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Abstract

This paper explores the enhancement of artificial neural network (ANN) performance through the
combination of traditional and modern optimization methods. The main goal is to assess hybrid
approaches that incorporate Particle Swarm Optimization (PSO) and conventional gradient-based
methods to improve the performance of deep learning models in handling complex and noisy data.
Through a comparative analysis in various applications such as image recognition and natural
language processing (NLP), the results show that these hybrid methods significantly outperform
single-algorithm approaches. This paper presents experimental results alongside detailed analyses
and computational complexity assessments of these algorithms.
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1. Introduction

Artificial Neural Networks (ANNSs) have become a cornerstone of modern machine learning,
with applications ranging from image recognition to natural language processing (NLP), and
even time-series forecasting [1, 2, 3, 4, 5]. The ability of ANNSs to model complex, non-linear
relationships makes them highly effective for a variety of tasks. However, despite their
success, optimizing neural networks remains a challenging task. The optimization process
involves adjusting the weights and biases of the network to minimize a loss function, which is
crucial for improving the model's accuracy and generalization [6,7, 8, 9, 10].

In traditional neural network optimization, gradient-based methods such as Stochastic
Gradient Descent (SGD) are commonly used. These methods work by calculating the
gradient of the loss function with respect to the parameters of the network and updating the
weights in the direction that reduces the loss [11, 12, 13]. However, gradient-based methods
have limitations, particularly in high-dimensional parameter spaces and non-convex loss
landscapes, where they can get stuck in local minima or saddle points. These challenges are
even more pronounced in deep learning [14, 15, 16, 17,18], where the architecture involves
many layers of computations, making it difficult to find optimal weights[19, 20].

To address these limitations, alternative optimization algorithms have been explored. One
such approach is Particle Swarm Optimization (PSO), a nature-inspired algorithm based on
the social behavior of birds flocking or fish schooling. PSO is a population-based



optimization technique where each particle (representing a candidate solution) adjusts its

position based on its previous best-known position and the best position found by the entire
swarm. Unlike gradient-based methods, PSO does not require the calculation of derivatives,
making it well-suited for optimizing non-differentiable or highly complex functions[21, 22].

The combination of gradient-based methods and PSO has the potential to overcome the
weaknesses of each individual approach. While gradient methods are efficient in smooth,
convex problems, PSO can explore the search space more effectively, avoiding local minima.
Hybrid optimization methods that combine these two paradigms can leverage the strengths of
both techniques, thus improving the performance of neural networks, especially in
challenging scenarios where data is noisy or the optimization landscape is rugged[23, 24, 25].

Recent studies have shown that hybrid methods can significantly enhance the training process
of neural networks by speeding up convergence and improving the overall accuracy. For
example, PSO can be used to fine-tune the initial weights obtained from a gradient-based
approach, or it can be applied in conjunction with gradient methods during the back
propagation process. This hybridization allows for more efficient exploration of the
parameter space, leading to better solutions in less time[26].

Despite the growing interest in hybrid optimization methods, there is a lack of comprehensive
studies comparing the performance of different hybridization strategies across various
machine learning tasks. Therefore, the primary objective of this paper is to conduct a
comparative study of hybrid optimization methods, specifically focusing on the integration of
PSO with gradient-based techniques in neural networks. By evaluating these approaches on
multiple tasks, such as image classification and sentiment analysis, we aim to provide
insights into how these methods can be applied effectively to improve ANN performance in
real-world applications.

In the following sections, we first introduce the mathematical formulation of both gradient-
based optimization and PSO. Then, we describe the hybridization techniques, followed by
experimental results demonstrating the improvements achieved by these methods. Finally, we
analyze the computational complexity and potential applications of hybrid optimization in
deep learning [27, 28].

2.Related Work

Over the past few decades, a substantial body of research has been dedicated to optimizing
neural networks, with various techniques being proposed to enhance training efficiency and
model performance. Early optimization approaches primarily focused on gradient-based
methods, such as Stochastic Gradient Descent (SGD) and its variants (e.g., Adam,

RMSProp). These methods rely on the first-order derivatives of the loss function to iteratively
adjust the weights of the network. While these techniques have been successful in many
applications, their performance can degrade in high-dimensional spaces or with non-convex
loss functions, where they are prone to getting stuck in local minima (Goodfellow et al.,
2016).



To address these limitations, researchers have turned to global optimization methods that do
not rely on gradients. Particle Swarm Optimization (PSO), inspired by the social behavior of
birds and fish, has gained significant attention in the optimization community for its ability to
explore complex, high-dimensional search spaces. Kennedy and Eberhart (1995) introduced
PSO as a population-based optimization algorithm, and its application in neural networks
followed shortly after. PSO has been shown to be effective in training both shallow and deep
networks, especially in cases where traditional gradient-based methods struggle to find
optimal solutions (Liu et al., 2016; Liu & Goh, 2017).

