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Abstract 
 

Generative Adversarial Networks (GANs) are powerful deep learning models that generate high-quality synthetic data for picture synthesis, 

data augmentation, and video production. However, training GANs is difficult and resource-intensive because of non-convergence, mode 

collapse, instability, and hyperparameter sensitivity. This research optimizes hyperparameters utilizing optimization methods to improve 

GAN, with an experiment applying to digit dataset generation. Hybrid Particle Swarm Optimization (PSO) and Artificial Bee Colony (ABC) 

algorithms were presented to automate hyperparameter tweaking, focusing on Training Epochs, Batch Size, and Label Smoothing. This 

work introduced binarizing feature candidate selection instead of discrete values for optimization. This method represents parameters in 

binary form, where 1 signifies selection and 0 indicates non-selection, for more efficient parameter space search. Through experimental 

findings, the proposed technique significantly improves GAN training stability and output quality. Training for 25 epochs, with a batch 

size of 128 and a label smoothing of 0.8, yields the most consistent and high-quality outcomes, with ABC surpassing PSO. This study 

underscores the effect of hyperparameter optimization for enhancing GAN performance and introduces an innovative way for adjusting 

critical parameters. Optimization methods like PSO and ABC can improve GAN training and support their use in digit generation and other 

applications. 

 
Keywords: Artificial Bee Colony; Generative Adversarial Networks; Hyperparameter Optimization; Metaheuristic Algorithms; Particle Swarm  

Optimization. 

1. Introduction 

Generative Adversarial Networks (GANs) represent a flexible deep learning structure that uses their adversarial training mechanism to 

generate high-quality synthetic information for several applications, which include image creation and data enhancement, as well as video 

generation [1], [2]. GAN training requires a significant amount of time as well as abundant system resources. Due to their adversarial 

nature, the generator and discriminator often come with issues such as non-convergence, mode collapse, and training instability [3]. The 

situation is aggravated by the fact that GANs are very sensitive to hyperparameter configurations as learning rates, batch size, latent space 

dimensions, and loss function parameters, and any small perturbations could destabilize training, leading to wasted time and computer 

resources for no increment to all the experiments and much repetition of tries for no fruitful yield [4], [5]. Setting up suitable initial 

parameters is crucial in ensuring stable GAN training and good-quality output generation.  

The procedure is quite heuristic and requires considerable human tweaking and trial-and-error, thus making it impractical for large or high-

resolution datasets [1]. The convergence rate depends heavily on the initialization phase, where proper value selection enables good results 

according to systematic and effective hyperparameter optimization methods. Several present answers to very hard optimization problems, 

such as Particle Swarm Optimization and Artificial Bee Colony, are used in a wide array of fields [6], [7]. These are nature-inspired 

algorithms capable of such a powerful search in extremely high-dimensional, non-convex problem spaces that they become suitable for 

optimizing GAN designs [8]. 

Particle Swarm Optimization (PSO) is an algorithm derived from the social behaviors of animals, such as bird flocks [9]. The actual 

working of this optimization algorithm is based on the image of a group of particles in search of a solution in the search area, thereby 

representing where each particle is, related to where the best position so far is, according to its personal knowledge. Therefore, particles 

swarm in space according to their individual best-known locations and those of their neighboring particles, thus pulling the swarm towards 

the optimal solution. PSO has proven useful in continuous optimization problems-especially in cases where the objective function is de-

scribed with difficulty, such as when finding a good level of the hyperparameters of the GANs to assure stable training and good results 

[8], [10]. 

http://creativecommons.org/licenses/by/3.0/
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The Artificial Bee Colony (ABC) algorithm is based on the foraging behavior exhibited by honeybees. The population comprises employed 

bees, observation bees, and scout bees, each performing distinct roles in the exploration and utilization of the search region [11]. Some 

employed bees are responsible for carrying out the current solutions, observer bees are to probabilistically select the solutions based on 

their quality, and the scout bees explore the new routes within the search space, so that the algorithm does not prematurely converge. The 

ABC algorithm is probably one of the most well-balanced mechanisms between exploration and exploitation, which makes it practical and 

powerful for hyperparameter optimization in GANs, with huge search spaces and many local maxima. 

This research analyses the application of PSO and ABC algorithms to systematically determine appropriate initial parameters for GAN 

training. The purpose of these algorithms is to make this hyperparameter optimization semiautomatic, making it less manual and onerous 

as well as increasing the GAN training stability and performance. In this work, we analyze the sensitivity of such key measures as training 

convergence, loss stabilization, data quality, and computational efficiency to the values of several enhanced parameters. This comparative 

analysis elaborates on the advantages and disadvantages of PSO and ABC in the function of GAN parameter optimization, which is very 

handy for the generative modelling expert [12]. 

This study improves the accessibility and use of GANs for practical applications by addressing the critical problem of hyperparameter 

selection with optimization techniques. The proposed technology reduces the training of GANs in time and resources while setting the 

ground for future advancements for the integration of optimization techniques within deep learning techniques. 

