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Executive summary

This report was developed in the context of the AGIMUS project, funded by the Horizon
Europe Framework Program for Research and Innovation of the European Union for 2021-
2027. lts objective is to present the progress mainly towards the specific objective Sp0O1.3:
Enable high accuracy perception feedback combining visual and haptic input. that is
part of the Objective 1: Significantly accelerate the introduction and deployment of a
robotic system to a new agile production environment through advanced perception
and understanding of human-centric feedback.
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1 Introduction and motivation

Since the beginning of the project, we have developed real-time trajectory solvers capable
of handling hard constraints (D2.3), modeling contact dynamics (D2.2), and incorporating
visual feedback (D4.2), all deployed in the robot. These components have proven to be ef-
fective for a wide range of manipulation tasks. However, several key tasks targeted within
the project (such as robotic machining with AIRBUS, glue dispensing with KLEEMANN and
THIMM, and insertion operations and contact-guided alignment with KLEEMANN and AlR-
BUS) require not only accurate motion planning but also active control of the contact inter-
face. This calls for a control strategy that can go beyond trajectory following and engage
directly with the forces at play during contact.

We identified in the early stage of Agimus that Model-predictive control (MPC) stands out
as a promising framework in this context, due to its ability to incorporate dynamic models,
enforce constraints, and integrate sensory feedback within a unified optimization-based for-
mulation. Nevertheless, conventional implementations of MPC remain fundamentally limited
in contact-rich scenarios. These limitations stem largely from the absence of force measure-
ments in the feedback loop: optimal policies are typically computed based only on position
and velocity information, leaving force regulation and contact stability to lower-level control
layers. This is also true in most reinforcement learning methods, and the propositions for-
mulated in this document would also be largely applied in this context.

The challenge addressed in this deliverable is to enable MPC for direct haptic feedback,
combining its versatility in managing constraints and multitask objectives with the precision
and responsiveness required for force-driven execution. This integration is nontrivial, as
advanced motion frameworks like MPC or RL often offload fine-grained contact handling to
low-level controllers, sacrificing the very accuracy and adaptability that contact-rich tasks
demand. Bridging this gap is critical for empowering robots to perform skilled, contact-
intensive operations autonomously and robustly.

To address this, the work reported here introduces a novel model-predictive control formula-
tion that systematically incorporates measured efforts into the control loop. The key idea is to
augment the system state space with a viscoelastic model of contact forces expressed in the
task space, thereby enabling the controller to reason directly over physical interaction with
the environment. The proposed method is evaluated both in simulation and on hardware,
and is benchmarked against (i) standard MPC formulations that neglect force feedback, and
(i) a previous method that introduced torque feedback in joint space. Results demonstrate
that incorporating Cartesian force measurements significantly improves the robot ability to
execute demanding contact tasks.

These contributions correspond to the following two articles or conference papers:

e Sébastien Kleff et al. “Force Feedback in Model Predictive Control: A Soft Contact Ap-
proach”. In: HAL 04572399 (2024). Subm. IEEE TRO. URL: https://hal .science/
hal-04572399/

¢ Armand Jordana et al. “Force feedback model-predictive control via online estimation”.
In: IEEE International Conference on Robotics and Automation (ICRA). 2024. URL:
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https://hal .science/hal-04564888/

These contributions are summarized in the following sections, and the associated preprints
are reported at the end of this document.

2 Background

2.1 Formulation of the optimal control problem

In AGIMUS, we typically consider the following Optimal Control Problem (OCP) transcripted
as a nonlinear program (NLP):

N 1
min K%k Ui) + “N(XN) (1a)
0s-+1XN
ug,....UN 1 k=0
s.t. Xo = X, (1b)
Xi+1 = Fie(Xy, Ug) (1c)

where X is the measured state, u the control input and f is the dynamics model, “y, ‘N and
fx denote the discretized costs and dynamics with sampling step Dt (typically resulting from
a semi-implicit Euler integration scheme). The solution is a locally optimal control sequence
Ug, -, Uy 7 from which we only send the first element u, to the robot low-level controllers.
This NLP is typically solved using the solvers defined in D2.3. The step dynamics f typically
arises from the time integration of a the differential equation:

x = f(x,u)

2.2 MPC with contact

Existing MPC implementations like those developed in Agimus optimize contact forces as
input variables [8, 10], control them only in a feed-forward sense [6, 13, 17, 18]. Some
works have relaxed the rigid contact assumption yet mostly to enable some gradients at the
contact interface [20, 7] hence creating some contact invariance (i.e. capability to decide the
contact phases while deciding the movement).

