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Abstract. Game simulations such as Pac-Man are substantial for testing decision-making algorithms in conditions that
mimic real-life scenarios. This creates new opportunities for the development of autonomous systems that can adapt
to changing environmental conditions and interact with other agents. The study aimed to compare Expectimax, Monte
Carlo Tree Search, and Alpha-Beta Pruning algorithms in the changed conditions of the Pac-Man game to determine
the most efficient approach to decision-making in complex environments. For this purpose, simulation modelling was
used to evaluate the effectiveness of agents in various game mazes that differ in complexity. The study measured such
indicators as the number of points, game time, and percentage of winnings, which were used to assess the effectiveness
of algorithms in different situations. The analysis of the experiments determined that the Monte Carlo algorithm is
the most effective among the tested methods for solving less complex mazes, confirming quickly optimal path search
in simple conditions. The Alpha-Beta Pruning algorithm demonstrated less efficiency, which indicates the need to
optimise it for more complex environments. Expectimax demonstrated significantly lower performance, which indicates
its limited suitability for complex game mazes. The study demonstrated that increasing the complexity of the mazes
significantly reduces the performance of all algorithms, especially with more obstacles, highlighting the importance
of developing more robust methods for highly complex environments. Optimising the Monte Carlo and Alpha-Beta
Pruning algorithms for complex environments can significantly improve their performance and make them effective
for real-world applications in navigation and control of moving devices. The results of this study can be used to develop
efficient navigation algorithms for autonomous vehicles, drones and other robotic systems where adaptation to changes
in complex environments is critical
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Introduction

The research relevance is determined by the growing need
for artificial intelligence (AI) algorithms capable of fast
and efficient decision-making in complex, dynamic en-
vironments. Such algorithms are critical in industries re-
lated to autonomous navigation, drone control, logistics
process optimisation, and other areas requiring adaptation
to changing conditions and interaction with other agents.

Suggested Citation:

They must provide stable performance even when resourc-
es are limited. Of particular importance are studies of the
adaptability of algorithms in simulation environments that
model real-world conditions.

Different approaches to the development of Al algo-
rithms are actively discussed in the scientific literature.
For instance, the A.W.R. Ramadhan & D. Udjulawa (2020)
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compared the performance of A* and Dijkstra algorithms
in the Pac-Man game, demonstrating the advantage of A*
in finding the shortest path due to better cost optimisation
and faster execution. The study also highlighted the im-
portance of methodical prototyping to evaluate the perfor-
mance of algorithms in dynamic environments. N. Salem et
al. (2024) confirmed the advantages of A* by showing its
effectiveness in path planning and cost minimisation tasks
in the context of a game. In particular, the paper addressed
the role of cost optimisation, and the number of nodes ex-
panded during the search.

Innovations in the creation of environments for test-
ing algorithms are emphasised. K.M. Cheng et al. (2024)
investigated maze generation algorithms for Pac-Man, in
particular, an improved version of the Sidewinder algo-
rithm that significantly improves the creation of dynam-
ic environments tailored to the specifics of the game. The
study offers a new approach to the adaptation of tradition-
al algorithms, providing more realistic conditions for eval-
uating Al strategies.

Monte Carlo Tree Search (MCTS) is one of the most
promising algorithms for solving problems in simulation
environments. M. Swiechowski et al. (2023) emphasised the
need to adapt MCTS to complex environments, stressing the
importance of problem-based modification integration. In
particular, the paper explored hybrid approaches for com-
plex games with high branching and real-world applica-
tions in transport. W. Li et al. (2023) proposed a self-learn-
ing version of MCTS (SL-MCTS) that provides faster task
completion and improved efficiency in path planning by
using a neural network to optimise the search process. This
modification significantly improves the algorithm’s perfor-
mance in time-constrained environments. LF. Lovétei et
al. (2021) demonstrated the feasibility of MCTS in real-time
railway traffic control, where the algorithm proved capable
of accommodating multi-factor constraints and producing
optimal solutions in the shortest possible time.

Alpha-Beta Pruning was also studied by researchers.
For instance, D. Permatasari et al. (2022) explored its ap-
plication to improve NPC performance in the game Triple
Triad, proving that this approach significantly increases
the chances of winning in multiplayer environments. This
confirms the decision-making efficiency of the algorithm
in complex environments with many strategic factors.
M. Mudda (2022) noted that alpha-beta pruning signif-
icantly optimises the calculation time in problems with
many possible solutions, especially in two-player games.
N. Sharma (2022) emphasised the limitations of Minimax
and Alpha-Beta Pruning in cases where opposing agents
do not act optimally, which requires adapting these algo-
rithms to environments with uncertainty.

