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ABSTRACT Modeling the vehicle dynamics near the handling limits is crucial for autonomous driving
and racing. However, building accurate models remains challenging due to strong nonlinearities, limited
data availability, and changing environmental conditions. Physics-based models offer interpretability but
require costly parameter identification, while general-purpose neural networks typically need large datasets
to generalize. This paper introduces a new model-structured neural network (MS-NN-full) that learns
the coupled lateral-longitudinal vehicle dynamics by embedding physical knowledge into its internal
architecture. MS-NN-full combines physics-inspired neuro-fuzzy models with data-driven components to
capture the quasi-steady-state and transient behavior, as well as the mutual coupling between the lateral and
longitudinal dynamics. Experimental results on a 1:10-scale autonomous vehicle show that MS-NN-full
outperforms existing MS-NN baselines and general-purpose neural networks in accuracy and generalization,
using less than two minutes of training data. The model also demonstrates rapid adaptation to new tire
configurations and increased vehicle mass with minimal fine-tuning. We release our implementation and
datasets to support further research in physics-guided learning for autonomous systems.

INDEX TERMS Model-based neural networks, physics-guided learning, robot dynamics learning, vehicle
dynamics, autonomous racing.

I. INTRODUCTION

LEARNING generalizable models of a vehicle’s dynam-
ics from limited real-world data is challenging, espe-

cially when the vehicle operates near its handling limits [1].
In autonomous driving and racing [2], accurate dynamics
models are critical for motion planning [3], prediction, and
control [4]. Physics-based vehicle models, such as single- and
double-track formulations [5], are interpretable and have the
potential to generalize in unseen scenarios, but identifying
their parameters requires extensive experiments and costly
setups to characterize tires [6], [7], suspensions, aerody-
namics, powertrain, and inertial properties [8]. Moreover,
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capturing the nuances of the nonlinear coupled dynamics with
analytical models and rapidly adapting to changing condi-
tions remain open challenges. Neural Network (NN) models
can learn complex nonlinear dynamics directly from data
[9], without knowing the underlying physics. However, they
often require large, high-quality training datasets, and they
may lack interpretability and physical consistency, leading to
unrealistic predictions in unseen conditions [10].

Model-Structured Neural Networks (MS-NNs), recently
introduced in [11], [12], [13], and [14], aim to bridge this
gap by embedding physical insights into NN architectures,
resulting in lightweight models that potentially generalize
better from limited data. While existing MS-NNs have
shown promise to model the lateral [15] or longitudinal [14]
dynamics, they have not yet been developed for the coupled

© 2026 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.
For more information, see https://creativecommons.org/licenses/by/4.0/

VOLUME 7, 2026 1181

https://orcid.org/0009-0009-0779-3158
https://orcid.org/0009-0003-4484-8361
https://orcid.org/0000-0002-0754-6271
https://orcid.org/0000-0001-9197-2849
https://orcid.org/0000-0003-1075-9603
https://orcid.org/0000-0003-0457-8777


MUNGIELLO et al.: VEHICLE DYNAMICS LEARNING FROM PHYSICS PRIORS WITH MS-NN

dynamics, validated on real vehicles, or evaluated for rapid
adaptation to changing conditions. This paper addresses these
open issues, as outlined in Sec. I-B.

A. RELATED WORK
This section reviews the literature on vehicle dynamics
modeling, with a focus on physics-based, learning-based, and
hybrid physics-guided learning approaches.

1) FROM PHYSICS-BASED TO LEARNING-BASED
VEHICLE MODELS
Physics-based vehicle models have been studied for decades,
yielding formulations with varying levels of detail [5], [8].
Thanks to their relatively simple formulation, kinematic and
dynamic single-track models are widely used in simulation
[16], [17], [18], motion planning [19], [20], [21], and control
[22], [23], [24], [25]. In [24] and [26], the tire parameters of
nonlinear single-track models were identified with dedicated
vehicle maneuvers, that required large testing areas. However,
single-track models neglect the lateral load transfer and
struggle to capture the transient nonlinear lateral-longitudinal
dynamics [27]. Double-track models address these effects but
require more complex and costly parameter identification [8],
[28]. Moreover, modeling all relevant physical phenomena
remains difficult, especially during highly dynamic maneu-
vers in uncertain environmental conditions [1].

To address these limitations, recent work has leveraged
neural networks and data-driven methods to model and
control the vehicle dynamics directly from data. Sparse
regression was used in [29] to identify a data-driven dynam-
ics model. Devineau et al. [30] proposed feedforward and
convolutional networks for path tracking at constant speed,
while [31] employed an LSTM to model the combined
lateral dynamics near the handling limits. Similarly, [4],
[32] learned the lateral dynamics with a shallow feedfor-
ward NN. Neural vehicle models have also been integrated
into NMPC for vehicle guidance [33], [34]. Jerk-optimal
maneuvers were learned via a feedforward NN in [35], and
LSTMs were trained for autonomous racing control in [36].
A transformer-based controller capable of handling multi-
ple vehicle platforms was introduced in [37], yet requiring
extensive training data. Using a RoboRacer vehicle, [38]
performed online adaptation to changing friction with a
two-layer NN. Several works learned residual dynamics on
top of physics-based models using NNs [39], transformers
[40], local affine models [41], and Gaussian processes [42].
Hermansdorfer et al. [9] used GRUs to learn the longitudinal-
lateral dynamics, highlighting that deep NNs often struggle
to generalize beyond the training domain. This generalization
issue, also noted in [13], [14], [38], [39], and [40], stems
from the lack of physical insights in general-purpose NN
architectures.

2) HYBRID PHYSICS-GUIDED LEARNING APPROACHES
Recent work on physics-guided learning aims to embed
prior knowledge of a system’s dynamics into neural mod-
els, to improve explainability [43], safety [44], and sample

efficiency. Two main approaches have emerged. The first uses
neural networks to solve known partial differential equa-
tions (PDEs), known as physics-informed neural networks
(PINNs) [45], [46]. PINNs have physics-based loss functions
enforcing the PDE residuals, while their architectures remain
conventional feedforward NNs. Examples of PINNs in vehi-
cle applications include [47], which predicted the energy
consumption of electric vehicles, and [48], which learned
the dynamics of a tractor-trailer system. A concise survey of
PINNs in this domain is [49].