A rigid contact is a kinematic constraint between the robot and the environment. The equa-
tions of motion of a fully-actuated robot in rigid contact with the environment can be derived
from the Karush-Kuhn-Tucker (KKT) conditions of the convex optimization problem corre-
sponding to Gauss’ least constraint principle [22], as already explained in D2.1:

R T
mqln Ekq Gk (2a)

s.t. J(@)§+ I(q)g =0 (2b)
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where g, q 2 R" are the vectors of joint positions and velocities, M(q) 2 S is the generalized
inertia matrix, J(q) 2 R™ " is the Jacobian of the m-dimensional contact, G; = M(q) (t
h(g,q)) 2 R" is the free acceleration, h(q,q) 2 R" is the vector of centrifugal, Coriolis and
gravity forces and t 2 R" is the vector of joint torques. The KKT conditions of (2), namely
' # # " #
M@ J@" ¢ _ t h(gad) @)
Ja) 0 1 J(a)g

reveal the generalized contact forces 1" 2 R™ as the Lagrange multipliers associated with
the rigid contact constraint (2b).

In this formulation, the continuous-time dynamics constraint f is defined from the solution
map of the KKT conditions (3). It corresponds a controlled dynamical system with state
Ix , (g,9) and control input 'u , t where f maps joint positions, velocities and torques to
the constrained joint accelerations
" . #
f %% = i (4)
M (@) t h(g.q)+I()"!

and 1" is the rigid contact force (dual solution of (3)).

With this formulation, it clearly appears that the contact force 1 is an output with direct in-
put feedthrough, which means that the input torque affects directly the value of the contact
force without any dynamics in between, making lambda an invariant estimated from sensors
non-strictly proper [5]. In other words, the force can be written as a function of the state
and the control input and no force feedback can be established.

2.3 Works related to MPC with direct force feedback

In AGIMUS, we are interested in making the decision about MPC directly based on force
measurements. For now, the MPC is making a decision as a joint torque command, which
the low-level joint servo controllers of the robot are then tracking using joint torque measure-
ment. Yet, the MPC itself never uses the joint torque measurements and cannot adapt its
decisions based on these feedbacks. Even more, if a force sensor is attached to the end
effector of the robot, the methods previously used in the project are not able to take any
advantages of the measurements it provides. The goal of this deliverable is to establish new
methods to consider the feedback of a force sensors directly inside the MPC, to improve the
capability of the robot to accurately achieve forces driven by a physical interaction, such as
machining, inserting, etc.

While it is possible in some cases to achieve output feedback control by exploiting the
feedthrough as a feedforward action [9], it remains a challenge in the general case [12,
19]. In particular, the feedback interconnection of such a system with a non-linearity (e.g. a
model-predictive controller) is known to create an algebraic loop of which the well-posedness
is not guaranteed [1, 5]. Digital implementations of MPC usually circumvent this pathology
by discarding the direct feedthrough terms as physical systems have a finite bandwidth [3].
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One possible way is to augment the state by introducing delay [16], for instance by treating
input as states [21, 23] or by using output predictions in the input computation [4]. The for-
mer approach was used in [2] to derive contact-aware optimal policies, and in our previous
approach [15] to enable torque-feedback in MPC. In this paper, we address this challenge
by proposing a new MPC formulation that introduces contact dynamics rather than adding
dynamics in the joint space.

We have explored two complementary solutions. The first contribution is to introduce a
soft contact model in our MPC to obtain direct feedback from force measurements. This is
achieved by introducing a temporal decoupling between the MPC command and the force
measurement, to the cost of a larger state space. The second contribution is to adapt the
contact model through force measurements. Both approaches are complementary and can
be adapted together.

3 Contribution #1 — Introducing a soft contact model in
MPC to obtain direct feedback from force measurements

The main idea is to use a nonrigid contact model, where the force measurement is not
a direct output of the torque command. This decoupling introduces a temporal difference
between the measurement and the command, hence leading to direct force feedback. It
follows the spirit of a previous paper [15] by extending it from joint torque feedback to end-
effector force feedback.

3.1 Overview of the mathematics of the model

We used a visco-elastic contact dynamics to model the contact force by a linear spring-
damper

1°(0.4,pc) - KDp(g.pc) Bp(a,q) (9)

where Dp(q, pc) = p(q) pc is the end-effector deflection, p(q) 2 R™ is the end-effector
Cartesian pose given by forward kinematics, p. 2 R™ is the contact anchor point, and
p(a,9) = J(q)q is the end-effector Cartesian velocity given by differential forward kinematics.
The matrices K,B 2 R™ ™ are the stiffness and damping of the environment (diagonal and
positive definite), assumed to be fixed and known. In practice, they can be arbitrary high to
accurately reflects the high stiffness of the typical object of interest (e.g. contact between a
machine tool and a stiff object to machine).

