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Abstract—Model Predictive Path Integral control is a powerful
sampling-based approach suitable for complex robotic tasks due to
its flexibility in handling nonlinear dynamics and non-convex costs.
However, its applicability in real-time, high-frequency robotic con-
trol scenarios is limited by computational demands. This paper
introduces Feedback-MPPI (F-MPPI), a novel framework that
augments standard MPPI by computing local linear feedback
gains derived from sensitivity analysis inspired by Riccati-based
feedback used in gradient-based MPC. These gains allow for rapid
closed-loop corrections around the current state without requiring
full re-optimization at each timestep. We demonstrate the effective-
ness of F-MPPI through simulations and real-world experiments on
two robotic platforms: a quadrupedal robot performing dynamic
locomotion on uneven terrain and a quadrotor executing aggressive
maneuvers with onboard computation. Results illustrate that incor-
porating local feedback significantly improves control performance
and stability, enabling robust, high-frequency operation suitable
for complex robotic systems.

Index Terms—Optimization and optimal control, motion control,
legged robots, model predictive control.

I. INTRODUCTION

MODEL Predictive Control (MPC) was initially adopted
in the process industry, where slow system dynamics of

chemical plants and refineries made it feasible to solve optimal
control problems online without strict real-time constraints [1].
In recent years, advances in computational hardware have en-
abled the widespread use of MPC in robotics, where system dy-
namics are significantly faster than in traditional applications. To
meet real-time requirements, these implementations often rely
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on simplified internal models, such as reduced-order or template
dynamics [2]. Despite ongoing efforts to accelerate computation,
the optimization time required to solve an MPC problem at
each control step remains a significant bottleneck, making the
application of MPC to fast-paced and highly nonlinear robotic
systems an open and active research topic [3]. These limitations
are particularly pronounced in tasks requiring high-frequency
control, such as agile motion generation and dynamic physical
interaction.

To address this computational bottleneck, several approaches
have been developed. Methods like distributed optimiza-
tion and transformer-based constraint handling offer im-
provements but require significant framework modifications
or specialized hardware [4], [5], [6]. Another strategy ap-
proximates MPC policies directly, for example, using neu-
ral networks, enabling near-instantaneous control after initial
training [7].

Gradient-based methods have achieved great efficiency by
linearizing dynamics and constraints at each timestep, notably
through Real-Time Iteration schemes [8]. To achieve higher
control frequencies, some works proposed the use of equivalent
feedback gains that locally approximate the MPC solution, en-
abling more efficient closed-loop control [9], [10], [11], [12].
For instance, Dantec et al. [9] use sensitivity analysis in a
purely model-based context to derive a high-frequency feedback
controller for humanoid robots. Their method computes a first-
order approximation of the MPC solution using Riccati gains
extracted from a Differential Dynamic Programming (DDP)
solver, enabling a fast inner-loop controller to operate at 2 kHz
without re-solving the full MPC at each cycle. This effectively
bridges the gap between slow optimal planning and fast low-
level control. Similar ideas have been exploited for quadruped
locomotion [10], [11] and for MPC based on Non Linear Pro-
gramming (NLP) [12]. Building on this idea, Hose et al. [13]
extend sensitivity-based approximation to the learning domain.
They propose a parameter-adaptive scheme in which a neural
network is first trained to imitate the nominal MPC policy, and
then locally corrected at runtime using first-order sensitivities
of the MPC solution with respect to varying system parameters.
This allows the learned controller to generalize across different
system configurations without retraining, making it robust and
suitable for deployment on embedded hardware with limited
resources. In a similar vein, Tokmak et al. [14] introduce an au-
tomated method to approximate nonlinear MPC solutions while
preserving closed-loop guarantees. Their approach, ALKIA-
X, uses kernel interpolation augmented with local sensitivity
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Fig. 1. Block scheme describing the Feedback-MPPI method. The proposed
gain computation (red path) can leverage the same parallelization capabilities
of the standard MPPI algorithm. Braces represent the stack of multiple signals.

information to construct an explicit, non-iterative approximation
of the MPC control law.

