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Traditional neural architecture pruning methods primarily focus on trade-offs between inference accuracy and computational
cost (e.g., FLOPs), without accounting for system-level behaviors. In the context of cyber-physical systems (CPS), perception
models and the downstream controllers that rely on their outputs are typically designed independently. In this paper, we
study the joint design of neural architecture pruning strategies and the controllers that utilize the resulting inference outputs.
We propose two key innovations: (i) incorporating system-level safety metrics into the pruning optimization loop, and (ii) a
regression-based scaling law method that efficiently models the relationship between pruning ratios and system-level safety
outcomes. This enables rapid pruning guided by system-level constraints, avoiding the inefficiency of exhaustive search
or conventional neural architecture search approaches that focus on local accuracy or latency metrics. We demonstrate
our approach on YOLO-based perception models deployed in control systems for distance estimation. To the best of our
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2 « Chenetal

knowledge, this is the first work to introduce a scaling-law-guided pruning method for YOLO-based perception models,
offering a principled design automation framework for safety-aware, machine learning—enabled CPS.

CCS Concepts: « Computer systems organization — Embedded software.

Additional Key Words and Phrases: Cyber-Physical Systems, Control-Aware Neural Network Pruning, Pruning Scaling Laws,
Reachability Analysis, Safety Optimization

1 Introduction

Deep neural networks (DNNs) have become foundational in modern Cyber-Physical Systems (CPSs), and are
widely adopted in applications such as smart manufacturing [41], robotics [38], and autonomous-driving [10, 27].
As the complexity of neural network architectures continues to grow, numerous pruning techniques have
been proposed to reduce computational overhead and memory requirements while preserving model accuracy.
These methods compress models by removing less critical components such as parameters, channels, or layers.
This compression accelerates inference and reduces the model size, making pruning particularly attractive for
resource-constrained edge devices and embedded systems [13, 28, 34].

While most existing pruning methods emphasize the trade-off between model accuracy and computational
efficiency—typically quantified by the number of floating-point operations (FLOPs)—few consider the safety
implications in real-world control scenarios. Without explicitly incorporating system-level safety metrics into
the pruning process, achieving optimal end-to-end performance remains challenging. Current approaches often
rely on empirical validation to assess whether a pruned model still performs adequately—a process that is both
time-consuming and unable to provide formal safety guarantees. In CPS; particularly in safety-critical applications
such as autonomous driving, predictable and verifiable behavior is essential. However, these systems are often
constrained by space, energy, and cost. It is therefore challenging to simultaneously achieve both high accuracy
and low inference latency, necessitating trade-offs between the two. Moreover, the optimal balance between
accuracy and latency depends on the characteristics of the underlying dynamical system. A system requiring
high-frequency control inputs is significantly more sensitive to inference latency than one operating at lower
control frequency. However, existing neural network pruning research seldom accounts for such system-level
safety constraints, making it difficult to identify the most suitable model for a given control system.

Consider YOLO [35], a widely used perception model in autonomous driving. Existing pruning frameworks
for YOLO typically require usersto specify a pruning rate and then generate the corresponding pruned model.
Although metrics such as mean average precision (mAP) and FLOPs are commonly used to evaluate pruning
performance, they are far from sufficient in capturing downstream safety implications. For example, a 10% drop in
mAP after pruning may lead to a 4% increase in mean relative absolute error (MRAE) during subsequent distance
estimation. While the pruned model may exhibit lower inference latency, the combined impact of increased
estimation error-and reduced latency on system-level safety remains unclear. Assessing this impact often relies on
repeated empirical testing, which is both time-consuming and lacks formal safety guarantees. Relying solely on
discrete pruning rates and post-hoc empirical evaluation poses significant challenges in building efficient and safe
autonomous systems. This challenge is compounded by the conventional separation in CPS design: system-level
safety is addressed at the controller design stage, which produces derived timing and accuracy requirements
for the implementation stage. Pruning under this paradigm is guided by such proxy metrics—e.g., meeting a
predefined inference latency budget—rather than by the end goal of system safety itself.

To bridge this gap, we propose a co-design approach that integrates model pruning with control-theoretic
principles to ensure both computational efficiency and safety in real-world CPSs applications, such as autonomous
driving. Rather than treating pruning solely as a model compression task constrained by predefined timing
budgets, we introduce a Control Policy-Aware Automatic Pruning Framework that explicitly incorporates
system-level control performance metrics into the pruning process. This ensures that the resulting pruned model
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satisfies the safety requirements of the CPS when deployed as part of a closed-loop control system. At the core
of our approach is a technique from control theory known as reachability analysis [2]—a numerical method
that computes the set of states reachable by a dynamical system from all initial conditions under all admissible
inputs and parameters. To quantitatively assess the impact of pruning strategies and pruning ratios on control
performance, we adopt the Maximum Diameter of Reachable Sets (MDRS) [44, 45] over a finite time horizon as a
proxy for system-level safety. A smaller MDRS implies that the system trajectories remain tightly bounded under
uncertainty, leading to more predictable and safer behavior. In contrast, a larger MDRS reflects greater sensitivity
to estimation errors, increasing the likelihood of unsafe outcomes.

Beyond the need for safety-aware evaluation, another limitation of prevailing pruning methodologies is their
reliance on brute-force searches over discrete pruning ratios [13, 28, 34]. Each configuration requires retraining
and empirical evaluation, rendering these methods resource-intensive and impractical for deployment in real-time
systems. In addition to their inefficiency, such approaches lack interpretability and provide no theoretical insight
into how pruning affects critical system-level metrics, such as safety. As a result, they are unsuitable for use
in automated design flows in time-sensitive CPSs. This limitation motivates the use of pruning scaling laws,
which have recently been explored in large language models to reveal predictable relationships between pruning
configurations and post-training performance. However, analogous studies in vision-based models—especially
those deployed in control-aware settings such as YOLO—remain limited. To address this gap, we investigate
whether similar structured relationships exist in perception-driven control systems and demonstrate that such
dependencies can indeed be observed and effectively modeled. We further propose a regression-based pruning
scaling law framework that models the relationship between pruning rate and system-level performance. This
framework enables efficient identification of pruning configurations that satisfy safety constraints, thus avoiding
exhaustive retraining and enabling principled, control-aware model compression. We integrate this predictive
scaling law into a broader pruning pipeline, where it serves as a core component for guiding safe model selection.
By embedding it into the system architecture, we enable automatic pruning decisions that are directly informed
by control-theoretic constraints.

In this paper, we present the first Control Policy-Aware Automatic Pruning Framework for YOLO,
designed to enable safe and efficient deployment in cyber-physical systems (CPS). Figure 1 illustrates the overall
architecture of our system, which consists of two main components: Piecewise Function Modeling and the
Control-Aware Neural Network Pruning System.

The Piecewise Function Modeling component starts with a fully trained YOLOv8-based distance estimation
model. By applying different pruning ratios, we generate a set of pruned models, which are used to estimate
object distances via a lightweight linear regression module. These distance estimates are fed into a closed-loop
control system, completing the perception-to-control pipeline and allowing us to evaluate how pruning impacts
system-level safety. Specifically, we use the maximum diameter of reachable sets (MDRS) as the safety metric.
The system then enters the Progressive Model Pruning and Data Collection Loop, in which it iteratively
sweeps-over multiple pruning ratios, conducts closed-loop simulation for each configuration, and computes
the corresponding MDRS. This process constructs the relationship between pruning ratio and system safety
performance. We repeat the same procedure for each pruning method, resulting in multiple datasets of pruning
rate and MDRS pairs. We fit a piecewise parametric function to each dataset, modeling how the pruning ratio
affects the system’s MDRS under each specific pruning method. The result is a set of pruning scaling laws.

The Control-Aware Neural Network Pruning System component takes a user-defined safety specifica-
tion—typically a control-theoretic MDRS threshold—and identifies the intersection points between the safety
threshold and all pruning scaling curves. It then selects the pruning configuration that both satisfies the safety
constraint and minimizes model size. The final output is a compact, control-compliant YOLOv8 model optimized
for deployment on resource-constrained embedded hardware platforms.

