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Abstract

This work studies neural network pruning with metaheuristic optimization meth-
ods. Pruning was formulated as an optimization problem with a target function
that is a weighted sum of neural network accuracy and sparsity. This problem
was solved with stochastic metaheuristic methods (Genetic Algorithm and Particle
Swarm Optimization) that generate binary masks. Obtained results demonstrate
that pruning with metaheuristic methods is comparative with Lo pruning when
finetuning is possible and is significantly more performant when no post-pruning
finetuning is available.

Keywords: neural networks, pruning, metaheuristic, Genetic Algorithm, Particle

Swarm Optimization, Lo pruning.



1 Introduction

Neural networks are already capable of solving problems of classification, regres-
sion, optimization, comparison, inference, forecasting, and much more. They
have become an extremely powerful tool capable of even replacing humans in
some cases. To handle complex tasks, neural networks perform a large number
of computations. As a result, they require extended processing time, as well as a
significant number of resources and memory, which is sometimes redundant.

One of the ways to reduce a neural network is pruning. This means removing
neurons, filters, or channels that are less important to reduce the number of pa-
rameters. One of the most popular methods is Lo pruning, which removes filters
at once, but this method does not always give great performance, especially when
the model’s structure is not well aligned with the importance of some parts.

In this paper, we explore two metaheuristic algorithms: Genetic Algorithm and

Particle Swarm Optimization.

1.1 Relevance

Nowadays, many neural networks help people in all spheres of life, but not all of
them have the ability to use powerful servers. Therefore, pruned neural networks
can work just as well without using a lot of memory, for example, on a smartphone,
laptop, or tablet. Metaheuristic methods are well suited for this task because they
do not require knowledge of the model, take into account the relationships between
different parts, and do not require gradient calculations.

Although there is already quite a bit of research on this topic, these methods are
not yet well understood. In particular, they have not been compared much with
classical pruning methods. In this paper, we consider GA and PSO methods with
different hyperparameters and compare the results in terms of accuracy, sparsity,

and pruning time with the classical Lo approach.

1.2 Research Aim and Objectives

The aim of this work is to investigate the effectiveness of metaheuristic algorithms,

namely the Genetic Algorithm and the Particle Swarm Optimisation, for pruning



the parameters of the convolutional neural network LeNet5 in order to reduce the

model size without significant loss of accuracy on the MNIST dataset.



2 Literature Review

2.1 Neural Network Pruning: Overview and Classification

From the first days of neural networks research, it was mentioned that many
parameters in networks could be removed without significant loss in performance.
With the advent of deep learning models, this observation became more relevant.
The Lottery Ticket Hypothesis is an idea that supports this view. It says that
inside a large randomly initialized neural network, there is a smaller subnetwork,
like a “winning ticket”, which can perform just as well or even better than the full
model[4].

One of the most effective methods of reducing the complexity of a neural network
is pruning, which involves removing less important parameters. The goal may
be to reduce the size of the model, minimize the computation time, and lower

memory consumption without greatly reducing accuracy.

2.1.1 By granularity

Pruning is distinguished by granularity, namely structured and unstructured.
Structured pruning removes individual weighting factors, regardless of their loca-
tion. This allows for high resolution but requires specialized hardware or libraries
[7]. In turn, structured pruning removes filters, channels, neurons or layers. This
approach is better for practical applications, as it resizes the tensors and can be

implemented on a not powerful machine[19][20].

2.1.2 By importance evaluation

Another key characteristic is how the importance of parameters is assessed. Magnitude-
based pruning is one of the most common approaches, which removes parameters
with absolute values[8]. There are also methods that take into account gradients,
for example, the product of weight and weight gradient or activation effect, which
analyses how much a parameter affects the neuron’s output[I2]. Methods that
estimate the change in the loss function when weight is removed are Hessian-
based saliency methods, such as Optimal Brain Damage[l17] and Optimal Brain

Surgery[11].
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2.1.3 By application stage

The pruning of neural networks is also classified by the application stage. One
of the most popular is post-training pruning. First, the model is trained on
the dataset, and then it is pruned with possible fine-tuning[7]. Moreover, this
method was used in our study. The other method is iterative pruning, which
means that the model is pruned and fine-tuned for several iterations. This allows
to maintain high accuracy of the model[5]. SNIP and similar methods perform
pruning before training, and the importance of connections is measured based
on the loss gradient|[I§]. There is also dynamic pruning, in which the network

structure is reduced during training.