An alternative to traditional gradient-based MPC methods is
the Model Predictive Path Integral (MPPI) control, a stochastic,
sampling-based technique capable of handling highly nonlinear,
non-convex problems without explicit gradients. MPPI has been
effectively applied to aggressive autonomous driving [15], [16],
agile quadrotor maneuvers [17], and contact-rich quadruped
locomotion [18], [19]. However, MPPI’s computational load
and noisy actions remain challenges, and can cause oscilla-
tions during hovering [17]. Recent advancements such as GPU-
accelerated computations [19], low-pass filtering [20], and adap-
tive sampling using learned priors [21] aim to enhance real-time
applicability and stability.

To further address these challenges, this work proposes in-
tegrating local linear feedback approximations into sampling-
based MPPI controllers, inspired by Riccati-based feedback
strategies from gradient-based MPC. The proposed method
(Fig. 1) enhances responsiveness without necessitating full re-
optimization at each step, unlocking high-frequency feedback
control. The main contributions of this paper are:
� The introduction of a novel method for computing local

linear feedback gains within MPPI, extending the Riccati-
based feedback MPC framework to stochastic sampling-
based controllers.

� Demonstrating the effectiveness of the approach in ap-
proximating the MPPI action to provide high-frequency
feedback, improving accuracy, and action smoothness.

� The approach is validated on quadrupedal robots in simu-
lation and on aerial drones in real-world experiments, both
performing dynamic motions.

Our results bridge the gap between sampling-based and
gradient-based MPC, demonstrating that local feedback-
enhanced sampling-based MPC as a viable strategy for real-time,
complex robotic systems.

The remainder of the paper is structured as follows: in Sec-
tion II we describe the proposed methodology, first presenting
standard MPPI (Section II-A) and then extending it by com-
puting a local approximation of its optimal solution from local
variations in the initial state (Section II-B). This is first validated
by comparing it with a linear quadratic regulator for a toy
problem (Section II-D) and, in Section III, through simulations
and experiments on two robotic platforms, a quadruped legged
robot and a quadrotor aerial vehicle.

II. METHODOLOGY

A. Background on Model Predictive Path Integral Control

Model Predictive Path Integral (MPPI) control is a sampling-
based stochastic optimization approach widely employed to
solve optimal control problems characterized by nonlinear dy-
namics, complex, non-convex cost functions, and potentially
non-differentiable constraints [17], [19]. MPPI addresses op-
timal control problems defined as follows

θ∗ = argmin
θ

�N (xN ) +
N−1∑
i=0

�i(xi,ui)

s.t. x0 = x̂

xi+1 = f(xi,ui)

ui = π(θ,xi, ti), (1)

where θ denotes the decision variables, or parameters, ui the
control inputs at time ti, xi represents the system state evolving
according to the dynamics f(x,u), �i denotes the cost functions
defined over the control horizon N and, finally, x̂ indicates the
current feedback state. For generality, we consider the control
inputs as parametrized by a possibly state dependent function
π(θ,x, t) that maps sampled parameters θ into an input trajec-
tory, possibly also clipping inputs to their upper/lower bounds.
This can be used to decrease the dimensionality of the search
space and to improve the smoothness of the input trajectory [21].
Possible choices are direct sampling (zero-order) [22], cubic
splines [19], or Halton splines [23].