Our contributions are as follows:
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Fig. 1. Control Policy-Aware Automatic Pruning Framework

+ System-Safety-Driven Pruning of Neural Networks: We propose a pruning framework that explicitly
integrates system-level safety metrics MDRS into the pruning loop, ensuring safety compliance throughout
and significantly reducing the reliance on post-hoc validation.

» YOLOvVS8 Scaling Law for Structured Pruning: We construct an analytical mapping between the pruning
ratio, model size, and system-level safety measured by MDRS for YOLOv8 models. This transforms the
traditionally discrete, trial-and-error pruning process into a continuous, tractable optimization space.

» Control-Aware Co-Design for Efficient Model Selection: Leveraging control-theoretic principles,
we enable automatic selection of the smallest pruned model that satisfies task-specific safety constraints.
Our approach achieves up to 148.33x speedup in pruning search on distance estimation tasks, while
satisfying both hardware constraints and safety objectives.

+ Fully Automated and Generalizable Framework: The proposed pruning framework is end-to-end
automated and adaptable to various control formulations, allowing generalization across diverse system-
level safety specifications without manual tuning.

2 Related Work
2.1 Traditional Structured Pruning

Traditional structured pruning methods aim to reduce the computational cost and model size of deep neural
networks by removing redundant architectural components such as channels, filters, or layers. Most existing
approaches primarily focus on balancing accuracy and efficiency—typically measured in FLOPs or inference
latency—without accounting for the downstream impact on control system behavior. This omission is particularly
critical in CPS, where perception models are tightly integrated with feedback controllers, and any degradation in
perception performance may directly compromise overall system safety.

ACM Trans. Cyber-Phys. Syst.



Controller-aware Perception Neural Network Pruning for CPS Safety Optimization « 5

2.1.1  Torch Structured Pruning. PyTorch provides native support for structured pruning via the torch.nn.utils.prune
module [34]. This framework enables developers to remove entire channels or filters based on predefined cri-
teria, such as the L, norm of weight tensors. These operations effectively reduce model size without requiring

architectural redesign. However, these pruning utilities are primarily designed for perception-level optimization,

focusing on metrics such as FLOPs, inference latency, or detection accuracy while overlooking the downstream

effects on control system behavior. When applied in CPS, such isolated pruning strategies may unintentionally

degrade the safety and reliability of control decisions.

2.1.2 DepGraph. DepGraph [13] introduces a novel dependency graph representation to enable flexible and
fine-grained structured pruning across a broad range of network architectures, including YOLOvS8 [23]. It models
inter-parameter dependencies to identify pruning candidates while ensuring the resulting architecture remains
valid. However, similar to previous methods, DepGraph does not consider system-level performance metrics. It
assumes that preserving perception-level accuracy—such as mAP or classification accuracy—is sufficient, which
may not hold in real-world control scenarios where small perception errors can propagate into unsafe control
behaviors.

2.1.3  Network Slimming. Network Slimming [28] is a channel-level pruning technique that leverages scaling
factors learned through batch normalization layers to identify and eliminate less important channels. It achieves
impressive compression ratios while maintaining high accuracy by introducing sparsity regularization during
training. Although this method improves inference efficiency and‘model compactness, it does not consider
how pruning-induced changes in perception quality may impact downstream control safety. Consequently, the
resulting models may be unsuitable for CPS applications, where strict safety guarantees are required.

In summary, while traditional pruning methods such as Torch Pruning, DepGraph, and Network Slimming [13,
28, 34] are effective in reducing model size and computational cost, they operate under a perception-centric
view of optimization. In contrast, our proposed method adopts a system-centric perspective by embedding
control-aware safety metrics directly into the pruning process, enabling safe and efficient deployment in CPS
environments.

2.2 Scaling Law

Recent work on large language models has shown that model performance follows predictable scaling trends with
respect to key parameters such as model size and pruning ratio [9, 22, 24]. These empirical scaling laws enable
performance forecasting without exhaustive retraining or hyperparameter search. However, existing scaling laws
are primarily accuracy-centric, focusing on training loss or test error [22, 40], and do not capture how scaling
affects system-level behavior in closed-loop CPS. In safety-critical applications such as autonomous driving, even
minor perception errors introduced by pruning may significantly alter control trajectories and safety margins.
Moreover, current scaling analyses have largely been developed for transformer-based NLP models [24], with
limited validation on real-time vision models used in control systems, such as YOLO [35].

To address these limitations, we propose the first pruning scaling law for YOLOv8-based distance estimation
in CPS. Instead of linking pruning to perception-level metrics, we establish a direct relationship between pruning
ratio and a system-level safety measure, namely the closed-loop MDRS [45]. This formulation enables direct
computation of the pruning ratio required to satisfy a target safety threshold, eliminating exhaustive configuration
search. As shown in Section 5.3, this significantly reduces search time and provides a foundation for safe and
scalable model compression in resource-constrained CPS deployments.

ACM Trans. Cyber-Phys. Syst.
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2.3 YOLO in Perception-Centric CPS

The YOLO family of models [35] has become a foundational tool for real-time object detection, particularly in
latency-sensitive applications such as autonomous driving. Its one-stage architecture enables efficient visual
perception, making it well-suited for cyber-physical systems (CPS) where timely and reliable decisions are
essential. Among recent variants, YOLOv8 [23] is widely adopted due to its balance of accuracy, efficiency, and
stability. Although not the newest version, its maturity and strong community support make it a practical choice
for real-world CPS deployment. YOLOv8 has been applied to various perception tasks, including traffic light
recognition [47], vehicle and pedestrian detection [12], and traffic sign classification [46], establishing it as a
reliable foundation for control-oriented perception systems.

However, increasing model complexity challenges deployment on resource-constrained platforms. Prior
work [7, 29] has explored compression and optimization to improve runtime efficiency or reduce model size for
edge devices, yet largely overlooks system-level safety implications—an essential concern in CPS. To address
this gap, we introduce a control-aware pruning framework that integrates control-theoretic safety metrics into
the pruning of YOLOv8-based distance estimation models, enabling lightweight deployment while preserving
safety-critical performance in closed-loop CPS environments.

2.4 CPS Safety Optimization with Non-ldeal Components

The safety analysis of control systems—and by extension, CPSs—often relies on idealized assumptions regarding
implementation details such as numerical precision, communication delays, and model fidelity. However, when
these assumptions do not hold in real-world deployments, the safety guarantees derived from the formal analysis
may no longer be valid [14, 26]. As the hardware and software complexity of CPSs continues to increase, optimizing
safety under realistic implementation constraints, rather than idealized abstractions, is becoming an increasingly
critical research challenge.

For example, timing uncertainty in the underlying hardware/software implementation has been shown to
significantly impact CPS safety [15, 20]. To address this, schedule synthesis techniques for CPS implementations
have been proposed [21, 42, 43] to mitigate the effects of timing variability in embedded systems. In addition,
resource contention—including network [36], memory, and computation [8]—has been studied for its implications
on CPS safety [18, 37]. Our work aligns with these efforts in its focus on system-level safety rather than isolated
component performance. However, instead of targeting timing or resource constraints applicable to embedded
software in general, we focus on the unique characteristics of neural networks and develop specialized pruning
strategies to optimize safety in control-aware CPS deployments.

Some prior work has explored the connection between neural network-based components and CPS safety.
For example, the resource allocation problem of deploying multiple neural networks on shared hardware was
studied in [45], with the objective of maximizing system-level safety. However, that work assumes a fixed set of
pre-configured networks and focuses solely on allocating resources among them. In contrast, our work aims to
optimize the neural networks themselves through pruning, rather than selecting from a predetermined pool of
static architectures.

3 Preliminaries
3.1 Control System Safety

CPSs can be modeled as dynamical systems governed by one or more feedback control loops. A general time-
invariant continuous-time system is described by the differential equation:

x = f(x,u), (1)
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where x € R? is the state vector, u € R? is the input vector, and f : RP xR? — RP defines the system’s continuous
dynamics. Since fdoes not explicitly depend on time ¢, the system is considered time-invariant.