The second approach designs NNs whose internal structure
encodes physical or model-based principles, here termed
model-structured neural networks (MS-NNs). These archi-
tectures embed or extend dynamics knowledge to improve
generalization and interpretability. In [12], [14], and [15],
MS-NNs were developed to learn the decoupled longitu-
dinal and lateral vehicle dynamics, far from the handling
limits. Their MS-NNs incorporate principles such as forces
superposition and steering characteristics derived from ana-
lytical single-track models. Similar ideas have been applied
to steering control near the handling limits [13], [50].
In [51] and [52], single-track model parameters were
learned with NNs and constrained within physically mean-
ingful ranges. Other works integrated neural tire models
into physics-based dynamics [53], [54], [55], or developed
MS-NNs for automated parking [56], optimal maneuver
generation [57], and lateral speed estimation [58]. These
studies report improved interpretability, accuracy, and data
efficiency over generic neural networks [59].

However, MS-NNs have not yet been developed to learn
the coupled lateral-longitudinal vehicle dynamics, nor tested
on real vehicles or under varying operating conditions to
assess generalization and fast adaptation.

B. CONTRIBUTIONS AND STRUCTURE OF THE PAPER
The main contributions of this paper are as follows:
• A new model-structured neural network, MS-NN-full,

that learns the coupled lateral-longitudinal vehicle
dynamics by embedding and generalizing physical
knowledge.

• An experimental validation on a 1:10-scale autonomous
vehicle (RoboRacer), including comparisons with liter-
ature benchmarks and ablation models, demonstrating
improved accuracy and generalization using less than
2 minutes of driving data.

• An analysis of the generalization and rapid adaptation
capabilities under new vehicle configurations, including
two tire types never seen during training and a mass
variation.

II. MODEL-STRUCTURED NEURAL NETWORKS TO
LEARN THE VEHICLE DYNAMICS
A. OVERALL ARCHITECTURE: MS-NN-FULL
Fig. 1a shows the overall architecture of the proposed model-
structured neural network, named MS-NN-full, to learn the
combined lateral-longitudinal nonlinear vehicle dynamics.
MS-NN-full takes as inputs windows of past measurements
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FIGURE 1. (a) Architecture of our MS-NN-full. Green parts indicate the inputs (past
windows of vehicle speed vx , steering angle ‹, electric motor current i , local road
slope „) and outputs (predicted yaw rate Ω, longitudinal acceleration ax ). Gray signals
are internal variables linking the lateral (MS-NN-lat) and longitudinal (MS-NN-long)
networks. (b) MS-NN-lat, learning the combined lateral vehicle dynamics. MS-NN-long
is shown in Fig. 3.

of the longitudinal speed vx, steering angle δ, electric motor
current i, and road slope θ, and outputs the predicted yaw
rate Ω and longitudinal acceleration ax.

MS-NN-full consists of two interconnected sub-networks
(Fig. 1a), called MS-NN-lat and MS-NN-long. The former
learns the lateral dynamics, predicting the yaw rate Ω, while
the latter models the longitudinal dynamics, estimating the
longitudinal acceleration ax. The two sub-networks are inter-
connected to capture the mutual influence between lateral and
longitudinal dynamics: the output of MS-NN-long is fed to
MS-NN-lat, and viceversa (gray signals in Fig. 1a).

In the following subsections, MS-NN-lat and MS-NN-long
are presented separately, followed by a discussion on their
interconnection.

B. COMBINED LATERAL DYNAMICS: MS-NN-LAT
The proposed architecture of MS-NN-lat, depicted in Fig. 1b,
is conceived to capture the combined lateral vehicle

dynamics. The model predicts the yaw rate Ωk for the current
k-th time step, using as inputs the following windows of past
measurements: 8̂<̂

:
vxk =

�
vxk−q , . . ., vxk

�
δk =

�
δk−q, . . ., δk

�
axk =

�
axk−q , . . ., axk

�
(1a)

(1b)

(1c)

with vx being the longitudinal speed, δ the steering angle,
ax the longitudinal acceleration, and q the tunable number
of past time steps. The discretization time step in Eq.(1) is
another tunable parameter, denoted as Ts, and set to 0.05 s
in our experiments.

As shown in Fig. 1b, our MS-NN-lat is composed of two
main parts: the first captures the quasi steady-state (QSS)
behavior, while the second models the transient dynamics.

Quasi Steady-State Behavior: Modeling the QSS lateral
dynamics involves capturing the relation among yaw rate Ω,
steering angle δ, and longitudinal speed vx under steady-state
cornering with non-zero ax. Insights into this relationship are
provided in Fig. 2a, which shows the trajectory curvature
ρ = Ω/vx versus δ for different vx ranges. The diagram
is obtained with our 1:10-scale vehicle through sinusoidal
steering maneuvers at varying speeds and accelerations. It
reveals an almost linear δ-ρ relation, with a slope that changes
with vx. The effect of ax is more complex and not shown in
the plot. Overall, the shape of this diagram is influenced by
several factors, including tire characteristics and load transfer.
We learn this diagram with a neuro-fuzzy approach, with
local linear models defined as:

8̂̂̂̂
<̂̂
ˆ̂̂̂:

s jlp(δ, vx, ax) = κ1 jlp + κ2 j (δ − δ0 j ) +
+ κ3l (vx − vx0l ) + κ4p (ax − ax0p )

ρ =
Ω

vx
= s jlp(δ, vx, ax)

=⇒ Ω = vx · s jlp(δ, vx, ax) ,

(2a)

(2b)

where {δ0 j , vx0l , ax0p } denote the centers of the local mod-
els, and κ1 jlp , κ2 j , κ3l , and κ4p are their learnable parameters.
Eq. (2b) expresses the yaw rate Ω computed by the local
model s jlp(δ, vx, ax) around its center. The combination of all
local models yields the yaw rate Ω in QSS conditions:8̂̂̂̂

<̂
ˆ̂̂:

S (δ, vx, ax) =

nδ,latX
j=1

nv,latX
l=1

nx,latX
p=1

s jlp(δ, vx, ax) ·

· ψ jlp(δ, vx, ax)
Ω = vx · S (δ, vx, ax) ,

(3a)

(3b)

with nδ,lat, nv,lat, and nx,lat being the number of local models
for the steering angle, vehicle speed, and longitudinal accel-
eration, respectively. The functions ψ jlp(δ, vx, ax) activate
locally the corresponding models, and they are defined as:

