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I. INTRODUCTION 

N recent years, the integration of artificial intelligence 
algorithms into game environments has gained significant 

attention as an experimental platform for testing optimization 
and adaptive learning techniques [1]. Among classical 
benchmark problems, the Snake Game represents a sequential 
decision-making task within a discrete and dynamically 
expanding state space [2]. The progressive growth of the 
snake introduces increasing environmental complexity, 
making the game suitable for evaluating evolutionary and 
neural-based learning models [3]. 

Genetic Algorithms (GA) have been widely adopted to 
solve complex optimization problems characterized by non-
linear and high-dimensional search spaces [4]. Inspired by 
natural selection principles, GA iteratively improves candidate 
solutions through selection, crossover, and mutation 
operators [5]. Within the snake game context, GA evolves 
movement strategies and behavioural parameters by encoding 

them as chromosomes and evaluating their fitness based on 
performance scores [6]. Prior studies have demonstrated that 
GA based controllers outperform heuristic methods in terms 
of consistency and adaptability [7]. 

Despite its strengths, standalone GA suffers from 
limitations in parameter initialization, which is typically 
random and lacks structural learning. Pure random 
initialization may enhance exploration but often results in 
slower convergence and unstable early-generation 
performance. Consequently, integrating Neural Networks 
(NN) into the evolutionary framework has emerged as a 
promising approach to enhance parameter representation 
before evolutionary selection [8].  

Neural Networks function as universal function 
approximators capable of modelling non-linear relationships 
between environmental inputs and action outputs [9]. In 
hybrid approaches, GA operates as an evolutionary optimizer 
of NN weights, while NN serves as the decision-making 
module [10]. Such integration has demonstrated significant 
improvements across domains, including software effort 
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estimation with accuracy improvements of up to 91.3% [11]. 
By introducing NN as a structured parameter generator prior 
to selection, the solution space becomes more organized 
compared to purely random initialization.  

Although GA–NN hybridization has been explored in the 
Snake Game domain, several research gaps remain. First, 
previous studies often limit evolutionary cycles to fewer than 
500 generations due to convergence computational constraints 
[12]. Second, many implementations focus solely on fitness 
values without providing graphical user interface (GUI)-based 
behavioural visualization, which is essential for qualitative 
performance evaluation. Third, the impact of large-scale 
generational expansion (>500 generations) on convergence 
stability and performance scaling has not been systematically 
analysed.   

To address these gaps, this research proposes a hybrid 
framework integrating a Genetic Algorithm with a Double 
Hidden Layer Neural Network (DHLNN) as the snake’s brain 
architecture. The main contributions are summarized as 
follows: (1) Integration of NN as a structured parameter 
filtering mechanism prior to GA-based evolution. (2) 
Experimental evaluation of generational scaling up to 1000 
generations to analyse performance trends and convergence 
behaviour. (3) Implementation of an interactive GUI to enable 
real-time behavioural observation alongside quantitative 
fitness analysis. 

II. RELATED WORK 

Genetic Algorithms (GA) have been extensively applied to 
game-based optimization problems due to their robustness in 
navigating complex and non-convex search spaces [13]. In the 
context of the Snake Game, GA has been utilized to optimize 
movement heuristics, speed adaptation, and food-search 
strategies through fitness-based evolutionary selection [14]. 
These approaches encode behavioral parameters as 
chromosomes and evaluate individuals based on scoring 
functions such as smoothness, spatial efficiency, and food 
acquisition rate [15]. Several studies report that GA-based 
agents demonstrate higher consistency compared to rule-
based or heuristic controllers, particularly in stochastic 
environments. The effectiveness of GA strongly depends on 
crossover and mutation rates, which directly influence 
exploration exploitation balance [16]. However, parameter 
initialization remains largely random, which may lead to slow 
convergence and instability in early generations. 

