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Abstract— Model Predictive Path Integral (MPPI) control is
a widely used sampling-based approach for real-time control,
valued for its flexibility in handling arbitrary dynamics and cost
functions. However, it often suffers from high-frequency noise
in the sampled control trajectories, which hinders the search for
optimal controls and transfers to the applied controls, leading
to actuator wear. In this work, we introduce Low-Pass Model
Predictive Path Integral Control (LP-MPPI), which integrates
low-pass filtering into the sampling process to eliminate detri-
mental high-frequency components and enhance the algorithm’s
efficiency. Unlike prior approaches, LP-MPPI provides direct
and interpretable control over the frequency spectrum of sam-
pled control trajectory perturbations, leading to more efficient
sampling and smoother control. Through extensive evaluations
in Gymnasium environments, simulated quadruped locomotion,
and real-world F1TENTH autonomous racing, we demonstrate
that LP-MPPI consistently outperforms state-of-the-art MPPI
variants, achieving significant performance improvements while
reducing control signal chattering.

I. INTRODUCTION

One of the key abilities of the autonomous system is
to determine the best actions given a certain goal, i.e.,
real-time motion planning and control. If the model of the
controlled system is available, one of the best performing
approaches is Model Predictive Control (MPC), which has
proven its capabilities to solve many challenging tasks, such
as autonomous racing [1], off-road driving [2], agile drone
flight [3], and legged locomotion [4].

In general, there are two main approaches to MPC:
sampling- and optimization-based. Optimization-based MPC
algorithms provide an efficient way to find optimal control
sequences using dynamics and cost function gradients [5],
[6]. However, they typically impose requirements on the dy-
namics model or cost function formulations, such as differen-
tiability or continuity. An interesting alternative is sampling-
based MPC. One of the main benefits of this approach is
that the dynamics and cost functions can be arbitrary, and
the only requirement is to evaluate them relatively fast. The
two algorithms within this group, which have proven their
effectiveness in numerous tasks, such as off-road driving [2],
drone flight [7], and control of high-dimensional simulated
systems (humanoids, dexterous hands, manipulators) [8],
[9], are the Cross Entropy Method (CEM) [10] and Model
Predictive Path Integral Control (MPPI) [2].
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Fig. 1. The proposed Low-Pass Model Predictive Path Integral (LP-
MPPI) control smooths out the controls via the low-pass filtering of control
perturbations and increases the efficiency of the MPPI.

The core of both MPPI and CEM approaches is to evaluate
the performance of the control trajectories sampled from a
sequence of Gaussian distributions. This approach results in
a potential lack of temporal correlation within individual tra-
jectories (see the red part of Fig. 1). In fact, control trajectory
perturbations are approximately white noise signals, i.e., they
are evenly composed of all possible frequencies. This, in
turn, results in the overrepresentation of the high-frequency
components when compared to the expected optimal behav-
iors in most robotic systems. Moreover, the dynamics of most
robots naturally dampen these components, so their impact
on the resulting performance is minimal. Thus, they do not
contribute to the efficient search for optimal control signals
but instead result in chattering of the applied controls and
wear out of the actuators [11].

To address these issues, researchers proposed several in-
teresting approaches, such as spline interpolation of control
signals [9], [12] or input-lifting [13]. However, they offer
only an indirect and coarse control over the control signal
frequency spectrum. A more direct approach, inspired by the
iCEM algorithm [8], was proposed in [14], where colored
noise was used in MPPI instead of the white one. However,
colored noise damps the signal components proportionally
to the inverse of their frequency, or their powers, which
may not be desired, especially for tasks that require frequent
repetitiveness, e.g., legged locomotion, stirring, or chopping.

In this paper, we address these issues by extending the
MPPI algorithm with a low-pass filter applied to the sampled
control perturbations. Our method, Low-Pass Model Predic-
tive Path Integral control (LP-MPPI), constrains exploration
to a task-relevant frequency band by filtering out high-
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frequency noise in the control perturbations (see Fig. 1).
This improves sample efficiency and produces smoother con-
trol signals without compromising responsiveness. Moreover,
unlike colored noise, it does not bias the control signal
frequencies in the filter’s passband, enabling an effective
search for high-performing trajectories across the admissible
frequency range. Our method introduces only two inter-
pretable parameters with clear physical meaning, allowing
intuitive tuning. They directly control the frequency range in
which the search for the optimal control trajectory is focused
and the damping characteristics beyond it. Finally, LP-MPPI
is easy to implement and adds negligible computational
overhead compared to the MPPI algorithm.

