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Abstract— This paper presents a model-based reinforcement
learning (MBRL) approach with a receding horizon mechanism
to optimize the lateral trajectory-tracking performance of
autonomous vehicles (AVs). Accurate modeling of complex
vehicle dynamics and adaptation to dynamic environments
with limited data pose significant challenges for MBRL in AV
control. To address these challenges, we propose sample-efficient
algorithms that leverage autoregressive modeling to adapt from
limited data while managing complex vehicle dynamics. Unlike
traditional methods reliant on fixed models, our approach
uses the temporal reasoning of autoregressive (AR) models to
compensate for the residual dynamics, which effectively ap-
proximates the local effects of nonlinearities and disturbances.
Integrated with real-time sensor data, the residual generation
model is continuously refined via incremental learning in a
closed-loop framework, enhancing adaptability. This architec-
ture, combining physical modeling with data-driven residuals,
maintains interpretability and improves responsiveness in com-
plex scenarios. CarSim simulations demonstrate superior per-
formance over other state-of-the-art learning-based predictive
controllers and classical methods for AV lateral control. Real-
world validation on a HongQi electric vehicle (HQEV) confirms
the algorithm’s effectiveness, showing significant improvements
over classical model predictive control (MPC). This approach
holds substantial potential for advanced driver-assistance sys-
tems (ADAS) and fully autonomous driving, enabling precise
control under diverse conditions.

I. INTRODUCTION

Motion control is a pivotal subsystem for autonomous
vehicles (AVs), facilitating precise trajectory tracking and
safe collision avoidance. However, significant challenges
arise from inaccuracies in modeling AV dynamics and en-
vironmental uncertainties, particularly on unstructured roads
characterized by diverse and unpredictable conditions. Effec-
tive model-based control methods in such scenarios require
the accurate prediction of vehicle dynamics under varying en-
vironmental factors, including slopes and surface types. Fur-
thermore, maintaining both the stability and interpretability
of the predictive model is essential. Incorporating advanced
predictive reasoning into a stable and transparent dynamics
model can significantly enhance control performance under
uncertainty. This capability facilitates reliable autonomous
navigation in complex terrains, such as mining sites.

This work was supported in part by the National Natural Science
Foundation of China under Grants 62533021, T2521006, and U24A20279.
Xin Yin, Haotian Cao, Xinglong Zhang, Qingwen Ma, Xin Xu,

Achieving high accuracy in vehicle lateral dynamics mod-
eling without compromising computational efficiency re-
mains a significant challenge for AVs, especially on un-
structured roads, where substantial modeling uncertainties
exist. In vehicle lateral dynamics, models with high de-
grees of freedom (DOF) have been proposed [1], [2], [3].
Although higher-DOF models provide improved accuracy,
their increased computational complexity hinders real-time
control efficiency. The widely adopted 2-DOF lateral vehicle
dynamics model, valued for its simplicity and computa-
tional efficiency, is limited in its ability to capture com-
plex environmental factors (e.g., varying road conditions
and slopes) or vehicle roll dynamics. Integrating the 2-
DOF model with advanced algorithms capable of temporal
reasoning can significantly enhance dynamic responsiveness
in complex environments, maintaining model interpretability
and computational efficiency.

Traditional lateral control methods for AVs, such as Stan-
ley [4], sliding model control (SMC) [5], linear quadratic
regulator (LQR) [6], and model predictive control (MPC) [7],
lack the capability to learn from environmental uncertainties.
Reinforcement learning (RL) provides a powerful approach
for online optimization, allowing agents to dynamically
refine control policies through continuous environmental
interaction, leading to strong adaptability. RL excels at pro-
cessing continuous data streams, adapting to non-stationary
environments, and operating effectively without complete
prior knowledge. However, RL faces several challenges in
complex dynamic environments, including limitations in
real-time modeling, prediction capability, and computational
efficiency in complex dynamic environments.

To address these limitations, we propose a novel model-
based reinforcement learning (MBRL) framework with a
receding horizon (RH) mechanism for AVs motion con-
trol that incorporates an autoregressive (AR) model to en-
hance predictive accuracy. This framework leverages the
AR model’s capability to forecast future dynamic residuals
from historical data, thereby improving sample efficiency and
control performance in complex environments. The integra-
tion of the AR model, known for its effectiveness in time-
series prediction [8], with the MBRL framework enhances
predictive control under environmental uncertainties. The
main contributions of this work are summarized as follows:
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states, enabling precise prediction of trajectory deviations
under varying conditions. Moreover, unlike traditional MPC
solving a finite-horizon open-loop optimal control sequence
online based on a nonlinear system, the proposed frame-
work delivers a state-feedback control policy adaptable in
real-time. It is expected to enhance the control system’s
adaptability, efficiency, and accuracy for trajectory tracking
in uncertain environments.