2. Literature review 

GANs are a very important new machine learning framework for image crafting, video creation, or text-to-image problems. In 2014, 

Goodfellow et al. introduced GANs which are based on the min-max optimization scheme using two neural networks: a generator that 

generates synthetic data and a discriminator that tests the validity of the given data. The adversarial counterpart provides motivation to the 

generator for producing data-like results. Despite their potential application, GANs face tons of obstacles that impede speed and cloud 

scale. Mode collapse is the predicament wherein the generator fails to encapsulate diversity in the underlying data distribution and generates 

repetitive or constrained outputs [3]. This may affect applications that are relying on variability among samples. GAN training is compli-

cated by vanishing gradients, instability of convergence, and hyperparameter tuning [4], [5] dependencies. To ensure that GANs are adopted 

safely and effectively, these obstacles must be overcome. 

Mode collapse [13] happens when a GAN learns to produce only one or a few different types of output and fails to capture the full range 

of variance in the data. Due to the discriminator’s increased ability to spot bogus outputs, the generator may only produce a small variety 

of outputs. Another obstacle is training stability, which is the task of getting a GAN to converge. The GAN fails to converge when the 

discriminator and generator are engaged in a game of “cat and mouse,” with one player constantly in the lead. Self-attention, spectral 

normalization [14], and Wasserstein GANs [15] There are a few methods that can assist in stabilizing the training process. 

One essential problem in the field of Generative Adversarial Networks (GANs) has been mode collapse, which is a key problem, as its 

impact is substantial on samples that are generated [16]. While other GAN problems, such as training instability and vanishing gradients, 

can potentially impair the quality of the generated samples, they are not necessarily related to the generated samples' diversity. In contrast, 

mode collapse can result in repeated, low-quality, and non-diverse generated samples, which can be problematic for applications like image 

and video synthesis. The significance of addressing mode collapse in GANs has resulted in the development of numerous strategies to 

reduce this issue, such as adding regularization terms to the generator loss function or altering the architecture of the generator and dis-

criminator networks. These strategies try to encourage the generator to capture a greater variety of modes in the target distribution, hence 

improving the diversity of samples generated.  

In conclusion, mode collapse is an important issue in GANs that can drastically affect the quality and diversity of generated samples. While 

other difficulties in GANs can also impair the quality of the generated samples, they are not necessarily related to the diversity of the 

generated samples, making mode collapse a unique and essential challenge for GAN research to address. In [17], Researchers propose 

progressive growing during GAN training. The idea is to grow the generator and the discriminator at the same time: starting in low reso-

lution, we progressively add layers that represent increasingly fine details with training progresses. This significantly accelerates and sta-

bilises training, enabling the production of photos of exceptional quality. Researchers also propose a straightforward method for increasing 

the variety of generated images, achieving a record inception score of 8.80 in unsupervised CIFAR10 testing. Like [18]This study focuses 

on enhancing mode collapse in GAN. They present a unique training technique that generates additional discriminators in an adaptable 

manner to remember past modes of creation. Using many datasets, they demonstrate that a training strategy can be inserted into existing 

GAN frameworks to prevent mode collapse and improve common GAN assessment measures. Several researchers concentrate on fine-

tuning the hyperparameters within GAN. There are at least 15 testable parameters in this study [19] that could have a major impact on how 

well GANs work. With many parameters, optimization tasks are crucial for determining the best solution for GAN performance. 

The investigation of an adaptive hyperparameter in the GAN learning approach is presented in [20]. It is proposed to dynamically modify 

the number of training steps of the G and D for each set of training iterations based on the learning curves from relatively simple and 

limited datasets, such as MNIST, from which GANs have been demonstrated to deliver extremely significant results. Comprehensive 

experimental results demonstrate that the suggested method can greatly enhance the stability of GAN training and produce significantly 

more recognised objects in the Anime and CelebA datasets [21], [22]. However, one of the limitations of this study was that the proposed 

strategy was accomplished by controlling the training process using well-trained learning curves (prototypes) on relatively small datasets. 

There is a need for more effective training direction criteria that may encourage the convergence of GANs. 

In other words [23], researcher combined the back propagation algorithm and the evolutionary algorithm to optimise deep generative 

models using E-GAN. During the evolutionary process, the parameters modified by various learning objectives are considered variation 

outcomes. So, the whole training process can be made more efficient and consistent if the proper mechanisms of evaluation and selection 

are introduced. E-GAN experiments showed that it helps stabilize the training of GAN models and performs very well in image generation 

tasks on various databases. During the GAN training process, the training stability is easily influenced by "bad" updating, which may cause 

the generated samples to be of poor quality or lack diversity. However, the proposed evolutionary mechanism largely avoids undesirable 

updating and guides the training in the desired direction. However, the training of the E-GAN model requires more time, despite the 

enhanced generative performance. 

In conclusion, mode collapse is a major issue in GANs that needs to be addressed to ensure that generated samples are of high quality and 

diverse. To prevent mode collapse, various methods have been devised to modify the generator loss function with regularization terms, or 

to change the generator and discriminator networks' architecture. In addition, training stability and diversity of the generated samples are 
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improved using progressive growing and evolutionary algorithms. However, further research needs to be done to develop more effective 

training direction criteria that can encourage the convergence of GANs. 

The optimization technique has been broadly applied to search for optimal system parameters. Stochastic optimization algorithms are 

generally divided into swarm-based and evolutionary-based algorithms. Examples of evolutionary algorithms are Genetic Algorithm (GA), 

Genetic Programming, Evolution Strategy (ES), and Evolutionary Programming (EP) [24]. Among the evolutionary algorithms, GA is the 

most used algorithm. Later, researchers found that GA has a disadvantage in terms of poor local search ability and premature convergence 

[25] leading to the development of other algorithms to resolve this problem.  

