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Abstract— Sampling-based motion planning such as Model
Predictive Path Integral (MPPI) control has become attractive
for robotics due to its ability to handle nonlinear dynamics
and non-smooth objectives without gradient information, while
leveraging parallel rollout computation for real-time perfor-
mance. However, in real-world robotic systems, the optimized
control input is often applied after a non-negligible planning
delay, causing a mismatch between the state used in forward
simulation and the actual state at control execution, which can
significantly degrade planning accuracy and may even lead
to unsafe behavior such as collisions. This paper proposes
Closed-Loop MPPI with Initial-State Sampling (CLIS-MPPI),
which explicitly addresses execution-time state mismatch by
modeling planning delay as a distribution over plausible
execution-time initial states, performing rollout optimization
from sampled initial states, and applying a rollout-based local
feedback correction during control execution. The proposed
method is validated through real-world experiments on a 6-
DoF URSe manipulator in a narrow-passage task involving
obstacle avoidance and end-effector target reaching. Across 5
real-world runs of the same task, standard MPPI collided in 2
runs, whereas CLIS-MPPI remained collision-free in all 5 runs.
Averaged over all collision-free runs for each method (3 for
MPPI and 5 for CLIS-MPPI), CLIS-MPPI reduced the average
task completion time from 25.4 s to 24.4 s and the average end-
effector path length from 0.456 m to 0.425 m. It also reduced
the overall joint-position and joint-velocity root mean square
errors (RMSEs) from 0.100 rad and 0.108 rad/s to 0.017 rad and
0.011 rad/s, respectively. These results demonstrate improved
safety, planning-execution consistency, and motion smoothness.

I. INTRODUCTION

With the rapid growth of computing hardware, sampling-
based motion planning methods [1], [2], especially Model
Predictive Path Integral (MPPI) control [3], have emerged as
a powerful framework for real-time robotic motion planning
and control. MPPI repeatedly samples stochastic control
rollouts, performs forward simulation, evaluates trajectory
costs, and refines the control sequence through a path-integral
weighted update over a receding horizon. Compared with tra-
ditional gradient-based model predictive control (MPC) [4],
MPPI does not require differentiable cost functions, making
it particularly suitable for robotic systems with nonlinear
dynamics, obstacle-rich environments, and complex non-
smooth objectives [5]. Furthermore, unlike learning-based
methods such as reinforcement learning [6], which typically
depend on large-scale offline training, MPPI is a fully online
planning method and can leverage GPU-parallelized rollout
computation [7] to enable real-time decision-making.
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cycle. At planning time t,Pkm, MPPI optimizes using the measured state x;°.
During the delay window, the robot continues executing the previous control
u;—1. Consequently, when the newly planned control u; actually becomes
effective at 75", the system state has already evolved to x?pply # xef,

Despite these advantages, the performance of MPPI in
real-world robotic systems can be significantly degraded
by execution-time delay. In particular, the quality of MPPI
critically depends on the accuracy of its forward simulation
and cost evaluation, since both are used to determine the
control update at each planning cycle. However, forward sim-
ulation is typically the most computationally expensive step
in MPPI, and the resulting planning latency can introduce a
substantial mismatch between the state used for optimization
and the state at which the optimized control is actually
applied. As illustrated in Fig. 1, at planning time ¢/ a0 MPPI
starts forward simulation from the measured robot state xlfef,
and the rollout costs are evaluated based on this state. During
the planning interval 7;, however, the robot continues execut-
ing the previous control command u;_;. Consequently, when
the newly optimized control u; becomes effective at tl-se“d, the
actual robot state has already evolved to x?pply # xgef. As a
result, the control command u; is no longer applied to the
state on which it was optimized, leading to a delay-induced
state mismatch. This issue becomes particularly critical in
high-frequency control settings or when the robot operates
with large control actions, where even a small planning
delay may produce a significant state deviation. In safety-
critical tasks such as obstacle avoidance in narrow spaces,
such mismatch can cause severe performance degradation
and even collisions, despite the fact that the planned rollouts
themselves are collision-free during forward simulation.

