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Abstract

The study explores the usage of reinforcement learning algorithms in computer card games, such as Proximal Policy
Optimization and Monte Carlo Tree Search. The aim is to evaluate the efficiency and learning ability across different
scenarios, such as Blackjack and Poker Limit Hold'em. Comparative analysis focuses on key metrics: learning speed,
stability, reward evaluation and win rate. The results highlight strengths and limitations of PPO and MCTS. Also, the
potential of hybrid approaches is discussed, that combine the strategic depth of MCTS with PPO's computational
efficiency to create versatile Al agents capable of excelling in diverse gaming environments. The findings underscore the
importance of aligning algorithmic characteristics with task specifics and domain factors.
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Streszczenie

W artykule zbadano wykorzystanie algorytmow uczenia ze wzmocnieniem w komputerowych grach karcianych, takich
jak Proximal Policy Optimization i Monte Carlo Tree Search. Celem jest ocena wydajnosci i zdolno$ci uczenia si¢
w roznych scenariuszach, takich jak Blackjack i Poker Limit Hold'em. Analiza poréwnawcza koncentruje si¢ na
kluczowych wskaznikach: szybkosci uczenia si¢, stabilnosci, ocenie nagrod i wspotczynniku wygranych. Wyniki
podkreslaja mocne strony i ograniczenia PPO i MCTS. Omoéwiono rowniez potencjat podejs¢ hybrydowych, ktore tacza
strategiczng glebi¢ MCTS z wydajnoscig obliczeniowg PPO w celu stworzenia uniwersalnych agentow Al zdolnych do
doskonatosci w roznych $rodowiskach gier. Wyniki badan podkreslaja znaczenie dostosowania cech algorytmu do
specyfiki zadania i czynnikow domeny.
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1. Introduction learning, capacity for reward evaluation, win rate, and in-
game stability.

Furthermore, this research has implications beyond
gaming, as the principles could be applied to other fields
requiring robust decision-making and adaptive learning
in complex environments, such as autonomous driving,
robotics, and financial modeling. The ultimate aim is to
push the boundaries of what Al can achieve, paving the
way for more intelligent and versatile Al systems.

The constantly changing AI landscape of computer
games relentlessly fuels the search for algorithms that not
only improve the players' experience but demonstrate
superior adaptability and learning capabilities. This study
provides a discussion on reinforcement learning and
decision-making algorithms, more specifically the
implementation and comparison of two critical Al
algorithms—Proximal Policy Optimization (PPO) and
Monte Carlo Tree Search (MCTS)—in the complicated 2. Literature overview
setting of computer card games.

Card games play an excellent role in testing the
efficiency of Al algorithms which proposes continuous
state spaces and strategic decision making. The first goal
of this study 1is to carefully investigate the
productiveness, and learning abilities of PPO and MCTS
for varying situations in card games.

The study aims to ascertain whether PPO will
demonstrate superior performance in terms of learning
speed and in-game stability in card games, while MCTS
will excel in reward evaluation and overall win rate due
to its exhaustive search approach. The comparative
analysis centers around fundamental metrics: speed of

There are many articles comparing different algorithms
in card games, particularly focusing on reinforcement
learning (RL) approaches. Several works have
extensively compared such algorithms in card game
environments.

M. Morav¢ik et al., in the article [1] applied MCTS in
the game of Poker, developing a variant called
DeepStack. They demonstrated that MCTS, combined
with deep learning for evaluating game states, could
outperform professional players in no-limit Texas
Hold'em. This approach leverages MCTS for strategic
decision-making, showing its effectiveness in handling
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the complexities of Poker. Another work by N. Brown
and T. Sandholm [2], introduced Libratus, an Al system
for Poker that uses a combination of game theory and
MCTS. Libratus employs a nested MCTS approach,
where each iteration of the tree search refines the
strategy, allowing it to effectively manage the vast state
space and uncertainty inherent in Poker.

M. Lanctot et al. [3], conducted a comprehensive
study comparing various deep reinforcement learning
algorithms, including PPO, in the context of safe
navigation in challenging environments. Although their
primary focus was not on card games, the insights into
PPO's robustness and adaptability are highly relevant. In
the articles [4, 5] Barros et al., investigated the
application of Proximal Policy Optimization (PPO)
within the context of the Chef's Hat card game. Their
studies showcased how PPO can be effectively utilized to
enhance competitive performance in this specific
environment. By incorporating rivalry dynamics and
adapting reinforcement learning agents to learn from
their opponents, they demonstrated the algorithm's
capability to handle the strategic complexities of Chef's
Hat. These findings highlight PPO's potential in
competitive game settings, underscoring its adaptability
and effectiveness in achieving high-level performance.

