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Abstract—The simultaneous optimization of neural network
topology and training remains an underexplored research di-
rection, despite its potential to improve model efficiency and
performance dynamically. This paper introduces a control-based
framework for jointly adjusting the structure and training
process of fully connected neural networks. The methodology
formulates the training and pruning process as a multivariable
dynamic system with two input variables—training process pa-
rameters and network architecture adjustments—and two output
variables—model performance and computational complexity. A
discrete two-dimensional Proportional-Integral-Derivative (PID)
controller is employed to regulate these inputs, ensuring a bal-
anced trade-off between accuracy and computational efficiency.
The control system is tested on a function approximation task,
where a fully connected network is initially set with redundant ca-
pacity and gradually optimized according to predefined reference
trajectories of performance and complexity. Experimental results
demonstrate the effectiveness of the proposed approach, revealing
the dynamic interaction between topology and training in real-
time network adaptation. The findings highlight the feasibility of
integrating control strategies into neural network optimization
and pave the way for future research on more advanced control-
based learning architectures.

Index Terms—neural network pruning, topology optimization,
control

I. INTRODUCTION

The rapid growth of neural network architectures has
brought significant advancements in various domains, yet it
has also raised challenges concerning their computational
cost and efficiency. This challenge is particularly evident in
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resource-constrained environments, where large-scale neural
networks must operate on end devices such as mobile phones
or embedded systems. Network pruning, a popular method
to reduce the size of neural networks while maintaining
acceptable performance, has emerged as a promising solution
[11-3].

State-of-the-art pruning techniques can be broadly catego-
rized into unstructured and structured methods. Unstructured
pruning focuses on reducing the number of connections in a
network, whereas structured pruning removes entire compo-
nents such as neurons, filters, or layers [4], [S]. Recent ad-
vancements include the application of neural topology search
[6], evolutionary algorithms [7], and deep reinforcement learn-
ing [2], [8] to guide the pruning process.

Unstructured pruning methods, such as weight pruning,
aim to identify and remove individual connections in a net-
work based on their magnitude [4]. These approaches, while
effective in reducing model size, often result in irregular
sparsity patterns, which can be challenging to leverage in
practice due to hardware inefficiencies. Structured pruning
methods address this limitation by removing entire neurons,
channels, or layers, thus maintaining architectural regularity
[5]. Examples of structured pruning include channel pruning
[9] and filter pruning [3], which rank and remove components
based on predefined criteria such as ¢;-norms or importance
scores. These methods, however, often rely on heuristics
and require extensive hyperparameter tuning, limiting their



generalizability.

Reinforcement learning-based pruning methods have
emerged as a promising alternative to traditional approaches.
For instance, authors in [2] employ a deep reinforcement
learning agent to determine the optimal pruning ratios
for each layer. The agent is trained on a specific neural
network and dataset, allowing it to learn a compression
strategy that is tailored to the task. However, reliance on
task-specific training limits the scalability of these methods
to new architectures or datasets. Similarly, methods such as
those proposed by [10] leverage global ranking techniques
to improve pruning decisions. Although these approaches
address some of the limitations of layer-specific methods,
they remain computationally expensive and often require
significant manual intervention.

The neural architecture search (NAS) represents another
avenue for optimizing neural networks. NAS methods aim to
automate the design of network architectures by exploring a
predefined search space [11]. Recent works have combined
NAS with pruning techniques to identify optimal topologies
while simultaneously reducing model complexity [8]. De-
spite their potential, these methods are often computationally
prohibitive, requiring substantial resources to search the ar-
chitectural space effectively. In addition, the search process
is typically decoupled from the training phase, leading to
inefficiencies.

The NEON framework introduced by [1] represents a sig-
nificant step forward in deep reinforcement learning-based
pruning. NEON trains a deep reinforcement learning agent
on a diverse set of architectures and datasets, enabling it to
generalize to previously unseen networks. By incorporating
a feature map-based representation of neural architectures,
NEON overcomes the limitations of local pruning strategies
and provides a global perspective on network optimization.
Additionally, NEON introduces a novel reward function that
allows users to specify their desired trade-offs between model
compression and accuracy preservation. However, NEON’s
primary focus is on dense networks, leaving its applicability to
other architectures, such as recurrent or graph neural networks,
an open question.

