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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. Its objective is to present the progress mainly towards the specific objective SpO1.3:
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 AIR-
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
(ii) 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:

• 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):

min
x0,...,xNu0,...,uN−1

N−1

∑
k=0

ℓk(xk, uk) + ℓN(xN) (1a)

s.t. x0 = x̂, (1b)
xk+1 = fk(xk, uk) (1c)

where x̂ is the measured state, u the control input and f is the dynamics model, ℓk, ℓN and
fk denote the discretized costs and dynamics with sampling step ∆t (typically resulting from
a semi-implicit Euler integration scheme). The solution is a locally optimal control sequence
u∗

0 , ..., u∗
N−1 from which we only send the first element u∗

0 to the robot low-level controllers.
This NLP is typically solved using the solvers defined in D2.3. The step dynamics fk typically
arises from the time integration of a the differential equation:

ẋ = 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:

min
q̈

1
2
∥q̈ − q̈ f ∥2

M(q) (2a)

s.t. J(q)q̈ + J̇(q)q̇ = 0 (2b)
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where q, q̇ ∈ Rn are the vectors of joint positions and velocities, M(q) ∈ Sn
+ is the generalized

inertia matrix, J(q) ∈ Rm×n is the Jacobian of the m-dimensional contact, q̈ f = M(q)−1(τ −
h(q, q̇)) ∈ Rn is the free acceleration, h(q, q̇) ∈ Rn is the vector of centrifugal, Coriolis and
gravity forces and τ ∈ Rn is the vector of joint torques. The KKT conditions of (2), namely

[
M(q) J(q)T

J(q) 0

] [
q̈

−λr

]
=

[
τ − h(q, q̇)
− J̇(q)q̇

]
(3)

reveal the generalized contact forces λr ∈ Rm 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
clx ≜ (q, q̇) and control input clu ≜ τ where f maps joint positions, velocities and torques to
the constrained joint accelerations q̈

f
(

clx, clu
)
=

[
q̇

M−1(q)
(
τ − h(q, q̇) + J(q)Tλ

)
]

(4)

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

With this formulation, it clearly appears that the contact force λ 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

λs(q, q̇, pc) ≜ −K∆p(q, pc)− Bṗ(q, q̇) (5)

where ∆p(q, pc) = p(q) − pc is the end-effector deflection, p(q) ∈ Rm is the end-effector
Cartesian pose given by forward kinematics, pc ∈ Rm is the contact anchor point, and
ṗ(q, q̇) = J(q)q̇ is the end-effector Cartesian velocity given by differential forward kinematics.
The matrices K, B ∈ Rm×m 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 f x ≜ (q, q̇, λ) which includes
the classical state clx and the measured contact force λ, while the control input is the joint
torque f f u ≜ τ like in the classical formulation. Assuming ṗc = 0 (see paper for details) the
time derivative of (5) is given by

λ̇s
(

f f x, f f u
)
= −Kṗ − Bp̈ (6)
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where p̈ = J(q)q̈+ J̇(q)q̇ is the end-effector Cartesian acceleration, and the joint acceleration
q̈ is computed using the forward rigid-body dynamics. This reformulation leads to the full
continuous-time dynamics model

f f ẋ = f
(

f f x, f f u
)

(7)

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

f
(

f f x, f f u
)
=




q̇
M−1 (τ − h + JTλ

)

−KJq̇ − B
(

JM−1 (τ − h + JTλ
)
+ J̇ q̇

)


 (8)

where we dropped the dependencies in q, q̇ for readibility. This model expresses the direct
measure of λ (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

ℓ
(

f f x, f f u
)
= ∥λ − λ̄∥2 + 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 page1), where the repository of the code is also pro-
vided.

1 https://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.
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(a) Normal force tracking error.
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(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).
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Classical Torque-feedback Force-feedback

Force (N) 9.49 ± 1.59 9.67 ± 0.61 2.12 ± 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(q)(q̈ − q̈ f ) = JT(λ + ∆λ) (10a)

J(q)q̈ + J̇(q)q̇ = 0 (10b)

where ∆λ 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 ∆λ 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 ∆λ.

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;

• 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 page2), 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).

2 https://gepettoweb.laas.fr/articles/jordana__icra2024.html
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Classical Torque feedback Force feedback Force estimation

Reference D2.3 [15] (8),(9) (10)
State (q, q̇) (q, q̇, τ) (q, q̇, λ) (q, q̇)

Control τ τ̇ τ τ

Actuation model Perfect Low-pass filter Perfect Perfect
Force λ = λr λ = λr λ = λs λ + ∆λ

(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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Force Feedback in Model Predictive Control:
A Soft Contact Approach

Sébastien Kleff1,2, Armand Jordana1, Nicolas Mansard2,3, Ludovic Righetti1

Abstract—Model-predictive control is an appealing framework
to control robots due to its ability to exploit both sensory
information and model predictions. But its performance re-
mains fundamentally limited in tasks involving contact with the
environment, in part because optimal control policies do not
reason over force measurements. In this article, we propose
a first complete answer to this issue by introducing a novel
approach that systematically includes measured efforts into the
optimal control loop. We propose to augment the state-space
with a visco-elastic model of the contact force in the task space.
We derive a complete predictive controller with an efficient
formulation whose implementation is released in open-source.
We conduct extensive comparisons with two other methods: the
classical model-predictive control formulation, which inherently
restricts the feedback to position and velocity information, and
our previous approach that enabled torque feedback in the
joint space. We demonstrate through simulation studies and
hardware experiments, the benefit of exploiting Cartesian force
measurements in the model-predictive control framework to
achieve challenging contact tasks.

I. INTRODUCTION

A. Model-Predictive Control in contact tasks

Over the past decade, nonlinear Model-Predictive Control
(MPC) has become increasingly practicable to address robot
motion generation problems, mainly thanks to efficient rigid-
body dynamics algorithms [1] and continuous progress in
numerical optimal control, as attested by numerous hardware
implementations on torque-controlled robots [2]–[7]. But its
systematic deployment for tasks involving delicate contact
interactions (where quantified forces are expected to achieve
the task) remains to be achieved because optimal controllers
rely on simplifications that hinder their capability to predict
future interactions. In fact, existing MPC implementations
optimize contact forces as input variables [2], [5], control them
only in a feed-forward sense [3], [4], [6], [7], or relax the rigid
contact assumption for control [8] or modeling [9] purposes.

The difficulty of accounting for contact phenomena in an
optimal control formulation [10], [11] lead roboticists to the
rigid contact model [12]–[14] which fundamentally limits the
ability to control contact forces. This limitation can be un-
derstood from a control-theoretic perspective: under the rigid
contact assumption, the contact force is an output with direct
input feedthrough, which means that the input torque affects
directly the value of the contact force without any dynamics in
between, making the system non-strictly proper [15]. In other

1Tandon School of Engineering, New York University, Brooklyn, NY
2LAAS-CNRS, Université de Toulouse, CNRS, Toulouse
3Artificial and Natural Intelligence Toulouse Institute (ANITI), Toulouse
This work was in part supported by the National Science Foundation grants
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words, the force can be written as a function of the state and
the control input.

While it is possible in some cases to achieve output
feedback control by exploiting the feedthrough as a feed-
forward action [16], it remains a challenge in the general
case [17], [18]. 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 [15], [19]. Digital im-
plementations of MPC usually circumvent this pathology by
discarding the direct feedthrough terms as physical systems
have a finite bandwidth [20]. One possible way is to augment
the state by introducing delay [21], for instance by treating
input as states [22], [23] or by using output predictions in
the input computation [24]. The former approach was used
in [25] to derive contact-aware optimal policies, and in our
previous approach [26] 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.

B. Contributions
The combination of MPC and force control has already been

investigated in other works, either by using an explicit model
of the contact force [27]–[30] or in an impedance/admittance
control fashion [31]–[34]. In contrast to those approaches,
we propose to plan interaction forces based on an explicit
model while not requiring any other controller than the MPC.
To this end, the contact force is modeled as a linear spring-
damper and treated as a state inside the optimization problem.
This allows to make predictions about the future evolution
of the interaction and to optimize directly force-feedback
torque policies. This way we can inherit the benefits of MPC
(reactive planning and task conflict resolution through cost
optimization) while preserving good force tracking capabilities
as in direct force control.

In our preliminary work [26], we revealed the fundamental
limitation of classical MPC and proposed an original for-
mulation that allows to incorporate joint torque feedback in
optimal policies. While it confirmed the benefit of exploiting
joint space effort measurements in contact tasks, we found
that this approach is not the only way to endow robots with
force awareness. Pursuing that objective, we introduce in this
article a new MPC formulation that exploits contact force
measurements in Cartesian space. While it comes at the price
of relaxing the rigid contact assumption, it has the advantage of
using measurements directly in the task space. This benefit is
confirmed through experimental comparisons between the pro-
posed approach, classical MPC and the aforementioned torque-
feedback MPC [26]. Our contributions are the following:
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Rigid dynamics
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Fig. 1: Overview of the proposed MPC schemes. The generic MPC scheme (Section III-A) is agnostic to dynamics model
fk. The 3 MPC schemes presented in this paper are the result of a particular choice of state and input variables x, u: the
classical MPC with position-velocity state and perfect torque actuation (Section III-C), the torque-feedback MPC scheme with
position-velocity-torque state and low-pass actuation (Section IV-C) and the force-feedback MPC with position-velocity-force
state and perfect torque actuation (Section V-C).
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We introduce a novel MPC scheme using a visco-elastic
force contact model and state augmentation (Section V). A
reproduction of the experimental results of [26] on a torque-
driven manipulator (iiwa) and a quantitative assessment of
the force tracking capability of the torque-feedback MPC are
proposed (Section VII). An experimental validation of the
proposed force-feedback MPC and a comparison with classical
and torque-feedback MPC are also presented. A detailed
discussion on modeling assumptions and practical aspects of
adding force in MPC on a real robot is offered (Section VIII).
Finally, connections with existing force control literature and
perspectives for MPC are established (Sections II, VIII).

II. RELATED WORK
A. Force control

The control of contact forces is a long-standing goal in
robotics, as reflected by the early work of Whitney [35], and
has been continuously subject to a great amount of research.
This effervescence is due to the broad range of applications
that necessitate controlled physical interactions, but also to the
difficulty of designing reliable force control strategies [36].
Force control approaches can be broadly divided into 2 cate-
gories: indirect and direct approaches [37].

Direct force control techniques attempt to regulate the
contact force directly through explicit feedback control [38],
[39] based on force sensor measurements. The force control

loop is generally combined with a motion controller in comple-
mentary task space directions as done in hybrid control [40],
[41], or in parallel as done in parallel control [42]. The
best basic force feedback control strategy has been shown -
theoretically and experimentally - to be the integral controller,
which enables accurate trajectory tracking [39]. But the high
performance allowed by direct methods comes at the price
of having to arbitrate manually the conflicts that may exist
between the force and the motion tasks [43]. Besides, it
inherently hides the friction phenomena [44], the exchange of
mechanical work [45], and has serious theoretical pitfalls [46].

Indirect force control on the other hand attempts to regulate
the dynamic relation between force and motion, a.k.a. the
impedance. These techniques include notably impedance con-
trol [47], [48] and admittance control [35], [49]. The contact
force is controlled indirectly through the specification of a
desired impedance. While those techniques are relatively easy
to implement and excel at realizing stable and compliant
contact behaviors, their force tracking performance is inher-
ently limited [50]: force regulation is done indirectly through
impedance specification, which makes its quality depend on a
priori unknown environment parameters [51], [52].