In the paper [6], T. Anthony, Z. Tian, and D. Barber
introduced a hybrid approach. Authors combined MCTS
with deep neural networks, applying this hybrid method
to various strategic games. Their study demonstrated that
integrating MCTS with neural networks significantly
enhances performance, leveraging the strategic depth of
MCTS and the learning efficiency of neural networks,
similar to PPO. Article [7] by D. Silver et al., also
showcased the power of combining MCTS with deep
learning. Although the primary focus was on the game of
Go, the principles and methodologies apply to other
strategic games, including Poker and Blackjack. This
work illustrated how MCTS can be augmented with deep
learning techniques to achieve superhuman performance
in complex games. Another article [8] by J. Popic, B.
Boskovic, and J. Brest, demonstrated the efficiency of
combining MCTS with deep learning in the domain of
Checkers. Their study highlighted how integrating deep
learning techniques with MCTS can significantly
enhance performance by enabling the algorithm to better
evaluate game states and make informed decisions.
While their primary focus was on Checkers, the
principles and methodologies they presented are
applicable to any other strategic games, including Poker
and Blackjack, illustrating the potential for achieving
high-level performance in various complex games.

Article [9] by Larsen et al., compared various RL
algorithms, including PPO and MCTS, in different game
scenarios. It was discovered that while MCTS excels in
strategic planning due to its thorough exploration
capabilities, PPO provides superior learning speed and
adaptability in dynamic environments. Their analysis in
card games like Poker emphasized PPO's ability to
quickly adapt to opponent strategies and changing game
conditions.

These studies collectively illustrate the strengths and
limitations of MCTS and PPO in card game
environments. MCTS's strategic planning and thorough
exploration make it ideal for complex, strategic games
like Poker, whereas PPO's rapid learning and adaptability
are well-suited for more straightforward, rule-based
games like Blackjack. The choice of algorithm depends
on the specific requirements of the game environment,
including the complexity of strategies, computational
resources, and the need for adaptability to changing
conditions.

3. Algorithms

This section discusses the approach, employed to
implement and conduct a comparative analysis of two
artificial intelligence algorithms—Proximal Policy
Optimization (PPO) and Monte Carlo Tree Search
(MCTS)—in the context of computer card games.

The reasoning for particular algorithms being
selected for this comparison is due to their different
approaches, distinctive strengths, and widespread use in
different areas of reinforcement learning and game Al.

By comparing these two algorithms, the article aims
to highlight their respective advantages and limitations,
providing a deeper understanding of their performance in
different card game scenarios. This may also shed light
on the potential benefits of hybrid approaches that
combine their strengths.

3.1. Proximal Policy Optimization

Proximal Policy Optimization [10] is a sophisticated
state-of-the-art reinforcement learning algorithm that
was designed specifically to solve the problems involved
in training artificial intelligence agents in complex and
continuous action spaces. Introduced as an evolution of
earlier policy optimization methods, PPO utilizes a new
objective function that limits policy updates to avoid
large policy changes, therefore contributing to the
algorithm’s stability during the learning process.

The PPO algorithm operates by defining a surrogate
objective function, which is used to maximize the
expected rewards. The specific formula for the objective
function is:

Ei[min(r.(0)A,, clip(r,(8),1—€,1+ ©)A,)] (1

where:

o 1.(0) represents the probability ratio between the new
and old policies,

e A, is the advantage estimate at the time step t,

e ¢ is a small hyperparameter that defines the clipping
range ensuring that 71.(@) stays within
[1—¢1+€].

By clipping the probability ratio, PPO ensures that the

new policy does not deviate too much from the old

policy, thereby maintaining stability and improving

convergence rates.

PPO was chosen due to its effectiveness in handling
continuous action spaces and maintaining stability during

77



Journal of Computer Sciences Institute

34 (2025) 76-80

the learning process. PPO was set up with y = 0.99, 1e4
epochs and Ir = 0.0001.

The training process for the PPO involves
continuously updating the policy based on the collected
experiences from the environment. The agent interacts
with the environment, collects rewards, and updates its
policy using the PPO objective function. This iterative
process allows the agent to improve its performance over
time by learning from its past experiences.