Neural Networks (NN) have been widely adopted in game 
intelligence due to their capacity to approximate non-linear 
decision boundaries [17]. In Snake Game implementations, NN 
typically functions as a controller that maps environmental 
sensory inputs (food direction, obstacle proximity, and self-
collision distance) to discrete movement actions [18]. Research 
has demonstrated that deeper architectures, such as Double 
Hidden Layer Recurrent Neural Networks (DHLRNN), can 
improve convergence speed and generalization capability 
compared to single hidden-layer models [19]. The inclusion of 
feedback mechanisms enables associative memory and 
dynamic state modeling, which are beneficial for sequential 
decision-making tasks.  However, pure NN-based approaches 

often require extensive training iterations and may suffer from 
local minima or overfitting when training data diversity is 
limited. Furthermore, gradient-based learning may become 
inefficient in highly dynamic and non-stationary 
environments such as Snake Game, where the state space 
continuously expands. 

To address the individual limitations of GA and NN, hybrid 
evolutionary neural frameworks have been proposed. In such 
models, GA typically serves as an optimizer for NN weights, 
while NN operates as the decision-making core [20]. This 
hybridization enhances exploration through evolutionary 
mechanisms while preserving structured representation via 
neural modeling [21]. Hybrid GA–NN models have shown 
promising results across various domains. For instance, [11] 
reported accuracy improvements of 8.9% in software test effort 
estimation using GA-optimized neural networks. Similarly, 
demonstrated that NN-generated parameters, when evolved 
via GA, yield improved stability compared to purely random 
initialization. In Snake Game research, GA–NN integration 
has been implemented to evolve movement strategies. 
However, prior studies exhibit several constraints. First, 
generational depth is often restricted (<500 generations) due 
to convergence instability or computational cost. Second, 
evaluation metrics are frequently limited to fitness values 
without behavioral visualization, reducing interpretability. 
Third, systematic investigation of large-scale generational 
expansion and its effect on performance scalability remains 
underexplored. 

III. METHODOLOGY 

Figure 1 below illustrates the schematic of the method 
employed for snake game analysis in this research. 

 
Fig. 1.  Research Methodology  
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A. Problem Modeling 
At each time step t, the environment state is represented as: 

𝑆! = {𝑥", 𝑦", 𝑥# , 𝑦# , 𝐵!}   (1) 
Where: 

(𝑥", 𝑦")= snake head position, 
(𝑥# , 𝑦#)= food location, 

𝐵! = body and obstacle configuration. 
 

The action space is defined as: 

𝑎! ∈	= {𝑢𝑝, 𝑑𝑜𝑤𝑛, 𝑙𝑒𝑓𝑡, 𝑟𝑖𝑔ℎ𝑡}   (2) 

The objective is to maximize the fitness function: 
$%&
'
	𝐹(𝜃)     (3) 

Where 𝜃 represents NN parameters optimized by GA. 
B. Neural Network Architecture 

The brain of each snake agent is modeled using a Double 
Hidden Layer Neural Network: 

ℎ( = 𝜎(𝑊(𝑆! + 𝑏()    (4) 
ℎ) = 𝜎(𝑊)𝑆( + 𝑏))    (5) 
𝜊! = 𝑊*ℎ) + 𝑏*)     (6) 

The action is selected as: 
𝑎! = arg𝑚𝑎𝑥 (𝜊!)    (7) 

The full parameter set 𝜃 = 𝑊(,𝑊),𝑊*, 𝑏(, 𝑏), 𝑏* is encoded as 
a chromosome in the GA population. 
C. Genetic Algorithm Optimization 

Employed to optimize the neural network parameters 
representing the snake agent’s brain. Everyone in the 
population encodes the full set of network weights and biases 
as a chromosome. The optimization process begins with 
random population initialization, followed by fitness 
evaluation based on game performance. Individuals with 
higher fitness are selected probabilistically to reproduce. New 
offspring are generated through crossover, which combines 
parameters from two parents, and mutation, which introduces 
small random perturbations to maintain diversity. This 
evolutionary cycle is repeated across generations, 
progressively improving the agent’s decision-making 
performance and maximizing the fitness function. 
D. Evolutionary Cycle 