ψ jlp(δ, vx, ax) = ψ j(δ) · ψl(vx) · ψp(ax) . (4)

The individual functions ψ j(δ), ψl(vx), and ψp(ax) are plotted
in Fig. 2b. We design them as piecewise linear, by imposing
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FIGURE 2. (a) Relation between the steering angle ‹ and the vehicle trajectory
curvature  = Ω/vx in different ranges of vehicle speed vx , where the solid lines are
linear fits of the data in three ranges of vx . (b) Activation functions  (·) used in our
MS-NN-lat and MS-NN-long to locally activate the corresponding neuro-fuzzy models,
as a function of the steering angle ‹, vehicle speed vx , longitudinal acceleration ax ,
and lateral acceleration ay .

that ψ j(δ) = 1 for δ = δ0 j , and
Pnδ,lat

j=1 ψ j(δ) = 1,∀δ. The
centers of these activation functions are evenly spaced within
the ranges of the corresponding variables, to ensure complete
coverage of the input space.

Transient Dynamics: To capture the transient lateral
dynamics, we extend the QSS model by including windows
of past input measurements, as defined in Eq. (1). Indeed,
a dynamical system’s output depends on both current and
past inputs, and the past window length is chosen according
to the transient dynamics’ timescale (Sec. IV-B), which is

FIGURE 3. Architecture of our MS-NN-long, learning the combined longitudinal
vehicle dynamics. The symbol � denotes the Hadamard (element-wise) vector product.

typically 1-2 s for vehicles. The complete formulation of our
MS-NN-lat is given by:

Ωk = vxk �

nv,latX
l=1

nx,latX
p=1

�
S(δk, vxk, axk)„ ƒ‚ …
quasi steady-state

�

�

transient‚ …„ ƒ
ψlp(vxk, axk)

�
·

264 Flp1
...

Flpq+1

375 , (5)

where S(·) is the vector form of S (·) in Eq. (3a), and �
denotes the Hadamard (element-wise) product. Following the
theories of vehicle dynamics [8], the transient lateral response
varies with the longitudinal speed vx and acceleration ax.
Building on this insight, we design a neuro-fuzzy architec-
ture in which the transient dynamics are captured by local
fully connected layers Flp (purple blocks in Fig. 1b), with
l ∈ {1, . . ., nv,lat} and p ∈ {1, . . ., nx,lat}. Each layer learns
linear combinations of the S(·) entries over specific vx-ax

regions, and is activated by ψlp(vxk, axk), the vector form of
Eq. (4), sharing the same shape and properties as its scalar
counterparts in Fig. 2b.

Learnable Parameters in MS-NN-lat: In summary, the
learnable parameters of MS-NN-lat lie in the local models
Eq. (2a)–Eq. (3a) capturing the QSS behavior (4 parameters
per model) and in the layers modeling the transient dynamics
(q + 1 weights per local fully connected layer):

Npars,lat =

quasi steady-state‚ …„ ƒ
4 · nδ,lat · nv,lat · nx,lat +

transient‚ …„ ƒ
(q + 1) · nv,lat · nx,lat (6)
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C. COMBINED LONGITUDINAL DYNAMICS:
MS-NN-LONG
The neural model MS-NN-long, depicted in Fig. 3, predicts
the longitudinal acceleration ax using as inputs the following
windows of past measurements and instantaneous values:8̂̂̂̂

<̂
ˆ̂̂:

vxk =
�
vxk−Γ

, . . ., vxk

�
ayk =

�
ayk−Γ

, . . ., ayk

�
= Ωk � vxk

ik =
�
ik−Γ, . . ., ik

�
δk, θk

(7a)

(7b)

(7c)
(7d)

where ay is the lateral acceleration, given by the product
of yaw rate Ω and longitudinal speed vx, while i and θ are
respectively the electric current used to control the vehicle’s
motor and the local road slope. Note that the tunable number
of samples in the vectors in Eq. (7) is Γ+1, which may differ
from the q+1 used in Eq. (1) for MS-NN-lat. This is because
the timescales of the longitudinal and lateral dynamics may
differ.

Physics-based Model: To design MS-NN-long, we start
from the Newton law for the longitudinal vehicle dynamics:

m
�
ax + cr g cos(θ) + g sin(θ)

�
= Fx f + Fxr − ka v2

x − cl vx − Fy f sin(δ) , (8)

with m being the vehicle mass, g the gravitational accel-
eration, cr the rolling resistance coefficient, ka and cl the
aerodynamic and laminar drag coefficients. Fx f and Fxr are
the longitudinal forces at the front and rear axles, while Fy f

is the lateral force at the front axle. We derive Fx f and Fxr

from the rotational wheel dynamics of the corresponding
axles1:

2 Iw j ω̇ j = −r Fx j + T j =⇒ Fx j =
T j − 2 Iw j ω̇ j

r
, (9)

where j ∈ { f , r} denotes the front and rear axles; Iw, r, ω and
T are the wheel inertias, radii, angular velocities, and torques,
respectively. The wheel acceleration ω̇ can be expressed as a
function of the vehicle longitudinal acceleration ax through:

ω̇ j ≈
v̇x

r
=

ax

r
, (10)

assuming small longitudinal slips. Moreover, we use the
following auxiliary relation:

T f + Tr = Tt + Tb , (11)

which links the sum of the front and rear wheel torques to
the total traction (Tt) and braking (Tb) torques. By plugging
Eq. (10)–(11) in Eq. (9) and substituting the resulting expres-
sions of Fx f and Fxr into Eq. (8), we isolate ax as:8̂̂̂̂
ˆ̂̂̂̂<̂
ˆ̂̂̂̂̂̂
:̂

Nk =
1
m

�
Ttk + Tbk

r
− ka v2

xk
− cl vxk − Fy fk

sin(δk)
�
+

− cr g cos(θk)−g sin(θk)

Dk = 1 +
2 (Iw f + Iwr )

m r2

axk = π
�
Ttk ,Tbk , δk, vxk , Fy fk

, θk
�

=
Nk

Dk

(12a)

(12b)

(12c)

1Eq. (9) assumes the angular velocities of the left and right wheels on the
same axle are equal, but it can be easily extended to the more general case.

which is the physics-based model π(·) shown in Fig. 3 and
used in our MS-NN-long to predict axk .

