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Abstract— Propagating uncertainties through nonlinear sys-
tem dynamics in the context of Stochastic Nonlinear Model
Predictive Control (SNMPC) is challenging, especially for high-
dimensional systems requiring real-time control and operating
under time-variant uncertainties such as autonomous vehicles.
In this work, we propose an Adaptive SNMPC (aSNMPC)
driven by Deep Reinforcement Learning (DRL) to optimize
uncertainty handling, constraints robustification, feasibility,
and closed-loop performance. To this end, our SNMPC uses
Polynomial Chaos Expansion (PCE) for efficient uncertainty
propagation, limits its propagation time through an Uncertainty
Propagation Horizon (UPH), and transforms nonlinear chance
constraints into robustified deterministic ones. We conceive a
DRL agent to proactively anticipate upcoming control tasks and
to dynamically reduce conservatism by determining the most
suitable constraints robustification factor κ, and to enhance
feasibility by choosing optimal UPH length Tu. We analyze
the trained DRL agent’s decision-making process and highlight
its ability to learn context-dependent optimal parameters.
We showcase the enhanced robustness and feasibility of our
DRL-driven aSNMPC through the real-time motion control
task of an autonomous passenger vehicle when confronted
with significant time-variant disturbances while achieving a
minimum solution frequency of 110Hz. The code used in
this research is publicly accessible as open-source software:
https://github.com/bzarr/TUM-CONTROL

I. INTRODUCTION

One approach to deal with poor closed-loop performance
caused by uncertainties in Model Predictive Control (MPC)
algorithms is to consider uncertainties in the MPC design
and to guarantee the state and control constraints’ satisfaction
with a predefined probability, a concept known as Stochastic
MPC [1]. Nevertheless, achieving real-time behavior with
Stochastic Nonlinear Model Predictive Control (SNMPC)
algorithms presents significant challenges. This stems from
the difficulty in handling uncertainty propagation within non-
linear systems, frequently resulting in feasibility problems
and a substantial computational overhead.
Various methods have been explored to address this issue.
Works [2] and [3] employ Gaussian Regression for uncer-
tainty propagation, which is computationally intensive and
impractical for real-time systems. As in works [4], [5], [6],
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Fig. 1. Deep Reinforcement Learning agent’s optimal decisions adapting
Stochastic NMPC parameters κ and Tu online for the motion control task of
an autonomous passenger vehicle on Monteblanco track (driving clockwise).
The agent alters both parameters context-dependent to reduce conservatism,
enhance feasibility and improve closed-loop performance.

our SNMPC approach employs Polynomial Chaos Expan-
sion (PCE) techniques for effectively propagating uncertain-
ties while accounting for nonlinear hard constraints on state
expectations and probabilistic constraints. PCE serves as a
highly efficient substitute for Monte Carlo simulations in
the propagation of probabilistic uncertainties. To prevent in-
feasibility caused by uncertainty propagation divergence, we
employ an Uncertainty Propagation Horizon (UPH) concept
that limits the time for propagation of uncertainties through
system dynamics.
However, this SNMPC approach remains sensitive to the
length of the UPH and to the variance sensitivity factor κ
of the robustified nonlinear constraints to uncertainties which
may lead to conservatism and poor closed-loop performance.
In this paper, we propose to learn both parameters κ and
Tu and automatically adapt them online with state-of-the-art
Deep Reinforcement Learning (RL) techniques. Based on
the current closed-loop performance assessment and future
control reference trajectories, we design the RL agent to
determine context-dependent optimal SNMPC parameters
proactively. This promises a better closed-loop performance
and an increased feasibility of dealing with a wide range of
uncertainties and different dynamic situations.
Recent advancements have enabled RL agents [7] to effec-
tively handle complex systems and to achieve performance
levels comparable to human experts, not only in simulated
environments but also in real-world applications [8][9]. RL
algorithms push the agent to interact with its environment
actively, facilitating the learning of a policy that optimizes
a desired behavior by maximizing the rewards received
as feedback. Several works combine MPC with learning
[10][11]. The authors of [12] and [13] employ MPC as a
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function approximator within RL. This approach ensures that
the policy satisfies state and input constraints while meeting
safety requirements. Other learning-based MPC approaches
use Bayesian Optimization [14] [15] or Gaussian Process
Regression [16] [17]. The authors of [18] learn to adapt
system dynamics from data collected during system oper-
ation. A sample-based learning MPC is proposed in [19] to
approximate safe sets and the value function from historical
data. While RL is utilized as an end-to-end controller [20]
[21], MPC is introduced as a safety filter for an RL-based
controller [22] [23]. Furthermore, RL can also be used to
learn controller design. Work [24] used RL algorithms to
determine the prediction horizon of MPC to decrease compu-
tational complexity. Work [25] extends the previous work to
learn other MPC meta-parameters that are non-differentiable
wrt. the MPC outputs. Meanwhile, works [26] introduce a
Deep RL driven Weights-varying NMPC to automatically
learn and online adapt the cost function weighting matrices
optimizing multi-control objectives.
One traditional adaptive SMPC [27][28] uses an adaptive law
to iteratively update the chance constraints using a scaling
factor that is proportional to the deviation of the empirical
probability of violation from a desired violation level. The
authors of [29] adjust individual chance constraints based
on the empirical cumulative distribution function updated by
online additive disturbance information, aiming for reduced
conservatism. Prior research has predominantly concentrated
on parameter adaptation in control systems to align with
static reference profiles based on historical data. In contrast,
our approach highlights the adaptation of SNMPC parame-
ters to accommodate dynamic control references that change
over time. In motion control use-case, work [30] adapts
linear SMPC risk parameter using a cumulative distribution
function and based on the current error between measured
and predicted state without look-ahead capabilities.
In summary, our work presents three main contributions:

