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Abstract

Accurate and computationally efficient trajectory tracking remains a critical challenge for
unmanned aerial vehicles (UAVs), particularly when nonlinear model predictive control
(NMPC) is combined with learning-based dynamics models that introduce significant com-
putational burden. This paper proposes a sparse neural dynamics modeling approach by
integrating structured pruning and robustness-enhancing fine-tuning techniques to enable
efficient nonlinear MPC (NMPC) for UAV trajectory tracking. To this end, a structured
neuron-level pruning strategy is introduced, combining L1-norm importance scores with
adversarial sensitivity analysis to identify and remove redundant neurons from a neural
dynamics model. To preserve smoothness and robustness in closed-loop control, spectral
norm constraints and gradient regularization are further incorporated during fine-tuning.
The resulting pruned neural dynamics model is embedded into an NMPC framework for
online trajectory tracking. Simulation results on a fixed-wing UAV demonstrate that the
proposed method reduces the number of trainable parameters by approximately 69% and
achieves a 19% reduction in average NMPC solve time, leading to an effective control
update frequency of about 39 Hz under the considered simulation settings. Compared
with conventional controllers, including TECS and linear MPC, the proposed approach
achieves significantly improved trajectory tracking accuracy, as reflected by lower MAE
and RMSE across all position axes. These results indicate that structured sparsification
of neural dynamics models provides an effective means to enhance both computational
efficiency and tracking performance in NMPC-based UAV control.

Keywords: model predictive control; learning-based control; structured pruning; trajectory
tracking; UAV

1. Introduction
1.1. Research Background

Model predictive control (MPC) has gained recognition as an advanced control strategy
with strong performance across a wide range of application domains [1], owing to its
ability to explicitly handle constraints and optimize control actions over a finite prediction
horizon. MPC has been extensively studied in representative complex control systems [2,3],
illustrating its general applicability as a constrained optimal control framework. In aerial
robotics, MPC has been widely adopted due to its constraint-awareness and predictive
optimization capability, enabling precise trajectory tracking under nonlinear dynamics [4].

However, the high dependence on model accuracy and the issue of solution time effi-
ciency remain major challenges for MPC, particularly in uncertain, time-varying, or partially
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known environments [5]. To address these limitations, recent advances in machine learning
have enabled data-driven modeling approaches that can capture complex and uncertain
system dynamics directly from observations. When integrated with MPC, learning-based
models provide enhanced flexibility and modeling fidelity, particularly in scenarios where
accurate first-principles models are difficult to obtain.

Physics-based models demonstrate excellent generalization capabilities but rely heav-
ily on full-state environmental information, making them challenging to implement for
complex dynamic systems [6,7]. Recent advancements have leveraged neural networks
(NNs), celebrated for their ability to capture intricate patterns and dynamics [8], to construct
control-oriented models by learning system dynamics from observations [9–11]. The com-
bination of data-driven modeling and MPC has demonstrated promising performance
in a variety of systems, including aerial robots, robotic arms, and quadrupeds [12–14].
This paradigm not only enables greater flexibility in representing nonlinear and uncertain
dynamics, but also reduces reliance on explicit system identification, thereby streamlining
the controller design process. These advances have spurred a growing interest in unify-
ing learning-based models with MPC frameworks, enabling adaptive and robust control
strategies in dynamic environments.

Despite their remarkable expressive power, NNs are inherently characterized by high
nonlinearity and redundant parameters, which pose significant challenges for their effi-
cient and accurate integration into model-based control frameworks, especially in systems
with high complexity [15,16]. Model compression has demonstrated great potential in
the training of neural networks [17–19], particularly in balancing model size and perfor-
mance [20,21]. This trade-off between accuracy and compactness can have a significant
impact on downstream tasks such as optimization. A growing body of research on network
pruning and structured architecture search suggests that learning an over-parameterized
model followed by pruning yields better performance than directly learning a compact
network [22]. While some works have focused on improving the predictive accuracy and
robustness of NN-based dynamic models [23–26], most existing NN-based MPC studies
have paid limited attention to the structural optimization of the models themselves. This
work investigates an integrated framework that combines structured neural network prun-
ing with control-oriented regularization within an NMPC pipeline. By incorporating both
model sparsity and regularization methods, the proposed approach enables efficient and
control-aware dynamic modeling for computationally efficient trajectory tracking suitable
for NMPC execution.

1.2. Related Work

A prominent line of research in learning-based MPC focuses on learning system
dynamics from data, where neural networks serve as flexible approximators for nonlinear
systems that are difficult to model analytically. The primary objective of this class of
methods is to improve modeling accuracy and flexibility, thereby enabling model-based
control in systems with strong nonlinearities or incomplete physical knowledge. Such
learned models have been embedded into MPC to enable effective closed-loop control
across diverse robotic platforms, ranging from soft robots [27] to aggressive vehicle control
near handling limits under varying friction conditions [28]. These studies illustrate the
general applicability of neural dynamics models within MPC frameworks across diverse
robotic systems.

Another important research direction aims to incorporate learning into MPC while
explicitly addressing robustness and safety. These approaches typically focus on handling
model uncertainty, external disturbances, or guaranteeing constraint satisfaction through
robust or uncertainty-aware control formulations. Gaussian-process-based MPC has been
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widely studied in this context, as Gaussian process (GP) models naturally provide uncer-
tainty estimates that can be exploited for robust or chance-constrained MPC designs [29].
Other works combine learning with tube-based MPC, adaptive MPC, or online uncertainty
bounds to ensure closed-loop stability [30]. While these methods offer strong theoretical
guarantees, they often incur substantial computational cost due to uncertainty propagation,
conservative performance, or complex optimization formulations.

