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Hyperparameter optimization is considered one of the most crucial 
steps in training deep learning models, as the performance metrics of 
these models, such as accuracy, generalizability, and computational 
efficiency, are closely tied to it. The following five hyperparameter 
optimization techniques have been explored in this work: Grid Search, 
Random Search, Genetic Algorithm, Particle Swarm Optimization, and 
Simulated Annealing, on a feedforward neural network (FFNN) trained 
with the MNIST dataset. It considers two main configurations of 20 
epochs and 50 epochs, focusing on three key metrics: accuracy, 
runtime, and computational efficiency. Results show that 
approximation algorithms, such as Genetic Algorithm and Simulated 
Annealing, can achieve a remarkable trade-off between accuracy and 
runtime, allowing them to perform significantly better in terms of 
computational practicality than classical methods like Grid Search and 
Random Search. As a simple example, the highest Genetic Algorithm 
accuracy is 98.60% within 50 epochs, whereas Simulated Annealing 
performed better, with the fastest run taking 357.52 seconds. These 
results are bound to show how much flexibility and efficiency there is 
in the approximation algorithms when searching high-dimensional 
hyperparameter spaces under scarce resources. This work also 
presents a trade-off analysis between exhaustive classic techniques and 
adaptive approximation techniques. The Python implementation, 
which is modular in architecture, provides a basic structure that can be 
extended to accommodate complex datasets and architectures. By 
bridging computational efficiency with practical efficacy, this work 
provides actionable guidance to both practitioners and researchers on 
the use of deep learning, offering a possible direction for selecting 
hyperparameter optimization methodologies that are most suitable for 
specific constraints versus objectives. 
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1. Introduction 
Deep learning has recently become the backbone of modern artificial intelligence, showing stunning 
improvements in everything from image recognition to natural language processing to autonomous systems. The 
success of deep learning essentially lies at the heart of optimization with respect to model parameters and, more 
importantly, hyperparameters, including the number of hidden units, dropout rates, and learning rates, and this 
process is called hyperparameter optimization and is one of the most important ways to improve model 
performance [1]. However, the increasing complexity of both models and datasets makes HPO a problem that is 
computationally expensive and one that requires sophisticated solutions [2]. Computationally, HPO balances 
accuracy and efficiency, improving resource efficiency with assured strong performance. The conventional 
hyperparameter tuning approaches include grid search and random search [3]. Traditional methods are 
systematic in the processes they have for hyperparameter tuning, but normally, they cannot scale well. Grid 
search, although exhaustive, is computationally expensive and not appropriate in high-dimensional space.  

On the other hand, random search provides computational efficiency at the sacrifice of precision in finding 
the best configurations consistently enough [4]. These Tudor describe grave limitations, hence the need for more 
advanced algorithms that are needed for better optimization of deep learning models. This calls for the emergence 
of approximation algorithms as a breakthrough towards HPO, solving these large and complex search spaces with 
incredible efficiency. Drawing inspiration from concepts in biology, physics, and social dynamics, these algorithms 
make certain that computational efficiency comes along with a guarantee on the accuracy of the approximation. 
An example is genetic algorithms, taking the analogy of mutation and crossover processes across different cycles 
of evolution, which perform this dynamic exploration of the search space without much computational overhead 
as done in exhaustive methods [5]. Particle swarm optimization, inspired by the collective behavior of swarms, is 
able to realize rapid convergence by iterative sharing of information among particles in the search space [6]. In a 
similar vein, simulated annealing, inspired by thermodynamic principles, adjusts its search strategy to escape local 
optima with considerable reduction of computational costs [7].  

Further integration of various Python implementations pushes the usability of approximation algorithms into 
practical applications. Python, combined with a variety of libraries and frameworks, allows for easy deployment 
on real-world datasets. The various frameworks, such as TensorFlow and PyTorch, provide robust environments 
for the development and evaluation of deep learning models; similarly, libraries like SciPy and DEAP offer efficient 
implementations for optimization algorithms [8]. These Python-based solutions have made relatively inexpensive 
access to advanced optimization techniques available to researchers and practitioners, thereby democratizing the 
use of computationally intensive HPO tasks. This study aims to compare and evaluate traditional and 
approximation algorithms for optimizing deep learning models, focusing on their computational efficiency and 
accuracy. We have used the MNIST dataset [9] to analyze the performance of grid search, random search, genetic 
algorithms, particle swarm optimization, and simulated annealing. This study emphasizes the computational 
perspective, focusing on processing times, resource consumption, and scalability, in addition to accuracy 
measures. 

In this work, we bridge the gap between computational efficiency and practical use, demonstrating how 
approximation algorithms can transform the current state of deep learning. We provide actionable insights and 
Python code to offer best practices for deep learning model optimizations with minimal computational overhead, 
utilizing Python. 

Specifically, this research provides: 
• A practical guide for both practitioners and researchers in training deep learning models. 
• A possible direction for choosing hyperparameter optimization methodologies most appropriate to 

constraints versus objectives. 
• Reveals the best metrics for measuring the performance of each optimization algorithm. 
• A comprehensive framework for optimizing deep learning models in real-time, serving as a knowledge 

hub for other researchers. 

2. Related Studies 
Hyperparameter optimization is a critical factor in deep learning model performance, as it directly influences the 
balance of accuracy, efficiency, and generalization capabilities of these models [10]. Over the years, a myriad of 
methods for HPO have been proposed, ranging from traditional approaches to advanced algorithms, each with its 
own merits and demerits. The primary objective of HPO is to identify the optimal combination of hyperparameters 
that yields maximum model performance with minimal computational cost. This objective has been addressed by 
a number of methods, which range from exhaustive search techniques to probabilistic models and biologically 
inspired algorithms. 