We conduct an extensive experimental evaluation of the
proposed method against the State-of-the-Art variants of
the MPPI in three Gymnasium environments, over a wide
range of MPPI parameters. The results demonstrate that our
approach consistently outperforms the considered baselines,
improving their results by 24% on average, while signif-
icantly reducing chattering in the applied control signals.
To further assess its applicability, we integrate LP-MPPI
with the recently developed Dial-MPC [15] and evaluate the
resulting LP-Dial-MPC on quadruped robots. This experi-
ment highlights the ease and effectiveness with which our
method can be combined with other MPPI-based approaches,
yielding an average performance gain of over 32% compared
to Dial-MPC. Finally, we validate our approach in real-
world autonomous F1TENTH racing, where it outperforms
all baselines, most of them by a large margin.

Our contributions can be summarized as follows:
• We propose a Low-Pass Model Predictive Path Integral

algorithm, which enables shaping the frequency spec-
trum of the control trajectories’ perturbations distribu-
tion, improving search efficiency and reducing the high-
frequency noise in the applied control signal.

• We conduct a thorough experimental analysis of the
proposed approach in several simulated environments,
showing that the proposed method consistently out-
performs the state-of-the-art MPPI-based control ap-
proaches, while reducing the amount of high-frequency
components in the applied control signals (see Tab. I).

• We highlight the practicality of the proposed solution,
that is, the ease of implementation of our method
and its integration with the latest sampling-based MPC
methods, the physical interpretability of its parameters,
and the intuitiveness of tuning them.

II. RELATED WORK

In recent years, numerous works have sought to enhance
the effectiveness of the MPPI algorithm [9], [12], [13], [14],
[15]. Many of these approaches focus on improving control
smoothness and increasing sampling efficiency.

Both in [13] and [16], authors proposed to smooth the
control signals generated by MPPI, by (i) lifting the input-
space, i.e., sampling in the space of the derivatives of the
actual controls, and (ii) adding a smoothness cost. This
approach effectively transforms the frequency spectrum of

the control signals’ perturbations into colored noise and
gives only minimal control of its shape. Our frequency-based
shaping of control signal perturbations can adjust the time
correlation of the trajectories in a more fine-grained way,
does not introduce such a strong bias to the lowest frequen-
cies, and does not require additional cost terms. Moreover,
adding smoothness costs reduces search efficiency because
some of the drawn trajectories are effectively excluded due
to high smoothness costs.

Interestingly, the authors of [13] showed that using a low-
pass Savitzky-Golay filter on the control trajectory update
signal (see MPPI(SGF) in [13]) results in a poorer perfor-
mance than their proposed SMPPI. Our work shows that
if the low-pass filtering is applied before the control per-
turbations are simulated, it maintains constraint satisfaction,
introduces no phase distortion, and outperforms SMPPI [13].

Another interesting strategy to smooth the control sig-
nals and improve exploration efficiency is to exploit spline
interpolation [9], [12], [17]. Instead of sampling a long
sequence of actions, one can sample only a reduced number
of spline control points and then interpolate between them.
Thus, the dimension of the exploration space is reduced,
and the resulting trajectories are smoother. However, in this
approach, the control over the smoothness is indirect and
rather coarse and may require predicting the time increments
along the controls [17], [18].

A more direct way to improve control smoothness and
exploration is to modify the control perturbation sampling
distribution itself, since the default Gaussian choice may not
be an optimal choice. In this theme, the authors of [19]
propose to use a mixture of the original normal distribution
with the log-normal distribution to increase the probability
of sampling larger deviations from the nominal control
sequence to improve exploration. In turn, in [20] and [21],
authors explored the use of multimodal distributions, i.e.,
Gaussian Mixture Models and empirical particle-based dis-
tributions with Stein Variational Gradient Descent updates,
to increase the exploration capabilities by allowing one
to maintain multiple hypotheses. Recently, learning-based
approaches have also been used to determine better sampling
distributions based on the structure of the environment [22],
[23], enabling focusing the search on promising areas of the
state space. Nevertheless, none of these methods considers
the correlation between subsequent controls within each
sampled control trajectory perturbation, which may result in
a chattering of the control signal.