Reinforcement learning has also been combined with MPC to enhance control per-
formance. In this paradigm, learning is typically used to approximate value functions,
generate warm-starts, or provide high-level guidance for optimization-based controllers.
Several studies have shown that RL-assisted MPC can achieve improved long-horizon
performance or adapt to complex environments that are difficult to model explicitly [31,32].
However, these approaches often require extensive training data and may suffer from
limited interpretability or reduced robustness guarantees compared to classical MPC for-
mulations, which limits their adoption in safety-critical control tasks.

In contrast to the above approaches, this work focuses on improving the compu-
tational efficiency and numerical reliability of learning-based NMPC by optimizing the
structure of the learned dynamics model itself. While recent studies have proposed diverse
learning-assisted MPC frameworks and advanced solver implementations, they typically
focus on expanding control formulations or incorporating uncertainty-aware mechanisms.
The present work instead concentrates on the structural and numerical characteristics of
neural dynamics models when embedded in gradient-based NMPC solvers. Therefore, our
investigation emphasizes solver-aware model design and performance-oriented evaluation
within a consistent NMPC formulation rather than cross-paradigm benchmarking across
heterogeneous learning-based MPC strategies.

Rather than introducing additional uncertainty handling mechanisms or auxiliary
learning modules, we retain a standard NMPC formulation and reduce its computational
burden through structured neural network pruning and control-oriented regularization.
By co-designing model sparsification with NMPC deployment, the proposed approach im-
proves optimization efficiency while preserving tracking accuracy under identical modeling
assumptions. This motivates a control-oriented model sparsification strategy that targets
both compactness and numerical reliability for gradient-based NMPC solvers. Based on
the discussion above, the main contributions of this paper are summarized as follows:

• We propose a control-oriented neural dynamics modeling pipeline for a fixed-
wing UAV, which combines structured neuron-level pruning with robustness- and
smoothness-promoting fine-tuning to obtain an NMPC-friendly predictor.

• We embed the pruned neural dynamics model into a standard NMPC framework
for closed-loop trajectory tracking, where the learned model is used exclusively for
multi-step prediction.

• We conduct ablation and comparative simulation studies to quantify the trade-offs
between sparsification, solve time, and tracking accuracy using MAE/RMSE metrics.

This paper is structured as follows: Section 2 introduces the mathematical model of
the fixed-wing UAV and discusses data-driven dynamics modeling from observations.
Section 3 presents the learning-based dynamics model construction using a structured
pruning strategy. It includes the iterative pruning–retraining pipeline, adversarial-aware
importance scoring, and network regularization techniques that promote robustness and
smoothness for controller integration. Section 4 details the design of the model predictive
controller for UAV trajectory tracking, including the formulation of the control objectives
and constraints. Section 5 provides simulation results and comparative studies to validate
the effectiveness and computational benefits of the proposed approach. Finally, Section 6
concludes the paper and discusses potential directions for future research.
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1.3. Notation

In this paper, scalars are denoted by lowercase italic letters (e.g., s), vectors by low-
ercase boldface letters (e.g., v), and matrices by uppercase boldface letters (e.g., M). N,
R represent all non-negative integers and real space, respectively. Rn, Rm×n denote the
n-dimensional real space and real matrix space of size m× n, respectively. ∥ · ∥1 and ∥ · ∥2

denote the L1-norm and Euclidean norm, respectively. diag(·) creates a diagonal matrix
from a vector. ∥a∥2

M = aT Ma denotes the weighted squared norm.

2. UAV Model Structure
This section presents the modeling framework used in this work. A nonlinear fixed-

wing UAV model derived from first principles is introduced and used as a simulator to
generate offline training data. Based on these data, a neural network is constructed to
approximate translational and angular accelerations, while the kinematic relations are
preserved in analytical form. Then we describe our methods for learning a dynamics model
using environmental observations.

2.1. Fixed-Wing UAV Mathematical Model

A standard six-degree-of-freedom (6-DoF) rigid-body model is adopted to describe the
motion of the fixed-wing UAV, incorporating several common simplifying assumptions [33,34].
The coordinate system and the forces and moments acting on the unmanned aerial vehicle
are shown in Figure 1.

Figure 1. Schematic diagram of the coordinate system of fixed-wing UAV, including the forces
and moments.

The UAV is modeled as a rigid body subjected to gravitational, aerodynamic,
and thrust forces and moments. The Earth is assumed to be flat and fixed in an iner-
tial frame, with a constant gravitational acceleration. The mass m of the UAV is considered
constant, and due to the geometric symmetry in the x-z plane, the products of inertia Ixy

and Iyz are neglected. In addition, the thrust T is assumed to be aligned with the body’s
longitudinal axis, and rotational effects induced by the propulsion system are ignored.
The dynamics of the fixed-wing UAV model in state-space form are described in twelve
coordinates as
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x = [x, y, z, u, v, w, ϕ, θ, ψ, p, q, r]T , (1)

u = [δa, δe, δr, δt]
T , (2)

where ξ = [x, y, z]T ∈ R3 denotes position in the North–East–Down inertial frame ΓI ,
V = [u, v, w]T ∈ R3 denotes velocity in the body frame ΓB. Ω = [ϕ, θ, ψ]T ∈ R3 denotes
Euler angles in roll, pitch, and yaw axes, respectively, and ω = [p, q, r]T ∈ R3 denotes
angular velocities in the body frame ΓB, respectively. u = [δa, δe, δr, δt] ∈ R4 represents
aileron, elevator, rudder, and throttle percentage, which are the control inputs of the UAV.
The general equations of motion and dynamics can be expressed as:

ξ̇ = RBIV , (3)

V̇ = FB/m−ω× V , (4)

Ω̇ = RBWω, (5)

ω̇ = J−1(MB −ω × (Jω)), (6)

where m is the mass of the UAV, J is the inertia matrix, RBI is the rotation matrix mapping
vectors from the body frame ΓB to the inertial frame ΓI , and RBW is the attitude rate
transformation matrix, their expressions are given as follows, based on the definitions
in [35]:

J =

 Ixx 0 Ixz

0 Iyy 0
Ixz 0 Izz

, (7)

RBI =

 CθCψ SϕSθCψ − CϕSψ CϕSθCψ + SϕSψ

CθSψ SϕSθSψ + CϕCψ CϕSθSψ − SϕCψ

−Sθ SϕCθ CϕCθ

, (8)

RBW =

 1 SϕTθ CϕTθ

0 Cϕ −Sϕ

0 Sϕ/Cθ Cϕ/Cθ

, (9)

where C. = cos(·), S. = sin(·), T. = tan(·). For a UAV, FB represents the total forces acting
on the body frame ΓB, which can be classified into thrust Ft, gravity Fg, and aerodynamic
forces Fa, as shown in Equation (10). The same is true for the moment MB , but it is
assumed to act around the center of gravity, thus being independent of gravity, as shown
in Equation (11).