1) We conceive an Adaptive SNMPC (aSNMPC) frame-
work employing a look-ahead RL design. This agent
autonomously adapts the SNMPC-specific parameters
under varying uncertainties.

2) We provide evidence of the increased robustness and
feasibility of our aSNMPC compared to a standard
SNMPC, particularly in the presence of fluctuating ex-
ternal disturbances. We conduct a comparative analysis
of the effect of disturbance assumptions and illustrate
the generalization capabilities of our aSNMPC when
operating in previously unseen environments.

3) We assess the impact of learning and adapting each
parameter on SNMPC performance, and we conduct a
context-dependent analysis of the RL agent’s decision-
making process.

II. A GENERAL SNMPC BASED ON POLYNOMIAL CHAOS
EXPANSION (PCE) AND AN UNCERTAINTY PROPAGATION

HORIZON (UPH)

We use the following notation: Given a variable z ∈
R, we define z = z(.) = [z0, z1, . . . , zn]

T ∈ Rn as

the vector composed of z variables. Additionally, Z =
[z(0), z(1), . . . ,z(m)] ∈ Rn×m represents the matrix consist-
ing of concatenated z vectors.
In this work, we consider the following general Stochastic
Nonlinear MPC (SNMPC) that aims to solve a stochastic
OCP subject to probabilistic constraints, offering an efficient
method to transform chance constraints into robust determin-
istic constraints. To deal with the difficulty in propagating
stochastic uncertainties through nonlinear dynamics, we use
Polynomial Chaos Expansion (PCE) [4] [5]. PCE is an effi-
cient alternative to Monte Carlo sampling methods. However,
uncertainty propagation can cause divergence of uncertain
states’ evolution and too tightened constraints that lead to
infeasibility. To address this, we propose an Uncertainty
Propagation Horizon (UPH) [6] that limits the time for
uncertainty propagation within the prediction horizon.

Problem 1 general Stochastic Nonlinear MPC

min
x(.),
u(.)

∫ Tp

τ=0

l(E[x(τ)],u(τ))dτ

+m(E[x(Tp)])
s. t. x(0) = x0,

ẋ(t) = f(E[x(t)],u(t)), t ∈ [0, Tp),

—transformed chance constraints

E[h(x,u)] + κ
√

Var[h(x,u)] ≤ h̄, t ∈ [0, Tp),

E[he(x(Tp))]

+ κ
√

Var[he(x(Tp))] ≤ h̄e,

—hard nonlinear constraints
g(E[x(t)],u(t)) ≤ ḡ, t ∈ [0, Tp),

ge(E[x(Tp)]) ≤ ḡe,

—hard linear constraints
JbxE[x(t)] ≤ x̄, t ∈ [0, Tp),

Je
bxE[x(Tp)] ≤ x̄e

Jbuu(t) ≤ ū, t ∈ [0, Tp),
(1)