To implement feedback control in practice, controllers are mathematically designed and deployed as periodic
real-time tasks on embedded processors. This requires discretization of the continuous dynamics using a fixed
sampling period. Assuming a constant sampling period h, such that t; ,; — t;, = h, the system’s discrete-time
dynamics are described by the following difference equation:

Xy = I s
where fj, : R? x R — RP is the discretized version of fwith period A.
For simplicity, we denote x; as x|k] and U, as u[k] and obtain the following:

xlk +1] = f(xlk], ulk]) . ©)
In the context of CPS safety, the sampling period h determines the response time of the control system to external
disturbances.
The control input u[k] is computed as:
ulk] = gy(#IKD) . )
where g5, : R? - RY is an arbitrary function that determines the suitable control input for a given system state,
taking into account the sampling period h. X is a measurement of the ground truth system state. Errors in state
estimation x can result in incorrect control inputs, which in turn compromise system performance and safety.
This effect is particularly pronounced in neural network-based perception tasks, such as distance estimation
in autonomous driving. There are many quantitative metrics of system performance and safety—settling time,
distance to an unsafe set of states, or state space tracking error, to name a few. In this work, we use one such
metric, introduced in the next subsection.

3.2  Maximum Diameter of Reachable Sets (MDRS)

To evaluate the effects of sampling period and state estimation errors on system-level safety, we use the quantitative
metric Maximum Diameter of Reachable Sets (MDRS), introduced in [45]. The MDRS is computed by propagating
reachable sets forward in time. For a discrete Linear Time-Invariant (LTI) system expressed as x[k + 1] =
® x[k] + T u[k], the standard recursive formulation of set-based reachability analysis [16] yields the successor set

X[k +1] = o X[k] ® TU[K], (4)

where ® X[k] = {®x | x € X[k]}, TU[k] = {Tu | u € Ulk]}, and & denotes the Minkowski sum A & B =
{a+b|aec A, be B} By repeatedly applying eq. (4) from an initial set X[0], we can compute the reachable sets
X[1],.... X [%I ] over an arbitrary time horizon H. The MDRS is then calculated as

D kg[li)%] " ggﬁ[k]llxl %] (5)
It is worth noting that although the recursion in eq. (4) is conceptually straightforward, exact computation is often
intractable because the geometric complexity of the set representation (e.g., the number of polytope vertices) can
grow at each time step. Various techniques have been proposed to maintain tractability, including set propagation
techniques using zonotopes [16, 17]. We use the JuliaReach toolbox [6] to handle the practical computation of
reachable sets in this work.

While MDRS can be used with both linear and nonlinear systems, we focus on linear systems in this work to
leverage closed-form reachable set computation. In practice, controllers for many nonlinear systems are designed
via Jacobian linearization around operating points [25]. Similarly, reachability analysis for nonlinear systems
commonly employs conservative linearization: the dynamics are linearized around the center of the current
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reachable set, and set propagation is computed as a linear dynamics propagation augmented by an error bound
from the linearization remainder [2, 3]. An alternative approach, Hamilton—Jacobi (HJ) reachability [30], solves a
partial differential equation over a gridded state space. However, this grid-based computation scales exponentially
with the number of state dimensions—the so-called “curse of dimensionality”—rendering it intractable for
most realistic systems beyond a few dimensions [5]. Since our primary contribution concerns the integration
of reachability-based safety metrics into the pruning loop rather than advances in reachability computation
itself, and since the dominant flowpipe-construction methods for nonlinear systems are fundamentally built on
linearization, using linear systems as case studies is well-justified without loss of methodological generality.

MDRS provides a physically interpretable measure of system-level safety. Each reachable set X[k] characterizes
the possible states of the system at step k, and its diameter represents the largest “spread” of possible system
positions in the state space. For instance, in the F1/10 lane-keeping system used in our experiments (section 5),
the MDRS bounds the worst-case spread of possible vehicle lateral positions: if the MDRS exceeds the lane width,
no controller can guarantee the vehicle remains in its lane under worst-case perception errors. More generally,
while the average system behavior may be acceptable, a large MDRS indicates that the system’s trajectories are
not tightly bounded, leaving it vulnerable to worst-case deviations. This makes MDRS particularly suitable for
safety-critical applications where worst-case guarantees matter.

An alternative safety formulation commonly used in reachability-based verification defines safety as the
reachable set not intersecting a designated unsafe region [1]. While intuitive, this formulation in its standard form
yields a binary safe/unsafe verdict and does not quantitatively distinguish between a system that barely avoids the
unsafe set and one that stays far from it. Continuous extensions exist=notably control barrier functions [4], which
provide a scalar safety margin, and signal temporal logic robustness [11], which quantifies how far a trajectory
is from violating a specification—but all such formulations require defining a scenario-specific unsafe region
or specification (e.g., obstacle positions, lane boundaries at particular locations), making the resulting metric
sensitive to these configuration choices. MDRS avoids this dependency by measuring the intrinsic behavioral
uncertainty of the closed-loop system, independent of any particular obstacle or scenario configuration.

We note that our pruning framework is not specific to MDRS; it can accommodate any quantitative system-
level metric as the optimization objective. Alternative metrics include maximum state deviation from ideal
trajectories [20, 43], as well as classical control performance measures such as settling time, overshoot, and
steady-state error [31]. We adopt MDRS as a principled default because it captures safety-relevant worst-case
behavioral spread without requiring scenario-specific assumptions, but the framework’s scaling-law-based
approach generalizes to any metric that can be computed as a function of pruning ratio.

4 Methods
4.1 Problem Background: Perception-Induced Safety Constraints

We consider a closed-loop autonomous driving system where perception is provided by a YOLOv8-based distance
estimation module, requiring timely and accurate environment understanding for safe operation. Given a camera
image, YOLOVS detects objects such as vehicles and pedestrians, and a lightweight regression module estimates
their distances Z We use a modified version of the Mean Relative Absolute Error (MRAE) as the evaluation metric,
which quantifies how close the predicted distance Zis to the ground-truth Z for detected objects. We further
use MDRS to quantify the system’s dynamic uncertainty under perception degradation. State estimation error is
measured using the MRAE from the distance estimation task, while the sampling period is approximated by the
model’s inference latency. Together, these two factors critically influence overall control performance.

In our problem setting, the objective is to predict the distance to objects in front of the camera, providing critical
signals for subsequent decision-making. Therefore, we restrict our evaluation to objects that are fully visible to
the camera. Occluded or truncated objects are typically blocked by other closer objects. Furthermore, this partial
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visibility can lead to unreliable bounding boxes, introducing noise into the distance estimation process. From
both a practical and data quality standpoint, such objects are excluded from evaluation to avoid confounding the
analysis.

A key limitation of the standard MRAE metric is that it is computed only over correctly detected objects, thereby
ignoring missed detections where the detector fails to identify ground-truth objects. As a result, models with
poor detection accuracy may paradoxically achieve lower MRAE values, since undetected objects are excluded
from the error computation. In extreme cases, a model that detects only one object and happens to predict its
distance accurately could appear to perform exceptionally well under the MRAE metric. This can be misleading,
as it fails to reflect the model’s overall performance in joint detection and distance estimation.

To address this, we propose an adjusted MRAE formulation that incorporates a penalty for missed detections.
Specifically, for each ground-truth object that is not detected, we assign a relative error of 100% (i.e., 1.0), reflecting
the assumption that a missed detection incurs the maximum relative error under this metric. This modification
ensures that models with low object detection accuracy are properly penalized and are not mistakenly perceived
as more accurate than they actually are. The final metric is:

MRAEg | = — %'2"_2"|+(N N)x 1] x100% (6)

final — N P |Zl| (4

Here, N denotes the total number of ground-truth object bounding boxes, and N’ is the number of these objects

that are successfully detected by the model. The first term computes the average relative error over detected

objects, where Z; is the predicted distance and Z; is the ground-truth distance for the i-th object. The second term

assigns a penalty of 100% error to each missed detection, ensuring that models with poor detection performance
are properly penalized.