Methods that adjust the sampling distribution to address
this particular issue, while increasing the exploration capa-
bilities of the sampling-based MPC, were proposed in [8]
and [14]. The approach presented in [8], called iCEM, is an
improved version of the Cross-Entropy Method (CEM) [10].
It shows that sampling the actions from the colored-noise
distributions significantly improves the original CEM ap-
proach. The authors of [14] employed the same idea in the
MPPI algorithm, demonstrating improved smoothness and
performance. In our work, we also focus on shaping the
MPPI sampling distribution in the frequency domain. How-
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ever, instead of relying on colored noise, we use a low-pass
filter, which provides greater flexibility and enables uniform
sampling across the desired range of low frequencies.

III. METHOD

A. Problem definition

We consider the following optimal control problem

min
ut:t+H

J(xt:t+H+1, ut:t+H) =

H∑
h=0

c(xt+h, ut+h) + cf (xt+H+1)

subject to (1)
xt+h+1 = f(xt+h, ut+h), ∀h ∈ {0, ...,H}
xt:t+H+1 ∈ X , ut:t+H ∈ U ,

where xt and ut are the state and control signal at time t, H
is optimization horizone, f is the system dynamics, c and
cf are step and terminal cost functions, J is the total cost
of the trajectory, while X and U are the sets of admissible
states and controls, respectively.

B. Model Predictive Path Integral Control

Our proposed method, Low-Pass Model Predictive Path
Integral Control (LP-MPPI), is based strongly on the original
MPPI algorithm [2]. Therefore, we recall its pseudocode in
Algorithm 1. In general, the idea is to (i) draw multiple
control trajectories around the current nominal control trajec-
tory, (ii) simulate them using the model of the system, (iii)
compute their costs, and finally (iv) update the nominal con-
trol trajectory based on the costs obtained by the perturbed
controls. In this paper, we focus on the commonly overlooked
aspect of the MPPI algorithm – drawing random control
perturbations. In fact, the only part of the algorithm that we
would like to analyze and improve is located in line 2. To do
so, we will analyze the original MPPI algorithm [2] and its
recent extension [14] from a frequency domain perspective.

Algorithm 1 Model Path Integral Control (MPPI)
Require: Nominal control sequence U , current state xt, Sys-

tem dynamics model f , step and terminal cost functions
c, cf , number of rollouts N , control sequence horizon
H , temperature parameter λ, noise covariance matrix Σ

Ensure: Updated nominal control sequence U
1: for i = 1 to N do ▷ Sample N trajectories
2: Sample noise sequence ϵi,1:H from N (0,Σ)
3: Generate control sequence Ui = U + ϵi
4: Compute trajectory xi,t:t+H+1 using system dynam-

ics xi,t+h+1 = f(xi,t+h, ui,h)
5: Compute cost Ji = J(xi,t:t+H+1, ui,1:H)
6: end for
7: Compute importance weights wi =

e−λJi∑N
j=1 e−λJj

8: Update controls U =
∑N

i=1 wiUi

9: Apply first control input u1 to the system
10: Shift control sequence: U ← {u2, ..., uH , uH+1}

Ant-v3 Humanoid-v3

Fig. 2. Spectrograms of the actions drawn from the trained RL policy and
the different sampling distributions. Both white and colored noise are unable
to closely fit the spectrum of RL behaviors, while the low-pass filtered noise
covers it quite accurately.

C. Spectral analysis

In the original MPPI, noise sequences are sampled from
a Gaussian distribution with a constant covariance matrix Σ,
resulting in temporally uncorrelated (white) perturbations. In
general, this can be advantageous, as white noise is widely
used in system identification [24] to excite dynamics across
all control frequencies. In MPC, a similar argument applies
to the cost function J , which depends on both controls and
state trajectories. However, in robotic applications, exciting
high-frequency modes is rarely necessary, since most robots
naturally attenuate them. Therefore, control trajectories with
high-frequency noise and low-frequency noise may yield
similar costs, which may result in frequent changes of the
following actions, and thus chattering in the real system.
Furthermore, optimal control trajectories in robotics typ-
ically occupy a limited bandwidth rather than the entire
frequency spectrum. Consequently, sampling uncorrelated
noise amounts to maximal spectral exploration, which can
reduce search efficiency and degrade performance.