FB = Ft + Fg + Fa, (10)

MB = Mt + Ma, (11)

where the aerodynamic force Fa = [Fx, Fy, Fz]T and aerodynamic moment Ma = [Mx, My, Mz]T

are both expressed in the body-fixed coordinate frame ΓB. The components Fx =

T + Lsinα − Ycosαsinβ − Dcosαcosβ; Fy = Ycosβ − Dsinβ; Fz = −Lcosα − Ysinαsinβ −
Dsinαcosβ; L, Y, D are the aerodynamic forces decomposed in the airflow coordinate sys-
tem, respectively. α is the angle of attack and β is the side slip angle. The aerodynamic
forces and moments are given by: 

L = QSrefCL,σ,

Y = QSrefCY,σ,

D = QSrefCD,σ,

(12)
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
Mx = QSrefLrefCl ,

My = QSrefLrefCm,

Mz = QSrefLrefCn,

(13)

where Q is the dynamic pressure, Sre f and Lre f are the reference area and reference length,
and CL, CY, CD, Cl , Cm and Cn are the aerodynamic force and moment coefficients. These
aerodynamic coefficients are nonlinear functions of several flight variables, including the
angle of attack α, side slip angle β, body angular rates p, q, r, airspeed, and control inputs
elevator δe, aileron δa, rudder δr, and throttle percentage δt . Consider the nonlinear control
system of the UAV as:

ẋ(t) = f (x(t), u(t)), (14)

where f : Rn×Rm −→ Rn denotes a mapping given by Equations (3)–(6). While the physics-
based model in Equation (14) provides a structured and interpretable representation of
UAV dynamics, the exact formulations of the aerodynamic coefficients involved are often
difficult to derive analytically, which raises difficulties for the design of efficient controllers.
To improve adaptability and capture the system’s unmodeled or uncertain behaviors,
we learn an approximate dynamics component from data using a neural network while
retaining the analytical kinematic relations.

2.2. Offline Training Data Generation

The neural network dynamics model is trained using offline flight data generated
in a simulation environment based on a predefined nonlinear fixed-wing UAV dynamics
model [36]. The training data are designed to cover the operating conditions encountered
in the subsequent NMPC evaluation, while also extending beyond the nominal reference
trajectory to enhance coverage within the considered flight envelope. Specifically, flight
trajectories are generated by executing NMPC-based trajectory tracking tasks under diverse
reference motions, including but not limited to spiral trajectories, with variations in airspeed
and attitude. Additive process and measurement noise are introduced during simulation
to emulate modeling uncertainties and sensor imperfections.

The raw data are collected as discrete-time sequences with a fixed sampling interval
∆t = 0.02 s, and zero-mean Gaussian noise is added to both states and measurements with
standard deviations chosen as 5% of the nominal signal magnitudes. Each sample consists of
the system state xk, control input uk, and learning targets ẋk, which are obtained analytically
from the predefined dynamics model. Prior to training, all state, input, and target variables
are normalized using feature-wise min–max scaling. The normalization is performed
independently for each feature dimension using statistics computed from the training
dataset only, and the same scaling parameters are reused during validation and closed-loop
evaluation. The same scaling parameters are applied during validation and closed-loop
NMPC evaluation.

To further characterize the coverage of the training data, the empirical distributions of
representative state variables are visualized using kernel density estimation, as shown in
Figure 2. These distributions illustrate the range of operating conditions captured in the
dataset, rather than implying generalization beyond the considered flight envelope, which
is sufficient for the closed-loop NMPC evaluations considered in this work.

Each row separately displays the translational velocities (u, v, w), the attitude angles
(ϕ, θ, ψ), and the angular rates (p, q, r). For the translational velocities (u, v, w), the dis-
tributions exhibit distinct peaks corresponding to the dominant forward motion and lat-
eral/vertical velocity variations required to track spiral reference trajectories. The compar-
atively narrow distribution of w indicates that vertical motion remains bounded around
nominal climb and descent rates. The roll angle ϕ and pitch angle θ concentrate around
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moderate values to maintain maneuverability and stability, while the yaw angle ψ exhibits a
broader range due to its unwrapped representation and continuous heading changes along
spiral paths. The multi-modal distribution of yaw angle rate r reflects transitions between
steady coordinated flight segments and maneuvering phases during spiral tracking.

Figure 2. Kernel density estimates (KDEs) of the distributions of key flight states aggregated over all
trajectories. The yaw angle ψ is shown in its unwrapped form.