Actuation Model: To connect the traction and braking
torques {Tt,Tb} in Eq. (12c) to the control input i (electric
motor current), we introduce an actuation model within
MS-NN-long. This relation is in general highly nonlinear,
motor-dependent and hard to model from first principles.
Hence, we learn the actuation model with a general-purpose
neural architecture, as shown in Fig. 3. We create two
separate branches to learn the traction and brake torques
{Tt,Tb}. The traction branch takes as input the vector ik of
past current measurements, extracts the positive part (corre-
sponding to traction commands), and feeds it to a 2-layer
fully connected network. The first layer G1 uses η neurons
and a tanh activation function, while the second layer G2 is
linear and outputs the learned Ttk . The brake branch has the
same architecture used for traction, but it extracts the negative
part of ik, outputting Tbk .

Lateral Force Model: Finally, MS-NN-long learns the
effect of the lateral force Fy f appearing in Eq. (12c). As
shown in Fig. 3, we design a neuro-fuzzy structure to learn
the steady-state and transient components of Fy f :

Fy fk
=

nv,longX
ι=1

�
Λ(ayk)„ƒ‚…

steady-state

�

transient‚ …„ ƒ
ψι(vxk)

�
·

264 Fι1
...

FιΓ+1

375 (13)

For the steady-state (SS) part, we rely on the physical
insight that the lateral force depends primarily on the lateral
acceleration ay [5], [8]. Thus, we learn the SS behavior with
local linear models depending on ay, with the function Λ(ayk)
defined as: 8̂̂<̂

:̂
λν(ayk) = q1ν + q2ν

�
ayk − ay0ν

�
Λ(ayk) =

ny,longX
ν=1

λν(ayk) � ψν(ayk)

(14a)

(14b)

The local linear models λν(ayk) in Eq. (14a) depend on
the learnable parameters {q1ν , q2ν }, with ay0ν being the
(predefined) center of the local model. The activation func-
tions ψν(ayk) share the same properties as those defined in
Eq. (4), and are shown in Fig. 2b.

Finally, as explained in Sec. II-B, the transient evolution of
the lateral forces changes with the longitudinal speed vx [8].
Thus, we model the transient component of Fy f with local
fully connected layers Fι in Eq. (13) (violet blocks in Fig. 3),
with ι ∈ {1, . . ., nv,long}. Each layer learns linear combinations
of the Λ(ayk) vector entries over specific vx regions, and is
activated by ψι(vxk), thus resulting in a neuro-fuzzy structure.

Learnable Parameters in MS-NN-long: Overall, the learn-
able parameters of MS-NN-long are contained in: 1) the
physics-based model in Eq. (12) (its 7 physical parameters
are treated as learnable scalar weights); 2) the actuation
model (2 neural networks with (Γ + 1) · η + 2 η parameters
each); 3) the steady-state lateral force model in Eq. (14a)
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FIGURE 4. RoboRacer vehicle used in our experiments (a), and configurable track
layout (b).

(2 ny,long parameters); and 4) the transient lateral force model
in Eq. (13) ((Γ + 1) · nv,long parameters):

Npars,long =

m,cr ,cl,ka,Iw f ,Iwr ,r in (12)‚…„ƒ
7 +

actuation model‚ …„ ƒ
2 ·
�
(Γ + 1) · η+ 2 η

�
+

+ 2 ny,long„ ƒ‚ …
steady-state Fy

+ (Γ + 1) · nv,long„ ƒ‚ …
transient Fy

(15)

D. INTERCONNECTION OF MS-NN-LAT AND
MS-NN-LONG INTO MS-NN-FULL
As shown in Fig. 1a, MS-NN-lat and MS-NN-long are
interconnected to capture the mutual influence between lat-
eral and longitudinal dynamics. Specifically, the yaw rate Ω

predicted by MS-NN-lat is fed to MS-NN-long to compute
the lateral acceleration ay in Eq. (7b), while the longitudinal
acceleration ax estimated by MS-NN-long is passed back
to MS-NN-lat. This closed-loop interconnection allows the
overall model MS-NN-full to capture the complex cou-
pling between lateral and longitudinal dynamics, which is
particularly relevant during aggressive maneuvers, such as
high-acceleration cornering or rapid acceleration/deceleration
transitions.

III. EXPERIMENTAL SETUP AND TRAINING
A. ROBORACER PLATFORM AND TEST TRACK
We apply the proposed architecture to learn the dynamics of a
1:10-scale robotic vehicle, the RoboRacer,2 shown in Fig. 4a.
The RoboRacer is being extensively used in the context
of robotics research and autonomous racing competitions,
providing a relatively low-cost platform for rapid prototyping
of autonomous driving algorithms.

The vehicle employs an all-wheel-drive (AWD) electric
powertrain based on the Velineon 3351R/3500 brushless DC
(BLDC) motor. The motor is characterized by a Kv rating
of 3500 RPM/V and delivers a peak power of approximately
300 W. Motor control is performed by a Veddar Electronic
Speed Controller (VESC), which integrates an Inertial Mea-
surement Unit (IMU) to enable real-time dynamic feedback
and improved control performance. The platform is equipped
with a Hokuyo 2D LiDAR sensor and a ZED2 stereo vision
camera mounted at the front of the vehicle, along with an
inertial measurement unit (IMU). These sensors provide real-
time data essential for localization, mapping, and control. The

2https://roboracer.ai

onboard computation is handled by a NVIDIA Jetson Orin
Nano running a Ubuntu-based operating system. We use the
Robot Operating System 2 (ROS2) middleware to implement
the full autonomous software stack.

Measurements of longitudinal acceleration, lateral accel-
eration, and yaw rate are acquired from the IMU sensor.
We feed the requested steering angle as a control input to
the steering actuator, while the measured motor current and
vehicle speed are provided by the VESC motor controller.

B. TRAINING DATASET
The training and validation datasets are generated by driving
autonomously the RoboRacer vehicle around the test track
in Fig. 4b. We use a longitudinal speed-tracking controller
and three lateral controllers—Stanley, proportional-integral-
derivative (PID), and pure pursuit—to execute pre-computed
racelines with varying acceleration limits. The vehicle is
pushed close to its handling limits, performing aggressive
maneuvers with lateral accelerations up to 7 m/s2 and longi-
tudinal accelerations beyond 6 m/s2.

