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SIT-LMPC: Safe Information-Theoretic

Learning Model Predictive Control for Iterative Tasks
Zirui Zang, Ahmad Amine, Nick-Marios T. Kokolakis, Truong X. Nghiem, Ugo Rosolia, and Rahul Mangharam

Abstract—Robots executing iterative tasks in complex, un-
certain environments require control strategies that balance
robustness, safety, and high performance. This paper introduces a
safe information-theoretic learning model predictive control (SIT-
LMPC) algorithm for iterative tasks. Specifically, we design an
iterative control framework based on an information-theoretic
model predictive control algorithm to address a constrained
infinite-horizon optimal control problem for discrete-time nonlin-
ear stochastic systems. An adaptive penalty method is developed
to ensure safety while balancing optimality. Trajectories from
previous iterations are utilized to learn a value function using
normalizing flows, which enables richer uncertainty modeling
compared to Gaussian priors. SIT-LMPC is designed for highly
parallel execution on graphics processing units, allowing efficient
real-time optimization. Benchmark simulations and hardware
experiments demonstrate that SIT-LMPC iteratively improves
system performance while robustly satisfying system constraints.

I. INTRODUCTION

ITERATIVE tasks are ubiquitous in robotics, spanning ap-
plications such as quadrotor racing [1], quadruped motion

planning [2], and surgical robotics [3]. The core challenge in
these settings lies in improving performance over successive
executions, leveraging data from prior attempts to refine future
behavior [4]. To achieve this, a variety of approaches have
been explored, including deep reinforcement learning (RL)
[5], genetic algorithms [6], and optimal control [2, 7]. These
iterative tasks usually involve additional complexities, such
as navigating dynamic environments with obstacles [8] or
ensuring safe human-robot interaction [9]. Thus, balancing
performance with safety through constraint satisfaction during
training is a key requirement.

Iterative learning control (ILC) improves system perfor-
mance by using error information from previous task exe-
cutions to refine future control signals [10]. Learning model
predictive control (LMPC) [11] is a reference-free variant of
ILC that iteratively constructs a controlled invariant terminal
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constraint set (safe set) and a terminal cost function within
a model predictive control (MPC) framework, optimizing
for solutions to constrained infinite-horizon optimal control
problems over successive iterations. LMPC ensures safety by
enforcing state constraints throughout the MPC horizon and
enforcing the terminal state to reside within the safe set.
The control method converges asymptotically to the optimal
controller for deterministic linear systems with quadratic costs
[12]. For stochastic systems, [13] specializes LMPC to linear
systems with state noise by constructing robust safe sets from
previous trajectories and learning a terminal cost function
representing the value function associated with the control
policies used for collecting data. These safe sets and terminal
cost function can be approximated using a finite number of
prior trajectories while ensuring that the worst-case iteration
cost is non-increasing [14]. Recently, in adjustable boundary
condition (ABC)-LMPC [15, 16], the LMPC framework is
extended to stochastic nonlinear dynamical systems by using a
sampling-based cross-entropy method (CEM) MPC to repeat-
edly sample trajectories until all samples satisfy the terminal
set constraint and select the least-cost sampled trajectory
[17]. Although ABC-LMPC theoretically extends the LMPC
framework to stochastic nonlinear dynamical systems, the
state constraints are encoded with a high constant cost in
the cost function, which yields overly conservative control.
Furthermore, it has been reported that the CEM sampling leads
to infeasible solutions for stochastic systems and is susceptible
to mode collapse in high-dimensional nonlinear systems [18].

Information-theoretic MPC or model predictive path in-
tegral control (MPPI) [19] is a sampling-based MPC algo-
rithm for stochastic systems. MPPI synthesizes the optimal
control by minimizing the Kullback-Leibler (KL) divergence
between the optimal control distribution and the sampled
control distribution [19]. Stochasticity is handled by sampling
trajectories and optimizing over their expected cost without
requiring gradient information. The sampling process can be
parallelized on a graphics processing unit (GPU), enabling
real-time control. Previous work has demonstrated that MPPI
outperforms CEM-MPC in terms of safety and cost [20]. How-
ever, MPPI is an unconstrained optimal control method, and
state constraints are typically incorporated through clamping
in the dynamics or a high cost on violations [20]. Alternatively,
state constraints can be satisfied by projecting unsafe sampled
trajectories onto a feasible set for differentially flat systems
[21] or by incorporating a control barrier function (CBF) into
the cost function combined with a gradient-based local repair
step [22]. These approaches can ensure safety, but rely on
special assumptions about model dynamics or the existence
of a valid CBF, which is hard to realize for real-world data-
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Fig. 1. SIT-LMPC architecture: starting from an initial trajectory, the algorithm iteratively updates the safe set and value function model (orange loop), while
solving multiple MPPI problems in parallel (blue loop) to generate optimal trajectories.

based scenarios. To the best of our knowledge, there is no
constrained MPPI that can handle general state constraints.