To address the delay-induced state mismatch, we propose
closed-loop MPPI with initial-state sampling (CLIS-MPPI),
as illustrated in Fig. 2. The key idea is to explicitly convert
execution delay into an initial-state uncertainty at each plan-
ning cycle, and to compensate for the resulting mismatch



through a closed-loop control update. Instead of assuming
that the control optimization starts from a single measured
state, CLIS-MPPI samples a distribution of perturbed initial
states around the currently measured state to represent the
possible system evolution during the planning interval. For
each sampled initial state, perturbed control sequences are
generated and parallel forward simulations are performed to
obtain rollout trajectories and their associated costs. Based
on the weighted rollout distribution, a nominal state-control
trajectory is constructed, from which a local feedback gain is
further extracted in a rollout-based manner. The final control
input is then computed as a closed-loop combination of the
MPPI feedforward update and a state-feedback correction
term. In this way, the proposed method enables the applied
control command to better match the actual robot state
at execution time, thereby improving consistency between
planning and execution, motion smoothness, and safety in
delay-sensitive real-world tasks.

In contrast to standard MPPI, which assumes immediate
actuation after planning and samples only control perturba-
tions from a single planning state, CLIS-MPPI replaces this
assumption with a distribution over plausible execution-time
initial states, jointly samples both initial-state and control
perturbations, and augments the control update with rollout-
based feedback correction.

A. Related Work

MPPI was originally introduced for aggressive au-
tonomous driving tasks, where its sampling-based formu-
lation demonstrated strong capability in handling high-
speed, nonlinear systems under complex objectives [3].
Since then, MPPI has been extended to a wide variety
of robotic platforms, including robotic manipulators [5],
[8], [9], aerial robots [10], and legged systems [11]. In
robotic manipulation, STORM [5] and RAMP [8] showed
that GPU-accelerated MPPI can achieve real-time obstacle
avoidance and goal-reaching on 6-7 Degrees of Freedom
(DoF) manipulators in cluttered environments. For dynamic
environments, Zhou et al. [9] proposed a parallel MPPI
framework for manipulators that improves computational
efficiency and incorporates a gradient-velocity modulated
signed distance field cost for dynamic obstacle avoidance.
Zhai et al. [10] developed a perception-aware MPPI method
for quadrotor navigation in unknown environments, where
perception-driven objectives are integrated into the planning
process to promote exploration and path recovery under
occlusion.

Delay-induced state mismatch causes the optimized con-
trol input to be applied to a state that is no longer consistent
with the one used during planning, which may lead to
degraded performance and even unsafe behavior. To improve
the safety of MPPI, several works have combined MPPI
with control barrier functions (CBFs) [12], [13], [14]. Tao
et al. [12] proposed SCBF-MPPI, which constrains the
sampling distribution using stochastic control barrier func-
tion conditions to improve probabilistic safety and sample
efficiency. Parwana et al. [13] combined an MPPI planner

with a CBF-based safety filter so that MPPI handles task
planning while the CBF layer enforces safe execution. Rabiee
and Hoagg [14] proposed GS-MPPI, which incorporates
a composite CBF into the system dynamics and enables
MPPI to optimize only over guaranteed-safe trajectories. In a
different direction, Belvedere et al. [15] proposed Feedback-
MPPI, which augments MPPI with local feedback gains
extracted from rollout sensitivity analysis to improve closed-
loop responsiveness. However, these methods mainly focus
on safety filtering or high-frequency feedback enhancement,
and do not explicitly address the execution-time state mis-
match caused by planning delay.

B. Contributions

The main contributions of this paper are as follows:

1) We propose CLIS-MPPI, a novel MPPI formulation
that explicitly compensates for execution-time state
mismatch. Unlike standard MPPI, which implicitly
assumes immediate actuation after the planning stage,
CLIS-MPPI models planning delay as a distribution
over plausible execution-time initial states, jointly sam-
ples both initial-state and control perturbations, and
computes the applied control input using a closed-loop
combination of the MPPI feedforward update and a
rollout-based local feedback correction.