Equally important is the analysis of reinforcement
learning models. Y. Cheng et al. (2020) proposed an MCTS-
MTF algorithm to efficiently manage mixed traffic flows
while considering speed and performance. This approach
can be adapted to control agents in complex environments,
demonstrating the prospects of using MCTS in real-time
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tasks. B. Wang et al. (2020) analysed how convolution-
al neural networks make decisions in conditions of high
complexity using Ms. Pac-Man as an example. The study
emphasised the importance of optimising solutions for
high-reward tasks, which can be used to create complex
simulation models.

However, despite significant progress in the research of
these approaches, the adaptation of algorithms to environ-
ments with high uncertainty and complexity remains insuf-
ficiently studied. Previous studies demonstrate the benefits
and comparisons in the Pac-Man game environment but
focus on simple environments with few obstacles and lim-
ited interaction with other agents. At the same time, such
environments do not fully reflect real-world scenarios that
include high object density, complex navigation, and the
need for rapid decision-making in changing environments.

The modified version of the Pac-Man game proposed
in the current study is used as a simulation that models the
tasks of unmanned aerial vehicles (UAVs) in two-dimen-
sional environments. Mazes with varying wall densities and
moving enemies simulate complex real-world conditions
such as navigating through obstacles, optimising a route to
multiple targets, and avoiding collisions with other agents.
The absence of comparative studies of Expectimax, MCTS,
and Alpha-Beta Pruning algorithms in such environments
leaves open questions about their effectiveness in tasks
that are close to real-world scenarios.

Thus, the present study seeked to fill these gaps by
analysing the effectiveness of Expectimax, MCTS, and Al-
pha-Beta Pruning algorithms in complex environments
that simulate real UAV missions. The study aimed to eval-
uate and compare their performance in achieving the main
and additional goals, as well as to analyse their ability to
adapt to variable factors. The use of a modified version of
the Pac-Man game as a simulation describes in greater de-
tail how these algorithms behave in conditions of increased
complexity, which is crucial for their potential application
in autonomous systems such as UAV control or other relat-
ed tasks in dynamic environments.

Materials and Methods

The research material was the Pac-Man video game de-
veloped by Namco and released in 1980, modified to test
algorithms in changed conditions. The experiment was
conducted in the environment of this game to evaluate the
effectiveness of three decision-making algorithms: Expec-
timax, Monte Carlo Tree Search (MCTS), and Alpha-Beta
Pruning. Each of these algorithms controlled the behaviour
of the main agent (Pac-Man), which had to perform the
tasks of finding capsules, avoiding ghosts, and destroying
ghosts during their vulnerability. The fourth agent, Ran-
dom Agent, acted as a baseline for comparing results.

The study was conducted in three levels of complex-
ity of a 50-by-50-cell maze, which differed in the number
of walls (10%, 15%, and 20%) and the number of obstacles
represented by ghosts. The purpose of introducing dif-
ferent levels of difficulty was to test the adaptability and
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efficiency of each algorithm in conditions of different space
constraints for manoeuvring. This approach was used to
assess how different algorithms cope with the task in con-
ditions where the restriction of freedom of movement is
complicated by other factors.

Figure 1 shows the main and additional tasks of Pac-
Man. The primary objective of Pac-Man was to collect all

strategically important capsules on the map. Additional
tasks:

7 avoiding ghosts: ghosts act as active opponents
chasing Pac-Man, trying to stop the actor;

7 destroying frightened ghosts: after collecting the
capsule, the ghosts become vulnerable for 10 turns, and
Pac-Man can destroy them for extra points.

Collection
of capsules

Avoiding ghosts

Destroying
frightened ghosts

-

Figure 1. Main and additional tasks of Pac-Man
Source: compiled by the authors based on modified conditions of the Pac-man game

Each of the four agents played 100 games at each diffi-
culty level, and the average score, game time, and winning
percentage were recorded during each game. This was used

to evaluate the effectiveness of each agent in fulfilling the
main and additional goals of the game. Types of agents are
shown in Figure 2.

Types of agents ‘

v

I

Random Agent Alpha-Beta Agent

Expectimax Agent MCTS Agent

Figure 2. Types of agents used to compare their effectiveness in different Pac-Man game situations
Source: compiled by the authors based on the prepared modelling environment

Random Agent was used as a baseline to compare
the results. This agent had no strategy and randomly
chose actions during each turn. Its performance was ex-
pected to be the worst, as it was unable to respond ef-
fectively to game challenges such as ghosts or capsules.
The Random Agent was used to evaluate how other agents
with more complex algorithms improved the results com-
pared to random decisions. This created a point of con-
trast to compare different approaches to decision-making
in complex environments.

Other agents, Expectimax, Alpha-Beta, and MCTS,
used different strategies to achieve the main and addition-
al goals in the mazes. Comparing these agents with Ran-
dom Agent was used to evaluate:

7 Expectimax Agent: how this agent made deci-
sions based on probable events, given the random behav-
iour of the ghosts;

r Alpha-Beta Agent: How this agent used an al-
pha-beta cut-off algorithm to reduce the search and reach
optimal decisions in complex environments;

r  MCTS Agent: how this agent used simulations
to evaluate possible actions and choose the best strategy,
adapting to increasing complexity.