The main contribution of this paper is the development of a
safe iterative learning control framework for general stochastic
nonlinear systems by extending the LMPC formulation and
solving the resulting optimization problem by designing a con-
strained information-theoretic MPC algorithm. Our proposed
approach is general and does not rely on assumptions about
the system’s dynamics and state constraints. To efficiently and
effectively balance optimality and safety, we develop an online
sampling-based adaptive penalty method. We learn the value
function using normalizing flows by leveraging trajectories
from previous iterations, enabling richer uncertainty modeling
than Gaussian priors. We provide a fully parallelized deploy-
ment of our method, enabling 100Hz+ real-time control on a
scaled off-road vehicle with an NVIDIA Jetson Orin AGX.
The architecture of the proposed SIT-LMPC framework is
illustrated in Fig. 1.

II. PROBLEM FORMULATION

In this section, we state the constrained infinite horizon
optimal control problem for discrete-time nonlinear stochastic
systems to characterize an admissible feedback controller that
i) renders a set of admissible states and a target set robust
controlled invariant, ii) robustly drives the system state to
the target set asymptotically, and iii) optimizes the system
performance.

Consider the discrete-time nonlinear stochastic dynamical
system given by

x(k + 1) = f
(
x(k), u(k), w(k)

)
, x(0)

a.s.
= x0, (1)

where, for every k ∈ Z+ ≜ {0, 1, 2, . . .}, x(k) ∈ Rnx is a
state vector, u(k) ∈ Rnu is a control input, w(k) ∈ W ⊂ Rnw

is an independent and identically distributed (i.i.d.) stochastic
disturbance process with W being a bounded set, and f :
Rnx ×Rnu ×W → Rnx is jointly continuous in x, u, and w.
The initial condition x(0) is assumed to be a constant vector,
almost surely (a.s.) equal to x0.

Let X ⊂ Rnx be a set of admissible states and let U ⊂
Rnu be a set of admissible control inputs. Furthermore, let
T ⊂ X be a set of target states and assume that T is a robust

controlled invariant set [23] with respect to the discrete-time
nonlinear stochastic dynamical system (1) and the admissible
control inputs U , that is, for every x ∈ T , there exists u(x) ∈
U such that f(x, u(x), w) ∈ T for all w ∈ W . In other words,
the target set T is a robust controlled invariant set with respect
to (1) and U if, for every initial condition x0 ∈ T , there exists
an admissible feedback control law u : T → U such that the
solution sequence x(k), k ∈ Z+, to (1) remains a.s. in T for
all disturbance sequences w(·). A set S ⊂ X is said to be safe
if it is a robust controlled invariant set with respect to (1) and
U . Hence, T is safe.

To evaluate the performance of the discrete-time nonlinear
stochastic dynamical system (1) over the infinite horizon, we
define, for every x0 ∈ Rnx and control input u(k), k ∈ Z+,
the performance measure

J
(
x0, u(·)

)
≜ E

[ ∞∑
k=0

h
(
x(k), u(k)

)]
, (2)

where h : Rnx × Rnu → R is the stage cost satisfying
h(x, u) = 0 for every (x, u) ∈ T × Rnu and h(x, u) > 0
for every (x, u) ∈ (Rnx\T ) × Rnu . That is, the target set T
incurs zero cost.

The goal is the synthesis of an admissible feedback control
law u⋆ : X → U that renders X and T robust controlled invari-
ant, robustly drives, for every x0 ∈ X , the state x(k), k ∈ Z+,
to the target set T as k →∞, and minimizes the performance
measure (2).