2.2 Metaheuristic Algorithms in Model Compression

Metaheuristic algorithms are becoming more popular in neural network pruning
because of their ability to efficiently search for good combinations of parame-
ters in large and complex spaces. In pruning these methods help with finding
binary masks that increase sparsity with little loss of model accuracy. Two
of the most common methods include Genetic Algorithm and Particle Swarm
Optimisation[29]. The performance of each candidate is evaluated based on the
model’s accuracy on a validation set and the sparsity level of the network.
Genetic Algorithms inspired by natural selection include processes such as crossover,
mutation, and selection of population. These algorithms are useful when it is com-
plicated to define the importance of each weight analytically, without relying on
gradients or norms. GA looks for an optimal mask globally and this mask deter-
mines which weights should be kept and which should be reset to zero[22].

The Particle Swarm Optimisation method simulates the behaviour of a group of
particles that improve their position based on their own and global experience.
Also, a bit of randomness is added to make more unpredictable masks|15].

In addition to these metaheuristics, Simulated Annealing, Ant Colony Optimiza-
tion, Differential Evolution, and others are also used to prune neural networks.
These methods have their own advantages and algorithms that reduce the net-

work in one way or another without calculating gradients.
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2.3 Applications of Genetic Algorithms and Particle Swarm
Optimisation in Pruning

Recently, researchers have been exploring the use of metaheuristic algorithms
for deep neural network pruning. These approaches are especially interesting
because they can perform black box optimization, which means that they do not
use gradients to estimate the weight importance[24]. In metaheuristic methods,
the model itself acts as a black box, we do not know in detail how the parameters
of the method affect the output, but simply calculate the accuracy as an output

metric and optimize it.

2.3.1 Usage of GA in Pruning

Yang et al.[30] propose in the study a multi-objective pruning framework based
on the GA algorithm for CNN comparison. This work aims to achieve two goals
to preserve the accuracy of the model and to remove as many parameters as pos-
sible. Experiments have shown that a multi-objective search using the heuristic
GA method on the standard MNIST dataset reduces the model by 95.42% while
almost maintaining the classification accuracy.

Hancock[10] in his work was one of the first to propose to prune a neural network
using metaheuristic methods, namely the Genetic Algorithm. A full connected
net is first trained using backpropagation on the target problem. The GA re-
moves connections before retraining the network. The pruned model achieves
good results on the validation set. However, the pruned network does not train
well from random start weights. To solve this issue a gradually increasing random
weight component is introduced during the GA process. The results of this paper
showed that the network after GA performs reliably even when starting from ran-
dom initial weights. The author also highlights the permutation problem, which
means that neural networks that behave identically can have different internal
representations, which complicates for algorithm to find the optimal structure.

This problem is partially solved by using pre-trained weights.
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2.3.2 Usage of PSO in Pruning

Tu et al.[26] developed a method in which a modified discrete version of the
particle swarm optimization is used to find the optimal masks that determine
how much weight to hold. The results showed that this approach can reduce the
size of the model without losing accuracy.

Huang et al.[T13] propose PSOPruner, a pruning framework for CNNs designed for
photovoltaic module defect classification. Their approach uses the PSO algorithm
to improve the pruning ratio on a layer-by-layer basis, unlike the earlier mentioned
PSO-based pruning method that relies on binary masks to remove individual
connections. PSOPruning uses real numbers to determine the best pruning ratio
for each layer and showed improved classification performance.

In another paper, Mayanglambam et al.[2I] combine the PSO algorithm with
clustering to detect outliers based on KNNs. This approach is not explicitly
aimed at pruning neural networks, but it demonstrates the flexibility of PSO. In
the study PSO was used by the authors to optimize cluster selection and remove
noisy and less important data points, improving the performance of the KNN

classifier.