A comparison of the results of these agents was used
to determine which of the approaches is most effective
in complex mazes with different levels of difficulty and
limited resources.
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Results and Discussion

For the experiments, it is necessary to examine in detail the
four types of agents used to compare their performance in
different Pac-Man game situations. Each of the four agents
is characterised by its approach to decision-making, which
ranges from simple random selection to complex algo-
rithms based on simulations and predictions.

Random Agent is the simplest agent that randomly
chooses its actions at each step of the game. It does not ac-
count for the positions of ghosts or the location of capsules
or food. This agent has no algorithms for calculating pos-
sible outcomes and does not analyse the state of the game.
Its actions depend entirely on a random choice from the
available options at each turn. Despite its low efficiency,
Random Agent is an essential benchmark for comparison,
as it can be used to determine how much more complex
algorithms improve performance. It is used as a baseline
against which to compare the performance of other agents
that use analytical decision-making approaches.

Alpha-Beta Agent is an agent that uses an alpha-beta
cut-off algorithm to optimise the search for the best ac-
tion. The algorithm is based on a minimax approach, where
Pac-Man tries to maximise winnings, and ghosts minimise
them by acting as opponents. Alpha-beta cutoff reduc-
es the number of possible scenarios by cutting off those
that do not affect the final result. This improves the per-
formance of the agent, especially in situations where the

Information Technologies and Computer Engineering, 2024, 21(3)



Novikov & Yanovskyi

number of options is large, but not all of them are essential
to the outcome. The agent assesses the state of the game,
including the distance to ghosts and capsules, and makes
decisions based on these indicators. The main advantage
of Alpha-Beta Agent is its ability to significantly reduce the
number of required calculations, which increases its effi-
ciency in medium-complexity environments.

Expectimax Agent simulates the actions of Pac-Man
and ghosts based on random events. This agent treats the
actions of the ghosts as random and unpredictable. The
Expectimax algorithm can be used to estimate the possi-
ble outcomes of each action, including the element of ran-
domness in the ghosts’ behaviour. This makes Expectimax
Agent more flexible in environments where the behaviour
of adversaries is changing or difficult to predict. This ap-
proach works well in complex environments with a high
level of uncertainty, but in more structured environments
where ghost behaviour can be predicted, Expectimax may
be less effective. The agent attempts to exploit situations
where ghosts are in a state of vulnerability after collecting
capsules but may not be effective in avoiding ghosts in sit-
uations where their behaviour is less random.

MCTS Agent (Monte Carlo Tree Search) is an agent
that uses a simulation approach to evaluate possible ac-
tions. MCTS performs numerous simulations of each Pac-
Man action, attempting to predict the consequences of
several moves ahead. Once the simulations are complete,
the agent selects the action that has the highest potential
for successful completion of the game. In complex mazes,
MCTS can use modified heuristics to focus on important el-
ements, such as capsules or ghosts, and plan actions more
efficiently. The heuristics include additional criteria such as
distance to the nearest capsule or proximity to ghosts, en-
abling more informed decision-making. This agent demon-
strates the highest performance in complex environments,
but its effectiveness is largely dependent on the number of
simulations. The more simulations the MCTS Agent can run,
the more accurate its predictions of the outcomes of actions
will be, but increasing the number of simulations also re-
quires more resources and computing time. Depending on
the environment, as the number of simulations increases, the
results may become worse starting from a certain threshold.

Ghosts in the game are primary opponents for Pac-
Man, significantly complicating the task. Their function is
not limited to chasing the main character but also includes
creating a complex dynamic threat that requires Pac-Man
to constantly adapt to changing conditions and make quick
decisions. With the help of algorithms that control their
behaviour, ghosts add variety and unpredictability to the
game, creating situations where any inattention on the
part of the player can lead to defeat.

The ghosts are guided by classic algorithms, which
renders the behaviour predictable to a certain extent, but
their interaction with each other and with Pac-Man com-
plicates the situation. Each ghost has a unique algorithm,
which provides diversity in their behaviour and makes
them much more challenging as a collective.
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The main strategy of the ghosts is to either directly
chase Pac-Man or block possible escape routes, depending
on the situation on the map. One ghost may move in the
direction of the main character, trying to catch Pac-Man,
while others may act in different scenarios, for example,
one ghost may block paths, another may try to block exits
or move to certain points to limit the primary actor’s ma-
noeuvrability. Each ghost has a unique behavioural algo-
rithm that includes both active pursuit and strategic route
blocking, substantially increasing efficiency in cooperative
interaction. Thus, although each ghost acts according to
different rules of the game, their collective influence cre-
ates an unpredictable and dynamic situation in which Pac-
Man is forced to constantly adjust strategies to avoid dan-
ger. The types of ghosts are shown in Figure 3.

"Yeah, I-I'm good..." "Are you okay, Clyde?"

Clyde
I dunno."