Despite these advancements, the integration of pruning
into the training process remains largely unexplored. Current
methods typically treat pruning as a separate post-training
step, requiring iterative fine-tuning to recover lost accuracy.
This decoupled approach not only increases computational
overhead but also limits the ability of the network to dynam-
ically adapt its structure during training. To address this gap,
we propose a novel framework that integrates pruning into
the training process, guided by principles from multivariable
system control. By simultaneously optimizing the network
topology and parameters, our method enables more efficient
resource utilization and real-time adaptability.

In summary, while existing pruning methods have made sig-
nificant strides in improving the efficiency of neural networks,
they are limited by their reliance on predefined strategies,
separate optimization phases, and a lack of adaptability to new

tasks. Our work seeks to bridge these gaps by introducing
a control-theoretic approach to simultaneous pruning and
training, representing a novel contribution to the field of neural
network optimization.

The main contributions of this article are summarized as
follows.

o We define the process of simultaneous neural network
training and pruning as a multivariable dynamic system
with two inputs and two outputs. This formulation enables
the integration of the process into a control loop.

o« We identify two output variables of the system: the
performance quality of the neural model and its computa-
tional complexity. These variables are treated as dynamic
quantities that can be controlled during the process.

« We define two input variables that dynamically affect the
outputs and can be used as control signals to control the
system.

e We present a simple example demonstrating the use
of this methodology for the simultaneous training and
pruning of a neural model, showcasing the feasibility and
potential of our approach.

The purpose of this contribution is to introduce the core

concept of the methodology while leaving a wide range of
specific implementations open for further research.

II. METHODOLOGY

In this section, our aim is to establish a comprehensive
framework that underpins the simultaneous optimization of
neural network training and pruning as a dynamic control
process. To achieve this, we must define the process that
represents the neural network simultaneous training and prun-
ing process as a multivariable dynamic system, including its
inputs, outputs, and internal dynamics. This model serves as
the foundation for integrating control theory into the training
process. Additionally, it is necessary to identify and formalize
the output variables that quantify both model performance and
computational complexity, as well as the input variables that
act as control signals influencing these outputs. By specifying
these components, we enable the design of a control loop ca-
pable of maintaining an optimal balance between performance
and efficiency. The methodology also requires an explanation
of the control loop structure, including the choice of control
algorithms and the feedback mechanisms employed. These
definitions provide the theoretical and practical basis for the
proposed approach and pave the way for its implementation
and validation in the subsequent sections. For the purposes of
this article, we will simplify the problem by considering only
fully connected feedforward neural networks. Extending the
methodology to general network structures will be the subject
of future research.

A. Multivariable Dynamic System

The simultaneous training and pruning of a neural network
can be formulated as a multivariable dynamic system suitable
for control. This system comprises two input signals and
two output variables. The input signals dynamically influence



the output, which represents the key metrics of the neural
model. Specifically, the two output variables are defined as
model performance, quantifying the accuracy or effectiveness
of the network on a given task, and computational com-
plexity, representing the computational resources required for
inference and training. By treating these outputs as dynamic
quantities, the system can be controlled to achieve a desired
trade-off between high performance and low complexity. The
input signals, on the other hand, correspond to parameters
or actions that directly influence the pruning and training
processes, such as the rate of pruning or the adjustment
of learning hyperparameters. These inputs serve as control
signals within the dynamic framework, enabling affection of
the outputs throughout the control process. The diagram of
the multivariable dynamic system within the control loop is
depicted in Fig 1.

Control signal 1 Model Pe;formance

Multivariable dynamic Computational
Control signal 2 system cornplexity
Controller

Desired trajectory of model
performance

Desired trajectory of computational
complexity

Fig. 1. Multivariable dynamic system representing the process of simultane-
ous training and pruning of a neural network model. The system is influenced
by two input signals provided by a controller, which adjusts these inputs based
on the desired trajectories of the system’s output variables: model performance
and computational complexity.