In recent times, researchers have shown a preference for swarm-based optimization compared to evolutionary algorithms. A very popular 

swarm-based optimization, called PSO, is inspired by the social behaviour of bird flocks [26]. Additionally, there are other types of swarm-

based optimization algorithms, such as ABC [27] and Ant Colony [28]. 

Comparing the two algorithms, GA and PSO have both been proven as effective techniques for optimization [29]. ABC was introduced in 

2005 as a new optimization technique based on the swarm behaviour of bees [27]. ABC has played a major role in medical, bioinformatics, 

and many real-parameter optimization problems. The technique is widely accepted and applied to many applications, as it is well-suited 

for general assignment problems, cluster analysis, constrained problems optimization, structural optimization, and advisory systems [30]. 

Since then, much research has been focused on comparing several optimization techniques relative to ABC, such as PSO, Genetic Algo-

rithm (GA), Differential Evolution (DE), Firefly Algorithm (FFA), and Ant Colony Optimization algorithm (ACO). The research suggests 

that ABC can escape a local minimum due to its ‘food limit feature’ [31]where, when there is any reliable solution or improvement, the 

searching position will be reset to a new one. 

In conclusion, optimization strategies, for instance,e Evolutionary algorithms, such as Genetic Algorithms, and swarm-based methods, for 

instance, ABC and PSO, are suitable in tackling optimization challenges of different natures. These methods provide some interesting ways 

of investigation in GANs, particularly given that parameter optimization is instrumental in their performance and mode collapse-related 

issues. The adaptive nature of this kind of algorithm, particularly including the capacity of ABC to avoid getting trapped in a local mini-

mum, aligns well with the challenges in GAN training, thereby making them a potent tool to enhance GAN optimization and ensure stable 

and diverse outputs. 

3. Methodology 

In this research, we are focusing on improving GAN performance by proposing optimization of GAN hyperparameters using an optimiza-

tion algorithm. To achieve this, we are proposing to use the optimization algorithm, namely Particle Swarm Optimization and Artificial 

Bee Colony. Instead of using a discrete value for optimization, we propose a binarized selection of feature candidates by arranging a set of 

parameters into binary form, 1 for selected and 0 for not selected.  

The selection of parameters to optimize in the context of optimizing GANs for enhanced performance is important for the efficiency and 

effectiveness of the model. For the present research, Training Epochs, Batch Size, and Label Smoothing were chosen for optimization, 

while other parameters such as activation functions, kernel initializers, and optimizers were excluded. The reasons behind the focused 

selection of these three parameters are grounded in both theoretical and empirical considerations that directly impact the convergence and 

stability of the GAN [32] training process. 

Experiments were conducted using an Intel Core i7 processor with 8 physical cores and 16 threads. The system was equipped with 32 GB 

of DDR4 RAM, providing sufficient memory for data-intensive processing. For GPU acceleration, the system utilized an NVIDIA® Ge-

Force RTX™ 3070 graphics card to enable modest execution of parallel computing and deep learning tasks. 

3.1. GAN architecture 

The generator and discriminator architectures are detailed in Tables 1 and 2, respectively. Both models follow the DCGAN design, using 

convolutional layers and activation functions suited for stable training and high-quality image generation. 

 
Table 1: Generator Parameter 

Layer Type Output Shape Kernel / Units Stride Activation / Notes 

Input (100,) - - Latent noise vector 

Dense (10, 10, 256) 256 × 10 × 10 - - 

Reshape (10, 10, 256) - - Reshape dense output 

BatchNormalization (10, 10, 256) - - - 

LeakyReLU (10, 10, 256) - - α = 0.2 

Conv2DTranspose (20, 20, 128) 4×4 filters (2, 2) BatchNorm + LeakyReLU 
Conv2DTranspose (40, 40, 64) 4×4 filters (2, 2) BatchNorm + LeakyReLU 

Conv2DTranspose (80, 80, 1) 4×4 filters (2, 2) Tanh 

 
Table 2: Discriminator Parameter 

Layer Type Output Shape Kernel / Units Stride Activation / Notes 

Input (80, 80, 1) - - Grayscale image 

Conv2D (40, 40, 64) 4×4 filters (2, 2) LeakyReLU (α = 0.2) 

Conv2D (20, 20, 128) 4×4 filters (2, 2) LeakyReLU (α = 0.2) 

Flatten (51200,) - - - 

Dense (1,) 1 unit - Sigmoid(real/fake probability) 

3.2. Training epochs 

Training Epochs require systematic, effective, and hyperparameter optimization methods, especially in the phase of initialization, when 

any good choices can have drastic positive effects regarding improving convergence and mitigating training instabilities. Particle Swarm 

Optimization, Artificial Bee Colony optimization, and so forth, have been seen to be techniques that have shown promise in solving such 

complex optimization problems in a variety of domains. Due to their robust searching capabilities in high-dimensional and nonconvex 

solution spaces, these bios-inspired algorithms can be used to tune the design of GANs. PSO is a nature-inspired algorithm inspired by the 
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social behavior of a flock of birds and schools of fish. It is a simulation of a swarm of particles where each particle represents a possible 

solution to the problem in the space of search. 

