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1. Introduction

The creation of artificial intelligence (Al) capable of playing complex games has long been the center of attention for
researchers with advanced algorithms being explored and implemented to achieve this goal. The recent achievements
of agents are a turning point to general learning algorithms such as AlphaZero that achieved superhuman performance
in Chess, Shogi and Go using self-play reinforcement learning [1], and then the successor MuZero learned these games
with no prior knowledge of how to play [2]. This advancement is mainly driven by Deep Reinforcement Learning (DRL),
where agents learn the best plays in a game through interacting with the environment and collecting rewards, without
the need for pre-labelled data [3]. Such breakthroughs and advancements are considered steppingstone towards
creating Al systems that would work within the complex and strategic contexts of robotics or customized systems [4].

Othello (Reversi) is a perfect test case in this domain, which has not been fully explored. It has a mixture of strategy
and state space complexity, with the statespace of Othello been fairly large with approximately 1028 gaming positions [5].
A feature that makes Othello attractive from a research point of view is are the considerably simpler rules which may be
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used to encode the game especially when compared to chess. This feature qualifies Othello as an ideal domain for
isolating and analyzing the pure learning capabilities of DRL algorithms with no distraction of complex rule
implementation.

The research and development of Othello Al has been imbalanced; although substantial research exists on traditional
search-based methods such as Monte Carlo Tree Search (MCTS) [6], and recent studies exploring advanced neural
architecture and policy-based techniques [7], [8], there is still an absence of thorough empirical studies that are used to
set a strong performance baseline for the foundational DRL algorithm: specifically using the Deep Q-Network (DQN) [9].
The learning process and capabilities of a fine-tuned DQN agent are not well represented in the contemporary literature
that is learned via self-play in Othello. This is crucial because to evaluate more sophisticated algorithms that follow, it is
necessary to have a baseline DQN agent.

The current study aims to carry out an investigation into the application of a DQN agent in Othello. The research
attempts to provide a documented baseline for value-based DRL in this strategic game. The goal of this study is to
design, implement, thoroughly assess, and evaluate DQN-based agents that can learn Othello strategy effectively
through self-play. To accomplish this goal, the current research uses only the raw board state as input and implements
a DQN agent that learns tabula rasa. We train the agent against a random opponent using a self-play regimen (scalable),
along with documenting its learning progress and its final performance. The research also analyzes the strategic
competence of the agent by analyzing the emergent behavior in the absence of integrated tree search or complex neural
structures and provides a baseline to facilitate future DRL research in Othello and similar domains.

Our work employs the foundational DQN algorithm, in contrast with the recent work that focuses on complex
architectures such as Graph Neural Networks [8], Transformers [9], or approaches that focus on hyperparameter
optimization [10] or policy-based algorithms like PPO [11]. Our research does not aim to surpass the current state-of-
the-art systems, rather it aims to offer a critical and key baseline. Our study provides an assessment of the capabilities
of DQN, as well as a baseline to which the complexity and efficiency of new algorithms can be compared. This emphasis
on establishing a transparent baseline positions our research as a reference point for future comparison.

The paper is structured as follows: The background of DQN and related work is provided in Section 2. The tools and
technologies that are employed in the development and training of the Othello environment and the DQN agent are
discussed in Section 3. Section 4 and Section 5 provide methodology and implementation. Section 6 presents our
experimental results and analysis. Finally, the conclusion and future work directions are discussed in Section 7.

2. Related Work

In [12], the authors explore learning inspired by classic Othello and Tri-Othello, a recently proposed three-player
board game using reinforcement learning. The rules were modified to ensure ease of learning by human players without
compromising strategic complexity and equity. A reinforcement learning agent was found to be more flexible and able to
make decisions as compared to a classical max-n search algorithm [12]. In another research. to compare the most recent
algorithms of self-play like AlphaZero, MuZero, Gumbel AlphaZero, and Gumbel MuZero, a zero-knowledge
reinforcement learning algorithm was developed to compare AlphaZero and Gumbel AlphaZero in Othello Go and in
Atari games MiniZero [13]. The results indicated that progressive simulation strategies enhance training efficiency, and
the more simulations are increased, the better the performance achieved. The paper highlights the significance of self-
learning and discovery and confirms Othello as a suitable standard on which to compare reinforcement learning
algorithms. To overcome the problem of the sample inefficiency in standard methods, Othello was exposed to hierarchical
reinforcement learning (HRL).