2.4 Challenges and Gaps in Existing Research

Although metaheuristic methods have been used for neural network pruning for
many years, several important challenges remain. First, a lot of GA and PSO ap-
proaches rely on binary representations, which limit the search space and require
more complex architectures. This makes it difficult to apply them to larger mod-
els like ResNet or YOLO. Second, most experiments are still conducted on simple,
well-known datasets. That does not reflect the complexity of real-world tasks. It
complicates the evaluation of methods in practice. Third, the issue of outliers and
noises is not taken into consideration. In spite of the fact that in many cases it can
negatively affect model robustness. Finally, there’s a lack of comparative studies
between different metaheuristics and traditional pruning methods. Researchers
tend to use different definitions of sparsity or objective functions, which makes it

difficult to evaluate and compare pruning strategies across studies.
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3 Methodology

3.1 Problem Statement and Research Objectives
3.1.1 Formalisation of the optimisation problem

Let f(0, x) indicate a neural network with parameters # € R" and input a vector
x € R?. We define a binary pruning mask m; € {0,1}", where m; = 1 indicates
retention of parameter #;, and m; = 0 indicates pruning. The pruned network is

represented as
fpruned(x) - f(m ©O) 97 x);

where © denotes element-wise multiplication.
The goal is to find a mask m that minimizes the multi-objective loss function and

balances between model performance and model sparsity:
L(m) = A - Error(f(m ® 6,x)) + Ay - (1 — Sparsity(m)),

where

A1, Ay € [0, 1] are hyperparameters that control the trade-off between accuracy
and sparsity;

Error(f(m ® 60, x)) represents the prediction error of the pruned model;

the sparsity indicator shows us how much the model has shrunk and helps us
discard masks that are not important. Sparsity(m) measures the proportion of
parameters that are pruned and calculated as the following:

n

Sparsity(m) = 1 E (1 —my)
n
i=1

3.1.2 Definition of Search Space

The optimization is performed over a discrete hypercube in n dimensional space,

that defines the discrete search space of all possible binary masks:
m € {0, 1}".

A continuous relaxation of binary mask z € [0, 1]" can be used with a threshold
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value:
1, if z; > 5,
m; =
0, otherwise,
where § € (0,1) is a threshold parameter that determines whether an element in

the vector z is interpreted as 1 (retained) or 0 (pruned).

3.2 Description of Pruning Algorithms
3.2.1 GA pruning algorithm

The Genetic Algorithm is a part of the metaheuristic and was inspired by natural
biological processes such as selection, crossover, and mutation. In the problem
of neural network pruning the goal of the approach is to make a binary mask
m € {0,1}" where m; = 1 means preserving the weight of § and m; = 0 means
zero it out. Therefore, each individual in the population represents a vector of
length n that corresponds to the number of parameters in the network. It is
important to note that this method is stochastic, meaning that the results can
vary with each new run. This happens because of random starting values and
processing of it with some randomness.

The algorithm includes the following main steps[6]

1. Initialization of the population. The process of population initialization be-
gins by randomly generating an initial set of binary masks. The size of pop-

ulation is chosen in advance.

2. Evaluation (Fitness Calculation). For each mask, the accuracy is calculated

on the validation set. Sometimes the multi-objective loss is used.

3. Selection. The best masks are chosen using tournament selection with the
highest fitness[2§].

4. Crossover. In the selected pairs some bits are taken from one of the parents,

others from the other and we are getting a new child.

5. Mutations. Some individual bits are accidentally flipped with a small prede-

fined probability pyut. This helps maintain genetic diversity in the population.
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Figure 1] shows different types of mutations. In [Figure 1a|, a single gene is
mutated, i.e., only one element in the mask is changed to the opposite.

shows the replacement of a group of genes, and shows the

mutation of several genes in different locations, single and sequential.

