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Abstract. This study presents methods for using genetic algorithms in optimizing the hyper 
parameters of artificial neural networks. This study provides an analysis of the main types of GA, 
their mathematical models, and areas of practical application. At the same time, in the process of 
selecting hyper parameters, the effectiveness of Random Search, Grid Search, and genetic 
algorithms was compared in the MNIST classification task. The results of the experiment show 
that GAs provide an optimal balance in terms of calculation time and accuracy and show a higher 
accuracy compared to the random search method and a shorter calculation time compared to the 
grid search method. In conclusion, genetic algorithms are considered an effective approach for 
optimizing the hyper parameters of neural networks, particularly in cases where the parameter 
space is large and complex. 
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1. Instruction 
Currently, in the field of artificial intelligence and machine learning, the correct selection and 

optimization of their hyper parameters for the effective functioning of neural networks remains one 
of the urgent tasks of today. The reason is that manually tuning hyper parameters takes a lot of time. 
With GA, it becomes possible to automate the solution to this. Hyper parameters include such 
important parameters as model architecture, batch size, learning speed, and number of layers [1-3]. 
This study demonstrates that finding the optimal values for these parameters significantly enhances 
the model's effectiveness and overall operational efficiency. Among traditional methods, Random 
Search or Grid Search requires a significant amount of computational resources when the parameter 
space is large. This may not lead to an optimal result. In recent years, evolutionary algorithms, 
especially genetic algorithms, have become widely used in optimizing hyper parameters. GAs 
possess global search capabilities and effectively find optimal or very close-to-optimal solutions for 
complex and multi-parameter problems. In this research work, the types and mathematical models 
of the mechanism of operation of genetic algorithms in optimizing the hyper parameters of neural 
networks are analyzed, as well as the results of experiments. The research results demonstrated the 
effectiveness of genetic algorithms in selecting hyper parameters for neural networks and revealed 
opportunities for their widespread application in practice. 

2. Mathematical Models of Genetic Algorithms 
Genetic algorithms are used to solve optimization problems in addressing a wide range of 

issues. Types of genetic algorithms help to find optimal or close optimal solutions using different 
strategies in different fields. The genetic algorithm has its own operating mechanism and areas of 
application [4-6]. Among the most common genetic algorithms listed below, Simple Genetic 
Algorithm (SGA) is the main type of simple genetic algorithm, and consists of the following steps. 
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 Types of Genetic Algorithms. Differential Genetic Algorithm (differential evolution) is 
specifically designed for continuous optimization problems, and differential genetic algorithms 
generally have strong global search capabilities. The main difference between the differential genetic 
algorithm and GA is the new mechanism for generating new solutions. DE combines multiple 
solutions with a candidate solution to produce a new solution [7-9]. The population of solutions in 
DE evolves through repeated cycles of the three basic DE operators. Mutation, crossover, and 
selection are not all the same as the functions of operators in GA. 

Multi-objective Genetic Algorithms (MOGA) Multi-objective problems require the 
simultaneous optimization of multiple conflicting goals (e.g., speed and efficiency). Objective 
function in the MOGA algorithm )(xf  instead of )(...,),(),(),( 321 xfxfxfxf N  When solving a problem in 

an equation, it is possible to minimize several functions at the same time. As a result, it is considered 
a multi-objective optimization problem. 

)}(...,),(3),(2),(1{)( xNfxfxfxfxF =     (9) 

(7) Minimize the vector of functions. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig.1 MOGA algorithm 