One of the earliest methods for HPO, grid search, explores all the possible combinations of hyperparameters 
within pre-defined ranges. While effective on small-scale problems, grid search becomes computationally 
infeasible as the dimensionality of the hyperparameter space increases. Belete and Huchaiah [11] have pointed 
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out that grid search often unnecessarily over-exploits computational resources to evaluate redundant 
configurations, as only a small subset of the hyperparameters typically contributes to model performance. Despite 
these limitations, grid search is still commonly used because of its simplicity and determinism, its guarantee of 
result reproducibility. On the opposite side, random search provides for a more efficient approach since it samples 
the hyperparameters randomly, often with lower computational cost and comparable, or even better, 
performance than in the case of grid search.  

In fact, as shown in [12], random search can work particularly well when only some of the hyperparameters 
are truly significant. Bayesian optimization has been one of the more sophisticated methods of HPO in recent 
times, using probabilistic models to guide the search process. It builds a surrogate model, typically a Gaussian 
process, to predict the performance of untested hyperparameter configurations [13]. Bayesian optimization, 
focusing on the most promising areas of the search space, drastically reduces the number of evaluations needed 
to find optimal solutions. Wu and co-authors in [13] conducted Bayesian optimization for deep learning models 
and showed that it outperforms grid and random search in high-dimensional spaces. However, this method is not 
scalable for large-scale problems due to the significant computational overhead incurred in maintaining and 
updating the surrogate model.  

Evolutionary algorithms [14]–[19], inspired by the principle of natural selection, have become increasingly 
popular in recent times for handling complex and nonlinear optimization problems. Genetic algorithms represent 
one of such class of global optimization methods that works by iteratively evolving a population of candidate 
solutions through processes such as selection, crossover, and mutation [20]. This study pioneered the application 
of GAs to optimization problems, and since then, a number of subsequent studies have demonstrated their 
effectiveness in HPO. For instance, Hamdia et al. [21] applied GAs to the hyperparameter optimization of 
convolutional neural networks, a setting in which competitive results were obtained with reduced computational 
costs compared to traditional methods. In general, the ease of adaptation of GAs is particularly suitable for 
exploring rugged and high-dimensional search spaces. However, their computational cost, due to the need to 
evaluate multiple individuals at every generation, may become a serious drawback, and parallelization is usually 
required.  

Another biologically inspired algorithm is particle swarm optimization, or PSO, which depends on the 
collective behavior of social organisms like birds and fish. In PSO, a population of particles explores the search 
space by sharing information about their positions and performance. This allows for fast convergence toward the 
optimum. PSO was proposed as a general optimization technique by Kennedy and Eberhart [22]. Since then, 
several works have confirmed its effectiveness for HPO tasks.  

Khalifa et al. [23] have demonstrated that PSO outperforms grid and random search in optimizing the 
hyperparameters of recurrent neural networks, achieving greater accuracy and improved runtime efficiency. 
Although the strengths of PSO are many, it may not be suitable for high-dimensional search spaces or when there 
are numerous local optima; hence, several hybrid approaches have been developed in which PSO is combined with 
other optimization methods. Simulated annealing, on the other hand, is another effective global optimization 
method for HPO from a thermodynamic perspective.  

During the course of searching, SA accepts probably suboptimal solutions in order to escape from local optima, 
with the probability of doing so decreasing gradually as the so-called temperature is reduced [24]. Originally 
proposed as a general optimization procedure, SA has been adapted several times for HPO tasks in deep learning. 
Kuo et al. [25] applied SA for the purpose of hyperparameter optimization of generative adversarial networks. 
The model's stability and performance were improved remarkably. Being robust and straightforward, SA is one 
of the useful techniques in optimization problems, especially in rugged search spaces. However, the performance 
is highly sensitive to the cooling schedule and initial temperature; therefore, they must be carefully tuned to 
achieve the best results. As a result, comparative studies have shed much light on the relative strengths and 
weaknesses of different HPO methods. For example, Hutter et al. [26] compared grid search, random search, and 
Bayesian optimization, reporting that Bayesian methods consistently outperformed traditional methods in 
computational efficiency and often matched or surpassed them in surface accuracy.  

Similarly, Shao et al. [27] reviewed evolutionary algorithms in the context of neural architecture search, 
highlighting their flexibility and ability to adapt to complex optimization tasks. Sharma et al. [28] compared swarm 
intelligence algorithms, such as PSO, with traditional methods and demonstrated the superiority of swarm 
intelligence algorithms in terms of runtime efficiency while maintaining comparable accuracy levels. These results 
suggest the potential of bioinspired algorithms in addressing the computational challenges associated with HPO. 
Python has been a driving force in practical considerations for HPO methods, thanks to its comprehensive 
ecosystem of libraries and frameworks [29]. 

Among them, Scikit-learn, Optuna, and DEAP provide robust tools for implementing optimization algorithms, 
enabling researchers to experiment with a wide variety of methods on real-world datasets [30]. This would, for 
instance, make Optuna most suited for dynamic sampling and pruning in Bayesian optimization, while DEAP offers 
an extremely easy implementation for evolutionary algorithms, such as GAs and PSO. Integrations with popular 
deep learning libraries, such as TensorFlow and PyTorch, together with this library, have made the application of 
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HPO to large models relatively easy, bridging the gap from theoretical research to productive usage. Despite such 
tremendous progress, HPO still poses a challenging task due to the computational cost of evaluating deep learning 
models. Recently developed hybrid approaches that perform handshaking between multiple algorithms offer 
promising solutions for these challenging tasks. For example, Bayesian optimization using population-based 
methods has the ability to efficiently leverage the power of a probabilistic model by enhancing exploration. 
Another exciting avenue for future research is the integration of HPO with neural architecture search, enabling 
the simultaneous optimization of model architectures and hyperparameters to achieve unprecedented levels of 
performance. 