The entire process consists of 20000 episodes, where
the agent undergoes training across all episodes. Every
500 episodes, the agent participates in 100 matches in
a tournament setting for evaluation purposes, which
results in a total of 4000 evaluation games played.

3.2. Monte Carlo Tree Search

As a robust and widely used decision-making algorithm,
Monte Carlo Tree Search (MCTS) was designed to solve
complex problems in environments with uncertainty. The
algorithm is renowned for its strategic planning
capabilities and flexibility, making it particularly
effective in dynamic environments with evolving
strategies. Its ability to traverse extensive decision spaces
and make informed choices based on simulated outcomes
makes it a strong choice for games that require deep
strategic thinking and adaptability.

The algorithm uses a standard Upper Confidence

Bound UCB1 = % +c /Zlnﬂ for tree policy expansion,

where:

® ; is the number of wins for the child i,

e 1; is the number of visits to the child i,

e N is the total number of visits to the parent node,
e ¢ = 0.1 is the exploration parameter.

Because of the nature of the algorithm, training is not
required in tree search, so only 4000 episodes instead of
20000 and thus games are played. The episode number
for MCTS is later tweaked, for ease of graphical
showcase, but it accurately describes actual evaluation
for the point in episodes.

4. Game Environments

In this section of the study, two distinct card games were
selected to evaluate the performance of PPO and MCTS:
Blackjack and Poker (specifically Limit Texas Hold'em).

These games were chosen due to their contrasting
characteristics: Blackjack offers a high-dimensional state
space and requires quick adaptation and efficient learning
curves, making it well-suited for evaluating PPO. In
contrast, Poker, with its complex strategic depth and
dynamic environment, provides an ideal setting to assess
the strategic planning and adaptability strengths of
MCTS.

To create a consistent and controlled environment for
experiments, the "rlcard" library was utilized, a Python
toolkit specifically designed for reinforcement learning
[12]. This library offers standardized implementations of
various card games, as well as helpful data logging,
tournaments, helpful random agents, and other useful

utilities to ensure a reliable platform for comparative
analysis.

4.1. Blackjack

Blackjack, also known as 21, is a classic card game where
players compete against the dealer, aiming to have a hand
value as close to 21 as possible without exceeding it. To
make the job a little easier, the game is set to have two
possible actions: hit and stand, without doubling down.
The simplicity of rules, combined with the strategic
decisions, makes Blackjack an ideal environment for
testing and comparing Al algorithms, specifically
challenges in decision-making and risk assessment.

Reward is calculated by the simplest logic. Awarding
1 point when a dealer busts or the player’s score is higher
than the dealer’s yet less than or equal to 21. An opposite
outcome results in -1 for the player. A tie does not reward
or punish contender, resulting in 0 points.

4.2. Poker (Limit Hold’em)

Poker [11], particularly the variant of Limit Texas
Hold'em, introduces a higher level of complexity
compared to Blackjack. Players are dealt two private
cards and share five public ones, dealt in multiple rounds.
The game requires adaptive strategies to navigate
through betting, card dealing uncertainties, and the
behavior of the opponents. Thus, Limit Hold’em
provides a rich and dynamic environment for evaluating
the strategic capabilities of artificial intelligence (Al)
algorithms.

For the reward, the standard calculation of the
“rlcard” library was taken. The payoff is generated based
on the hands of each player, and the amount of chips that
were bet by a particular player. If both players have the
same combination level, the reward is split considering
the bets.

5. Results analysis

For the analysis, Blackjack games are played 1 on 1
between the MCTS or PPO agent and the dealer, while
Poker Limit Hold’em games are played between the
selected agent and random agent available in the “rlcard”
library.

Results consist of mean, median, and standard
deviation for each algorithm’s performance in every card
game. Additionally, the comparison includes an analysis
of mean and median decision time for the used methods,
providing insights into their computational efficiency in
given environments.

Figure 1 illustrates the variation in rewards obtained
by two different algorithms, Proximal Policy
Optimization and Monte Carlo Tree Search, over a series
of 20000 episodes in the Blackjack environment. The x-
axis represents the episode number, while the y-axis
shows the obtained reward. The graph demonstrates a
fluctuating reward pattern for both algorithms, indicating
the inherent variability in the Blackjack game.
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Figure 1: Change of calculated reward for MCTS and PPO in
Blackjack over episodes.