Here, x ∈ Rnx represents the state vector, u ∈ Rnu

represents the control vector, Tp stands for the prediction
horizon and f denotes the system dynamics. The initial state
is denoted as x0. Additionally, l : Rnx × Rnu → R defines
the stage cost, while m : Rnx → R defines the terminal cost.
Problem 1 incorporates hard linear constraints on the states’
expectations and on the control inputs formulated with help
of Jbx, Jebx and Jbu. Furthermore, it handles hard nonlinear
constraints on the states’ expectations: g and ge. Problem
1 transforms nonlinear probabilistic inequality constraints
into estimated deterministic surrogates in expectation and
variance of the nominal path and terminal nonlinear in-
equality constraints: h and he. Here, κ =

√
(1− p)/p

denotes the constraints robustification factor, meant to tighten
the constraints according to the variance of the nonlinear
constraints affected by uncertainties, where p ∈ (0, 1] is the
desired probability of violating the nonlinear constraints h.
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To predict the temporal evolution of probability distri-
bution moments for stochastic variables, PCE relies on a
series of multivariate orthogonal polynomials. The coeffi-
cients of the orthogonal polynomials, i.e. PCE coefficients,
are computed using a solution of a least-squares regression
problem and several samples of uncertain variables, taking
into account assumed standard deviations. In our case, we
consider propagating ns sampled points around the current
measured state to account for uncertainties. As we account
for uncertainties in system states as well as in nonlinear
constraints, we compute the following PCE coefficients:

1) C(x) = A · X̃t+1 are coefficients for uncertain states
and X̃ ∈ Rns × Rnx contains ns generated state
samples x̃i

2) c(h) = A · h̃(X̃,u) are coefficients for nonlinear
chance constraints, with h̃(X̃,u) ∈ Rns a vector
containing the inequality constraint applied to the
individual state samples x̃i

Here, the matrix A ∈ RL×Rns is the solution of the l2-norm
least-squares regression problem:

min
C(x)

||X̃ − Φ̃C(x)||22 (2)

with Φ̃ ∈ Rns ×RL containing the multivariate polynomials
evaluated at each disturbance sample w̃(i),∀i ∈ {1, . . . , ns},
and L is the total number of the PCE terms. We sample
the disturbance/uncertainty realizations using Hammersley
low-discrepancy sequence, considering the assumed standard
deviations σw.
The propagation of uncertain state samples and constraints
through Tp is limited by Uncertainty Propagation Horizon
(UPH): Tu. After reaching the UPH, the propagation of the
samples is stopped and only the last variables’ expectations
at t = Tu are propagated until Tp [6].
The following equation determines the evolution of the
uncertain states’ realizations:

X̃t+1 =

{
f(X̃t,u), if t∈{0, ..., Nu−1}
Ons×nx

, if t∈{Nu, ..., Np−1}
(3)

Here, Nu and Np denote the number of shooting nodes
within the UPH and prediction horizon respectively. We
compute the expectations and variances in Problem 1 as [6]:

E[xt] = c
(x)
0

E[h(x,u)] = c
(h)
0

Var[h(x,u)] =
L−1∑
k=1

(c
(h)
k )2

, if t ∈ {0, ..., Nu−1}

E[xt] = xt = f(E[xt−1],u)

E[h(x,u)] = h(E[xt],u)
Var[h(x,u)] = 0

, if t ∈ {Nu, ..., Np−1}

(4)
Determining suitable UPH length and robustification factor
κ is challenging, especially when the system faces changing
environments, control tasks, or disturbance magnitude. In this

work, we design the SNMPC framework to automatically
adapt, context-dependent, its robustification factor κ and
UPH length Tu with DRL.