3.3. Batch size 

The batch size is the number of training instances that are trained on a single forward/backward pass during the training of a model. The 

choice of batch size can greatly influence the behavior of convergence in the GAN. Smaller batch sizes add high noise and can help the 

generator explore a more diverse space of possible outputs, which can, however, slow down the convergence rate. Steadier gradients are 

given by larger batches, but at the cost of promoting some premature convergence and thus having less diversity in the output. Optimizing 

the batch size gives a good balance in terms of training stability and explorative nature, and it contributes towards GAN's ability to learn 

good representations of the data while converging quickly. 

3.4. Label smoothing 

Label smoothing helps reduce the confidence of the discriminator in its predictions, making the training of the generator more stable. Label 

smoothing corresponds to marginally softening the target labels (e.g., replacing a definite label of 1 for real and 0 for fake with 0.9 and 0.1, 

respectively) so that the discriminator does not get too attached to drawing very strict decision boundaries. This method alleviates the 

possibility of mode collapse, wherein the generator yields a restricted array of outputs. Label smoothing enhances the stability of the GAN 

by reducing the likelihood of the discriminator dominating the generator, hence fostering more diverse and significant outputs. Enhancing 

this parameter can improve generator performance by preventing situations where the discriminator's supremacy obstructs the generator's 

learning efficacy. The candidate parameter selected for this task is shown in Table 3. 

 
Table 3: Candidate Parameter 

Hyperparameter Tested Setting Binary String 

Training Epochs 5, 10, 15, 20, 25 [b1 b2 b3 b4 b5] 

Batch Size 32, 64, 128, 256 [b1 b2 b3 b4] 

Label Smoothing 0.8, 0.85, 0.9, 0.95 [b1 b2 b3 b4] 

 

For selection purposes, bn is 1 when it is selected and vice versa. The number of candidates for each parameter is suggested so that it will 

at least cover at most typical parameter value. In GANs, the generator tries to minimize the following function (0) while the discriminator 

tries to maximize it (1): 

 

Ex[log⁡(D(x) + Ez[log (1 − D(G(z)))                                                                                                                                                          (1) 

 

Where: 

D(x): discriminator's estimate of the probability that real data instance x is real. 

Ex: expected value over all real data instances. 

G(z): generator's output when given noise z. 

D(G(z)): discriminator's estimate of the probability that a fake instance is real. 

Ez: expected value over all random inputs to the generator (in effect, the expected value over all generated fake instances G(z)). 

1) Strategy for GANs: Balancing the generator and discriminator 

In this research, we propose a novel optimization strategy of Generative Adversarial Networks (GAN), which makes the objective function: 

 

Fitness = min (D(G(z))) + max⁡(1 − D(x))                                                                                                                                              (2) 

 

Here, D(G(z)) represents the discriminator's estimate of the probability that the generated instance is real, and(x) represents the discrimi-

nator's estimate of the probability that a real instance (x) is real. The goal of this objective function is to achieve a balanced training 

dynamic between the Generator(G) and the Discriminator(D). The following sections will provide a detailed explanation of why this 

formula can be an effective approach in optimizing GAN performance. 

2) Goal of Balancing Generator and Discriminator 

In the conventional GAN framework, the generator tries to minimize the discrepancy between real and synthetic data, and the discriminator 

strives to make the best of distinguishing between the two. Nonetheless, this antagonistic training frequently results in disparities between 

the producer and the discriminator. If the discriminator is too powerful, it can overtake the generator and prevent the generator from 

improving its performance. If the generator gets excessively powerful, it may mislead the discriminator without truly enhancing the quality 

of the generated data. 

To address this challenge, the proposed objective function directly influences both networks to encourage balanced learning. We keep the 

networks at an equilibrium where generators can deceive the discriminator, and the discriminator can distinguish between real and fake 

instances. 

3) The first term: Minimizing D(G(z))  

The first part of the objective function, min (D(G(z))), encourages the generator to produce outputs that are increasingly likely to be 

classified as real by the discriminator. As the generator improves, the discriminator's estimate of the probability that the generated instance 

is real should increase. Minimizing this term will push the generator to refine its outputs to be more indistinguishable from real data. 

In standard GAN training, the generator typically aims to minimize the term1 − D(G(z)), which is equivalent to trying to maximize 

D(G(z)). However, this can easily cause gradient instability, especially when D(G(z)) is close to 0 (meaning the discriminator is very 

confident in rejecting fake data). We can avoid the sharp gradients that arise in the conventional formulation and have smoother and more 

stable updates for the generator by directly minimizing D(G(z)). 

4) The second term: Maximizing (1 − D(x))  
The second part of the objective function, max⁡(1 − D(x)),  encourages the discriminator to be less confident about classifying real data 

as real. This is essentially regularization that prevents the discriminator from learning to become overconfident in its predictions. However, 
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mode collapse occurs when the generator becomes overconfident and learns to deceive the discriminator with a small number of data 

points. 

This is because we want to maximize ⁡(1 − D(x)) to ensure that the discriminator is not too confident in distinguishing real data, thus 

reducing the chances of overfitting to the real data distribution. This term keeps the discriminator at a reasonable level of difficulty to avoid 

the discriminator achieving perfect accuracy too early. This allows the generator to learn to produce more diverse and realistic output over 

time and adapt. 

5) Balanced training dynamic 

The key advantage of combining these two terms is the balanced interaction between the generator and the discriminator. We optimize for 

both min (D(G(z)))⁡and max⁡(1 − D(x)) to force the generator to output data that confuses the discriminator, without letting the discrim-

inator overconfidently guess on the data. By taking this balanced approach, a more stable and productive training process is promoted 

where both networks are required to adapt to the other’s improvements continuously. 