2.3. Learning Neural Dynamics from Observations

In this work, the system dynamics are first described by the physics-based model in
Equation (14), which is used as a data-generating process. Based on the resulting state-input-
derivative tuples, a neural network is trained to approximate the continuous-time dynamics.
Consider the training dataset D = {(xm

t , um
t , ẋm

t ) | t = 1, . . . , T, m = 1, . . . , M} collected
via interactions with the environment, where xm

t and um
t denote state and control input

obtained at time t in trajectory m. ẋm
t denotes the state derivative obtained analytically from

the predefined dynamics model. The learning objective is to approximate the underlying
system dynamics by training a parametric model f̂θ(x, u):

ˆ̇xm
t = f̂ Θ(xm

t , um
t ), (15)

where the network parameters Θ are trained to minimize the MSE loss between predicted
acceleration and observation. The MSE between predicted and observed state derivatives
is shown as :

Lsup(Θ) =
1

MT

M

∑
m=1

T

∑
t=1

∥∥∥ f̂Θ(xm
t , um

t )− ẋm
t

∥∥∥2

2
, (16)

In this work, the neural network aims to approximate the dynamics of a fixed-wing
UAV by learning to predict both translational and rotational accelerations. Specifically,
the output of the neural network consists of the translational accelerations and angular accel-
erations â = [u̇NN , v̇NN , ẇNN , ṗNN , q̇NN , ṙNN ]

T . The network receives as input the current
state and control variables, which include linear and angular velocity [u, v, w, p, q, r], Euler
angles [ϕ, θ, ψ], control surface deflections and throttle percentage [δa, δe, δr, δt]. The neural
network function can be denoted as:

â = f NN
Θ (u, v, w, ϕ, θ, ψ, p, q, r, δa, δe, δr, δt), (17)
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To enable efficient integration into NMPC frameworks, we further compress the learned
model by applying structured pruning techniques. The detailed design and implementation
of the pruning-based network optimization are presented in the next chapter.

3. Neural Network Modeling
After the initial training phase, neural networks often exhibit significant redun-

dancy, with many neurons and connections contributing little to the overall model per-
formance [37], which leads to a computational burden in the controller design. To enable
efficient integration of the learned model into NMPC frameworks, it is essential to develop
a lightweight neural network architecture. This chapter presents a data-driven modeling
framework based on neural networks. During the training process of the neural networks,
a structured pruning strategy is adopted to systematically reduce redundant neurons and
their connections, resulting in a compact and computationally efficient model without
significant loss of accuracy. In contrast to unstructured pruning methods that often lead
to irregular sparsity and inefficient hardware execution, our structured approach targets
entire neurons, thus ensuring efficient inference. Figure 3 shows a schematic diagram of
the network pruning training.

Figure 3. Overview diagram of the proposed neural network modeling framework.

3.1. Structure Pruning

Structured pruning aims to identify, for each layer ℓ, a subset of neurons S′ℓ =

{s′ℓ,1, . . . , s′ℓ,nℓ
} ⊂ Sℓ = {sℓ,1, . . . , sℓ,nℓ

} such that under a layer-wise pruning ratio rℓ, the re-
sulting network achieves minimal performance degradation while maximizing computa-
tional acceleration [15].

Our approach follows the widely used pruning-after-training (PAT) paradigm [38],
in which a dense fully connected neural network (FCNN) is first pretrained and gradu-
ally prunes unimportant neurons while retaining the model’s accuracy, yielding a final
sparse neural network f (x, W F). Specifically, a dense FCNN f (x, W0) is first trained using
supervised learning where neurons are ranked based on importance scores that combine
magnitude-based and adversarial sensitivity criteria. A structured pruning strategy is
applied to remove the least important neurons, resulting in a sparse intermediate network
f (x, Mi). To recover the performance loss caused by pruning, we fine-tune the remaining
network weights with a reduced number of training epochs [39]. This pruning–fine-tuning
cycle is repeated iteratively, progressively increasing the sparsity until a target compression
ratio is reached [39,40]. The final pruned model, denoted as f (x, W F), integrates both
efficient structure and retrained parameters optimized for the compressed architecture.
The overall structured pruning workflow is illustrated in Figure 4.

To guide the pruning process, we assign an importance score to each neuron based
on two complementary criteria: the magnitude of its associated weights and its sensitivity
to input perturbations. For the former, we used the L1-norm of weights to measure the
magnitude of each neuron’s outgoing weights, indicating the contribution to the feature
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transformation. For the latter, the adversarial sensitivity is adopted as a complementary
criterion to measure each neuron’s sensitivity to perturbations in the inputs, which is
calculated via gradient backpropagation under adversarial inputs [41]. These scores are
designed to identify important structures in the network, thereby determining which
redundant parts need to be eliminated.

Figure 4. Structured pruning process based on neuron-level L1-norm and adversarial sensitiv-
ity scores.

The L1-norm can directly measure the activation intensity of neurons and has been
widely used to characterize their structural importance [37,42]. For the i-th neuron in layer
l, the L1-norm of its outgoing weights is defined as:

a(l)i = ∥W (l)
i ∥1 =

d

∑
j=1
|wij|, (18)

where W i ∈ Rd denotes the weight vector from neuron i to its d downstream units, and wij

is the scalar weight on the j-th connection. Neurons with smaller L1-norm values are
typically regarded as contributing less to the forward signal propagation and are therefore
candidates for pruning.

To further capture the robustness-related importance of each neuron, we introduce a
gradient-based adversarial sensitivity metric. Given an input–target pair (xk, yk), an adver-
sarial sample xadv

k is generated using the Fast Gradient Sign Method (FGSM) [41]:

xadv
k = xk + ϵ · sign

(
∇xkLsup( fΘ(xk), yk)

)
, (19)

where ϵ denotes the perturbation magnitude, and Lsup(·) is the supervised loss function.
The adversarial sensitivity of neuron i in layer l is then defined as:

s(l)i =
1
N

N

∑
k=1

∥∥∥∥∇w(l)
i
Lsup

(
fΘ(xadv

k ), yk
)∥∥∥∥

1
, (20)

where w(l)
i denotes the outgoing weights of neuron i.