The neural network model considered in this study is
composed of fully connected layers. Each layer processes a
set of input features and generates a corresponding set of
outputs through weighted connections and nonlinear activation
functions. The network receives data samples at its input layer
and produces predictions at its output layer, which are then
compared to the target values to compute a loss. This loss
guides the training process, where the weights are iteratively
updated by backpropagation [12].

B. Output Variables

1) Model Performance: Model performance is a critical
output variable that quantifies the quality of the neural network
during training and evaluation. It is typically measured using
a loss function that reflects the network’s ability to perform
the desired task. The choice of the loss function depends on
the specific problem being addressed. For regression tasks,
the mean squared error (MSE) is commonly used to capture
the deviation between the predicted and the target values. In
classification tasks, variants of cross-entropy loss are widely
employed, as they effectively penalize incorrect predictions

while accounting for class probabilities. Other domain-specific
loss functions, such as hinge loss for support vector-based
approaches or focal loss for imbalanced datasets, can also be
used to define model performance. In this methodology, the
selected metric serves not only as a guide for optimization
during training, but also as a feedback signal for the control
system to ensure that the model achieves and maintains the
desired level of performance.

2) Computational Complexity: Computational complexity
is another essential output variable, representing the resources
required to deploy the neural network. This complexity is
influenced by various factors, including the topology of the
model, the number of neurons and layers, and the total number
of trainable parameters. For instance, deeper networks with
more neurons typically demand greater computational power
and memory. Additionally, the hardware on which the model is
executed plays a significant role in determining computational
complexity. Beyond the structure of the network, metrics such
as memory footprint, inference latency, and energy consump-
tion can also be considered to quantify computational com-
plexity. By monitoring and controlling this variable, the system
can ensure that the network remains feasible for deployment in
resource-constrained environments while meeting performance
requirements.

C. Input Variables

1) Input Variable 1 - Training process parameters: The
first input variable is designed to influence the performance of
the model by dynamically adjusting the parameters associated
with the training process. Key parameters include the number
of training epochs, batch size, learning rate, and regularization
terms. For example, increasing the number of epochs allows
the model to learn more from the training data, potentially
improving performance. Similarly, adjusting the batch size
can influence the stability of gradient updates and the con-
vergence behavior of the model. A smaller batch size may
yield more frequent updates, enabling finer adjustments to the
weights, while a larger batch size can improve computational
efficiency by leveraging parallelism. Hyperparameters such
as the learning rate and momentum terms are also critical,
as they control the speed and direction of weight updates
during optimization. Fine-tuning these parameters during the
training process enables the system to maintain high model
performance, adapting to changes in the data or network
structure.

2) Input Variable 2 - Network topology adjustments: The
second input variable focuses on computational complexity by
dynamically modifying the topology of the neural network.
This includes actions such as adding or removing layers,
pruning neurons within layers, or adjusting connectivity be-
tween layers. For instance, reducing the number of neurons
in a layer decreases the total number of trainable parameters
and the associated computational load. Similarly, pruning
entire layers can significantly reduce the memory footprint
and inference time, but with potential impacts on model
performance. Although this input variable is primarily aimed



at controlling computational complexity, its effects are not iso-
lated. Modifications to the network topology inherently affect
model performance, as the capacity of the network to represent
complex functions is directly tied to its structure. Therefore,
careful control and balancing of these adjustments are essential
to achieve the desired trade-off between performance and
efficiency. In other words, the interplay between the two input
variables highlights the need for a coordinated control strategy
to manage their combined impact on the output variables.

D. Control Strategy

With the process abstractly described as a multivariable
dynamic system, complete with defined input and output
variables, we can leverage control theory to design a control
loop. To implement such a control system, it is essential to
specify the desired trajectories for the output variables: model
performance and computational complexity. These trajectories
serve as benchmarks against which the system’s current state
is continuously evaluated.

