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Abstract— Deploying neural networks on edge hardware is
essential for real-time robotics but remains challenging under
tight resource constraints. Model-structured neural networks
(MSNNs), while compact and effective, have been less explored
in terms of performance on embedded platforms. We evalu-
ate different deployment strategies for a MSNN for vehicle
dynamics on a Raspberry Pi 5, comparing C++, ONNX,
and PyTorch implementations. Results show that standard
approaches designed for large-scale networks are outperformed
by non-parallel, hand-optimized C++ implementations.

I. INTRODUCTION

Autonomous robotic systems increasingly rely on deploy-
ing machine learning models on edge hardware to meet
strict latency, power, and reliability constraints. In particular,
microcontrollers (MCUs) play a key role in enabling low-
latency control loops, removing dependency on network
connectivity, and allowing tight integration with onboard
sensing and actuation. Despite being ubiquitous, low-cost,
and energy-efficient, MCUs impose severe resource limi-
tations: they typically provide less than 1 MB of RAM
and only a few megabytes of Flash memory, often without
floating-point units or hardware accelerators [1], [2].

While significant progress has been made in optimizing
standard deep learning architectures—such as convolutional
and transformer-based networks—for embedded platforms,
less attention has been given to model-structured neural net-
works (MSNNs), a class of models that explicitly incorporate
domain knowledge into their architecture.

MSNNs are characterized by heterogeneous, layer-specific
computational blocks that often reflect underlying physical
models or algorithmic priors. This structure can improve
interpretability, data efficiency, and generalization. Notably,
MSNNs have already demonstrated strong performance in
several robotics domains, particularly in vehicle dynamics
modeling and control, where they have achieved high accu-
racy and improved generalization [3], [4], [5]. Furthermore,
this class of models is often inherently compact due to
its structured design, which already minimizes redundant
parameters, reducing the need for conventional compression
techniques such as quantization, pruning, and model distil-
lation. However, this introduces computation patterns that
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differ from the highly parallel workloads typically targeted
by modern accelerators and neural network libraries, and are
not yet fully characterized. As a result, a clear understanding
of the most effective deployment strategies for MSNNs on
embedded platforms is still lacking.

In this preliminary study, we investigate the performance
implications of deploying MSNNs on edge hardware. We
compare different implementation and deployment strategies
on a representative platform, a Raspberry Pi 5, using a
MSNN for vehicle lateral dynamics control. In particular, we
evaluate multiple deployment approaches, including native
C++ implementations, ONNX-based execution, and PT in-
ference via LibTorch. Key metrics include inference latency,
RAM usage, and Flash footprint. Our goal is to provide
initial insights into the deployment challenges of MSNNs
on edge platforms and to motivate further research at the
intersection of model-based machine learning and hardware-
aware optimization.

II. MODEL DEFINITION

The proposed MSNN implements a lateral vehicle controller
in which the desired steering, δk, is obtained as the superim-
position of two contributions (see Fig. 1). The first, Ki(·), is a
Finite Impulse Response (FIR) filter operating in closed-loop
on a window of past steer angles to reconstruct the internal
state. The second, Kt(·), is a local model that computes the
steering required to match the desired curvature, combining
understeer correction and dynamic compensation through an
additional FIR filter. Understeer effects are modeled via a
fuzzy weighting function of ax, which computes a weighted
combination of understeer correction terms A defined over
different acceleration levels, while dynamic behavior is cap-
tured by a second fuzzy weighting that blends the outputs of
the FIR filters as a function of vehicle speed. The model
is an extension of the one proposed in [4]. The overall
network comprises 514 trainable parameters and has been
validated in a verified simulation environment. The model is
implemented using the nnodely framework, an open-source
library available on GitHub [6]. It is trained on a workstation
and subsequently deployed on the embedded system for
evaluation.