In MPPI, parameter samples are drawn from a Gaussian distri-
bution centered at an initial guess θ̄, which may be obtained from
the solution at the previous step, according to θ ∼ N (θ̄,Σ).
Each parameter sample θk = θ̄ +Δθk generates a rollout by
propagating the system dynamics forward in time, producing a
set of candidate trajectories. Each trajectory is associated with
a cost, with Jk denoting the total cost associated with the k-th
sampled trajectory:

Jk := �N (xk
N ) +

N−1∑
i=0

�i(x
k
i ,u

k
i ). (2)

The optimal parameter update in MPPI is then computed using
a weighted average of parameter perturbations:

θ∗ = θ̄ +

K∑
k=0

ωkΔθk, (3)

with trajectory-specific weightsωk determined by their costs Jk

as follows:

ωk =
μk∑K
j=1 μ

j
, with μk = exp

(
−1

λ

(
Jk − ρ

))
, (4)

where ρ = mink=1,...,K Jk, and λ is a tuning parameter balanc-
ing exploration and exploitation [17], [24]. In practical imple-
mentations, MPPI utilizes GPU acceleration for parallelization
of trajectory evaluations, significantly reducing computational
time and facilitating real-time performance on complex systems
such as agile aerial and legged robots [17], [19]. The computed
optimal parameters from (3) directly yield the commanded
control action via:

u∗ = π(θ∗, x̂, t0). (5)
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In standard MPPI frameworks, the resulting optimal action is
commanded directly to the system and typically held constant
over the sampling interval.

B. Feedback MPPI

A notable drawback of MPC controllers, MPPI included, is
that the control frequency is directly tied to the computational
rate of the MPPI solution, which is constrained by the platform’s
processing capabilities. To address this, we introduce a method
for computing a first-order approximation of the MPPI action.
This approximation enables high-frequency feedback for sys-
tems demanding high control bandwidth, eliminating the need
for an additional tracking controller. In order to compute a local
approximation of the MPPI action, we derive the sensitivity of
the optimal inputsu∗ in (5) to variations in the current initial state
x̂. This quantity, denoted as F ∈ Rnu×nx , maps state variations
into inputs and can be used as a local feedback control gain to
obtain a new action of the kind

u = u∗ + F (x̂− xsp) , (6)

where xsp represents a local setpoint acquired from the MPPI
solution1 which will be tracked by the inner loop.

To derive an expression for the MPPI gain matrix F, it is
sufficient to differentiate the optimal solution obtained through
importance sampling (3)–(4). In fact, applying the chain rule to
(5) leads to:

F =
∂u∗

∂x0
=
∂π

∂θ

∂θ∗

∂x0
+
∂π

∂x0
, (7)

where ∂π
∂θ and ∂π

∂x0
depend on the specific policy parametrization

choice, e.g., direct sampling or cubic splines. Then, one has to
differentiate the optimal parameters θ∗. Recalling (3):

∂θ∗

∂x0
=

K∑
k=0

Δθk ∂ω
k

∂x0
. (8)

Then, noting that

∂μk

∂x0
= −μ

k

λ

(
∂Jk

∂x0
− ∂ρ

∂x0

)
, (9)

applying the quotient rule to (4) and simplifying, yields

∂ωk

∂x0
=
ωk

λ

⎛
⎝∂Jk

∂x0
−

K∑
j=1

ωj ∂J
j

∂x0

⎞
⎠ . (10)

Plugging back to (8) one has

∂θ∗

∂x0
=

K∑
k=0

Δθk ω
k

λ

⎛
⎝∂Jk

∂x0
−

K∑
j=1

ωj ∂J
j

∂x0

⎞
⎠ , (11)

which can be combined with (7) to obtain the desired MPPI
gains, depending on the chosen control parametrization:

F =
K∑

k=0

∂π

∂θ
Δθk ω

k

λ

⎛
⎝∂Jk

∂x0
−

K∑
j=1

ωj ∂J
j

∂x0

⎞
⎠+

∂π

∂x0
. (12)

1 In contrast to several works that simply set this setpoint as the initial state
x0 at which the solution was computed, we draw inspiration from [25] and
continuously update xsp by linearly interpolating between x0 and x1.