To limit the amount of high-frequency noise in the sam-
pled controls, the authors of [14] proposed biasing the
spectrum of the control trajectory perturbations towards low
frequencies. As a result, they obtained a strategy that puts
most of the signal energy in the lowest possible frequencies
and gradually reduces the energy of the higher-frequency
components. In turn, in this paper, we analyze an alternative
approach based on low-pass filtered noise, which balances
the bias toward lower frequencies with efficient exploration
of the admissible spectrum, and enables explicit control
of this trade-off through adjustable parameters – cutoff
frequency and filter order.

To systematically compare the aforementioned control
sampling strategies and justify our proposed approach, we
conducted a spectral analysis experiment. Specifically, we
compared the power densities of (i) white noise, (ii) colored
noise, and (iii) low-pass filtered white noise with the spec-
trum of control signals generated by a trained RL policy from
the StableBaselines3-zoo library [25] for two environments,
Ant-v3 and Humanoid-v3. We selected the RL policy as
a reference because its control signals can be regarded
as a proxy for near-optimal behavior in these tasks, and
thus reflect realistic frequency statistics of effective control
trajectories. To present the results in a clean and compact
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form, frequency spectra were averaged across joints and 100
seeds. For fairness, the parameters of each analyzed sampling
distribution were tuned to minimize the norm between its
spectrum and the RL action spectrum. The results of this
comparison are presented in Fig. 2.

The results, shown in Fig. 2, reveal that the RL agent
exhibits little energy at high frequencies. However, concen-
trating the signal energy exclusively at the lowest frequencies
also leads to a mismatch, failing to capture distinct spec-
tral peaks occurring around 2Hz. Among the considered
strategies, low-pass filtered white noise provides the closest
match to the RL spectrum, as it attenuates only the unnec-
essary high-frequency components while preserving energy
in the most relevant band. From the perspective of MPPI,
this reduces sampling in dynamically suppressed areas and
concentrates rollouts in regions that meaningfully affect the
cost without excessively biasing the search toward the lowest
frequencies, thereby improving effective sample efficiency.

D. Low-pass Model Predictive Path Integral Control

Following the observations made in the previous section,
we introduce the Low-pass Model Predictive Path Integral
Control (LP-MPPI). The core of the proposed algorithm
is the introduction of a temporal correlation between the
subsequent control perturbations by using a low-pass filter on
them. The proposed approach is formalized in Algorithm 2,
where the changes w.r.t. the original MPPI algorithm are
marked in blue. Our method introduces a subtle yet important
modification that (i) biases the search for optimal control
trajectories toward low-frequency signals and (ii) allows the
user to control the frequency spectrum in which the algorithm
searches for candidate trajectory updates. These features can
be precisely controlled by tuning the parameters of the low-
pass filter, which we describe in detail in Section III-E.
Importantly, the proposed modifications do not introduce
significant computational overhead to the MPPI algorithm, as
filtering typically requires a small number of multiplications
proportional to the horizon length H and, in most cases, is
significantly cheaper than evaluating the system’s dynamics.

A key design choice is to decide which signals should
be smoothed in order to improve efficiency and reduce
chattering without sacrificing controller reactiveness or vio-
lating system constraints. In the proposed method, we apply
low-pass filtering to sampled noise sequences, i.e., control
trajectory perturbations (see line 2 of Algorithm 2). This
strongly biases the search toward low-frequency trajectories
without directly constraining the frequency content of the
applied control signal. The first control input can still change
rapidly, while subsequent inputs are correlated, preserving
reactiveness while guiding exploration. Unlike post-update
filtering methods such as MPPI(SGF) [13], our approach
evaluates only bandwidth-limited, constraint-compliant per-
turbations and does not introduce phase shifts in the executed
control. Finally, in importance-sampling terms, restricting the
sampling bandwidth increases the overlap between the pro-
posal distribution and the distribution of low-cost trajectories,
thereby improving effective sample efficiency.