In this work, we propose a novel MPC formulation affording
the explicit control of contact forces, akin direct methods.



Classical MPC Torque-feedback MPC Force-feedback MPC
Section III-C IV-C V-C
State clx = (q, q̇) tfx = (q, q̇, τ) ffx = (q, q̇, λ)

Control clu = τ tfu = w ffu = τ
Actuation model Perfect Low-pass filter Perfect

Force λ = λr (output (5b)) λ = λr (output (10b)) λ = λs (state (18))
Contact model Rigid Rigid Soft

TABLE I: Variable definitions and notations for each MPC formulation. The cl superscript stands for the classical MPC of
Section III-C, tf for the torque-feedback MPC of Section IV-C and ff for the force-feedback MPC of Section V-C. The force
superscript r stands for the rigid contact model, while s denotes the soft contact force model.

B. Fundamental challenges in force control

There is a fundamental trade-off between stability and
performance in force control. Colgate’s analysis of force feed-
back [53] revealed that the contact instability observed by di-
rect force control practitioners [38] is a special case of coupled
instability due to a combination of the inertia scaling effect of
force feedback [48] and non-collocation between sensors and
actuators [54]. Stability can be enforced using a sufficient pas-
sivity condition [49], [55]–[58] that restricts the magnitude of
the force feedback gain, hence the force control performance.
Because some tasks may require precisely behaviors that are
stable but not passive (e.g. bending, grinding), passivity can
be regarded as a conservative criteria [59], although recent
works suggest that it can be effectively accommodated in
direct force control to allow high-bandwidth control [60].
In our work, the stability/performance trade-off is indirectly
arbitrated through nonlinear optimization: the effective force
feedback gain results from the minimization of a cost function.

The question of what particular impedance must be emu-
lated to achieve a given task is very challenging. Impedance
control is by nature agnostic to that question: it only provides
tools to realize a given target impedance. Hence in practice,
target behaviors are hand-designed through empirical fine-
tuning to increase the task performance, which is tedious and
vulnerable to uncertainties. The impedance selection problem
was early recognized as a major challenge [61] to be overcome
by adaptive control strategies [50], [62]–[64], environment
impedance estimation [51], [65], optimization [61], [66] or
learning [67], [68].

C. Toward optimization in force control

We like to think of optimal control as a way to automatize
control gains synthesis, for instance by relating impedance
modulation during contacts to a trade-off between disturbance
rejection and measurement uncertainty [69]. This suggests that
incorporating force in the optimization may result in an opti-
mized impedance, trading off motion and force performance
to achieve a higher-level objective [70]. The present work is
in line with this interpretation.

As mentioned previously, the benefits of MPC and force
control can be combined. This is done for instance in a direct
force control fashion in [27], [28] where the contact force is
treated explicitly as an output in the optimization using a linear
spring model. MPC can also be used to bound the magnitude
of contact forces generated by admittance control schemes in
stiff environments [31]. The work in [32] extends this idea
to nonlinear MPC with an emphasis on path-following. The

approach in [33] proposes a task-space admittance control
scheme that adds proportional-integral force term to the end-
effector position reference in the cost function. Adaptive con-
trol is used in [34] to estimate impedance model parameters
used in an MPC. Closer to our approach, the recent works
in [29], [30] model interaction forces as linear spring models
that are added directly into the state dynamics. In [29],
the contact force estimated from joint torques is fed-back
directly into the MPC that optimizes joint-space PD reference
trajectories. In [30], a Hertz contact model is used in the
trajectory optimization problem. A joint space impedance and
a Cartesian admittance control allow to control forces on a soft
tissue in MPC at 5Hz. We propose instead to achieve high-
frequency predictive force feedback without any additional
stabilizing controller.

III. BACKGROUND

In this section we recall the classical MPC and the torque-
feedback MPC based on actuation modeling.

A. Model-predictive control

We consider the following Optimal Control Problem (OCP)

min
u(.), x(.)

∫ T

0

ℓ
(
x(t), u(t), t

)
dt+ ℓT

(
x(T )

)
(1a)

s.t. x(0) = x̂, (1b)

ẋ(t) = f
(
x(t), u(t), t

)
(1c)

where x̂ is the measured state, u the control input and f is
the dynamics model, ℓ, ℓT the running and terminal costs. The
OCP (1) is transcripted into the following Non-Linear Program
(NLP)

min
x0,...,xN

u0,...,uN−1

N−1∑

k=0

ℓk(xk, uk) + ℓN (xN ) (2a)

s.t. x0 = x̂, (2b)
xk+1 = fk(xk, uk) (2c)

where ℓk, ℓN and fk denote the discretized costs and dynamics
with sampling step ∆t (typically resulting from a semi-implicit
Euler integration scheme). The solution is a locally optimal
control sequence u∗

0, ..., u
∗
N−1 from which we only send the

first element u∗
0 to the robot low-level controllers. This NLP

can be solved efficiently using standard nonlinear optimiza-
tion such as Sequential Quadratic Programming (SQP) [71]



provided that the sparsity induced by time is exploited in the
resolution [72]1.

This generic numerical optimal control formulation encom-
passes the various MPC controllers derived in this paper.
We will propose alternative definitions of the state x and
control u variables, which will lead to specific definitions
of the continuous-time (1c) and discrete-time (2c) dynamics
constraints, hence to distinct model-predictive controllers. The
state and control variables definitions of all MPC schemes are
recapitulated in Table I.

B. Rigid contact dynamics

A rigid contact is a kinematic constraint between the robot
and the environment. The equations 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 corresponding to Gauss’ least
constraint principle [73]

min
q̈

1

2
∥q̈ − q̈f∥2M(q) (3a)

s.t. J(q)q̈ + J̇(q)q̇ = 0 (3b)

where q, q̇ ∈ Rn are the vectors of joint positions and
velocities, M(q) ∈ Sn+ is the generalized inertia matrix,
J(q) ∈ Rm×n is the Jacobian of the m-dimensional contact,
q̈f = M(q)−1(τ − h(q, q̇)) ∈ Rn is the free acceleration,
h(q, q̇) ∈ Rn is the vector of centrifugal, Coriolis and gravity
forces and τ ∈ Rn is the vector of joint torques. As explained
in [74], the KKT conditions of (3), namely

[
M(q) J(q)T

J(q) 0

] [
q̈

−λr

]
=

[
τ − h(q, q̇)

−J̇(q)q̇

]
(4)

reveal the generalized contact forces λr ∈ Rm as the Lagrange
multipliers associated with the rigid contact constraint (3b).

C. Classical MPC

In this formulation, the continuous-time dynamics constraint
f is defined from the solution map of the KKT conditions (4).
It corresponds a controlled dynamical system with state clx ≜
(q, q̇) and control input clu ≜ τ (we omit the dependency in
t for readibility)

clẋ = f
(
clx, clu

)
(5a)

λ = λr
(
clx, clu

)
(5b)

where f maps joint positions, velocities and torques to the
constrained joint accelerations q̈ (primal solution of (4))

f
(
clx, clu

)
=

[
q̇

M−1(q)
(
τ − h(q, q̇) + J(q)Tλ

)
]

(6)

and λr is the rigid contact force (dual solution of (4)). In this
formulation [75], the contact force λ appears as an output of

1Note that nonlinear inequality constraints on the state and control input
can be easily be added to this formulation as shown in [72]

the system. Therefore, the cost function can include a force
task with the following form

ℓ
(
clx, clu

)
= ∥λr

(
clx, clu

)
− λ̄∥2 + other terms (7)

where λ̄ is a reference force.
The discretized dynamics constraint fk can be obtained

using an Euler semi-implicit scheme with sampling time ∆t

fk

(
clxk,

cluk

)
= clxk +

[
∆t ∆t2

0 ∆t

]
f
(
clxk,

cluk

)
(8a)

λk = λr
(
clxk,

cluk

)
(8b)

At each MPC cycle, the NLP (2) is initialized with the latest
position-velocity state measurement clx̂ = (q̂, ˆ̇q) and solved
using as a dynamics constraint the discrete dynamics derived
in (8). The joint torque τ sent to the robot is then selected as
the first optimal control clu∗

0 output by the NLP resolution.

IV. TORQUE-FEEDBACK MPC

We first recall the fundamental incapacity of classical MPC
to do force feedback and how the formulation proposed in our
previous work [26] allows to overcome this issue.

A. The limitation of classical MPC

The classical formulation of Section III-C does not allow
force predictive feedback control because the contact force and
control torque are algebraically coupled. While λ is used as
a prediction, it is possible to choose a control action u. But
if λ is used as a measurement (like the state x), it can be
seen from (5b) (or (8b) in discrete time) that u is completely
determined and cannot be chosen. The force λ appears as the
output of a nonlinear system in with instantaneous transfer
from the input since ∂λ

∂u = (JM−1JT )−1JM−1 is non-
zero. Attempting to control λ with some policy u(λ) would
obviously create an algebraic loop as u and λ would influence
each other instantaneously.

As previously mentioned, this corresponds in control theory
terms to a non-zero input-output feedthrough that makes the
system non-strictly proper. One way to render such a system
proper (and thus to allow force feedback) is to delay the
output with respect to the system input ( [21], p. 37). This
approach was followed in [25] and in our previous work [26]
by modeling an imperfect torque actuation. Another way is
to relax the rigid contact assumption, as done for instance
in [28], which also produces the needed decoupling (the delay
then comes from the flexibility). We propose in this paper to
follow this second track and introduce the force feedback MPC
based on visco-elastic contact modeling. But first, let’s recall
our previously proposed MPC based on actuation dynamics,
which we will use as a basis of comparison.

B. Low-pass actuation dynamics

In our previous work [26], we proposed to model the
actuation dynamics as a first-order low-pass filter. The input



torque w is then related to the actuation torque τ according
to the linear first-order differential equation

τ̇ = ωc(w − τ) (9)

where ωc > 0 is the cut-off angular frequency in rad s−1,
i.e. ωc = 2πfc where fc is the ordinary cut-off frequency
in Hz. We like to think of this model as an abstraction of
the actuation, not an accurate model. It is simple yet generic
enough to capture the linear behavior of many actuators. More
complex models could be used without any changes to the rest
of the approach.

Note that this approach presents similarities to the one
proposed in [76] which enforces the limitation of the actuation
bandwidth limitation by using a frequency-dependent cost
function. In that sense, our approach resembles the special case
of a low-pass shaping function. But the conceptual difference
is that frequency-shaping leaves the relation between state
and control unchanged during the optimization, while our
controller reasons over higher dimensional dynamics, which
enables to naturally derive control policies that depend on
torque measurements.