The control loop in this context should incorporate ad-
vanced control algorithms, such as model predictive control
(MPC) [13] or linear quadratic (LQ) regulation [14]. MPC,
for instance, uses a model of the dynamic system to predict
future behavior over a finite horizon and optimizes input
variables to minimize deviations from the desired trajectories
while satisfying constraints. This approach is particularly well-
suited for our application, as it accommodates the interplay
between the input and output variables and ensures stability
and adaptability in dynamic conditions. LQ regulation, on
the other hand, minimizes a cost function that balances the
trade-offs between deviations from the desired outputs and
the control effort required to achieve them. This method
is computationally efficient and robust, making it a strong
candidate for resource-constrained implementations.

Additionally, traditional multi-input multi-output PID con-
trollers [15] or cascaded control structures [16] can also be
considered. These approaches provide well-established and
computationally simple solutions that may be advantageous
in scenarios where model-based optimization techniques are
infeasible or excessive in complexity.

The integration of such control strategies enables the system
to dynamically adjust training parameters and architectural
modifications in response to real-time feedback, achieving
an optimal balance between performance and efficiency. This
adaptive approach not only improves the overall effectiveness
of the training and pruning process but also paves the way for
practical deployment in diverse computational environments.

III. DEMONSTRATIVE EXAMPLE

The methodology presented in this work has been described
in a highly abstract and concise manner, leaving many con-
cepts undefined or underexplored. These gaps are intentional
and will be addressed in future research, allowing for a
more comprehensive development of the proposed framework.
The purpose of this demonstrative example is to showcase a
minimalist implementation of the methodology for designing

a computationally efficient topology of a fully connected
feedforward neural network for an approximation task. This
example serves as a practical illustration of the framework,
demonstrating its feasibility and potential to solve real-world
problems.

A. Problem Statement

In this demonstrative example, we define the task of approx-
imating a mathematical function using a fully connected neural
network while simultaneously pruning the network topology
according to the proposed methodology. The target function
to be approximated is given by the following expression.

2(xy,x2) = sin(may) - cos(mwa) + 0.52% — 0.523. (1)

The function is defined in the domain z1,x9 € [—1,1].
A visualization of the function is shown in Fig. 2. The
objective is to train a neural network to approximate this
function with high accuracy while dynamically optimizing its
topology to achieve computational efficiency. The optimization
process follows the methodology described earlier, where
model performance and computational complexity are treated
as dynamic quantities controlled during training.

Fig. 2. Visualization of the function to be approximated.

The neural network will consist of fully connected layers,
where the number of neurons can be dynamically adjusted.
The input layer receives the two-dimensional input (x7,z2),
and the output layer produces a single scalar value that
approximates z(z1, 22). The control strategy will regulate both
the training parameters and the network structure, ensuring an
optimal balance between accuracy and computational cost.

B. Initial Configuration of Neural Network Model

At the beginning of the simultaneous pruning of topology
and training, it is necessary to select a sufficiently redundant



neural network configuration. In this study, we start with a
fully connected feedforward neural network with two input
nodes, a single output neuron, and three hidden layers, each
containing ten neurons, i.e., the topology is referred to as
[2-10-10-10-1]. The activation function used in all hidden
neurons is the hyperbolic tangent (tanh), ensuring non-linearity
and smooth gradient propagation.

The mathematical formulation of the neural network func-
tion can be expressed as follows.

h™ = tanh(WBx + b)) )
h® = tanh(W®@h® + b)) 3)
h® = tanh(WEh? + b®) 4)

2 =WWnh® 4 p® (5)

where x € R? represents the input vector, h(? are the
activations of the hidden layers, W) and b(® denote the
weight matrices and bias vectors for each layer, and Z € R is
the final output of the network.

This initial configuration provides a sufficiently expressive
model capable of learning the target function while allowing
subsequent structural optimization to improve computational
efficiency.

C. Output Variables

For the process of simultaneous pruning of the topology
and training, it is essential to define two output variables
in accordance with the proposed methodology: model perfor-
mance and computational complexity. These variables serve as
dynamic quantities that guide the regulation process, ensuring
an optimal trade-off between the accuracy of the neural model
and its computational efficiency throughout the optimization
procedure.

1) Model Performance: For approximation tasks, model
performance is typically evaluated using a loss function that
quantifies the deviation between the predicted outputs and
the expected values. A widely used metric in this context is
the Mean Squared Error (MSE), which measures the aver-
age squared differences between predicted and actual values.
Given its effectiveness in capturing the quality of function
approximation, we adopt MSE as the performance measure in
this study.

