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Abstract— The success of the model predictive path integral
control (MPPI) approach depends on the appropriate selection
of the input distribution used for sampling. However, it can
be challenging to select inputs that satisfy output constraints
in dynamic environments. The main contribution of this paper
is to propose an output-sampling-based MPPI (o-MPPI), which
improves the ability of samples to satisfy output constraints and
thereby increases MPPI efficiency. Comparative simulations
and experiments of dynamic autonomous driving of bots around
a track are provided to show that the proposed o-MPPI is
more efficient and requires substantially (20-times) less number
of rollouts and (4-times) smaller prediction horizon when
compared with the standard MPPI for similar success rates.

I. INTRODUCTION

Sampling-based approaches such as model predictive path
integral control (MPPI) [1] have become popular methods
to solve optimization problems due to fast computations
possible with graphic processing units and parallelized com-
puting. In such methods, models are used to predict the cost
for a series of input rollouts, and the final input selection
is a cost-weighted average of the rollouts. An advantage
of the sample-based approach is that it is derivative-free,
does not require approximation of the system dynamics
and cost functions, and allows for non-differentiable cost
functions [2].

Successful use of the MPPI algorithm requires proper se-
lections of the mean and the covariance of the input samples.
If the selected mean leads to a rollout that enters inside an
infeasible region (this could be caused by the poor initial-
ization, system disturbance, or sudden environment changes),
then most of the sampled rollouts can result in failure [3].
Although a larger covariance can be used to alleviate failures
by increasing exploration [4], it also often requires a larger
number of samples and increased computation load, and can
lead to undesirable input chattering [1], [5]. Therefore, there
is substantial ongoing interest in methods to appropriately
select the input samples to improve MPPI performance.
However, in general, it is challenging to appropriately select a
desirable input mean to meet constraints in the output space,
especially in dynamic environments. In general, even when
the reference input can be selected as desired outputs to
a closed-loop system that satisfies constraints, it does not
ensure that the output achieves precision tracking of the
desired trajectories.
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Fig. 1. Comparison between the proposed output-MPPI (o-MPPI) in red
(top) and the standard MPPI in blue (bottom). There are M rollouts and
f(·) maps inputs to states and outputs in the standard MPPI and the inverse
G−1(·) is the inverse dynamics that maps output trajectories to inputs and
the states in the proposed o-MPPI. Sm is the cost for the mth rollout
output-state-input (Y m, Xm, um). λ ∈ R+ is the temperature parameter
used in the weighting to obtain the optimized input u.

With the goal of increasing rollouts that satisfy output
constraints, the current paper proposes the sampling of tra-
jectories directly from the output space. Then, the proposed
output-sampling-based MPPI (o-MPPI) approach uses the
inverse model G−1(·) to map outputs to inputs rather than
the traditional approach in MPPI of using the input-to-output
forward model f(·) as illustrated in Fig. 1(top). The inputs
obtained using the inverse model are then weighted to obtain
the optimized control sequence, as in standard MPPI.

The main contributions of the paper are the following.
1) It proposes an output-sampling-based MPPI (o-MPPI)

using inverse models, which improves the ability to
select rollouts that satisfy typical output constraints.
An advantage of output sampling is that it can lever-
age well-established trajectory planning algorithms in
robotics to select output samples and then use inverse
models (physics-based or data-based) to find the as-
sociated inputs. This is different from selecting inputs
and then finding the associated outputs using forward
models.

2) Comparative simulations and experiments of au-
tonomous control of bots (TurtleBot3 Burger) in a
dynamic autonomous driving around a track, are used
to show that the proposed o-MPPI requires substan-
tially (20-times) less number of rollouts and (4-times)
smaller prediction horizon when compared with the
standard MPPI to achieve a similar success rate.