III. EXAMPLE APPLICATION: STOCHASTIC NMPC FOR
TRAJECTORY FOLLOWING OF AUTONOMOUS VEHICLES

We apply the general SNMPC (Problem 1) for the task of
the longitudinal and lateral motion control of our Volkswagen
T7 Multivan autonomous research passenger vehicle [31]
to follow a given trajectory subjected to state estimation
uncertainties: xt+1 = f(xt,u) + wt. Here, wt is the
disturbance and x = [xpos, ypos, ψ, vlon, vlat, ψ̇, δf , a]

T is the
state vector with the yaw angle ψ, the yaw rate ψ̇, the steering
angle at the front wheel δf and the acceleration a. The
control vector u = [j, ωf ]

T , where j is the longitudinal jerk,
and ωf is the steering rate. We adopt a dynamic nonlinear
single-track model as our prediction model. We refer to
[6] for the full dynamics definition. We define the stage-
and terminal costs as l(x,u) = 1

2∥y(x,u) − yref∥2W and
m(x) = 1

2∥y
e(x) − yeref∥2W e with W and We being the

weighting matrices.
The system is subject to combined longitudinal and lateral

acceleration limits: that we formulate using the transformed
nonlinear chance constraints, i.e. robustified constraints:

E[h(x,u)] + κ
√

Var[h(x,u)] ≤ 1

h(x,u) =

(
alon

axmax

)2

+

(
alat

aymax

)2 (5)

Where alon = a denotes the longitudinal acceleration, and
alat = vlonψ̇ the lateral acceleration. The maximum allowed
value for the lateral acceleration aymax is 5.866m/s2. The
maximum value for the longitudinal acceleration axmax is
adapted based on the current vehicle velocity and ranges in
[−4.5m/s2, 3m/s2] Note that these limits are defined based on
the vehicle interface, i.e. these limits are not the limits of the
dynamics. Furthermore, we formulate linear hard constraints
on the steering angle expectation δf and on the steering rate
control input at the front wheel ωf :

|E[δf ]| ≤ 0.61rad
|ωf | ≤ 0.322rad/s

(6)

We assume that the predicted states vlon, vlat and ψ̇ are
subject to uncertainties. We assume that the uncertainties
are Gaussian disturbances and the standard deviations are
known, such as:

σSNMPC
w = [σvlon, σvlat, σψ̇]

T = [σsim
vlon, σ

sim
vlat, σ

sim
ψ̇

]T (7)

IV. LEARNING SNMPC PARAMETERS WITH
LOOK-AHEAD DEEP REINFORCEMENT LEARNING

Our Adaptive SNMPC (aSNMPC) automatically adjusts
the nonlinear constraints robustification factor κ and the UPH
length Tu according to changing environments and driving
tasks. We leverage a Deep Neural Network (DNN) policy
to dynamically tune these parameters online. This policy is
trained offline in the simulation through state-of-the-art Deep
RL (DRL) algorithms (Figure 2).
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Fig. 2. Architecture of the Deep RL driven aSNMPC

The DNN policy computes new actions: κ and Tu (Sec.IV-
A), and the parameter scheduler alters the SNMPC pa-
rameters every predefined switching time instance Tsw =
n·Ts,sim, n ∈ N, where Ts,sim is the environment discretization
time. The new actions are computed with a feed-forward
step through the DNN using observations generated based
on current measured states and the future reference trajectory
(Sec.IV-C).
During the training/learning phase, the DRL algorithm trains
the DNN policy based on the collected rewards (Sec.IV-B)
after a certain number of steps in the environment nsteps. Note
that the DRL agent does not replace the SNMPC, i.e., control
the vehicle motion, but only controls the SNMPC parameters.
After the training is done, the rewards generator, as well
as the DRL algorithm, are no longer needed. The rest of
the architecture remains the same for the deployment phase.
In this work, we adopt the Proximal Policy Optimization
(PPO) method [32] as our DRL algorithm. PPO has gained
attention for its ability to optimize policies with minimal
hyperparameter adjustments. Figure 3 delineates the archi-
tecture of the DNN policy we conceive for this problem.
We design a comprehensive training environment where the
agent encounters diverse curvature profiles, and varying ve-
locity patterns encompassing acceleration, deceleration, and
velocity-keeping phases, along with time-varying disturbance
magnitudes. This setup challenges the agent to adapt and
make optimal decisions across a spectrum of contexts.

A. Defining the action space

The DRL agent has two actions: the nonlinear constraints
factor robustification κ and the UPH length Tu. The UPH is
within the propagation horizon, i.e. Tu ∈ [0, Tp]. Given that
Tu ∈ N, we choose a discrete action space which comprises
Np =

Tp

Ts
discrete steps, each corresponding to a shooting

node of the SNMPC.
To maintain a standardized action scale for constraint robus-
tification, we segment κ into 21 discrete intervals, spanning
from κmin = 0 to κmax = 2 at intervals of 0.1. Experiments
have shown that DRL agents choose only robustification
factor values less than 2.