In traditional GAN training, if the discriminator becomes too strong, it can easily reject the generated data, preventing the generator from 

learning effectively. On the other hand, if the generator overpowers the discriminator, the discriminator will fail to provide meaningful 

feedback to the generator. This strategy incorporates both minimization and maximization components in the objective function such that 

the two networks evolve together with better performance in a cooperative manner. 

6) Optimization strategy for GANs: Artificial Bee Colony and Particle Swarm Optimization Algorithm 

Error! Reference source not found.4 shows the parameters used for both optimization algorithms during the optimization process. Swarm 

size is the number of agents searching the solution space simultaneously. Each agent in the swarm carries a role in the search process.  

 
Table 4: Optimization Parameters Setting 

Swarm Size (SS) 5 

Max Iterations 5,10,15,20,25,30,35,40,45,50 

 

Iterations represent the number of attempts allocated to the swarm to optimize the solution. Agents try to increase the fitness value of the 

solution in each iteration. Thus, it is important to set an appropriate maximum iteration count to allow the swarm enough time to converge 

effectively. In this study, the optimization process is focused on varying the iteration count while keeping the swarm size fixed. Multiple 

swarm sizes were not tested to avoid increasing computational time and load. It acts as a first test to set up the baseline for the GAN 

parameters optimization. For feature selection, suppose that the feature selection problem is defined as: 

 

Freduced ⊆ bn                                                                                                                                                                                                (3) 

 

where Fc consists of n columns representing each candidate feature in the GAN parameter. To select a feature subset, Freduced, a binary 

string of length 1 × n is defined, so that each column has a bit assigned to it. The initial value of the binary string can be randomly defined 

during initialization. A value of 1 indicates that the column will be considered in the construction of Freduced, while the value of 0 indicates 

that the column is ignored.  

In the swarm, each particle carries a 1 ×m vector in solutions xid. This vector contains the “probabilities of change”. During optimization, 

the vector elements will be used as a reference to alter the binary string from its initial state (zero). If the particle vector element is more 

than 0.5, the binary bit will be changed to 1; otherwise, the bit value is maintained. Based on Table 4, the candidate potential feature size 

is 13, [b1 b2 b3 b4 b5] [b1 b2 b3 b4] [b1 b2 b3 b4].  

4. Results and analysis 

Three critical hyperparameters, epoch, batch size, and label smoothing were assessed in the experiments to improve GAN performance. 

Epoch was set to be [5, 10, 15, 20, 25], batch size [64, 128, 256, 512], and label smoothing [0.8, 0.85, 0.9, 0.95]. Two methods were used 

for optimization: Particle Swarm Optimization (PSO) and Artificial Bee Colony (ABC). Iterations were varied from 10 to 50 in increments 

of 5, for each method with 5 particles. The goal was to minimize the fitness value, which is the sum of the discriminator error (abs (0.5 - 

d_loss[0])) and the generator error (abs (g_loss - 0.5)), to keep the balance of GAN’s components. 

As seen in Table 5, for all tested configurations, training for 25 epochs always results in the best fitness values, and both PSO and ABC 

achieve 0.2357 minimum fitness values under these parameters. The extended training periods are used to allow the GAN to converge 

well, so that the generator can produce more realistic outputs, and the discriminator can distinguish real and generated data better. The 

fitness values were higher when lower epoch values were used, i.e., 5, 10, or 15, since the training duration was insufficient for the GAN 

to reach equilibrium. An observation made across all the assessed batch sizes (64, 128, 256, and 512) was a constant observation that 128 

was the smallest batch size that gave the lowest fitness value, which is the most optimal batch size. This finding shows that a moderate 

batch size optimally balances the trade-off between gradient accuracy and computation efficiency.  

 
Table 5: Optimization Results 

Cases Iteration Epoch Batch Label Smoothing Result 

PSO 30 25 128 0.8 0.235695 

PSO 25 25 128 0.8 0.235695 

ABC 25 25 128 0.8 0.235695 
ABC 5 25 128 0.8 0.235695 

ABC 45 25 128 0.8 0.235695 

ABC 40 25 128 0.8 0.235695 
PSO 45 25 64 0.95 0.318867 

ABC 15 25 64 0.95 0.318867 

ABC 50 25 64 0.95 0.318867 
ABC 35 25 64 0.95 0.318867 

PSO 20 25 64 0.95 0.318867 

ABC 20 25 64 0.95 0.318867 
PSO 5 25 256 0.9 0.407775 

PSO 50 25 256 0.9 0.407775 

PSO 15 25 256 0.9 0.407775 
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PSO 35 25 256 0.9 0.407775 

ABC 30 25 256 0.9 0.407775 

ABC 10 25 256 0.9 0.407775 

PSO 10 20 128 0.95 0.505385 

PSO 40 20 256 0.95 0.5906694 

 

With smaller batch sizes, like 64, GAN training was found to be more sensitive to noise in GAN updates, leading to higher fitness values. 

For larger batch sizes (256, 512), suboptimal performance was observed, which may be attributed to reduced gradient variability, which 

could impede convergence and violate the equilibrium between the generator and discriminator. When label smoothing was set to 0.8, the 

lowest fitness values were found. The discriminator was able to provide effective feedback to the generator while maintaining a controlled 

level of confidence in its predictions, and this value served to obtain such results. Excessive smoothing also decreased the discriminator's 

ability to differentiate real and generated data, resulting in higher fitness values at higher label smoothing values, such as 0.9 or 0.95. On 

the contrary, small smoothing values in the analysed range improved the model’s performance by keeping the level of uncertainty sufficient. 