C. Torque-feedback MPC formulation

The above actuation model allows to augment the classical
dynamics of Section III-C. We define the state of the system
as tfx ≜ (q, q̇, τ), which includes classical state clx and the
joint torques τ . The control input to be computed by the MPC
is defined as the unfiltered torque tfu ≜ w. The rigid contact
model is however left unchanged. The full continuous-time
dynamics model then reads

tf ẋ = f
(
tfx, tfu

)
(10a)

λ = λr
(
tfx

)
(10b)

where the dynamics constraint f now contains the low-pass
filter (9):

f
(
tfx, tfu

)
=




q̇
M−1(q)

(
τ − h(q, q̇) + J(q)Tλ

)

ωc (w − τ)


 (11)

and λr
(
tfx

)
is the same rigid contact force as the one defined

in the classical MPC (dual solution of the KKT system (4)).
Note that in this formulation, the algebraic coupling between
λ and τ still exists (we are still working under the rigid
contact model assumption) but it is no longer an issue since
the optimal control tfu = w can be freely computed after a
contact force is measured. In this formulation, the cost function
of the OCP can include a contact force task similarly to (7)

ℓ
(
tfx, tfu

)
= ∥λr

(
tfx

)
− λ̄∥2 + other terms (12)

with the main difference that the rigid contact force no longer
depends on the system input tfu, but only on the state tfx.

The filter discretized under zero-order hold takes the form
of an exponential moving average

τk+1 = ατk + (1− α)wk (13)

where α = e−ωc∆t. Note that α parameter provides an intu-
itive understanding of the asymptotic behavior of the actuation
model: when fc → ∞, α → 0 and there is no filtering so w
goes entirely through2. When fc → 0, α → 1 and the filtering
is maximal so w is entirely blocked. However in practice,
the value of fc is upper bounded by the Nyquist frequency
fs
2 = 1

2∆t to avoid aliasing phenomena. The position-velocity
dynamics is then integrated using a semi-implicit Euler as in
the classical MPC case, while the torque dynamics uses (13)

fk

(
tfxk,

tfuk

)
= tfxk +



∆t ∆t2 0
0 ∆t 0
0 0 1−α

ωc


 f

(
tfxk,

tfuk

)

(14a)

λk = λr
(
tfxk

)
(14b)

In practice, the torque sent to the robot at each MPC cycle
is not the optimal computed unfiltered torque tfu∗

0 because it
may be too aggressive to be used when the optimizer over-
estimates the filtering effect of the actuation. It is safer to
use instead the optimal filtered torque predictions: hence we
send an interpolation τ̃ between the initial (measured) torque
τ∗0 = τ̂ and predicted (optimal) filtered torque τ∗1

τ̃ = τ∗0 + ϵ(τ∗1 − τ∗0 ) (15)

where ϵ is the ratio between the OCP sampling step ∆t and
the MPC re-planning step duration. The interpolation is used
because the prediction τ∗1 may lie too far in the future when the
OCP sampling frequency is lower than the MPC re-planning
frequency (which is usually the case in practical implementa-
tions). This MPC scheme has been shown to outperform the
classical MPC formulation in contact tasks thanks to its ability
to re-plan based on measured joint torques [26].

V. FORCE FEEDBACK MPC

In this section we introduce the soft contact model and our
new formulation of the OCP that allow direct force feedback
from Cartesian space measurements.

A. Visco-elastic contact dynamics

The visco-elastic contact dynamics models the contact force
by a linear spring-damper

λs(q, q̇, pc) ≜ −K∆p(q, pc)−Bṗ(q, q̇) (16)

where ∆p(q, pc) = p(q) − pc is the end-effector deflection,
p(q) ∈ Rm is the end-effector Cartesian pose given by
forward kinematics, pc ∈ Rm is the contact anchor point, and
ṗ(q, q̇) = J(q)q̇ is the end-effector Cartesian velocity given by
differential forward kinematics. The matrices K,B ∈ Rm×m

are the stiffness and damping of the environment (diagonal and
positive definite), assumed to be fixed and known. Notice that
given joint positions, joint velocities and the anchor location,
the contact force is fully determined.

2This corresponds to a discrete system with pure delay τk+1 = wk .



B. Naive approach to visco-elastic contact

The visco-elastic model immediately leads to a first MPC
with contact feedback, which we introduce now but that we
will explain not to be fully satisfactory. The rigid contact force
in (5) can be replaced by the visco-elastic contact force (16)
which leads to the following continuous-time dynamics model
with classical state clx and input clu

clẋ = f
(
clx, clu

)
(17a)

λ = λs
(
clx, pc

)
(17b)

where f is the same as (6). The only difference between
(17) and the classical formulation (5) is the output equation
describing the contact force evolution: contrary to (5b), the
contact force in (17b) does not depend on the control input
clu. Although this reformulation clearly breaks the algebraic
coupling with the control input, it still does not allow to take
into account the measured force: measuring the state fully
determines the contact force. In other words, (16) acts as a
measurement model. One possibility to exploit it could use a
Kalman filter to estimate the state.

Yet we would rather like to be able to inject new information
into the optimizer at each measurement cycle, so that the
optimal trajectories are based on both visco-elastic predictions
and sensed efforts. For this, we propose another formulation
that consists in augmenting the classical state with the contact
forces.

C. Force feedback MPC formulation

We propose now to include the measured contact force
directly in the system state and to use the visco-elastic contact
equation (16) as a prediction model. The augmented state is
defined as ffx ≜ (q, q̇, λ) which includes the classical state clx
and the measured contact force λ, while the control input is the
joint torque ffu ≜ τ like in the classical formulation. We will
assume that the anchor point is not moving, i.e. ṗc = 0. This
corresponds to a sticking contact model, which is reasonable
as long as there is no slipping. Under this assumption, the time
derivative of (16) is given by

λ̇s
(
ffx, ffu

)
= −Kṗ−Bp̈ (18)

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

ff ẋ = f
(
ffx, ffu

)
(19)

where f includes the classical forward rigid-body dynamics q̈
and the visco-elastic force dynamics defined in (18)

f
(
ffx, ffu

)
=




q̇
M−1

(
τ − h+ JTλ

)

−KJq̇ −B
(
JM−1

(
τ − h+ JTλ

)
+ J̇ q̇

)


 (20)

where we dropped the dependencies in q, q̇ for readibility. This
model expresses the direct measure of λ (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 evolution. 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

ℓ
(
ffx, ffu

)
= ∥λ− λ̄∥2 + other terms (21)

D. Model derivatives and transcription
The optimization algorithm requires the derivatives of the

dynamics model (20) w.r.t. state ffx and control ffu. The
rigid-body dynamics part requires ∂ q̈

∂q ,
∂ q̈
∂q̇ ,

∂ q̈
∂τ , which are clas-

sically known in closed-form [77], and ∂ q̈
∂λ of which we

explicit the computation
∂ q̈
∂λ = M−1JT (22)

Note that the forward rigid-body dynamics q̈ is a function of
(q, q̇, τ, λ). We insist here on the fact that unlike in classical
MPC case, λ is not a function of q, q̇ in the above expression:
as part of the state of the system ffx, the variables q, q̇, λ
are simultaneously measured and therefore independent at
this stage. The visco-elastic force dynamics part requires
the derivatives λ̇s w.r.t. state ffx and control ffu. They are
computed using the chain rule with end-effector velocity and
acceleration

∂λ̇s

∂q = −K ∂ṗ
∂q −B

(
∂p̈
∂q + ∂p̈

∂q̈
∂ q̈
∂q

)
(23a)

∂λ̇s

∂q̇ = −K ∂ṗ
∂q̇ −B

(
∂p̈
∂q̇ + ∂p̈

∂q̈
∂ q̈
∂q̇

)
(23b)

∂λ̇s

∂u = −B ∂p̈
∂q̈

∂ q̈
∂τ (23c)

∂λ̇s

∂λ = −B ∂p̈
∂q̈

∂ q̈
∂λ (23d)

where the terms ∂p̈
∂q ,

∂p̈
∂q̇ ,

∂p̈
∂q̈ are computed using recursive

algorithms [77].
The discretized dynamics model can be obtained using

a semi-implicit Euler integration scheme similarly to Sec-
tions III-C, IV-C

ffxk+1 = ffxk +



∆t ∆t2 0
0 ∆t 0
0 0 ∆t


 f

(
ffxk,

ffuk

)
(24)

At each MPC cycle, the NLP is re-solved based on the
measured state ffx and the first optimal joint torque ffu∗

0 is
sent to the robot.

VI. SIMULATION STUDY
In this section we compare the performances of the 3 for-

mulations previously introduced in simulated polishing tasks.
The benefit of force feedback in the position and force tracking
accuracy becomes clear under imperfect actuation and contact
modeling. Further, we highlight the effect of the low-level
torque controller in the task performance by simulating the
polishing task with and without this module. This reveals the
weaknesses of both the classical MPC and the torque-feedback
MPC formulations.



A. Task formulation

1) Frame conventions and sliding contact: In order to
achieve the polishing task we need a 1D (i.e. pure sliding)
contact model in order to allow only forces in the table normal
direction and motions in the lateral directions. Moreover, this
normal force is expressed in the centered frame convention:
the origin of the reference frame coincides with the contact
point but its axes are aligned with the table axes at all
times. The derivatives of the forward dynamics must then be
expressed in these moving coordinates. Such a model can be
easily obtained from a 3D contact model by using projections
and the derivations described in our previous work [78].

2) Cost function: The task is to apply a constant vertical
force while drawing a circle on the horizontal plane. For the
sake of clarity we split the cost function in 2 parts: a common
part ℓ0 which is the same in all 3 controllers and a controller-
specific part which contains additional terms that are specific
to the controller. The common cost ℓ0 reads

ℓ0 = c1∥q − q̄∥2Q1
(25.1)

+ c2∥q̇∥2Q2
(25.2)

+ c3∥τ − τg(q, λ)∥2Q3
(25.3)

+ c4∥p(q)− p̄(t)∥2Q4
(25.4)

+ c5∥ṗ(q, q̇)∥2Q5
(25.5)

+ c6∥λ− λ̄(t)∥2Q6
(25.6)

where (ci, Qi)i=1..6 are positive scalar weights and positive
diagonal activation matrices, q̄ is a static reference joint
configuration, τg(q, λ) is the gravity compensation torque
under external forces g(q) − J(q)Tλ, p̄(t), λ̄(t) are time-
varying reference of end-effector position and contact force
respectively. The term (25.1) is a joint configuration regular-
ization term, (25.2) a joint velocity regularization term, (25.3)
a torque regularization (around gravity torque), (25.4) an end-
effector position tracking term, (25.5) an end-effector velocity
regularization term, (25.6) a contact force tracking term. Note
that at this stage, we had to slightly abuse notation in the cost
function definition since ℓ0 can clearly be written in either one
of the following ways

ℓ0
(
clx, clu

)
= ℓ0

(
tfx, tfu

)
= ℓ0

(
ffx, ffu

)
(26)

depending on the definition of the state and input variables. In
particular, the force cost term (25.6) takes the form (7), (12) or
(21) depending on the MPC formulation being considered. We
can now define each controller’s complete cost function based
on ℓ0. The only changes in the cost function are regularization
terms on the new variables due to state augmentation. For the
classical MPC, the full cost function reads

ℓ
(
clx, clu

)
= ℓ0

(
clx, clu

)
(27)

For the torque-feedback MPC, the full cost function includes
an additional regularization term on the computed torque

ℓ
(
tfx, tfu

)
= ℓ0

(
tfx, tfu

)
+ cw∥tfu− τg(q, λ)∥2Qw

(28)

For the force-feeback MPC, the cost function includes an
additional regularization term on the rate of change of the
contact force

ℓ
(
ffx, ffu

)
= ℓ0

(
ffx, ffu

)
+ cλ∥λ̇∥2Qλ

(29)

3) Task phases management: The task is divided into
several phases with fixed time durations: stand still, reach the
surface of the table, apply a normal force, circle motion, stop.
The cost function weights and references are updated online
based on these time-based switches.