Figure 3. Ghosts in Pac-Man
Source: compiled by the authors based on Evillasio2 (2022)

Ghosts are guided by the following algorithms:

1. Blinky (Red Ghost): Blinky is the most aggressive
ghost and always chases Pac-Man, trying to get as close
as possible. Its algorithm involves moving directly to Pac-
Man’s current location. As Pac-Man collects capsules,
Blinky can even accelerate, thus even more threatening.
Constant pressure forces Pac-Man to make quick decisions
on pathing to avoid being chased.

2. Pinky (Pink Ghost): Pinky acts more strategically,
trying to block Pac-Man’s path rather than engaging in di-
rect pursuit. The Pinky algorithm involves moving to a point
slightly ahead of Pac-Man’s current direction. This forces
Pac-Man to change route deliberately, as Pinky can easily
block the way unless the player takes a different direction.

3. Inky (Blue Ghost): Inky has a more complex behav-
iour that depends on both Pac-Man’s current location and
Blinky’s position. Its algorithm calculates the direction of
movement, which depends on the relative position of the
two objects. Because of this, Inky can be both unpredict-
able and dangerous, especially when Pac-Man is between
him and Blinky.

4. Clyde (Orange Ghost): Clyde shows behaviour
that changes depending on proximity to Pac-Man. When
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Pac-Man is at a great distance, Clyde chases the player,
similarly to Blinky. However, as Pac-Man approaches, Clyde
suddenly changes direction and moves away. This unpre-
dictable behaviour makes it difficult to predict and compli-
cates Pac-Man route planning.

After Pac-Man eats the capsule, all the ghosts become
“spooked” for 10 steps, according to the developed modi-
fication of the game. In this state, they start avoiding Pac-
Man, while the latter can chase and destroy them for ex-
tra points. This phase of the game changes the dynamics,
giving Pac-Man a temporary advantage, but requires quick
decisions as the frightened ghosts soon return to their usu-
al behaviour. Thus, each ghost in the Pac-Man game has a
unique behavioural algorithm that affects the overall dif-
ficulty of the game. Interacting with ghosts requires Pac-
Man to actively adapt to the situation on the map, which
makes them an important element for evaluating the effec-
tiveness of the algorithms used by Pac-Man agents.

To conduct the experiments, three types of mazes were
created, which differ in the level of complexity determined
by the number of walls. Each maze presented a different
set of obstacles for Pac-Man and significantly affects the
game strategy, as it makes it more difficult or easier to ma-
noeuvre between the capsules and ghosts. The mazes also
reflected real-life scenarios of confined space conditions
that mimic situations faced by autonomous agents in re-
al-world environments.

All mazes had the same dimension, with a total size of
50 by 50 playing cells. In each maze, regardless of the com-
plexity, 4 capsules served as the main goals for Pac-Man.
The capsules were located in different parts of the maze,
which required Pac-Man to carefully plan path to collect
them. In addition to the capsules, there were 4 ghosts in
the maze that act as active opponents. The ghosts start-
ed the game in different parts of the maze, which was a
simulation of real-life conditions and aims to balance the
game’s difficulty directly.

Description of labyrinths:

1. A maze with 10% walls (XLarge maze 1 is shown
in Figure 4) — the simplest level of complexity. In this lab-
yrinth, the walls occupy only 10% of the total area, which
gives Pac-Man more freedom of movement. The minimum
number of obstacles allows Pac-Man to dodge ghosts more
effectively and reach the capsules faster. However, simpler
mazes also give the ghosts more opportunities for direct
pursuit, as Pac-Man cannot easily hide behind walls.

2. A maze with 15% walls (XLarge maze 2 is shown
in Figure 5) is a medium difficulty level. As the number of
walls increases to 15%, movement becomes more difficult,
requiring Pac-Man to make more complex route decisions.
More obstacles create more options to avoid the ghosts but
also reduce the number of available paths to the capsules.
In such conditions, Pac-Man must use the limited routes
more efficiently, balancing between protection from ghosts
and finding paths to the capsules.

3. The maze with 20% walls (XLarge maze 3 shown in
Figure 6) is the most difficult level. In this maze, the walls
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occupy 20% of the total area, making Pac-Man’s move-
ment much more restricted. Pac-Man faces more obstacles
on the way to the capsules, which requires more precise
planning for each step. Ghosts in this environment become
even more dangerous, as Pac-Man has fewer opportunities
to evade pursuit, and the choice of safe routes is reduced.

Figure 4. XLarge maze 1 in-game
Source: compiled by the authors in modelling and experimenta-
tion application

Figure 5. XLarge maze 2 in-game
Source: compiled by the authors in modelling and experimenta-
tion application

Figure 6. XLarge maze 3 in-game
Source: compiled by the authors in modelling and experimenta-

tion application
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The experiments showed significant differences in the
effectiveness of different agents when the complexity of the
mazes changed. Each agent demonstrated unique behav-
ioural properties, prompting certain assumptions regarding
strategies and capabilities. An important criterion for eval-
uating agents was not only their ability to perform the main
task of collecting all capsules but also to achieve secondary
goals, such as destroying ghosts or collecting food. This was
reflected in the number of points because even if Pac-Man

did not achieve all the main goals, a high score indicated
the agent’s effectiveness in achieving additional goals.