In light of the above, our control problem can be cast as a
constrained infinite horizon optimal control problem given by

J⋆(x0) ≜ min
u(·)∈F(x0)

J
(
x0, u(·)

)
(3a)

subject to

x(k + 1) = f
(
x(k), u(k), w(k)

)
, k ∈ Z+, (3b)

x(0)
a.s.
= x0 ∈ X , (3c)

x(k) ∈ X , u(k) ∈ U , k ∈ Z+, (3d)

where F(x0) denotes the set of admissible feedback stabilizing
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controllers, which is assumed to be nonempty and defined as

F(x0) ≜
{
u : X → U : x(·) given by (1) satisfies a.s.

x(k) ∈ X , k ∈ Z+, lim
k→∞

x(k) ∈ T , and J
(
x0, u(·)

)
<∞

}
.

III. SAFE INFORMATION-THEORETIC LEARNING MODEL
PREDICTIVE CONTROL

The constrained infinite-horizon optimal control problem
(3) involves an optimization over infinite-dimensional function
spaces, and hence, it is challenging to solve. In this section,
we build on LMPC [11], MPPI [20], and penalty methods
for constrained optimization [24] to develop the SIT-LMPC
algorithm to address this problem. Specifically, we learn the
solution to problem (3) by iteratively executing the constrained
regulation task from the initial condition x0. System trajec-
tories associated with feasible iterations are stored and used
to iteratively synthesize a sampling-based predictive control
policy and learn a value function. Constraints are enforced
by developing an adaptive penalty method while balancing
optimality.

A. Stochastic LMPC Formulation

For every time step k ∈ Z+, let xl(k), ul(k), and wl(k) be
the system state, the control input, and the stochastic distur-
bance at the lth iteration. We assume that at every lth iteration,
the closed-loop system trajectory starts a.s. from the initial
state x0 ∈ X , namely, xl(0)

a.s.
= x0, l ∈ Z+. An lth iteration is

said to be feasible if xl(k) ∈ X and ul(k) ∈ U , k ∈ Z+, and
limk→∞ xl(k) ∈ T . In other words, the lth iteration is feasible
if the system trajectory xl(·) satisfies the state constraints and
converges asymptotically to the target set T while xl(·) is
generated by an admissible control input ul(·).

Let Il ≜ {i ∈ [0, l] : ith iteration is feasible} be the set of
indices of feasible iterations up to the lth iteration. Define the
sampled safe set Sl at the lth iteration as

Sl ≜
{
xi(k) : i ∈ Il and k ∈ Z+

}
, (4)

which is a collection of all states along the system trajectories
xi(·), i ∈ Il, of feasible iterations up to the lth iteration.
Following [14], we define CSl as the convex hull of Sl, which
is used as a terminal constraint set in our framework.

For every iteration l ∈ Z+, the lth iteration cost is defined
by J l(x0, u

l(·)) ≜
∑∞

k=0 h(x
l(k), ul(k)), which evaluates the

performance of the controller ul(·). Note that J l(x0, u
l(·)) is a

random variable depending on the realization of the stochastic
disturbance w(·). The lth iteration value function V l(·) is
defined by V l(x0) ≜ E[J l(x0, u

l(·))], x0 ∈ X , and serves
as a terminal cost function in our SIT-LMPC algorithm.

Now, consider the constrained finite-time optimal control
problem, for every iteration l ∈ Z+ and time t ∈ Z+, given
the terminal cost function V l(·), the terminal constraint set

Sl−1, and a prediction horizon T ∈ Z+,

J l
LMPC

(
xl(t)

)
≜ min

ul
·|t

E

[
t+T−1∑
k=t

h(xl
k|t, u

l
k|t) + V l(xl

t+T |t)

]
(5a)

subject to

xl
k+1|t = f

(
xl
k|t, u

l
k|t, w

l(k)
)
, k ∈ {t, . . . , t+ T − 1}

(5b)

xl
t|t

a.s.
= xl(t), (5c)

xl
k|t ∈ X , ul

k|t ∈ U a.s., k ∈ {t, . . . , t+ T − 1}, (5d)

xl
t+T |t ∈ CS

l−1 a.s., (5e)

where, for every k ∈ {t, . . . , t + T}, xl
k|t and ul

k|t denote
the predicted value of state xl(k) and input ul(k) given a
measurement xl(t), and ul

·|t denotes the predicted control
sequence defined by ul

·|t ≜ [ul
t|t, u

l
t+1|t, . . . , u

l
t+T−1|t].

Remark 1: The initial sampled safe set S0 is assumed to be
nonempty and contains a collection of admissible state trajec-
tories, generated by admissible controllers, that asymptotically
converge to T . For instance, S0 can be constructed from safe
human demonstrations or low-performance safe controllers.