B. Simulation setup

The simulation scheme presented in Figure 2 is explained
here in details.

1) Software: Rigid-body dynamics computations are per-
formed using the Pinocchio library [77]. The OCPs
are formulated using the Crocoddyl optimal control li-
brary [79] and solved using our efficient SQP solver available
in mim_solvers3 [72]. The force-feedback and torque-
feedback OCPs described in this work are implemented in the
open-source library force_feedback_mpc4. The bench-
marks and experiments can be reproduced using our dedicated
public repository force-feedback5. We use PyBullet
as a physics simulator (”RBDS” in Figure 2).

2) Contact, sensing and actuation modeling: We assess the
performance of the controllers under a perturbed contact model
and imperfect actuation and sensing. The contact surface is
tilted by an angle θ unknown to the controller. The sensing
model adds noise and delays to the measured joint positions
and velocities output by the physics simulator

q̂(t) = qsim(t− δs) + νq (30a)
ˆ̇q(t) = q̇sim(t− δs) + νq̇ (30b)

while the actuation models adds an affine bias, noise, delay,
dry friction and stiction to the motor torques

τ̂(t) = aτm(t− δs) + b− µs sign(ˆ̇q(t))− µv
ˆ̇q(t) + ντ (31)

where q̂, ˆ̇q, τ̂ are measured signals, qsim, q̇sim are computed
by rigid-body dynamics simulation, τm is the motor torque
output by the robot low-level controller, νq, νq̇, ντ are Gaus-
sian random variables with 0 mean and variances σq, σq̇, στ

respectively, δs is the sensing delay, (a, b) is a bias uniformly
distributed over [a, a] × [b, b]. The coefficients µs, µv encode
respectively static and viscous friction in the joints. The con-
tact surface stiffness and damping coefficients of PyBullet
are set to 104 and 102 respectively, and the lateral friction
coefficient to 0.5. The surface tilt angle θ is ranging from
−6◦ to +6◦. The actuation bias (a, b) is uniformly drawn
from [0.8, 1.2] × [−2,+2]. The sensing delay is selected as
δs = 1 simulation cycle, the random noise parameters as
σq = σq̇ = 10−3 and στ as a small percentage of the
joint torque limits provided by the manufacturer. The sign in
the static joint friction term is approximated by a hyperbolic

3https://github.com/machines-in-motion/mim solvers
4https://github.com/machines-in-motion/force feedback mpc
5https://github.com/skleff1994/force-feedback
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Fig. 2: Schematic of the simulation setup used in Section VI-B for the classical MPC, including low-level torque control.
Gray arrows corresponds to zero-order holds (ascending) or anti-aliasing filters (descending). The torque controller is a PID
controller plus feedforward (τd). The actuation block simulates the combined effects of motor inertia, transmission, torque
sensing, etc. The RBDS block can be any rigid-body physics simulator. The sensing block simulates sensor dynamics and
noise.

(33) (31) (30)

tangent and we use µs = 1 and µv = 0.5. In the case of the
force-feedback MPC, the contact force is also perturbed with
Gaussian noise and sensing delay

λ̂(t) = λsim(t− δs) + νλ (32)

with νλ ≃ N (0, σ2
λ). The low-level torque control is simulated

by a torque PID controller with feedforward

τm(t) = τd(t− δo) (33a)

−KP

(
τ̂(t)− τd(t− δo)

)
(33b)

−KI

∫ t

0

(
τ̂(s)− τd(s− δo)

)
ds (33c)

−KD
ˆ̇τ(t) (33d)

where τd is the desired torque output by the MPC,
KP ,KI ,KD are PID gains (manually tuned by fine trials and
errors) and δo is the delay due to the OCP resolution set to
δo = 5ms.

3) MPC settings: The 3 MPC controllers run at 500Hz.
The horizon is 5 nodes of 3ms. The force-feedback MPC has
K = 103 and B = 102. The cutoff frequency of the low-pass
filter model in the torque-feedback MPC is set to fc = 50Hz.
The same parameters are used on real hardware and discussed
in Section VII.

C. Results

In order to compare the performances of the 3 controllers
and how they are affected by the low-level torque control, we
run batches of MPC simulations with and without the torque
PID controller. For each simulation, an actuation model bias
(a, b) and a tilt angle θ are randomly selected. The desired end-
effector circle trajectory has a diameter of 14 cm and a velocity
of 3 rad s−1, and the force reference is 50N. For each con-
troller, the cost function weights were selected independently

to achieve the best empirical performance. The performance
is assessed using 4 metrics: the tangential position and normal
force Mean Absolute Errors (MAE), namely EP and Eλ,
the maximum normal force error magnitude λmax and the
maximum percentage of time spent not in contact tbreak. These
quantities are computed over all tilt angles and bias parameters
samples :

λmax = max
(a,b),θ

∥λ̂(t)∥ (34)

tbreak = max
(a,b),θ

# simulation cycles where λ̂ ≤ γ

# simulation cycles
(35)

with γ = 10−3N.
1) With PID: The PID gains are set to the same values

for all 3 controllers. They were selected manually to achieve
the best torque tracking performance under the contact, sens-
ing and actuation models described previously. Table III re-
ports the performance metrics. The torque-feedback MPC and
the force-feedback MPC both outperform the classical MPC
in terms of tracking performance. Furthermore, the force-
feedback MPC achieved lower force and position MAE and a
lower λmax than the torque-feedback MPC, thanks to its ability
to control directly the Cartesian force.

2) Without PID: When the low-level torque PID controller
is removed, the motor torque τm is set to the feedforward
torque τd (with delay δo) without any feedback from the
measured joint torque τ̂ , so τ̂ can differ significantly from τd
due to imperfect actuation, sensing and contact modeling. In
this case, the force tracking performances of all controllers are
degraded as shown in Table II. Among the three controllers,
the torque-feedback MPC appears to be the most impacted
as its force MAE becomes greater than the one of classical
MPC, and it breaks contact up to more than 32% of the time.
Interestingly, the position tracking accuracy improved for the
classical and torque-feedback MPC. This trade-off in favor



Classical Torque-feedback Force-feedback
EP (mm) 5.75± 0.06 2.44± 0.01 4.59± 0.01
Eλ (N) 25.52± 4.09 33.98± 4.42 10.55± 4.40
λmax (N) 59.36 105.57 110.95
tbreak (%) 0.51 32.75 0.00

TABLE II: MAE of the normal force and end-effector position
for polishing tasks for randomized table tilting angles and
actuation model parameters, without low-level torque control.

Classical Torque-feedback Force-feedback
EP (mm) 7.94± 1.43 3.87± 0.65 3.07± 0.01
Eλ (N) 15.21± 5.70 12.44± 4.16 2.04± 0.01
λmax (N) 185.75 211.00 111.97
tbreak (%) 0.00 0.00 0.00

TABLE III: MAE of the normal force and end-effector
position for polishing tasks for randomized table tilting angles
and actuation model parameters, with low-level torque control.

of position accuracy can be explained by the lower contact
friction which opposes less motion of the end-effector: while
the low-level torque control has the effect of generating the
friction inherently required by the polishing task, its absence
makes it easier to track a desired position by relaxing the force
task. This analysis is also consistent with the lower maximum
force observed for the torque-feedback and classical MPC: the
robot without torque PID is basically ”pushing” less into the
table.

In order to analyze the performance degradation, Table IV
reports the changes in the force and torque tracking MAE
due to the removal of the low-level torque controller: we
computed ∆Eλ and ∆Eτ , where ∆ makes the difference of
MAE between Table II and Table III. The torque tracking
MAE Eτ was computed between the desired torque τd and
the measured torque τ̂ .

3) Discussion: In both cases (with and without torque PID),
increasing force gain in the classical MPC and torque feedback
did not improve the force tracking accuracy. This is a direct
consequence of the inability of the rigid contact model to
accept predictive feedback of measured efforts. Interestingly,
the torque-feedback MPC is the most negatively impacted by
the removal of the low-level torque PID, which suggests a
higher correlation between the torque tracking accuracy and
the task performance. This correlation is consistent with the
results reported in Table IV.

In summary, our simulation study shows the superiority of
the force-feedback MPC in both position and force tracking.
This controller is also the least impacted by poor torque track-
ing accuracy. On the other hand, while the torque-feedback
MPC outperforms the classical MPC under good low-level
torque control, it becomes less performing when the measured
torque differs significantly from the desired torque.

VII. EXPERIMENTAL VALIDATION

We report here hardware experiments on a torque-controlled
manipulator that validate the proposed approach to achieve
dynamic contact tasks, and its superiority over the classical
MPC and the torque-feedback MPC. The accompanying video
contains recordings of the various experiments presented in

Classical Torque-feedback Force-feedback
∆Eλ (N) 10.31± 6.85 21.55± 4.95 8.51± 1.87

∆Eτ (Nm) 2.24± 0.08 2.20± 0.07 1.95± 0.26

TABLE IV: Change in the force and torque tracking MAE
due to the removal of the low-level torque controller.

Fig. 3: Custom end-effector mount piece

this section and additionally illustrates the performance and
robustness of the proposed MPC formulation.

A. Experimental setup

1) Software: The same software as in the simulation study
(VI-B1) was used for the robot experiments.

2) Hardware: We use the torque-controlled Kuka iiwa LBR
1480. The contact surface used in all experiments is a flat
wooden piece. The Cartesian wrenches are measured with an
FTD-Mini-45 SI-290-10 sensor at the robot end-effector. A
custom end-effector plastic piece is used to mount the FT
sensor and to protect it from hard impacts with a soft foam
ball taped to its tip acting as a damper (Figure 3).

3) Soft contact modeling: Let us recall that for the polishing
task, the force-feedback MPC uses a unidirectional (1D) bilat-
eral model, i.e. force is not enforced to be strictly positive, and
the contact and stiffness parameters K,B scalars associated
with the stiffness and damping in the normal direction to
the table. We found that the location of the anchor point
pc is not important, as ∆p doesn’t affect the force dynamics
(only the contact point motion does, as seen from (18)). We
experimentally determined K to be around 1.3e4 but this
approximation is most likely not accurate as K jumps abruptly
when the robot contacted part switches from the foam tip to
the plastic mount piece (e.g. when foam is fully compressed or
when the end-effector is tilting). Considering that increasing
K makes the OCP poorly conditioned and prone to numerical
instability6, and that we empirically found that keeping a low
K didn’t affect the force tracking performance, we chose to set
K = 1000. Note that the intuition that under-estimating K is
safer than over-estimating is also followed in other works [52].

6It requires small integration steps, or a good but computationally-expensive
integration scheme.
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Fig. 4: Experiment 1 : Normal force square signal tracking
performance for the 3 controllers.

The contact damping B should be kept high enough to pre-
vent oscillatory predictions (e.g. higher than critical damping
2
√
K is a good heuristic). But we also noticed that too high B

can make the force time response ”overshoot” and destabilize
the system. This can be understood by analogy with a first-
order linear system in the singular case of a pure damper
(K = 0). In that case, the force dynamics (18) can be written
under the form

λ̇+Bα(q)λ+ β(q, q̇, τ) = 0 (36)

which has a solution of the form λ(t) = e−Bαt + λ0(β) (for
fixed q, q̇, τ ), so B acts as a time constant. We empirically
determined B = 100 to a suitable value throughout all our
experiments.