(i) We propose a dynamic residual generation mechanism
that dynamically compensates for unmodeled dynamics, such
as nonlinear tire behavior or external disturbances, not cap-
tured by the 2-DOF vehicle model. By generating correc-
tive residuals in real time, this mechanism enhances both
control performance and adaptability, while maintaining the
interpretability and computational efficiency of the physical
model.

(iii) The proposed framework is validated through exten-
sive simulations, demonstrating superior tracking accuracy
and adaptability compared to state-of-the-art learning predic-
tive control methods, including receding horizon actor-critic
learning (RHACL) [14], digital receding horizon actor-critic
learning (DRHACL) [31], and classical baselines such as
MPC [7] and LQR [6]. Real-world experiments, conducted
on a HongQi electric vehicle (HQEV) platform, further con-
firm its effectiveness and feasibility, with MPC, recognized
as the most widely adopted and practically robust algorithm
in AV motion control due to its mature optimization capa-
bilities and constraint handling, which was selected as the
primary benchmark against the proposed approach, exhibit-
ing marked improvements in error reduction and resilience
under challenging country-road conditions.

The remainder of this paper is organized as follows.
Section II reviews the related work on BMRL-AR for AVs.
Section III outlines the modeling of vehicle system dynamics
and introduces the AR model-based RL strategy. Section
IV elaborates on implementing AR model-based RL for
predicting dynamics residuals and generating a near-optimal
control policy using actor-critic neural networks (NNs).
Section V presents the results from both simulation and
real-world experimental studies. Finally, Section VI provides
conclusions.

II. RELATED WORK

Recent research has increasingly focused on improving
model-based control algorithms by optimizing their perfor-
mance in unknown environments and under uncertain model
parameters [9], [10]. These studies emphasize that integrating
online prediction and optimization with dynamic model-
ing represents a critical research direction for advancing
robotics [11]. RL provides a robust framework for online
optimization, enabling agents to dynamically refine control
policies through continuous interaction with the environment,
resulting in strong adaptive capabilities. MBRL further im-
proves sample efficiency by incorporating predictive system
dynamics models, effectively managing complex physical
interactions [12]. However, significant challenges persist in

complex dynamic environments, including real-time model-
ing, accurate prediction, cross-scenario generalization, and
computational efficiency. Notably, achieving effective predic-
tion and reasoning under environmental variability, ensuring
generalizability across diverse scenarios, and maintaining
high algorithmic efficiency remain critical open challenges
that demand innovative solutions.

RL has become a prominent framework for AV control,
typically categorized into model-free and model-based ap-
proaches. Model-free methods such as Soft Actor—Critic
employ a maximum-entropy objective to improve conver-
gence stability and exploration efficiency, yet suffer from
high sample complexity and safety concerns during real-
world interaction [36]. To address these limitations, hybrid
architectures combine RL with classical feedback control,
often learning a residual correction atop a nominal controller
to enhance stability and adaptability [37].To improve com-
putational and sample efficiency, several studies [32], [33]
have explored model-based reinforcement learning, where a
learned or known system model is used to generate synthetic
rollouts for policy training. By incorporating model predic-
tions into the learning loop, these approaches significantly
reduce real-world interaction requirements and have been
validated in autonomous driving tasks under various opera-
tional scenarios. Further improvements in sample efficiency
have been achieved by combining imitation learning with
MBRL. Specifically, Xu et al. [35] proposed a guided policy
search-based MBRL framework for urban driving tasks,
where expert demonstrations guide the initial policy opti-
mization. Experimental results indicated an approximately
100-fold improvement in sample efficiency compared to
conventional RL approaches. To enhance robustness under
dynamic uncertainties, Wang et al. [34] introduced a Sys-
tem Identification Transformer and an Adaptive Dynamics
Model trained across diverse simulated dynamic conditions.
By explicitly modeling dynamic variability, the framework
improves policy safety and reliability under changing system
parameters.