B. Safe MPPI via an Online Adaptive Penalty Method

Since MPPI does not consider state constraints, MPPI
cannot be used to solve the constrained finite-time optimal
control problem (5). To address this limitation, we convert
the constrained finite-time optimal control problem (5) into an
unconstrained finite-time optimal control problem. To measure
the violation of state constraints for every x ∈ Rnx , we inte-
grate the exterior penalty functions dX (·) and dCSl−1(·), l ∈
Z+, associated with the set of admissible states X and the
safe set CSl−1 into the stage cost h(·, ·) and the terminal cost
V l(·), respectively.

Define the distance of a point x ∈ Rnx to a closed set
C ⊆ Rnx in the Euclidean norm ∥ · ∥2 as dist(x,C) ≜
infy∈C {∥x− y∥2}. The exterior penalty functions are defined
as dX (x) ≜ dist(x,X ) and dCSl−1(x) ≜ dist(x, CSl−1) with
associated non-negative penalty parameters λX and λCSl−1 .
For every iteration l ∈ Z+ and time t ∈ Z+, the unconstrained
finite-time optimal control problem is given by

J l
SIT-LMPC

(
xl(t)

)
≜ min

ul
·|t

E

[
t+T−1∑
k=t

(
h(xl

k|t, u
l
k|t) + λXdX (xl

k|t)
)

+ V l(xl
t+T |t) + λCSl−1dCSl−1(xl

t+T |t)

]
(6a)

subject to

xl
k+1|t = f

(
xl
k|t, u

l
k|t, w

l(k)
)
, k ∈ {t, . . . , t+ T − 1},

(6b)

xl
t|t

a.s.
= xl(t), (6c)

ul
k|t ∈ U a.s., k ∈ {t, . . . , t+ T − 1}. (6d)
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We use MPPI [19] to solve the stochastic optimal control
problem (6) from an information-theoretic perspective by
minimizing the KL divergence between the optimal predicted
control distribution Q⋆l and the open-loop control distribution
Ql. Hence, the optimal control is given by

u⋆l
k|t ≜ argmin

ul
·|t

DKL(Q⋆l ∥ Ql), k ∈ {t, . . . , t+T −1}. (7)

To optimize this KL divergence, we first sample N trajectories
xls
·|t, s = 1, . . . , N, starting from xl(t), which are generated by

sampling control sequences uls
·|t, s = 1, . . . , N, from a trun-

cated normal distribution Ntrunc(u
⋆l
·|t−1,Σ,U), where u⋆l

·|t−1 is
the mean value of the parent normal distribution, Σ is the user-
prescribed covariance of the parent normal distribution, and
U specifies the truncation range so that the input constraints
(6d) are satisfied [25]. In practice, sampling of the control
sequences uls

·|t and simulation of the N trajectories generated
by these control inputs are executed in parallel on a GPU.
Then, we perform importance sampling on ul

·|t to obtain the
approximate optimal predicted control sequence as

û⋆l
k|t =

N∑
s=1

wsu
ls
k|t, k ∈ {t, . . . , t+ T − 1}, (8)

with importance sampling weights ws given by

ws =
exp

(
− 1

τ J
l
sampled

(
xl(t), xls

·|t, u
ls
·|t
))

∑N
s=1 exp

(
− 1

τ J
l
sampled

(
xl(t), xls

·|t, u
ls
·|t
)) , (9)

where s = 1, . . . , N , τ > 0 is a temperature parame-
ter that tunes the sharpness of importance sampling, and
J l

sampled

(
xl(t), xls

·|t, u
ls
·|t
)

is a sampled cost function defined as

J l
sampled

(
xl(t), xls

·|t, u
ls
·|t
)

≜
t+T−1∑
k=t

(
h(xls

k|t, u
ls
k|t) + λXdX (xls

k|t)
)
+ V l(xls

t+T |t)

+ λCSl−1dCSl−1(xls
t+T |t), s = 1, . . . , N. (10)