In ideal configurations, 25 epochs, batch size of 128, and label smoothing of 0.8, both PSO and ABC were able to converge to an optimal 

fitness value of 0.2357. Results also show that ABC exhibited better stability with respect to the evaluated iterations, as it always returned 

identical fitness values between 25 and 50 iterations. However, PSO showed a higher variability of fitness outcome with the number of 

iterations, which is more sensitive to the hyperparameters. Optimization algorithms are influenced by the number of iterations. For both 

PSO and ABC, iteration values from 25 to 50 were found to be sufficient to reach optimal results. 

Iteration counts of 10 or 15 limited the optimization process to being able to fully span the hyperparameter space and thus produce subop-

timal fitness values. However, iterations above 50 were not analysed, but they could provide marginal gains in terms of computation time. 

The optimal fitness value of 0.2357 was attained using the subsequent hyperparameter configuration: 

Epochs: 25; Batch Size: 128; Label Smoothing: 0.8; Optimization Algorithms: PSO and ABC; Iterations: 25 to 50 

This finding implies that hyperparameter adjustment is a key factor for improving GAN performance. An adequate number of epochs that 

will allow learning enough time and a moderate batch size, and a label smoothing value that helps the GAN to reach a balanced state. This 

optimization challenge is addressed by both PSO and ABC, and ABC is shown to be more stable in the iterations. The results are important 

for future GAN use: hyperparameter choosing and optimization strategies require more care. 

 

 
Fig. 1: Fitness Value Heatmap. 

 

Figure 1 shows the heatmap of the fitness values obtained in the process of optimization, given different epochs and batch sizes. The 

research reveals important patterns of data that provide valuable information about how these hyperparameters affect the performance of 

GANs. Results show that the lowest fitness scores are obtained with 25 epochs, and especially with a batch size of 128. This combination 

yielded a minimal fitness value of 0.2357, meaning that it has an ideal trade-off between the generator and the discriminator. Since the 

GAN components were extended through 25 epochs of training, it may have been sufficient time for the GAN components to learn and 

become stable. On the other hand, with a reduced number of epochs (20), the fitness values were much higher, for example, 0.5054 with 

batch size 128 and 0.5907 with batch size 256. The results imply that the GAN is not able to converge well, and both the generator and 

discriminator do not receive enough training when the training duration is too short.  

GANs are optimized by the batch size. Both techniques performed well, and a batch size of 128 demonstrated the highest efficacy in terms 

of producing the lowest fitness values for both techniques and iteration counts. The finding indicates the important trade-off between 

gradient variability and computing efficiency. Slightly better fitness values using reduced batch sizes, such as 64, may have been a result 

of increased noise in gradient computations, which can interfere with the training process. Specifically, batch sizes of 256 generated modest 

fitness values of 0.4078, which can be interpreted as decreasing gradient variability and therefore the learning process would suffer from 

inefficiency and yield suboptimal results. Both PSO and ABC achieved the same minimum fitness value with optimal parameters of 25 

epochs, batch size of 128, and label smoothing factor of 0.8 in the assessment of optimization techniques. It turns out that ABC was more 

stable than other methods when different iteration counts are used, as it always reached the same fitness value for iterations of 25, 40, and 

45. Increased variability in PSO indicated that it was more sensitive to the hyperparameters.  

The number of iterations also influenced the process of optimization. Some configurations decreased the fitness value down to the 25 to 

50 iterations, but lower iteration counts, like 10 or 15, typically result in a higher fitness value. This observation highlights the necessity 

for thorough investigation in the hyperparameter space to achieve the best performance of GANs. No count greater than 50 iterations was 

analysed, indicating opportunities for future research to find if additional improvements are possible with additional computational re-

sources.  

The results of the heatmap study emphasize the importance of hyperparameter tuning for GANs. With such a configuration, with 25 epochs, 

a batch size of 128, and a label smoothing parameter equal to 0.8, we obtained optimal results, indicating that it is crucial to find good 

values of the parameters used in GAN training, as we want to stick to the stable and balanced phase. In this environment, both PSO and 

ABC proved effective, and ABC was more consistent iteration by iteration. The results show that proper calibration of training configura-

tion is required for good performance in future GAN applications.  

Further analyses were performed using the optimal results derived from PSO and ABC. Both optimizers achieve the same minimum fitness 

of 0.235695, with PSO using 5 particles across 25 iterations, while ABC employs 5 particles over only 5 iterations. The number of 
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evaluations is different for both, as shown in Table 6 and Error! Reference source not found.7. The difference in evaluation counts 

between ABC (Table 6) and PSO (Table 7) is fundamentally associated with the inherent characteristics and operational mechanisms of 

these two optimization algorithms. 