In the context of AVs, recent advancements in MBRL have
demonstrated considerable potential. Lian et al. proposed
explicit state feedback control laws derived from actor-
critic learning (ACL), which support both offline deployment
and online learning while providing greater computational
efficiency than model predictive control (MPC) [13]. Zhang
et al. developed a receding-horizon RL (RHRL) method for
discrete-time two-degree-of-freedom (2-DOF) dynamics and
validated it in real-world experiments [14]. Concurrently, Lu
et al. extended the RHRL framework to continuous-time
formulations for trajectory tracking control on AVs [15].
Ma and Yin et al. further advanced RHRL by embedding a
zero-sum differential game, improving robustness to uncer-
tainties [16]. Nonetheless, existing methods for autonomous
vehicles lack predictive awareness of environmental changes,
constraining predictive control performance. This motivates
the development of efficient real-time prediction algorithms
integrated with vehicle system dynamics to infer dynamics
residuals under complex uncertainties, thereby enhancing
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TABLE I
THE PARAMETER DEFINITIONS OF AVS

Parameters Definitions

m The total mass of the autonomous vehicle

I, The yaw moment of inertia

ly The distance from the CoG to the front axle
I The distance from the CoG to the rear axle
Cy The cornering stiffnesses of front tires

C The cornering stiffnesses of rear tires

u The steering wheel angle

Vg The longitudinal velocity in the local coordinate system
v The yaw angle in the global coordinate system
ey The lateral position error

ey The yaw angle error

MBRL control performance.

AR models have achieved state-of-the-art performance in
various generative tasks, owing to their inherent strengths
in capturing temporal coherence, computational efficiency,
and training stability. In image generation, models such
as LlamaGen, NextStep-1, and Hi-MAR have delivered re-
markable results [17], [18]. Similarly, innovative approaches
for 3D mesh generation have been introduced by PolyGen
and DeepMesh [19], [20]. Likewise, large language mod-
els (LLMs), including the GPT, LLaMA, and DeepSeek
series, have demonstrated exceptional capabilities in text
generation [21], [22]. These successes underscore the strong
potential of AR models for predictive reasoning tasks.
An emerging research direction involves integrating AR
mechanisms into online modeling frameworks for intelligent
systems. This integration enables agents to reason about
dynamic residuals in uncertain environments, thereby im-
proving modeling accuracy and enhancing predictive control
performance [23].

III. PROBLEM FORMULATION

Following the parameter definitions in Tab. I, the well-
established 2-DOF vehicle lateral dynamics model [30] is
formulated as:

T =Ax+ Biu+ Baw,,, (D
with
[0 0 0 0
1 2(Cy+C) 0 2(Cyly=Crly)
T T muy - I vy
A' = 0 2(Cy+C,) 0 2(C+6,) ,
m I
0 _ACi=Cil) 2(C13+C,12)
L B Mg - I,v, (2)
0 0
< _ACH=Col)
Bl = 76 7B2 = mva 5
2Cyly 2(Cy15+Crl2)
| 1. - T.vs

where w,,. = W,.., and x is described as [e, &, eq €.
The lateral dynamics of AVs can be formulated by incor-

porating a lumped disturbance term, which compensates for

velocity variations, model uncertainties, and environmental

Fig. 1.

2-DoF vehicle lateral dynamics.

factors [16], as follows:
.’1.3=A:13+B1U+B2wdes +Am' (3)

Initially neglecting the feedforward control term [6], the
vehicle lateral dynamics can be simplified to

T =Ax+Biu+A,. “)

Define A = A and B; = By, where A and B; rep-
resent the nominal values (or approximations) of A and
B4, respectively. A p-order AR generator is constructed to
estimate the evolution of A, over the prediction horizon.
The mathematical expression is as follows:

Aw(t) = id)iAm(t_i)"'Ea (5)
=1

where A (t) represents the observed value of the time series
at time ¢; 20 | ¢p; A5 (t — 1) represents the weighted sum of
the lag terms of the previous p periods; € is the white noise
error, and its median value in the prediction time domain is
zero. Then the AR model can be simplified as:

Am(t+p) Aw(t+p_1)
A(t+p-1) ~ A A(t+p-2)
Au(t+1 NG
(t+1) (t) ©)
¢ P2 Pp-1 Pp
Y
0 0o - 1 0

Remark 1: Solving the characteristic equation det(AI —
A) =0 yields the eigenvalues A associated with the system
matrix A. The system is stable if and only if all eigenvalues
lie strictly within the complex unit disk, thereby ensuring the
stability of the corresponding state equation. Consequently,
the stability of the linear system implies the stability of the
AR state equation.