For instance, in the case of direct control sampling, where
θ = (u0, . . . ,uN−1), with ∂π

∂θ = (I,0, . . . ,0) and ∂π
∂x0

= 0:

F =

K∑
k=0

Δuk
0

ωk

λ

⎛
⎝∂Jk

∂x0
−

K∑
j=1

ωj ∂J
j

∂x0

⎞
⎠ . (13)

Similar expressions can be derived also in the case of different
input parametrization.

Remark 1: One of the advantages of sampling-based MPC
over gradient-based MPC is the ability to optimize over discon-
tinuous optimal control problems. Since our gain computation
relies on the gradients of the rollout costs, we do require lo-
cal differentiability of the dynamics and costs in (1). This is,
however, not a limitation: in fact, most robotic applications are
described by at least piecewise smooth functions. Indeed, such
gains will only approximate the local behavior of the system
away from discontinuities. This is similar to the fact that linear
MPC approximations do not track active set changes when
dealing with inequality constraints [12]. Still, while computing
gains requires local differentiability of the rollouts, the ability
of the solver to explore the solution space and optimize over
discontinuous non-convex problems is not affected.

Remark 2: In many MPPI implementations, including ours,
generic inequality constraints can be managed using indicator
functions by adding a large constant cost to trajectories that
violate the constraint. Since this cost term is (locally) constant,
it does not influence the gain computation, meaning the feedback
system remains unaware of such constraints. A straightforward
way to overcome this limitation is to incorporate constraints
through smooth barrier functions, as demonstrated in Feedback-
MPC [10]. On the other hand, since input constraints are treated
by directly clipping the sampled trajectory inside the rollouts,
MPPI gains will naturally account for such constraints if active.

C. Implementation

Notably, the proposed gain computation (12) still makes use of
parallel computation to achieve real-time performance even with
a large number of samples. In fact, the cost gradients ∂Jk

∂x0
can be

evaluated separately for each rollout and later combined with the
appropriate trajectory weights ωk. The whole Feedback-MPPI
algorithm has been implemented in a standalone Python library
that we released as open source. This library makes use of JAX to
run JIT compiled code on CUDA-compatible GPUs to perform
parallel rollouts. Moreover, we make use of the Automatic
Differentiation capabilities provided by JAX to compute the cost
gradients in (12) in parallel together with the rollouts, improving
the computational efficiency of the method.

D. Illustrative Example

To assess the efficacy of the proposed method in determining
the optimal gains for the MPPI solution, we first illustrate its
behavior through a quantitative example involving an inverted
pendulum system. These gains are compared to those obtained
by applying an infinite horizon discrete-time Linear Quadratic
Regulator (LQR) to the linearized system around the upward
equilibrium. Although a formal proof of the relationship be-
tween MPPI and Riccati gains is not available at the time of
writing, it is reasonable to assume that the methods should yield
similar gains under similar circumstances.
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Fig. 2. Comparison between MPPI gains obtained for the inverted pendulum
system under different conditions (linear/nonlinear rollout, input saturation) for
an increasing number of samples, and LQR gains computed around the upward
equilibrium (dashed gray line).

In this scenario, the algebraic Riccati equation was solved
using Q = I and R = 1, resulting in the optimal Riccati gain
matrix FLQR and the solution matrix S. Next, we formulated
an equivalent MPPI problem, aligning the running cost with
that of the LQR and setting the terminal cost as �N = xTSx to
solve the infinite horizon problem. Three cases are considered
for MPPI: first, using the same linearized dynamics as the LQR,
then with the nonlinear inverted pendulum dynamics and, finally,
including input bounds to saturate the optimal solution. The
MPPI was then solved multiple times from an initial condition
x0 = (π/8, 0.0), with gains computed using (12). This proce-
dure was repeated while varying the number of samplesK. The
results in Fig. 2 demonstrate that in the unconstrained cases
(Linear and Nonlinear) MPPI gains F = ( ∂u

∂x1
, ∂u
∂x2

) are on av-
erage similar to LQR optimal gains for both linear and nonlinear
rollouts, with a variance shrinking significantly as the number
of samples increases. As the gain computation relies on the
linearization around the rollout trajectories, minor differences
can be ascribed to the different state trajectories obtained with
the linearized model. In the input constrained case, MPPI gains
instead converge to zero: this effect, which correctly predicts
the fact that no additional feedback action can be added to
the control, stems from the fact that the partial derivative ∂π

∂θ
collapses to zero when inputs are clipped.