4.2 Problem Formulation

We aim to automatically select the optimal pruned YOLO model that not only minimizes hardware resource
usage but also strictly satisfies a safety constraint derived from control theory. In our setting, system safety is
quantified by MDRS. As introduced in section 3.1, a smaller MDRS implies better control performance. Hence,
any model selected must operate within a predefined safety threshold for MDRS, which is determined based on
control-theoretic simulation and task-specific requirements.

Formally, the problem can be formulated as:

mein Params(0) subjectto D(0) < Dy (7)

where:

« 0 denotes the pruning configuration (e.g., pruning rate, pruning method),
« Params(0) represents the hardware cost (model parameters),
« D(6) denotes the MDRS as a function of the pruned model,

» Dyt is the maximum safety threshold, determined by the user and the specific application scenario.

Solving the constrained optimization problem in Eq. 7 presents a significant challenge due to the large and
continuous search space, which spans pruning rates, methods, and layer selections. Identifying the optimal con-
figuration 6* that minimizes hardware cost while satisfying the safety constraint D(6) < D,y is computationally
intractable via exhaustive search. This necessitates an efficient and predictive evaluation strategy to guide the
search process. In the following sections, we introduce our approach to addressing this challenge.

ACM Trans. Cyber-Phys. Syst.



10 « Chenetal.

4.3 System-Level Safety-Aware Performance Modeling

Given either a pre-trained or an untrained YOLO model and a specified control system, our framework automati-
cally generates an optimally pruned model that satisfies control-theoretic safety constraints while minimizing
hardware resource usage. The output includes both the selected pruning method and its corresponding pruning
rate. If the model is untrained, our system can optionally perform the training stage on behalf of the user
before proceeding with pruning and selection. The entire pipeline—from model training to control-safe pruning
and efficient deployment—is fully automated. The proposed framework operates through the following core
components: Control-Theoretic Simulation for Safety Characterization, Control-Aware Scaling Law Construction,
Scaling Law-Based Single-Model Optimization under Safety and Hardware Constraints, and Scaling Law-Based
Multi-Model Optimization under Joint Safety and Hardware Constraints.

4.3.1 Control-Theoretic Simulation for Safety Characterization. We adopt the MDRS measure [45] to evaluate the
system-level safety of pruned models, following a control-aware estimation process. Given a pruning configuration
0, we first evaluate its corresponding MRAE € and inference latency h. We then discretize the continuous dynamics
function fusing h to obtain the discrete-time dynamics fj,. The controller is also re-synthesized using h, resulting
in a discrete-time control policy gj,. Finally, we compute the MDRS based on f}, gz, €, and a fixed initial state set
X[0] using reachability analysis, following the approach in [45]. We denote the resulting system-level safety
metric as D(0) = D(e, h), indicating its dependence on both perception error and latency.

Since computing the MDRS for a given (e, h) pair is significantly more efficient than pruning and fine-tuning
the corresponding configuration 6, we precompute D(e, h) values-over a dense grid of (e, h) pairs, using the
reachability-based procedure described in Section 3.1. In our implementation, € is sampled uniformly from 0 to 1
in increments of 0.01, and h is varied from 1 to 500 milliseconds with a step size of 1 ms. We then fit a continuous
surface over the resulting (e, i, D) tuples using nonlinear regression, and apply interpolation to estimate D values
for use in later pruning configuration evaluation.

4.3.2 Control-Aware Scaling Law Construction. Our methodology is centered on efficient model selection via
control-theoretic co-design, where pruning decisions are not solely guided by accuracy or compression ratio, but
are instead jointly optimized under explicit control-theoretic safety constraints. To support this, we construct a
direct mapping between the pruning rate and the system’s MDRS, enabling efficient safety assessment of any
pruning configuration without resorting to exhaustive empirical search, which is typically required by traditional
pruning approaches.

We initially explored estimating system-level safety through a multi-stage mapping pipeline: from pruning
rate to detection accuracy, from accuracy to distance estimation error, and finally from estimation error to
control-level safety measured by MDRS. However, this approach introduces cumulative approximation errors
across stages, particularly under aggressive pruning, which compromises the reliability of safety assessment. To
address this, we instead adopt a direct mapping from pruning rate to MDRS, bypassing all intermediate variables.
This design serves as a core constraint in our framework and provides a more robust and interpretable mechanism
for pruning under safety guarantees. Empirical results further demonstrate that this direct mapping achieves
more accurate and stable predictions of system safety compared to the multi-stage approximation strategy. The
specific mathematical formulations of these mappings are provided in the following subsection 4.4.

4.3.3  Scaling Law-Based Single-Model Optimization under Safety and Hardware Constraints. Our framework
integrates ten diverse pruning strategies to enhance generality and adaptability. For each method, we fit a
corresponding scaling law capturing the relationship between pruning rate and system-level safety, quantified
by MDRS. We then identify the safety-compliant pruning range for each method by locating the intersection
points between the fitted curves and the predefined control-theoretic maximum safety threshold (D). Under
a fixed hardware platform and consistent inference settings—including input resolution, batch size, and data
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type—we observe that higher pruning rates are generally associated with smaller model parameter sizes and
faster inference times. This trend is further supported by the reduced size of the saved model checkpoints, which
consistently shrink as pruning increases.

Based on this analysis, we select the optimal pruned model as the configuration that both satisfies the control-
theoretic safety constraint—by lying within the safety-compliant pruning range—and minimizes hardware
resource usage, such as model size or inference latency. This approach enables the selection of a single pruned
model that optimally balances control safety and computational efficiency across multiple pruning methods.

4.3.4  Scaling Law-Based Multi-Model Optimization under Joint Safety and Hardware Constraints. Beyond this,
our method also generalizes to more complex scenarios where multiple models must be deployed simultaneously
on a shared hardware platform under a global resource constraint. After applying our single-model pruning
strategy—ensuring that each individual model satisfies its own maximum allowable MDRS threshold while
minimizing parameter count—we extend the approach to a multi-model deployment setting. The key challenge in
this scenario is to select a combination of pruned models that, when deployed together, remain within a global
hardware resource budget (e.g., a shared memory of 512 MB), while still meeting the safety requirements of each
individual model. The system first prunes each model under its respective maximum safety threshold to identify
the architecture with the minimal parameter count that satisfies the requirement. The resulting pruned models
constitute the candidate pool for multi-model deployment.

For each candidate pair of models, the system computes the total parameter size. If the combined size exceeds
the hardware budget, the pair is deemed infeasible and discarded. Otherwise, the system enters a model recovery
phase, which aims to leverage the remaining parameter budget to further improve overall model quality.

In the recovery phase, the controller selectively increases the parameter count of one or more models, thereby
reducing their respective MDRS to enhance system-level safety. By default, the model with the largest current
MDRS is prioritized, as it represents the most vulnerable component in terms of safety. Alternatively, users may
configure the system to prioritize models with tighter MDRS thresholds, which are typically more critical in safety-
sensitive applications. This recovery process proceeds iteratively until the total parameter usage approaches the
hardware budget or no further improvements are feasible. By incorporating this strategy, our method effectively
balances strict safety and resource constraints while maximizing deployment performance, enabling efficient
multi-model deployment in resource-constrained environments.

4.4 Scaling Law Based Automatic Pruning

To address the key challenge described in Eq. (7), we propose a pruning scaling law framework that characterizes
the relationship between the pruning ratio and system-level safety. This scaling law takes the pruning ratio as
input and predicts the corresponding system-level safety metric, providing a basis for safety-constrained pruning
configuration selection. Once the scaling law is constructed, the model selection process can avoid performing
reachability-based safety evaluation at every pruning ratio, thereby significantly reducing the computational
cost of pruning decisions. This framework is inspired by prior observations that neural model performance
often follows stable empirical scaling behaviors with respect to model capacity. We define a compact regression
formulation that models the impact of the pruning ratio p on system-level safety, quantified by the maximum
diameter of reachable sets (MDRS), denoted as D. Specifically, this formulation captures the mapping p —> D(p),
where D(p) represents the corresponding system-level safety metric.