Besides, the ever-increasing availability of high-performance computing resources and distributed systems 
has opened new opportunities for scaling HPO methods. Distributed frameworks, such as Ray and Dask, allow 
researchers to parallelize the evaluation of hyperparameter configurations, significantly reducing runtime. These, 
together with the growing capabilities of Python-based tools, are likely to drive further innovation in HPO, 
enabling the development of more efficient and effective methods for optimizing deep learning models. Current 
research on HPO is conducted with ongoing evolutions that, for good reasons, highlight the need to strike a delicate 
balance between model accuracy, efficiency, and scalability. This is indeed of great significance in respect of recent, 
complex deep-learning models, whose increased dataset size places very excessive demands on efficient and 
robust optimization techniques. Furthermore, it provided an opportunity to identify the way forward for further 
developments, given the potential for leveraging insights from more traditional and biologically inspired 
algorithms, leading to more effective and practical approaches to addressing the challenge of hyperparameter 
optimization in deep learning. 

3. Methodology 
This research proposes a general and robust methodology for the optimization of hyperparameters in deep 
learning models by systematically surveying a range of optimization techniques. In this regard, the study is 
specifically designed to tackle critical challenges in HPO, considering the trade-off between model accuracy, 
computational efficiency, and scalability. The methodology further highlights insights into both traditional and 
approximation-based methods, specifically their comparative performance and applicability in real-world 
scenarios. By integrating Python implementations, this research provides a comprehensive framework for 
optimizing deep learning models in practical, real-world scenarios as depicted in Figure 1. 
 

 
Fig. 1 System flowchart 
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As depicted in Figure 1, the main points of the proposed method are summarized thus: 
• Feed raw MNIST dataset to the FFNN 
• Perform preprocessing (Data Normalization and Feature Extraction) 
• Feed the processed dataset to each of the hyperparameter optimization techniques to perform parameter 

tuning and evaluation 
• Select the best configuration 
• In a Python-based framework, perform deep learning model optimization 

3.1 Problem Statement  
Hyperparameter optimization is a crucial step in training deep learning models, as hyperparameters significantly 
impact model accuracy, convergence speed, and overall performance. The traditional methods, such as grid search 
and random search, are computationally expensive and relatively inefficient for high-dimensional search spaces. 
On the other hand, approximation algorithms like GA, PSO, and SA provide mechanisms of adaptiveness that can 
intelligently explore the search spaces. The current research targets the trade-offs between the mentioned 
methods, focusing on: 

a. Computational Cost: The standard methods are resource-intensive and cannot be implemented on large-
scale problems. 

b. Exploration-Exploitation Trade-off: Approximation algorithms can balance exhaustive exploration with 
focused exploitation of the most promising areas, becoming indispensable in high-dimensional search 
spaces of large size. 

c. Real-World Applicability: By making runtime and computational efficiency one of the metrics in this work, 
the practical relevance of the results is already ensured. 

3.2 Dataset and Preprocessing 
The MNIST dataset serves as the basis of this research because it is a standard and widely accepted benchmark 
for evaluating performance in machine learning and deep learning models. Simplicity, combined with its rich 
historical adoption in both academic and industrial research, makes it ideal for assessing hyperparameter 
optimization techniques. The importance of the dataset, its structure, and preparation steps are elaborated in the 
following sections to show the relevance and contribution it makes to this study. The MNIST dataset is used due 
to several factors related to the research purpose. This study, in essence, aims to investigate the performance of 
different HPO techniques in terms of accuracy, computational efficiency, and adaptability. The use of MNIST 
provides a controlled environment with well-documented research to realize: 

• Standardized Benchmark: The MNIST dataset is among the most widely used in machine learning 
research, particularly for image classification. The widespread use of MNIST ensures that the results 
obtained in this work will be easily comparable with those of previous works, thereby establishing a 
context within which the performance of the HPO techniques under review can be assessed. 

• Simplicity for Controlled Experiments: The simplicity of this dataset minimizes the influence of external 
factors, such as extensive data preprocessing or noisy inputs, allowing the research to focus solely on the 
effectiveness of optimization algorithms. This controlled environment ensures that observed variations 
in performance are due to the HPO techniques and not related to data challenges. 

• Relevance and Adaptability: While MNIST is easy, it's complicated enough to distinguish a well-optimized 
model from one that isn't. Insights obtained here will easily scale to more complex data, making MNIST a 
practical starting point. 

• Ease of Preprocessing and Implementation: MNIST is already in a standardized format, eliminating the 
need for extensive preprocessing, which enables the research to focus on modeling and optimization. Due 
to its simplicity, experimentation and iteration occur more quickly; it plays a crucial role when comparing 
several HPO methods. 

The MNIST dataset contains 70,000 gray-level images of handwritten digits ranging from 0 to 9, hence classes. 
It is well-structured enough to be used in both the training and testing phases of a model, making it very reliable 
for model evaluation. Its key components are portrayed below: 

• Dimensions of the Images and Representation: Each image consists of a 28 x 28 grid with varying graying 
intensities, ranging from 0 (black) to 255 (white). This makes each picture stretch into a 784-dimensional 
vector to input data into the feed-forward neural network. In this case, there will be compatibility with 
all fully connected layers in the FFNN. 

• Class Distribution: This dataset is balanced, consisting of nearly equal instances of every digit class. The 
advantage of such a balance is that it ensures the model does not develop biases toward any particular 
digits, allowing for more fair and reliable evaluations of the various optimization techniques being 
investigated. 
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• Data Splits: The dataset is divided into: 
o Training Set: 60,000 images used to train and validate the model. 
o Test Set: 10,000 images are set aside for final evaluation, allowing performance metrics to be 

calculated on unseen data. 
The dataset undergoes a series of preprocessing measures that are considered necessary for consistency, 
numerical stability, and the performance of the model: 

● Normalization: The pixel values are normalized in the range of [0, 1] by dividing each value by 255. This 
normalization step reduces feature variability and accelerates the convergence of gradient-based 
optimization methods by maintaining uniform input scales. 