The control objective is to design a model-based reinforce-
ment learning (MBRL) method that optimizes the control
input u for the system in (3) subject to mechanical steering

constraints [u| < 7, while minimizing lateral tracking errors.
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IV. MBRL-AR MODEL APPROACH

This section presents an online update method for a stabi-
lized AR model. The updated AR model is integrated with a
known, stable physical model to form the hybrid dynamic
model given in (3). This hybrid formulation allows for
residual inference over the prediction horizon and facilitates
efficient computation of near-optimal control strategies.

A. AR Model

Stability is a prerequisite for ensuring reliable prediction
and control performance under dynamic conditions. To en-
hance the prediction accuracy of the baseline 2-DOF vehicle
dynamics model while maintaining stability, we develop a
hybrid dynamics model that integrates the physical model
with an AR residual generation component. The AR model,
updated online, is designed to capture unmodeled dynamics
while adhering to stability constraints. To assess the model’s
accuracy and stability, we define the prediction error of state
derivatives as follows:

La- é«mw(t “0)- Axl) (sl

s=1In(1 +6A°°(t)),d~>: \/ QASQ +€,

where «, 3, €, and k are hyperparameters. Specifically, the
parameter o determines the global weight for AR coefficient
convergence, ~ regulates the steepness of the penalty when
coefficients deviate beyond the convergence boundary, [
adjusts the convergence margin of the AR model, and €
controls the smoothness of the AR coefficients within the
convergence domain. as(x(|¢| — $))? constrains the AR
coefficients to maintain model stability while approximating
system dynamics residuals, as the stability conditions spec-
ified in Remark 1. The AR coefficients are updated using
gradient-based optimization, with the gradient of the loss
function given by:

¢

X \/({;24‘6 (8)
V1-exp(-2)

Once the AR model is updated online and its stability
is verified, the refined coefficients are incorporated into the
prediction horizon to generate accurate state predictions.

LA
—— =2A,LA +2aks(Z2)x(Z
90 A (2)x(2)

Z=k(|¢| - B),x(2) =

B. MBRL Approach with RH Mechanism

The objective of the RH optimal control problem is to
minimize the following performance index:

V(z) = ft;’ L (z,u)d7 + Sk (zes) |

Sr(xey) = :ctTfP:ctf, Lp(x,u)=2'Qx +u' Ru,

)

where P e R**4, Qe R**4 and R € R are the terminal
cost matrix, weight matrix of errors, and weight matrix of the
control, respectively, which are symmetric positive definite

matrices. The terminal time is defined as ¢ = o +t,, where
to is the initial time and ¢ represents the time interval length.

In the implementation of the proposed MBRL framework
by actor-critic structure, we solve the AR coefficient using a
single-layer NN. After updating the AR model, the optimal
control law u* and the value function V* are computed using
initial stabilizing and successive actor-critic NNs.

(10a)
(10b)

V* = WCT(P((B) + Ec(a:)a
u* =MNa tanh(WJE(iﬂ) + <C-‘a(:“c))v

where ¢(x) and &£(x) indicate the activation functions,
satisfying ¢(0) = 0 and £(0) = O, respectively. The NN
weights are defined as W, e RY for the optimal critic
function, and W, ¢ RM for the control law. L and N
represent the number of single-layer neurons in the critic
and actor, respectively. The residual errors of the critic and
actor NNs are denoted as £.(x) and &, (), respectively. The
activation function tanh(-) is utilized to constrain the output
of the actor NN, with the maximum of the control law 7, > 0.

The estimated cost function V(a;) and control solution @
are designed using the identifier weights of the critic and
actor NN as follows:

V(x) = W] p(x) (11a)
() =1, tanh (W, €(z)) (11b)

where W, € RY and W, € RM denote the estimated weights
for the critic and actor NNs, respectively.

Based on equations (4), (9), and (1la), the temporal
difference (TD) error e;y and the terminal cost error can
be obtained as follows:

€ = gal(:c)Wc(A:c +Biu+ Ag) + Lg(x,d)

- (12)
et = WcTcp(a:tf) —:cImetf.