B. Designing the reward function

We design our DRL agent to optimize the SNMPC’s
performance by minimizing the following aspects:

1) infeasibility
2) constraint violations
3) lateral deviation

Accordingly, we give a high reward for small lateral devi-
ations, no reward when the constraints are violated and we
impose a penalty when the SNMPC can’t find a solution
under the chosen parameters. Hence, the reward function is
defined as following:

R =


−A, if SNMPC is infeasible
0, if constraints are violated

A · exp
(
− e2lat

σ2
lat

)
, else

(8)
Here, A represents the peak of reward, i.e., the maximum
reward fed back to the agent, and σlat represents the spread
in elat direction. Here, elat represents the lateral deviation
computed based on the undisturbed states in simulation.
When elat = 0, the agent gets the highest reward A. In
this work, we adopt A = 1 and σlat = 1m. Note that
elat = max[|elat,1|, |elat,2|, . . . , |elat,n|] with n = Tsw

Ts,sim
, i.e., elat

represents the absolute maximum measured lateral deviation
between two parameter switching intervals Tsw.

C. Defining the observations

observations

longitudinal velocity 
lateral velocity 
angular velocity 
steering angle 
acceleration 

longitudinal deviation 
lateral deviation 

 profile: 
 profile: 
 profile: 

actions

current disturbance assumption

future reference trajectory

current performance metrics

current kinematic state

constraint robustification factor 
Uncertainty Propagation Horizon length 

multilayer perceptron network
2 fully connected layers (128 neurons each)

Fig. 3. Model of the Deep Neural Network driven aSNMPC

The observation space represents the agent’s perceptual
input from the environment. We provide the agent with
a comprehensive set of relevant information necessary for
informed decision-making as in Figure 3. We equip the agent
with the capability to anticipate the future by providing it
with the current reference trajectory within the prediction
horizon. This foresight enables the agent to proactively
determine the optimal actions (κ and Tu) that align with
the specified objectives, guided by the anticipated dynamic
profiles that the SNMPC should follow. The agent receives
detailed future profiles, including x and y positions as well as
velocity. To allow for generality, we disassociate the x and
y coordinates from the map by transforming the reference
trajectory to the ego vehicle’s coordinates. This allows the
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agent to make informed decisions regarding future combined
longitudinal and lateral behaviors, distinguishing between
scenarios like high-speed curves and straights or curves with
substantial lateral uncertainty.
The agent is able to monitor its performance by assessing
the outcomes of its most recent actions through the current
longitudinal- and lateral deviations. Furthermore, we design
the agent to observe the current ego kinematic state while
decoupling it from specific coordinates, a design choice
aimed at enhancing the generality of the learned policy.
Lastly, given that the SNMPC relies on the assumption
of uncertainty distributions, the agent has access to these
assumptions. When dealing with large uncertainties, the
likelihood of constraint violations increases, resulting in a
smaller robustification factor κ. This, in turn, requires a
reduced UPH to maintain system stability.
Based on the discussions above, we define a general algo-
rithm that learns and adapts the SNMPC parameters with
DRL (Algorithm 1).

Algorithm 1 DRL-driven Adaptive SNMPC
1: Set SNMPC parameters: Tp, Ts, Tu, κ, ns, σw,SNMPC,
W and We

2: for i ∈ {1, ..., N} do
3: Update initial state x0 with current measurements
4: Generate samples X̃ around the initial state x0

5: Compute the PCE matrix solution A of Eq.2
6: Update current SNMPC reference
7: if switching time (i mod Tsw = 0) then
8: Generate observations
9: Execute the current RL policy

10: Update SNMPC parameter κ and Tu
11: if training phase then
12: Generate reward signal
13: if learning-step (i mod nsteps · Tsw = 0) then
14: Execute DRL algorithm for policy update
15: end if
16: end if
17: end if
18: for j ≤ Np do
19: Propagate the uncertain states E[xj ] (Eq.4)
20: Estimate nonlinear constraints E[hj ] and Var[hj ]
21: end for
22: Solve the SNMPC problem (Eq.1)
23: Apply the first control input u∗