2) We validate CLIS-MPPI through real-world experi-
ments on a URSe manipulator in a narrow-passage
task involving both obstacle avoidance and end-effector
target reaching. Across 5 real-world runs of the same
task, standard MPPI collides with the environment
in 2 runs, whereas CLIS-MPPI remains collision-free
in all trials. Averaged over all collision-free runs for
each method (3 for MPPI and 5 for CLIS-MPPI),
CLIS-MPPI reduced the average task completion time
from 25.4 s to 24.4 s and shortened the average end-
effector path length from 0.456 m to 0.425 m. In
addition, the overall joint-position and joint-velocity
root mean square errors (RMSEs) were reduced from
0.100 rad and 0.108 rad/s under MPPI to 0.017 rad
and 0.011 rad/s under CLIS-MPPI, corresponding to
reductions by factors of approximately 5.9 and 9.7,
respectively.

II. PROPOSED CLOSED-Loopr MPPI WITH
INITIAL-STATE SAMPLING

A. MPPI Preliminaries

We consider a general discrete-time nonlinear system

Xt 41 :f(xtvut)v (D

where x, € R” and u, € R™ denote the system state and con-
trol input, respectively. At each iteration #, MPPI optimizes
a horizon-N control sequence

U= {u 1, )

where j € {0,...,N — 1} indexes the within-horizon time
step.
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Fig. 2. Overview of the proposed CLIS-MPPI. CLIS-MPPI converts execution delay into an initial-state uncertainty distribution, samples both perturbed
initial states and control sequences, and performs parallel forward simulation to obtain rollout trajectories and costs. The weighted rollout distribution is
then used to construct a nominal trajectory and extract local feedback gains. Finally, the applied control is computed as a closed-loop combination of the

MPPI feedforward term and a state-feedback correction.

To evaluate the control sequence, MPPI generates K
stochastic rollouts by perturbing the nominal controls. For
rollout index k € {1,...,K}, Gaussian perturbations

et~ v (0,1, 3)

are sampled and added to the nominal controls, yielding
ut —uel =0 N-L )
(k)

Starting from x;

= £ (50,

t+j+1 t+j Ct+j

= X;, each rollout is propagated according

j=0,...,.N—1. (5)

Each rollout is assigned a trajectory cost
(0 B LN (0 q®
S =0 (XHN) + Z é(xtﬂ’uzﬂ) ) (©6)
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where ¢(-) and ¢(-) denote the terminal and stage cost,
respectively. The importance weight of rollout k is then

defined as ©
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) _ exp(~451")

Wt )
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where A > 0 is the temperature parameter.
Finally, MPPI updates the nominal controls w;.; via
adding an importance weighted average of perturbations:

)

K
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k=1
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Only the first control w, is executed, and the procedure
repeats in a receding-horizon manner.

Standard MPPI implicitly assumes that the optimized con-
trol can be applied immediately after planning and that the
measured planning state coincides with the actual execution-
time state. In real-world multi-body robotic systems, how-
ever, computation, communication, and scheduling delays

violate this assumption, causing the control update to become
stale at the moment of execution.

B. Proposed CLIS-MPPI

We propose CLIS-MPPI, which augments standard MPPI
through three components: 1) delay-induced initial-state un-
certainty modeling, 2) initial-state-sampled MPPI rollouts,
and 3) rollout-based local feedback extraction for closed-
loop execution. Fig. 2 illustrates the overall workflow of the
proposed CLIS-MPPI, and Alg. 1 provides the corresponding
pseudocode.

1) Delay-Induced Initial-State Uncertainty: Let t denote
the planning instant, and let the newly computed policy
become effective only after an execution delay 7;,. Denote
by x°f the state used by the planner at time 7, and by x*PP
the true system state when the new policy actually starts
affecting the system. Their mismatch is defined as

Ax, = x;PP ly _ x{ef. )

Instead of predicting a single delayed state, we model this
execution-time mismatch as a random variable

Ax; ~ f/V(07Zdelay)a (10)

where g2y captures the state uncertainty induced by exe-
cution delay, communication jitter, zero-order hold, and low-
level tracking error.