Table 1: Mean, median, and standard deviation of rewards for

Blackjack
Algorithm Mean Median o
PPO -0.1 -0.1 0.18
MCTS -0.2 -0.2 0.15
Table 1 provides statistical insights into the

performance of PPO and MCTS. It includes the mean,

median, and standard deviation (c) of rewards across all

episodes:

e The mean reward for PPO is -0.1, compared to -0.2
for MCTS, suggesting that PPO generally performs
slightly better on average,

e Both algorithms have the same median reward of -0.1,
indicating that the central tendency of their rewards is
similar,

e The standard deviation of rewards is higher for PPO
(0.18) compared to MCTS (0.15), which implies that
PPO experiences more variability in rewards.

Win rates shown in Table 2 provide further evidence
that PPO is generally more effective than MCTS in this
particular environment. The close win rate of PPO to
50% also indicates a near-balanced performance,
whereas the lower win rate of MCTS suggests it struggles
to find the correct action.

Table 2: Win statistics for algorithms in Blackjack

Algorithm Wins Loses Win %
PPO 1979 2021 49.48%
MCTS 1597 2403 39.93%

Figure 2, shows similar information on the Limit
Hold’em episodes. The reward line representing PPO is
visibly balanced in terms of rewards, compared to chaotic

fluctuations of the MCTS evaluation line, which is
supported by Table 3. The higher standard deviation for
MCTS indicates significant variability in its
performance. This suggests that while MCTS can achieve
high rewards, it does so inconsistently.
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Figure 2: Change of calculated reward for MCTS and PPO in
Limit Hold’em Poker over episodes.

Table 3: Mean, median, and standard deviation of rewards for

Limit Hold’em
Algorithm Mean Median o
PPO 2.34 2.41 0.48
MCTS 2.31 2.5 1.79

Statistics presented in Table 4, show that despite
having greater variability in performance (reflected by
a greater standard deviation), similar mean results with
a slightly larger median, the percentage of wins is
14.58% greater for the MCTS algorithm. While PPO
offers more stable and balanced performance in terms of
rewards, MCTS is more successful in terms of overall
win rate despite its higher variability. It suggests that the
algorithm has a strong capability to win games, with less
predictability in reward outcomes.

Table 4: Win statistics for algorithms in Limit Hold’em Poker

Algorithm Wins Loses Win %
PPO 2006 1994 50.15%
MCTS 2589 1411 64.73%

Efficiency in decision-making is crucial for real-time
applications. Because of the algorithmic differences
between MCTS and PPO, where the latter would first
train and then almost instantly output the best action, two
PPO time evaluations were presented: decision only and
a sum of decision-making and learning.

As presented in Table 5, decision-making time is fast,
varying from only 2 to 14 milliseconds depending on the
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game and algorithm. For a Limit Hold’em environment,
the PPO makes decisions around 3 times faster compared
to MCTS. Time to train during the episode flips the
results, as now PPO is around 2.5 times slower with
training, making 86% of the time. As for Blackjack,
Monte Carlo Tree Search has no changes in time
compared to Poker, yet PPO spends 3 milliseconds less
training.

Table 5: Mean and median for MCTS decision time and PPO
decision time + learning time

Blackjack Limit Hold’em
Mean Median Mean Median
(ms) (ms) (ms) (ms)
PPO 2 2 2 2
(decide)
PPO 11 11 14 14
(learn +
decide)
MCTS 5 5 6 5

6. Conclusion

The choice between MCTS and PPO depends on the
specific requirements and constraints of the application.
MCTS excels in strategic planning and adaptability,
making it ideal for complex, strategic games like Poker,
where it can effectively handle dynamic environments
and evolving strategies. On the other hand, PPO offers
computational efficiency and a more desirable learning
curve as well as stability in decision-making, being
suitable for tasks with high-dimensional state spaces and
continuous action spaces, such as Blackjack.

A hybrid approach that combines the strengths of
both MCTS and PPO may provide a promising direction
for future research, allowing for flexible AI agents
capable of addressing a wide range of game scenarios and
challenges. Such an approach could leverage MCTS's
strategic depth and adaptability alongside PPO's rapid
learning and computational efficiency, potentially
enhancing overall performance in diverse gaming
environments.

In summary, the comparative analysis underscores
the  importance  of  considering  algorithmic
characteristics, task requirements, and domain-specific
factors when selecting an artificial intelligence approach
for card game environments. While MCTS and PPO are
not the newest approaches they have laid the foundation
for newer methods and technologies. They continue
providing insights into modern Al development and their
operation. Further exploration and experimentation
alongside the ongoing development in this field promises
exciting advancements in Al's ability to understand and
master complex strategic environments.
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