II. RELATED WORK

A. MPPI with adjusted trajectory distribution

Several efforts are made to improve the robustness and
sample efficiency of standard MPPI by appropriately ad-
justing the trajectory distribution using different sampling
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strategies [3], [6], [7], [8]. For example, warm-starts are
used [1] to improve MPPI-variants. In [6], covariances are
adapted to accommodate different actions for better explo-
ration. In [7], the samples are drawn from a normal and
log-normal (NLN) distribution instead of the Gaussian dis-
tribution, which can yield improved performance in cluttered
environments. In [8], the diagonal covariance matrix Σϵ is
changed into a nondiagonal covariance matrix and updated
through the adaptive importance sampling procedure. Re-
cently, constraints were added to the terminal state of the
prediction horizon in [3] to adjust the input distribution. In
all these works sampling is in the input space followed by the
use of forward models to determine the outputs. In contrast,
the current work proposes sampling in the output space (since
constraints might be more easily satisfied in the output space)
and then uses an inverse model to find the corresponding
inputs. Once the input-output pairs are found, the proposed
o-MPPI is similar to standard MPPI and can use the same
cost functions and weighting strategies.

B. MPPI with output-space-informed mean

The output space has been leveraged in the past to improve
the input-sampling efficiency of MPPI. Since a better mean
for the input distribution can also help improve MPPI, an
appropriately selected output can be used to inform the
mean selection used in standard MPPI. For example, in [4],
the fast rapid-exploring-tree (RRT ∗) algorithm is used to
provide guidance about the mean value of the input for
improving sampling efficiency in the input space. In [9],
trained Conditional Variational Autoencoders that take into
account the contextual information are used to better inform
the mean values by taking into the control uncertainties.
Thus, the above methods utilize output-space information
to guide the selection of the mean value for the input
sampling. The proposed o-MPPI approach extends this idea
and fully samples in the output space and then uses inverse
models to find the corresponding input?. It is noted that
sampling of the output space has been used in the path-
planning community to smooth and potentially optimize
feasible trajectories, e.g., [10], [11]. Here, these planned
trajectories are inputs to the closed-loop system, and forward
models (of the closed-loop system) are used to predict the
system response and for optimizing the selected input (final
output trajectory) to the closed-loop system. The proposed
o-MPPI can be used with any trajectory planning algorithm
such as the fast rapid-exploring-tree (RRT ∗) [4] – the main
difference is that inverse models are used in o-MPPI to find
inputs that track the selected output trajectories.

C. Inverse models

The proposed o-MPPI leverages the strong history in
inverse dynamics to find maps from outputs to inputs. For
example, physics-based models can be used to analytically
find the inverse input [12] in robotics applications. When
the physics-based models are not sufficiently precise, the
Gaussian process can be used to learn the discrepancy [13].
The entire inverse model can be approximated with deep

learning models [14] or Gaussian process models [15].
Additionally, data-enabled models can be used to learn the
inverse output-to-input map from input-output data [16].
Thus, the proposed o-MPPI can use a wide range of inverse
modeling tools to find the inputs associated with the sampled
output trajectories.

III. PROPOSED FRAMEWORK

The proposed output-sampling-based MPPI (o-MPPI) ap-
proach is summarized in Algorithm 1. Essentially, there are
four steps (detailed below): (i) selection of the cost function;
(ii) sampling in the output space; (iii) inversion to find the
associated inputs; and (iv) weighted selection of the input.

Algorithm 1 o-MPPI (red is the difference from standard
MPPI)

1: Given: Number of rollouts & time steps M,N ; Cost
function; Temperature parameter λ; Inverse model G−1;

2: while Task is not done do
3: Xk ← state estimate
4: for m→ 0 to M − 1 in parallel do
5: Y m

0 ← h(Xk), Sm ← 0
6: [Sampling] Sample the mth trajectory rollout Y m

7: [Inverse] Compute the corresponding inverse input
um and states Xm from the inverse model G−1

8: Calculate the trajectory cost Sm based on the cost
function and the mth rollout (um, Xm, Y m)

9: end for
10: [Weighting] For m = 1, 2, . . . ,M , compute the nor-

malized weights {wm} based on the trajectory costs
{Sm} and the selected temperature parameter λ

11: Obtain the weighted average u =
∑M

m=0 wmum

12: Apply the first entry of u to the system
13: k ← k + 1
14: end while

As in standard MPPI, a cost function is used to specify
the desirability of a specific input-state-output rollout. In
particular, consider the optimization

min
u

J(u) = ϕ(XN−1) +

N−1∑
k=0

q(Xk) +
1

2
uT
kRuk (1)

subject to system dynamics

Xk+1 = f(Xk, uk), Yk = h(Xk), (2)

where f represents the forward dynamics, h maps the state
Xk to the output Yk at time step k, and the output trajectory
is given by Y ≜

[
h(X0) h(X1) . . . h(XN−1)

]
. In the

above optimization, q(·) is the running cost, R is the weight
matrix of the input energy cost, and the terminal cost is ϕ(·)
in Eq. (1). Additionally, there are constraints on the output
trajectory to lie in an acceptable region, i.e., Y ∈ Y .