4) MPC parameter selection: There is a trade-off between
model accuracy (high K) and OCP discretization step (there-
fore horizon length). We found also that integrating the OCP
with smaller steps enables to select more finely the force
trajectories which is important for stability and tracking per-
formance. This also enables to penalize the time-derivative of
the force, λ̇ in the cost and to track aggressive force reference
without having to decrease substantially the force tracking
cost weight. Therefore we select ∆t = 3ms and N = 5
nodes (T = 15ms), for all 3 controllers. The importance
of the horizon length and computation complexity will be
further discussed in Section VIII. We allow a maximum of 8
iterations of SQP in order to achieve a re-planning frequency
of 500Hz. Note that we did not implement a real-time iteration
scheme [80] as we observed in practice that letting the solver
converge to the desired KKT residual tolerance (10−4) [71],
[72] resulted in a better performance than re-planning faster
without waiting for the full convergence.

B. Experiment 1 : Force signal tracking

In this experiment, the robot must track a time-varying force
reference signal as shown in Figure 4. The MAE in the normal
force are 2.76N, 2.70N and 2.16N for the classical, torque-
feedback and force-feedback MPC respectively. The overshoot
and oscillations observed in the case of the force-feedback
MPC can be avoided by reducing the force tracking cost
weight.

C. Experiment 2 : Polishing task with perfect model
In this experiment, the robot must exert 50N along the

vertical to the table while tracking a 14 cm-diameter circle
with its end-effector in the table plane at an angular velocity
of 3 rad s−1, as in Section VI. Figure 5 shows snapshots of
the task. Figure 6 shows the normal force profiles and position
errors for the 3 controllers. We use the MAE over one circle
as a metric and report its mean and standard deviation over
10 circles in Table V. We can see that the torque-feedback
and force-feedback MPC achieve a similar performance in
this case, both clearly outperforming the classical MPC in
position and force tracking. We were able to increase the
position gain of the force-feedback MPC without degrading
the force tracking capability. As a result, in this experiment,
the force-feedback MPC performed better than the torque-
feedback MPC.

Classical Torque-feedback Force-feedback
Force (N) 9.31± 0.79 4.28± 0.63 1.70± 0.15

Position (mm) 6.48± 0.21 3.23± 0.12 3.10± 0.11

TABLE V: MAE of the normal force and end-effector position
for the slow polishing task with perfect table model.

D. Experiment 3 : Polishing task with imperfect model
In this experiment, the task is the same as the one in Section

VII-C, but the table is not perfectly horizontal anymore. It is
tilted by an unknown angle, as done in the simulation study.
The goal is to increase difficulty to distinguish the controllers
performance. We run 3 batches of trials under increased
difficulties (slow motion, then fast, then with pushes).

1) Experiment 3.1 : Slow circle: The unmodeled table
tilt degrades the performances of every controllers in both
position and force tracking. The torque-feedback MPC became
worse than the classical MPC in force tracking as shown in
Figure 7a. The force-feedback MPC still outperforms the 2
other controllers, as shown in Table VI.

Classical Torque-feedback Force-feedback
Force (N) 9.49± 1.59 9.67± 0.61 2.12± 0.37

Position (mm) 7.04± 0.43 3.37± 0.28 3.34± 0.11

TABLE VI: Experiment 3.1 : MAE of the normal force and
end-effector position for the slow polishing task with imperfect
table model (unkwnown table tilt).

2) Experiment 3.2 : Fast circle: The task is the same except
that we increase the circle velocity to 6 rad s−1. Surprisingly,
the torque-feedback MPC struggled to perform the task This

Classical Torque-feedback Force-feedback
Force (N) 9.00± 1.61 11.40± 1.45 1.84± 0.32

Position (mm) 10.85± 0.12 5.41± 0.12 5.29± 0.03

TABLE VII: Experiment 3.2 : MAE of the normal force and
end-effector position for the fast polishing task with imperfect
table model (unknown table tilt)

could be due to the lack of accuracy of the joint torque
measurements7. Instead, we found better results using an

7We used the signal jointTorqueMeasured from the FRI API



Fig. 5: Snapshots the polishing task.
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(a) Normal force tracking error.
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(b) Position tracking error.

Fig. 6: Experiment 2: Tracking performance of the 3 con-
trollers on the slow polishing task (perfect table model)

estimate of the measured torques based on the external torque
estimation from the KUKA and our inverse dynamics model

τ̂ = RNEA(q, q̇, q̈)− τext (37)

where τext is given by getExternalTorques in the FRI
API, RNEA is computed by Pinocchio, q̈ is estimated
by finite differences from q̇ and filtered with a 2nd-order
Butterworth. We verified that τext matches our FT sensor
measurements JT λ̂, which suggests that our sensor model
is accurate. The force tracking performance of the torque-
feedback MPC is still lower than that of the classical MPC,
while its position tracking performance is higher. The force
feedback MPC still outperforms both controllers and the
difference in performance appears clearly in force plots of
Figure 8. The overall performances are reported in Table VII.
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Fig. 7: Experiment 3.1: Tracking performance of the 3 con-
trollers on the slow polishing task (unknown table tilt).

3) Experiment 3.3 : Fast circle with external pushes: In this
experiment, we run the fast polishing task (6 rad s−1) on the
horizontal table (no tilt) but external pushes are applied by a
human operator as shown in the attached video. The position
and force performance plots in Figure 9 illustrate qualitatively
the superior robustness of the force-feedback MPC in face
of unknown disturbances: it is able to maintain both good
force and position tracking performances throughout the whole
task, while the tracking performances of the classical MPC and
torque-feedback MPC are highly affected by the pushes.

VIII. DISCUSSION

A. Computational considerations

1) Resolution complexity: Augmenting the classical MPC
state with additional variables naturally comes with an in-
creased computational cost. Assuming a fully-actuated robot
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Fig. 8: Experiment 3.2: Tracking performance of the 3 con-
trollers on the fast polishing task (unknown table tilt).

with n degrees-of-freedom, the classical MPC state contains
2n variables, so the NLP resolution is O

(
(2n)3

)
. For the

torque-feedback MPC, the state includes n joint torques so the
complexity becomes O

(
(3n)3

)
, and the force-feedback MPC

state includes an m-dimensional contact force so the complex-
ity becomes O

(
(2n+m)3

)
. In our polishing experiments, we

have m = 1 so the increase in complexity is moderate. For
higher dimensional contact models (e.g. a full 6D wrench,
i.e. m = 6) the increase of complexity would be much more
appreciable. Nevertheless we can see that in the case of a robot
with many degrees-of-freedom (n >> m) such as a humanoid,
the complexity increases much more for the torque-feedback
MPC than for the force-feedback MPC. This indicates that the
proposed approach is more efficient than the torque-feedback
MPC in the case of high-dimensional robots.

2) Importance of the horizon: The NLP resolution com-
plexity scales linearly with the MPC horizon N , which
imposes a trade-off between horizon length and re-planning
frequency. In our experiments, we found that keeping a small
number of nodes (N = 5) to allow a fast re-planning frequency
(500Hz) allowed to increase the force task weight of the
force-feedback MPC and was thereby beneficial to the overall
control performance. One possible strategy to increase the
re-planning frequency without shortening the horizon is to
reduce the number of nodes in the horizon while increasing
the integration step ∆t. However given the semi-implicit
integration scheme (24) used in our implementation, we found

Push  Push  Push 

(a) Normal force tracking error.
Push  Push  Push 

(b) Position tracking error.

Fig. 9: Experiment 3.3: Tracking performance of the 3 con-
trollers on the fast polishing task (perfect table model) with
external pushes from a human operator.

empirically that a good compromise between force tracking
performance and stability was to keep a small integration step
(∆t = 15ms) while under-estimating the contact stiffness
(K = 103). This trade-off between integration stability and
model accuracy could be alleviated by using more advanced
integrators that allow larger integration steps, such as expo-
nential integration [81].

Despite these choices, keeping a horizon is important i.e. 5
nodes (T = 15ms) is always better than 1 node (T = 3ms).
Indeed, collapsing the horizon of the classical MPC to 1 node
(i.e. T = 5ms) in the polishing task leads to a substantial
degradation in the position tracking performance (and a neg-
ligible improvement in force tracking). This poor trade-off
in favor of the force task is not surprising since the end-
effector trajectory tracking task requires more planning than
the ”instantaneous” force task. The same horizon reduction
destabilized the force-feedback MPC. Decreasing its force
tracking weight led to a similar trade-off at the expense of
the motion task. Considering that a singular horizon MPC
(N = 1) is essentially equivalent to task-space inverse dy-
namics [75], this indicates that a short-sighted MPC is still
better performing than instantaneous control schemes thanks
to its planning capability. This also suggests that further
increasing the horizon would lead to better motion and force
performances. Here we have experimented rather simple tasks
where the planning capability was not fundamental (e.g. no



collision avoidance), so this observation is likely to become
more true for more complex tasks.

B. Modeling assumptions
1) Contact model: The stiffness and damping K,B pa-

rameters in (16) were determined empirically under stability
and performance considerations, however they could be esti-
mated as proposed in [52] or in an indirect adaptive control
fashion [50]. Besides, the location of the anchor point is
assumed to be perfectly known. Although it does not affect the
visco-elastic dynamics (only its velocity ṗ appears in the soft
contact force evolution equation (18)), measuring or estimating
the anchor point location would be useful to improve the
management of contact transitions. Note finally that the pure
sliding contact model (m = 1) used in the polishing task could
be improved by taking into the account the lateral forces using
e.g. feedback linearization or a Coulomb friction model [82],
or by adding directly a visco-elastic model in the MPC.

2) Contact switch: Furthermore, the proposed optimal con-
trol formulation assumes that the contact switching time
is perfectly known (i.e. the time-varying cost function and
robot dynamics are switched online at a pre-defined time
instant). This implies in practice tedious fine-tuning to stabilize
the contact transition. We could instead consider optimizing
the contact switching times or make the optimization time-
invariant.

C. Hardware limitations
1) Torque ripples due to gearing: Nonlinearities in the

transmission generates ripples in torques measurements, with
a frequency proportional to velocity. This phenomena is
described and thoroughly studied in [83]. These vibrations
impacted negatively the performance force-feedback MPC:
they reflect in the FT sensor measurements under the form
of 30− 40Hz oscillations with an amplitude that varies with
the force and velocity of the polishing. These oscillations can
be partly filtered out with a 2nd-order Butterworth filter, but it
still limits the magnitude of the force weight. This phenomena
is therefore a direct limitation on the performance of the
proposed approach, and is expected to be improved with better
hardware.

2) Mimatch between joint torque sensors and FT sensor:
As previously mentioned, the joint torque measurements read
from the FRI API do not align with the force sensor measure-
ments (37). This could explain why the torque-feedback MPC
did not work at first when using the measurements provided
by the KUKA torque sensors. This would also corroborate
the observation made in simulation that poor torque tracking
impacts torque-feedback MPC the most, although further anal-
ysis would be necessary to confirm this intuition. We used the
estimate (37) to carry out the experiments, which enabled to
outperform performance of the classical in position tracking.
But despite this improvement, the force tracking is still worse
for the torque-feedback MPC than the classical MPC.