—> —> —>

(a) Single-gene mutation (b) Multi-gene mutation (¢) Multi-gene mutation

Figure 1: Types of mutation[2§]

6. Replacement. The new generation replaces the old one.

7. Stopping. The algorithm is a repeated fixed number of times or until the

accepted accuracy is reached

Pseudocode for GA:
Input: M — pretrained model, D, — validation loader,
G — number of generations, N — population size, s — elite size,

Pmut — Mutation probability, A1, Ay — fitness weights

—_

. Initialize population P with N binary masks

2. for each mask m in P do

3: Load model with original weights

4: Apply m as binary mask

5: Compute fitness of m as weighted sum of accuracy and sparsity
6: end for

7. for g =1 to G do

8: Evaluate fitness for each mask in population

9: Sort population by fitness

10: Select top s masks using tournament selection as elite

11: Initialize new population with elite masks
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12: while population size < N do

13: Select two parents from elite randomly

14: Perform crossover to create a child

15: for each bit in child do

16: Apply mutation with py.e probability (flip the bit)
17: end for

18: Add child to new population

19: end while

20: Replace population P with new population

21: end for

22: for each mask m in final population do
23: Evaluate accuracy
24: end for

25: return mask with highest accuracy

One of the biggest advantages of a Genetic Algorithm is that they do not need
to calculate gradients or special weight estimates|25]. Instead, they try different
combinations of weights and evaluate the model with each set. Another advantage
of GA is the ability to use it for structured and unstructured pruning, as the
algorithm can remove not only individual weights but also filters and channels|14].
Also, GAs are well suited for tasks where a large search space is used. Through
the use of selection, crossover, and mutation, GAs can find good results where
classical methods get stuck[30].

Despite the advantages, this approach also has some disadvantages. One of the
biggest disadvantages is that this algorithm is computationally expensive, as the
entire model is calculated for each individual, especially if there are a large number
of generations[I]. Another disadvantage is that it is stochastic, meaning that the

results vary depending on the initialisation of the model and random factors.

3.2.2 PSO pruning algorithm

The Particle Swarm Optimization (PSO) algorithm belongs to metaheuristics and
was inspired by the behaviour of a wasp swarm, a flock of birds, and a shoal of
fish. Similar to GA, it is stochastic and the results change with each new run.

The algorithm represents each candidate solution, called a particle, as a vector
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of real-values z € [0,1]", where n is the number of parameters in the model.
This vector is binarised by threshold ¢ during the algorithm and a binary mask
m € 0,1" is formed.

1, ifz >0 )

m; = fori=1,....,n

0, otherwise
Each particle has its own velocity vector v € R™ and updates its position based
on the best personal and best global position in the swarm. The rule for updating

the velocity and position per iteration ¢ is as follows|[1]:

U(t—i—l) —w- vt +c - (pbest _ Zt) +ey Ty - <gbest o Zt)
Z(t+1) _ zt + ,U(t+1)

where:

e w - is the inertia weight, which controls how much the particle keeps moving

in the same direction as before. The higher w the faster the particle moves.

e c; and ¢y are the acceleration coefficients. They determine how strongly the
particle is pulled toward its own best-known position and the global one.
These control the balance between individual cognitive learning and group

behaviour social learning.

e r; and 7 are random values sampled from a uniform distribution U (0, 1).
They add randomness to the movement and help avoid getting stuck in local

minima.|13]

o pP°5! refers to the personal best position where it had the highest accuracy.

o ¢"*! refers to the global best position of a swarm found in the current iteration.

After each update, the vectors are converted to binary values according to the
0 threshold. As a result, a mask m is formed, which determines which model

weights remain and which are removed.
Pseudocode for PSO:
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2

3

4

5:

6:

7

8:

9:

10:

11:

12:

13:

14

15:

16:

17:

18:

19:

20:

21:

22:

23:

24:

25:

26:

27:

28:
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Input: N — number of particles, T' — number of iterations,
w — inertia coefficient, ¢q, cs — cognitive and social coefficients,
d — threshold for binary mask, £(m) — fitness function,

Dy, — validation loader,

. Initialize N particles with random real-valued positions z; € [0, 1]"
. Initialize velocities v; < 0 for each particle