Since the L1-norm and adversarial sensitivity may exhibit different numerical scales,
we apply layer-wise normalization to both quantities prior to aggregation. Specifically,
for each layer l, the normalized structural importance and sensitivity scores are com-
puted as:

https://doi.org/10.3390/aerospace13030229
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ã(l)i =
a(l)i −minj a(l)j

maxj a(l)j −minj a(l)j

, s̃(l)i =
s(l)i −minj s(l)j

maxj s(l)j −minj s(l)j

, (21)

This normalization ensures that both terms are dimensionless and comparable within each
layer. The final importance score is defined as a weighted combination:

score(l)i = ζ ã(l)i + (1− ζ) s̃(l)i , (22)

where ζ ∈ [0, 1] controls the trade-off between structural sparsity and robustness.
At each pruning iteration, a fixed fraction r of neurons with the lowest importance

scores is removed. Here, r denotes a per-iteration pruning ratio that controls the pruning
granularity rather than the final sparsity level. After pruning, the remaining network is
fine-tuned through short re-optimization cycles. This prune–retrain procedure is repeated
until a predefined target sparsity level is reached, which is specified as the ratio between
the number of remaining neurons and that of the original network. In this work, the target
sparsity level is achieved through a fixed number of pruning iterations with predefined
per-iteration pruning ratios, resulting in a predictable overall sparsity.

3.2. Regularization Method

While pruning improves inference efficiency by removing redundant structures, it
may compromise the smoothness and robustness of the learned dynamics model—for
instance, making the output excessively sensitive to small input variations, which, in turn,
can negatively affect the performance of gradient-based optimization methods, such as
those used in NMPC. Although fine-tuning can partially recover the performance of the
model, it fails to fully compensate for the structural degradation introduced by pruning [20].
To mitigate these issues, we incorporate two robustness-oriented strategies during the fine-
tuning phase of training: spectral norm constraints [43] and gradient regularization [44].

Lipschitz continuity is a desirable property for neural networks, as it ensures that the
model output maintains stability and smoothness in the presence of input disturbances
without significantly affecting performance [45]. Spectral norm regularization is a widely
used technique to enforce Lipschitz continuity, which bounds the output variation with
respect to input perturbations and ensures output stability [43]. For a feedforward neural
network composed of linear layers and Lipschitz-continuous activation functions, the over-
all Lipschitz constant of the network is upper-bounded by the product of the spectral norms
of each layer’s weight matrix [46]. The Lipschitz constant of a linear layer is upper-bounded
by the spectral norm of the weight matrix W , defined as the largest singular value:

∥W∥2 = σmax(W) = max
x ̸=0

||Wx||2
||x||2

, (23)

To ensure that each layer adheres to a desired Lipschitz bound γ > 0, we normalize
the weights during training by applying spectral normalization:

W =
W

max(1, σmax(W)/γ)
, (24)

where W is the normalized weight matrix. This rescaling prevents the layer-wise Lipschitz
constants from exceeding γ, thereby constraining the overall sensitivity of the network and
improving robustness to input noise.

While spectral normalization constrains the global Lipschitz continuity of the network
by bounding the spectral norm of each layer’s weight matrix, it does not directly suppress
large local gradients in regions of high sensitivity. To enhance the local smoothness of
the learned dynamics model, we additionally adopt a gradient regularization strategy,
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which penalizes the magnitude of the input gradient of the supervised loss function. This
encourages the model to exhibit smoother input–output mappings and reduces sensitivity
to small input variations [47]. The gradient regularization term is defined as:

Lgrad(Θ) =
1

MT

M

∑
m=1

T

∑
t=1

∥∥∥∇xm
t
Lsup(Θ)

∥∥∥2

2
, (25)

where∇xiLsup(Θ) denotes the gradient of the supervised loss with respect to the input state
xm

t , and Lsup is the MSE loss defined in Equation (16). The total loss used for fine-tuning is
then augmented with the regularization term:

Ltotal = Lsup + λgrad · Lgrad, (26)

where λgrad is a positive scalar hyperparameter that balances the influence of gradient reg-
ularization.

These regularization strategies, including spectral norm constraints and gradient
regularization, collectively enhance the generalization capability and robustness of the
pruned dynamics model. This not only compensates for potential performance degradation
caused by pruning, but also improves stability in closed-loop control scenarios—providing
a solid foundation for efficient NMPC implementation. The overall training and pruning
pipeline is summarized in Algorithm 1.

Algorithm 1 Structured Pruning with Fine-tuning.

Require: Training data D, initial weights W0, layer-wise pruning ratios {r(l)}L
l=1, sen-

sitivity weighting factor ζ, perturbation magnitude ϵ, Lipschitz bound γ, gradient
regularization weight λgrad, maximum pruning iterations I

Ensure: Final pruned model f (x; W F)

1: // Step 1: Pretraining
2: Train dense network f (x; W0) on D with MSE loss to obtain W0
3: Initialize iter ← 1
4: while iteration iter ≤ I do
5: for each layer l = 1, 2, . . . , L do
6: Compute L1-norm ∥W (l)

i ∥1 based on (18) for each neuron i in layer l
7: Generate adversarial input based on (19)
8: Compute adversarial sensitivity based on (20)
9: Compute the combined importance score based on (22)

10: Prune bottom r(l)% of neurons in layer l with lowest scores
11: end for
12: // Step 2: Fine-tuning: Retrain the remaining network on D with fewer epochs

using:
13: Spectral normalization: ∥W (l)∥2 ≤ γ based on (24)
14: Compute gradient regularization λgrad based on (25)
15: Augment gradient regularization based on (26)
16: Update iter ← iter + 1
17: end while
18: return Final pruned model f (x; W F)

Table 1 summarizes the neural network architecture, training configuration, and
pruning-related hyperparameters used in all experiments. Unless otherwise stated, these
settings are kept fixed throughout the paper. They were chosen following standard practices
for neural network regression and structured pruning, and were verified in preliminary
trials to yield stable training and reliable closed-loop NMPC behavior.