Parallel Genetic Algorithms Parallel genetic algorithms are designed for systems with large 
populations and high computing power. Several populations conduct the search process 
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simultaneously. Parallel algorithms increase computing speed and solve complex problems faster. 
The population of a genetic algorithm is formed by individuals with artificial chromosomes that 
encode solutions to the problem we want to solve. Each individual is evaluated to determine how 
well they solve the problem, and the best solutions are selected to be re-integrated with the others. 
The basic mechanism in GA is Darwinian evolution. Good traits survive and mix, creating new and 
potentially better individuals. In selection, individuals with bad traits are eliminated from the 
population. Elitist Genetic Algorithms Elitist algorithms directly pass on individuals with high 
fitness values to the next generation. It preserves the best individuals and prevents the loss of 
individuals with the highest fitness. A unique feature of the hybrid genetic algorithm (HGA) is that 
additional local optimization techniques are applied to individuals after the genetic algorithm. 
Genetic Programming (GP) Genetic programming, unlike traditional GA, implements genetic 
operations at the program or formula level. Genetic algorithms are used to optimize programs, 
optimize specific tasks or formulas. GP is used to develop program structures or algorithms. Genetic 
programming is widely used in artificial intelligence and machine learning systems. In GP, the goal 
is to evolve the best program or mathematical expression of the fitness function [10-12]. Large 
Population Genetic Algorithms (LPGAs) are algorithms that work with very large populations. 
Precision and diversity, large populations provide diversity, making it easier to reach a global 
optimal solution. Genetic algorithms with large particles require more computing power. These 
algorithms are mainly used in large-scale optimization problems.  

 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig 2. Block diagram of the problem 
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In this process, the effectiveness of optimizing hyper parameters using Grid Search, Random 
Search, and the Genetic Algorithm was evaluated based on the following criteria, compared in terms 
of effectiveness in the MNIST classification task. 

Table.2 MNIST criteria for optimizing hyper parameters 
Experimental 
conditions 

Evaluation Parameter space 

Data set MNIST Highest accuracy Learning rate 
[0.001,0.01,0.1] 

Model neural 
network 

Measuring time Batch size[16,32,64,128] 

 Number of tested 
combinations 

Number of layers[2,3,4] 
 

  Number of neurons 
[32,64,128] 

There is a total of 1083343 =  combinations in the parameter space. 
Table.3 Model evaluation table 

Optimization 
method 

Highest 
accuracy 

Measurement time 
(minutes) 

Number of combinations 
tested 

Genetic 
algorithm 

94.5 50 50 

Grid Search 94.2 120 108 
Random 
Search 

93.3 30 20 

Grid Search gives good results in terms of accuracy, but it is not recommended to use it in 
practice in a space of very large parameters with a high calculation time. The study shows that 
Random Search is efficient in terms of computing time, but does not achieve high accuracy because 
it does not test all combinations. It is a convenient method for obtaining fast results in a large 
parameter space. The genetic algorithm achieved a significantly higher accuracy than the research 
results. The computation time was shorter than Grid Search but longer than Random Search. In 
summary, Grid Search is preferable for small parameter spaces, Random Search is effective when 
working with limited computational resources, and the Genetic Algorithm approach is 
recommended for hyper parameter spaces and problems requiring high accuracy[12-13]. 
4. Conclusion 

This article provides an in-depth analysis of the mathematical models underlying the 
operation of genetic algorithms and thoroughly examines their significance in optimizing hyper 
parameters. Genetic algorithms were used to adjust the hyper parameters of neural networks for the 
experiments, and they demonstrated higher accuracy and computational efficiency compared to 
other traditional methods. Although Grid Search provides optimal results for small parameter 
spaces, Random Search yields faster results under conditions of limited computational 
resources[14-15]. However, it does not ensure high accuracy. Genetic algorithms, meanwhile, yield 
optimal results with high accuracy while saving time in multi-parameter and complex tasks. During 
this study, various types of GA (SGA, EGA, MOGA, PGA, LPGA, HGA, GP, DE) and their practical 
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application areas were analyzed, as shown in Fig 3. Based on the results of real experiments, it has 
been proven that genetic algorithms are important in finding effective solutions to problems in 
artificial intelligence systems and control areas. In future research, the potential for analyzing large 
volumes of data in a short time and making optimal management decisions will be further expanded 
through solutions developed based on genetic algorithms. 

 

Fig 3. Usage indicators for types of genetic algorithms 
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