However, assuming that the penalty parameters λX and λCSl−1

are arbitrary large constants may yield conservative system
behavior, where safety dominates performance. Hence, we de-
velop an online sampling-based adaptive penalty (AP) method
that generates the penalty parameters λX and λCSl−1 in real-
time, allowing for a balance between optimality and safety.
Specifically, we sample the penalty parameters λX and λCSl−1

from uniform distributions, that is, λX ∼ Unif
(
0, λmax

X
)

and
λCSl−1 ∼ Unif

(
0, λmax

CSl−1

)
, with λmax

X , λmax
CSl−1 > 0. Let

λ ≜ [λX , λCSl−1 ]
T be the augmented penalty parameter

vector and let Λ ⊂ Ω ≜ [0, λmax
X ] × [0, λmax

CSl−1 ] be a finite
set of samples drawn from the joint uniform distribution. For
every λ ∈ Λ, we solve the optimal control problem (6) whose
approximate solution (8) is now parametrized by λ and written
as û⋆l

·|t,λ. We then construct the set of penalty parameters that
generate feasible trajectories as

F l
t =

{
λ ∈ Λ : x̂⋆l

k|t,λ ∈ X , k ∈ {t, . . . , t+ T},
x̂⋆l
t+T |t,λ ∈ CS

l−1
}
, l ∈ Z+, t ∈ Z+.

The optimal penalty parameter λ⋆ is given by

λ⋆ =



argmin
λ∈Fl

t

J l
sampled

(
xl(t), x̂⋆l

·|t,λ, û
⋆l
·|t,λ
)
, if F l

t ̸= ∅,

argmin
λ∈Λ

(
t+T−1∑
k=t

dX (x̂⋆l
k|t,λ) + dCSl−1(x̂⋆l

t+T |t,λ)

)
,

if F l
t = ∅.

(11)
In other words, the optimal penalty parameter is chosen to
minimize the sampled cost J l

sampled over the set of feasible
parameters, or, if this set is empty, to minimize the constraint
violation. Note that sampling the penalty parameters λ and
executing MPPI are performed in parallel, ensuring efficient
computation.

Now, we apply the first component û⋆l
t|t,λ⋆ of the approxi-

mate optimal predicted control sequence û⋆l
·|t,λ⋆ to the system

(1), that is, ul(t) = û⋆l
t|t,λ⋆ . Next, given the new observed

state xl(t + 1), the unconstrained finite-time optimal control
problem (6) is solved at time t+1 with xl

t+1|t+1

a.s.
= xl(t+1),

yielding a receding-horizon control strategy.
Remark 2: Interior penalty functions, such as log-barrier

functions, would yield infinite costs for any trajectory with a
state that violates the constraints, dominating the importance
sampling.

IV. PRACTICAL IMPLEMENTATION

This section outlines two key challenges associated with
implementing SIT-LMPC on a real-world platform.

A. Iteration Value Function Estimation using Normalizing
Flows

Implementing SIT-LMPC requires approximating the lth
iteration value function V l(x), x ∈ X , since a closed-form
expression for V l(·) is generally intractable. To this end,
we use normalizing flows (NFs) to model the distribution
of the lth iteration cost J l(x, ul(·)), x ∈ X , from the
collected data. NFs [26] are a class of generative models
that transform a simple latent probability distribution z into
a complex target distribution via a sequence of invertible and
differentiable mappings gθ parameterized by θ. NFs are suit-
able for stochastic systems since they directly learn complex
probability distributions, rather than relying on deterministic
estimates or restrictive assumptions, such as Gaussian priors.
We choose NFs over other probabilistic modeling methods due
to their richer expressiveness [26] and computational efficiency
for real-time deployment.

We use neural spline flows (NSFs) [27] to learn the condi-
tional distribution of J l(x, ul(·)) given a state x ∈ X . In our
implementation, we use an NSF with eight spline segments
and four flow layers, each of which has two fully-connected
layers with 96 hidden states. For each iteration l ∈ Z+, we
train the NSF for 300 epochs with a learning rate of 10−4 on
the dataset

Dl−1 ≜
{(

xi(k), J i
(
xi(k), ui(·)

))
: i ∈ Il−1, k ∈ Z+

}
,

(12)
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which is initialized with S0 and subsequently built with system
states and corresponding iteration costs collected from feasible
iterations up to the l−1th iteration. Specifically, the estimated
conditional distribution of J l(x, ul(·)) is denoted by Ĵ l and
given by Ĵ l = glθ(z, x), where gθ is an invertible transforma-
tion, z is a sample from the latent distribution N (0, 1), and x
is the system state used as context input. We train our model
using stochastic gradient descent by minimizing a negative
log-likelihood loss function given by

Ll(θ) = −
∑
Dl−1

log

(
1√
2π

e−
(glθ

−1
(Ĵl,x))

2

2

∣∣∣∣∣∂glθ
−1

(Ĵ l, x)

∂Ĵ l

∣∣∣∣∣
)
,

where glθ
−1 is the inverse function of glθ. When performing

inference on Ĵ l for an arbitrary state x ∈ X , we first sample
a batch of latent variables z from the latent distribution, then
evaluate the NSF conditioned on x, and finally compute the
iteration value function estimate as the expected value of the
iteration cost function estimates, that is, V l

θ (x) = E
z

[
glθ(z, x)

]
.