Smooth activation functions (tanh) are adopted to ensure continuous differentiability
of the learned dynamics model, which is essential for gradient-based NMPC solvers.
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In particular, tanh avoids the dead zones associated with ReLU-type activations, which
can hinder solver convergence in practice. The dense network is pretrained for 500 epochs,
and each pruned model is subsequently fine-tuned for 250 epochs. For neuron ranking,
we set ζ = 0.5 to balance the normalized weight-magnitude score and the adversarial
sensitivity score in Equation (22). The pruning ratios are selected in a layer-wise and
non-uniform manner. Specifically, we use {r(l)} = {0.15, 0.25, 0.20} for the three hidden
layers. This schedule follows common heuristics in structured pruning: the first hidden
layer is closest to the input and tends to play a feature-extraction role, so it is pruned more
conservatively; the middle layer is typically more redundant and can tolerate a larger
pruning ratio; the last hidden layer is relatively shallow and close to the output, and is
therefore pruned moderately to avoid amplifying errors in the predicted accelerations. Our
objective is not to fine-tune individual hyperparameters exhaustively, but to demonstrate
that the proposed pruning and fine-tuning pipeline consistently yields compact and smooth
dynamics models suitable for NMPC integration.

Table 1. Neural network training and pruning hyperparameters used throughout all experiments.

Parameter Value

Hidden layers 128–64–64
Activation tanh
Optimizer Adam
Learning rate 1 × 10−3

Batch size 64
Training epochs 500
Fine-tuning epochs 250
ζ 0.5
r(l) 0.15, 0.25, 0.20
ϵ 10−2

γ 3.0
λgrad 0.05
Pruning iterations I 3

4. Nonlinear Model Predictive Controller Design
4.1. NMPC Formulation

This chapter presents the design of an NMPC framework for the proposed UAV
system, aiming to achieve high-precision trajectory tracking. The controller explicitly
handles physical constraints on both states and control inputs, and is implemented in a
receding-horizon manner using the learned dynamics model as the internal predictor. Let
x ∈ Rnx from Equation (1) denote the system state, and u ∈ Rnu from Equation (2) denote
the control input. The goal is to steer the system along a time-varying reference trajectory
{xref,k, uref,k}H

k=0 over a prediction horizon of length H. Figure 5 illustrates the proposed
NMPC framework with pruned neural dynamics.

Following a standard NMPC formulation, we define the cost function to penalize the
deviation from the reference trajectory:

J(xk, uk) =
k+H−1

∑
i=k

(
∥∥∥xi|k − xref,i|k

∥∥∥2

Q
+

∥∥∥∆ui|k

∥∥∥2

R
) +

∥∥∥xk+H|k − xref,k+H|k

∥∥∥2

S
, (27)

where Q ∈ Rnx×nx and R ∈ Rnu×nu are positive definite weighting matrices to penalize
the state tracking error and control input increments, and S ∈ Rnx×nx is introduced to
encourage stabilizing behavior near the reference trajectory and to improve closed-loop
performance. Such a terminal cost is commonly adopted in NMPC formulations to promote
practical stability under standard assumptions. The vectors xi|k and ui|k are the predicted
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states and control inputs over an H-step prediction at time step i. This formulation using
control increments ∆ui|k is motivated by the desire to suppress control input chattering and
improve numerical stability.

Figure 5. NMPC framework with a pruned neural dynamics model. The pruned neural network is
embedded within the NMPC and used exclusively as an internal prediction model for multi-step
state propagation. Reference trajectories are provided externally, and the neural dynamics model is
trained offline and kept fixed during control execution.

The NMPC optimization problem at each time step k can then be formulated as:

min
∆uk|k ,...,∆uk+H−1|k

J(xk, uk),

s.t. ∆ui|k = ui|k − ui−1|k,

ẋi|k = fNN(xi|k, ui|k), i = k, . . . , k + H − 1,

xi|k ∈ X , ui|k ∈ U , ∀i = k, . . . , k + H − 1,

xk|k = xk,

(28)

where X and U denote admissible state and control sets, fNN : Rnx ×Rnu → Rnx charac-
terizes the state transition, which represents the sparse neural network dynamics model
obtained via structured pruning in Section 3.

To construct a complete state-space model compatible with the NMPC framework,
we integrate the neural network acceleration predictions from (3)–(6). This yields a hybrid
model that combines analytically known kinematic equations with learned dynamics for
acceleration prediction. The resulting continuous-time state transition model used in
NMPC is given by: 

ξ̇ = RBIV ,

V̇ = NNV (x, u),

Ω̇ = RBWω,

ω̇ = NNω(x, u),

(29)

where NNV and NNω denote the body-frame translational and angular accelerations
predicted by the pruned neural network. This hybrid formulation ensures that essential
geometric and kinematic constraints are explicitly preserved, while the unknown and
possibly nonlinear force/torque dynamics are captured through learning. As a result,
the constructed model is well-suited for multi-step state prediction in NMPC, balancing
physical interpretability with model flexibility.
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4.2. Stability Discussion

The proposed controller follows a standard NMPC paradigm, where a finite-horizon
optimal control problem is solved repeatedly in a receding-horizon manner using a fixed
prediction model. Rather than claiming new Lyapunov-based theoretical guarantees,
the closed-loop stability properties of the resulting NMPC can be discussed under classical
NMPC assumptions.

Specifically, when the prediction model provides a sufficiently accurate approximation
of the system dynamics and the stage cost is positive definite with respect to the tracking
error and control input increments, the finite-horizon cost function can be interpreted as a
Lyapunov-like function for the closed-loop system. The inclusion of a terminal cost further
promotes stabilizing behavior near the reference trajectory and helps mitigate horizon
truncation effects. Under these commonly adopted conditions, standard NMPC theory
provides qualitative insight that practical closed-loop stability may be expected under
commonly adopted assumptions.

In the proposed framework, the neural network dynamics model is trained offline and
subsequently pruned to enhance numerical reliability and smoothness, which helps reduce
sensitivity to modeling errors and supports stable closed-loop behavior in practice. It is
important to note that the neural dynamics model is not updated online during control
execution, and the controller relies solely on state feedback from the UAV plant. A rigorous
theoretical analysis of closed-loop robustness margins, recursive feasibility, and stability
guarantees under bounded disturbances is beyond the scope of the present work and will
be investigated in future research.