● One-Hot Encoding of Labels: The digit labels, ranging from 0 to 9, are one-hot encoded into vectors to 
facilitate working with the categorical cross-entropy loss. The digit 3 is represented as 
[0,0,0,1,0,0,0,0,0,0], where 1 indicates the correct class. 

● Data Cleaning and Integrity Checks: These involve removing duplicate or incomplete records to create a 
clean and reliable dataset. This significantly reduces the likelihood of developing biased or inconsistent 
models, both during training and evaluation. 

MNIST is structured and simple while aligning with the goals provided by this study. Any complications with 
the data have been removed, and the results would therefore align with the performance of the HPO techniques. 
The controlled design would ensure that: 

● The strengths and weaknesses of both traditional approaches, like Grid Search and Random Search, and 
approximation methods such as GA, PSO, and SA, are objectively reviewed. 

● The dataset's balanced distribution and clear structure facilitate accurate assessment of model 
performance, ensuring that the optimization techniques are judged based on meaningful and 
reproducible metrics. The MNIST dataset provides an excellent foundation for this research, offering an 
ideal and controlled environment for comparing the relative performance of various HPO techniques. The 
simplicity and well-balanced structure further allow the study to focus on algorithmic effectiveness, thus 
making the results not only reproducible but also scalable. 

This work, leveraging MNIST, can shed light on the balance between accuracy and computational cost in 
hyperparameter optimization for large-scale scenarios, and consequently lay the groundwork for future 
applications in more complex settings. 

 

3.3 Model Architecture 
In this regard, the FFNN represents a baseline in the current study due to its computational efficiency, modularity, 
and adaptability of several hyperparameter settings. The subsequent section presents the architecture of FFNN, 
its design rationale, and advantages in the context of the evaluation of different techniques of hyperparameter 
optimization. FFNN is a classic architecture of an artificial neural network, which is designed to process input 
information for the generation of output predictions by means of a mechanism called a forward pass. Structure 
and functionality can be broken down as follows: 
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Fig. 1 Model architecture 

 
Input Layer: 
● The input layer processes flattened vectors of pixel intensities from the MNIST images. Each image is 

28×28 pixels, which gives 784 input features. 
● The role of this layer is to directly map the raw data into the neural network for subsequent processing. 
● Design Rationale: Flattening ensures compatibility with fully connected (dense) layers, while the uniform 

vector length simplifies computation. 
Hidden Layer: 
● The input layer is followed by a fully connected (dense) layer, with the number of neurons being a 

hyperparameter. The neurons vary between 64, 128, 256, and 512, optimized by the hyperparameter 
optimization methods. 

● The ReLU activation function is used on each neuron's output. ReLU introduces non-linearity, which 
enables the network to learn complex relationships between input features. 

● Design Rationale: Fully connected layers ensure that every feature in the input interacts with all neurons 
while enabling the model to capture global patterns. 

● ReLU activation mitigates the vanishing gradient problem, which is common in networks using sigmoid 
or tanh activations. 

Dropout Layer: 
● A dropout layer is incorporated after the hidden layer to reduce overfitting by randomly deactivating a 

fraction of neurons during each training iteration. 
● The dropout rate is tunable, from 0.1 to 0.5, and is optimized during experimentation. 
● Design Rationale: Dropout improves the model's generalization ability by preventing neurons from 

starting to work in a complementary fashion, thereby keeping the network more robust on new, unseen 
data. 

Output Layer: 
● Output layer: Comprises 10 neurons, which correspond to the 10-digit classes pre-defined in the MNIST 

dataset. 
● The softmax activation function is applied to turn the raw scores of each neuron into probabilities, also 

summing to 1. 
● Design Rationale: Softmax allows interpretability by providing a probability distribution over classes to 

facilitate proper classification. 
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3.4 Mathematical Modelling 
For this reason, the FFNN serves as a baseline in the current study, as it is computationally efficient, modular, and 
its hyperparameter settings are easily adaptable. In this subsequent section, the architecture of FFNN, its design 
rationale, and the advantages of FFNN with respect to evaluating different hyperparameter optimization 
techniques are presented. An artificial neural network must be distinguished from an FFNN, which is a classic 
architecture and a mechanism to process the input information for the generation of the output prediction through 
a process known as the forward pass. The structure and the functionality can be divided into the following 
subsections. 

3.4.1 Input Layer 
Flattened vectors of pixel intensities from the MNIST images are given as input to the input layer. The input 
features for each image are 28×28 pixels, ie, 784. This layer’s role is to directly map the raw data into the neural 
network for further processing. Flattening and Uniform Vector Length: Flattening simplifies computation and 
ensures compatibility with fully connected (dense) layers; the uniform vector length is a natural way to keep 
things simple. Mathematically, the input vector is represented as: 
 

𝐱𝐱 = [𝑥𝑥1,𝑥𝑥2, . . . , 𝑥𝑥784]                                                                         (1) 
 
where 𝑥𝑥𝑖𝑖  represents the pixel intensity normalized to [0,1]. 