III. APPLICATIONS

Riccati-like gains have consistently demonstrated their effec-
tiveness in various applications through numerous studies and
practical implementations [9], [10], [11], [25], [26]. Given this
well-established track record, our objective in this section is not
to revalidate their utility. Instead, we aim to illustrate how these
gains can be successfully integrated within the framework of
sampling-based MPC running at low frequency to dynamically
control two robotic platforms, and how the additional com-
putational effort balances with performance gains even when
compared to MPPI running at higher frequencies.

TABLE I
MPPI SETTINGS FOR THE QUADRUPED EXPERIMENTS

A. Quadruped Motion Control

We first test the proposed method on a simulated quadruped
robot based on Aliengo,2 a 24 kg electric quadruped developed
by Unitree. The simulations are performed in MuJoCo, running
on a laptop with an Intel i7-13700H CPU and an Nvidia 4050
6 GB GPU. All relevant settings are reported in Table I.

The dynamical model of the system adopts the simplified Sin-
gle Rigid Body Dynamics model formulation [19]. This model
focuses on the quadruped’s core translational and rotational
movements, omitting the swinging legs’ dynamics given their
typically small mass in comparison with the trunk of the robot.
The robot’s dynamics is centered around the CoM frame, and is
described using two reference frames: an inertial frame W , and
a body-aligned frame C at the Center of Mass (CoM). The state
vector is

x =
(
rc, vc, φ, ω

) ∈ R3 × R3 × R3 × R3,

with position rc = (x, y, z) and velocity v = (vx, vy, vz) ex-
pressed in the inertial frame, the robot body orientation φ =
(φ, θ, ψ) where φ, θ, ψ, are the roll, pitch, and yaw respectively,
and the angular velocity ω = (ωx, ωy, ωz) expressed in body
frame. Finally, the equations of motion read as

ṙc = vc

v̇c =
1

m

4∑
i=1

δifi + g

φ̇ = E′−1(φ)ω

ω̇ = −I−1
c (ω × Ic)ω +

4∑
i=1

δiI
−1
c pi × fi,

with m the robot mass, g the gravitational acceleration and
Ic ∈ R3×3 the constant inertia tensor centered at the robot’s
CoM; E′−1 is a mapping from the robot’s angular velocity to
Euler rates; pi ∈ R3 is the displacement vector between the
CoM position rc and the i-th robot’s foot. Binary variables
δi = {0, 1}, extracted from a precomputed periodic gait se-
quence, indicate whether an end-effector makes contact with
the environment and can produce Ground Reaction Forces fi
(GRF), which we optimize in our controller formulation.

1) Simulation Results: In the simulation, we ask the robot
to track a set of linear velocity references (between 0, 0.5 m/s)
over a randomly generated rough terrain while being subject

2 Aliengo quadruped robot: https://www.unitree.com/products/aliengo
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to random disturbances (between ±5 Nm). For this task, the
cost function is designed to track a desired velocity reference
(linear and angular) while maintaining a desired posture (height,
roll, and pitch of the robot). This is achieved by incorporating a
weighted quadratic state error plus a regularization term for the
GRF (gravity compensation)

�track = ‖x− xtrack‖2Q + ‖u− ureg‖2R. (14)