We define the force feedback MPC by the augmented state f'x , (g,q, 1) which includes
the classical state ®'x and the measured contact force 1, while the control input is the joint
torque ffu , t like in the classical formulation. Assuming p. = 0 (see paper for details) the
time derivative of (5) is given by

15 x,f'u = Kp Bp (6)

9 of 39



D4.4 — Sensor-driven MPC with visual-haptic feedback AGIMUS

where p = J(q)§ + J(q)q is the end-effector Cartesian acceleration, and the joint acceleration
G is computed using the forward rigid-body dynamics. This reformulation leads to the full
continuous-time dynamics model

x=1f fx My (7)

where f includes the classical forward rigid-body dynamics ¢ and the visco-elastic force
dynamics defined in (6)

2 , 3
v
M1t h+JTI 5 (8)
Ki§ BIMIt h+JT1 +J4

where we dropped the dependencies in g, g for readibility. This model expresses the direct
measure of 1 (which will be the case in our experiments thanks to a F/T sensor attached to
the end-effector) and uses the visco-elastic interaction model to predict its previewed evolu-
tion. Now the MPC is able to take decisions based on the predicted whole-body behaviour
while being directly informed of the measured forces. In this formulation, a contact force task
is formulated as an integral part of the state cost

« My, ffu =kl 1k?+ other terms (9)

3.2 Experimental evaluation
3.2.1 Benchmarks on a simplified polishing task

We first validate the capability of the system to track a reference force during a task where the
robot slides along a contact surface while controlling the force in the normal direction to the
contact. An overview of the setup is given in Fig. 1. Among other evaluations, we triggered
the capabilities of our contribution in the case where the contact model is inaccurate, by tilting
the plate. The accuracy of the controller in both positioning and force is plotted in Fig. 2, and
compared to classical (rigid) MPC of D2.3 and our previous MPC with joint-torque feedback.
These results are summarized by Table 1.

The proposed controller enables an accurate tracking of the contact force while also improv-
ing the positioning of the effector (which is expected when the contact interface is improperly
modeled). Other evaluations are detailed in the companion paper [14], and featured in the
video available on the paper project page'), where the repository of the code is also pro-
vided.

Thttps://gepettoweb. laas.fr/articles/kleff__tro 2025.html
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Figure 1: Snapshots of the benchmark with unkwnown table tilt: the robot has to perform
circular movements on a flat surface while accuretely controlling both the 2D effector
position on the surface and the normal interaction force.

==+ Reference

===+ Reference
== Classical MPC = Classical MPC
= Torque-feedback MPC = Torque-feedback MPC
= Force-feedback MPC A 4 = Force-feedback MPC
N { A N
s
s
. . . g
§
g
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Time (s)

(a) Normal force tracking error. (b) Position tracking error.

Figure 2: Tracking performance of the proposed controller with force feedback, compared to
the previous controller, when the contact interface is not perfectly known (unkwnown table

tilt).

Normal force (N)

Time (s)
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Classical | Torque-feedback | Force-feedback

Force (N) 9.49 1.59 9.67 0.61 212 0.37
Position (mm) | 7.04 0.43 3.37 0.28 3.34 0.11

Table 1: Summary of the benchmark with unkwnown table tilt: MAE of the normal force and
end-effector position for the slow polishing task with imperfect table model.

Figure 3: Overview of the task with vision and haptic feedback: the robot draws a circle on a
board while carefully controlling the normal force to 1N, and adapt its motion to the motion
of the board.

3.2.2 Feedback combining vision and haptic

We then implemented a preliminary version of a MPC controller combining vision feedback
and haptic feedback. In a first time, we only considered a QR-code tag as visual landmark,
and programmed the robot to draw a circle with controlled normal force with respect to the
location of the visual landmark. The robot then adapts to the movement of the plate and
draws the circle in a constant position on the board. An overview of the task is given in
Fig. 3. While we were expecting to mostly transfer this task on the AGIMUS-TIAGo robot,
we have not spent significant time to tune the accuracy of the controller. The resulting end-
effector position and pen force are plotted in Fig. 4.