The output sampling can be generated from any trajec-
tory planning method, e.g., parametric ones like spline or
bezier curves by specifying the waypoints as in Fig. 2,
using optimization methods such as kth-order constrained
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path optimization (KOMO) [17], via-point-based Stochastic
Trajectory Optimization (VP-STO) [18], or from a data-
based planner [19], [20], [21], [22]. For each sampled output,
inverse maps are used to find the corresponding input that
yields tracking of the output.

Fig. 2. A generic way of sampling trajectory rollouts based on fitted smooth
curves specified by waypoints that are selected from the regions of interest
(dashed ellipsoids).

The optimized input is obtained as the weighted sum of
all the input rollouts as in standard MPPI, i.e.,

M∑
m=0

wmum = umean +

M∑
m=0

wmϵm, (3)

where um = umean + ϵm and {wm} for m = 1, 2, . . . ,M are
normalized weights, i.e.,

∑M
m=1 wm = 1.

IV. APPLICATION OF O-MPPI TO EXPERIMENTAL SETUP

The system for evaluating the proposed o-MPPI is set up to
mimic a dynamic autonomous driving scenario with moving
obstacles.

A. System description

In the experiment, the goal is for a fast bot (green) to move
as close as possible to its desired speed of 20 cm/s while
maneuvering around slower bots that can be considered as
moving obstacles at the same time. The ability for the fast bot
to maintain its desired speed and overtake the slower bots,
as illustrated in Fig. 3, are used to quantitatively compare
the performance of the standard MPPI and the proposed o-
MPPI. An example simulation run is shown in the left plot
in Fig. 3. The slower bots are moving at constant speeds
of 10 cm/s (blue) and 12 cm/s (red). All bots are driving
in the counter-clockwise direction in ellipsoidal tracks with
dimensions tabulated in Table I and illustrated in Fig. 3,
similar to the shape of the track in [23].

TABLE I
TURTLEBOT, AND SPECIFICATIONS OF TRACK SHOWN IN FIG. 3.

bot turning circle radius (cm) 10.5 lane width lw (cm) 30

max vel. v̄ (cm/s) 22 straight lines sl (cm) 150

max angular vel. ω̄ (rad/s) 2.8 inner radius ir (cm) 40

collision area width cw (cm) 30 collision area length cl (cm) 63

B. Standard MPPI

1) Forward model F : The bot (TurtleBot3
Burger) state X at time step k is defined as
Xk ≜

[
xk yk θk vk ωk

]
. (xk, yk) is the position pair

and θk is the orientation with respect to the Turtle Track
coordinates, as in Fig. 3. vk is the forward velocity and
ωk is the angular velocity. The input u to the system is
uk ≜

[
vdes
k ωdes

k

]
where vdes

k is the desired forward velocity
and ωdes

k is the desired angular velocity, and the system
output is Yk ≜

[
xk yk

]
.

Fig. 3. The left plot is the schematic drawing of the track. The middle plot
illustrates an example region of interest (dashed blue rectangle) from which
the output waypoint is sampled. The right plot shows an example output
rollout where the solid circles indicate the current position and dashed circles
indicate future positions in the rollout. The bright yellow rectangles indicate
the collision regions.

The forward bot dynamics Ẋ = f(X,u) is approximated
by the forward Euler discretization Xk+1 = F(Xk, uk),

xk+1 = xk + vk cos (θk) ∗∆t (4)
yk+1 = yk + vk sin (θk) ∗∆t (5)
θk+1 = θk + ωk ∗∆t (6)

vk+1 = satv̄(vk + α(vdes
k − vk) ∗∆t) (7)

ωk+1 = satω̄(ωk + α(ωdes
k − ωk) ∗∆t), (8)

where the sampling time is ∆t = 0.04 s, satβ(x) = βsign(x)
if abs(x) > β otherwise satβ(x) = x is a saturation function
used to bound with the magnitudes of the speed and angular
velocity with v̄ and ω̄ defined in Table I, and the settling-
time parameter α = 4/0.35 is estimated from the measured
step response.