  The evolutionary process is iteratively executed for G 
generations. In each generation, individuals are evaluated, 
selected, and reproduced through crossover and mutation to 
form a new population. This cycle continues until the 
maximum generation G is reached, progressively improving 
the fitness performance of the agent. 
E. GUI-based Performance Visualization 

  A real-time graphical display of the Snake agent while it 
plays, used to observe behavior (movement path, food seeking, 
obstacle avoidance) and performance indicators (score/fitness, 
generation ID, step count). It complements numerical fitness 
logs by making strategy quality and failure patterns directly 
interpretable. Additionally, the GUI facilitates behavioral 
comparison across generations, supports debugging of 

evolutionary instability, and enables qualitative validation of 
convergence trends beyond purely statistical evaluation 
metrics. 

IV. RESULT AND ANALYSIS 

A. Experimental Overview 
The experimental evaluation was conducted to analyze the 

performance scalability of the proposed hybrid GA–NN 
framework under varying generational depths. Four 
generational configurations were tested: 10, 100, 500, and 
more than 500 generations (up to 600–1000). Performance was 
evaluated using maximum fitness score, convergence 
behavior, stability, and computational time.  All experiments 
were implemented in Python using a custom evolutionary 
training loop integrated with a real-time GUI visualization 
module. 
B. Performance Across Generations   

At 10 generations, the system demonstrated early-stage 
adaptive behavior. The highest recorded score was 6, 
indicating that the agent began developing basic food-seeking 
and collision-avoidance strategies. However, movement 
patterns remained unstable and suboptimal, reflecting limited 
evolutionary exploration. This stage represents initial 
exploration with insufficient evolutionary pressure for stable 
convergence.   

 
Fig. 2.  The highest score is 6 
 

 
Fig. 3. GUI of snake game with 10 generations 

From an evolutionary optimization perspective, 
insufficient iteration restricts both exploitation of promising 
solutions and adequate mutation-driven diversity. 
Consequently, movement trajectories remain inconsistent and 
locally reactive rather than strategically optimized. The 
instability observed at this stage aligns with theoretical 
expectations of early-generation dynamics, where exploration 
dominates over convergence, and fitness variance across 
individuals remains relatively high. 

Therefore, the results at 10 generations represent an initial 
adaptive response rather than a stable convergence state, 
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confirming that greater generational depth is required to 
achieve robust evolutionary refinement. 

When extended to 100 generations, the maximum score 
increased to 8. Behavioral observation via GUI indicated 
improved navigation consistency and reduced premature 
collision frequency.  The increase suggests that evolutionary 
selection and mutation began reinforcing beneficial parameter 
combinations. Nevertheless, convergence remained moderate, 
as strategy refinement was still evolving. 

 
Fig. 4.  The highest score is 8 
 

 
Fig. 5. GUI of snake game with 100 generations 

From an evolutionary dynamic’s standpoint, the 
interaction between crossover and mutation operators 
appears to have strengthened exploitation of high-performing 
individuals while maintaining sufficient diversity for 
continued exploration. However, the convergence pattern at 
this stage remains moderate. Fitness growth, although 
consistent, does not yet exhibit full stabilization, indicating 
that the search process is still navigating the parameter 
landscape and refining strategic decision-making structures. 
Thus, the 100-generation configuration represents a 
transitional phase between exploratory adaptation and 
structured convergence, where evolutionary mechanisms 
begin to produce coherent behavioral optimization but have 
not yet reached peak performance efficiency. 

At 500 generations, a significant improvement was 
observed, with the maximum score reaching 17. The agent 
demonstrated: (1) More strategic food targeting, (2) Efficient 
space utilization, (3) Improved avoidance of self-collision. The 
convergence curve showed a steeper upward trend during 
early generations followed by gradual stabilization. This 
indicates that the hybrid GA–NN framework effectively 
balances exploration (mutation) and exploitation (selection). 