 
Table 6: PSO Evaluation 

Epoch Batch Size Label Smoothing Fitness 

25 128 0.8 0.235695 
25 256 0.9 0.407775 

25 128 0.9 0.604992 
25 128 0.95 0.759843 

25 64 0.8 0.797482 

15 128 0.95 0.833629 
20 128 0.9 1.005759 

25 32 0.9 1.080032 

25 64 0.9 1.099532 
25 256 0.8 1.530396 

25 32 0.8 1.769262 

25 0 0.9 10.00000 
25 128 0 10.00000 

25 32 0 10.00000 

25 64 0 10.00000 

 

PSO is an optimization algorithm based on population, making a compromise between exploration and exploitation. The position of each 

particle in the swarm is adjusted according to its individual best position and the best position found in the swarm. The quantity of particles 

and the quantity of iterations determine the number of evaluations in PSO. Here, PSO has 5 particles and 25 iterations, and therefore 125 

assessments. PSO is rapid to converge because of its directed search mechanism that leads to refining positions toward the global optimal 

solution. In the search space used in this experiment, the way with fewer redundant evaluations will minimize explorations when the 

approach to convergence is achieved and select less the exploration that is unnecessary.  

ABC is, however, affected by the foraging behaviour of honeybees, namely the employed bees, the spectator bees, and the scout bees. 

Foraging bees assess the area around the food sources to determine viability. Observer bees choose food sources based on quality and look 

at alternative options, scout bees seek new, random alternatives when a source is abandoned. The dynamic reassignment of bees increases 

the number of evaluations influenced by several aspects: the ongoing assessment for solutions near potential areas, the identification of 

new solutions by scout bees, and the distribution of responsibilities. The evaluation frequency of ABC is increased by repeated recruitment 

by observer bees and random searches of scout bees. 

In the specified configuration, ABC utilizes five particles while evaluating a larger set of solutions (Figure 2) due to the iterative approach 

and the continuous integration of new evaluations by scout bees, even as optimal solutions are approached. 

It has the effect of decreasing stagnation while increasing computational cost. The reason why ABC conducts more evaluations is that ABC 

has the iterative re-evaluation and exploration strategies, while PSO has the deterministic focused search strategy. In response to the ongo-

ing reassessment by both employed and observer bees and their proactive inquiries from scout bees, ABC also carried out additional 

evaluations. 

 
Table 7: ABC Evaluation 

Epoch Batch Size Label Smoothing Fitness 

25 128 0.8 0.235695 

25 64 0.95 0.318867 
10 64 0.95 0.332928 

5 256 0.9 0.338596 

5 256 0.95 0.482846 
20 256 0.95 0.590694 

20 256 0.9 0.601941 

25 128 0.9 0.604992 
25 256 0.95 0.608086 

15 256 0.95 0.818201 

25 256 0.85 0.821025 
5 256 0.85 0.840442 

25 128 0.85 0.869569 

20 64 0.9 1.211218 
10 64 0.85 1.325192 

20 256 0.85 1.350126 

20 32 0.9 1.422504 
25 64 0 10.0000 

25 256 0 10.0000 

0 256 0.9 10.0000 
25 0 0.8 10.0000 

25 0 0.95 10.0000 

15 256 0 10.0000 
15 128 0 10.00000 

0 256 0 10.00000 

0 256 0.95 10.00000 
25 128 0 10.00000 

5 256 0 10.00000 

 

In contrast to PSO, ABC assigns dynamic roles and provides more evaluations as more bees evaluate solutions at the same time. Although 

both algorithms reached the same minimal fitness value of 0.235695, the ABC algorithm’s iterative refinement and active exploration 

method of exploration was able to complete a larger number of evaluations. This implies that ABC is more appropriate for searching 

domains with much complexity and multiple modes, since ABC puts greater weight on resilience and low stagnation in comparison to 
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computational efficiency. On the other hand, the PSO method targeted at an optimization problem possesses computational efficiency and 

is more appropriate to be used in less complex optimization problems for which the required convergence is rapidly achieved. 

 

 
Fig. 2: ABC Optimization Process. 

 

 
Fig. 3: Generated Image. 

 

As shown in Figure 3, two groups of images are generated by a Generative Adversarial Network (GAN). Outputs from the upper row are 

obtained under optimized parameters (batch size, epoch, and label smoothing), and outputs from the lower row are generated without these 

optimizations. It is found that the generated images in the two cases are very different in quality. The optimized set consists of images that 

are characterized by clear and well-defined structures so that digits such as “2,” “3,” “0,” “9,” and “0” can be recognized. With batch size, 

the updates to the generator and discriminator become stabilized, and the train can oscillate and converge to the data distribution. Epoch 

adjustment helps balance the underfitting and overfitting and improves generalization. Regularization technique label smoothing helps to 

reduce overconfidence in the discriminator’s predictions, making GAN training more stable and producing better outputs.  

Most digits in the non-optimized set of images are fragmented or unrecognizable due to the significant noise and structural distortions. The 

"5" and "3" are incoherent, and the "7" and "6" are notably distorted and contaminated with noise. Unstable training dynamics were likely 

caused by insufficient optimization, leaving the generator unable to represent the underlying data distribution adequately. Training insta-

bility may have been caused due to an unoptimized batch size, or the learning may not have been adequate because there were not enough 

epochs. It is possible that overfitting occurred in the discriminator due to the lack of label smoothing and thus destabilized the learning 

process of the generator.  

The results highlight the importance of parameter optimization, particularly for batch size, epoch, and label smoothing, for achieving good 

performance in GANs. These parameters are properly tuned to stabilize the training process, learn the data distribution better, and produce 

high-quality, recognizable images. There are options when determining how to choose your keys and enhance security in GAN applications. 

This analysis demonstrates the need to carefully consider parameter optimization to ensure that any achieved results are reliable and mean-

ingful.  