Algorithm 2 Low-pass Model Path Integral Control (LP-
MPPI)
Require: Nominal control sequence U , current state xt, Sys-

tem dynamics model f , step and terminal cost functions
c, cf , number of rollouts N , control sequence horizon
H , temperature parameter λ, noise covariance matrix Σ,
low-pass filter cutoff frequency fc and order oLPF

Ensure: Updated nominal control sequence U
1: for i = 1 to N do ▷ Sample N trajectories
2: Sample noise sequence ϵi,1:H from N (0,Σ)
3: Filter noise sequence ϵLP

i = LPFilter(ϵi, fc, oLPF)
using low-pass filter

4: Generate control sequence Ui = U + ϵLP
i

5: Compute trajectory xi,t:t+H+1 using system dynam-
ics xi,t+h+1 = f(xi,t+h, ui,h)

6: Compute cost Ji = J(xi,t:t+H+1, ui,1:H)
7: end for
8: Compute importance weights wi =

e−λJi∑N
j=1 e−λJj

9: Update controls U =
∑N

i=1 wiUi

10: Apply first control input u1 to the system
11: Shift control sequence: U ← {u2, ..., uH , uH+1}

In our implementation, we employ a digital Butterworth
filter [26]. Its maximally flat passband avoids biasing specific
frequencies within the desired range. Although its roll-off
is less steep than that of, e.g., Chebyshev filters, Fig. 2
suggests that sharper attenuation is not required for sampling
high-performing control trajectories. Moreover, the relatively
large phase shift introduced by the Butterworth filter is not
problematic in our setting, since it is applied to temporally
uncorrelated perturbations.

E. Parameters of LP-MPPI

Our proposed algorithm, LP-MPPI, does not introduce
any additional parameters beyond those of a low-pass filter.
Therefore, in our case, the parameters of the LP-MPPI are the
parameters of the Butterworth filter itself – cutoff frequency
fc and order oLPF. The cutoff frequency controls the width
of the passband, which affects the range of frequencies
with the highest power density in the drawn control signal
perturbations. A lower fc results in a greater bias at lower
frequencies and an increased use of low-frequency signals.
In turn, a higher fc reduces the bias on low frequencies and
allows searching in a wider range of signals. The second
parameter of the Butterworth filter is its order oLPF, which
controls the slope of the power density spectrum in the
stopband – roll-off, i.e., how much the attenuation of the
signal components grows with the growth of the frequency.
The higher the order, the lesser the exploration outside the
passband, and the greater the bias towards low frequencies.
To better visualize these dependencies, in Fig. 3 we present
the impact of the filter cutoff frequency fc and its order
oLPF on the magnitude of the frequency response and on the
signals in the time domain.

Last but not least, one of the benefits of the proposed
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Fig. 3. Frequency response of the Butterworth filter used in the LP-
MPPI algorithm (top row) and 3 example control trajectories generated by
it (bottom row) for a range of cutoff frequencies fc and filter orders oLPF.

approach is the interpretability of the cutoff frequency fc
parameter, as it enables intuitive tuning. One of the natural
approaches to choosing this parameter is to set it around the
natural cutoff frequency of the system to be controlled with
LP-MPPI, as inducing higher frequencies requires a signif-
icant effort to overcome the damping characteristics of the
system itself. Moreover, one can often heuristically estimate
the highest expected frequency of the system states necessary
to maximize the reward or obtain the desired behavior.
Furthermore, the interpretability of the cutoff frequency
may help regularize the system’s behavior, e.g., preventing
exploitation of a carelessly designed reward function.

To sum up, the proposed LP-MPPI approach filters out
the high-frequency components from the evaluated control
signals within the MPPI loop, significantly reducing the
high-frequency components in the obtained controls. This
reduction is particularly important for robotic systems, as it
improves control signals smoothness and biases the search
for high-performance control signals towards a more promis-
ing area (consider the plausibility of finding a performant
control signal in the upper left and bottom right corners
of the bottom of Fig. 3). Finally, our approach enables one
to effectively control the frequency spectrum of the control
signal perturbations, while providing intuitive tuning.

IV. EXPERIMENTS

A. Gymnasium environments

Our first experiment is an optimal control task in 3
high-dimensional Gymnasium environments [27]: Hopper-
v5, Ant-v5, and HalfCheetah-v5 (see Fig. 4). The goal of
this experiment is to evaluate the efficiency of the proposed
approach and relate it to the State-of-the-Art MPPI-based
control algorithms. We compared our proposed method with
the following baselines:

Hopper-v5 Ant-v5 HalfCheetah-v5

Unitree Go2 MAB Silver Badger F1TENTH racing

Fig. 4. Systems used in the experimental evaluation.