. Initialize personal best < z; for each particle

. for each particle 7« do

Generate binary mask m; from z; using threshold ¢
Load model

Apply mask m; and evaluate fitness f;
Store f; in personal best scoresli]
if f; > global best score then:
global best < z;
global best score < f;
end if
end for

. fort=1to T do
for each particle 7 do
Sample r1,r9 ~ U(0,1)
Update velocity v; <= w - v; +¢1 - 11 - (personal _best[i] — z;) +co - 1o -
(global _best — z;)
Update position: z; < z; + v;
Clip z; to [0,1]
Generate binary mask m; < (z; > §)
Load model
Apply m; and evaluate fitness f
if f > personal best scores[i| then
personal _best[i] < z;
personal _best _scoresli] < f
end if
if f > global best score then
global best < z;
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29: global best score < f

30: end if

31: end for

32: Save best accuracy from model pruned with global best to history
33: end for

34: return binary mask derived from global best using threshold ¢

Let us examine the advantages and disadvantages of this algorithm.

PSO, like GA, does not require the gradient or knowledge of the structure of
the model[3]. This makes it a flexible method that can be applied to any neural
network. Another advantage is that PSO uses real-valued vectors, making it
suitable for generating soft pruning masks that can be later binarized[13]. This
soft representation makes it easier to control the sparsity of the network with the
threshold. Because particles adjust their position based on personal and global
information, the algorithm is less likely to get stuck in local minimall, 27].
Although the algorithm has many advantages, it also has some limitations. It is
difficult to control the sparsity or to know in advance how long the model will be
fitted[29] since the result depends on the distribution of the vector. Also, since
a binary mask is used, it is difficult to optimize accurately, because we do not
store the exact parameters in the mask. In the case of large models with a large
number of particles, the algorithm will be time-consuming[I] and in the case of a
small population, it will not achieve good results. Also, the metric on which the
particles are oriented plays an important role in this algorithm, and sometimes it
is difficult to choose its value. If the hyperparameters are not chosen correctly,
the algorithm will not work stably. Particles may get stuck in local minima or

move too chaotically[31].

3.2.3 L, pruning

Ly pruning is a method of structural pruning. We implement this method as a
baseline approach for comparison with metaheuristic methods. It is one of the
most popular methods for pruning of neural networks. This technique is based on
the hypothesis that weights with lower Lo norms contribute less to the model’s

prediction, so they can be removed without significant loss of accuracy. The Lo
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or Euclidean norm of the vector is calculated using the following formula:

where W; - individual weights within the filter.
In the connected (linear) layer, the weight of each neuron is represented as a

vector:

Iwilla =

where w; ; is j-th weight of the 4-th neuron.
In the convolutional layer (Conv2d), each filter is represented by a three-dimensional

tensor, and the Ly norm of the filter is calculated using the following formula:

Cin

k k
HVV’LHQ = ZZZM/Z%C,U,’U

c=1 u=1 v=1

where (), is the number of input channels and k& x k is the special size the filter

The main stages of Ly pruning are as follows.
1. The model is trained on the full data set.
2. The Lo norm is calculated for all filters.
3. A pre-selected percentage of filters with the lowest norm are removed.
4. Fine-tuning for additional training of the model.

Lo is a structural method, so the whole filters are removed at once, as already
mentioned, so this reduces the number of parameters and computational costs,
unlike GA and PSO, this method does not have iterations, so it is much faster[7].
The advantages of Lo pruning include ease of use, as you only need to calculate
the Ly norm for each filter or node[19]. Also, this method immediately drops the
filters and this reduces the size of the model and computational costs.

The disadvantages of this method are that it does not take into account how
the filter affects the output of the mesh and how the filter interacts with other

layers|23], so there is a chance that important filters are removed. Fine-tuning
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is always required after pruning, as the method has a significant impact on the
model. Also, determining the percentage of model removal in advance may not

be optimal.