3.4.2 Hidden Layer 
There is a fully connected (dense) layer, with the number of neurons and other hyperparameters. The 
hyperparameter optimization methods optimize the neurons between 64, 128, 256, and 512. Each neuron’s 
output is fed into the ReLU activation function. ReLU allows the network to learn complex relationships in the 
input features. Using fully connected layers enables the model to capture global patterns, allowing every feature 
in the input to interact with all other neurons. ReLU activation solves the vanishing gradient problem inherent in 
sigmoid or tanh type activations in networks. 
The hidden layer is given by: 
 

h = 𝜎𝜎�𝑊𝑊(1)x + b(1)�                                                                       (2) 
 
where 𝑊𝑊 (1) ∈ ℝ𝑛𝑛×784 is the weight matrix for the hidden layer (𝑛𝑛 being the number of hidden neurons), 𝐛𝐛(1) ∈ ℝ𝑛𝑛 
is the bias vector and  𝜎𝜎(⋅) represents the ReLU activation function, defined as: 
 

𝜎𝜎(𝑧𝑧) = max(0, 𝑧𝑧)                                                                                  (3) 

3.4.3 Dropout Layer 
A dropout layer is inserted after the hidden layers to reduce overfitting by randomly turning off a subset of 
neurons in the hidden layer for each training iteration. A tunable dropout is used, ranging from 0.1 to 0.5, and is 
optimized during the experimentation process. Dropout improves the model’s generalization ability, as neurons 
cannot work in a complementary fashion; therefore, the network is more robust on new, unseen data. 
Mathematically, dropout is represented as: 
 

hdropout = 𝐷𝐷 ⊙ h                                                                                   (4) 
 
where  𝐷𝐷  is a Bernoulli-distributed mask with probability 𝑝𝑝  (dropout rate),  ⊙  denotes the element-wise 
multiplication. 

3.4.4 Output Layer 
The MNIST dataset pre-defined 10 digit classes, and so the output layer contains 10 neurons. This softmax 
activation function turns the raw scores (i.e., each neuron’s score) into probabilities that sum to 1. Softmax 
provides interpretability by providing a probability distribution over classes, facilitating proper classification. 
 

y� = softmax�𝑊𝑊(2)hdropout + b(2)�                                                      (5) 
 
where 𝑊𝑊 (2) ∈ ℝ10×𝑛𝑛 is the weight matrix mapping the hidden layer to the output, b(2) ∈ ℝ10 is the bias vector, and 
the softmax function is defined as (6), ensuring the output vector represents probabilities summing to 1. 
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softmax(𝐳𝐳)𝑗𝑗 =
𝑒𝑒𝑧𝑧𝑗𝑗

∑ 𝑒𝑒𝑧𝑧𝑘𝑘10
𝑘𝑘=1

, ∀𝑗𝑗 ∈ {1,2, . . . ,10}                                     (6) 

3.4.5 Loss Function 
As this is a multi-class classification task, the chosen loss function is categorical cross-entropy: 

ℒ = −�𝑦𝑦𝑗𝑗

10

𝑗𝑗=1

log�𝑦𝑦�𝑗𝑗�                                                                              (7) 

where 𝑦𝑦𝑗𝑗 is the true label (one-hot encoded), 𝑦𝑦�𝑗𝑗 is the predicted probability for class 𝑗𝑗. 

3.4.6 Optimization 
The Adam optimizer is used for optimization of the model parameters 𝑊𝑊 and 𝑏𝑏 using: 
 

𝜃𝜃𝑡𝑡+1 = 𝜃𝜃𝑡𝑡 − 𝛼𝛼 ⋅
𝑚𝑚𝑡𝑡

�𝑣𝑣𝑡𝑡 + 𝜖𝜖
                                                                          (8) 

 
where 𝑚𝑚𝑡𝑡 and 𝑣𝑣𝑡𝑡 are momentum-based moving averages of the gradient, 𝛼𝛼 is the learning rate.  

The summary of the mathematical model follows the transformation, which is trained using categorical cross-
entropy loss and optimized via the Adam algorithm. 
 

 x → h = 𝜎𝜎�𝑊𝑊(1)x + b(1)� → hdropout → y� = softmax�𝑊𝑊(2)hdropout + b(2)�                        (9) 

3.5 Model Compilation 
The compilation step defines how the model learns from the data and how it will evaluate its performance. 

1. Optimizer 
In that, Adam is an optimizer that combines an adaptive learning rate with momentum and RMSprop. 
• ADAM updates the learning rates of individual parameters, resulting in faster convergence and 

improved stability. 
• Reason for selection: Adam is computationally efficient, resistant to noise, and performs well on many 

tasks. 
2. Loss Function 

• The categorical cross-entropy loss function is used, which is ideal for multi-class classification 
problems. 

• This function measures the divergence between the predicted probability distribution and the true 
distribution, guiding the model toward accurate predictions. 

3. Evaluation Metric 
• Accuracy: This is a measure used to assess the model's performance. It is straightforward and gives 

the measure of the proportion of instances that are correctly classified. 

3.6 Customized Aspects and Innovations 
The FFNN architecture used in this research features a balanced structure that offers simplicity and effectiveness, 
making it an excellent model for benchmarking hyperparameter optimization techniques. The model has thus 
been used to evaluate state-of-the-art optimizers, such as Adam, coupled with a tunable design and robust 
evaluation metrics, in order to constitute a strong platform on which the strengths and limitations of various HPO 
methods can be tested. It ensures that the results are both scientifically thorough and practically relevant, setting 
the stage for considering more complex architectures and larger datasets in future research. 
 

1. Integration of Hyperparameter Optimization: Unlike static configurations, the architecture of the FFNN 
was designed to accommodate hyperparameter optimization. It treated several parameters, such as the 
number of neurons, dropout rate, and learning rate, as tunable variables that could be dynamically 
adjusted based on the outcomes of optimization. 

2. Simplicity for Multiple Experiments: The modular nature of the FFNN ensures efficiency in experimenting 
with different methods of hyperparameter optimization. At the same time, its lightweight computation 
allows for multiple trainings, which is essentially required for comparative analysis. 
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3. Generalization Capability: The FFNN balances learning of complicated patterns with generalization by 
avoiding overfitting through the incorporation of dropout layers and a robust optimization algorithm, 
Adam. This generalization capability makes it well-suited for real scenarios where there is usually a lot of 
unseen data. 