0 on the real system
24: end for

V. SIMULATION RESULTS: DRL DRIVEN ADAPTIVE
SNMPC

A. Simulation setup

We conduct a performance comparison between our Adap-
tive SNMPC (aSNMPC) approach and its static counter-
part, Static SNMPC (sSNMPC) [6]. Both are subjected to
significant additive Gaussian disturbances that impact the
quality of state estimates. Experiments are carried out in

the TUM-CONTROL simulation framework. The SNMPC is
implemented using the ACADOS library [33] and CasADi in
Python 3.9 employing the SQP RTI as the NLP Solver and
HPIPM QP Solver, with a maximum limit of 50 iterations.
The SNMPC configurations are detailed in Table III. The RL
agent’s training is carried out on an AMD Ryzen 7950X 5.70
GHz CPU using the PPO algorithm implemented within the
Stable Baselines3 framework [34]. Configuration details are
outlined in Table I. The training process in TUM-CONTROL
simulation environment spans approximately 7.5 hours for
106 DRL agent steps, equivalent to 106 · Tsw

Ts,sim
= 125 · 106

SNMPC steps.

TABLE I
HYPER PARAMETERS OF THE PROXIMAL POLICY OPTIMIZATION

Parameter Value

Learning rate α 0.0007
Policy update every nsteps 512
Discount factor γ 0.99
GAE factor λ 0.95
Clipping parameter ϵ 0.2
Episode length in RL steps 40
Training steps N 106

We design the DRL agent with the following termination
conditions: an episode terminates when the agent completes
one lap. Furthermore, the episode truncates if the SNMPC
problem becomes infeasible. After each training episode,
the standard deviations of the simulated disturbances are
randomized according to the ranges in Tab.II, and their values
are known to the agent. We train the agent in a racetrack
environment, and we evaluate its capability of generalization
on other unseen racetracks (Sec.V-G). All the experiments
in the following sections are evaluated by letting the SMPC
control the vehicle for 110s = 110

Ts,sim
= 5500 SNMPC steps.

TABLE II
STANDARD DEVIATION RANGES USED TO SAMPLE AND SIMULATE

CHANGING STATE ESTIMATION DISTURBANCE DISTRIBUTIONS

state σ σmin σmax

x,y position σx,y [m] 0.1 0.3
yaw angle σψ [rad] 0.008 0.017
longitudinal velocity σv,lon [m/s] 0.5 1.0
lateral velocity σv,lat [m/s] 0.5 1.0
yaw rate σψ̇ [rad/s] 0.04 0.08
steering tire angle σδf [rad] 0.001 0.0017

TABLE III
SNMPC PARAMETERS AND DISTURBANCE CONFIGURATION

Parameter Value

Simulation sampling time Ts,sim 0.02s
SNMPC discretization time Ts 0.08s
Prediction horizon Tp 3.04s
Default UPH Tu 2s
Default robustification factor κ 0.42
Parameter switching time Tsw 125 · Ts,sim
Disturbance ranges switch Tσ,sw 30 s
Simulation duration per evaluation 110s
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B. Trajectory Following Performance

Once the agent is trained, we run an evaluation sim-
ulation affected by time-varying external Gaussian distur-
bances σsim

w = [σx, σy, σψ, σv,lon, σv,lat, σψ̇, σδf ]
T , where

the standard deviations are altered every Tσ,sw = 30s,
i.e. every 1500 SNMPC steps, and are randomly sampled
from the ranges as in Tab.II. This differs from [6], where
the disturbance magnitude is time-invariant. Note that the
boxplot results may differ compared to [6], as the simulation
time is shorter.
In Figure 4, we evaluate both MPCs in three different
scenarios, focusing on absolute maximum lateral deviation.
Minimizing this metric is crucial for ensuring lane-keeping
and avoiding collisions with other road participants. While
both SNMPCs perform similarly under nominal conditions,
i.e. no disturbances, aSNMPC significantly outperforms sSN-
MPC when exposed to time-variant disturbances (see Tab.II).
With accurate disturbance assumptions, aSNMPC achieves a
18.73% improvement over sSNMPC in limiting maximum
lateral deviation.
Importantly, aSNMPC demonstrates robust behavior by only
showcasing a marginal 2.8% degradation in maximum de-
viation when significant disturbances are present, compared
to its optimal performance in the absence of disturbances.