4 Experiments and results

4.1 Dataset Description (MNIST)

For this study, we chose the MNIST dataset, which consists of 70 thousand images
of handwritten digits. The dataset is divided into 60 thousands data used for
model training and 10 thousand for testing. Each image is represented in grayscale
with a size of 28 x 28 pixels, as in the [Figure 2] resized to 32 x 32 pixels before
being passed into the model. MNIST was chosen for this project because of its
convenience, a small amount of data, which allows for quick testing of different

model configurations, and easy evaluation of the impact of pruning on accuracy.

Figure 2: Example of MNIST dataset

4.2 Neural Network Architecture LeNet5

In this study, we consider the basic architecture of the LeNet-5 convolutional
neural network, which was first introduced by Yann LeCun in 1998[16]. This
model is often used as a standard example in machine learning research and for
testing new approaches|9]. It has a well-defined structure and relatively low depth,
which makes it easier to experiment with. As shown in the the model
includes 7 layers, excluding the input layer. The input is a 32 x 32 pixel image.
Next comes the first convolutional layer, which contains 6 filters of size 5 x 5,
followed by a subsampling (also known as pooling) layer. This is followed by
a second convolutional layer with 16 filters of size 10 x 10 and another pooling
layer. Finally, the network has two fully connected layers C5 and F'6 and a softmax

output layer with 10 neurons, corresponding to 10 classes.
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Figure 3: LeNet-5 Architecture [2]

4.3 Baseline Model Training Process

The LeNet-5 model was trained without pruning on the MNIST dataset for 5
epochs. During training, Adam optimizers were used with a speed of 0.001 and
a batch size of 64. The categorical cross-entropy loss function was also used to
evaluate the accuracy. After each epoch, the accuracy was measured to track
model performance. The input images were normalized to the range [0,1] and
resized to 32 x 32 pixels to match the expected input shape of LeNet-5. After five
epochs, the model achieved an accuracy of 0.98 on a validation set. This version

of the model was saved and reused in the following experiments.

4.4 Fitness Function

In the implementation of both Genetic Algorithm and Particle Swarm Optimiza-
tion we use the fitness function to evaluate the binary masks. This function
combines two objectives: model accuracy and sparsity. The function was used in

the following form:
fitness = Ay - accuracy + Ay - sparsity
where:
e \; = 0.7 to prioritize precision,
e )\y = 0.3 to consider sparsity.

These values were chosen by the observation of the initial experiments in order to

find a good balance: we want the model to stay accurate but also reduce its size.
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Giving more weight to accuracy ensures we are not losing too much performance,

while still making the algorithm to shrunk the model.

4.5 Description of Pruning Methods and Their Parameters
4.5.1 Genetic Algorithm Pruning

In this experiment, a Genetic Algorithm was used for pruning, where each in-
dividual in the population is a binary mask that specifies which weights should
be kept and which can be zeroed out. The size of the mask matched the total
number of parameters in the model, in our case 61706. To find the best configu-
ration, a grid search was performed on four hyperparameters, namely the number
of generations, population size, number of elite individuals, and mutation proba-
bility. The total number of configurations was 3 x 3 x 2 x 3 = 54. After training
the baseline model for five epochs, each pruning configuration was applied to the
trained model, and its accuracy was evaluated on the validation dataset. The
masks that achieved the best models were saved in a separate file, and the results
of the experiment were saved to the dataset for further analysis and visualization.
After the pruning, the accuracy of the best configuration reached 0.933 on a val-
idation set and had a sparsity level of 49.76%.

The highest accuracy was achieved with the following parameters:

e number of generations: 15
e population size: 10
e number of elite individuals: 3

e mutation rate: 0.01

A pruned model often loses its accuracy as the weights are removed completely
because the model loses some of its learning ability. To fix this, a short retraining
of the model, namely fine-tuning, was performed after pruning. In our case, we
retrained the model for three epochs with the same parameters as in the main
training phase, namely the Adam optimizer and a learning rate of 0.001. This
stage allows the model to adapt to the simplified structure and restore the lost

accuracy, fully or partially. After three epochs, the fine-tuning gave a significant
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improvement in the results, the accuracy increased to 0.982.