As shown in the ablation study in Section V-B, our NSF
method for modeling the conditional distribution of the iter-
ation cost function outperforms the Bayesian neural network
(BNN) approach used in [16].

Algorithm 1 outlines our iterative learning procedure. At
each iteration, the system executes a trajectory until either
the target set is reached or feasibility is lost in steps 4 and
5, respectively. The approximate optimal control is computed
in step 8 using Algorithm 2, which is the AP-MPPI scheme
detailed in Section III-B. The trajectory states and the associ-
ated cost-to-go are collected into Dl in step 14, which is then
used to update the safe set Sl and train the NF iteration cost
function model gl+1

θ .

Algorithm 1 SIT-LMPC
Require: N : number of trajectory samples, T : control hori-

zon, P : number of λ samples, L: maximum iterations, S0:
initial safe-set.

1: Initialize g1θ with random weights
2: Sample Λ← {λi} for i = 1, . . . , P with λi ∼ Unif(Ω)
3: for l = 1, . . . , L do
4: while xl(t) /∈ T do ▷ run until target set is reached
5: if xl(t) /∈ X then ▷ check for constraint violation
6: terminate
7: end if
8: û⋆l

t|t,λ⋆ ←AP-MPPI
(
xl(t),Sl−1, glθ,Λ, P,N, T

)
9: Apply û⋆l

t|t,λ⋆ to system (1)
10: end while
11: if

⋃∞
t=0

{
xl(t)

}
⊂ X then ▷ if iteration is feasible

12: Sl ← Sl−1 ∪
(⋃∞

t=0

{
xl(t)

})
13: Build Dl using (12)
14: end if
15: Train gl+1

θ on Dl ▷ NF from Section IV-A
16: end for

B. Parallelizing over Control and Penalty Parameter Sampling
SIT-LMPC is tailored to use parallelized computation to

achieve low-latency control. Algorithm 2 implements the SIT-

LMPC control loop. Solving the optimal control problem (6a)
involves two layers of sampling: control sequences for MPPI
and penalty parameters for the online adaptive penalty method.
First, we sample control inputs and generate state trajectories
in step 1-4. Then, we evaluate the cost function (10) for
every sampled penalty parameter pair (λCSl , λX ) in step 7
and perform the importance sampling in step 8. To reduce
computation, the sampled trajectories xls

·|t are shared between
the importance sampling processes associated with different
penalty parameters. In step 11, we select the optimal solution
as detailed in (11). With GPU parallelization, the latency of
the SIT-LMPC is close to solving one MPPI process.

Algorithm 2 AP-MPPI
(
xl(t),Sl−1, glθ,Λ, P,N, T

)
1: parallel for s = 1, . . . , N
2: uls

·|t ∼ Ntrunc(u
⋆l
·|t−1,Σ,U) ▷ sequence of length T

3: xls
·|t ← f(xl(t), uls

·|t, 0) ▷ rollout over horizon T
4: end parallel for
5: V l

θ (x
ls
t+T |t)← E

z

[
glθ(z, x

ls
t+T |t)

]
6: parallel for i = 1, . . . , P
7: Compute J l

sampled

(
xl(t), xls

·|t, u
ls
·|t;λi, V

l
θ (x

ls
t+T |t)

)
using (10)

8: Compute û⋆l
·|t,λi

using (8)
9: x̂⋆l

·|t,λi
← f

(
xl(t), û⋆l

·|t,λi
, 0
)

10: end parallel for
11: Select λ⋆ using (11)
12: return û⋆l

t|t,λ⋆

V. EXPERIMENTS

To validate our approach, we conduct three experiments
with progressively increasing system complexities. We start
with a deterministic linear point-mass model to show that
even for a deterministic linear system, SIT-LMPC still out-
performs both LMPC and ABC-LMPC. Then, we move on
to experiments with autonomous racing cars to showcase
the advantages of SIT-LMPC when the system is stochastic,
high-dimensional, nonlinear, and nonholonomic. To simulate
stochasticity, truncated Gaussian noise is added to state obser-
vations and control inputs. Lastly, we validate our approach
through real-world experiments with off-road autonomous
racing on a 1/5th scaled autonomous vehicle. Each experiment
was conducted five times for each controller, with individual
rollouts shown in light colors and the averaged performance
shown in solid colors.