Consider the objective function that minimizes both the
temporal difference error e¢q and the terminal cost error e;,
by adjusting the identifier weights of the critic network, as

1 1
E.= §€tTdetd + §et2f.
Subsequently, the identifier weights of the critic NN are
updated using the gradient descent rule.
Define the control error e, as the difference between the
estimated control input (11b) for the system (4) and the

optimal control law. That is,

(13)

. 1 .
ea=W]E(x) + SR Bl ol (z)W.. (14)
The objective function, which can be minimized by updating
the identifier actor NN weights, is defined as

1

E,=-é2.

2
The update rule for the identifier actor NN weights, based
on the gradient descent method. A comprehensive outline
detailing the proposed methodology’s execution is furnished
within Algorithm 1.

5)
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Fig. 2. Schematic of the MBRL-AR for AV Lateral Control.
TABLE 11

ASSESSMENT INDEXES OF CONTROL PERFORMANCE

Index MBRL-AR RHACL[14] DRHACL[31] LQR[6] MPCI7]

IAE 45.67 87.29 106.23 93412 63.02

MAE 0.027 0.056 0.060 0.036  0.049
MLE 0.044 0.153 0.195 0.118  0.048
* (s) 1.47 1.01 7.61 2.13 6.21

“x” denotes the online computational time of 1000 steps (s).

Remark 2: The prediction model within the receding hori-
zon is stable, provided that the linear dominant part of the
vehicle dynamics is linearly stable and the dynamics residual
term, solved based on AR coefficients, satisfies the stability
condition Remark 1. For the MBRL algorithm presented in
continuous time, stability can be achieved through proper
design of its parameters. The theoretical proofs of stability
and convergence for the MBRL algorithm, which incorpo-
rates a convergent dynamic residual term in continuous time,
are provided in [15], [16]. Notably, RHRL can stabilize
inherently unstable systems, such as the inverted pendulum,
through appropriate hyperparameter tuning [38]. By adjust-
ing horizon length and learning parameters, the receding-
horizon framework constrains instability and ensures closed-
loop convergence despite unstable open-loop dynamics.

V. EXPERIMENTS

In this section, we establish a comprehensive CarSim
simulation environment to evaluate the proposed algorithm
against other state-of-the-art methods, thereby demonstrating
its superior performance. Furthermore, the feasibility of the
proposed algorithm is validated in a real-world environment.

To ensure algorithm stability and practical applicability,
the parameters of the proposed algorithm were designed as
follows. The error constraints used in the simulation are

defined as follows:
Ty =ey €[-5,5]m, x9 = e, € [-7/3,7/3]rad, (16)
x3 = &, € [-10,10]m/s, 4 = é,, € [—m, m|rad/s.

Based on these bars, the hyperparameter values of the
algorithm to ensure its stability [15], [16] are listed below:

Mo = %, tp=1s, ty =0.02s, t, = 0.02s, T = 50s,
p=2,a=10, =06, e=1le-8, k=20,R=05 U7
Q =diag{1,1,1,1}, P =diag{0.5,0.5,0.5,0.5}.
We designed the activation function as follows:
P=TQx, &=x4® Ty, (18)

where
2 2 .2 2 T
T = [27, x5, x5, L, L1202, T1X3, 184, ToL3, TaLa, L3T4 ]

Ta=a, o= [Lt,0°]", (215003 m55204] 2 [ey5 65 03],

19)
The Kronecker product is denoted as ®. The metrics for
evaluating control performance [16], including the integral
of absolute error (IAE), maximum lateral error (MLE),
maximum angular error (MAE), and the root mean square
of lateral errors (RMSLE), are defined as follows:

T
IAE = f || dt, RMSLE =
0 i=1

MLE = max

|z1], MAE = max |x3|.
T€[TyH,T] T€[To,T]
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Fig. 3. The comprehensive trajectory tracking simulation (The red star marks the starting point of the AV, with thick black arrows indicating its movement

direction). The AV travels at a speed of 36 km/h.