4. Flexibility in extension: Although this research only considers one hidden layer, the FFNN can be easily 
extended with additional layers or other architectural adjustments, such as convolutional layers, which 
may be necessary for more complex datasets. Thus, it also means that the research findings can be applied 
to more complicated scenarios. Consequently, an FFNN serves as a suitable testbed for the current study, 
where traditional and approximation-based HPO techniques are to be evaluated and compared. Its 
simplicity in design ensures that: 
• Isolation of Hyperparameter Influence: The variation in performance can be attributed to 

optimization methods rather than architectural complications. 
• Reproducibility Is Ensured: Because FFNN is so straightforward, replication of the study makes it 

relatively simple for other researchers to replicate and further improve upon. 

3.7 Hyperparameter Optimization Techniques 
This research compares five different HPO methods, which were selected for their comprehensiveness in 
representing the conventional and approximation-based techniques. Each technique represents a distinct 
approach to exploring the search space of hyperparameters; therefore, their inclusion provides a rich comparison 
of computational efficiency, effectiveness, and adaptability. The following provides an in-depth exploration of the 
techniques, their implementation, and the rationale behind their selection. 

1. Grid Search (GS): Perhaps, GS is the most intuitive, yet exhaustive HPO approach. It systematically 
explores every combination of the given hyperparameters within the given space. The results from every 
different setup will be trained and tested against the model, and the best combination, according to a 
predefined metric, will be selected. 

• Implementation: In this case, Grid Search was performed by defining discrete values for three 
hyperparameters: 
o Number of Hidden Units: 64, 128, 256, 512. 
o Dropout Rate: 0.1,0.3,0.5. 
o Learning Rate: 0.0001,0.001,0.01. This yields 4×3×3 = 36 configurations, each of which is 

evaluated separately. 
• Strengths: 

o Optimality: Guarantees finding the best configuration within the specified search space. 
o Simplicity: This is simple to implement and interpret, hence it serves as a standard baseline 

with which other methods are compared. 
• Limitations: 

o Computational Expense: Due to the nature of this method, exhaustive searches cannot be 
conducted practically in either a very high-dimensional or a continuous search space. 

o Scalability Issues: Exponentially increasing search space due to an increase in the number of 
hyperparameters leads to the "curse of dimensionality". 

This means that GS is a control method that provides a basis for comparing other optimization techniques. 
Because it guarantees optimal solutions, it proves to be an essential reference for evaluating 
approximation algorithms with their trade-offs. 

2. Random Search (RS): RS offers an improvement over GS by sampling the hyperparameter combinations 
within a certain random range. Instead of examining all configurations, it samples a fixed number of them, 
saving computational costs while maintaining a reasonable probability of recovering the optimal or near-
optimal solution. 

• Implementation: RS has 20 configurations that were sampled from the same hyperparameter 
ranges as: 
o Hidden Units: Random integers between 64 and 512. 
o Dropout Rate: Random floats between 0.1 and 0.5. 
o Learning Rate: Random values sampled logarithmically between 0.0001 and 0.01. 

• Strengths: 
o Efficiency: Evaluates fewer configurations, making it faster than GS. 
o Flexibility: Performs well even when some hyperparameters have little effect on 

performance, as it focuses on random exploration. 
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• Limitations: 
o Stochastic: Since it involves random sampling, it may fail to identify the optimal 

configurations. 
o Lack of Systematic Coverage: Does not guarantee evaluation of the most important regions 

in the search space. 
RS represents a good balance between computational feasibility and performance; therefore, it 
constitutes a much-needed baseline to which more sophisticated approximation algorithms can be 
compared. 

3. Genetic Algorithm (GA): The GA draws inspiration from natural selection, developing successive 
generations of a population of candidate solutions. Essentially, by imitating the processes of selection, 
crossover, and mutation, which are characteristic of biological systems, GA performs an intelligent 
exploration of the search space to find optimal hyperparameter settings. 

• Implementation: The following steps were implemented: 
o Initialization: A population of 10 individuals was generated randomly, each representing a 

unique configuration of hyperparameters. 
o Fitness Evaluation: The fitness of each individual in the population was determined by 

training the FFNN with its hyperparameters and measuring its validation accuracy. 
o Selection: Roulette wheel selection has been employed for the probabilistic selection of 

individuals for reproduction, increasing the chance of being selected for those with a higher 
fitness score. 

o Crossover: Pairs of individuals are combined to generate offspring with mixed 
hyperparameters. 

o Mutation: Plus 10% probability to introduce randomness for maintaining diversity and 
avoiding early convergence. 

o Stopping criteria: Repeated for 20 generations or when convergence was reached. 
• Strengths: 

o Adaptiveness: Works well in non-convex and high-dimensional search spaces. 
o Exploration-Exploitation Balance: It strikes a balance between global search through 

crossover and local refinement through mutation. 
o Avoids Local Minima: Its probabilistic nature helps escape suboptimal solutions. 

• Limitations: 
o Computational Cost: Evaluates multiple candidates in each generation, increasing runtime. 
o Hyperparameter Sensitivity: This requires careful tuning of the population size, mutation 

rates, and crossover probabilities. 
GA provides a strong mechanism for performing searches in complex spaces, making it ideal for deep 
learning models where interactions among hyperparameters are highly nonlinear. 

4. Particle Swarm Optimization (PSO): PSO is inspired by the social behavior of organisms, such as bird 
flocking or fish schooling. This technique involves a swarm of particles or candidate solutions that move 
within the search space, improving their positions in correspondence with the particle's personal best 
position and the swarm's global best position. 