The control inputs (GRFs) are sampled using linear splines
and are clipped to enforce friction cone constraints for non-
slipping conditions [19]. We run F-MPPI at 50 Hz, and compare
its performance to standard MPPI at three different control
frequencies, 50 Hz, 80 Hz, and 100 Hz. We selected 50 Hz as base
frequency to be consistent with the real quadrotor experiments in
Section III-B1, where such frequency is limited by the onboard
hardware, and to simulate the use of a similar, less powerful,
embedded system. Then, we progressively increased the MPPI
frequency to reflect the fact that the increased computational cost
of F-MPPI relatively decreases the maximum control frequency
for a given computational budget. In all cases, we sample 5000
parameters, bringing the computational complexity of F-MPPI
to 3 ms per run, while that of MPPI to 2 ms. Our goal is to
show that utilizing the MPPI gains brings benefits to the final
performance of the system, even when accounting for a decrease
in the control frequency due to the additional computations. In
all cases, a low-level controller that runs at 500 Hz maps the
GRFs to joint torques via a simple Jacobian mapping (see [19]).
When F-MPPI is used, this mapping consistently relies on
GRFs updated at the same rate (500 Hz), leveraging the gains
calculated at a lower frequency by our algorithm.

The final results, which report the Mean Absolute Errors over
50 trials, are shown in Fig. 3. F-MPPI, computed at 50 Hz,
remains competitive even against an MPPI running two times
faster (100 Hz), and outperforms MPPI running at a similar
computational budget (80 Hz).

B. Quadrotor Motion Control

The second robotic platform consists of a quadrotor robot
based on MikroKopter and running on the Telekyb3 framework
for the hardware interface and state estimation. An Unscented
Kalman Filter implemented in Telekyb3 is used to fuse the
IMU measurements and the motion capture position feedback
to obtain an estimate of the state x̂. First, the proposed method
has been tested in a Software-In-The-Loop simulation using a
Gazebo environment where the robot firmware, state estimation,
and motor dynamics are simulated to mimic real-world experi-
ments. The simulation runs on a laptop with an Intel i7-13700H
CPU and an Nvidia A1000 6 GB GPU. In the experiments, the
F-MPPI controller is fully executed onboard on an Nvidia Jetson
Orin NX 16 GB. The same implementation and MPPI settings
used in the simulation have been employed in the experiments,
with only minor differences in the hardware interface. All rele-
vant settings are reported in Table II.

Following the scheme depicted in Fig. 1, the F-MPPI algo-
rithm operates at a frequency of 50 Hz, while the low-level
control module, based on the MPPI gain matrix, updates the
control action at a frequency of 200 Hz.

We adopt the standard rigidbody model of a quadrotor whose
center of mass coincides with its geometric center [27]. The state

Fig. 3. Top: Tracking results for the quadruped simulation of F-MPPI against
MPPI running at three different control frequencies; Bottom: A snapshot of
the quadruped robot tracking a desired velocity (orange arrow) on a randomly
generated uneven terrain, while being perturbed by an external disturbance (red
arrow). Green arrows represent the GRFs, while the blue arrow depicts the actual
robot’s velocity.

TABLE II
MPPI SETTINGS FOR THE QUADROTOR EXPERIMENTS

vector is

x =
(
r, v, q, ω

) ∈ R3 × R3 × S3 × R3,

with position r = (x, y, z) and velocity v = (vx, vy, vz) ex-
pressed in the inertial frame, the unit quaternion q =
(qw, qx, qy, qz) describing the body attitude and the angular
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Fig. 4. Evolution of the quadrotor position in the x−z plane, stroboscopic view of the quadrotor motion and commanded rotor speeds during the experiment. In
blue is the proposed framework, while in orange is the standard MPPI controller running at the maximum frequency allowed by the hardware platform. Thanks
to the proposed method, the resulting control action is smoother and the motion more precise, with a reduction of 64.6% and 28.9% in RMSE for the x and z
components, respectively. See the supplementary material for a clip of the experiment.