0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4
absolute lateral deviation [m]

wrong
disturbance
assumption

correct
disturbance
assumption

no
disturbance

1.466m

0.977m

0.767m

1.036m

0.794m

0.772m

static SNMPC adaptive SNMPC

Fig. 4. Monteblanco racetrack: Effect of the disturbance on the sSNMPC
and aSNMPC w.r.t. the absolute lateral deviation.

Conversely, when incorrect disturbance assumptions
are made, i.e. σSNMPC

w ̸= σsim
w , aSNMPC still outperforms

sSNMPC by a significant 29.3%, underscoring its robustness
against outliers and extreme events. However, aSNMPC’s
performance declines by 23.3% compared to correct
disturbance assumptions, highlighting the critical importance
of accurate disturbance assumptions and the need for a
dedicated disturbance estimation unit when deploying
SNMPC on a vehicle.

C. Analyzing Reinforcement Learning agent decisions

In Figure 1, we observe and analyze the decision-making
patterns of the RL agent during a full lap. Before entering a
curve while decelerating on a straight, the agent increases the
UPH to its maximum, i.e. chooses to propagate uncertainty
across the entire prediction horizon. It then reduces the
robustification factor κ until it reaches its minimum value,
ensuring the SNMPC is not overly conservative and that

the vehicle follows the reference trajectory with minimal
deviation.
During a curve, the agent gradually increases κ to a mid-
range value, thereby slightly tightening the constraints. Also,
the DNN gradually decreases Tu and stabilizes it at approxi-
mately 1.5s after the curve to prevent infeasibility caused by
significant lateral disturbances encountered on straight paths.
After a curve, while accelerating on a straight, the agent
reduces both κ and Tu, i.e. stops tightening constraints,
allowing the vehicle to operate at its longitudinal acceleration
limits.
While maintaining a constant velocity on a straight, the agent
increases κ to tighten constraints and mitigate the risk of
aggressive control.

D. Computational Load

The computational times (Table IV) include all the com-
putational workload the SNMPC needs to find a solution,
including solving the OCP, observations generation, feed-
forward of the observations through the trained DNN policy
to get the new parameters and updating the SNMPC param-
eters. Note that these evaluations are done using a standard
laptop with an i7-11850H 2.50GHz CPU. The computational
demands of the DRL-driven aSNMPC are still similar to
the nominal SNMPC, achieving a minimum problem-solving
frequency of 109.98Hz and mean of 149.4Hz, which aligns
with our real-time control requirements of a minimum 50Hz
solution frequency. Adapting the parameters κ and Tu re-
duces the maximum computational time by preventing overly
conservative constraint robustification and unnecessary un-
certainty propagation.

TABLE IV
CONTROLLER COMPUTATIONAL TIME (CPU:I7-11850H)

sSNMPC DRL-aSNMPC

Maximum [ms] 10.099 9.092
Mean [ms] 6.612 6.693

E. Enhancing feasibility with the DRL-aSNMPC

We conduct simulations with larger disturbances than
described in Tab.II:

0.8m/s ≤ σv,lon ≤ 1.5m/s
0.7m/s ≤ σv,lat ≤ 1.2m/s
0.05rad/s ≤ σψ̇ ≤ 0.08rad/s

(9)

In Figure 5, we illustrate the solver’s status during the
simulation. Propagating uncertainties through a fixed UPH,
as in sSNMPC, leads to an infeasible problem when facing
large external disturbances. However, adapting the UPH
based on different driving tasks and uncertainties, as in RL
driven aSNMPC, renders the problem feasible at each time
step. This further showcases the importance of adapting
UPH in a dynamic environment compared to SNMPC with
fixed UPH.
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Fig. 5. Status of the solver for both sSNMPC and aSNMPC under
large time-varying external disturbances, black areas denote that the status
oscillates with a high frequency.
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Fig. 6. Monteblanco racetrack: effect of the disturbance on two RL driven
aSNMPC trained only to adapt κ and Tu respectively w.r.t. the absolute
lateral deviation.

F. Impact of learning the robustification factor κ and the
Uncertainty Propagation Horizon Tu

To demonstrate the influence of each parameter, we mod-
ify the action space (as discussed in Sec.IV-A) and train two
distinct DRL agents. Each agent is designed to learn and
adapt only a specific parameter:

1) DRL Agent 1: trains and learns only the constraints
robustification factor κ, i.e., aSNMPC adapting only
κ.