A. Point-mass Navigation

In this experiment, we consider the point mass system
described in [28] with x = [px, py, vx, vy]

T where px, py are
positions and vx, vy are velocities in Cartesian coordinates.

The control objective is to steer the system from the initial
state x0 = [0, 0, 0, 0]T to the target state T = {[60, 0, 0, 0]T}
in minimum time while avoiding a circular obstacle centered
at pobs = [30, 0]T of radius 10 so that X = {[px, py]T ∈ R2 :
∥[px, py]T − pobs∥2 > 10}. The control input u = [ax, ay]

T

is the acceleration in Cartesian coordinates and is assumed

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.



6 IEEE ROBOTICS AND AUTOMATION LETTERS. PREPRINT VERSION. ACCEPTED OCTOBER, 2025

to be constrained within the set U = {u ∈ R2 : −1 ≤
ax ≤ 1, −1 ≤ ay ≤ 1}. The safe set is initialized with a
hand-designed demonstration trajectory. The bottom part of
Fig. 2 shows the layout of this experiment. As shown in the
top part of Fig. 2, all three methods can iteratively reduce the
time to reach the target without crashing into the obstacle,
with SIT-LMPC outperforming in terms of convergence rate.
This experiment shows that even for a deterministic 2D
linear system with non-linear non-convex constraints, SIT-
LMPC outperforms prior methods. Even though the system
is linear, we solve a non-convex optimization problem due to
the obstacle-avoidance constraint. Hence, it is expected that
the LMPC, which uses a gradient-based solver, converges to
a local minimum, and the sampling-based methods manage to
escape the local minimum to converge to a better solution.

B. Vehicle Trajectory Optimization with Simulated Dynamics

The benefits of SIT-LMPC are accentuated with nonlinear,
stochastic, and nonholonomic systems. To show this, we
compare SIT-LMPC with ABC-LMPC on an autonomous race
car tasked with minimizing lap time while staying within
the track boundaries. Autonomous racing involves nonlinear
dynamics, safety-critical constraints, and real-time decision-
making, making it a strong benchmark for robotics [29].
Specifically, it requires a balance between safety and per-
formance, as minimizing lap time demands pushing to the
limits while remaining safe. In this experiment, we use the
dynamic single-track model from [28], with parameters of
vehicle ID:1, expressed in Frenet coordinates. The state of the
system is given by x = [px, py, v, δ,Ψ, Ψ̇, β]T, where (px, py)
is the position in cartesian coordinates, v is the velocity in
the x−direction, δ is the steering angle of the front wheels,
Ψ is the heading of the vehicle, Ψ̇ is the yaw rate of the
vehicle, and β is the side-slip angle of the vehicle. The control
input u = [a, δv]

T is the acceleration in the longitudinal
direction and the steering speed. To define our initial state
x0, the target set T , and the set of admissible states X , we
express the vehicle’s position in Frenet coordinates using the
transformation detailed in [30]. The resulting pose in Frenet
frame is [s, ey, eΨ]

T, where s is the progress along the track,
ey is the lateral displacement, and eΨ is the yaw angle in
vehicle frame. The initial state is the start line with s = 0
and the target set is T = {x ∈ R7 : s ≥ Lt}, where Lt is
the arc length of the track. The set of admissible states X is
defined by {x ∈ R7 : −w ≤ ey ≤ w} where w is the width
of the track, assumed to be uniform. The control objective
is to minimize the stage cost function h (x, u) ≜ 1X\T (x),
where 1X\T (·) is the indicator function of the set X \ T . In
other words, this stage cost incurs a cost of 1 until the vehicle
crosses the finish line to the target set T .

The top part of Fig. 3 shows the lap time of the vehicle over
successive iterations. ABC-LMPC frequently crashes halfway
through the iterations, failing to satisfy the safe set and state
constraints. We attribute this primarily to the selection of the
single least-cost sample trajectory by CEM. Consequently,
when this sample trajectory approaches a constraint boundary,
system noise or perturbations can cause the vehicle to crash.