Mathematically, the model performance variable, denoted
as y1, is defined as:

1 & .
n=5 Z(ti - %)%, (6)
i=1
where N is the number of samples in the dataset, ¢; repre-
sents the expected output for the i-th sample, and Z; is the
corresponding predicted output of the neural network.

This metric provides a smooth and differentiable cost func-
tion, making it well-suited for gradient-based optimization
methods commonly used in neural network training. By min-
imizing y1, the network adjusts its parameters to improve its
approximation capability.

2) Computational Complexity: The computational com-
plexity of a neural network topology can be evaluated using
several approaches. These methods may consider factors such
as the number of neurons, the number of layers, and the com-
putational cost of individual operations within the topology.
In general, a more complex topology with a larger number of
neurons and layers requires greater computational resources,
both in terms of training and inference.

For simplicity, in this study, we define computational com-
plexity as the relative number of trainable parameters in the
neural network. This metric provides a straightforward yet ef-
fective way to quantify the network’s structural complexity and
serves as a control variable within the proposed optimization
framework.

Mathematically, the computational complexity variable, de-
noted as yo, is defined as:

L—1
Ng - Nj1
=1

?

Y2 = T4 .
DR "My
i=1

; (7

where:

o L is the number of layers in the current topology,

e n; represents the number of neurons in the i-th layer of
the current topology,

e Ly is the number of layers in the initial topology,

« nY represents the number of neurons in the i-th layer of
the initial topology.

This formulation ensures that y- is normalized within the
range [0,1], where a value of 1 corresponds to the initial
topology with maximum complexity, and lower values indicate
reduced complexity due to pruning or structural modifications.

By monitoring and controlling y2, the system can dynam-
ically adjust the network structure to balance computational
efficiency with model performance, ensuring optimal trade-
offs between accuracy and resource constraints.

D. Input Variables

In accordance with the proposed methodology, it is essential
to define two input variables that serve as control actions
within the control loop. These variables dynamically influence
the structure and training process of the neural network,
enabling real-time optimization of both model performance
and computational complexity. Each input variable is designed
to target a specific aspect of the optimization process.

1) Input Variable 1 - Training process parameters: The
training process of a neural network is influenced by various
hyperparameters, which govern the optimization procedure
and affect the performance of the final model. Key hyperpa-
rameters include the learning rate, batch size, regularization
coefficients, and the number of training epochs. Each of
these parameters plays a crucial role in the convergence and
generalization capabilities of the model.

For clarity and simplicity, in this study, we define the first
input variable as the number of training epochs per control



step. This choice allows for direct regulation of the extent to
which the model is trained before potential structural modifi-
cations. The input variable is constrained within a predefined
range, where the minimum value corresponds to training for a
single epoch, ensuring that the model updates its parameters
at least once per step, while the maximum value is set to 50
epochs, allowing for more extensive training when needed.
Mathematically, the first input variable uq is defined as:

uy € [1,50], ®)

where wu; represents the number of training epochs in a
given control step. By dynamically adjusting wu;, the control
system can influence model performance while maintaining
computational efficiency, forming an essential part of the
adaptive optimization process.

2) Input Variable 2 - Network topology adjustments: The
topology of a neural network can be adjusted in various ways
to optimize computational efficiency while maintaining suffi-
cient representational capacity. Structural modifications may
involve altering the number of layers, changing connectivity
patterns, or adjusting the number of neurons in individual
layers. In this study, we define the second input variable as
the total number of neurons across all hidden layers, allowing
the system to dynamically add or remove neurons during the
optimization process.

The input variable ug is constrained within predefined
limits, where the minimum configuration consists of two
neurons per hidden layer, while the maximum corresponds to
the number of neurons in the initial topology. Formally, this
variable is defined as:

L
uz € |2L,) n|, ©)
i=1

where L is the number of hidden layers, and n{ denotes the
initial number of neurons in the i-th hidden layer.