No proper explanation has been established by our exper-
imental setup, whether it could come from neglecting the
acceleration or from a significantly different robot (inertial)
model internally used by KUKA algorithms.

IX. CONCLUSION

In this article, we proposed a novel MPC formulation that
allows to reactively plan motions and contact forces. This
approach relies on a reformulation of the optimal control prob-
lem: a state augmentation with a linear visco-elastic contact
model allows to break the algebraic coupling that exist in the
rigid contact model between joint torques and contact forces.
The proposed approach was shown to outperform the clas-
sical MPC formulation, and the previously proposed torque-
feedback MPC formulation that models torque actuation as
a linear low-pass filter. In particular, we showed through a
simulation study that our MPC scheme was less sensitive to the
quality of the low-level torque control, and through hardware
experiments that it enables a high motion and force tracking
accuracy in challenging, dynamic contact tasks. In conclusion
our experiments demonstrate that using sensors that are co-
located with the task is beneficial to performance, and that
force control and MPC can complement each other.

Our approach provides a first complete answer to the
problem of achieving good control performance in contact
tasks with MPC, and addresses the challenge faced by force
control to achieve high-bandwidth force control without hav-
ing to explicitly plan impedance profiles. Future work includes
improving the contact modeling, adding constraints, and apply
the present methodology to floating-based robots and locomo-
tion problems.
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[57] A. Albu-Schäffer, C. Ott, and G. Hirzinger, “A unified passivity-based
control framework for position, torque and impedance control of flexible
joint robots,” IJRR, vol. 26, 2007.

[58] M. Focchi, G. A. Medrano-Cerda et al., “Robot impedance control
and passivity analysis with inner torque and velocity feedback loops,”
Control Theory and Technology, vol. 14, 2014.

[59] A. Ajoudani, A. M. Zanchettin et al., “Progress and prospects
of the human–robot collaboration,” Autonomous Robots, vol. 42,
no. 5, pp. 957–975, 2018. [Online]. Available: https://doi.org/10.1007/
s10514-017-9677-2

[60] Ribin Balachandran, Mikael Jorda et al., “Passivity-based Stability in
Explicit Force Control of Robots,” in IEEE International Conference
on Robotics and Automation (ICRA), 2017. [Online]. Available:
https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=7989050

[61] S. Hogan, Neville and Cotter, “Impedance Control: An Approach To
Manipulation: Part III - Applications,” Robotics research and advanced
applications, vol. 107, no. 1982, pp. 121–128, 1985.

[62] R. Colbaugh, H. Seraji, and K. Glass, “Adaptive impedance control of
redundant manipulators,” in 29th IEEE Conference on Decision and
Control, 1990, pp. 2661–2666 vol.5.

[63] H. Seraji, “ADAPTIVE ADMITTANCE CONTROL: An Approach to
Explicit Force Control,” Jet Propulsion, pp. 2705–2712, 1994.

[64] S. Singh and D. Popa, “An analysis of some fundamental problems in
adaptive control of force and impedance behavior: theory and experi-
ments,” IEEE Transactions on Robotics and Automation, vol. 11, no. 6,
pp. 912–921, 1995.



[65] L. J. Love and W. J. Book, “Environment estimation for enhanced
impedance control,” Proceedings - IEEE International Conference on
Robotics and Automation, vol. 2, pp. 1854–1859, 1995.

[66] M. Matinfar and K. Hashtrudi-Zaad, “Optimization-based robot
impedance controller design,” Proceedings of the IEEE Conference on
Decision and Control, vol. 2, pp. 1246–1251, 2004.

[67] J. Buchli, F. Stulp et al., “Learning variable impedance control,” In-
ternational Journal of Robotics Research, vol. 30, no. 7, pp. 820–833,
2011.

[68] M. Bogdanovic, M. Khadiv, and L. Righetti, “Learning variable
impedance control for contact sensitive tasks,” IEEE Robotics and
Automation Letters, vol. 5, no. 4, pp. 6129–6136, 2020.

[69] B. Hammoud, M. Khadiv, and L. Righetti, “Impedance optimization for
uncertain contact interactions through risk sensitive optimal control,”
IEEE RAL, vol. 6, 2021.

[70] N. Hogan, “Impedance Control: An Approach to Manipulation: Part
II—Implementation,” Journal of Dynamic Systems, Measurement, and
Control, vol. 107, no. 1, pp. 8–16, 03 1985. [Online]. Available:
https://doi.org/10.1115/1.3140713

[71] J. Nocedal and S. J. Wright, Numerical optimization, 2006.
[72] A. Jordana, S. Kleff et al., “Stagewise Implementations of Sequential

Quadratic Programming for Model-Predictive Control,” Tech. Rep.
[Online]. Available: https://laas.hal.science/hal-04330251

[73] F. E. Udwadia and R. E. Kalaba, “A new perspective on constrained
motion,” Proceedings of the Royal Society of London. Series A: Math-
ematical and Physical Sciences, vol. 439, pp. 407–410, 1992.

[74] R. Budhiraja, J. Carpentier et al., “Differential dynamic programming
for multi-phase rigid contact dynamics,” in IEEE Humanoids, 2018.

[75] S. Kleff, A. Meduri et al., “High-frequency nonlinear model predictive
control of a manipulator,” in IEEE ICRA, 2021.

[76] R. Grandia, F. Farshidian et al., “Frequency-aware model predictive
control,” IEEE RAL, vol. 4, 2019.

[77] J. Carpentier, G. Saurel et al., “The Pinocchio C++ library: A fast and
flexible implementation of rigid body dynamics algorithms and their
analytical derivatives,” in IEEE/SICE SII, 2019.

[78] S. Kleff, J. Carpentier et al., “On the Derivation of the Contact Dynamics
in Arbitrary Frames (Application to Polishing with Talos),” aug 2022.
[Online]. Available: https://hal.archives-ouvertes.fr/hal-03758989https:
//hal.archives-ouvertes.fr/hal-03758989/document

[79] C. Mastalli, R. Budhiraja et al., “Crocoddyl: An efficient and versatile
framework for multi-contact optimal control,” in IEEE ICRA, 2020.

[80] M. Diehl, H. Bock et al., Fast Direct Multiple Shooting Algorithms
for Optimal Robot Control. Berlin, Heidelberg: Springer Berlin
Heidelberg, 2006, pp. 65–93. [Online]. Available: https://doi.org/10.
1007/978-3-540-36119-0 4

[81] B. Hammoud, L. Olivieri et al., “Exponential integration for
efficient and accurate multibody simulation with stiff viscoelastic
contacts,” Multibody System Dynamics, vol. 54, no. 4, pp. 443–460,
apr 2022. [Online]. Available: https://link.springer.com/article/10.1007/
s11044-022-09818-z

[82] A. Jordana, S. Kleff et al., “Force feedback model-predictive control via
online estimation,” in IEEE ICRA, 2024 (In press).

[83] V. Chawda and G. Niemeyer, “Toward torque control of a KUKA LBR
IIWA for physical human-robot interaction,” IEEE IROS, 2017.



Force Feedback Model-Predictive Control via Online Estimation

Armand Jordana∗,1, Sébastien Kleff∗,1, Justin Carpentier2, Nicolas Mansard3,4, Ludovic Righetti1

Abstract— Nonlinear model-predictive control has recently
shown its practicability in robotics. However it remains limited
in contact interaction tasks due to its inability to leverage
sensed efforts. In this work, we propose a novel model-predictive
control approach that incorporates direct feedback from force
sensors while circumventing explicit modeling of the contact
force evolution. Our approach is based on the online estimation
of the discrepancy between the force predicted by the dynamics
model and force measurements, combined with high-frequency
nonlinear model-predictive control. We report an experimental
validation on a torque-controlled manipulator in challenging
tasks for which accurate force tracking is necessary. We show
that a simple reformulation of the optimal control problem
combined with standard estimation tools enables to achieve
state-of-the-art performance in force control while preserving
the benefits of model-predictive control, thereby outperforming
traditional force control techniques. This work paves the way
toward a more systematic integration of force sensors in model
predictive control.

I. INTRODUCTION

A. Motivation
Many tasks require accurate control of contact forces

exerted on the environment: polishing, grinding, grasping,
etc. This skill, trivial to humans, remains beyond most robot’s
abilities despite continuous progress in robotics research over
the past decades. While Model Predictive Control (MPC)
affords the online synthesis of complex motions, it remains
fundamentally limited in its ability to control physical in-
teraction. As a matter of fact, although force sensors have
been used since the early days of robotics [1], they remain
notably absent from modern control techniques relying on
model-based optimization.

This is partly because predicting the evolution of contact
forces is challenging in general and involves sophisticated
models [2] that are too specific or impractical for real-time
applications. Hence, the contact models used in practice for
optimization-based control are kept simple for algorithmic
convenience [3]. However, these simplifications hinder the
ability to derive meaningful control policies in contact with
explicit force feedback. To this day, the predictive feedback
control of contact forces remains an open problem.

In this work, we address this issue and show that standard
estimation tools [4] together with a reformulation of the
optimal control problem can provide a simple yet effective
framework to achieve force-output-feedback MPC.
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B. Related work

Force control techniques are classically divided into direct
force control and indirect force control [5]. A full introduc-
tion is out of the scope, so we only provide here a brief
overview and refer the reader to the concise introductory
review on active compliant control proposed in [6].

Direct methods attempt to regulate the force explicitly us-
ing measurement feedback, typically in an integral controller
- which is historically considered the best basic strategy for
force tracking [7]. It can be combined with motion feedback
in complementary task directions [8], or in parallel [9]. While
the use of explicit force feedback enables high accuracy
tracking, the artificial decoupling of force and motion tasks
hides potential conflicts [10], [11] or phenomena such as
contact friction [12] and exchange of mechanical work [13].

On the other hand, indirect methods, such as impedance
control [14] or admittance control [15], [16], aim at reg-
ulating the dynamic relationship between force and motion.
While this allows to generate stable and compliant contact in-
teractions, such techniques are mainly limited by their force
tracking capability: since the force is controlled indirectly
through motion regulation, the tracking performance depends
on a priori unknown environment parameters [17]–[20].

More recently, MPC has shown its ability to accommodate
conflicting objectives through constrained nonlinear opti-
mization [21]. Much research has focused on introducing
MPC into direct [22], [23] and indirect [24]–[28] force
control methods, mainly motivated by its ability to satisfy
constraints. In contrast to [22], [23], [26], [28], [29], the
proposed approach does not require a contact force dynam-
ics model, which greatly simplifies the optimization. Un-
like [24], [25], [27], we use a force sensor to achieve explicit
force tracking rather than impedance/admittance regulation.

Estimation can also be used to improve performance in
force tasks. In [30], external forces are estimated with a
centroidal model. In [31], a state-dependent force correction
model is adapted online. Closer to our work, [32] proposed
an active Kalman observer in MPC to reject unmodeled
disturbances at the input level, which can be viewed as a
form of model-reference (direct) adaptive control. However,
those lines of work do not consider the full dynamics model.

C. Contributions

In this paper, we propose a novel MPC formulation that al-
lows to exploit direct feedback from force sensors. We show
that simple contact models and standard estimation tools
allow to incorporate force feedback in MPC and to achieve
state-of-the-art performance. We claim that force feedback
in MPC is not as challenging as it seems and that it solves



many issues: it circumvents tedious modeling of complex
phenomena (contact, friction, etc.), boosts performance of
classical MPC in contact tasks, and does not conflict with
optimization contrary to traditional force control methods.