In the [Figure 4] you can see how the accuracy changed at each generation for the
best parameter configuration. In the first generations, the accuracy fluctuated
greatly. After step 5, we can see how the model started to grow. We can as-
sume that the model in the first generations eliminates less successful masks and
combines the best solutions, and mutations in these steps have a strong negative

impact.

Accuracy per Generation (Best GA Configuration)

0.92
0.90

0.88

Accuracy

0.84
082

0.80

0 2 4 6 8 10 12 14
Generation

Figure 4: Accuracy per Generation for GA (Best Configuration)

The heat map shows how the model’s accuracy depends on the
number of generations and population size. Each cell shows the average accuracy
value. It can be seen that the model has the highest average accuracy of 0.933
with a population of 10 and 15 generations, just like in the best configuration.
The model with 10 generations and 20 individuals also shows a fairly good value.
At the same time, the lowest accuracy of 0.85 is shown by the model with a small
number of generations and populations. We can assume that the algorithm does

not have time to find an optimized mask yet.
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Accuracy by Generations and Population Size
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Figure 5: Accuracy by Generations and Population size

The shows the relationship between accuracy and sparsity for differ-
ent configurations of the Genetic Algorithm. From this graph, we can see that
with both values of elite size, it is possible to achieve an accuracy of more than
0.9, but the lowest values of accuracy and sparsity are obtained with elite size =
3. As for the mutation rate, the value of 0.1 has quite a few points with high
accuracy and sparsity. The best results are obtained with 0.05 and 0.01 mutation
rates. The best configuration is a confirmation of this statement and has a mu-

tation with a probability of 1%.



27

Accuracy vs. Sparsity for GA
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Figure 6: Accuracy and Sparsity by Mutation Rate and Elite size of GA

4.5.2 Particle Swarm Optimization Pruning

In this experiment, we implemented the Particle Swarm Optimization algorithm,
which is described theoretically in Section 3.2.2. Each particle represents a vector
of real numbers of length equal to the number of parameters in the model. The
algorithm zeroes some of the values in the mask, according to a threshold. In this
work the threshold is fixed at 6 = 0.5, assuming that values above 0.5 indicate
important parameters to retain and lower values correspond to less important
ones. To select the best configuration of PSO parameters, a grid search was
performed on 243 configurations (3 x 3 x 3 x 3 x 3 = 243). The hyperparameters
used for this purpose were: the number of particles, number of iterations, inertial
weight, and cognitive and social components. For each of the configurations, the
accuracy was evaluated after applying the mask to a pre-trained LeNet-5 model,
the same one used for the Genetic Algorithm experiment. The best configuration

was obtained with the following values:
e number of particles: 15

e number of iterations: 15
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This configuration provides a post-pruning accuracy of 0.942 and a sparsity of
50.37%. After obtaining the best mask, it was used to fine-tune the model for
three additional epochs with the same optimizer as before, which increased the
model’s accuracy to 0.985. The accuracy was also maintained for each configu-
ration across iterations. The [Figure 7| shows this for the best configuration. You
can see how the line is going up, but sometimes it takes more iterations to find a
better mask, which is expected since the weights are changed based on the best

values.

Accuracy per Iteration (Best PSO Configuration)
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Figure 7: Accuracy per Iteration for best configuration in PSO

The is a heat map that shows the average accuracy of the model
depending on the number of particles and iterations. We can see that the best
result of 0.9416 is obtained with 15 iterations and 15 particles, just like in our best

configuration. There is a clear correlation observed more particles and iterations
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lead to better accuracy.