Neuron Addition and Removal Mechanism: In each control
step, if us is less than the total number of neurons in the hidden
layers, a neuron is removed. In contrast, if us is higher, a
neuron is added. To maintain balanced layer-wise adjustments,
probabilistic selection mechanisms determine which layer is
affected.

a) Layer Selection for Neuron Addition or Removal:
The probability of selecting a layer ¢ for neuron modification
is determined based on the current distribution of neurons
between layers. We define the probability P; of choosing layer
1 as:

g

L
> j=1"

where n; is the current number of neurons in layer ¢. This
ensures that modifications are distributed proportionally across

layers, preventing excessive reduction in a single layer while
preserving overall architectural balance.

Py = ) (10)

b) Neuron Selection for Removal: Once a layer is se-
lected for neuron removal, the specific neuron to be removed
is chosen based on the similarity of its incoming weight
connections. The probability P; of removing the neuron j from
the layer ¢ is given by:

1
Pj :EZGXP(_”WJ'_WkH?)? (In
k#j

where w; and wy, represent the weight vectors of neurons
j and k, respectively, and Z is a normalization factor ensuring
>~ P; = 1. This approach prioritizes the removal of neurons
whose weight configurations are highly redundant with others,
thereby minimizing loss of representational diversity.

c) Neuron Addition Mechanism: When a neuron is
added, the target layer is selected using the same probability
distribution P;. The newly added neuron inherits random initial
weights, following the standard initialization scheme used in
the network.

The dynamic adjustment of the network topology directly
influences both computational complexity and model perfor-
mance. By selectively modifying the number of neurons, the
system can balance resource constraints while maintaining
adequate learning capacity.

E. Neural Network Training Algorithm

For training the neural network, we utilized the Keras
deep learning framework, leveraging its built-in optimization
functionalities. Specifically, we used Adam optimizer [17], a
variant of stochastic gradient descent that adaptively adjusts
learning rates for individual parameters. The learning rate
was set to 0.001, ensuring a balance between convergence
speed and stability. The loss function used for training was
the Mean Squared Error, which aligns with the defined model
performance metric.

F. Effect of Input Variables on Output Variables in Multivari-
able Dynamic System

To analyze the impact of the input variables on the output
variables, we perform a simulation where step changes in the
input variables are introduced in different time instances. By
monitoring the resulting trajectories of model performance and
computational complexity, we gain insight into the system’s
response dynamics. The resulting courses are shown in Fig. 3.

Fig. 3 illustrates the impact of the input variables u; and us
on the output variables y; and ys. It is evident that when u; is
set to a low value, the decrease in y; is gradual, indicating a
slow improvement in the model performance. However, when
uy is increased to a higher value, y; exhibits a steeper decline,
demonstrating a more rapid convergence of the neural network
training process.

Additionally, the results confirm that uo does not exclusively
influence computational complexity yo but also affects the
performance of the model y;. Structural modifications to
the network, such as adding or removing neurons, introduce
changes in the network’s representational capacity, which in
turn impacts the accuracy of function approximation.
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Fig. 3. Step responses of the multivariable dynamic system.

To maintain a consistent positive gain relationship between
all input and output variables within the control framework,
it is necessary to use y; with a negative sign in subsequent
analysis. This transformation ensures that an increase in u; or
ug leads to an intuitive and consistent system response.

G. Control Strategy

Various control strategies can be employed to regulate a
multivariable dynamic system. However, for simplicity and
clarity of this study, we implemented a two-dimensional
proportional integral derivative (PID) controller to adjust the
input variables u; and uy based on the deviation of the output
variables y; and y- from their desired values.

The control law is defined as follows.

de(t)

¢
u(t) = Kpe(t) + KI/ e(t)dr + KDW’ (12)
0

e u(t) = i is the vector of input variables,
us(t)

e1(t) Y =y (0)] .
e(t) = = is the vector of control
. ( ) €9 (t) |:ygef - Yo (t)

errors, defined as the difference between the reference

values and the current system outputs,
« Kp,K;,Kp € R2%2 are gain matrices for the propor-
tional, integral, and derivative components, respectively.
The PID controller ensures that deviations of y; and yo

from their desired trajectories are dynamically corrected. The
proportional term provides immediate corrective action based

on the current error, the integral term accumulates past er-
rors to eliminate steady-state offsets, and the derivative term
anticipates future errors by considering the rate of change.