2) Cost function selection: The cost function J in Eq. (1)
is designed to have only the running cost function q(·), with
zero input energy cost (R=0), similar to the cost functions
used in autonomous driving in [23], [24]. The running cost
function is designed to have three components, i.e., q(·) ≜
cl(·) + cv(·) + cc(·). The first cost cl(·), designed for lane
keeping, is the product of the squared values of the bot’s
distance to the center lines of the two lanes, as shown in the
right plot in Fig. 3. Formally,

cl(Xk) = w0(rk − 55)2(rk − 85)2 + w1γOT (xk, yk), (9)

where w0 = 0.001, w1 = 600, γOT (xk, yk) = 1 if (xk, yk)
is outside of the designed track shown in Fig. 3 and zero
otherwise, rk =

√
x2
k + z2k, and zk = 0 if abs(yk) < 75.0

and zk = yk − 75.0 ∗ sign(yk) otherwise. The second
cost cv(·), designed for driving the bot at a speed close to
the desired speed of 20 cm/s, is the squared of the speed
difference between the current speed vk and the desired one,

cv(Xk) = w1(vk − 20)2, w1 = 0.4. (10)

The third cost cc(·), designed to avoid collisions with the
slower bots, is set to a large value 500 if (xk, yk) is inside
the collision region at time step k

cc(Xk, agentk) =


500 projf < (0.5cl + cr)

and projl < 0.5cw,

0 otherwise
(11)
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where cr is the turning circle radius, and cl, cw are the
collision region length and width, respectively, as seen in
Table I. The computation of the projection distance projf
and projl are described below

projf = abs
(
1f [disx, disy]T

)
, projl = abs

(
1l[disx, disy]T

)
where disx = xagent,k − xk, disy = yagent,k − yk, and

1f =
[
cos

(
θagent,k

)
, sin

(
θagent,k

)]
,

1l =
[
cos

(
θagent,k −

π

2

)
, sin

(
θagent,k −

π

2

)]
.

3) MPPI algorithm: The standard MPPI [23] uses the
temperature parameter selected as λ = 2.0 and the co-
variance matrix is selected as Σϵ = diag([4.02, 1.02]) to
enable sufficient exploration. In general, an additional cost
can be added to the cost function for input deviation as
c(·) =

∑N−1
k=0 γuT

kΣ
−1
ϵ ϵk [23]. However, the hyperparameter

γ is set to zero to promote exploration in the dynamic
environment with moving obstacles. The mean of the input
distribution umean in Eq. (3) and the prediction horizon T are
varied to illustrate their impact on MPPI effectiveness in the
results and discussion Section V.

4) Weighting: Given the trajectory costs Sm for all the
rollouts (0 ≤ m ≤ M − 1) based on the cost function, the
weight wm associated with each rollout (0 ≤ m ≤ M − 1)
is computed as wm = 1

η (S
m− β), where β is the minimum

cost of the rollouts β = minm [Sm] and the normalizing
factor η is η =

∑M−1
m=0 exp(− 1

λ (Sm − β)).

C. o-MPPI

The proposed o-MPPI (see Aglorithm 1) differs from the
standard MPPI in the sampling of the output and the use of
inverse to find the input – these are described below. The
proposed o-MPPI uses the same temperature parameter λ,
cost function and weighting to determine the input as the
standard MPPI case in Sections IV-B.2 and IV-B.3.

1) Sampling the trajectory rollout: The generic way in
Fig. 2 is used to sample the trajectory rollouts in this paper
with only two waypoints: the initial output and the final
output. Specifically, a rectangle-shape region of interest for
the endpoint Yk+N−1 =

[
xk+N−1 yk+N−1

]
is determined

based on the allowed magnitudes of the inputs u and the
prediction horizon N . Then, the mth sampled trajectory
rollout is generated by fitting cubic splines between the
current output and the mth final output Y m

k+N−1 = (xm
e , yme )

sampled inside the region of interest, as seen in the middle
plot in Fig. 3. Specifically, the mth rollout expression t ∈
[0, T ] (for the output x) is selected as a cubic spine as in [25]

xm(t) = a0t+ a1t+ a2t
2 + a3t

3, (12)

where the coefficients ai for i = 1, . . . , 4 can be determined
from the boundary conditions

xm(0) = xk, ẋ
m(0) = vk cos(θk),

xm(T ) = xm
e , ẋm(T ) = vme cos (θme ),

where the endpoint orientation θme is designed to be aligned
with the road direction and the endpoint forward speed vme is

the travel distance divided by the prediction horizon T , i.e.,
vme =

√
(xm

e − xk)2 + (yme − yk)2/T . The output ym(t)
is generated in a similar manner with the selected final
waypoint output yme .