Results of testing the effectiveness of agents in mazes
Mazes with fewer walls (10%) proved to be less challenging
for the agents (Table 1). A sufficiently open space provided
ample opportunities for agents to manoeuvre, while at the
same time creating conditions for more aggressive pursuit
by ghosts.

Table 1. Results for mazes with 10% of the walls

Agent Average score Game time Percentage of winnings
Random Agent 120.17 29.14 0%
Alpha-Beta Agent 3,174.03 192.96 34%
Expectimax Agent 2,219.85 278.77 8%
MCTS Agent (50 simulations) 3,906.96 484.85 38%
MCTS Agent (101 simulations) 3,383.16 354.64 35%

Source: compiled by the author based on modelling and experiments in the study

The best results were achieved by MCTS Agent, which
scored an average of 3,906.96 points and had a 38%-win rate
with 50 simulations. Increasing the number of simulations
to 101 slightly reduced the result (3,383.16 points and 35% of
wins). This may indicate that in less complex environments,
increasing the number of simulations is not always benefi-
cial, as it can overload the path-making, which becomes less
efficient due to excessive exploration of possible options.

Alpha-Beta Agent achieved a consistent result, scor-
ing 3,174.03 points with a 34%-win rate, which indicates
the ability of this agent to effectively reduce the search
space using alpha-beta cutoff. This enabled the agent to
achieve both primary and secondary goals in less complex
environments. However, in more complex mazes, the Al-
pha-Beta Agent demonstrated limited adaptability due to
its dependence on accurate estimates of search depth.

Expectimax Agent scored an average of 2,219.85
points and won only 8% of the games. This indicates its
effectiveness in predictable scenarios, but its dependence
on random events renders Expectimax less efficient than
other agents. Nevertheless, its ability to account for all
possible states gives it an advantage in environments with
many available moves.

Random Agent performed the worst, scoring an aver-
age of 120.17 points and not winning a single game. This
confirms that the lack of strategy and random choice of ac-
tions make it highly inefficient. This behaviour caused it
to frequently fall into ghost traps due to rash movements.

In mazes with a medium number of walls (15%), all
agents showed a decrease in performance (Table 2). In this
maze, the agents were forced to use more complex strate-
gies to evade the ghosts and reach the capsules.

Table 2. Results for mazes with 15% of the walls

Agent Average score Game time Percentage of winnings
Random Agent 110.07 31.79 0%
Alpha-Beta Agent 2,602.32 698.16 12%
Expectimax Agent 2,183.97 254.42 6%
MCTS Agent (50 simulations) 3,361.54 290.2 19%
MCTS Agent (101 simulations) 3,215.14 599.82 25%

Source: compiled by the author based on modelling and experiments in the study

MCTS Agent continued to lead the leaderboard, scor-
ing 3,361.54 points with 50 simulations and winning 19% of
games. Increasing the number of simulations to 101 allowed
the agent to increase its winning percentage to 25%. This in-
dicates that in more complex environments, additional sim-
ulations improve adaptation. However, the agent requires
significant computing resources to achieve high accuracy.

Alpha-Beta Agent achieved an average score of
2,602.32 points with a 12%-win rate, indicating that this
agent loses efficiency as the maze complexity increases. Its
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ability to reduce the search space started to perform worse
in conditions with more obstacles. In addition, the agent
showed a limited ability to quickly adapt to the changed
behaviour of the ghosts.

Expectimax Agent demonstrated even weaker results,
scoring 2,183.97 points and winning only 6% of the games.
This indicates the limitations of the Expectimax algorithm
in more complex environments where the random actions
of ghosts become less predictable. The agent often made
risky decisions, which led to a loss of points.
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Random Agent remained in last place, scoring 110.07
points and not winning a single game. This once again em-
phasises that randomly choosing actions in difficult condi-
tions is ineffective. In more complex mazes, the agent was
even more prone to falling into traps.

Mazes with the largest number of walls (20%) were the
most difficult for all agents (Table 3). The agents en-
countered significant difficulties due to the limited
space for evading ghosts and the difficulty of finding
optimal routes.

Table 3. Results for mazes with 20% of the walls

Agent Average score Game time Percentage of winnings
Random Agent 183.90 80.48 0%
Alpha-Beta Agent 1,672.59 200.09 2%
Expectimax Agent 1,685.06 253.68 0%
MCTS Agent (50 simulations) 2,042.03 460.64 1%
MCTS Agent (101 simulations) 2,221.03 298.61 2%

Source: compiled by the author based on modelling and experiments in the study

MCTS Agent with 50 simulations performed better
than the other agents, winning one game out of 100 and
scoring an average of 2,042.03 points. Increasing the num-
ber of simulations to 101 resulted in better performance,
with the average score rising to 2,221.03 points and the
win rate also increasing to 2%. This shows that even in the
most challenging conditions, MCTS can benefit from addi-
tional simulations, improving its solutions in conditions
of increased complexity.