Since the process studied in this work operates in discrete
steps, the PID controller is discretized using finite difference
approximations.

Adjusting the gains in Kp, K, and K p, the controller can
be tuned to balance response speed, stability, and steady-state
accuracy.

H. Reference values of output variables

During the simultaneous pruning of the topology and
the training, both output variables should exhibit a decreas-
ing trend. The final values of these variables are problem-
dependent and influenced by the computational capabilities of
the hardware on which the resulting neural network will be
deployed. An optimal trade-off between model performance
and computational complexity must be achieved to ensure both
high accuracy and efficiency.

In this study, we define the reference trajectories for the
output variables, composed of 50 samples, as follows.

o The model performance metric, y;, follows a logarithmic
decay from an initial value of 0.5 to a final value of 0.001
over 50 steps.

o The computational complexity metric, y-, follows a linear
decrease from an initial value of 1 to a final value of 0.2.

These reference trajectories ensure that the neural network
gradually improves its accuracy while simultaneously reducing
its structural complexity, allowing for efficient deployment on
target hardware. The logarithmic decay of y; reflects the typi-
cal behavior of loss functions in neural network training, where
rapid initial improvements are followed by slower refinements.
The linear reduction of y, ensures a steady and controlled
decrease in computational complexity without abrupt structural
changes.

1. Simultaneous Training and Pruning Experiment

The matrices for the PID controller were configured based
on preliminary tests, taking into account the expected relation-
ships between the input and output variables. The remaining
parameters of the experiment were set according to informa-
tion reported earlier in the study.
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The final courses of all input and output variables are
presented in Fig. 4.

The observed courses indicate that the process of simultane-
ous pruning of the neural network topology during its training
yields favorable results in this case. The network topology was



0.0
wy
o024 —»n1
=
~0.4 /
T T T T T T
0 10 20 30 40 50
20 4
s
10 4
0 T T T T T T
0 10 20 30 40 50
1.0
w2
~ — Y2
> 0.5
0 10 20 30 40 50
301
~
)
20 1
0 10 20 30 40 50
Steps

Fig. 4. Simultaneous training and pruning experiment.

streamlined from the initial configuration of [2-10-10-10-1] to
[2-6-5-5-1], and a consistent trend of decreasing computational
complexity was maintained. Throughout this process, training
was conducted, gradually reducing the mean square error y; in
approximately the desired manner. It is also evident that in the
cases where changes in topology caused a sudden fluctuation
in the mean square error, the control process eliminated this
fluctuation through a faster increase in the input variable ;.

IV. CONCLUSIONS AND FUTURE DIRECTIONS

The aim of this study was to demonstrate the methodology
of integrating pruning into the neural network training process,
guided by the principles of multivariable system control.

The results of our experiment indicate the feasibility and
potential of this methodology, showcasing its effectiveness in
achieving a balance between model performance and com-
putational complexity. However, the main purpose of this
study was primarily to demonstrate the core concept of the
methodology and to present a potential implementation of this
methodology through a simple demonstration task. There was
no ambition to analytically justify each individual step or to
test the validity of the chosen hypotheses. This will be the
subject of future research, which opens up several directions
for further exploration. These directions include:

1) Advanced control techniques: Future work could explore
more sophisticated control strategies, such as model
predictive control or linear quadratic control, to further
enhance the efficiency and robustness of the training and
pruning process.

2) Computational complexity management: Investigating
advanced techniques for managing computational com-
plexity, such as hardware-aware pruning or energy-

efficient training algorithms, could provide additional
benefits to resource-constrained environments.

3) Training process optimization: Further research could
focus on optimizing the training process itself, including
the development of new hyperparameter tuning methods
or adaptive learning rate schedules that dynamically ad-
just based on the network’s performance and complexity.

4) Generalization to other neural network types: Extending
the proposed methodology to other types of neural
networks, such as recurrent neural networks, convolu-
tional neural networks, or graph neural networks, would
broaden its applicability and demonstrate its versatility.
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