Fig. 2. Point mass experiment. (a) Convergence of lap time over iterations.
(b) Layout of the experiment.

We also tested running ABC-LMPC with multiple CEM itera-
tions, but this did not yield notable performance improvements
despite the additional computational cost. In contrast, SIT-
LMPC converges to a lower lap time while ensuring safety
throughout all 150 iterations. Note that when LMPC failed to
finish more than five iterations without crashing, as LMPC is
not designed for stochastic nonlinear systems.

Ablation Study: Using the simulated racing environment,
we perform ablation studies on the key components of SIT-
LMPC. As shown in Fig. 4(a), using CEM always yields
infeasibility. We believe this is due to CEM’s susceptibility
to noise perturbation and mode collapse. For both CEM and
MPPI, comparing the experiments using the NFs and the
BNNs, the NF-based modeling yields better performance. To
show the effect of the proposed AP method, we tested SIT-
LMPC with a fixed penalty. Fig. 4(b) shows that a fixed
high penalty (blue) yields suboptimal performance, whereas
a fixed low penalty (green) makes the system unsafe. We
also implemented each combination with and without the
AP method. Our results show that AP improves the learning
process, even when used for ABC-LMPC (red in Fig. 4(a)),
but is most effective as an integral part of the SIT-LMPC.

C. Real-world Experiment with 1/5th Scaled Vehicle

To show the effectiveness of our approach on real robotic
systems, we deployed SIT-LMPC on a 1/5th scale autonomous
off-road race car shown in Fig. 5(a), comparing with ABC-
LMPC as a baseline. The initial state x0, the target set T ,
the set of admissible states X , and the stage cost h (x, u) for
this experiment are identical to those of V-B. The localization
is provided by a Fixposition Vision-RTK 2 GNSS system in
an off-road grassy outdoor environment. The racetrack used
for this experiment is shown in Fig. 5(b). The initial safe set
is created using an MPPI controller tracking the centerline
of the track at a reference speed of 2 m/s with an initial
lap time of 52.13 seconds. For both the MPPI controller and
SIT-LMPC, we use the same dynamic model as in section
V-B. The parameters of this model were empirically identified,
and are not entirely accurate. Fig. 5(c) shows that SIT-LMPC
improves lap time (shown in blue) over iterations. During these
iterations, the average velocity increased by 75% up to 3.5 m/s,
limited by the acceleration bound of the car. Comparatively,
ABC-LMPC does not converge without crashing. SIT-LMPC
remains safe while outperforming ABC-LMPC by achieving a
lap time 31.43% faster. This shows that SIT-LMPC improves
safety and performance for a real-world stochastic system
with model mismatch, imperfect localization, and control noise
from the off-road environment.

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.



ZANG et al.: SIT-LMPC: SAFE INFORMATION-THEORETIC LEARNING MODEL PREDICTIVE CONTROL FOR ITERATIVE TASKS 7

Fig. 3. Top: Convergence of lap time for three simulated experiments (five independent rollouts in light color and averages in dark color; × denotes out-of-
track). Bottom: Fastest lap trajectories with velocity colorbar.

(a) Ablations with CEM (b) Ablations with MPPI

Fig. 4. Ablation study of key SIT-LMPC components for a CEM controller
(left) and an MPPI controller (right), comparing NF and BNN value function
models, with and without the AP method. Plotted are averages of five rollouts
with × denoting out-of-track.

VI. CONCLUSION

This paper presented SIT-LMPC, an extension of the LMPC
formulation to stochastic nonlinear systems. The resulting
constrained receding-horizon stochastic optimization problem
was solved by developing a constrained information-theoretic
MPC algorithm using exterior penalty functions with online
adaptive penalty parameters. The proposed method does not
rely on prior assumptions about system dynamics or state
constraints and is fully parallelizable by construction. Addi-
tionally, learning the value function using normalizing flows
allowed for richer uncertainty modeling and yielded better
performance compared to BNNs. Simulations and real-world
experiments demonstrated that SIT-LMPC generates safer and
higher-performance trajectories than LMPC and ABC-LMPC.
Future research will focus on applying SIT-LMPC to a wider
range of robotic platforms and addressing systems with un-
known dynamics.

(a) Experimental platform (b) Track layout

(c) Laptime per iteration (d) Boundary violations

Fig. 5. Experimental setup and results with a real vehicle. (a) Platform. (b)
Track. (c) Laptime per iteration. (d) Boundary violations.
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