Alpha-Beta Agent achieved an average score of
1,672.59 points with a 2%-win rate, demonstrating a sig-
nificant decrease in performance in complex mazes with
many obstacles. This indicates the limitations of the al-
pha-beta cutoff strategy, which performs well in simpler
environments but struggles in environments with many
obstacles. In a maze with 20% walls, this agent often had
difficulty predicting effective routes due to the difficul-
ty of dodging ghosts. The high level of obstacles required
much more precision in calculations, which the agent
failed to achieve.

Expectimax Agent scored an average of 1,685.06
points and did not win a single game, which confirms its
limited effectiveness in conditions of high complexity
and many random events. In the most complex maze, this
agent was unable to adapt its decisions to dynamic chang-
es, which reduced its effectiveness. Many obstacles and
limited space significantly reduced Pac-Man’s chances of
avoiding traps, which led to quick losses.

Random Agent again demonstrated the worst re-
sults, scoring only 183.90 points and not winning a single
game, which emphasises its complete inefficiency in such
conditions. In a maze with 20% walls, the random actions
of this agent led to frequent collisions with ghosts, as it
could not choose safe routes. Such an environment fully
exposed the weakness of this approach, as even minimal
planning was absent.

The collected experimental results revealed several in-
teresting aspects of agent performance in different maze
complexity conditions. The best results in environments
with many walls (20%) were shown by MCTS Agent with
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101 simulations, which resulted in it winning 2 games out
of 100 and scoring 2,221.03 points. This highlights the fact
that increasing the number of simulations can improve the
performance of an agent in high-complexity environments.
However, increasing the number of simulations beyond 101
resulted in significant performance degradation due to a
significant increase in the time required to calculate each
move. This is especially relevant for complex environments,
such as large mazes, where the speed of decision-making is
critical. Since the limit on the number of simulations re-
quires more productive computing resources, the current
version of MCTS is not optimal for use on power-limited
devices such as drones or autonomous robots without ad-
ditional algorithm modifications.

The other agents also demonstrated high computa-
tional resource requirements when calculating the next
step, which, as in the case of MCTS, shows a significant in-
crease in the time required to calculate each move. This
is especially notable for the Alpha-Beta Agent, which los-
es efficiency as the maze complexity increases. Therefore,
although the Alpha-Beta Pruning algorithm works well in
medium-complexity environments, its application in com-
plex environments requires adaptation.

Alpha-Beta Pruning is an improvement of the Mini-
max algorithm that reduces the number of tested options
by skipping some branches of the decision tree that cannot
affect the result. This can significantly speed up the search
process, but as the complexity of the maze increases (for
example, with more possible states or a more complex map
structure), the number of required checks increases, which
leads to a decrease in the efficiency of the algorithm. Thus,
to use this algorithm in complex environments, additional
optimisations are usually required or a transition to other
methods more adapted to complex conditions.

Lastly, the Random Agent, although it had mini-
mal computational requirements, demonstrated its com-
plete inefficiency in all experimental conditions. This
agent chooses its actions randomly, without analysing
the current state of the game, which can be used only for
comparison with other, more complex agents. The low
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performance of the Random Agent is used as a benchmark
to assess the level of complexity of both the game environ-
ment and the tasks faced by other agents. Therefore, Ran-
dom Agent emphasised the multifactorial nature of the
game environment and the scale of the challenges faced by
agents in the process of making decisions and implement-
ing strategies. The performance of other agents, such as
MCTS (Monte Carlo Tree Search) and Alpha-Beta Pruning,
contrasted significantly with the results of Random Agent
and demonstrates significantly better performance in the
environments shown.

The experimental results showed that MCTS Agent is
highly efficient compared to other algorithms, especially
in complex environments such as mazes with 20% walls.
This trend correlates with the findings of H. Maddipati et
al. (2020), which emphasised the flexibility of MCTS in dy-
namic environments. MCTS strikes a balance between re-
search and operation, allowing it to adapt to changing con-
ditions. Similar results were also obtained by N. Pepels et
al. (2014), demonstrating that MCTS can achieve high per-
formance even in real-time by applying variable tree depth
strategies and search tree reuse.

In the present study, MCTS performed best under
conditions of increased complexity due to its ability to
run numerous simulations to analyse possible options.
This was supported by the findings of S. Samothrakis et
al. (2011), who emphasised that MCTS provides better
adaptation in games without a clear end state, such as
Ms. Pac-Man. However, as noted by D. Busatto-Gaston et
al. (2020), the performance of MCTS can be further im-
proved by integrating symbolic cues, which helps to opti-
mise action search and selection.