4.4.1 Piecewise Scaling Law Modeling. To model the scaling law, we adopt a flexible piecewise regression

formulation. Specifically, we partition the pruning ratio domain [0, 1] into K intervals {[ p;_;, p;]}X ,, based on
observed variations in system-level safety sensitivity. Within each interval, we fit a parametric function f(p) to
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capture the local relationship between the pruning ratio p and the diameter D. The overall scaling law is then
defined as:

filp) i p € [po, p1l

D(p) = fz(:P) if p € (py, 2]

®)
fx(p) if p € (px—1. Pkl
Each fi(p) can be instantiated using different regression strategies depending on the construction method. In
this work, the uniform sampling baseline employs nonlinear least-squares fitting within each segment, whereas
the proposed adaptive strategy instantiates the scaling law as a monotonic piecewise-linear function via isotonic
regression.

4.4.2 Scaling Law Construction Strategies. While the piecewise formulation defines the functional form of the
scaling law, its practical construction depends on how pruning ratios are sampled and how segment boundaries
are determined. We consider two construction strategies: uniform sampling as a baseline and an adaptive sampling
strategy proposed in this work.

Uniform Sampling A simple baseline strategy is to uniformly sample the pruning ratio p over [0, 1] and fit
the piecewise scaling law using nonlinear least squares. This approach is easy to implement and requires no prior
knowledge of the scaling law shape, and can produce accurate fits when the sampling resolution is sufficiently
dense.

However, uniform sampling is sample-inefficient due to its inability to adapt to non-uniform safety variation.
In practice, system-level safety does not change uniformly with the pruning ratio: some pruning ranges are
relatively flat, while others exhibit more rapid variation. As a result, uniform sampling tends to waste samples in
flat regions while providing insufficient resolution inregions with steeper safety changes, leading to unnecessary
reachability evaluation costs for a given level of fitting accuracy.

Adaptive Sampling We propose an adaptive sampling strategy for constructing the pruning scaling law,
with the goal of significantly improving sample efficiency without sacrificing fitting accuracy. The procedure
starts from a small set of initial pruning ratios selected to provide stratified coverage over the pruning domain
p € [0, 1], ensuring adequate initial coverage. We impose a monotonicity constraint motivated by the empirical
observation that safety degradation generally increases with pruning intensity. The pruning-safety scaling law is
modeled as a monotonic piecewise-linear function constructed via isotonic regression followed by adaptive knot
refinement.

We then perform interval-level scoring over adjacent pruning intervals to determine the next sampling
location. Let the currently selected points, sorted by pruning ratio, be {(p;, D;)},. For each adjacent interval
[p;, pis1], we define the normalized safety variation and pruning gap as

AD; = Di+1 = Dif C Ap = |pis1 — pil ’ ©)
max;|Dj,q — Djf max;{pj g — pjl
Here, D; denotes the system-level safety metric (MDRS) evaluated at pruning ratio p;, and the index j ranges over
all currently sampled adjacent intervals. The normalization by maxj(‘) is applied to place the safety variation and
pruning gap on comparable scales, preventing either term from dominating the interval score due to magnitude
differences. We then assign the interval score

S = aADl +(1 —Ot)Apl-, (10)
where a € [0, 1] balances local sensitivity (rapid safety variation) and sampling sparsity (wide uncovered gaps).

In practice, we set & = 0.7 empirically, which provides a stable balance across all evaluated systems without
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additional tuning. At each iteration, a greedy refinement strategy is applied by selecting i* = arg max; s; and
adding a new pruning ratio near the interval midpoint

Prmid = %(Pi* + Pi*+1)’

choosing the closest available point in a discrete candidate set. This strategy prioritizes regions exhibiting either
large safety variation or insufficient sampling coverage.

After introducing each new sampling point, the fitting error of the current scaling law (e.g., measured by
MRAE) is evaluated on a validation set. The adaptive process terminates once the validation error falls below
a predefined threshold, at which point the scaling law is fixed as the final model. The test setis used only for
final generalization evaluation and does not participate in sampling decisions. Extensive experiments show
that the proposed strategy achieves comparable fitting accuracy while requiring significantly fewer reachability
evaluations.

This piecewise formulation offers two key advantages: (1) it remains interpretable and analytically invertible,
enabling constrained optimization over the pruning ratio p; and (2) its segment-wise structure allows for easy
adaptation to more complex safety patterns or hardware-specific variants; without requiring retraining of the
entire model.

Our system can automatically fit a scaling law for different hardware platforms—regardless of architectural
differences such as latency profiles or execution characteristics. This hardware-adaptive design enables the
framework to dynamically adjust segment boundaries and adapt functional forms based on platform-specific
observations, ensuring consistent modeling accuracy across diverse deployment environments.

Moreover, although our primary objective is to model the relationship between pruning rate and system-level
safety (quantified by MDRS), the proposed methodology in principle readily extends to other critical metrics,
including mAP, inference latency, and memory usage. This flexibility enables a unified and automated framework
for multi-dimensional analysis of pruning effects. Experimental validation on NVIDIA RTX 4090 and 4060 GPUs,
with consistently low regression errors, demonstrates the robustness and generality of our framework in capturing
architecture-invariant safety degradation patterns. These results further confirm the scalability and hardware
adaptability of the proposed scaling-law-based pruning strategy.

5 Experiments
5.1 Objective

The primary goal of our experiments is to demonstrate that the proposed control-aware pruning system outper-
forms baseline search methods by achieving faster search speed and identifying pruned models with the smallest
number of parameters while satisfying the target D, constraint. Our experiments focus on YOLOv8-based
distance estimation in autonomous driving scenarios, where the objective is to prune the YOLOv8 model to
minimize hardware deployment cost while preserving system-level safety, as quantified by the MDRS. We compare
the effectiveness and efficiency of our system against several baseline search methods.

To evaluate hardware deployment cost, we use the number of model parameters as the primary metric. For the
same model architecture deployed on an identical hardware platform, a smaller number of parameters typically
results in lower memory usage, reduced computational load, and more efficient resource utilization. Consequently,
minimizing the number of parameters directly correlates with reduced hardware demands, making the pruned
model more suitable for deployment in resource-constrained environments such as embedded systems or edge
devices.
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5.2 Experimental Setup

Our experiments are conducted on the KITTI dataset [39], a widely used benchmark in autonomous driving
research that provides synchronized and calibrated multi-sensor data, including stereo cameras and LiDAR, for
perception tasks such as object detection and distance estimation. For distance supervision, we use the provided
Z-axis distance, which measures the object’s depth along the optical axis and serves as ground truth.

The YOLOvV8 model is trained and pruned directly on the raw KITTI dataset without additional data augmenta-
tion or preprocessing. After training, bounding box features extracted from YOLOvS outputs are used to train a
linear regression model for distance estimation. Specifically, the model learns to map bounding box characteristics,
such as width and height, to the corresponding Z-axis distance. On the validation set, the regression model
achieves a mean relative absolute error (MRAE) of approximately 6%, demonstrating reliable distance prediction
for downstream control tasks. The MDRS is computed using the YOLOvS inference latency and the MRAE derived
from the regression-based distance estimation.

5.2.1 Baseline Methods for Experiments 1 and 3.

Brute-Force Search: Exhaustively evaluates all pruning rates. Records the configuration with minimum
relative error under the MDRS threshold.

Depth-First Search (DFS): Starts from the middle of pruning rates. Explores both directions, prioritizing
solutions where MDRS is below the target and error is minimized. Terminates early upon reaching the
step or depth limit, and returns the best pruning rate and MDRS found.

Breadth-First Search (BFS): Starts from the middle of pruning rates. Explores adjacent configurations
using a first-in, first-out (FIFO) queue, comparing MDRS at each step. Updates the best match found. Stops
when a valid solution is reached or search step limit is reached.

Binary Search: Starts from the middle of the sorted pruning rates. Compares MDRS with the target and
narrows the search range accordingly. Continues until the best solution is found or the range is exhausted.
Much faster than linear search methods.

5.2.2 Evaluation Metrics.

N |~
1D - D)
MRAEpymeter = 3 ;:1 BT TR 100% (11)

where D; denotes the ground truth diameter for the i-th sample, and f)l- denotes the predicted diameter.

