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Abstract— Generalization in autonomous driving remains
an open challenge, with current approaches divided between
modular pipelines, which ensure interpretability and safety,
and end-to-end learning methods, which offer flexibility but
limited guarantees. This work proposes a hybrid framework
that combines these paradigms through Model Structure Neural
Networks (MSNNs) within a fully differentiable architecture.
The system integrates vehicle dynamics modeling, control, and
motion planning into a unified pipeline. A structured neural
forward model is first identified from data, followed by the
learning of an inverse controller through a closed-loop, mental
simulation approach. A neural planner, based on a modular
motion planning structure, is then connected to the control
layer, enabling end-to-end training and joint optimization.
The entire process is supported by nnodely, an open-source
framework for the design and training of MSNNs. The paper
presents the structure of each module and the integration within
the control pipeline. The complete system is validated in closed-
loop simulations in CarMaker, where the planner network is
directly connected to the inverse model to control the vehicle.
Results highlight the potential of structured neural approaches
for achieving robust and generalizable autonomous driving.

I. INTRODUCTION

Achieving robust task generalization remains one of the
central open challenges in autonomous driving. While recent
advances in machine learning have enabled impressive per-
ception and control capabilities, current systems still struggle
when deployed in unseen environments or under distribution
shifts. This limitation has led to the emergence of two
dominant and often contrasting paradigms: on one side,
modular architectures grounded in engineering principles and
designed for interpretability and safety [1]. In contrast, end-
to-end learning approaches that leverage large-scale data
to learn complex behaviors directly from experience [2].
Despite their respective successes, neither paradigm alone
has yet demonstrated the ability to reliably generalize across
the wide variability of real-world driving conditions [3]. In
this context, hybrid approaches that combine structure and
learning are gaining increasing attention. Model Structure
Neural Networks offer a promising direction by embedding
prior knowledge directly into neural architectures(i.e., phys-
ical laws and control principles). This integration introduces
inductive biases that improve data efficiency, interpretability,
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and robustness, while retaining the adaptability of learning-
based methods [4], [5]. At the same time, recent work on
learning control through mental simulation has shown that
it is possible to construct predictive and control models
in a fully data-driven yet structured manner [6], by first
learning forward dynamics and then synthesizing inverse
models through differentiable simulation pipelines. These
ideas suggest a pathway toward autonomous systems that are
both learnable and controllable, bridging the gap between
model-based and data-driven paradigms. This paper builds
on these insights and proposes a unified framework for
autonomous driving based on fully differentiable, model-
structured neural architectures. The approach integrates three
key components, e.g., vehicle dynamics modeling, control,
and motion planning, within a single end-to-end trainable
pipeline. First, a neural forward model of the vehicle dynam-
ics is identified from data using a structured architecture that
reflects the underlying physics. Then, an inverse neural con-
troller is synthesized by coupling it with the forward model
and training the two in a closed loop, following the mental
simulation paradigm. Finally, a high-level planner, inspired
by modular motion planning approaches [6], is introduced
as a neural component that generates target trajectories and
is trained jointly with the control layer through the differ-
entiable vehicle model. Moreover, this hierarchical yet fully
differentiable structure enables joint optimization and fine-
tuning across all levels of the autonomy stack. Once trained,
the control networks are exported for deployment in real-
world applications. Importantly, their neural nature allows, in
principle, for further online adaptation. A key enabler of this
framework is nnodely, an open-source environment specifi-
cally designed for the development of MSNNSs. By providing
modular building blocks aligned with physical modeling
and control concepts, nnodely allows the construction of
structured neural architectures that can be trained, intercon-
nected, and deployed within a unified workflow. Importantly,
the framework supports the composition of multiple neural
modules into larger differentiable systems, enabling end-
to-end learning across perception, planning, and control
layers. The proposed approach directly addresses the core
question of this workshop: how to achieve generalization
in autonomous driving. By combining structured inductive
biases with data-driven learning, it aims to overcome the
limitations of both purely modular and purely end-to-end
systems. On the one hand, the use of MSNNs provides
interpretability, stability, and the possibility of incorporating
formal knowledge into the learning process. On the other



hand, the differentiable integration of planning and control
enables continuous adaptation and improvement from data,
including fine-tuning on new scenarios and domains. Ulti-
mately, this work advocates for a hybrid paradigm, where
modularity is not opposed to learning, but rather embedded
within it. By leveraging structured neural representations
and differentiable simulation, the proposed framework moves
toward autonomous driving systems that are not only scalable
and data-efficient, but also robust, interpretable, and capable
of generalizing beyond their training distribution.

II. FULLY DIFFERENTIABLE PLANNING ARCHITECTURE
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The low-level control was implemented as an MSNN steer
controller, while a PI controller on the desired acceleration
was used for longitudinal control.