At the same time, Expectimax Agent demonstrated
significantly lower performance compared to MCTS, espe-
cially in complex mazes. This is partially consistent with
the findings of P.S. Shevtekar et al. (2022), who described
the limitations of Minimax, particularly its sensitivity to
the depth of the search tree. Since Expectimax is a mod-
ification of Minimax that accounts for random events, its
performance in dynamic environments is significantly
reduced. As noted by Y. Zou (2021), Minimax provides op-
timal results in deterministic environments, while Expec-
timax adapts better to environments with random events.
However, in environments of higher complexity, such as
mazes with 20% walls, Expectimax’s dependence on ran-
domness and limited ability to predict actions make it less
effective, and its performance decreases significantly with
increasing maze complexity.

Alpha-Beta Agent, while demonstrating consistent re-
sults in medium-complexity environments, loses effective-
ness in complex mazes. As noted by S.P. Singhal & M. Sride-
vi (2019), Alpha-Beta Pruning is optimal for reducing
computational costs in deterministic environments, but its
performance decreases in large search spaces. Comparison
with data by P. Mishra et al. (2018) confirmed that search
optimisation is crucial for the effective use of Alpha-Beta
in complex environments. In addition, the use of parallel
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architectures proposed by P.S. Shevtekar et al. (2022) can
reduce these limitations.

The experiments also confirmed the findings of
L.M.P. Guerreiro (2021), who emphasised the prospects of
using MCTS as an effective agent for creating a dataset and
then applying it to training neural networks for real-time
tasks. Although the current study did not use combined ap-
proaches, such as training neural networks with MCTS, it
both confirmed its effectiveness compared to other agents
and highlighted weaknesses that require improvement and
further research. The modified versions of MCTS described
in X. Liu et al. (2009), demonstrate similar efficiency in
adapting to dynamic conditions by integrating machine
learning methods, in particular artificial neural networks.
These methods improve convergence speed and optimisa-
tion, which may be a further promising direction in com-
plex dynamic environments and the context of UAV mis-
sions or related tasks involving robots.

An important conclusion of the study is the confir-
mation of the high computational requirements of algo-
rithms such as A* which, as noted by N. Salem et al. (2024),
demonstrate excellent performance in simple environ-
ments, but their application in environments with in-
creased complexity is problematic due to the significant
computational cost. An attempt to integrate A* revealed
that the algorithm cannot provide stable performance in
large mazes due to delays in calculations.

Analysis of the behaviour of agents in the proposed
modification of the Pac-Man game demonstrated how dif-
ferent strategies and algorithms can be applied to solve
complex real-world problems, such as controlling drones,
robotic systems or other moving objects to perform tasks
on the ground. This also demonstrated the importance of
adapting algorithms to changing conditions and multi-
ple factors that are common in many real-world scenari-
os, including planning, resource management, automa-
tion, or logistics. The effective use of strategic agents in a
gaming context not only contributes to the development
of artificial intelligence technologies but also provides a
valuable tool for solving practical problems where agents
must adapt to complex and unpredictable conditions, in-
cluding limited resources and a changing environment.

The results of the study confirmed that MCTS is the
most promising method for complex dynamic environ-
ments due to its flexibility and ability to balance research
and operation. However, to be used effectively in real-world
applications such as UAV control, further improvements
are needed to reduce computational costs and improve ad-
aptability. Alpha-Beta Pruning can be used in tasks where
it is important to reduce the search space, such as in sce-
narios with predictable obstacles or a limited set of pos-
sible actions, with the potential for possible improvement
through additional research.

The potential applications of the investigated algo-
rithms in real-world scenarios, such as UAV missions, in-
clude automatic route planning, reconnaissance, collision
avoidance, and resource management in energy-limited
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environments through high-quality route planning. For
instance, MCTS can be used to quickly adapt to changes in
the environment, such as the appearance of new obstacles
or targets, thanks to its ability to conduct simulations and
consider multiple scenarios. This is particularly relevant
for missions in complex environments, such as densely
populated areas or search and rescue operations, where
fast and accurate decision-making is critical.

Thus, the results of the study not only emphasised the
potential of the presented algorithms to perform complex
tasks in dynamic environments but also demonstrated the
need for further improvement to increase efficiency in re-
al-world applications, such as UAV missions and other au-
tomated control systems.