All experiments were carried out on a single NVIDIA RTX 4090 GPU, and all performance metrics—including
inference latency and pruning-related evaluations—were measured under an identical hardware setting to ensure
fair comparison.

5.2.3 Control System Models. We conducted the control part experiments using the following two dynamical
systems:

F1/10 Car (F1). Our first model captures the motion of an F1/10 car [33] and is adapted from [20]. The controller
aims to keep the car driving straight in the positive x direction in a plane. The underlying vehicle dynamics
follow a bicycle model—a standard nonlinear model for lateral vehicle motion—which is linearized around the
straight-line operating point, a common practice in automotive control design [25]. The system dynamics are:

x(t) = [8 665] x(t) + [19.%85] u(t).
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Cruise Control (CC). Our second model is a cruise control system adapted from [19, 32] that regulates the
vehicle speed to follow the driver’s command. The system dynamics are:

0 1 0 0
x(t) = 0 0 1 x(t) + 0 |u®).
—6.0476 —5.2856 —0.238 2.4767

In both cases, we discretize the continuous dynamics with the inference latency h, and design a controller
using discrete Linear-Quadratic Regulator (LQR) control with state cost matrix Q and control cost matrix R both
being identity matrices.

5.3 Experiment 1: Ultra-Fast Control-Aware Neural Network Pruning Using Scaling Laws

This experiment evaluates the search efficiency of our control-aware pruning system in comparison to several
baseline methods. We use search time as the sole evaluation metric and decompose the overall cost of the proposed
approach into two components: (i) an offline cost for constructing the pruning scaling law, which is incurred
once per pruning method and control system, and (ii) an online cost for identifying a pruning configuration
that satisfies a given MDRS constraint. In this experiment, we primarily evaluate the online search time, which
dominates deployment-time decision-making and is the relevant cost for real-time or iterative pruning scenarios.

For baseline methods, identifying the model with the smallest parameter count that also satisfies the MDRS
constraint would require exhaustively evaluating all pruning rates, due to the absence of a scaling law for guidance.
Such an exhaustive search leads to the worst-case search time for all baselines. To enable a fair and practical
comparison, this constraint was relaxed: baselines were only required to return a model that satisfies the MDRS
constraint, without necessarily minimizing the parameter count. In contrast, our control-aware pruning system
is designed to satisfy a stricter objective: identifying the model with the smallest number of parameters that still
satisfies the target MDRS constraint. This ensures structural compliance while maximizing model compactness
for efficient deployment.

To ensure a consistent comparison, all baseline methods are initialized with a pruning rate of 0.001 and
terminate at 0.4, with a fixed increment of 0.001 per step. This schedule standardizes the search space across
methods. In contrast, the search path in our control-aware pruning algorithm is dynamically determined through
a control feedback mechanism guided by a scaling law. To minimize the impact of hardware variability, we
perform multiple runs to measure the time required for a single pruning operation and MDRS computation.
The average time across runs.is used as the standardized time cost per search step, ensuring that all methods
are evaluated under consistent computational assumptions. For each baseline method, we recorded the MDRS
corresponding to each pruning rate in a structured table. Based on this pre-computed table, we simulated the
behavior of each search algorithm and counted the number of steps required to identify the pruning rate that
minimizes the relative errorwith respect to the target MDRS. This approach ensures fair comparison since all
methods share identical evaluation cost per pruning configuration. The final reported search time is calculated as
the product of the average time cost per step and the total number of search steps for each method.

Table 1. Search ‘Methods and Online Search Times at Table 2. Search Methods and Online Search Times at

D, ;=20 (F1) D, =60 (CC)
Search Method Search Time (s) Search Method Search Time (s)
Scaling Laws 841.35 Scaling Laws 841.35
Brute Force Search 124800.00 Brute Force Search 124800.00
Binary Search 2683.20 Binary Search 2652.00
Depth-First Search (DFS) 20498.40 Depth-First Search (DFS) 17659.20
Breadth-First Search (BFS)  124800.00 Breadth-First Search (BFS)  124800.00
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As shown in Table 1, where the target MDRS is set to 20, the Scaling Law method achieves the highest search
efficiency, requiring only 841.35 seconds to identify a pruned model that satisfies the constraint. In contrast,
Brute-Force Search and Breadth-First Search (BFS) are the least efficient, each taking 124,800 seconds due to
the exhaustive exploration of all possible pruning rates. Binary Search and Depth-First Search (DFS) perform
better, with search times of 2,683.2 seconds and 20,498.4 seconds, respectively. The significant advantage of the
Scaling Law method lies in its ability to model the relationship between model structure and MDRS, enabling
rapid localization of the search space and efficient adjustment of pruning rates. In contrast, other methods lack
such guidance and must rely on exhaustive or heuristic search strategies.

For a target MDRS of 60, the search times follow a trend similar to that in Table 2. The Scaling Law method
remains the most efficient, completing the search in 841.35 seconds. Binary Search also performs well, requiring
2,652.0 seconds, while DFS takes 17,659.2 seconds. As expected, Brute-Force Search and Breadth-First Search
(BES) are the least efficient, each taking 124,800 seconds due to exhaustive exploration. These results demonstrate
that Scaling Laws can directly focus on the most promising regions of the search space, substantially reducing
both search path length and total time, thereby improving overall search efficiency.

Table 3. Search Methods and Corresponding Search Times at D,,,,=1 under F1 or CC

Search Method Search Time (s)
Scaling Laws 0.09
Brute Force Search 124800.00
Binary Search 124800.00
Depth-First Search (DFS) 124800.00
Breadth-First Search (BFS) 124800.00

As shown in Table 3, when the target MDRS is set to 1—smaller than the model’s best achievable MDRS—all
baseline methods, except the Scaling Law method, must exhaustively explore the entire pruning space to confirm
that the target is infeasible, resulting in a search time of 124,800 seconds. In contrast, the Scaling Law method
leverages structural relationships to promptly determine the infeasibility of the target, completing the search in
only 0.09 seconds. This capability significantly reduces unnecessary computational overhead and demonstrates
the advantage of our approach in handling unreachable constraints.

Table 4. Offline Scaling Law Construction Cost

System Number of Pruning Methods Offline Time (s)
F1/10 Car (F1) 10 5576.92
Cruise Control (CC) 10 5785.26

Offline cost interpretation. The offline time reported in Table 4 corresponds to the one-time cost of constructing
scaling laws for all pruning methods under a given control system. Importantly, this offline cost is incurred
only once per (model, control system) pair and is independent of the number of subsequent pruning queries.
Once the scaling laws are constructed, all online pruning decisions—including feasibility checking and optimal
pruning-rate selection under a specified D,¢.—are performed without additional system-level safety evaluations,
as shown in Tables 1-3. As a result, the offline construction cost is amortized across all future pruning tasks,
making the proposed approach particularly efficient in repeated or real-time deployment scenarios. In contrast,
baseline search methods require a substantially larger number of system-level safety evaluations over the pruning
space for each new target constraint, resulting in much higher cumulative search cost.
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The proposed system employs a scaling law to efficiently predict whether a pruned model can satisfy a given
MDRS constraint. For a specified target MDRS, the system rapidly determines the feasibility of achieving the
constraint and identifies the pruned model with the smallest number of parameters that satisfies it, thereby
minimizing hardware deployment costs. By avoiding exhaustive searches, the approach substantially reduces
computational overhead and offers a practical solution for control-aware real-time applications.

5.4 Experiment 2: Optimal Pruning Method and Model Selection

Our primary contribution is the development of a system that automatically selects the optimal pruning method
and corresponding model under given constraints. The system dynamically evaluates multiple pruning strategies,
comparing model parameters and MDRS to ensure that the selected configuration satisfies the MDRS constraint
while minimizing the remaining parameter count. While Experiment 1 validates the efficiency of the proposed
approach by demonstrating its ability to identify the optimal pruning rate significantly faster than baseline
methods, this experiment evaluates the quality of the selected model and confirms that it satisfies the dual
objective of meeting the MDRS constraint while minimizing the number of parameters.