2) Inverse model G−1: Given the mth differentiable
output trajectory xm(t), ym(t) in the previous subsection
with t ∈ [0, T ] and starting state Xk, i.e., xm(0) = xk,
ẋm(0) = vk cos (θk), ym(0) = yk, ẏm(0) = vk sin (θk),
the inverse input can be obtained at time steps k + j with
j = 0, 1, . . . , N − 1 from the forward dynamics in Eq. (7)
to (8), as:

vdes
k+j =

vp,k+j+1 − vp,k+j

α∆t
+ vp,k+j

ωdes
k+j =

ωp,k+j+1 − ωp,k+j

α∆t
+ ωp,k+j ,

(13)

where

vp,k+j =
√
(ẋm)2(j∆t) + (ẏm)2(j∆t),

ωp,k+j =

{
(θp,k+j − θp,k+j−1)/∆t j > 0

ωk j = 0
,

θp,k+j = arctan

(
ẏm(j∆t)

ẋm(j∆t)

)
,

vp,s, ωp,s, θp,s are the planned speed, angular velocity, and
the orientation at time step s, respectively. Saturation is not
considered when computing the inverse input in Eq. (13).
However, if the final optimal input is large (for either o-MPPI
or standard MPPI), then it is saturated in the experimental
system and bounded in simulations by the saturation function
in Eqs. (7)- (8).

V. RESULTS AND DISCUSSION

The ability to avoid and successfully overtake moving ob-
stacles in dynamic environments are comparatively evaluated
below for the proposed o-MPPI and the standard MPPI. The
evaluation starts with the study of a single dynamic obstacle,
which is followed by the case with multiple obstacles.

A. Case with a single dynamic obstacle

For comparative evaluation with a single obstacle, three
MPPI and one o-MPPI cases are simulated with the following
conditions.

• Case 1 o-MPPI: The proposed o-MPPI with prediction
horizon T = 2.0 s.

• Case 2 Small-horizon standard MPPI: Standard
MPPI with prediction horizon T = 2.0 s, i.e., prediction
steps N = 50 with sampling time period ∆t = 0.04 s.
The nominal speed is 15 cm/s, i.e., with initial control
sequence (u0, u1, ..uN−1) ≡ [15 cm/s, 0 rad/s];

• Case 3 Large-horizon standard MPPI: Standard
MPPI as in Case 2 except with a larger prediction
horizon T = 8.0 s and corresponding prediction steps
N = 200;

• Case 4 Slow-initial standard MPPI: Standard
MPPI as in Case 2 except that the initial speed is
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lower at 10 cm/s i.e., with initial control sequence
(u0, u1, ..uN−1) ≡ [10 cm/s, 0 rad/s].

The controlled bot (green in Fig. 4) is said to achieve
a successful overtake of a moving obstacle (blue circle in
Fig. 4) if: (i) the controlled bot is driving in the counter-
clockwise direction all the time, (ii) the controlled bot does
not run outside of the track or into the collision regions
of the moving obstacle, and (iii) within a specified time,
the position of the controlled bot is ahead of the slower
constant-speed obstacle. as indicated by the red dashed lines
in Fig. 5. For all these cases, the initial position of the
moving obstacle is (x, y) = (85 cm, 50 cm) on one corner
of the track as shown in Fig. 5 and it has a constant
speed of 10 cm/s. The simulation is run till the moving
obstacle reaches the other corner of the track as indicated
in Fig. 5. The initial position of the controlled bot is behind
the moving obstacle at X0 =

[
x0 y0 θ0 v0 ω0

]T
=[

85 cm −10 cm π
2 rad 15 cm/s 0 rad/s

]T
. The initial

trajectory rollouts for o-MPPI and standard MPPI for the
four different cases are visualized in Fig. 4 for comparative
evaluation. Additionally, 100 repeated simulations were run,
and the success rates for the four cases with different
numbers of rollouts M are tabulated in Table II and III.