• Implementation: 
o Initialization: Generate a swarm of 10 particles, each representing an independent 

hyperparameter configuration. 
o Fitness Evaluation: In this process, every particle was assessed depending on the FFNN 

validation accuracy. 
o Velocity Update: Each particle updated its velocity according to its personal best position 

(Pbest) and the global best position (Gbest). 
o Position Update: A new position for each particle was computed based on its updated 

velocity. 
o Termination: The process was repeated for 20 iterations or until no significant improvement 

was observed. 
• Strengths: 

o Efficiency: Exploration and exploitation are balanced by knowledge shared among the 
swarm. 

o Simplicity: Relatively easy to implement and computationally efficient compared to GA. 
• Limitations: 

o Premature Convergence: May converge too quickly to suboptimal solutions if particles 
cluster around a local minimum. 

o Performance Sensitivity: The performance is highly sensitive to the choice of parameters, for 
example, inertia weight and learning factors. 
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It is its capability to perform an efficient search over continuous spaces that allows PSO to be so useful 
for studying and tuning complex hyperparameters, such as dropout rates and learning rates. 

5. Simulated Annealing (SA): SA has been inspired by the annealing process in metallurgy. Annealing is a 
process of cooling materials very gradually till they achieve a crystalline structure that is as stable as 
possible. At higher temperatures, this algorithm accepts worse solutions probabilistically-that is, it allows 
itself to escape from local minima. 

• Implementation: 
o Initialization: A random hyperparameter configuration was used as initialization. 
o Temperature Schedule: The temperature is initialized to 1000 and then reduced by a factor 

of 0.95 after each iteration.  
o Solution Update: A new configuration was generated by perturbing the current solution. If 

the new solution improved fitness, it was accepted; otherwise, it was accepted with a 
probability proportional to the current temperature.  

o Termination: The process was repeated for 20 iterations or when the temperature 
approached zero.  

• Strengths:  
o Robustness: Performs well in rough search spaces with a large number of local optima.  
o Flexibility: Works well with both discrete and continuous search spaces.  

• Limitations:  
o Sensitivity of Cooling Schedule: The performance heavily relies on the temperature schedule 

and initialization.  
o Slower Convergence: It requires more iterations as compared to other methods. SA provides 

a probabilistic approach to escaping local minima, offering a distinct perspective on this 
problem compared to the more common deterministic approaches, such as Grid Search.  

These five hyperparameter optimization methods are selected for a fair and comprehensive comparison. Each 
of them has its unique advantages and shortcomings, and therefore is suitable under different conditions. This 
research is, therefore, dedicated to a systematic comparison of these techniques for identifying the most effective 
and efficient approaches to tuning deep models. 

3.8 Experimental Setup 
An experimental setup was developed to ensure rigorous and reproducible evaluations of HPO techniques. Such 
a setting minimizes variability by establishing a controlled computational environment, standardized tools, and 
consistent protocols for the fair comparison of methods. The following environment and tools were used for all 
experiments to ensure consistency and reliability: 

1. Python Programming Language: The choice of using Python is due to its flexibility; it can be extended with 
a vast array of libraries that deal with machine learning and optimization. Moreover, it can be used to 
develop documented and community-supported applications suitable for research-oriented work. 
Libraries used: 

• TensorFlow/Keras: For building, training, and evaluating the feedforward neural network 
(FFNN). 

• NumPy: This is a library for efficient numerical computation and comes in handy when handling 
matrix operations during training. 

• DEAP: Distributed Evolutionary Algorithms in Python for GA and Particle Swarm Optimization. 
• SciPy: This is where the Simulated Annealing optimization process is executed. 
• Matplotlib: Visualization of the results, including accuracy trends and runtime comparisons. 

2. Hardware Configuration: All experiments were conducted on a computational system with the following 
specifications: Processor, Intel Core i7 (13th Generation), RAM, 32 GB - this is sufficient for training the 
MNIST dataset and several runs of optimization: operating System Windows 11, and Graphics Card 3060. 

3. Testing Dataset: The test set consisted only of 10,000 MNIST images, which were used exclusively to 
evaluate the final performance of the models resulting from each HPO technique using its best 
hyperparameter set. 

4. Evaluation Metrics: The evaluation was conducted comprehensively to assess the performance of each 
HPO technique using three key metrics. The key metrics employed are to address both the effectiveness 
and practicality of the methods in real-world applications: 
• Accuracy: Highest test accuracy achieved by the model after being trained with the hyperparameters 

selected by each optimization technique. From accuracy, one can determine how effective the HPO 
procedure will be in finding configurations that ensure model performance. This is very important 
because different techniques may have different impacts, and their effects must sometimes be shown 
on the target set. 
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• Runtime: The total time taken by the process of hyperparameter optimization, including all iterations 
and evaluations. Runtime is the most crucial metric for evaluating computational efficiency, as most 
methods are inappropriate due to their high time costs.  

• Computational Efficiency: A composite metric that combines accuracy and runtime to evaluate the 
practicality of each method. Computational efficiency provides a nuanced perspective by balancing 
performance gains against resource costs. Computational efficiency was qualitatively analyzed by 
examining the trade-offs between different improvements in accuracy and runtime increases to 
identify methods that offered the best value. 

4. Results 
This section presents a comparative, in-depth study of the hyperparameter optimization techniques employed in 
the proposed research methodology. In addition, the different results obtained were compared across various 
configurations, including accuracy and runtime, as well as computational efficiency, at both 20 and 50 epochs. 
Figures are explained one by one to emphasize the importance and interrelatedness of specific insights regarding 
the consideration of optimization techniques. 

4.1 Results for 20 Epochs 
The relative abilities of the different optimization techniques in determining high-performing hyperparameter 
configurations are reflected in their accuracies after 20 epochs. In Figure 3, GA outperformed the others, achieving 
98.00%, followed by PSO with 97.90% and RS with 97.85%. On the contrary, GS and SA had comparatively lower 
values of 97.84% and 97.60%, respectively. The GA is the most accurate and has explored a good diversity of the 
hyperparameter space. GS ensures optimality, but it is impractical due to its time-consuming nature. SA sacrificed 
some accuracy for speed; on the other hand, RS and PSO reach a good compromise between accuracy and runtime. 
 