5. Simulation Results
In this section, we evaluate the effectiveness of the proposed MPC controller with

a sparse neural dynamics model through a set of simulation studies. Specifically, we
conduct two types of simulation-based evaluation: (1) an ablation study to investigate
the impact of pruning and regularization strategies on the control performance, and (2) a
comparative study against a conventional total energy control system (TECS) controller [48]
and a local linearized MPC (LMPC) controller [49] to demonstrate the superiority of our
neural-network-based model predictive control (NNMPC) framework. The simulation is
carried out on a fixed-wing UAV model introduced in [50]. The reference trajectory is a
three-dimensional spiral path, defined as:

xr(t) = Rcos(ωxt),

yr(t) = Rsin(ωyt),

zr(t) = vzt,

(30)

where R = 30 m, ωx = ωy = π/5 rad/s, vz = 1 m/s, and t ∈ [0, 10]. The NMPC is
configured with a prediction horizon of H = 10 steps and a control interval of ∆t = 0.05 s.
The cost function is formulated to minimize the trajectory tracking error and control
effort, with weight matrices defined as Q = diag(10, 10, 10, 10, 10, 10, 1, 1, 10, 1, 1, 1) and
R = diag(1, 1, 1, 1). The state and control inputs are constrained within the physical
limits of the UAV dynamics. The state constraints are −50 < u < 50, −50 < v < 50,
−50 < w < 50, −π/3 < ϕ < π/3, −π/2 < θ < π/2, −π/2 < p < π/2, −π/2 <

q < π/2, −π/2 < r < π/2, and the control input constraints are −π/6 < δa < π/6,
−π/6 < δe < π/6, −π/6 < δr < π/6, 0 < δt < 100 .

All simulations were performed on a desktop computer equipped with an Intel Core i5-
13600K CPU (13th Gen, 3.50 GHz) and 32 GB of RAM. All reported solve times are measured
under single-threaded execution. The training of neural networks was executed in PyTorch
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2.1.0 version with NVIDIA GeForce RTX 4060, and the NMPC was implemented using
CasADi [51] 3.6.5 version and solved by the nonlinear programming solver IPOPT [52].

5.1. Ablation Study

To analyze the effectiveness of each component in the proposed pruned sparse neural
dynamics model for NMPC, we conduct an ablation study involving three configura-
tions. The first configuration, referred to as Unpruned, uses the original neural dynamics
model without any pruning or regularization. The second configuration, Pruned Only,
applies structured pruning based on a combined score of the L1-norm and input sensitivity,
but does not include any regularization terms. The final configuration, Pruned with Reg-
ularization, represents our complete method, incorporating both pruning and additional
regularization techniques, including spectral norm constraints and gradient regularization.
To further investigate the effect of progressive pruning on the tracking performance, we
additionally evaluate the intermediate models obtained after the first and second pruning
stages, before reaching the final pruned configuration. These intermediate models, denoted
as Pruned (1st Stage) and Pruned (2nd Stage), retain more neurons than the final Pruned
Only and Pruned + Reg configurations, allowing us to observe the trade-off between model
compactness and tracking accuracy as pruning progresses.

The baseline neural dynamics model is constructed as a fully connected neural network
with three hidden layers, consisting of 128, 64, and 64 neurons, respectively. The model
is trained on a dataset containing 4800 state-control pairs sampled from various UAV
trajectories. During the iterative pruning and retraining process, we perform three pruning
stages followed by fine-tuning. The pruning ratios for the three hidden layers are set to
0.15, 0.25, and 0.20, respectively. The neuron importance score is computed as a weighted
combination of the L1-norm and adversarial sensitivity, where the balancing coefficient is
set to ζ = 0.5 throughout all pruning iterations. The adversarial sensitivity is evaluated
under a perturbation amplitude of ϵ = 0.01. The spectral norm constraint is enforced with
a Lipschitz bound γ = 3, and the gradient regularization coefficient λgrad is scheduled
using cosine annealing, with a maximum value of 0.05.

Figure 6 presents the 2D position tracking results on the x, y, and z axes for the three
configurations, Unpruned, Pruned Only, Pruned + Reg, along with the reference trajectory.
Figure 7 further visualizes the overall trajectory tracking performance in 3D space. Table 2
shows that the proposed pruning and regularization strategies significantly reduce the
model size (45%) and computation time while improving tracking accuracy. The MAE and
RMSE values are computed based on the per-axis position tracking error with respect to
the reference trajectory. Figure 8 shows the control inputs and attitude response of the UAV
under the proposed controller configuration, Pruned + Reg. The Unpruned model exhibits
noticeable tracking bias and suffers from low computational efficiency, demonstrating
that despite its full parameter capacity, the dense model remains poorly suited for NMPC
applications. Notably, the first and second pruning stages (Pruned (first Stage) and Pruned
(second Stage)) have no significant effect on the trajectory tracking, indicating that only a
moderate reduction in model size has little impact on tracking performance and solution
efficiency. The Pruned Only model improves tracking accuracy moderately, benefiting
from the removal of redundant neurons, but still suffers from slight deviation. In con-
trast, the Pruned with Regularization configuration achieves the best overall performance,
with a 19% reduction in solve time and improvements in tracking precision across all axes
compared to the unpruned model. These results validate the effectiveness of both the struc-
tured pruning scheme and the stability-oriented regularization techniques in enhancing
the NMPC framework’s efficiency and accuracy.
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Figure 6. Tracking comparison on x, y, and z axes for different model configurations.

Figure 7. Three-dimensional trajectory tracking performance under different neural dynamics
model configurations.
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Table 2. Tracking error metrics (MAE/RMSE per axis), average NMPC solve time per update,
and model size under different configurations.