The convergence trajectory exhibits a rapid fitness 
acceleration during earlier generations, followed by a gradual 

stabilization trend. Such a pattern is theoretically consistent 
with evolutionary optimization dynamics, where early 
exploration identifies promising regions of the search space, 
and subsequent exploitation intensifies refinement within 
those regions. The stabilization phase suggests reduced 
variance among top-performing individuals, indicating 
increasing population homogeneity around near-optimal 
solutions.   

 
Fig. 6.  The highest score is 17 
 

 
Fig. 7. GUI of snake game with 500 generations 

The observed behavior demonstrates that the hybrid GA–
NN framework effectively balances mutation driven 
exploration with selection-driven exploitation. Neural 
parameter encoding provides structured decision 
representation, while evolutionary operators progressively 
optimize weight configurations. At this generational depth, 
the system transitions from reactive movement patterns to 
adaptive, strategy-oriented navigation, marking a strong 
convergence phase within the evolutionary learning process. 

Further expansion to 600 generations produced a 
maximum score of 20, demonstrating continued performance 
improvement. However, marginal gain per additional 
generation began to decrease, indicating the onset of 
diminishing returns.  Beyond approximately 1000 generations, 
no further objective improvement was observed, suggesting 
convergence saturation and increased computational 
redundancy. 

 
Fig. 8.  The highest score is 20 
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Fig. 9. GUI of snake game with 600 generations 

Beyond approximately 1000 generations, no observable 
improvement in objective fitness was detected. This plateau 
suggests convergence saturation, where the evolutionary 
process reaches a stable local optimum. At this point, 
continued iterations primarily increase computational cost 
without yielding proportional performance benefits, leading 
to computational redundancy. The observed saturation aligns 
with theoretical convergence behavior in evolutionary 
algorithms, where fitness variance stabilizes and improvement 
rates asymptotically approach zero. These findings highlight 
an important trade-off between generational depth and 
computational efficiency, emphasizing the need for adaptive 
stopping criteria or dynamic mutation strategies in large-scale 
evolutionary neural frameworks. 
C. Convergence Analysis 

The evolutionary fitness trajectory observed in this study 
exhibits a characteristic three-phase convergence pattern, 
consistent with theoretical models in evolutionary 
computation and adaptive search dynamics.  

Exploration Phase (0–100 Generations), the fitness curve 
demonstrates rapid fluctuations and high variance across 
individuals. This instability is expected, as the population 
begins from randomly initialized neural parameters. At this 
stage, mutation plays a dominant role, generating broad 
diversity within the search space. Selection pressure is still 
insufficient to consistently propagate high-performing genetic 
structures.  From a search-theoretic perspective, the algorithm 
is primarily engaged in global exploration, sampling diverse 
regions of the parameter landscape. Because beneficial neural 
weight configurations are sparse in high-dimensional space, 
early convergence remains unstable and reactive. Behavioral 
patterns observed through GUI confirm this dynamic, where 
movement strategies appear locally adaptive but lack long-
term planning consistency.  However, unlike purely random 
GA initialization, the incorporation of structured parameter 
encoding via Neural Network architecture constrains the 
search within functionally meaningful decision boundaries. 
Even though weights are randomly initialized, the network 
structure itself enforces representational coherence, reducing 
chaotic search behavior. This structural prior contributes to 
relatively faster emergence of basic adaptive behavior 
compared to flat, non-structured chromosome encoding.  