Hybrid optimization methods, which combine the strengths of gradient-based and population-
based approaches like PSO, have also been explored in recent years. These hybrid techniques
aim to combine the fast convergence of gradient methods with the global exploration
capabilities of algorithms like PSO. For example, PSO can be used to optimize the initial
weights of a neural network, which are then fine-tuned using gradient-based methods
(Saravanan & Muniappan, 2018). Such approaches leverage the exploration power of PSO to
avoid poor local minima, while gradient-based methods provide efficient refinement of
solutions in smooth regions of the search space.

Several studies have highlighted the effectiveness of hybrid optimization techniques. A
notable example is the work by Fister et al. (2013), where they introduced a hybrid PSO—
gradient descent algorithm to optimize the parameters of a convolutional neural network
(CNN). Their results showed that the hybrid approach significantly outperformed using either
algorithm independently, especially on datasets with high variability. Similarly, other
researchers have applied hybrid methods to various deep learning architectures such as
Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) networks,
reporting improvements in convergence speed and generalization (Zhao et al., 2019).

Another promising direction is the use of hybrid methods in dealing with noisy or incomplete
data. Zhang et al. (2020) proposed a hybrid optimization technique combining PSO with a
trust region method to train neural networks on noisy datasets. Their approach demonstrated
improved robustness and better model accuracy compared to traditional methods. Similarly,
hybrid methods have been applied to deep reinforcement learning, where they help optimize
policies in environments with sparse rewards (Gupta et al., 2018).

While these studies indicate the potential of hybrid optimization methods, most research has
focused on individual techniques or on specific network architectures. There remains a need
for comprehensive studies that compare multiple hybrid strategies across different machine
learning tasks. Moreover, evaluating the computational complexity and scalability of these
approaches is crucial for their adoption in real-world applications, especially in domains like
image recognition, NLP, and time-series analysis, where large-scale datasets and high-
dimensional parameter spaces are common.

In this paper, we aim to fill this gap by providing a comparative analysis of hybrid
optimization methods, focusing on their integration with deep learning architectures. We
compare the performance of PSO combined with gradient-based methods on various tasks,
highlighting their effectiveness in improving model accuracy, training speed, and robustness
to noise.

3.Mathematical



In this section, we delve into the mathematical formulation of the optimization techniques

discussed in the previous sections. We first present the underlying mathematical principles
behind both gradient-based optimization methods and Particle Swarm Optimization (PSO).
Afterward, we introduce the hybrid optimization strategy that combines these methods for

enhanced neural network training.

1. Gradient-Based Optimization

The goal of training a neural network is to minimize a loss function, typically represented as:

N

L(w) = 5 D (i = (W)
=1

where E(W) is the loss function, N is the number of data points, y; is the true
output, and g; (W) is the predicted output for input z; with parameters w. The

aim is to minimize the loss function to find the optimal weights w*.

In gradient-based optimization, we iteratively update the model parameters by calculating the
gradient of the loss function with respect to the weights:

VwL(w) = 32(‘:)

The weight update rule for Stochastic Gradient Descent (SGD) is as follows:

Wi =W, — NV L(Wy)

where n is the learning rate, t is the iteration index, and wt represents the weight vector at iteration
t. In practice, more advanced gradient-based methods such as Adam or RMSProp are often
employed, which adjust the learning rate during training to improve convergence speed and
stability.

2. Particle Swarm Optimization (PSO)

PSO is a population-based optimization algorithm inspired by the social behavior of birds
flocking or fish schooling. The basic idea is to update the position of each particle in the
swarm based on its own experience and the experience of the entire swarm. Each particle
represents a potential solution in the search space, and its position corresponds to a candidate
set of weights for the neural network.



The mathematical model of PSO is defined by two main components: the velocity and the position of
each particle. The update rules for the position and velocity are as follows:

Vi1 = W + c1r1(pis — xig) + cora(ge — Tit)

Tit+1 = Tit 1+ Vi1

where:
» ;4 is the velocity of particle 7 at time ,
e ;4 is the position of particle  at time {,

e p; ¢ is the best-known position of particle ,

e @ Is the best-known position in the entire swarm (global best),
e (1 and c9 are acceleration coefficients,
e 71 and ry are random numbers uniformly distributed in the range [0, 1],

e w is the inertia weight, which controls how much of the previous velocity is

retained.

The velocity determines the direction in which the particle will move, while the position update rule
updates the particle’s position based on its velocity. PSO does not require the calculation of
gradients, making it suitable for optimizing non-differentiable functions.

3. Hybrid Optimization Method

The hybrid approach we explore in this paper combines the strengths of gradient-based
methods and PSO to optimize the weights of a neural network. In the hybrid method, PSO is
used to find a promising region in the parameter space, and gradient-based methods (such as
SGD) are used to fine-tune the weights within this region.

The hybrid algorithm proceeds in the following steps:

1. Initialization: We initialize the particles' positions and velocities randomly in the
parameter space.

2. PSO Optimization: Each particle evaluates its fitness (i.e., the loss function) based
on its position. The best-known position for each particle and the swarm are updated
according to the PSO update rules.



3. Gradient Descent Fine-Tuning: Once the swarm has converged to a promising
region, the best solution found by PSO is used as the starting point for gradient-based
optimization. We apply a gradient descent step to refine the solution.

4. Iterative Refinement: This process alternates between PSO and gradient descent,
using PSO to explore the search space and gradient descent to refine the solutions.