We propose to use force measurements to estimate online
the mismatch between the robot’s dynamics model and
measurements. This mismatch is used to correct directly the
predictive model or the control objective. This idea resembles
that of indirect adaptive control [33], where a model of the
plant is identified online to adapt the controller’s parameters.
Our approach allows high-quality force tracking accuracy in
challenging interaction tasks. Our main contributions are:

• a new framework affording direct force feedback control
inside nonlinear MPC based on online estimation and
feedback linearization

• a systematic comparative experimental study of our
force feedback MPC against traditional techniques.

In particular, we demonstrate that the proposed approach
outperforms integral control: it benefits from the same force
tracking capability without impeding the benefits of MPC.
In particular, in contrast to integral control, our approach
maintains or improves the MPC running cost performance.
It has also the advantage of being conceptually simple and
cheap to implement with existing tools and software.

II. BACKGROUND

In this section, we recall the classical MPC formulation
for torque-controlled robots under rigid contacts, and point
out its inherent inability to provide force-feedback policies.

A. Classical model-predictive control

MPC solves online the Optimal Control Problem (OCP)

min
x(.),u(.)

∫ T

0

ℓ (x(t), u(t), t) dt+ ℓT (x(T )) (1)

s.t. ẋ(t) = f(x(t), u(t))

where x(0) = xm is the initial (measured) state, f the
dynamics model, and ℓ, ℓT the running and terminal costs.
Note that hard constraints on the state and control can
be added, as soft penalties or hard constraints - which
may be more challenging for real-time applications. This
OCP is transcripted into a non-linear program, i.e. the cost
and dynamics are discretized using an Euler discretization
scheme. This program is solved online at each control cycle.
For the remainder, and without limitation, we assume that
the robot is fully actuated with n joints, the state vector
x = (q, q̇) ∈ R2n includes the joint positions and velocities
and the control vector u = τ ∈ Rn includes the joint torques.

B. Rigid contact model

In optimization-based control, it is convenient to assume
that contacts between the robot and the environment are
rigid, i.e., pure kinematic constraints that can be resolved
at the dynamics level. The dynamics of a robot in contact
is given by the following constrained dynamical system

corresponding to the KKT conditions of Gauss’ principle
of least constraint [34]

[
M(q) JT (q)
J(q) 0

] [
q̈

−F

]
=

[
τ − b(q, q̇)
−α0(q, q̇)

]
(2)

where M(q) ∈ Rn×n is the generalized inertia matrix,
J(q) ∈ Rnc×n the contact Jacobian, F ∈ Rnc the contact
force, b(q, q̇) ∈ Rn the nonlinear effects of Coriolis, cen-
trifugal and gravity forces, and α0(q, q̇) ∈ Rnc the contact
acceleration drift. For clarity, the dynamics f in (1), is in fact
the solution map of system (2), i.e. f : (q, q̇, τ) 7→ (q̈, F ).
The dependencies in q, q̇ will be dropped in the remainder.

C. The challenge of force feedback

While the rigid contact model conveniently fits the MPC
framework, it inherently prevents force feedback. The contact
force F corresponds to the Lagrange multiplier of the contact
constraint, namely Jq̈ + α0 = 0 (second row of the system
(2)) [35]. As such, it cannot be controlled in a feedback
sense: once x = (q, q̇) and F are measured, u = τ is
already completely determined by (2). Hence, u cannot be
optimized as a function of F without creating an algebraic
loop. This issue is a typical pathology from control systems
with non-zero input-output feedthrough and can be broken
by introducing delay [36]. This point was discussed and
addressed in our previous work [29], where actuation was
modeled as a low-pass filter, and the joint torques were
treated as part of an augmented state. In contrast, we propose
in this paper to break this coupling thanks to the online
estimation without augmenting the state of the MPC.

III. METHOD

This section presents a new approach using estimation
to leverage force sensor feedback in MPC. It includes an
estimator, a reformulation of the MPC problem to include
force feedback in the MPC model, and a feedback-linearizing
compensation term for unmodeled force directions.

A. Estimation

As explained previously, it is unclear how to achieve
force feedback under the rigid contact assumption without
introducing delays or more complex contact models. We
show here that estimation is a simple way to circumvent this
issue by keeping the rigid contact assumption and correcting
the model. Indeed, due to numerous model inaccuracies, the
force F predicted by (2) rarely matches the force measure-
ment. Hence a natural idea is to keep track of this mismatch
by estimating online the offset between the model and the
measurement with standard Kalman filtering [4].

The idea of estimating an offset error to improve the
closed-loop performance of the controller is standard in
estimation (e.g., [30]). We show that a disturbance ∆ in
the dynamics can incorporate rich force sensor feedback
information in the MPC. We consider a model of the form:

Mq̈ + b = τ + JTF +M(∆), (3a)
Jq̈ = −α0. (3b)



Here, M models how ∆ offsets the dynamics. While the
mismatch can be modeled in many ways, we assume that
M is linear. Specifically, we consider two different models:

• Torque offset (in joint space) : M(∆τ) = ∆τ
• Force offset (in task space) : M(∆F ) = JT∆F

This offset is meant to correct the model mismatch due to
inaccurate modeling of, e.g., the dynamics, contact model,
external disturbance, etc. The idea is to estimate the offset
online, given raw measurement. More precisely, given a
prior on the offset ∆̂, we use joint positions, velocities,
accelerations, torque commands, and force measurements to
update the force offset. We assume perfect joint position and
velocity measurements, and Gaussian measurement noise:

∆ = ∆̂ + w, w ∼ N (0, P ), (4a)
q̈m = q̈ + v, v ∼ N (0, Q), (4b)
Fm = F + η, η ∼ N (0, R), (4c)

where Fm is the force measurement and q̈m the acceleration
measurement. P,Q and R are positive-definite covariance
matrices. As it is traditionally done in Kalman filtering, each
disturbance distribution is considered to be Gaussian, which
allows to solve the Maximum Likelihood Estimation (MLE)
problem [4]. Here, the MLE aims at finding the parameters
∆, q̈, F that maximize the probability density function given
the observed measurement and prior force offset:

max
∆,q̈,F

p(∆, q̈, F | ∆̂, q̈m, Fm) (5)

subject to constraint (3a)

Applying the negative logarithm and leveraging the normal
distribution assumption, the problem is equivalent to:

min
∆,q̈,F

∥∆− ∆̂∥2P−1 + ∥q̈ − q̈m∥2Q−1 + ∥F − Fm∥2R−1

subject to constraint (3a) (6)

where ∥w∥2P−1 = wTP−1w. If M(∆) is linear, Prob-
lem (6) becomes an equality QP and can be solved very
efficiently with off-the-shelf solvers. This, in turn, allows
high-frequency online estimation, e.g., 5 kHz for a 7 DoF
robot. As in a Kalman filter, the obtained estimate ∆ is used
as a prior at the next time step.

Note that other constraints can be considered in the QP,
such as inequalities on estimated quantities (e.g. force offset).

Remark 1. If additional inequality constraints are unneces-
sary, one may solve the problem using a Kalman filter [4].
More specifically, one can use Recursive Least Squares
(RLS) [37] with the transition equation, ∆ = ∆̂ + w along
with the observation equation

[
q̈m

Fm

]
=

[
−M JT

J 0

]−1 [
b− τ −M(∆)

−α0

]
+

[
v
η

]
, (7)

in order to estimate ∆ online. Note that if M is linear,
this observation model is linear, and one can use the RLS
equations to derive an update rule on ∆.

B. Force feedback in the MPC via estimation

Once estimated, the force offset must be considered by the
controller. This will break the coupling between forces and
torques discussed in Section II-C by adding a delay between
the measurement and the corrective term ∆F .

1) Naive inclusion as a corrective control: A naive ap-
proach is to add a feedforward term to the optimal torque
given by the MPC, τMPC, to compensate the estimated offset:

τ = τMPC −M(∆). (8)

Although this work focuses on MPC, this method is agnostic
to the nature of the controller.

2) Inclusion in the predictive model: Alternatively, 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 Eq. (3a) (instead of Eq. (2)). The MPC
model is then updated online at each offset estimate update.

Remark 2. Interestingly, when M(∆F ) = JT∆F , updating
the predictive model is in fact equivalent to modifying the
force reference in the cost function. More specifically, the
modified dynamics can be written in the following way:

[
q̈
F

]
=

[
−M JT

J 0

]−1 [
b− τ
−α0

]
−

[
0

∆F

]
. (9)

Therefore, the force offset only biases the predicted forces
and does not affect the acceleration. This means that
this force offset has no impact on the predicted trajec-
tory. The offset will only impact terms of the cost func-
tion that include the predicted force. Given a cost of
the form ℓ(x, u, F (x, u,∆F )), we can simply consider
ℓ(x, u, F (x, u)−∆F )) , and discard ∆F from the prediction
model. This greatly simplifies the implementation and gives
more interpretation to the method. Interestingly, if the cost
function does not depend on the force, the force offset will
not impact the solution of the OCP.

C. Direct compensation of unmodeled force directions

The above formulation assumes that force can only be
exerted in the nc constrained dimensions. However, in reality,
forces can exist in the other 6 − nc directions and may
interfere with the task if not taken into account (e.g. friction
during a polishing task if only the normal force is modeled).

Following [1], instead of using an explicit 6D force model
to compute a feed-forward compensation term, we propose
to use the force measurements directly. This is in fact a
form of Feedback Linearization (FL) as emphasized in [38].
Concretely, we add to the optimal torque given by the MPC
the following compensation FL term

τ = τMPC − JT
6DSF

m
6D, (10)

where J6D ∈ Rn×6 and Fm
6D ∈ R6 are the full 6D Jacobian

and measured force, and the selection matrix S : R6 → R6

nullifies the nc constrained dimensions. In the experiment
section, we will show that this simple FL term will lead to



competitive performances with more established yet more
complex friction models such as the Coulomb model.

From a control perspective, it could seem unsafe at first
glance to use measured forces in the control torque because
the robot would always maintain itself in a disturbed state,
which would create divergence of the force (e.g., pushing
harder). But this would happen only if unmodeled forces
are unbounded (i.e. motion is actually constrained by the
environment). If the unmodeled forces are bounded, the
disturbance would simply generate motion in their directions.
For instance, if the normal force on a plane is stably
controlled, the lateral forces are bounded by it through the
friction cone. In that case, a disturbance increasing the lateral
forces would simply make the robot slip. So this FL term is
a safe compensation term to use in practical situations.

Remark 3. The FL compensation term in Eq. (10), could
instead be added directly inside the MPC model, assuming
that it remains constant over the whole horizon.

IV. EXPERIMENTAL STUDY

In this section, we evaluate the performance of the pro-
posed approach through a comparative experimental study on
a torque-controlled manipulator. First, we show the major
advantage in tracking performance of using explicit force
feedback over classical MPC. This benefit is twofold: force
feedback enables to effectively cancel friction, and it corrects
the model mismatch thanks to online estimation. Second, we
demonstrate the benefit of encoding the model mismatch in
the task space (∆F ) rather than in the joint space (∆τ ).
Finally, we show how the proposed approach outperforms the
most established force control strategy (integral control) by
demonstrating that its force tracking performance is identical,
but that it additionally aligns with the MPC objectives.