5. Discussion 

PSO and ABC algorithms were applied to the experiments to optimise the training parameters of GANs. It systematically tested epochs, 

batch sizes, and label smoothing values to uncover the impacts of those hyperparameters on the performance of GANs. This finding em-

phasizes the need for meticulous parameter selection to achieve stable training dynamics, the stability between the generator and discrim-

inator, and high-quality images.  

All evaluated configurations were trained for 25 epochs, with the highest fitness values obtained being from training for 25 epochs. The 

implication is that the GAN converges well when training for an extended duration, which facilitates the generator to produce more realistic 

outputs and the discriminator to tell the difference between real and generated data. Reduced epochs, such as 5 or 10, produced high fitness 

values, suggesting that reduced training epochs could result in under-training of the GAN. One should note that the chosen maximum 

epoch of 25 in this experiment may not be enough to adequately represent the data distribution, especially in complex GAN applications. 

This range of epochs is useful to recognize trends in parameter optimization. 

A batch size was a critical factor, and 128 was found to be the optimal value. This computational efficiency and gradient variability, 

however, lead to the lowest fitness values among configurations, and this size optimised computational efficiency. Introducing noise into 

gradient calculations destabilised training even for smaller batch sizes such as 64. The gradient variability was decreased by increasing the 

batch size from 16 to 256 and 512; however, convergence was slowed, and the balance between generator and discriminator was disrupted. 

Optimal efficacy was observed at label smoothing set at 0.8, where the discriminator can provide good feedback to the generator without 

overconfidence. When the smoothing values are increased, like 0.9 or 0.95, the discriminator’s ability to differentiate is reduced, which is 

suboptimal. 

Under optimal conditions of 25 epochs, batch size of 128, and label smoothing of 0.8, the PSO and ABC optimisation algorithms were able 

to reduce the fitness value to 0.2357. The stability of ABC was seen to be much better than PSO, since ABC resulted in consistent results 

over a larger dynamic range of iterations, compared to PSO, where it varied. It implies that ABC is more efficient in discovering and 

seeking to optimize a solution when computational resources and stability are critical. 
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A comparison between both ABC and PSO was made in terms of their computational efficiency and stability. ABC performed more 

evaluations compared to PSO, as it relies on the behavior of multiple bee roles—employed, onlooker, and scout bees—to continuously 

explore and re-evaluate potential solutions. The strategy increases the chance of escaping from local minima, thus giving a chance to find 

a more optimal solution ahead. Different from the PSO strategy, it updates particles using a simpler, more directed strategy based on both 

individual and global best positions. Thus, it converges quickly and with fewer iterations, making it more efficient in terms of computation. 

In summary, ABC offers a more thorough and resilient search at the cost of extra evaluations, while PSO favors speed and efficiency, 

particularly in less complex problem spaces. Selecting between these methods should depend on whether consistency or computational 

speed is the priority in each application. 

Although PSO and ABC are nature-inspired, population-based optimization techniques, their performance is best understood when com-

pared with conventional approaches such as Bayesian Optimization and Grid Search. Grid Search offers exhaustive exploration, but it can 

become computationally impractical in high-dimensional settings. Bayesian Optimization addresses this by leveraging probabilistic models 

to improve the search process, often achieving greater efficiency, especially when evaluation costs are high. Nevertheless, both methods 

can face limitations in complex, non-convex landscapes, where swarm-based approaches like PSO and ABC tend to perform better by 

effectively exploring a wider range of potential solutions. 

6. Conclusion 

This research shows that optimizing GAN performance depends on hyperparameter improvements. Using 25 epochs alongside 128 batch 

size, together with 0.8 label smoothing values, produced an optimal framework for controlling the GAN training process. Studies demon-

strated that the application of PSO and ABC algorithms functioned well as optimization techniques, where ABC maintained better stability 

throughout each iteration. 

This research uses a maximum epoch of 25 due to its unclear ability to fully unleash GAN capabilities for producing detailed and accurate 

images. GAN training requires extensive periods to achieve convergence targets because complicated data distributions need additional 

time. The experimental results can function as a base for guiding GAN training procedures, although the study's maximum training period 

is considered insufficient. The identified effective initial hyperparameter configurations provide researchers with foundations to increase 

GAN training efficiency and accuracy. 

Training a GAN is time-consuming, meaning that a well-optimized starting point is crucial to greatly enhance training efficaciously, thus 

reducing the redesign operation for tuning through numerous extreme trial-and-error, which is costly in computation. This direction is a 

snapshot guide on how to improve the quality of outputs in later runs of the training with respect to convergence. Further work might take 

this study into the comparison of extending the number of training epochs beyond 25 while experimenting with more diverse hyperparam-

eters, like different learning rates or momentum, to give a better explanation of GAN optimization. Additional research could verify the 

generalizability and robustness of these parameters when applied to other, more complex datasets. That would allow for more thorough 

application of GANs in other fields, such as the generation of images or data synthesis. Upcoming studies should investigate real-world 

uses, including the creation of synthetic medical images or data for diagnostic assistance, which would evaluate the model's effectiveness 

in critical areas. These developments could significantly enhance the wider acceptance of GANs in sectors where high-quality synthetic 

data is crucial. In addition, we also intend to explore the generation of traditional Songket patterns using GANs. This effort has the potential 

to support and revitalize Malaysia’s traditional textile industry by preserving cultural heritage through digital innovation 
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