In this setup, all methods were constrained to a similar parameter budget to ensure a fair/'comparison. By
measuring the resulting MDRS while enforcing the MDRS constraint, we verified that no alternative method
could achieve a smaller parameter count without violating the constraint. These results confirm that our system
consistently selects the optimal pruning configuration under the given safety requirements.

Table 5. Comparison of Pruning Methods under a Safety
Constraint of D, = 9 for the F1 System

safe

Table 6: Comparisonof Pruning Methods under a Safety
Constraint of D, =49 for the CC System

safe

Params (M) Pruning Method MDRS Params (M) Pruning Method MDRS

49.14 prune_anything 490.18 45.59 prune_anything 227.86
49.13 network_slimming 8.54 45.34 network_slimming  46.46
49.18 structured 1 0 11455.29 45.64 structured 1 0 22791
49.18 structured_1_1 207647.05 45.64 structured_1_1 224.16
49.18 structured_2_0 18512.33 45.64 structured_2_0 228.55
49.18 structured_2_1 258083.00 45.64 structured_2_1 228.55
49.18 structured_inf 0 258083.00 45.64 structured_inf 0 228.55
49.18 structured_inf 1 212547.86 45.64 structured_inf 1 225.75
49.18 structured_-inf 0 258083.00 45.64 structured_-inf 0 228.55
49.18 structured_-inf 1 235943.31 45.64 structured_-inf 1 222.52

Note: Results are obtained using the proposed scaling-law-
guided pruning framework. The highlighted configuration satis-
fies the safety constraint'while achieving the minimum parame-
ter count.

Note: All pruning methods, except the first two, follow the format
structured_<norm>_<dim>, where <norm> specifies the norm
used for pruning (£, £,, £, or £_.), and <dim> indicates the
pruning dimension.

Theoretically, a higher parameter count suggests that more layers are preserved in the pruned model, which
generally leads to better retention of the original structure. However, due to differences in pruning strategies, it is
not possible to achieve identical parameter counts across methods. To ensure fairness, we intentionally selected
slightly higher parameter budgets for the alternative methods, allowing them to retain more of the original
model structure during comparison. The model selected by our system is highlighted in bold in the table. Tables 5
and 6 present a comparison of different pruning methods in terms of parameter count and MDRS under two
experimental settings. The target MDRS thresholds are set to 9 and 49, corresponding to control objectives F1 and
CC, respectively. The results illustrate that network_slimming not only satisfies the MDRS constraints but also
achieves a smaller MDRS compared to alternative pruning methods.
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Table 7. Best Pruning Rate and MDRS Results under 950 s Time Budget

F1 System (Dy,¢. = 60) CC System (Dg,¢, = 83)
Method Prune MDRS Params | Prune MDRS Params

Brute Force 0.001 3.18 68.13 0.002 8.82 67.99

Binary 0.099 52.31 61.38 0.149 80.98 57.98
DFS 0.201 15.12 47.47 0.203 29.37 47.27
BFS 0.200 14.48 47.53 0.202 29.24 47.37

Scaling Laws | 0.226  53.67 45.26 0.248 82.61 43.44

Table 8. Best Pruning Rate and MDRS Results under 4500 s Time Budget

F1 System (Dgyp. = 27) CC System (Dg,p. = 42)
Method Prune MDRS Params | Prune MDRS Params

Brute Force 0.015 3.38 67.12 0.015 9.24 67.12

Binary 0.223 26.98 53.00 0.226 41.68 52.81
DFS 0.213 26.07 46.40 0.214 40.82 46.33
BFS 0.206 21.05 47.00 0.208 37.13 46.82

Scaling Laws | 0.213  26.07 46.40 0.221  41.80 45.73

Specifically, in the F1 system under Dg¢. = 9, network_slimmingachieves a MDRS of 8.54 with approximately
49.13 million parameters, significantly outperforming all other methods; whose MDRS range from 490.18 to 258,083.
Similarly, in the CC scenario, network_slimming attains a MDRS of 46.46 with around 45.34 million parameters,
again surpassing competing methods with MDRS between 224.16 and 228.55. These results demonstrate that our
system effectively selects the optimal pruning method, ensuring that the resulting model achieves the smallest

parameter count while satisfying both system-level safety and efficiency constraints.

5.5 Experiment 3: Optimal Model Identification Under Time Constraints

This experiment evaluates the efficiency of our control-aware pruning system relative to other search methods
under a fixed time constraint. Specifically, we compare the models returned by each method within the same
search duration, assessing their parameter counts and corresponding MDRS. We adopt the same baseline methods
as in Experiment 1 for comparison. Four experiments are conducted under two different time constraints and two
dynamical systems (CC and F1). Across all scenarios, our system consistently produces models with the smallest
parameter counts while maintaining MDRS below the specified thresholds.

From Tables 7 to 8, we systematically compare various pruning strategies under different target objectives
and search time constraints. Overall, the Scaling Laws method exhibits consistently strong performance across
all settings. It not only satisfies the system-level safety requirements in terms of MDRS, but also achieves the
smallest parameter counts among all methods, demonstrating superior model compression capability. These
results collectively validate that our system achieves an effective balance among system-level safety, model
compactness, and search efficiency, illustrating strong generalization capability and practical value across diverse
objectives and time constraints.

5.6 Experiment 4: Controller-Guided Model Selection Strategy for Multi-Model Deployment

This experiment aims to validate the effectiveness of the proposed controller-guided model selection strategy
in a multi-model deployment scenario. The objective is to assess whether the strategy can efficiently identify
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competitive deployment combinations that simultaneously satisfy model safety requirements—measured by
MDRS—and hardware resource constraints—measured by parameter count.

A candidate pool of 180 pruned models was constructed, each corresponding to a distinct pruning rate and
covering a broad range of MDRS and parameter footprint combinations. The deployment task involves selecting
models for two dynamical systems, F1 and CC, under the following constraints: the MDRS of the CC model
must not exceed 17, the MDRS of the F1 model must not exceed 8, and the total model size must remain under
400 MB. The objective is to determine a model pair that satisfies all constraints while maximizing overall safety
performance.

Table 10. MDRS and Parameter Sum of Selected Model
Combinations

Table 9. Search Time Comparison Between Methods

MDRS Sum Parameter Sum (M)

Search Method Search Time (s) 16.33 104.66
Multi-methods 872.55 13.76 104.51
Brute Force 252,720.00 17.33 101.64
19.84 104.66

20.47 101.64

24.04 98.77

Table 9 compares the search times of different model selection strategies. The proposed multi-method controller
identified a valid model combination in 872.55 seconds, whereas the brute-force method required over 252,720.00
seconds, representing a substantial improvement in search efficiency by several orders of magnitude.

Table 10 presents several candidate combinations of two models, each satisfying the MDRS and parameter
size constraints while exhibiting varying levels of safety and resource usage. Among them, the final deployment
configuration has a total MDRS of 16.33 (CC: 8.95, F1: 7.38). Although the summation of MDRS values across
models lacks direct physical interpretability, it serves as a practical aggregate metric to facilitate quantitative
comparison among candidate configurations. Assuming full precision (float32) in YOLOvS, the 104.66 million
parameters result in a total model size of approximately 399.24 MB, calculated using Eq. 12, which remains
within the 400 MB parameter-budget. The selected model achieves a desirable balance between system safety and
resource efficiency. This configuration satisfies all deployment constraints while effectively utilizing the available
parameter budget.

Parameters x Bytes per parameter
10242
Although this solution is not globally optimal, it represents a high-quality suboptimal result obtained through
an efficient search process, underscoring the controller’s practicality under deployment constraints. Collectively,
these results demonstrate the controller’s ability to rapidly identify feasible sub-optimal configurations and further
refine them through model recovery, making it well-suited for real-world multi-model deployment scenarios
with stringent hardware limitations.