For systems driven by streaming velocity commands, we
model the dominant position mismatch as

Ag = uyo47,

Y

where uy1q 1S the average previously issued command during
the delay window and 7 is the effective delay. Assuming
approximate independence between uy,oq and 7, the position
mismatch covariance can be approximated as

Yag ~ B[t Ty hold + 2L, L, - (12)



Algorithm 1 Proposed CLIS-MPPI
Require: x°/, U, = {u;+j}ljyz_01, KN, A 2, Zinies f(),
5(')#15('), o

Ensure: updated Uy, {ug, 4 j}ljyz’ol, {XH.,-}’}':O, {Kit j}ljyz’ol
1: [Rollouts] for each k= 1,...,K in parallel do

2 sample 5,(k) ~ A (0,Z;) and set xt(k) T 551{)
3 for j=0,...,N—1 do
4 sample efi)j ~ AN (0,%,)
5 set u,(ﬁ)j Uy —i—s,(ﬁ).
k K (k
6 propagate foerr1 ef(xl(ﬁj,ul(jj)
7 end for © )
8 compute ;" + @ (x t+N) ZN 16( t+]7ut+])
9: end for
10: [Weighting] compute wt(k) o< exp( —S,(k)/ A) and normal-
ize over k=1,...,K

11: [Feedforward & nominal trajectory] for j=0,...

I do ®) ()
K
120 W W Y W €L

< K (k) (k)
130 Kppj e Yoy W Xy

= Kk (k) (k)
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15: end for

16: Xy YK, wfk)xf’jr),v

17: [Feedback gain] for j=0,...,
18:  compute centered deviations X
19: Sy T wOx g0T
200 Turerj ¢ Lio Wz(k)ﬁt(ljr)ft@;

2t Kipj ¢ St j (B +al) !

22: end for

23: [Execute] measure x; and apply

24: lltCmd —ugr, + K, (Xt - )_(t)

25: [Shift] warm-start the next horizon using {ug, j}yz’ll

aNﬁ

N—1do

z(i)j and @

(k)
t+j

where

62 = Var(t).
(13)

For a general state partitioned into position- and velocity-like

components such as the case in robotics, we have

Zgelay ~ blkdiag(Zag, Zag)-

i, = Elupoiq], Ly nold = Cov(upela),

(14)
The covariance used for initial-state sampling is defined as

Zinit = z"clelay- (15)

The proposed method therefore directly uses the delay-
induced execution-time mismatch covariance to sample plau-
sible initial states for rollout propagation.

2) Initial-State-Sampled MPPI: Unlike standard MPPI,
CLIS-MPPI samples both the execution-time initial state and
the control sequence. For rollout k, we sample

k
8~ (0, %), (16)
and initialize the rollout from
XY = xief 4 50 (17)

The perturbed controls are sampled as
(k) (k)

W=yl e~y as)
and the rollout is propagated according to
k K (k ;
Xt(Jr)j+1:f<X£+)j,“t(+)j)7 j=0,...,N—1. (19)

Therefore, CLIS-MPPI optimizes the control sequence over
a distribution of plausible execution-time initial conditions
rather than a single assumed planning state.

3) Rollout-Based Feedback Extraction and Closed-Loop
Execution: Beyond the feedforward MPPI update, CLIS-
MPPI extracts a local state-feedback gain from the weighted
rollout distribution. For each within-horizon step j, we first
compute the weighted nominal state and control

Xiyj= Z Wt t+/7 Z Wt t+; 20)
We then define the rollout deviations
k k _ k
6Xt(+)j = Xt(+>j —Xitj 5ut+j t(+)1 Ve 2h

To remove possible weighted bias, we further center them as

K
~(k k r r
i =5 fjj—;wf)axfjj, (22)
K
= 6utﬂ Y w auw (23)

r=1

Leveraging the powerful concept of state-feedback control,
we fit a local linear relation

i~ K&, k=1, K. (24)

via weighted least squares:
Kt+]—argm1n2w, ‘ t(Jr)] K”[HH . (25)

The closed-form solution is
Tocs+j = Zmlﬂw, (26)
Tuvitj = Zmiigﬂ, 27)
Kitj=Zui+j Cuxarj+ ocI)’ (28)

where o > 0 is a regularization parameter.

The planner outputs a policy package consisting of the
feedforward control sequence, the reference state trajectory,
and the extracted local feedback gains. At each control
update instant, the applied control is computed as

ufmd =ug, + K, (Xt - Xt)y (29)

where X, is the current measured state at the control update
instant, X, denotes the corresponding reference state on the
weighted nominal rollout trajectory, and ug,; denotes the
feedforward control at time step ¢ obtained from the MPPI
update. In this way, the feedforward term provides predictive



guidance, while the feedback term compensates for delay-
induced state mismatch and local execution errors at the
moment of command application.