• MPPI – the original MPPI algorithm [2],
• SCP-MPPI – Spline-interpolated MPPI [12],
• SMPPI – smoothed MPPI by control space lifting [13],
• ColoredMPPI – MPPI with colored noise [14].
In this experiment, we assumed perfect knowledge of

the system dynamics, i.e., we used the same simulated
environments for MPPI rollouts and evaluation. As a cost
function, we used the original rewards from the Gymnasium
environments, taken with a minus sign. To ensure a fair
comparison, we tuned the parameters of each algorithm using
Optuna [28] and 100 trials. In addition, we averaged the re-
sults over 100 episodes to reduce the impact of randomness.

The results of our experiment are presented in Fig. 5. We
evaluated each method, in each environment, on a matrix
of the common MPPI parameters, i.e., horizon length H
(vertical axis), and number of rollouts N (horizontal axis). In
the first column, one can see the rewards obtained by the LP-
MPPI, while in the remaining columns, the relative improve-
ment of the LP-MPPI over the baselines. The superiority of
the proposed approach can be seen by the dominance of the
green color in the presented chart. In fact, except for very
short horizons, LP-MPPI outperforms all baselines in all en-
vironments considered, no matter the number of rollouts. The
scale of the improvement varies for different horizons and
numbers of rollouts, but in general, the longer the horizon,
the bigger the improvement. For Ant-v5 and HalfCheetah-v5
environments, we observe that improvements are larger for
a smaller number of evaluated rollouts, indicating that LP-
MPPI improves effective sample efficiency by concentrating
exploration within a task-relevant frequency band. Interest-
ingly, the biggest improvements are observed w.r.t. SMPPI
and SCP-MPPI approaches, on average 26% and 36%, which
may be caused by the lack of fine-grained control due
to action representation. The best performance among the
baselines is observed for ColoredMPPI [14], which is still,
on average, about 10% less performant than the proposed LP-
MPPI. In turn, if we consider the results obtained for the best
pair of horizon length and number of rollouts, then LP-MPPI
outperforms it on average by 8.46%. It should be noted that
the rewards defined in these environments do not take into
account the control smoothness; therefore, the improvement
in rewards suggests that the proposed approach affects the
performance of the control trajectory search.

Despite higher rewards, an important aspect of the control
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Improvement of LP-MPPI over
LP-MPPI rewards (ours) MPPI [2] ColoredMPPI [14] SMPPI [13] SCP-MPPI [12]
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Fig. 5. Performance of the proposed LP-MPPI algorithm in Gymnasium environments (left), for a range of horizon lengths H (y-axis) and numbers of
rollouts N (x-axis), and comparison to baselines (right). The green color represents the situation in which the LP-MPPI outperforms the baseline.

Fig. 6. Three example applied control signals in the Ant-v5 environment
for the considered MPPI-based control algorithms.

algorithm is the smoothness of the applied controls. To
visualize the differences between the considered methods,
we present the applied control trajectories for the Ant-
v5 environment with H = 15 and N = 100 in Fig. 6.
For fairness of comparison, each algorithm was used with
the optimal set of parameters, w.r.t. cumulative reward,
determined with Optuna [28] using 100 trials. One can see
that the original MPPI algorithm generates undesirably sharp
controls, while the remaining baselines produce significantly
smoother controls, comparable to each other and to our
proposed LP-MPPI. To quantitatively assess smoothness, we
report Mean Squared Second Derivative (MSSD) and Mean
Savitzky-Golay Filter Deviation (MSGFD) in Table I. The
results indicate that our method attains very low MSSD and
the smallest MSGFD, confirming that the control trajectories
it generates are notably smooth.

B. Quadruped locomotion

In the previous experiment, we considered control of
simplified abstract robots. Instead, in this one, we focus on

TABLE I
COMPARISON OF CONTROL SIGNALS SMOOTHNESS IN ANT-V5

ENVIRONMENT USING THE MEAN SQUARED SECOND DERIVATIVE

(MSSD) AND MEAN SAVITZKY-GOLAY FILTER DEVIATION (MSGFD).