Acceleration Phase (100–500 Generations), between 100 
and 500 generations, the convergence curve exhibits a steeper 

upward slope, indicating significant performance gains. This 
phase represents a transition from exploration-dominant 
dynamics toward balanced exploration–exploitation 
interaction.  Selection pressure becomes more effective in 
amplifying advantageous neural weight combinations. 
Crossover recombines high-fitness structures, while mutation 
introduces controlled perturbations that refine decision 
boundaries. As a result, fitness variance across the population 
begins to decrease, and high-performing individuals become 
increasingly dominant.  In optimization theory, this phase 
corresponds to intensification within promising regions of the 
solution space. The search is no longer uniformly random; 
instead, it concentrates around subspaces with high reward 
density. Neural parameter refinement leads to Improved 
directional prediction accuracy, reduced collision frequency, 
enhanced spatial efficiency. The acceleration phase 
demonstrates that the hybrid GA–NN framework successfully 
transforms random search into structured adaptive learning. 

Stabilization Phase (>500 Generations), beyond 500 
generations, the fitness curve begins to plateau. Although 
incremental improvements still occur, the slope decreases 
significantly. This behavior reflects convergence toward a 
near-optimal equilibrium.  At this stage, population diversity 
diminishes as high-performing individuals dominate selection. 
Mutation introduces variations, but most new configurations 
fall within a narrow fitness band. The probability of 
discovering substantially superior parameter configurations 
decreases asymptotically. Importantly, the plateau does not 
imply algorithmic failure, but rather convergence saturation. 
The search space has been sufficiently exploited, and further 
iteration primarily increases computational cost without 
proportional performance gain. 
D. Computational Trade-Off 

The computational complexity of the proposed hybrid 
GA–NN framework grows proportionally with generational 
depth and can be approximated as 𝑂(𝐺	𝑥	𝑛	𝑥	𝑇). 

 
Fig. 10. Fitness Growth vs Computational Cost 

The Figure 10 illustrates the relationship between fitness 
improvement and computational cost across increasing 
generations. Fitness rises significantly from 10 to 600 
generations, showing effective evolutionary learning. 
However, after approximately 600 generations, the fitness 
curve plateaus, indicating convergence saturation. In contrast, 
computational cost continues to increase linearly with 
generational depth. This demonstrates a diminishing return 
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effect, where additional computational effort yields minimal 
performance gain beyond the stabilization phase. 
E. Behavioral Validation via GUI 

While quantitative fitness values provide objective 
performance indicators, GUI-based visualization enables 
deeper behavioral validation of the evolved agent. Across 
generational scaling, visual inspection revealed a clear 
transformation in movement dynamics and spatial decision-
making patterns.  At lower generations, snake trajectories 
appeared reactive and locally driven, often responding only to 
immediate food direction without anticipating spatial 
constraints. Movement discontinuity and frequent self-
collision reflected incomplete decision boundary formation 
within the neural parameter space.  As generational depth 
increased, observable behaviors evolved from reactive to 
strategic. At 500+ generations, the snake demonstrated: (a) 
Smooth trajectory curvature instead of abrupt directional 
shifts, (b) Proactive obstacle anticipation, (c) Body alignment 
efficiency minimizing self-trapping probability, (d) Spatial 
path planning beyond immediate food direction. 

This qualitative improvement indicates that neural weight 
optimization has successfully encoded structured decision 
representations rather than memorized reactive responses.  
Importantly, GUI validation provides evidence that fitness 
gains are not merely numerical artifacts but correspond to 
genuine behavioral sophistication. The smoother trajectories 
and longer survival durations confirm that parameter 
refinement improves environmental awareness and long-term 
reward optimization.  Thus, GUI observation functions as a 
qualitative cross-validation layer, reinforcing statistical 
findings and strengthening the internal validity of the 
evolutionary learning outcome. 
F. Comparative Interpretation 