Model Size (MB) =

(12)

5.7 Accuracy and Efficiency of Scaling Law Construction

This section evaluates the accuracy and efficiency of scaling law construction for modeling the pruning-safety
relationship. We first establish a dense-sampling baseline to verify that the relationship can be accurately captured
under exhaustive evaluations, and then investigate whether comparable accuracy can be recovered using adaptive
sampling with significantly fewer reachability analyses.
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5.7.1 Dense Baseline: Scaling Law Accuracy under Exhaustive Sampling. We first evaluate the accuracy of the
proposed scaling law under a fully observed setting with densely evaluated pruning configurations. We collect
a dense dataset using ten pruning methods on two dynamical systems (CC and F1), resulting in 20 (method,
system) combinations. For each configuration, pruning ratios are densely sampled over [0, 0.4] to capture safety
degradation trends. Each data point includes the pruning ratio, the corresponding reachable set diameter, and
auxiliary performance metrics such as mAP.

Following Section 4.4, we fit a piecewise parametric function D(p; method) for each (pruning method, system)
pair to model the mapping from pruning ratio p to the predicted reachable set diameter D. Under this fully
observed setting, the dataset is randomly split into 80% for training and 20% for testing, and is used to train and
evaluate the scaling law by assessing its accuracy in predicting the reachable set diameter for each configuration.
Prediction accuracy is assessed by comparing the predicted diameter D,,;.q with the diameter Dy, obtained
from reachability-based safety evaluation, using mean relative absolute error (MRAE) as the evaluation metric.

Table 11. Summary of CC Pruning Methods and MRAE Table 12. Summary of F1 Pruning Methods and MRAE

Pruning Method Average Diameter MRAE Pruning Method Average Diameter MRAE
Structured_1_0 0.0359 Structured_1_0 0.0324
Structured _1_1 0.0040 Structured_1_1 0.0222
Structured_2_0 0.0309 Structured_2_0 0.0756
Structured _2_1 0.0040 Structured_2_1 0.0215
Pruning_Anything 0.0540 Pruning_Anything 0.0590
Structured_inf 0 0.0355 Structured. inf 0 0.0569
Structured_inf 1 0.0131 Structured_inf 1 0.0131
Structured_negative_inf 0 0.0805 Structured_negative_inf 0 0.0805
Structured_negative_inf_1 0.0860 Structured_negative_inf 1 0.0829
Network_Slimming 0.0951 Network_Slimming 0.0334

As summarized in Tables 11 and 12, the fitted scaling laws achieve MRAE below 10% across all pruning methods
and both control systems. These results indicate that, when the pruning—-safety relationship is sufficiently observed,
it can be accurately captured by the proposed piecewise scaling law formulation, providing a reliable reference
for subsequent experiments.

5.7.2  Dynamic Scaling Law Construction with Adaptive Sampling. While dense sampling provides a reliable
reference for the pruning=safety relationship, exhaustively evaluating all pruning configurations is compu-
tationally prohibitive due to the high cost of reachability-based safety evaluation. We therefore investigate
whether comparable accuracy can be achieved using adaptive sampling with significantly fewer evaluations,
while maintaining a strict separation between model construction and evaluation to ensure fairness and unbiased
assessment.

Pruning configurations are partitioned into disjoint training, validation, and test sets. Adaptive sampling draws
exclusively from the training set; the validation set (10%) controls termination, and the test set is used solely for
final generalization evaluation. We additionally evaluate extreme regimes where up to 50% of configurations are
held out to assess robustness under limited observability.

Adaptive sampling starts from a small set of uniformly distributed pruning ratios to ensure coarse coverage of
the pruning domain. New sampling points are selected using the interval-level scoring mechanism introduced
earlier, balancing safety variation and sampling sparsity (o = 0.7). After each update, a provisional scaling law is
fitted, and validation MRAE determines whether further sampling is required. The process terminates once the
validation error falls below the predefined threshold. All experiments are repeated five times with randomized
initialization orders, and results are reported as mean and standard deviation.
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Table 13. Dynamic Scaling Law on CC Table 14. Dynamic Scaling Law on F1
Pruning Method Diameter MRAE (mean =+ std) Pruning Method Diameter MRAE (mean =+ std)
Structured_1_0 0.0351 + 0.0059 Structured_1_0 0.0459 + 0.0121
Structured_1_1 0.0801 + 0.0179 Structured_1_1 0.0573 + 0.0349
Structured_2_0 0.0346 + 0.0046 Structured_2_0 0.0445 + 0.0068
Structured_2_1 0.0274 £ 0.0145 Structured_2_1 0.0309 + 0.0116
Pruning_Anything 0.0379 + 0.0052 Pruning_Anything 0.0593 + 0.0234
Structured_inf 0 0.0557 + 0.0244 Structured_inf 0 0.0472 + 0.0116
Structured_inf 1 0.0361 + 0.0165 Structured_inf 1 0.0595 + 0.0364
Structured_negative_inf 0 0.0727 + 0.0286 Structured_negative_inf 0 0.0641 + 0.0130
Structured_negative_inf 1 0.0487 + 0.0181 Structured_negative_inf 1 0.0427 + 0.0092
Network_Slimming 0.0299 + 0.0079 Network_Slimming 0.0477 +£0.0153

For accuracy comparison, we summarize the dense baseline results obtained under the most informative
sampling condition in Tables 11 and 12, while the corresponding dynamic scaling law results are reported in
Tables 13 and 14. Across all pruning methods and control systems, adaptive sampling achieves test-set MRAE
comparable to the dense baseline while requiring only a small fraction of pruning evaluations: Reported MRAE
values correspond to the 50% unseen generalization split, while the remaining 10% split is used solely for
early stopping during adaptive sampling. Although moderate performance variations are observed in a few
configurations, the overall generalization error remains stable and consistent with the dense-sampling reference.
Notably, this accuracy is achieved with significantly fewer safety evaluations, demonstrating a favorable trade-off
between predictive accuracy and computational cost.

Table 15. Average Time Cost Comparison for Scaling Law Construction

Method F1Time(s) CC Time (s)
Dense Baseline (Exhaustive Sampling) 25,801.28 30,384.62
Dynamic (Adaptive Sampling) 5,576.92 5,785.26

5.7.3 Accuracy—Cost Trade-off. In addition to prediction accuracy, we compare the control simulation cost
required to construct the scaling law. For both the dense baseline and the adaptive setting, pruning configurations
with extremely large diameters are excluded during construction, as such points are far beyond the safety-
relevant range and would otherwise dominate simulation time. As summarized in Table 15, adaptive scaling
law construction reduces the total control simulation time by a factor of approximately 4-6x compared to the
dense baseline, while achieving comparable prediction accuracy. Both settings apply the same practical filtering
strategy during construction, ensuring a fair comparison of simulation cost. Together with the accuracy results,
this demonstrates that the proposed adaptive scaling law construction achieves a favorable trade-off between
prediction accuracy and simulation cost, enabling practical safety-aware pruning under realistic computational
budgets.

6 Conclusion and Future Work

In this work, we proposed a control-aware neural network pruning framework that integrates system-level safety
metrics into the model compression process. By incorporating a control-theoretic diameter constraint MDRS
and constructing pruning scaling laws for YOLOv8-based distance estimation, our method enables efficient, safe,
and fully automated deployment of compressed models in real-world cyber-physical systems (CPS). Empirical
evaluations on autonomous driving tasks demonstrate that our approach not only achieves substantial pruning
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speedup (up to 148.33x), but also consistently identifies the most efficient models that satisfy strict safety
requirements under both single-model and multi-model deployment scenarios.

In the future, we plan to extend our framework to a broader range of perception tasks, such as semantic
segmentation and lane detection. Additionally, we aim to explore joint pruning in multi-controller coordination
scenarios, in which multiple safety-critical subsystems operate concurrently and pruning decisions must be
jointly optimized to satisfy global system constraints under limited computational budgets. We also believe
that incorporating inter-model dependency strategies may further enhance the applicability of our framework
to time-sensitive, resource-constrained CPS environments. Finally, while our current case studies use linear
dynamical systems, extending the framework to nonlinear system models (e.g., bicycle models for autonomous
driving) is a natural next step, as the reachability analysis techniques we build upon generalize to nonlinear
dynamics through conservative linearization [3].
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