Fig. 4. Initial rollouts for Cases 1-4 (left to right). The green circle
represents the controlled bot with the red line indicating its orientation. The
blue circle denotes the constant-speed bot of speed 10 cm/s. The bright
yellow rectangle depicts the collision region of the constant-speed bot. The
cost function component cc in Eq. (11) penalizes nonempty intersection
of the controlled bot with the collision region. Grey lines demonstrate the
trajectory rollouts of Case studies 1 to 4 in Section V-A.

Fig. 5. Successful versus unsuccessful overtake, as defined in Section V-
A. (Left plot) Unsuccessful overtake where the controlled bot runs outside
the track, passes through the moving obstacle, or drives in the clockwise
direction. (Middle plot) Unsuccessful overtake where the final position is
not ahead of the moving obstacle’s collision region within specified time.
(Right plot) Successful overtake that avoids undesirable situations in the left
and the middle plots.

1) Less number of rollouts (efficient exploration): The
proposed o-MPPI method requires 20-times less number
of rollouts compared to the standard MPPI, as seen in

TABLE II
O-MPPI SUCCESS RATE (%) FOR Case 1 IN SECTION V-A.

M 50 100 200

success rate 100 100 100

Tables III and II, In particular, to achieve 100% success
rate of overtaking, the standard MPPI requires M = 1000
rollouts with a prediction horizon T = 8.0 s while the o-
MPPI method needs M = 50 rollouts with a prediction
horizon T = 2.0 s. Thus, the proposed o-MPPI achieves
a more efficient exploration compared to standard MPPI.

2) Smaller prediction horizon: The o-MPPI method re-
quires 4-times smaller prediction horizon compared to the
standard MPPI as seen in Table III and II. In particular, to
achieve 100% success rate in overtaking, the standard MPPI
requires a prediction horizon T = 8.0 s while the inversion-
based sampling method needs only M = 50 rollouts with a
prediction horizon T = 2.0 s.

When the standard MPPI method is restricted to a predic-
tion horizon of 2.0 s, the controlled bot only achieves around
25% success rate, even with a large number of rollouts
M . This is because o-MPPI has rollouts that run into the
other lane as seen in the second left plot in Fig. 4. In
contrast, rollouts of MPPI (rollout number M = 2000) with a
prediction horizon T = 2.0 s) are mostly restricted to within
the original lane. Note that the explored area of the standard
MPPI increases substantially with a larger prediction horizon
of T = 8.0 s as seen in Fig. 4.

In this sense, the proposed o-MPPI with a smaller predic-
tion horizon requirement is beneficial since requiring a larger
prediction horizon might not be feasible due to sensor-range
limitations and it can also lead to increased computational
load.

3) MPPI performance is susceptible to the slow initial:
MPPI performance is susceptible to improper initial input
sequences, even with sufficient prediction horizon T = 8.0 s
and number of rollouts M = 2000. For Case 4 with slow-
initial speed of 10 cm/s example, the controlled bot has diffi-
culty overtaking the moving obstacle since the explored area
has less overlap with the overtake regions, as seen in Fig. 4.
Therefore, MPPI performance is affected by the initialization
strategy and is susceptible to dynamic environments.

B. Case with multiple dynamic obstacles
For comparative evaluation with multiple obstacles, two

moving obstacles are considered as in the left plot of Fig. 3.
The cost function is kept the same as in the previous
Section V-A with a single dynamic obstacle.

The first obstacle has a constant speed of 10 cm/s
(red circle) and tracks the inner lane with initial posi-
tion (x, y) = (23 cm,−156 cm) and the second obsta-
cle has speed 12 cm/s (blue circle) and tracks the outer
lane with initial position (x, y) = (−55 cm,−75 cm).
The initial position of the controlled bot (green) is
behind the first moving obstacle and has the ini-
tial condition X0 =

[
x0 y0 θ0 v0 ω0

]T
=
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TABLE III
MPPI-CONTROLLED BOT SUCCESS RATE (%) OF OVERTAKES FOR

DIFFERENT PREDICTION HORIZON T AND NUMBER OF ROLLOUTS M

FOR Cases 2 to 4 IN SECTION V-A

.