The cumulative experimental evidence supports several 
theoretical interpretations. The hybrid framework 
consistently demonstrates superior performance as 
generational depth increases. Early-stage GA–NN 
configurations show limited adaptation; however, structured 
neural encoding enables progressive refinement that pure 
random GA encoding would struggle to achieve within the 
same iteration depth. This confirms that the integration of 
representational learning (NN) with global search (GA) 
produces synergistic optimization dynamics. Fitness growth is 
not linear but follows a characteristic convergence trajectory. 
Increasing generations enhances: (a) Parameter refinement 
depth, (b) Stability of high-performing individuals, (c) 
Reduction in fitness variance. This suggests that evolutionary 
pressure requires sufficient iteration cycles to effectively 
exploit promising regions in high-dimensional parameter 
space. The use of neural network architecture constrains the 
search within meaningful functional mappings. This 
structural constraint reduces chaotic exploration and 
accelerates emergence of coherent behavior, especially during 
early generations (0–100). Unlike flat chromosome encoding, 
NN representation embeds inductive bias that guides 
evolutionary search toward behaviorally interpretable 
solutions. Beyond ~600 generations, incremental fitness gain 
diminishes despite continued computational investment. This 

indicates population homogenization, reduced genetic 
diversity, local optimum stabilization. This saturation does not 
indicate failure but rather algorithmic maturity. However, it 
introduces computational trade-offs, emphasizing the need for 
adaptive stopping criteria or dynamic mutation scheduling, 
summary finding as shown in Table I. 

TABLE I. Comparative Analysis 
Generations Max Score Performance Trend 

10 6 Early exploration 
100 8 Moderate improvement 
500 17 Strong convergence 
600 20 Diminishing return 

 
TABLE II. Convergence and Performance Summary 

Generational 
Range 

Max 
Score 

Convergence 
Phase Interpretation 

0–10 6 Exploration Early adaptive behaviour 
with unstable performance 

10–100 8 Early 
Acceleration 

Selective pressure begins 
improving quality 

100–500 17 Strong 
Acceleration 

Effective refinement and 
rapid fitness growth 

500–600 20 Stabilization Near-optimal convergence 
with diminishing gain 

>600–1000 ~20 Saturation Performance plateau and 
equilibrium state 

V. CONCLUSION 

This research proposed a hybrid evolutionary–neural 
framework integrating a Genetic Algorithm (GA) with a 
Double Hidden Layer Neural Network (DHLNN) for 
optimizing decision-making behavior in the Snake Game 
environment. The framework models the problem as a 
dynamic optimization task in which neural parameters 
evolved through iterative genetic operations to maximize 
cumulative fitness.  Experimental results demonstrate that 
generational depth plays a critical role in convergence quality 
and behavioral sophistication. The convergence trajectory 
follows a three-phase pattern: (1) exploration phase 
characterized by unstable adaptive behavior, (2) acceleration 
phase marked by rapid fitness improvement through effective 
parameter refinement, and (3) stabilization phase in which 
marginal gains diminish as the system approaches 
convergence equilibrium. The highest performance was 
achieved at approximately 600 generations, after which 
further iteration yielded negligible improvement while 
computational cost continued to increase linearly. Behavioral 
validation through GUI visualization confirmed that fitness 
improvement corresponds to genuine strategic enhancement 
rather than numerical artifacts. Higher generations produced 
smoother trajectories, improved spatial awareness, and 
reduced collision frequency, indicating successful neural 
parameter optimization. From a computational standpoint, the 
framework exhibits time complexity. While scalability 
improves solution quality, convergence saturation introduces 
a computational trade-off. Therefore, an optimal generational 
threshold exists approximately 500–600 generations in this 
research where performance gain and computational 
efficiency are balanced.  The findings confirm that structured 
neural encoding enhances early-stage convergence stability 
compared to purely random GA initialization. The hybrid GA–
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NN architecture effectively balances exploration and 
exploitation dynamics within a high-dimensional parameter 
space. Future research may explore adaptive mutation 
scheduling, dynamic stopping criteria, elitism strategies, or 
integration with reinforcement learning to further improve 
convergence efficiency and computational performance. 
Additionally, extending the framework to more complex 
environments may provide deeper insight into scalability and 
generalization capabilities. 
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