Metric LP-MPPI MPPI ColoredMPPI SMPPI SCP-MPPI
MSSD 0.409 2.144 0.805 0.402 0.350

MSGFD 0.018 0.177 0.059 0.028 0.027

the full-scale simulated quadrupeds with 12DoF. We consider
a locomotion task with trot gait, imposed in the reward
function to guide the search of the control signals, on two
quadrupeds, i.e., Unitree Go2 and MAB Silver Badger (see
Fig. 4).

Recently, it was shown that MPPI-based approaches can
succeed in such complex control tasks by diffusion-style
annealing of the standard deviation of the noise distribution
and the use of spline interpolation, as was done in the
Dial-MPC approach [15]. We aim to evaluate whether the
proposed low-pass filtering can be applied to the state-of-the-
art MPPI-based approach (LP-Dial-MPC) and can improve
its performance. Moreover, we would like to compare our
method in this setting with the best-performing approach
from the previous experiment – ColoredMPPI [14]. Thus,
we extend the Dial-MPC with colored noise instead of the
default white one (Colored Dial-MPC).

In this experiment, we used the default settings of the
Unitree Go2 trot experiment available in the code repository
associated with the Dial-MPC paper [15]. The goal is to fol-
low the desired longitudinal velocity of 1 m/s with the center
of the robot trunk while maintaining its default orientation
and height above the ground. In addition, a cost function that
imposes a specific foot-height trajectory encourages the robot
to follow a trot gait. Moreover, we designed a very similar
experiment for the MAB Silver Badger robot, with the same
goals as for the Go2 but with additional cost terms regarding
the energy consumption and the minimum required height of
the calves, to encourage more natural looking robot posture.
In both experiments, we set the horizon H = 16, number
of rollouts N = 256, dt = 20 ms, temperature λ = 0.05,
horizon and trajectory diffusion factors equal to 0.9 and 0.5,
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Unitree Go2 MAB Silver Badger

fc [Hz] / β [-] / ncp [-]

Fig. 7. Comparison of the Dial-MPC [15] with the proposed low-pass
filtering and the baseline colored noise [14] perturbations distribution in the
task of simulated quadruped locomotion.

respectively, and the number of diffusion steps equal to 2.
In this experiment, to highlight the robustness of the

proposed approach to the choice of its parameters, we do
not perform the search with Optuna but instead report the
performance for several intuitive parameter sets, i.e. cutoff
frequency fc ∈ {2, 3, 4} for Unitree and fc ∈ {3, 4, 5} for
MAB robot, and orders oLPF ∈ {2, 3, 4}. We compared their
performance with the two above-mentioned baselines, for
which we found the sets of the best parameters using Optuna.
The results of this experiment can be found in Fig. 7. The
proposed low-pass filtering approach implemented into the
Dial-MPC framework consistently outperforms the default
Dial-MPC by 24% and 41% for the Unitree Go2 and MAB
Silver Badger robots, respectively. We attribute these im-
provements to the more fine-grained control (higher number
of decision variables) of the LP Dial-MPC and its ability
to directly shape the frequency spectrum of the sampling
distribution. In turn, the spectrum shaping capabilities of the
colored noise are relatively limited and bias only the lowest
frequencies, which results in significantly worse performance
(about two times lower rewards than ours).

C. Real-world F1TENTH racing

In all previous experiments, we assumed that the models of
the controlled systems are perfectly known and are used by
the MPPI to search for the best control trajectories. In turn,
in this task, we would like to use an analytical model of the
F1TENTH car (dynamic single-track model [29] with MF6.1
tire model [30]) and evaluate it under the real-world racing
conditions (see Fig. 4). The goal of this task is to cover the
highest possible distance around the track centerline in 30 s,
on the 14.2m long 1m wide oval racetrack. We defined the
cost function by

c =− vf + 100 log(1 + exp(−100(Tw/2− n)))

+ 100max(α− 0.3, 0) + 2(θ − Tθ)
2,

where vf is the velocity along the centerline, n is the
distance to the centerline, Tw is the track width, α is the
slip angle, θ and Tθ are the orientations of the vehicle and
the track centerline. The inclusion of the last two terms
encourages searching for trajectories that are not drifting

N=10 N=50

Fig. 8. Distances [m] covered by the F1TENTH car in 30-second time trials
using different MPPI algorithm variants. The proposed LP-MPPI achieves
the highest median distances both for N = 10 and N = 50 rollouts.

and delicately regularizes the trajectories to avoid large
orientation deviations. We set the horizon H = 30, dt = 50
ms, control frequency to 30Hz, and evaluated the algorithms
for both N = 10 and N = 50 rollouts. We have chosen the
number of rollouts, the horizon, and the control frequency
to meet real-time requirements with a single core of Intel
Core i5-12500H CPU, while achieving reasonable driving
performance. The parameters of all methods were chosen in
simulation using Optuna [28] with 50 trials.