 
Fig. 3 Accuracy comparison between algorithms 

 
The runtime analysis described here presents the computational intensities of each optimization technique 

applied. SA offered the shortest runtime, at 148.81 seconds, while GA provided a runtime of 211.73 seconds, as 
shown in Figure 4. PSO and RS took 273.72 seconds and 441.80 seconds, respectively. GS took the longest time at 
956.53 seconds since it is an exhaustive technique. The bar charts above clearly indicate some tradeoffs, such as 
between runtime and accuracy. The former, in the case of SA, relates to runtime efficiency. In contrast, the latter, 
in the case of GS, is more computationally intensive for practical usage, given that time plays a decisive role in 
practice. 
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Fig. 4 Time comparison between algorithms 

 
This provides some intuition about the optimization dynamics of the respective methods. As depicted in 

Figure 5, the genetic algorithm and GS have converged to higher accuracies at earlier iterations rather than faster. 
SA has experienced a gradual yet upward trend. The trend for PSO and RS is intermediate. 

 

 
Fig. 5 Iteration vs accuracy for all algorithms 

 
This is an accuracy improvement iterative line plot. The steep curve of the GA demonstrates efficient 

exploration and convergence, while the steady growth of SA reflects stability. In contrast, the stochastic nature of 
RS yields gradual gains. 

4.2 Results for 50 Epochs 
Increasing the number of epochs to 50 increased the accuracy for all methods. GS yielded the highest accuracy of 
98.84%, while the GA, the following best, recorded 98.60%. PSO and RS achieved accuracies of 98.10% and 
98.05%, respectively, while the recorded accuracy of SA was 97.80%, as shown in Figure 6. This chart compares 
the performance of all three methods with more extensive training. While GS is expectedly to be on top because it 
exhaustively searches within a predefined range, a GA returns competitive results and is far less computationally 
intensive. SA illustrates the algorithm's inability to scale in this problem, being somewhat efficient but generally 
slightly less accurate. 
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Fig. 6 Accuracy comparison between algorithms for 50 epochs 

 
Runtime differences became more pronounced with 50 epochs, as depicted in Figure 7. This bar chart 

represents the computational scalability of each method. SA and GA continued to offer efficient runtime despite 
the increased number of epochs, while Grid Search's runtime surged due to its exhaustive evaluations. SA was the 
fastest, completing the task in 357.52 seconds, while GA came second with 501.81 seconds. PSO and RS took 
593.14 and 1893.63 seconds, respectively. GS had the highest runtime with 2476.83 seconds.  
 

 
Fig. 7 Time comparison between algorithms for 50 epochs 

 
In the accuracy trend for 50 epochs, all patterns are in agreement with those at 20 epochs. In more detail, as 

shown in Figure 8, steep rises are observed in the GA and GS, while SA continues to rise, and PSO and RS exhibit 
gradual increases. 
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Fig. 8 Iteration vs accuracy for all algorithms for 50 epochs 

 
Figure 8 plots the iterative nature of each method. GA and Grid Search show steep improvements in the early 

going with strong optimization dynamics. SA's steady rise reflects its predictable behavior in conditions of 
extended training. Ultimately, these results give us the tradeoffs of efficiency with accuracy of the computations 
made by the individual methods: 

● GA: It gives an equal balance, reaching good accuracy with a fairly decent runtime. This versatility makes 
it adaptable for almost all applications.  

● SA: The most efficient algorithm that returns acceptable accuracy while having very minimal runtime, 
best for cases where computational resources are minimal.  

● GS: Although it guarantees the best accuracy, it is computationally expensive and hence less practical for 
applications that are sensitive to time.  

● PSO: Competitive in accuracy and runtime, hence providing a strong middle ground. 
● RS: Provides a reliable baseline performance with a lack of precision and efficiency from the other 

methods.  

5. Conclusion 
The paper has conducted a comparative analysis of various methods for hyperparameter optimization in Deep 
learning, focusing on accuracy, runtime, and computational effectiveness. The comparison highlights the 
advantages and drawbacks of both methods and can be greatly helpful in choosing the most effective application 
method depending on the requirements and resource limitations. These findings provide insight into the 
efficiency tradeoffs in the accuracy of the calculations by individual procedures. The Genetic Algorithm strikes a 
perfect balance, delivering decent accuracy at a relatively good runtime, and is therefore capable of being applied 
in nearly every possible application. Simulated Annealing is the most effective algorithm, as it provides acceptable 
accuracy while keeping the runtime as minimal as possible, and thus is suitable when computational resources 
are limited. Although Grid Search ensures optimal accuracy, it is a computationally expensive technique and is 
therefore not practical in time-constrained applications. Particle Swarm Optimization performs well and is 
competitive on both the precision and runtime scales, offering a good middle ground. Finally, Random Search does 
not outperform the other methods in terms of precision and efficiency, despite having a good baseline 
performance. The results of this study further consolidate the effectiveness of approximation algorithms in 
performing hyperparameter optimization. While the best accuracy was realized using Grid Search, its 
computational consumption is not suitable for deployment in real-time applications. Genetic Algorithm and 
Simulated Annealing could provide close rivals in terms of accuracy at significantly lower runtime and might 
therefore be considered promising alternatives in deep learning optimization processes. Considering that the 
accuracy of the Genetic Algorithm is higher at both 20 and 50 epochs compared to Simulated Annealing, it is the 
most recommended approach in this research. These findings offer valuable insights for both researchers and 
practitioners seeking to optimize the trade-off between desired accuracy and efficiency. 
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