The training set consists of approximately 2 minutes of
recorded data, while the validation set comprises around
1 minute of driving data. Thus, the size of the dataset is
relatively small: we aim to explore the learning and gen-
eralization capabilities under limited data conditions, which
reflects real-world robotics use cases. All signals are post-
processed and resampled to obtain a unified sampling rate
of 20 Hz.

C. TRAINING METHOD
We perform the training with supervised learning, using
the mean squared error (MSE) between the predicted and
actual outputs as the loss function. Our training follows two
steps. First, we independently train the combined lateral and
longitudinal models (MS-NN-lat and MS-NN-long) using
their respective input-output pairs. Next, we integrate them
into the unified closed-loop model MS-NN-full of Fig. 1a
and fine-tune the entire architecture. In MS-NN-full, the yaw
rate returned by MS-NN-lat is passed to MS-NN-long, while
the longitudinal acceleration from MS-NN-long is fed back
to MS-NN-lat, forming a closed-loop interconnection. Our
two-step process aims to enhance the training efficiency and
stability. In the first step, the absence of closed-loop auto-
regressive connections allows for a more efficient and stable
training of MS-NN-lat and MS-NN-long. The second step
then focuses on fine-tuning the complete closed-loop system
(MS-NN-full), which would be significantly harder and more
computationally demanding to train from scratch. It is also
worth emphasizing that both MS-NN-lat and MS-NN-long
are designed to capture the coupling effects between lateral
and longitudinal dynamics, as they include the relevant vari-
ables (e.g., ax in MS-NN-lat and ay in MS-NN-long) as
inputs. Thus, even when trained independently, the coupling
effects are not neglected, but rather learned within each
model. The second step of fine-tuning the closed-loop MS-
NN-full then allows for further refinement of the coupling
effects, as the interconnected architecture captures the mutual
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FIGURE 5. Architecture of the benchmark general-purpose NN (G-NN).

influence between lateral and longitudinal dynamics by feed-
ing the outputs of each model into the other.

Training uses the Adam optimizer [60]. MS-NN-lat and
MS-NN-long employ a learning rate of 10−3, a batch size of
100, and 3000 epochs. Finally, our closed-loop training of
MS-NN-full is performed for 1000 epochs. Early stopping
is used to prevent overfitting by monitoring the MSE on
the validation set, halting training when no improvement is
observed for 300 consecutive epochs.

1) IMPLEMENTATION WITH THE NNODELY OPEN
FRAMEWORK
We use the open-source framework nnodely3 to imple-
ment and train our neural architectures. nnodely is a
PyTorch-based library designed to simplify the development,
training, and deployment of model-structured and physics-
guided NNs. Unlike general-purpose deep learning tools, it
offers higher-level abstractions and custom layers tailored for
MS-NNs. By streamlining the integration of physical models
and deployment, it makes these techniques more accessible
to users with classical modeling expertise, such as engineers
and physicists.

IV. RESULTS
This section analyzes the experimental results obtained by
applying the proposed MS-NN architecture to the RoboRacer
platform. Sec. IV-A introduces the benchmark models used
for comparison, while Sec. IV-B discusses the hyperpa-
rameter tuning process. The performance and generalization
capabilities of the proposed architectures are evaluated in
Sec. IV-C, focusing on the nominal vehicle setup. Finally,
Sec. IV-D assesses the generalization under varying vehicle
setups, including changes in vehicle mass and tire con-
figurations, and the capability of rapid adaptation through
fine-tuning.

Our implementation code and datasets are available at:
https://github.com/tonegas/nnodely-applications/tree/main/

vehicle/model combined vehicle dynamics RoboRacer

A. BENCHMARKS
We compare our MS-NN-full against the following bench-
marks, which share the same inputs and compute the same
outputs as our MS-NN-full.

1) G-NN: GENERAL-PURPOSE NEURAL NETWORK
This benchmark, shown in Fig. 5, employs a general-purpose
architecture with two fully connected layers. Its structure is
adapted from [14, Sec. V-A]. The first layer (F1) uses a tanh
activation function, while the second layer (F2) is linear.

3https://github.com/tonegas/nnodely.git

FIGURE 6. Architecture of the benchmark MS-NN-bench, derived from [14] and [15]
and capturing the pure lateral and longitudinal vehicle dynamics.

2) MS-NN-BENCH: PURE LATERAL AND LONGITUDINAL
DYNAMICS
The benchmark MS-NN-bench, shown in Fig. 6, learns
the lateral dynamics with the MS-NN of [15, Sec. III-A],
and the longitudinal dynamics with the MS-NN from
[14, Sec. V-B]. It is a simpler alternative to our MS-NN-
full, as it omits lateral-longitudinal coupling and uses a less
structured architecture, while still embedding key physical
insights. In the lateral block (left side of Fig. 6), the param-
eter A encodes the understeering gradient, and the layers
F1,lat, . . ., Fnv,lat learn the transient lateral response across
different speed ranges. In the longitudinal block (right side),
G1,long learns the aerodynamic drag; G2,long, . . .,G5,long capture
the motor actuation dynamics; and G6,long models the road
slope effect.

3) ABLATION MODELS
To assess the contribution of individual components within
the proposed MS-NN-full architecture, we design specific
ablations for the lateral and longitudinal dynamics.

MS-NN-Ablation 1: The first ablation model acts on the
transient dynamics part of MS-NN-lat (Fig. 1b), and omits
the dependency on the longitudinal acceleration axk in the
neuro-fuzzy models ψlp(vxk, axk) of Eq. (5). Hence, the local
models ψlp(vxk, axk) are solely dependent on vxk , reducing to
ψl(vxk), l ∈ {1, . . ., nv,lat}.

MS-NN-Ablation 2: The second ablation extends the first
by also removing the dependency on axk in the S(·) function
of Eq. (5), which represents the quasi-steady-state part of
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FIGURE 7. Hyperparametrs tuning for the sub-models MS-NN-lat (a) and MS-NN-long (b). Comparing different configurations
through the AIC metric, where lower values indicate better trade-offs between model accuracy and complexity (number of learnable
parameters).

MS-NN-lat (Fig. 1b). Thus, Eq. (5) becomes a function of
δk and vxk only, without any influence from the longitudinal
acceleration.

MS-NN-Ablation 3: The third ablation model acts on the
longitudinal dynamics (MS-NN-long), and removes the cou-
pling with the lateral dynamics. Specifically, the longitudinal
physics-based model π(·) in Eq. (12c) omits the lateral
contribution Fy fk

sin(δk).