velocity ω = (ωx, ωy, ωz) expressed in body frame, and S3

representing the unit 3-sphere.
With the rotor speeds as inputs u = (w1, w2, w3, w4), the to-

tal thrust f and control torque τ generated in body frame are ob-
tained through the allocation matrix (f, τ ) = T(l, kf , km)u2,
where l denotes the quadrotor arm length and kf , km the pro-
peller aerodynamic coefficients [27]. The equations of motion
therefore read

ṙ = v, q̇ =
1

2
q⊗

[
0

ω

]
,

v̇ =
1

m
R(q)

⎡
⎣00
f

⎤
⎦+ g, ω̇ = I−1

c

(
τ − ω × Ic ω

)
,

where R(q) ∈ SO(3) is the rotation matrix associated with q,
m is the total mass, g the gravity force vector, and Ic the inertia
tensor centered at the robot CoM.

Both the simulation and experiments use the same base cost
function designed to reach a position goal while trading off
control effort. The cost function term for achieving the goal
incorporates a weighted quadratic state error:

�goal = ‖r− rgoal‖2Qr
+ ‖v‖2Qv

+ ‖q− q0‖2Qq
+ ‖ω‖2Qω

,

(15)

where q0 = (1, 0, 0, 0). Inputs are sampled using cubic splines
with Nknot = 5 knot points. The sampled trajectory is then
clipped to enforce input limits. To minimize control effort and
regularize the solution, the input is kept close to the constant
hovering input uh with a cost:

�u = ‖u− uh‖2R. (16)

1) Experimental Results: The effectiveness of the F-MPPI
method is now demonstrated in a real-world scenario where
computational resources are also limited. Specifically, we ex-
ecute standard MPPI on the onboard computer at its maximum
feasible frequency of 66.7 Hz. During these tests, the quadrotor

is tasked with reaching a goal displaced of (1, 0.5) m in the
x-z plane. The overall system is tuned for best performance
with the standard MPPI running at 66.7 Hz, while the frequency
is lowered to 50 Hz for F-MPPI to meet real-time constraints
without modifying the problem.

The experimental results, illustrated in Fig. 4, highlight that
the proposed F-MPPI method not only reaches the target more
quickly but also with superior precision compared to standard
MPPI. To quantitatively evaluate performance, we calculate
the Root Mean Square Error (RMSE) for both the x and z
components after the initial transient phase. The F-MPPI method
achieves RMSE values of 0.017 m and 0.027 m for the x and z
components, respectively, while the standard MPPI yields higher
RMSEs of 0.048 m and 0.038 m.

An additional advantage of F-MPPI is the significantly
smoother control commands it generates, as shown in Fig. 4
(bottom right). This smoothness can have practical benefits, such
as reducing actuator wear and lowering power consumption, thus
enhancing the overall efficiency and longevity of the system.

2) Computation Time Analysis: In order to study the impact
of the proposed method on the computation time, we have
collected data by running several simulations of the quadrotor on
the onboard Jetson computer with and without the MPPI gains
calculation. Results obtained with different control horizons N
and number of samples K are reported in Fig. 5. The difference
between F-MPPI and standard MPPI can be ascribed to the gain
computation, which increases overall runtime by roughly 40%
–70%. The overhead grows with the number of samples and the
prediction horizon; it reaches the high end of this range when
K = 1200, where the rollouts outnumber the available GPU
cores.

It should be recognized that this approach has a higher
computational burden compared to methodologies developed
for gradient-based MPC that rely on Riccati recursion [9] or
NLP sensitivities [26]. Ultimately, the performance gains will
be determined by the specific system characteristics that dic-
tate whether the additional computational cost is worthwhile.
Nevertheless, we demonstrated that the proposed method is a
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Fig. 5. Computation times for the proposed method (F-MPPI) and standard
MPPI in the quadrotor regulation problem, analyzed across varying control
horizons and numbers of parallel samples. The analysis was conducted on an
Nvidia Jetson Orin NX 16 GB with 1024 GPU cores.

viable option for sampling-based MPC. As evidenced by the
experimental results, even running F-MPPI at the low frequency
of 50 Hz can yield significant performance improvements com-
pared to standard MPPI thanks to the high-frequency feedback
provided by the MPPI gains implemented in the inner-loop.