The constructed comprehensive simulation scenario, fea-
turing continuous high curvatures, is shown in Fig. 3(a). The
test vehicle completed 200 seconds within this simulated
environment, and Fig. 3(b) displays the trajectories gener-
ated by the proposed MBRL-AR alongside the comparison
methods, including RHACL, DRHACL, LQR, and MPC.
For the comparative analysis, DRHRL, RHRL, and MBRL-
AR, which utilized similar parameters, each algorithm was
initialized with a 2 m lateral error and simulated for 10000
steps at a speed of 36 km/h. Fig. 3(c) presents their corre-
sponding tracking errors, with zoomed-in insets highlight-
ing critical segments for better comparisons. The proposed
MBRL-AR exhibits more stable convergence and lower error
amplitudes, mitigating model uncertainties through temporal
logic reasoning. Overall, these zoomed views underscore
the framework’s robustness in high-curvature maneuvers,
where the AR-enhanced predictions enable proactive steering
adjustments, minimizing error amplification from unmodeled
dynamics.

The performance metrics are summarized in Table II.

where MBRL-AR exhibits the lowest IAE (45.67) and MAE
(0.027), outperforming RHACL (IAE: 87.29, MAE: 0.056),
DRHACL (IAE: 106.23, MAE: 0.060), LQR (IAE: 93.412,
MAE: 0.036), and MPC (IAE: 63.02, MAE: 0.049) by 48-
57% in 1AE relative to the next best (MPC). This edge stems
from the AR model’s adaptive residual forecasting, which
enables proactive corrections beyond fixed-model baselines
(LQR, MPC) and improves temporal dependency capture
over other RL methods (RHACL, DRHACL), resulting in
faster convergence in nonlinear regimes. While the pro-
posed method shows slightly higher online computation than
RHACL, this is attributed to the AR coefficient updates
via gradient descent for real-time residual refinement, un-
like RHACL’s offline actor-critic policy, which lacks such
dynamic modeling overhead. In summary, simulation results
demonstrate that the proposed method effectively adapts to
dynamic model variations across different tracking trajec-
tories (e.g., straight-line, S-turn, U-turn). This adaptability
leads to superior control performance, characterized by high
precision, robustness, and self-adaptation.
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Fig. 4. The experiment on paved road (The red star denotes the starting point of AV, with thick black arrows indicating its movement direction.)

Real-world experiments were conducted on the HongQi
electric vehicle (HQEV) platform Fig. 2(a), which was
equipped with an industrial computer (Intel Core 19-12900K)
operating at 50 Hz, a PP7-El inertial measurement unit
(IMU), and GNSS-502 dual antennas. A PID controller was
employed to track the longitudinal vehicle speed. The eval-
uation of the algorithm’s performance was carried out in a
country-road environment containing substantial challenges,
including a 20-degree maximum slope, a maximum curvature
of 1/12 m™!, and multiple steep slopes and sharp turns, as
depicted in Fig. 4(a). The vehicle successfully converged to
the target trajectory, as shown in Fig. 4(b). The control error
and vehicle speed profiles are presented in Fig. 4(c). The
hyperparameters used in the real vehicle test were identical to
those employed during policy training. Notably, a PID con-
troller was set to take over if the algorithm became unstable;
however, this safety mechanism was never triggered through-
out dozens of test runs. On steep unstructured roads with
significant uncertainties, the proposed algorithm achieves
smaller JAE (MBRL-AR 13.182 vs. MPC 23.298), MLE
(MBRL-AR 0.518 vs. MPC 0.842), and MAE (MBRL-AR
0.087 vs. MPC 0.090) compared to the MPC algorithm [7],
owing to the proposed AR residuals being incrementally
updated from real-time sensor data to adeptly handle unmod-
eled disturbances such as wheel slip on loose gravel and wind
gusts, which temporarily challenge the baseline MPC’s rigid
predictions. This adaptive mechanism ensures smoother error

profiles and enhanced resilience, contrasting with MPC’s
static approach that struggles under dynamic environmental
shifts. Results demonstrate the practicality of our algorithm
in highly uncertain, unstructured road conditions and its
potential for real-world vehicle applications.

VI. CONCLUSIONS

This paper introduces an MBRL motion control frame-
work, integrating an RH mechanism with AR modeling to
address the dynamic residuals of AVs. Specifically, it pro-
poses an AR model-based RL algorithm that leverages AR
modeling to efficiently generate near-optimal control policies
within a receding horizon framework, iteratively refining
the strategy through real-time system interactions to offer
a robust solution against uncertainties, outperforming both
advanced algorithms like RHACL, DRHACL, and classical
methods such as LQR and MPC with superior adaptability,
precision, and computational efficiency. Validated on the
HQEYV platform, the approach demonstrates its practical ef-
fectiveness and feasibility, with empirical results showcasing
reduced tracking errors and enhanced control performance
under challenging conditions.
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