B. HYPERPARAMETERS TUNING
To tune the hyperparameters of the proposed MS-NN-full
architecture, we adopt a grid search strategy, where the
metric used to evaluate each configuration is the Akaike
Information Criterion (AIC) [61]. The AIC evaluates the
trade-off between model accuracy and complexity (number
of learnable parameters), where lower values indicate
better sample efficiency. The hyperparameters for the two
sub-models MS-NN-lat and MS-NN-long are tuned

separately, focusing on the yaw rate and longitudinal
acceleration prediction errors, respectively.

We define the hyperparameter search ranges from pre-
liminary data analyses and vehicle-dynamics insights. The
numbers of local models nx,lat, nδ,lat, nv,lat, nv,long, and ny,long
are chosen to balance expressiveness and data coverage, so
that each local model is trained on sufficiently informa-
tive samples within its operating region. The input window
lengths q and Γ are related to the data sampling time (0.05 s),
and define the history needed to capture the transient vehicle
dynamics. We notice a significant performance variation
for q, Γ ∈ [14, 24], corresponding to time windows of
0.75−1.25 s.

MS-NN-lat: We vary the number of local models for the
steering angle nδ,lat ∈ {5, 6, 7}, the longitudinal acceleration
nx,lat ∈ {1, 2, 3, 4}, the longitudinal velocity nv,lat ∈ {1, 2, 3, 4},
and the length of the windows of past inputs q ∈ {14, 19, 24}.
Fig. 7a shows the AIC values for each configuration on the

1188 VOLUME 7, 2026



TABLE 1. Prediction of the combined lateral dynamics (yaw rate Ω): comparison of the proposed MS-NN-full with the
benchmarks (G-NN, MS-NN-bench) and two ablations, evaluated over three training set sizes—large (100%), medium (80%),
and small (60%). (Bold: best; Underlined: second best).

validation set, with a white dot indicating local minima of
the AIC surface. The global minimum, corresponding to the
best trade-off between accuracy and parsimony, is obtained
with: nδ,lat = 5, nx,lat = 2, nv,lat = 2, q = 19. Using Eq. (6),
the total number of learnable parameters is 160.

MS-NN-long: The same analysis is conducted for MS-NN-
long, by varying the numbers of neurons in the actuation
model η ∈ {5, 7, 10}, the past windows’ length Γ ∈

{14, 19, 24}, the numbers of local models nv,long ∈ {1, 2, 3, 4},
ny,long ∈ {1, 2, 3, 4}. As shown in Fig. 7b, the best config-
uration in terms of AIC is η = 10, Γ = 14, nv,long = 2,
ny,long = 4. Using Eq. (15), this results in 384 learnable
parameters.

C. PERFORMANCE ANALYSIS
This section evaluates the performance of our MS-NN-full
and the benchmarks. Although MS-NN-full jointly models
the coupled lateral-longitudinal dynamics, we present the
results separately for its lateral (Sec. IV-C.1) and longitu-
dinal (Sec. IV-C.5) components to highlight their individual
contributions.

1) COMBINED LATERAL DYNAMICS
Fig. 8a compares the yaw rate prediction errors of the
proposed MS-NN-full and the benchmarks G-NN and MS-
NN-bench from [15], as described in Sec. IV-A.2. Our
MS-NN-full achieves the lowest median error and reduces
the occurrence of outliers. This is confirmed by Fig. 8b–8c,
which show the predicted yaw rate profiles on parts of the
training and validation datasets. The MS-NN-bench from [15]
tends to overestimate the yaw rate peaks and underestimates
the valleys, while the G-NN is closer to ours but still fails to
accurately capture the peaks and zero-crossings, especially
on the unseen validation data.

Table 1 offers a quantitative comparison using the Root
Mean Square Error (RMSE) and the Fraction of Variance

Unexplained4 (FVU), which determines the proportion of
variance in the data not captured by the model (the lower the
FVU, the better the model). With the nominal large training
set (around 2 minutes of driving data), our MS-NN-full out-
performs the benchmarks G-NN and MS-NN-bench in terms
of RMSE and FVU on the training and validation datasets.
Specifically, the improvement on the unseen validation data
is 23 − 29% in RMSE and 41 − 48% in FVU.

2) GENERALIZATION WITH SMALLER TRAINING SETS
We now examine how the performance varies with the
training dataset size. Two reduced training sets are con-
sidered: a medium set (80% of the original, ≈ 1.5 min)
and a small set (60%, ≈ 1 min), while the validation set
remains unchanged. As shown in Table 1, our MS-NN-full
consistently outperforms the benchmarks (G-NN, MS-NN-
bench) across all sizes. The performance gap widens on
unseen data as the training set shrinks: with the medium
and small sets, our MS-NN-full achieves 24 − 38% better
RMSE and 52 − 66% better FVU. Notably, the accuracy
of the general-purpose G-NN drops sharply with less data,
indicating poor generalization. In contrast, our MS-NN-full
learns the underlying vehicle dynamics rather than specific
data patterns, leading to better generalization with limited
training data.

3) ABLATION STUDY
Table 1 analyzes the performance of the first two ablation
models introduced in Sec. IV-A.3. Specifically, MS-NN-
Ablation 1 removes the longitudinal acceleration ax from
the transient dynamics part of MS-NN-lat (Fig. 1b), while
Ablation 2 further omits ax from the quasi-steady-state com-
ponent. These modifications decrease the number of trainable

4The FVU is the complement to 1 of the coefficient of determination R2,
and is defined as FVU = 1 − R2 = var(y − ŷ)/var(y), where y is the actual
output, ŷ is the model prediction, and var(·) is the variance operation.
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FIGURE 8. Prediction of the combined lateral dynamics (yaw rate Ω) on the
RoboRacer vehicle: our MS-NN-full against the benchmarks G-NN and MS-NN-bench
[15]. (a) Box plot of the Ω error; results on part of the training (b) and validation (c) sets.

parameters: 120 for Ablation 1 and 70 for Ablation 2,
compared to our full model.