III. EXPERIMENT

The experimental evaluation aims to compare the computa-
tional performance of different implementations of the same
lateral control MSNN: ONNX Runtime in C++, optimized
ONNX in C++, TorchScript executed through LibTorch (PT
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Fig. 1. Block diagram of the vehicle steering controller NN. Inputs vtk =
[vtk , . . . , vtk+n−1 ] and ρtk = [ρtk , . . . , ρtk+n−1 ] are future windows
of target speed and curvature; ax and vk are the current acceleration and
speed; δck = [δk−n, . . . , δk−1] is a window of past steering angles. A is
a vector of understeer correction terms. The output is the steering angle δk .

C++), and a native C++ implementation. The comparison fo-
cuses on inference latency, under identical input conditions,
RAM usage, and Flash footprint.

All implementations rely on the same dataset processing
pipeline to ensure comparability. The dataset consists of
multiple CSV files that contain recorded vehicle signals.
In the C++ micro-benchmarks, each timed iteration is one
full forward pass of the controller, with batch sizes (N ∈
1, 100, 1000) (each iteration process N samples). For each
valid time index t, the generated inputs include vehicle speed
vx, road curvature history, longitudinal acceleration ax, and
steering history.

Performance measurements are obtained using Google
Benchmark [7], a C++ micro-benchmarking library that
provides precise measurements of execution time. For each
iteration, the controller processes a batch of sizes N = 1,
N = 100, N = 1000; Figure 2 shows the results for the
executed tests reporting the execution times in logarithmic
scale (measured in [ms]) with their standard deviation.

IV. RESULTS
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Fig. 2. Comparison of end-to-end inference latency across C++ implemen-
tations (ONNX Runtime, ONNX Runtime optimized model, PyTorch C++,
and native C++), reported as mean wall-clock latency in milliseconds.

The four C++ inference pipelines considered in this study
were evaluated using Google Benchmark with 1000 repeti-
tions with different batch sizes. Table I shows RAM usage
and Flash footprint for the proposed approaches.

RAM [MB] Flash

Implementation Binary [MB] Dyn. libs [MB]

ONNX C++ 49.496 0.500 2.711
ONNX C++ Optimized 49.758 0.500 2.711
PT C++ 168.903 0.575 310.190
Native C++ 23.216 0.498 2.508

TABLE I
MEMORY FOOTPRINT COMPARISON ACROSS IMPLEMENTATIONS

The native C++ implementation achieves the lowest la-
tency, confirming that a carefully optimized low-level imple-
mentation is substantially more suitable for latency-critical
deployment than framework-based alternatives. Motivated by
this result, a preliminary analysis was conducted to further
investigate the extent to which compiler-level optimizations
can improve native backend performance. The results of this
analysis are portrayed in Figure 3.

Fig. 3. Wall-clock latency comparison across native C++ compiler
optimization levels reported in microseconds. The plot shows a clear perfor-
mance improvement as the compiler optimization level increases: -Ofast
provides the best configuration, with a mean latency of approximately
0.0736 µs, compared to 0.2709 µs (-O3) and 0.3808 µs (-O2). In relative
terms, -O3 and -O2 are approximately 3.68× and 5.17× slower than
-Ofast, confirming that the compiler optimization level has a substantial
impact on the performance of the native backend.

V. CONCLUSIONS AND FUTURE WORK

The findings suggest that conventional deployment frame-
works for neural networks, such as ONNX and PyTorch,
do not achieve optimal performance in the case of MSNNs.
This is mainly due to the limited data parallelism inherent
in these models, which reduces the effectiveness of standard
optimization strategies. In contrast, direct native implemen-
tations in C++ show superior performance.

Future work will extend this analysis to different hardware
platforms (such as FPGA, microntrollers) and MSNNs of
increasing complexity. In addition, we will investigate the
trade-offs between onboard computation and cloud-based
inference by comparing energy consumption and latency for
different MSNNs. The goal is to identify configurations that
provide the best balance between real-time performance and
energy efficiency in latency-sensitive control applications.
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