2) DRL Agent 2: trains and learns only the UPH length
Tu, i.e. aSNMPC adapting only Tu.

Figure 6 illustrates the absolute lateral deviation evaluation
for each agent. We notice that adapting the robustification
factor κ affects the performance more than adapting the
UPH length Tu. DRL Agent 1 shows a 18.11% improvement
compared to the Static SNMPC (Fig.4), as adapting κ leads
to less conservatism.
Conversely, as depicted in Fig.5, adapting only κ results in
infeasibility. In contrast, adapting solely the UPH length Tu,
makes the problem feasible, underscoring the importance of
UPH in enhancing SNMPC’s feasibility [6].

G. Generalization and robustness

The RL agent is only trained on the Monteblanco race-
track. To assess its adaptability and generalization capabil-
ities, we challenge the agent to adapt SNMPC parameters
in two previously unexplored tracks while exposed to sig-
nificant disturbances: Modena (Fig. 7) and Las Vegas Motor
Speedway (LVMS) (Fig.8). We notice that the DRL-driven
aSNMPC compared to the sSNMPC consistently achieves
performance comparable to its training on the Monteblanco
racetrack as described in Sec.V-B. On both unfamiliar tracks,

our aSNMPC outperforms the sSNMPC under different
disturbance settings. Notably, when we assume an accu-
rate disturbance assumption, our aSNMPC showcases an
improvement of 31% on Modena and 28.4% on LVMS
compared with the standard SNMPC. When disturbance
assumptions are inaccurate, the disparity widens, resulting
in a 39% improvement on Modena and 31% on LVMS.

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
absolute lateral deviation [m]

wrong
disturbance
assumption

correct
disturbance
assumption

no
disturbance
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1.447m

0.988m

1.230m

0.997m

0.986m

static SNMPC adaptive SNMPC

Fig. 7. Inexperienced Modena racetrack: effect of the disturbance on the
aSNMPC and sSNMPC w.r.t. the absolute lateral deviation during 110s =
5500 simulation steps subject to varying disturbance ranges.
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Fig. 8. Inexperienced Las Vegas Motor Speedway (LVMS): effect of
the disturbance on the aSNMPC and sSNMPC w.r.t. the absolute lateral
deviation during 110s = 5500 simulation steps subject to varying disturbance
ranges.

VI. CONCLUSIONS AND FUTURE WORK

To enhance the feasibility of Stochastic Nonlinear Model
Predictive Control (SNMPC) and to improve its closed-loop
performance, we design a look-ahead Deep Reinforcement
Learning (RL) agent to automatically learn and adapt two
major SNMPC parameters: the nonlinear constraints robusti-
fication factor κ and Uncertainty Propagation Horizon (UPH)
Tu. Leveraging the current kinematic state, disturbance as-
sumptions, performance metrics, and future reference trajec-
tory, the RL agent anticipates upcoming control tasks and
dynamically selects the most suitable SNMPC configuration
to optimize predefined objectives.
Our experimental findings reveal that the robustification
factor κ affects the closed-loop performance and its adap-
tation improves it by being less conservative than the Static
SNMPC. On the other hand, adapting the UPH length, Tu,
has a substantial effect on feasibility, rendering previously
infeasible static SNMPC problems feasible when subjected
to strong disturbances.
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In the context of motion control for autonomous vehicles
following a raceline trajectory at speeds of up to 37.5m/s, our
Adaptive SNMPC (aSNMPC) exhibits a significant improve-
ment in limiting maximum lateral deviation. An analysis
of the DRL agent’s decisions reveals that its actions are
contextually driven by the current vehicle state and upcom-
ing driving situations. Our experimental results validate the
robustness of our Deep RL-driven aSNMPC, indicating that
it avoids overfitting to the training conditions.

Nevertheless, as evident in Figures 4, 7, and 8, it is
apparent that both Static and Adaptive SNMPC performance
experiences significant degradation when the disturbance
assumptions are inaccurate. To this end, we propose two
key directions for future research. First, we recommend
extending the SNMPC framework with an online disturbance
estimation unit. Second, we suggest incorporating the emula-
tion of inaccurate disturbance assumptions during the agent’s
training phase to enhance its adaptability in challenging
scenarios.
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