As shown in Table 1, the two ablations still outperform
the benchmarks G-NN and MS-NN-bench. With the small
training set, Ablation 2 even surpasses MS-NN-full on the
validation data, indicating that this simpler model generalizes

FIGURE 9. Interpreting the learned weights of the Flp fully connected layers in our
MS-NN-lat (purple blocks in Fig. 1b and Eq. (5)), l ∈ {1,2}, p ∈ {1,2}. Their increasing
trend from past to present inputs indicates that more recent inputs have a higher
influence on the output, and captures the transient response of the lateral vehicle
dynamics.

well from very limited data. With larger training sets, MS-
NN-full outperforms Ablation 1 by 4 − 11% in RMSE
and Ablation 2 by 6 − 9%, on the unseen validation set.
This suggests that learning the effect of the longitudinal
acceleration on the lateral dynamics enhances the model
accuracy, particularly when sufficient data is available.

4) INTERPRETABILITY
In this section, we provide some hints on interpreting the
learned parameters of the proposed MS-NN-full architecture.
As an example, we focus on the learned weights of the
fully connected layers Flp in MS-NN-lat (purple blocks in
Fig. 1b and Eq. (5)). These weights learn the transient lateral
dynamics of the vehicle in response to past inputs over a
time horizon of (q + 1) · Ts = 20 · 0.05 s = 1 s, where
q + 1 is the tuned number of past samples (see Sec. IV-B).
Fig. 9 plots how the learned weights Flp vary across the time
horizon and for different local models, with l ∈ {1, nv,lat = 2}
and p ∈ {1, nx,lat = 2} defining the local models in different
ranges of longitudinal velocity vx and acceleration ax. As
shown in Fig. 9, present inputs (closer to the current time
step k) have larger weights, indicating a stronger influence
on the output, while past inputs (further back in time) have
smaller weights, indicating a weaker influence. Indeed, the
Flp weights represent the influence of past inputs on the
current output, similar to the coefficients of a Finite Impulse
Response (FIR) filter that captures the system’s transient
response.

The possibility to interpret the learned parameters in
physical terms is a key advantage of the proposed model-
structured architecture, which combines data-driven learning
with physical insights.

5) COMBINED LONGITUDINAL DYNAMICS
This section evaluates the prediction results for the com-
bined longitudinal dynamics, focusing on the longitudinal
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FIGURE 10. Prediction of the combined longitudinal dynamics (longitudinal acceleration ax ) on the RoboRacer vehicle: our MS-NN-full against the benchmarks G-NN and
MS-NN-bench [14]. Results on parts of the training (a) and validation (b) sets; box plots of the ax error (c); power spectral densities (d).

TABLE 2. Prediction of combined longitudinal dynamics (longitudinal acceleration
ax ): comparison of the proposed MS-NN-full with the benchmarks (G-NN,
MS-NN-bench) and an ablation.Bold: best; Underlined: second best).

acceleration ax. Table 2 and Fig. 10 compare our MS-NN-full
with the benchmarks G-NN (Sec. IV-A.1) and MS-NN-
bench [14] (Sec. IV-A.2). As shown in Fig. 10a, 10b, 10c,

our MS-NN-full achieves lower median errors and reduces
the occurrence of outliers compared to the benchmarks.
Specifically, our MS-NN-full reduces the RMSE by 6− 33%
in training and 2 − 15% in validation (unseen data), and the
FVU by 17 − 68% in training and 3 − 39% in validation.
The performance improvement is larger in comparison with
MS-NN-bench, which does not model the coupling with the
lateral dynamics. On the other hand, the G-NN benchmark
still performs relatively well. Indeed, part of the modeling
complexity lies in the relation between the motor current
input and the generated wheel torques (actuation model in
Fig. 3), which is hard to capture with physics-based models
and first principles, and requires data-driven learning. For
this reason, the G-NN benchmark, which directly learns the
input-output mapping, can achieve satisfactory performance
in this case.

Moreover, the measured acceleration ax signal in
Fig. 10a–10b is noisier compared to the yaw rate Ω in
Fig. 8b–8c. This poses a challenge for the models, as
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they must learn the underlying vehicle dynamics without
overfitting noise. Fig. 10d shows the Power Spectral Den-
sities (PSD) of the measured ax signal, along with the
estimated noise5 and the residuals of our MS-NN-full and the
G-NN benchmark. Up to 3 Hz, the PSD of both models’
residuals closely follows the noise level, indicating that
they have effectively learned the informative content of the
acceleration signal, with the remaining part corresponding to
noise. Beyond 3 Hz, the measured signal’s power is closer to
the noise level, meaning that this frequency range contains
negligible useful information for vehicle dynamics modeling.
This spectral analysis explains how MS-NN-full avoids over-
fitting the noise while capturing the vehicle dynamics in the
informative frequency range.

6) ABLATION STUDY
Table 2 compares our MS-NN-full against the MS-NN-
Ablation 3 introduced in Sec. IV-A.3, which removes the
coupling with the lateral dynamics in MS-NN-long (i.e., we
remove the lateral force model in Fig. 3). This ablation
worsens the RMSE by 14% and the FVU by 38% on the
unseen validation data, highlighting the impact of the lateral-
longitudinal dynamics coupling.

D. GENERALIZATION TO NEW VEHICLE SETUPS
This section evaluates the ability of the different models to
generalize and rapidly adapt to new vehicle setups. After
training all models with the nominal RoboRacer vehicle, we
perform the following changes:
• Different tire types: we test two new tire configurations

with varying grip levels (tire sets 1 and 2 in Fig. 11a).
• Increased vehicle mass: we increase the total vehicle

mass by 10%.
We evaluate the models in a zero-shot deployment scenario

(without any further training) and after a rapid adaptation
phase via fine-tuning on a small dataset.

1) FINE-TUNING SETTINGS
For each new setup, we use 20 seconds of autonomous
driving data6 in the new vehicle conditions, and we fine-
tune all models for 60 epochs, starting from the pre-trained
weights obtained with the nominal vehicle. In the case of
the benchmarks G-NN and MS-NN-bench, we fine-tune all
learnable parameters. In contrast, for our MS-NN-full, we
selectively fine-tune only the parameters most affected by
the changes in vehicle setup, exploiting the modular and
physically interpretable structure of our architecture.

For the combined lateral dynamics, fine-tuning is restricted
to the transient dynamics part of our MS-NN-lat (Fig. 1b),
as tire variations and vehicle mass changes were found to
primarily impact the transient vehicle response. Hence, we
fine-tune (q + 1) · nv,lat · nx,lat = 20 · 2 · 2 = 80 parameters.