T M succ. rate T M succ. rate

Case 2
2.0 50 22 4.0 50 4
2.0 500 28 4.0 500 2
2.0 1000 15 4.0 1000 6
2.0 2000 22 4.0 2000 2

Case 3
8.0 50 49 6.0 50 34
8.0 500 75 6.0 500 52
8.0 1000 100 6.0 1000 89
8.0 2000 100 6.0 2000 97

Case 4
8.0 2000 1

[
−55 cm −10 cm −π

2 rad 15 cm/s 0 rad/s
]T

Com-
parative simulation and experiments of o-MPPI and standard
MPPI were performed with settings as in Case 1 (o-MPPI)
and Case 3 (Larger-horizon standard MPPI) proposed in
Section V-A.

1) Comparison of two obstacle avoidance: Only the
o-MPPI-controlled bot managed to successfully maneuver
around both moving obstacles after slowing down because
both lanes were blocked by the two slower constant-speed
bots as seen in the trace plots in Fig. 6. First, the o-MPPI-
controlled bot switched to the inner lane since the inner-lane,
constant-speed bot has a relatively faster speed at 12 cm/s
compared to the outer-lane, constant-speed bot moving at
10 cm/s and second then the o-MPPI-controlled bot switched
back to the outer lane once there is sufficient room to drive at
a faster speed that is closer to the desired speed 20 cm/s. In
contrast, the standard MPPI-controlled bot got stuck behind
the constant-speed bot, as seen from the trace in the upper
region of the track in Fig. 6. As shown with Case 4 (slow-
initial standard MPPI), with a smaller speed the nominal
mean of the MPPI input distribution become smaller, and
can lead to lower success rate for overtaking. It is noted that
both the o-MPPI-controlled bot and the MPPI-controlled bot
were able to successfully maneuver around a single obstacle
when the controlled bot is moving at a higher speed as seen
in the accompanying video at https://youtu.be/snhlZj3l5CE.

2) Oscillatory driving versus overtaking: Comparison of
traces of the experimental snapshots in Fig. 6 (left) shows
that the MPPI-controlled bot can not only get stuck behind
the slower moving obstacle bot (with speed 10 cm/s in the
outer lane), but it also tends to have oscillatory driving
behavior. This is because the oscillatory motion allows the
bot to achieve a relatively faster speed closer to its desired
speed in the cost function component cv in Eq. (10). In
contrast, the trace of the o-MPPI-controlled bot in Fig. 6
(right) show that it is able to maintain higher speed by

Fig. 6. Experimental traces of the MPPI-controlled bot (left) and o-
MPPI-controlled bot (right). The o-MPPI-controlled bot could maneuver
multiple times (snapshots of positions are indicated as P1 (dashed), P2

(dash-dotted), and P3 (dotted plots)) to overtake two constant-speed moving
bots. However, the MPPI-controlled bot got stuck behind the constant-
speed moving bot (blue) although it switched to the outer lane initially
(at position P1 (dashed plot)) to avoid a single moving bot. Note that the
MPPI-controlled bot moved in a zig-zag manner, as seen in the top right of
the left plot. The full experiments can be seen in the accompanying video
at https://youtu.be/snhlZj3l5CE and additional details are in [26].

successfully switching to the inner lane since the obstacle
bot in the inner lane in the front has a higher speed 12 cm/s
compared to the bot in the outer lane with speed 10 cm/s.

VI. CONCLUSION AND FUTURE WORKS

This paper proposed an output-sampling-based model
predictive path integral control (o-MPPI) to improve the
efficiency of standard MPPI. An advantage of the proposed
output sampling is that it can leverage the substantial work
on trajectory planning in robotics to meet constraints that
are often posed in the output space, which in turn improves
the efficiency of MPPI. Instead of forward models that map
from input to output as in standard MPPI, the proposed o-
MPPI uses inverse models to map from the sampled output
to inputs. The improved efficiency of the o-MPPI was seen in
both the simulation and the experimental results — o-MPPI
required less number of rollouts and a shorter prediction
horizon, compared to the standard MPPI. Future works will
explore the use of other trajectory-planning methods for
output sampling with o-MPPI, as well as the use of data-
enabled deep-learning and Gaussian process models for the
inverse map. A blending of the input sampling and output
sampling can also be considered depending on the type of
constraints. Our ongoing theory work seeks to connect the
proposed o-MPPI and stochastic optimal control.
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