safety and accu-
rate dynamics [8], [35]. Our framework not only simplifies
the implementation of complex controllers but also serves
as a benchmark for reproducible research, mirroring the
component-based designs.

Second, we integrate a high-fidelity MuJoCo simulation
environment to tackle the sim2real gap. We provide a com-
prehensive set of metrics to evaluate both kinematic accuracy
and dynamic consistency, a contribution that extends beyond
the common practice of focusing on kinematic data alone
[55]. This approach allows researchers to assess simulation
fidelity in terms of torques, forces, and control errors, which
are critical for tasks involving physical contact.

Furthermore, we assess force-based fidelity by extending
soft-robotics approaches [14] to rigid dual-arm, contact-
rich tasks. Through real-world inertial parameter identifica-
tion, we demonstrate that incorporating data from physical
systems can significantly reduce the sim2real gap, leading
to improved force and torque accuracy in the simulated
environment. This iterative physics refinement process offers
a promising method for continuously improving simulation
models, directly addressing a key limitation in current re-
search, akin to recent approaches using residual physics
networks [14].

While the proposed architecture demonstrates notable ben-
efits, we acknowledge its limitations. Currently, the frame-
work is exclusively tailored to the Franka platform and
evaluated across a restricted set of validation scenarios. Fur-
thermore, our sim2real refinement relies entirely on offline
physical parameter identification, lacking the online adaptive
capabilities necessary to compensate for dynamic, real-time
environmental changes.

As future work, we plan to explore more complex val-
idation scenarios and develop additional validation metrics
that remain accessible to the broader robotics community.
We will also investigate advanced techniques to further
reduce the sim2real gap, thereby accelerating progress in
robotics research. Specifically, we intend to leverage this
tight integration to deploy the framework in digital twin
applications, enabling real-time synchronization, monitoring,
and predictive control of physical systems, e.g., [61]. Finally,
motivated by the strong interest already observed in the
online repository, we will continue to expand and maintain
this open-source framework to encourage wider adoption. Ul-
timately, we hope that multipanda ros2 will be utilized
to drive tangible, real-world use cases beyond the laboratory
setting.
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