C. Application to Hybrid Systems and Non-Convex
Constraints

As the proposed method relies on differentiating the rollout
trajectories, MPPI gains only provide a first-order approxi-
mation of the optimal solution (cfr. Remark 1). However, we
demonstrate that this limitation does not hinder the method’s
applicability to discontinuous problems arising from hybrid
dynamical systems or the presence of inequality constraints.

1D Hopper: The method was applied to a 1D Hopper robot
whose hybrid dynamics is simulated through Mujoco MJX.
This robot can extend its leg to push on the ground and propel
upwards. However, due to the leg extension being limited, it
has to resort to a bouncing motion to reach higher positions. In
this setting, we have implemented the F-MPPI method running
at 50 Hz with gains closing the low-level loop at 500 Hz. The
robot starts from the desired height of 0.5 m and repeatedly
bounces around the same height. To mimic a real-world scenario,
the velocity of the robot is perturbed with Gaussian noise.
Fig. 6 shows results with and without the use of MPPI gains.
Without the additional correction provided by the inner loop,
disturbances make the robot enter a local minimum, remaining
stuck to the ground. On the other hand, the proposed method is
able to complete the motion, demonstrating how MPPI gains are
able to locally regulate the system across the two hybrid modes.

Fig. 6. Comparison of the height evolutions of the 1D hopper robot under the
two different control laws. The results were obtained by directly performing
sampling and differentiation through the dynamics simulator.

Fig. 7. Path executed by the robot when navigating among obstacles. Top-
down view with obstacles’ radii augmented by the quadrotor dimension (left).
Stroboscopic view of the motion in the Gazebo simulator (right). See the
supplementary material for a clip of the simulation.

Quadrotor navigation among obstacles: Despite generic con-
straints not being explicitly accounted for in the gain compu-
tation (cfr. Remark 2), the method can effortlessly incorpo-
rate them and handle non-convex optimization problems. To
illustrate this, we conducted simulations involving navigating
through a series of stationary circular obstacles to reach the
designated goal position. Following [17], the obstacle avoid-
ance constraint is enforced by incorporating a barrier term into
the cost function. This significantly penalizes trajectories that
collide with the environment. The barrier term can be added
to the cost as �obs = Qobs 1x∈χobs

, where χobs represents the
space occupied by obstacles.
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Fig. 7 depicts the path executed in the navigation scenario.
The robot successfully navigates to the goal in approximately
4 s, avoiding the obstacles or getting stuck in local minima,
before hovering at the goal position.

IV. CONCLUSION AND FUTURE WORK

In this letter, we introduced a way to efficiently compute an
approximation of the sampling-based MPPI predictive control
method in the form of linear feedback gains. This has allowed
to extend the typical paradigm used in DDP-like and gradient-
based methods for producing high-frequency MPC actions
through the use of Riccati gains. The effectiveness of the method
has been demonstrated on two robotic platforms, a legged robot
and an aerial vehicle, through simulations and experiments.
Results show that, similarly to related works, introducing such
high-frequency MPPI approximation provides a benefit over
plain MPPI, even when accounting for the higher computational
cost. This development paves the way to several possible ad-
vancements in sampling-based MPC where such gains could
be embedded, such as sensitivity-based robust MPC [26], safe
reinforcement learning [28], and data augmentation for sample
efficient learning [29]. Furthermore, future research will delve
into computational aspects to streamline the gains calculation,
for instance, optimizing the backpropagation process or further
leveraging parallelization. Additionally, techniques to incorpo-
rate inequality constraints into the gains calculation will be
investigated.
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