(a) Normal force tracking (b) End effector position

Figure 4: Tracking performance of the proposed controller with force feedback, compared to
the previous controller, when the contact interface is not perfectly known (board tilted).
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4 Contribution #2 — Adapting the contact model through
force measurements

In the first contribution, we have taken advantage of the capability to predict the future force
evolutions to adequately control them. While this is effective for some context of interest, for
example controlling the normal forces in an insertion task, for other contexts like controlling
the friction forces during the movement along the surface, we lack of effective and com-
putational models able to properly predict interaction changes. In this second contribution,
we show that standard estimation tools (maximum likelihood optimization) together with a
reformulation of the optimal control problem can provide a simple yet effective framework to
achieve force-output-feedback MPC.

4.1 Formulation of the estimation problem

We consider a modification of the contact dynamics (2):

M(@@)(G  G¢) =JIT(1+DI) (10a)
J@G§+I(@)g=0 (10b)

where D1 is a perturbation that offsets the dynamics, here at the level of the contact inter-
face (the paper proposes a more generic framework we reduced here to DI for readibility).
This offset is meant to correct the model mismatch due to inaccurate modeling of the dy-
namics, contact model, external disturbance, etc. The idea is to estimate the offset online,
given raw measurement, given a prior on the offset, we use joint positions, velocities, ac-
celerations, torque commands, and force measurements to update the force offset. We use
maximum likelihood estimation, i.e. Kalman filtering if no constraint is imposed, and a small
optimization problem otherwise, to compute the most likely DI.

The offset can be considered directly in the model used by the MPC. More precisely, we
can consider that the offset will be constant over the horizon of the MPC and solve the
OCP using as dynamics (3). The MPC model is then updated online at each offset estimate
update. Interestingly, we also shown that the resulting MPC is in fact equivalent to modifying
the force reference in the cost function, making the implementation straightforward.

4.2 Results

Compared to the previous contribution, where only the normal forces were considered, we
here consider the friction and sliding effect and seek to improve the behavior of the robot
(e.g. motion tracking) by using a proper force estimate. We considered three tasks in our
benchmarks:

* The same polishing tasks as in the first contribution (motion in contact along a plane
while controlling the 2D position and normal force);
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* Tracking a force step while in a punctual contact, the reference force suddenly varies;

e Minimizing the energy in a task of tracking a varying configuration, while the force
feedback is mostly used as a regularization to avoid slippage.

In particular, we have shown that the friction estimation leads to improved accuracy com-
pared to classical predictive models of the friction. The complete analysis of the perfor-
mances is available in the companion paper [11] and featured in the video available on the
paper project page?), where the repository of the code is also provided.

5 Conclusion

This deliverable reports the findings from the research activities carried out in Task T4.3
of the AGIMUS project. We proposed two complementary solutions to enable direct force
feedback within a model predictive control (MPC) framework. When a reliable model of the
contact interaction is available (particularly for normal forces encountered during tooling or
insertion tasks), we introduced a predictive model based on soft contact. This model allows
the MPC to compute an optimal policy directly informed by force measurements. In contrast,
when no predictive model of the contact interface is available (particularly for estimating fu-
ture friction forces tangential to motion), we proposed to estimate the current contact forces
and injecting them as a constant dynamic offset into the MPC. Both approaches are com-
plementary and compatible.

In both scenarios, the proposed methods outperform existing state-of-the-art approaches,
as demonstrated through simulation and hardware experiments.

Furthermore, the performance achieved is compatible with the requirements specified for
the case studies evaluated in Deliverable D6.1. In coordination with Task T5.4, we have
begun deploying these methods in the project testing zones. In parallel, we are finalizing in-
tegration on the AGIMUS TIAGo prototype, in close collaboration with Task T5.2, to mitigate
deployment risks on the new hardware.

The next steps involve completing the deployment on the updated prototypes and enabling
these control strategies for use in the case studies defined in Work Package 6 (WP6).

2https://gepettoweb. laas.fr/articles/jordana__icra2024.html
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AGIMUS

Classical Torque feedback | Force feedback | Force estimation
Reference D2.3 [15] (8),(9) (10)
State (9,9) (9,9,1) (9.q. 1) (9,9)
Control t t t t
Actuation model Perfect Low-pass filter Perfect Perfect
Force I=1 I=1 I=r 1+DI
(output of (3)) [ (output of (3)) (state of (6)) (force of (10))
Contact model Rigid Rigid Soft Rigid

Table 2: Mathematical recap of the possible MPC formulation, classical (first column, without
effort feedback), with joint torque feedback (second column, our previous work), with
end-effector force feedback (third column, our first contribution). Both methods presented in
this document are compatible, e.g. considering force-feedback in the normal direction and
force estimation in tangent directions.
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