A. Vehicle Model

The vehicle MSNN model for lateral dynamics relates the
steering input angle to the resulting vehicle curvature. The
network’s physical structure is derived from the handling
diagram (HD), assuming that the understeer factor K,
varies linearly with lateral acceleration (a, = pvi):
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Here, p denotes the vehicle curvature, § is the steering
angle at the wheels, and L represents the wheelbase (inter-
axle distance). The proposed neural network predicts the
vehicle curvature at the next time step pip41 (@) using a
time window of n = 30 past steering samples, d; =
[0k—n+1s- - -, 0k], together with current longitudinal speed vy,
and acceleration aj. The model is structured as the product of
a dynamic term (2) which captures the steering-to-curvature
relationship through a speed-dependent FIR filter (ws are the
weights), and a parametric function with parameter A; (B)
that accounts for understeer effects under different longitu-
dinal acceleration conditions. ¢.;(-) denotes triangular fuzzy
membership function. The number of channels is N, = 8§,
N, = 5. The neural model’s equations are:
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B. Lateral Control

The controller receives two future windows of length
n = 30 for the target velocity v, and curvature pg,
along with a past window of realized steering angles d.;, =
[0k—n+1s---,0k—1] to account for initial steering conditions.
A parametric function (6)), using parameters A; learned by
the forward model, compensates for understeer effects, while

a FIR filter (5) (w,) captures the vehicle’s dynamic response.
The predicted steering angle d, is obtained as the sum of
the target trajectory contribution and the past steering history.
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C. Motion Planner

The proposed architecture employs a jerk-optimized
motion-planning layer to generate smooth, high-fidelity tra-
jectories. At its core, this layer solves a constrained op-
timization problem to minimize control effort, defined as
J= f(f 7u(t)? dt, where the control input u(t) corresponds
to longitudinal or lateral jerk. By formulating the motion
primitives as the result of an Optimal Control Problem
(OCP), the architecture can produce solutions that are in-
herently compliant with the system dynamics and boundary
conditions.

While these primitives can be derived through analytical
optimality conditions, the framework is designed to be in-
dependent of the underlying solver. This allows the motion
planning layer to be implemented either through closed-form
analytical solutions or via structured neural networks trained
to approximate the optimal control manifold.

Regardless of the implementation, the resulting primitives
serve as a basis for the decision-making layer. By evaluating
a salience metric against these candidates, the system mea-
sures the quality and robustness of the trajectories relative to
the environmental context, ensuring the final control output
is both optimal and context-aware.

More specifically, the total salience is computed as a

weighted sum of longitudinal and lateral contributions, de-
signed to balance efficiency, comfort, and safety.
The longitudinal component consists of: (i) the maneuver
duration from an initial condition to a final one; (ii) the OCP
cost J = fot 7 u(t)? dt; and (iii) a velocity constraint penalty.
Similarly, the lateral salience accounts for: (i) the time to
reach the road boundary; (ii) the time required to re-enter
the bounds; and (iii) the initial lateral jerk rq.

To enable the management of complex environments, an
additional term derived from a structured neural network can
be integrated into this calculation. This learned component
allows the planner to adapt to non-linear environmental
features and sophisticated constraints that are difficult to
model analytically, effectively refining the decision-making
process in real-time.

Following the salience assignment, the motor cortex is
constructed to provide a topographic organization of the
motion space. In this structure, action pairs are arranged
onto a two-dimensional grid, where each cell corresponds
to a specific combination of longitudinal and lateral jerk,
and its value represents the total salience of that maneuver.
By placing similar actions in proximity, a structured map
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Fig. 1.

Block diagram of the proposed pipeline: a minimum-jerk planner selects the optimal primitive from a jerk-based grid (green), given a lookahead

target position (Tdesired, Ydesired) and reference speed computed according to the maxixmum road curvature (V;¢f), and outputs future curvature p¢;, and
velocity vy, profiles. A PID handles longitudinal control, while steering is generated by a neural network trained in closed loop with a neural vehicle

model.

of the available motion space is created. This organization
ensures the explainability of the planner, as the relationship
between specific control inputs and their associated costs,
such as those resulting from road boundaries, can be clearly
visualized.

The final action selection is performed through a winner-
take-all procedure, which identifies the grid cell with the
minimum salience value. This process results in the selection
of the most efficient and safe trajectory from the calculated
options.

D. Framework

III. EXPERIMENTAL RESULTS
A. Experimental Current Setup
IV. CONCLUSIONS AND FUTURE WORK

This work presented a first experimental validation of a
hybrid framework for autonomous driving based on Model
Structure Neural Networks, focusing on the integration of
motion planning and low-level control within a differentiable
architecture. The proposed approach has been evaluated in a
high-fidelity commercial simulation environment (IPG CAR-
MAKER®), where the planner and the control components
are designed to be implemented through structured neural
networks. At the current stage, only the low-level con-
trol module has been fully implemented using the nnodely
framework, demonstrating the feasibility of learning struc-
tured neural controllers and deploying them in closed-loop
simulations. The planner component, although conceptually
integrated within the proposed architecture, remains to be
fully developed within the same framework. Future work
will focus on extending the nnodely-based implementation
to the entire control pipeline, including the motion planning
layer. This will enable the realization of a fully unified

and differentiable architecture, where all modules are trained
within a common framework. Such an approach would allow
multi-level training strategies, supporting both independent
module optimization and end-to-end fine-tuning across plan-
ning and control. Another key research direction concerns
online adaptation. Since the proposed controllers are based
on neural networks, they naturally enable the possibility
of adapting their behavior during operation. Investigating
robust and safe online learning mechanisms will be essential
to further improve generalization capabilities and allow the
system to cope with previously unseen conditions.

Overall, this work represents an initial step toward struc-
tured, learnable, and adaptable autonomous driving systems,
highlighting the potential of MSNN-based approaches for
bridging modular and end-to-end paradigms.
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