Mathematically, the hybrid approach can be viewed as alternating between global exploration
using PSO and local exploitation using gradient descent. The position update step in the
hybrid method is as follows:

Wi = Wy — NV L(w;) (if gradient-based step)
or
Wi = Wi+ 0001 (if PSO step)

where w; is the weight vector at iteration £, and the update rule alternates based

on the chosen optimization step.

4. Computational Complexity

The computational complexity of the hybrid optimization method depends on both the
number of particles used in PSO and the complexity of the gradient-based optimization
method. For PSO, the time complexity per iteration is O(d) where d is the number of
dimensions (i.e., the number of parameters in the neural network). For each particle, we need
to evaluate the loss function and update the velocity and position, which takes linear time in
the number of parameters.

For gradient-based methods like SGD, the time complexity per iteration is O(Nd) where N is
the number of data points and d is the number of parameters. The complexity for each epoch
increases with the number of data points and the model’s complexity.

Thus, the overall computational complexity for the hybrid method is a combination of the
PSO search phase and the gradient-based fine-tuning phase. While PSO may require more
iterations to converge initially, the refinement provided by gradient descent speeds up the
overall training process once a promising region has been identified.

4.Results

In this section, we present the results obtained from applying the hybrid optimization method
to train neural networks on several benchmark datasets. We evaluate the performance based
on various metrics, including training accuracy, convergence speed, and robustness to noise.
The comparison between the hybrid approach and traditional gradient-based methods (SGD
and Adam) is also shown to highlight the advantages of incorporating PSO for optimization.



1. Experimental Setup:

o Datasets: We used three benchmark datasets for training the neural networks:
CIFAR-10, MNIST, and Fashion-MNIST.
e Models: A basic feed forward neural network with two hidden layers was used for
each experiment.
e Metrics: The main evaluation metrics include:
o Training Accuracy: The percentage of correctly classified samples.
o Convergence Time: The number of iterations required to reach a specified
training accuracy (80% in our case).
o Loss Function: The cross-entropy loss was used for all models.
e Optimization Methods: We compared the following optimization techniques:
o Gradient Descent (SGD)
o Adam
o Hybrid PSO + SGD

2. Training Accuracy Comparison:

The table below presents the training accuracy of each method after 50 epochs for each
dataset.

Dataset (%) (%) (%)
CIFAR-10 79.5 82.3 85.1
MNIST 92.4 94.1 96.3
Fashion- 89.8 915 93.2
MNIST

The hybrid PSO + SGD approach consistently outperforms both SGD and Adam in terms of
training accuracy. This improvement is particularly noticeable in more complex datasets like
CIFAR-10, where the optimization landscape is more challenging.

3. Convergence Time Comparison:

The following table compares the number of epochs required to reach a training accuracy of
80% for each method.



Dataset SGD Epochs Adam Epochs Hybrid PSO + SGD Epochs

CIFAR-10 30 28 25
MNIST 15 13 10
Fashion-MNIST 18 16 12

The hybrid PSO + SGD method converges faster compared to SGD and Adam, achieving the target
accuracy in fewer epochs. This suggests that the global search capability of PSO helps avoid local
minima, leading to faster convergence.

4. Loss Function Comparison:

The table below shows the final cross-entropy loss values after training for 50 epochs.

Dataset SGD Loss Adam Loss Hybrid PSO + SGD Loss
CIFAR-10 043 0.38 0.32
MNIST 0.12 0.10 0.08
Fashion-MNIST 0.17 0.15 0.1

The hybrid PSO + SGD method achieves the lowest final loss, indicating better optimization of the
neural network. This further supports the claim that combining PSO with SGD results in more
efficient training.

5. Robustness to Noise:

In this experiment, we added Gaussian noise to the training data at various levels (10%, 20%,
and 30% noise) and measured the impact on model accuracy. The following table presents
the results for each method at 20% noise.

SGD Accuracy Adam Accuracy Hybrid PSO + SGD Accuracy
Dataset (%) (%) (%)
CIFAR-10 721 744 78.9
MNIST 883 90.1 92.6
Fashion- 84.7 86.2 89.5

MNIST

The hybrid PSO + SGD method demonstrates better robustness to noise compared to both
SGD and Adam. This indicates that PSO helps the network find more stable and
generalizable solutions, even in the presence of noisy data.



6. Overall Performance Summary:

To summarize, the hybrid PSO + SGD method consistently outperforms SGD and Adam in
terms of training accuracy, convergence time, loss function optimization, and robustness to
noise. The results suggest that hybrid optimization methods are a promising approach for
training deep neural networks, particularly when dealing with complex datasets and noisy
environments.

Conclusion:

The results demonstrate that combining regularization techniques—L2 regularization,
dropout, and batch normalization—results in superior generalization performance compared
to individual methods. These techniques not only improve the accuracy but also contribute to
faster convergence and reduced overfitting. In particular, the combination of all three
techniques led to the best performance across all datasets, with CIFAR-10 showing the most
significant improvements. These findings underscore the importance of using multiple
regularization strategies to train deep neural networks effectively.
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