5Noise is estimated with the vehicle driving straight at constant speed.
All PSDs are estimated using the Welch’s method, employing a Hamming
window of 256 samples with 50% overlap and a 512-point FFT.

6The new data is collected in the way described in Sec. III-B.

FIGURE 11. (a) Different tire types used in our generalization and adaptation
analyses: nominal tire set (green) and two new tire sets (blue and orange).
(b) Experimental handling diagrams of the RoboRacer vehicle with the three tire
setups, and polynomial fits of the diagrams (solid lines).

For the combined longitudinal dynamics, fine-tuning is
applied to the actuation model in Fig. 3, which captures the
relation between the motor current input and the generated
wheel torques, and to the vehicle mass m appearing in
Eq. (12c). Thus, we fine-tune 341 parameters.

Our fine-tuning strategy aims to minimize the computa-
tional load and data requirements, paving the way for online
adaptation.

2) DIFFERENT TIRE TYPES
We now analyze the two new tire configurations. To assess
their impact on the vehicle dynamics, we perform sinusoidal
steering maneuvers with our RoboRacer and plot the resulting
Handling Diagrams (HDs) for the three tire setups (nominal,
set 1, set 2). The HD characterizes a vehicle’s under- or
oversteering behavior [8], [20] by comparing the actual
steering angle δ with the kinematic angle ρL, where L is the
wheelbase, as a function of ay. As shown in Fig. 11b, the
different tire types affect the HD shape and thus the steering
response: the vehicle becomes less oversteering with the new
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TABLE 3. Zero-shot deployment and rapid adaptation via fine-tuning to new vehicle setups: comparison of our MS-NN-full with the
benchmarks (G-NN, MS-NN-bench) across three test cases—two new tire types and a vehicle mass increase. FVU values are shown in
parentheses. (Bold: best; Underlined: second best).

FIGURE 12. Prediction of the yaw rate Ω (a, b) and longitudinal acceleration ax (c, d) under new vehicle setups, with zero-shot deployment (yellow lines) and after rapid
adaptation via fine-tuning (green lines): tire set n.2 (a, c) and + 10% mass (b, d).

tire sets. This highlights the need for model adatation in the
new conditions.

Table 3 summarizes the results for tire sets 1 and 2. Under
zero-shot generalization (training on nominal tires and testing
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on new ones without fine-tuning), the best performance is
achieved by MS-NN-bench [14], [15]. This is due to its lower
parameter count, which reduces the tendency to overspecial-
ize for the nominal setup. After rapid adaptation (20 s of new
data and 60 fine-tuning epochs), our MS-NN-full outperforms
the benchmarks. For example, with tire set 2, MS-NN-full
improves the predictions of the yaw rate (10 − 24% better
RMSE, 21 − 44% better FVU) and longitudinal acceleration
(4 − 9% better RMSE, 8 − 18% better FVU), compared to
MS-NN-bench and G-NN. For tire set 1, the ax prediction
after fine-tuning is comparable between MS-NN-full and
G-NN (the latter being slightly better by 3%): as discussed
in Sec. IV-C.5, the longitudinal dynamics strongly depend
on the data-driven actuation model, reducing the relative
advantage of MS-NN-full.

Fig. 12a–12c plot the predictions of our MS-NN-full with
tire set 2, showing that fine-tuning improves the accuracy
especially close to the main peaks.

These results demonstrate the effectiveness of our MS-NN-
full model in rapidly adapting to new friction conditions with
minimal data and computational effort.

3) VEHICLE MASS VARIATION
The results for the + 10% vehicle mass scenario are reported
in Table 3. In zero-shot deployment, our MS-NN-full and
MS-NN-bench achieve comparable performance (4% differ-
ence in RMSE for Ω, 0.5% for ax) and yield better predictions
than G-NN. After rapid adaptation via fine-tuning, our
MS-NN-full outperforms the benchmarks in both outputs (by
2 − 23% in RMSE and 6 − 40% in FVU).

Fig. 12b–12d show the predictions of our MS-NN-full
before and after fine-tuning. The longitunal dynamics are
significantly affected by the mass increase, as the same
motor current input produces lower acceleration: fine-tuning
effectively captures this change, improving the prediction
accuracy.

V. CONCLUSION AND FUTURE WORK
In this paper, we introduce a new model-structured neural net-
work (MS-NN-full) to learn the coupled lateral-longitudinal
vehicle dynamics. Our architecture embeds physical insights
directly into the NN design. To learn the combined lateral
dynamics, we use a multi-model structure with dedicated
neuro-fuzzy modules that capture the quasi-steady-state and
transient responses. Their formulations draw from physical
vehicle diagrams and principles, such as the dependence of
the transient behavior on past inputs, the influence of the
longitudinal speed and acceleration. We also analyze the
interpretability of the learned parameters. The longitudinal
dynamics combine a Newtonian physics-based module, a
data-driven actuation block to learn the unknown motor-
torque map, and a structured neural module that learns the
coupling with the lateral dynamics. These components form
a unified closed-loop model that predicts the yaw rate and
longitudinal acceleration from past windows of requested
steering angle, motor current, and vehicle speed.

We validate MS-NN-full on a 1:10-scale autonomous
electric vehicle. Trained on just 2 minutes of driving data,
MS-NN-full outperforms two existing MS-NN baselines and
a general-purpose NN (G-NN) in both accuracy and gen-
eralization. On unseen data, MS-NN-full reduces the yaw
rate RMSE and FVU by 23 − 29% and 41 − 48%, and
reduces longitudinal acceleration RMSE and FVU by 2−15%
and 3 − 39%, respectively. The relative advantage of our
model grows as the training set shrinks, indicating improved
generalization by learning the underlying dynamics rather
than maneuver patterns. An ablation study highlights the
impact of explicitly modeling the lateral-longitudinal dynam-
ics coupling.

We further show that MS-NN-full rapidly adapts to new
vehicle configurations with different tires and increased mass.
With only 20 seconds of fine-tuning data, and by re-training
only a subset of parameters, it outperforms fine-tuned base-
lines by 10 − 24% in yaw-rate RMSE and 4 − 23% in
longitudinal-acceleration RMSE.

Our open-source implementation and datasets are expected
to favor further research and developments. Future work
will incorporate the proposed MS-NN-full into a model
predictive controller for autonomous racing, and will explore
the applicability of our architecture to full-scale autonomous
race cars.
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