A. Experimental setup

All experiments were performed on the torque-controlled
KUKA LBR iiwa R82014. We used an ATI F/T Sensor
Mini40 mounted at the tip of the arm on a custom end-
effector mount piece. A short MPC horizon (4 nodes of 6ms)
allowed to run the MPC and the estimator synchronously
at 1 kHz. The estimation QP problem (6) is solved using
ProxQP [39], the OCP (1) is transcripted using Crocod-
dyl [40], and rigid-body dynamics are computed using
Pinocchio [41]. Our code is publicly available1. Moreover,
the accompanying video illustrates the robustness of the
proposed approach to external disturbances.

B. Tasks formulation

1) Polishing task: A constant normal force is exerted on
a horizontal plane (ex, ey) while tracking a circular end-
effector trajectory. The MPC includes a 1D rigid contact
force model (nc = 1) so that the constraint (3b) prevents
motions in the normal direction ez , and ignores tangential

1https://github.com/machines-in-motion/force_observer

forces in the (ex, ey) directions. The cost function is

ℓ(x, u, t) = w1∥x(t)− x̄(t)∥2Q1
+ w2∥u(t)− ū(t)∥2Q2

+w3∥pee(t)− p̄ee(t)∥2Q3
+ w4∥F (t)− F̄ (t)∥2Q4

+w5∥vee(t)∥2Q5
+ w6∥ log3

(
R̄ee(t)TRee(t)

)
∥2Q6

where (wi, Qi)i=1..6 are positive scalar weights and positive
diagonal activation matrices, x̄(t) = (q̄(t), 0) is a reference
configuration, pee(t), F (t), Ree(t) are the position of the end-
effector, contact force and end-effector orientation respec-
tively, , p̄ee(t), F̄ (t), R̄ee(t) are their respective references,
vee(t) is the end-effector velocity, ū(t) = g(q(t))− JTF (t)
is the gravity compensation torque under external forces,
log3 : SO(3) 7→ so(3) is the logarithm map on rotations.
The circular trajectory p̄ee(t) has a diameter of 14 cm and
a speed of 3 rad s−1, unless otherwise stated. The reference
normal force is constant F̄ = 50N.

2) Force step tracking task: A 3D contact force (nc = 3)
step signal is tracked. Hence the motion of the end-effector
is constrained in normal and tangential directions. The cost
function has the same form as the polishing cost function
(11), with the only differences that F (t), F̄ (t) are 3D, the
reference end-effector position pee(t) is now constant and the
force reference is defined as F̄ (t) =

(
F̄x(t), F̄y(t), F̄z(t))

)

where F̄x(t) is a step signal from −10N to 10N, F̄y(t) =
0N and F̄z(t) = 100N are constant.

3) Energy minimization: A sinusoidal joint position tra-
jectory is tracked while maintaining a fixed 3D contact with
the horizontal plane and minimizing ∥τ∥2. The cost function
is similar to the polishing (11), except that the reference
configuration q̄(t) is no longer constant, no end-effector cost
is used (w3 = w5 = 0), the control regularization term is
turned into an energy term (ū(t) = 0). The reference joint
trajectory is a sine on the A3 joint with an amplitude of
0.2 rad and a frequency of 2Hz. Here the force objective acts
as a regularization term to avoid slipping and large forces (i.e.
w4 ≪ w1, w2, w6) and the reference is F̄ (t) = (0, 0, 50).

C. Friction model vs direct measurement feedback (FL)

We evaluate the effect of force feedback as a direct
compensation of the contact friction (Section III-C). We
compare its performance on the polishing task against the
classical MPC (i.e., without compensation) and the well-
known Coulomb’s friction model

FT = −µ
v

∥v∥FN , (11)

where FT ∈ R2 is the tangential force, FN ≜ F ∈ R is the
normal force, v ∈ R2 is the tangential velocity of the contact
point and µ is the dynamic friction coefficient. This model
is clearly discontinuous in v so in order to avoid chattering
phenomena, we consider the following smooth relaxation

FT = −µ
tanh(ϵ∥v∥)√

2

v

∥v∥FN , (12)

where we used µ = 0.35 and ϵ = 10. Our results
are reported in Table I for several polishing speeds. We
can see that the Coulomb model is slightly better in fast
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Fig. 1: Normal force trajectories of the medium-velocity
polishing task. The blue curve is the classical MPC without
friction compensation, the green curve is the classical MPC
with the Coulomb model compensation, and the red curve is
the classical MPC with FL compensation.

Default FL Coulomb
Slow (1 rad/s) 7.67± 0.55 3.83± 0.17 4.72± 0.21

Medium (3 rad/s) 9.66± 1.38 3.92± 0.56 3.99± 0.33
Fast (6 rad/s) 16.42± 0.79 5.22± 0.32 4.82± 0.25

TABLE I: Mean-absolute error (MAE) of the normal force
(in N) for the polishing task over 10 circles: classical MPC
(Default), FL compensation (10) and Coulomb model (12).

motions but less performing in slow motions. Figure 1 shows
the corresponding force trajectories for the medium-speed
polishing task. Note that the FL compensation term only uses
the 3D Jacobian as the contact torques a negligible in that
task. These experiments confirm that considering the friction
forces substantially increases performance w.r.t. classical
MPC. Moreover, it shows that explicit force feedback from
sensors can effectively be used as an FL term to directly
to compensate friction effects and that it leads to a similar
performance to well-established friction models.

As pointed out in Remark 3, it would be interesting to use
the Coulomb model inside the MPC so that lateral forces are
predicted using velocity and rigid normal force predictions,
but this raises challenging issues (non-smoothness, insuffi-
cient software, breaks symmetry of KKT (2), etc.).

D. Comparison between force offset and torque offset

In this experiment, we compare the two mismatch models
introduced in Section III-A, namely the torque offset ∆τ
and the force offset ∆F . Although capturing all disturbances
in ∆τ seems intuitive, experimental comparisons on the
polishing task reveal a higher tracking accuracy for ∆F . For
each model, we implemented the two ways of incorporating
the correction into the MPC, namely
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Fig. 2: Normal force (top) and end-effector position error
(bottom) for the polishing task: in blue the classical MPC
(II), in green the classical MPC with the FL compensation
term (III-C), in red the proposed approach with FL compen-
sation and the force offset in the predictive model (III-B.2).

∆τ ∆F
Corrective control 2.01± 0.08 1.55± 0.03
Predictive model 1.95± 0.07 1.55± 0.04

TABLE II: MAE of the normal force (in N) for the polishing
task: force offset ∆F vs. torque offset ∆τ , used in the
control loop either in the ”predictive model” way of III-B.2
or in the ”corrective control” way of III-B.1.

• The ”corrective control” way of III-B.1: the correction
is added to the optimal torque as a feedforward input

• The ”predictive model” way of III-B.2: the correction
is added directly to the model

Figure 2 illustrates how force feedback improves both the
force tracking and the end-effector position tracking. Our
results are summarized in Table II. There is a notable
performance difference between ∆F and ∆τ with a clear
advantage for the force offset. Intuitively, the torque offset
estimates perturbations unrelated to the contact (e.g. joint
stiction) while the force offset only corrects what is necessary
to improve the force tracking. There is, however, no clear
difference in performance between using the estimate as a
corrective control or in the predictive model. There seem
to be a slight advantage for the predictive model, but the
performance gap is too shallow to draw any conclusions.

E. Integral force control

Our approach is now compared to the most established
direct force control approach - integral control. We were
not able to find a difference in performance between using
the integral term in the predictive model or as a corrective
control. This question being out of the scope of this paper,
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Fig. 3: Lateral force trajectories in the ex direction for the
force step tracking task: the blue curve is the classical MPC
(Default), the green curve is the classical MPC with with
integral control (Integral) and the red curve is the force offset
estimation ∆F included in the predictive model (∆F (PM)).

we propose to consider only the latter:

τ = τMPC − J(q)T
(
−KI

∫ t

0

(
F (t′)− F̄ (t′)

)
dt′

)
(13)

Note that we deliberately chose not to include a proportional
and a derivative control term as Volpe et. al. [7] demonstrated
both theoretically and experimentally that pure integral gain
control was the best choice for accurate force tracking.

1) Polishing: We observed the same force tracking per-
formance on the polishing task for the integral controller
(1.69±0.05N) than for the proposed approach (cf. Table II,
∆F as corrective control).

2) Step experiment: We show in this experiment that the
proposed approach and integral control have equivalent force
tracking performances on a force step tracking task. The
force trajectories are in Figure 3. We also report the average
force tracking error of all the controllers in Table III.

Avg. error
Default 1.99

∆F (predictive model) 0.71
∆F (corrective control) 0.60
∆τ (predictive model) 0.80
∆τ (corrective control) 0.87

Integral control 0.68

TABLE III: MAE of the normal force error for a step tracking
task for different controllers: classical MPC (Default), force
offset estimation (∆F ), torque offset estimation (∆τ ) and
integral control. ∆F and ∆τ are used as corrective control
(III-B.1) or in the predictive model (III-B.2).

3) Energy minimization: In this experiment, we illustrate
the ability of force feedback MPC to achieve contact tasks
with conflicting objectives. Table IV shows how the proposed
force estimation approach aligns with the MPC objectives
by trading off force tracking against energy minimization:
its overall cost is lower than the integral controller, which
conflicts with the MPC and generates a high cost. These
results also show interestingly that somehow, the torque
offset estimation (∆τ ) uses less energy than the force offset
estimation (∆F ), although it yields a slightly higher cost

Avg. ∥τ∥2 Total cost
Default 136± 21 0.44± 0.02

∆F (predictive model) 139± 13 0.43± 0.01
∆F (corrective control) 145± 18 0.43± 0.02
∆τ (predictive model) 131± 21 0.48± 0.01
∆τ (corrective control) 132± 22 0.51± 0.02

Integral control 1052± 29 0.82± 0.027

TABLE IV: Average squared torque and total cost for each
controller for the energy task: classical MPC (Default), force
offset estimation (∆F ), torque offset estimation (∆τ ) and
integral control. ∆F and ∆τ are used as corrective control
(III-B.1) or in the predictive model (III-B.2).

overall. This suggests that encoding the mismatch as a
joint torque offset may have its own benefits, other than
accurate force tracking. The accompanying video illustrates
the relative importance of w2∥τ∥2Q2

w.r.t. the total cost.

V. CONCLUSION

In this work, we proposed a simple approach to achieve
force feedback in MPC that relies on the online estimation
of the mismatch between the predicted forces and the force
measurements. Our experiments showed that force feedback
effectively cancels friction and brings the force tracking
performance to the level of the most established direct
force control strategies. We also studied two variants of our
approach: the estimation of a torque offset in the joint space,
and the estimation of a force offset in the task space. Our
experiments show that the force offset yields a more accurate
force tracking while the torque offset is more generic and can
enhance other criteria (e.g., energy minimization).

In conclusion, our experimental results show that current
optimization-based control and estimation techniques are
sufficient to incorporate force sensors in model-predictive
controllers and suggest a more systematic exploitation of
those modalities on real robots. In future work, it would be
interesting to add the integral error as part of an augmented
state in the MPC. Also, the estimation could be done over a
horizon (although it has not led to any improvement so far
in our trials), and the assumption of perfect joint position
and velocity measurements could be relaxed, although this
would turn the estimation problem into a nonlinear program.
Finally, it would be interesting to extend the proposed
methodology to floating base robots.
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