In Fig. 8, we present the distances covered by the proposed
LP-MPPI and the other considered MPPI variants in 15 runs
of 30 s each. One can see that in both considered setups, the
proposed LP-MPPI approach significantly outperformed all
baselines except SMPPI, which performed very close to the
LP-MPPI for N = 50 and a bit worse for N = 10. Note that
in the racing scenarios, even the 30 cm of difference gained
every 30 s of the race (the difference between medians of
LP-MPPI and SMPPI) may be considered a notable gap.

D. Computational overhead

An important aspect of every control method is its compu-
tational efficiency. Therefore, we evaluate how much compu-
tational overhead the proposed method introduces relative to
the nominal MPPI and how it relates to the other considered
baselines. To do so, we run all methods for 10 episodes in
Ant-v5 (MuJoCo model, H = 15, N = 100) and F1TENTH
(compiled analytical model, H = 30, N = 10) environments,
using a single core of the Intel Core i5-12500H CPU. We
compute the median of the control computation time and
relate it to the one obtained by the MPPI. In Table II, we
present the results of this experiment. One can see that all
baselines introduce some notable computational overhead in
the F1TENTH environment, since the compiled analytical
model, which is responsible for most of the computations,
is very fast. Note that the proposed method introduces the
second smallest overhead of 2.4%. In turn, in the case of a
relatively heavy dynamics model, e.g., Ant-v5 environment,
we observe some counterintuitive results, like the decrease
in the compute time for LP-MPPI and ColoredMPPI. We
suppose that this may be caused by the variability in the
timings, due to the use of a standard OS instead of a real-time
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TABLE II
COMPUTATIONAL OVERHEAD RELATIVE TO MPPI

Environment LP-MPPI ColoredMPPI SMPPI SCP-MPPI
F1TENTH +2.41% +5.12% +3.89% +1.31%

Ant-v5 -1.62% -0.67% +3.04% +1.82%

one, or be an effect of filtering out the higher frequencies
from the control signal, which may simplify the underlying
physics simulation. In summary, a computationally intense
dynamics evaluation causes the overhead introduced by the
proposed method to be negligible.

V. CONCLUSIONS

In this work, we introduced Low-Pass Model Predictive
Path Integral Control (LP-MPPI), a novel and easy-to-
implement enhancement to MPPI that incorporates low-pass
filtering into the sampling process. By directly shaping the
frequency spectrum of control trajectory perturbations, LP-
MPPI eliminates harmful high-frequency noise and improves
the efficiency of searching for optimal control trajectories.
Unlike existing smoothing techniques or colored noise sam-
pling, our approach offers intuitive fine-grained control over
the optimal control search in the frequency domain, making
it highly adaptable to various robotic systems.

Through extensive simulation and real-world experiments,
we demonstrated the superiority of LP-MPPI over state-of-
the-art MPPI-based methods in a variety of tasks, includ-
ing simulated legged locomotion and real-world F1TENTH
autonomous racing. Our results show that LP-MPPI consis-
tently outperforms state-of-the-art methods by 10% in Gym-
nasium environments, 32% in simulated quadruped locomo-
tion, and by 0.115 s in a 30 s long F1TENTH autonomous
time trial. In addition, it significantly reduces the chattering
of the control signal, leading to smoother and more reliable
actuation. Moreover, LP-MPPI maintains computational ef-
ficiency, introducing only a negligible overhead compared to
standard MPPI, making it practical for real-time applications.

To sum up, LP-MPPI represents a simple yet powerful
modification to MPPI, making it an attractive option for real-
time robotic control tasks requiring both high-performance
trajectory optimization and smooth, actuator-friendly con-
trol signals. Future work will explore adaptive filtering
techniques to dynamically adjust the sampling distribution
based on task demands and further integrate LP-MPPI with
learning-based sampling strategies for improved adaptability.
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