Conclusions

The study conducted a series of experiments in three types
of mazes with different levels of complexity, which varied
in the number of walls and size. Each maze modelled re-
alistic navigation conditions, in particular, simulated sit-
uations requiring route variability and the need to evade
competitors (in the form of ghosts) chasing Pac-Man. The
data on the average score, game duration, and winning per-
centage were collected, which was used to analyse in-depth
the features of each algorithm in specific conditions. The
study determined that the MCTS algorithm was most effec-
tive in mazes of lower complexity, as its ability to simulate
allows for a quick assessment of potential options and the
selection of the most effective paths. At the same time, as
the complexity of the maze increased, the effectiveness of
MCTS decreased, as the increase in the number of possible
options complicated the decision-making process, requir-
ing more resources. This shows the importance of further
optimising this algorithm to adapt to complex scenarios.
Alpha-Beta Pruning performed reasonably well in simpler
environments, but its effectiveness gradually decreased
with the increasing complexity of the environment, simi-
lar to MCTS. The limitations of Alpha-Beta Pruning in such
situations may be related to the need to expand its ability
to quickly analyse alternatives.
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AHoTauid. IrpoBi cumymaiii Tumy Pac-Man € BaskIMBUM iHCTPYMEHTOM JIJIsl TECTYBaHHS aJTOPUTMIB MPUIAHSITTS
pilleHb B yMOBaXx, 110 iMiTYIOTh peanbHi cuieHapii. Lle BigKprBae HOBI MOKIMBOCTI AJ1S1 pO3POOKY aBTOHOMHUX CUCTEM,
SIKi MOXYTb aJanTyBaTMUCS 0O MiHAMBUX YMOB HaBKOJMILIHBOTO CepefoBMILA Ta B3a€MOZIISITM 3 iHIIMMM areHTaMMu.
MerToro 11i€i poboTu Oys0 MmopiBHSHHS anropuTMiB Expectimax, Monte Carlo Tree Search ta Alpha-Beta Pruning y
3MiHeHUX yMOBax rpu Pac-Man [j1s1 BU3HaueHHs Hait6inblI e(heKTUBHOTO MMiIXOAY 10 MPUIHSITTS pillleHb Y CKIaTHUX
cepepoBuiax. [y nporo 6yJa0 BMKOPUCTAHO iMiTallifiHe MopemioBaHHS AJIS OLiHKY e(PeKTMBHOCTI po6OTU areHTiB
y pisHUX irpoBuX JabipuHTaX, IO BiIPi3HSIIOTHCS 3a CKIAAHICTIO. Y NOCTIKeHHI BUMipIOBaIMCS TaKi MOKAa3HUKY, SIK
KiJIbKiCTH 6aJ1iB, Yac rpu Ta BiICOTOK BUTPAILIB, 110 TO3BOIMU/IO OLiHUTH e(eKTUBHICTb JITOPUTMIB Y Pi3HUX CUTYAIisIX.
AHasi3 mpoBeJeHNX eKCIIePVMEeHTIB MPOIeMOHCTPYBaB, 10 anropuTm MoHTe-Kapio € Haiibinbin eGeKTUBHUM cepef,
MPOTECTOBaHUX METOMIB IS BMUPIlleHHS MeHII CKIaZHUX JIaGipMHTIB, MiATBEPIKyI0OUM JOTO 3HATHICTh IIBUIIKO
3HAXOAUTY ONTUMAJIbHI LUISIXM B IPOCTUX yMOBax. Anroputm Alpha-Beta Pruning nmoka3aB MeHIly e(eKTUBHICTb, 110
BKa3ye Ha HeOOXigHICTh i1oTo onTMMi3allii fjst po60TH B 6i/bIll CKIATHMX cepenoBuinax. Expectimax mpogeMoHCTpyBaB
3HAYHO HIDKYY MPOAYKTUBHICTB, IO CBIJYMThH IIPO 1OTO OOMEXeHy MPUIATHICTh IJIsl CKIaJHUX irpOBUX JIaGipMHTIB.
HocmimKeHHsT MTOKa3aso, Mo 36iMblIeHHs CKIaJHOCTI JabipMHTIB 3HAYHO 3HMKYE MPOAYKTUBHICTD YCiX aITOPUTMIB,
0COOMMBO MPU OGiNbIIili KiJIBKOCTI MepenIkof, MiJKpewIionUyM BaXKIMUBICTh PO3pOOKM Oi/bII CTIAKMX METOMIB MJIst
pob6OTH y BMCOKOCKIaIHUX ymMoBax. Onrtumisalis anroputmiB MoHTe-Kapio ta Alpha-Beta Pruning njist po6oTtu B
CKIAZHUX CepefoBUIAX MOXKe CYTTEBO MOKPAIIMUTH iX pe3ylbTaTUBHICTh Ta 3pOOUTH iX eDeKTUBHUMU IJIsI peambHUX
3aCTOCYBaHb Yy HaBiraimii Ta KepyBaHHi PyXOMMMM MPUCTPOSIMU. Pe3ynbTaT LbOTO OOCTIAKEHHS MOXYTb OYTU
BUKOPUCTaHi 151 po3po6KM edeKTUBHMUX JITOPUTMIB HaBiraiii fjisi aBTOHOMHMX TPaHCIIOPTHMX 3ac00iB, IPOHIB Ta
iHITMX POOOTOTEXHIYHMX CUCTEM, [l aATTallisl 10 3MiH Y CKIaJHMUX YMOBAaX € KPUTUIHO BasKINBOIO
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