In practice, the effective delay of each planning cycle can
be measured online as

appl lan
=85 =5, (30)
where s?lan denotes the timestamp at which the planning

cycle at iteration ¢ starts, and s;°" 'Y denotes the first control
update instant at which the newly planned policy is actually
applied. These delay samples are then used to estimate
delay statistics, such as E[t], Var(t), and E[z?], which
in turn are used to adapt Xelpy. To improve robustness
under weight collapse, we additionally employ command
saturation, rate limits, and an effective-sample-size threshold
during execution.

CLIS-MPPI therefore transforms execution delay into an
initial-state uncertainty distribution and augments MPPI with
a rollout-based local feedback policy for closed-loop execu-
tion.

ITII. EXPERIMENTS

In this section, we validate the proposed CLIS-MPPI
through real-world experiments on a 6-DoF manipulator
for obstacle-avoidance and goal-reaching tasks. As we shall
observe, compared with standard MPPI, the experimental
results verify the effectiveness of the proposed method in
narrow-space obstacle avoidance, achieving collision-free
execution, shorter total path length, and significantly lower
error relative to the reference state.

A. Real-World Experimental Setup

Forward simulation Robot states

Physical URSe

y N

L]

]

L 2 —> CLIS-MPP] ——>
IsaacGym CUDA .

accelaration Rollouts uy
Fig. 3. Experimental setup.

1) Hardware and implementation: The experimental plat-
form is shown in Fig. 3. We conduct experiments on a 6-
DoF URS5e manipulator. A PC equipped with an Intel Core
17-9750H CPU, an NVIDIA GeForce GTX 1650 GPU, and
32GB RAM serves as the onboard computing platform.
The forward simulation of MPPI rollouts is performed in
Isaac Gym, leveraging CUDA-based parallel computation to
improve runtime efficiency.

2) State and control interface: We read the URSe joint
states via ROS, using a 12-dimensional state vector x; =
[q,,4,]" € R'?, where q, € R® and q, € R® denote joint
positions and velocities. CLIS-MPPI outputs a joint-velocity
command u; € RO, which is sent back to the UR5e through
ROS for receding-horizon execution. Due to GPU memory

constraints, we set the control rate to 10Hz (dr = 0.15s).
The other key parameters of the real-world experiment are
summarized in Table I.

TABLE 1
REAL-WORLD EXPERIMENT PARAMETERS

Parameter Value
Rollouts K 50
Horizon N 12
Control step dt 0.1 s (10 Hz)
Joint velocity bound |¢;| < 0.2 rad/s
Joint position bound |g;| <27 rad
Temperature A 0.05

3) Cost function: We use a goal-reaching objective with
collision penalties. Let pe.(q,) € R® and R..(q,) € SO(3)
denote the end-effector position and orientation from forward
kinematics, and let (p,,R,) be the goal pose. The stage cost
is defined as

(X ;) = wy Hpee(qt) - pg”2 +WRdR(Ree(qt)ng)

(31)
+we Hcol(ql)a

where dg(-,-) measures orientation mismatch (e.g., quater-
nion angle error), and I, (q,) € {0,1} indicates collision or
contact with the table, shelf and obstacle. For the UR5e robot
and our task space, we set (w,,wg,w.) = (10,3,1000).

B. Experimental Results

The experimental task and representative execution se-
quence are shown in Fig. 4. The scene is set on a tabletop
with a black box placed in front of the robot as an obstacle. A
cube on the table serves as the goal target for the end effector
to reach. In particular, the gap between the black obstacle and
the vertical wall is narrow, leaving only a limited collision-
free passage for the manipulator to move through. This
setting makes the task highly sensitive to execution-time state
mismatch and therefore suitable for evaluating the proposed
method.

TABLE 11
REAL-WORLD RESULTS ON THE URSE TABLETOP SETUP.