Accuracy by Number of Particles and Iterations
0.94

w0 0.8257 0.92

0.90

0.88

Number of Particles
10

- 086

15

-084

5 10 15
lterations

Figure 8: Accuracy by Number of Particles and Iterations

The shows the dependence of model accuracy and sparsity on the
parameters inertia weight and number of particles using the PSO algorithm. The
colour indicates different values of inertia weight w, and the shape marker corre-
sponds to the number of particles. It can be seen that the most scattered values
are at w = 0.7, and the two best values for accuracy and sparsity are at w = 0.3
and w = 0.7, and 15 particles. But in general, the values are quite randomly
distributed. Meanwhile, the sparsity does not change much, in the range of one

percent, while the accuracy varies greatly depending on the configuration.
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Accuracy vs. Sparsity for PSO
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Figure 9: Accuracy and Sparsity by Inertia weight and Number of particles for
PSO

4.5.3 Lo Structured Pruning

In this experiment, we applied structural pruning based on the Lo norm to com-
pare the results with metaheuristic methods. The pruning was applied to each
Conv2d and Linear layer where the number of output channels was greater than
one. In each of these layers, 50 percent of the output channels with the lowest
Ly norm were removed. To do this, we used the In_ structured method from
the PyTorch library with the parameters n = 2 and dim = 0. After that, the
prune.remove function was executed. Before pruning, the accuracy of the trained
model was 98.03%, but after removing 49.81% of the model parameters, it became
57.3%. Since pruning greatly reduced the precision of the model, fine-tuning was
applied for three epochs with the same Adam optimizer and a learning rate of
0.001. As a result, the accuracy increased to 0.984, demonstrating the ability to
restore the model’s precision to a high value.

In the [Figure 10| you can visually see the change in accuracy before and after

pruning, as well as after fine-tuning.
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Figure 10: Accuracy comparison for Lo pruning

4.6 Comparative Analysis

In this subsection, we will compare the algorithms considered in the study: Ge-

netic Algorithm, Particle Swarm Optimization, and structural Ly pruning.

summarizes the best results of our experiments.

Method | Accuracy | Accuracy | Accuracy | Sparsity | Time of
before after after fine- pruning
pruning | pruning | tuning (Sec)

GA 98.03% 93.3% 98.19% 49.76% 78.32

PSO 98.03% 94.16% 98.48% 50.37% 123.95

Loy 98.03% 57.3% 98.39% 49.81% 0

Table 1: Comparison of methods

In terms of accuracy, both metaheuristic methods showed good values imme-

diately after pruning the model, which is not the case with the L, method. The



32

GA achieved an accuracy of 0.93 and the PSO 0.94, which demonstrates already
good results considering that the model in both cases was reduced by half. The
Lo method also reduced the model by half, but the accuracy dropped to 0.57, so
in this case fine-tuning was extremely necessary.

For both GA and PSO, fine-tuning increased the accuracy to about 0.98. In the
Ly pruning, it played an important role by increasing the accuracy of the model
to 0.984, which is even slightly better than the pre-pruning result of 0.98.
Regarding sparsity, all three methods reached approximately the same level,
around 50%, which allows for an objective comparison of the three methods.

In terms of time, Ly pruning showed the best result, as it took less than a second.
This method does not require iterations and parameter searches. In turn, GA
and PSO took 78 and 124 seconds, respectively, due to the use of more computing
resources. It should also be borne in mind that grid search, which searches for

the best model, also takes some time and requires more resources.
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5 Conclusions

The study describes how the metaheuristic methods namely Genetic Algorithm
and Particle Swarm Optimization for pruning a neural network alongside the com-
monly used Lo norm pruning. These algorithms were implemented in the Python
programming language using the PyTorch library to implement the Lo pruning.
All three methods were implemented for use on the convolutional neural network
LeNet-5, which classifies images on the MNIST dataset. Their performance was
evaluated and compared in terms of accuracy, pruning time, and sparsity. The
impact of hyperparameters on metaheuristic methods was also examined.

The results show that metaheuristic methods show competitive results compared
to Lo pruning after fine-tuning. Additionally, GA and PSO demonstrate signifi-
cantly higher accuracy immediately after pruning, which makes them especially
valuable in cases where fine-tuning is not possible, for instance, when training
data is unavailable due to legacy, ownership, or data privacy topics. We remark
however that this advantage comes with an additional computational cost. Future
directions of research might include pruning of other types of architectures, such
as Vision Transformer, application of the metaheuristic algorithms specialized in

high-dimensional problems, and stability analysis.
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