Model Variant Tracking Error [x/y/z] (m) Avg. Time (ms) Remaining Neurons

Unpruned MAE: 1.140/1.159/0.104
RMSE: 1.387/1.574/0.225 31.6 128, 64, 64

Pruned 1st MAE: 1.113/0.617/0.086
RMSE: 1.329/1.085/0.195 31.7 109, 48, 52

Pruned 2nd MAE: 0.929/0.531/0.077
RMSE: 1.162/0.873/0.132 30.9 93, 36, 42

Pruned Only MAE: 0.737/0.498/0.053
RMSE: 0.917/0.636/0.095 29.9 80, 27, 34

Pruned + Reg MAE: 0.361/0.328/0.037
RMSE: 0.462/0.373/0.070 25.7 80, 27, 34

Figure 8. Control inputs and attitude response of the UAV under the proposed controller: (a) control
surface deflections and throttle command, (b) attitude angles (roll, pitch, yaw), and (c) body angular
rates. In subplot (a), δa, δe, and δr denote aileron, elevator, and rudder deflections in degrees (°), while
δt represents throttle command in percentage (%).

5.2. Comparative Study

To further validate the effectiveness of the proposed NNMPC, we conduct a compara-
tive study against two baselines: the TECS controller and the LMPC controller. The selected
baselines (TECS and linear MPC) are chosen due to their practical relevance in fixed-wing
flight control and their compatibility with the considered NMPC formulation. A broader
comparison with alternative learning-based MPC frameworks would involve fundamen-
tally different modeling assumptions and is beyond the scope of this study. For LMPC,
the UAV model is linearized around the helical flight condition, and a quadratic program
is solved at each step. The objective is to evaluate the tracking accuracy of different con-
trollers on the same 3D spiral reference trajectory under identical UAV dynamics and initial
conditions. To ensure fairness, all controllers are tested with the same simulation setup,
including initial states, control frequency, prediction horizon, and simulation duration.
The reference trajectory is the 3D spiral path defined in Equation (30), and the nonlinear
fixed-wing UAV dynamics remain unchanged across all simulations.
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Figure 9 illustrates the time-series tracking performance of the three controllers along
the x, y, and z axes. Table 3 summarizes the quantitative tracking results in terms of per-axis
MAE and RMSE, together with the average computation time per control update under
identical simulation settings. The computation time for TECS is not reported, since it
is a conventional feedback controller without online optimization. The TECS controller,
serving as a representative baseline of classical energy-based flight control, is able to
follow the reference trajectory but exhibits noticeable phase lag and bias, particularly in the
lateral channels. The LMPC controller benefits from the computational efficiency of local
linearization; however, the mismatch between the linearized model and the underlying
nonlinear UAV dynamics results in degraded tracking accuracy, particularly along curved
segments of the trajectory. In contrast, the proposed NNMPC achieves closer agreement
with the reference trajectory across all axes, consistently demonstrating improved tracking
precision and robustness. Figure 10 further illustrates the 3D tracking behavior of the
controllers. Both the TECS and LMPC controllers exhibit visible offsets and accumulated
drift along the spiral trajectory, whereas the NNMPC-controlled UAV closely follows the
reference trajectory with minimal deviation. These results underscore the advantage of
integrating a sparse neural dynamics model within the NMPC framework, which enables a
more accurate representation of nonlinear UAV dynamics, leading to significantly improved
trajectory tracking performance compared to conventional baseline controllers.

Figure 9. Tracking comparison along x, y, and z axes for NNMPC, LMPC, and TECS controllers.

Table 3. Tracking error metrics (MAE/RMSE per axis) and average computation time per update for
different controllers under identical simulation settings.

Controller MAE [x/y/z] (m) RMSE [x/y/z] (m) Avg. Time (ms)

TECS 2.654/2.100/0.195 2.947/2.424/0.226 –
LMPC 1.214/1.681/0.173 1.295/1.888/0.190 14.7
NNMPC (Ours) 0.361/0.328/0.037 0.462/0.373/0.070 25.7
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Figure 10. Three-dimensional trajectory tracking performance for NNMPC, LMPC, and TECS con-
trollers.

As can be seen, the proposed NNMPC framework achieves consistently higher track-
ing accuracy across all dimensions, with a notable improvement in vertical tracking. In addi-
tion, the measured solver runtimes under the simulation settings indicate that the proposed
controller can be executed at moderate update rates, where the dominant computational
cost comes from the NMPC optimization rather than neural network inference. Overall,
these results demonstrate the advantage of the proposed method in terms of tracking
precision and closed-loop smoothness within the scope of simulation-based evaluation.

6. Conclusions
In this work, we presented a sparse neural dynamics-enhanced NMPC framework

for fixed-wing UAV trajectory tracking. A structured pruning strategy was designed to
iteratively remove redundant neurons based on a combined importance score of L1-norm
and input sensitivity, followed by fine-tuning. To ensure stability and smooth optimiza-
tion, spectral norm constraints and gradient regularization were further incorporated into
the training. The resulting pruned neural dynamics model achieves both efficiency and
accuracy, enabling effective integration into an NMPC. Extensive simulations validated
the proposed approach. Ablation study highlighted the necessity of pruning and regu-
larization strategies, demonstrating that the full pruned-regularized model achieved the
lowest tracking error while maintaining reduced model complexity. A comparative study
further showed that the NNMPC outperformed conventional baselines, including TECS
and LMPC, by providing more accurate trajectory tracking on a 3D spiral path. These
results confirm that sparse neural dynamics modeling is an effective enabler for improving
NMPC performance in UAV applications.

Despite these promising results, the present study is limited to a simulation study.
Practical challenges about onboard real-time implementation, robustness under distur-
bances, and adaptive parameter tuning remain open issues. Future work will aim to extend
this framework to more complex scenarios such as obstacle-aware trajectory tracking,
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and to explore integration with robust control or reinforcement learning techniques for
improved adaptability.
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