Method MPPI  CLIS-MPPI
Collision-free No Yes
Mean Planning Time (ms) 87.5 87.6
Task Completion Time (s) 254 24.4
End-effector Path (m) 0.456 0.425

The experimental results of MPPI and CLIS-MPPI are
summarized in Table IT and Figs. 4-6. A key observation
is that the baseline MPPI is not consistently collision-free
in this real-world setting. Although the control commands
planned by MPPI are typically collision-avoiding in forward
simulation, collisions with the vertical wall still occur during
execution. Specifically, in 5 repeated trials, MPPI collided
in 2 runs. This discrepancy is mainly caused by execution-
time state mismatch. As shown in Table II, the average
planning time of MPPI is 87.5 ms per control cycle. During
this computation interval, the robot continues executing
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Fig. 5. Joint position errors with respect to the forward-simulated reference
joint positions for MPPI and CLIS-MPPI

the control command from the previous cycle, while its
actual state keeps evolving. As a result, by the time the
newly planned command is applied, the robot state may
have already deviated significantly from the state at which
the current planning cycle started. Such mismatch becomes
especially critical in the narrow passage shown in Fig. 4,
where even a small deviation can lead to contact with the
obstacle or the wall.

In contrast, CLIS-MPPI completely avoids this issue in
all real-world trials. The proposed method explicitly incor-
porates delay-aware initial-state sampling during forward
simulation and generates closed-loop control inputs with on-
line state-feedback correction. Therefore, the applied control
command is no longer based solely on an outdated state at
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Fig. 6. Joint velocity errors with respect to the forward-simulated reference
joint velocities for MPPI and CLIS-MPPI

the beginning of the planning cycle, but instead continuously
compensates for execution delay and state deviation in an
online manner. This enables the robot to more accurately
track the predicted system evolution and maintain safe mo-
tion through the narrow collision-free passage.

As reported in Table II, the task completion time and
end-effector path length are averaged over all collision-
free trials for each method, corresponding to 3 trials for
MPPI and 5 trials for CLIS-MPPI. Among their respective
collision-free trials, CLIS-MPPI achieves better performance,
reducing the average task completion time from 25.4 s to
24.4 s and shortening the average end-effector path length
from 0.456 m to 0.425 m. This improvement indicates that
CLIS-MPPI not only enhances safety, but also improves



motion efficiency. The reason is that, with more accurate state
estimation under execution delay, each control command can
be applied to a state that more closely matches the actual
robot configuration, leading to more precise and effective
motion generation.

Figs. 5 and 6 further demonstrate the state-consistency
advantage of CLIS-MPPI over MPPI. The error curves shown
in these figures are taken from the trial corresponding to the
median end-effector path length among the 3 valid collision-
free trials. For all joints, CLIS-MPPI yields substantially
smaller errors with respect to both the reference joint posi-
tions and the reference joint velocities. The corresponding
RMSE values are consistently much lower than those of
MPPI, often by a factor of several. In particular, the overall
joint position and joint velocity RMSEs of MPPI are 0.100
rad and 0.108 rad/s, respectively, whereas those of CLIS-
MPPI are 0.017 rad and 0.011 rad/s, representing a 5.9-
and a 9.7-fold reduction, respectively. These results confirm
that CLIS-MPPI enables the actual robot state to remain
much closer to the forward-simulated reference state at
each control step throughout execution. As a consequence,
the robot motion becomes smoother and more stable, with
less noticeable hesitation or jerky behavior during obstacle
avoidance and target reaching.

IV. CONCLUSIONS

This paper proposed CLIS-MPPI, a delay-aware closed-
loop MPPI for real-world robotic systems. By explicitly
modeling planning delay as initial-state uncertainty and com-
bining MPPI with online state-feedback correction, the pro-
posed method substantially mitigates the mismatch between
the state used in forward simulation and the actual state at
which the control command is applied. As a result, CLIS-
MPPI effectively improves the safety of MPPI in delay-
sensitive tasks, for example by preventing collisions that
can arise from delay-induced state mismatch, while also
producing smoother and more stable robot motion during
execution. The effectiveness of the proposed method was
validated through real-world experiments on a 6-DoF UR5e
manipulator, where CLIS-MPPI demonstrated improved col-
lision avoidance, state consistency, and motion smoothness
compared with standard MPPI.
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