Deep Q-Learning HRL was more efficient in terms of sample usage compared to Deep Q-Learning HRL, which
simplified complex decision-making and smaller subproblems with fewer training games to reach a competitive level of
performance. This method brings about the significance of organized learning in large state-space games [9]. On the
strength of comparing reinforcement learning agents and Transformer-based models in Othello, complementary
strengths were discovered. Although Transformers was able to reproduce board patterns and strategic representations
around the world, RL was able to showcase a high level of adaptive learning due to self-play. The researchers emphasize
the relevance of RLs in those scenarios when continuous self-improvement is to be promoted and significant labeled
data is not available. Monte Carlo Tree Search (MCTS) is a sequential decision-making method that was explored vis-
A-vis Othello. MCTS facilitated good learning among RL agents, whereby exploration evaluates the potential moves and
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balances exploitation and exploration. The paradigm provides a basic strategy of organized self-play and e-greedy
strategy [14].

Further studies on HRL on Othello demonstrated that decision-making can be divided into hierarchical subtasks,
which enhance the learning efficiency and lead to more consistent play in strategic games. This technique promotes the
development of agents who are coaching- and self-focused [15]. Effective methods of reinforcement learning of Reversi
were focused on the computational power of game tree search. It was possible to compute faster and do competitive
gameplay as well as Monte Carlo Tree Search optimizations, such as multithreading [16]. The work presented in [16]
also highlights the significance of exploration efficiency to the management of large state spaces.

To measure the performance of different architectures, including fully connected and convolutional networks, on the
training efficiency in learning and resource use of deep reinforcement learning in Neural Architecture Search (NAS), the
application to Othello was used to measure and compare the performance of different architectures. Architectural choices
that emphasized the importance of model design regarding scalable and flexible Othello agents had a tremendous effect
on agent efficacy. In [17], MCTS was applied as a tester in an AlphaZero-inspired reinforcement framework, and
temporal-difference learning with n-tuple networks was applied in training. This reduced processing costs but did not
compromise efficiency. The given strategy showed that the use of self-learning and useful RL agents was applied
successfully when the agent was able to beat the strong Othello program Edax until level 7 using regular hardware [18].

Unlike prior studies emphasizing Transformers [7], [9], Graph Neural Networks [8], policy-gradient methods [11], [13],
or optimization [10], the current study focuses specifically on a standard value-based DQN without embedded search or
expert demonstrations. The objective is not state-of-the-art performance but a transparent baseline against which future
improvements can be evaluated. While current literature applies reinforcement learning to Othello primarily to compare
architecture or reformulated rules, comprehensive research on a dedicated Deep Q-Network (DQN)-based analysis
remains limited. Furthermore, there is a lack of research examining learning progression and decision-making behavior
of DOQN agents in this domain. This paper contributes by systematically studying DQN performance and learning
dynamics in a standardized Othello environment.

3. Tools and Technologies

This section illustrates the software, tools and technologies that were employed in the development and training of
the Othello environment and the DQN agent.
3.1 Development Tool
3.1.1. PyCharm IDE
This research used PyCharm, which is an Integrated Development Environment (IDE) specifically designed for
Python [19]. Its feature set was instrumental in providing quality and manageability of code throughout the project
lifecycle. The key features utilized were:
e Smart Code Assistance: It offers autocompletion and quick-fix offerings that ensure the development process
is quicker and fewer bugs are made.
e Integrated Debugger and Terminal: Provided the ability to debug the game logic and agent training process
step by step in the development environment.
e Version Control Integration: Smooth integration with Git enabled easy tracking of modifications and testing
of various model versions.
e Scientific Tools Support: The data analysis and visualization were performed with the help of scientific
libraries (NumPy, Matplotlib) and tools (Jupyter notebook).

3.2 Technologies and Libraries
During the development, different core libraries of Python were used for a particular task on the system architecture.
3.2.1 NumPy

All numerical calculations on the game state were done with NumPy [20]. We represented the Othello board as an
8x8 NumPy array, allowing the numbers to be manipulated, moves checked and the discs turned using the vectorized
functions, crucial for the speed in training.

3.2.2 Colorama
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The Colorama library was used to add some color to the command line Othello game [21]. This allowed for a better
user interface for the human vs. agent games, as black and white discs were easily distinguished

3.2.3 Matplotlib

The graphs and visualizations have been generated using Matplotlib [22], such as the learning curves showing the
win rate of the agent depending on the number of training epochs. This was used to analyze and prove the learning of
the agent

3.2.4 Pickle

Object serialization was done using the pickle module of Python [23]. It was mainly used to save and retrieve the
weight matrices and bias vectors of the neural network, which enables the persistence of the trained model across
sessions and facilitates the continuation of interruption in training runs.

3.2.5 Neural Network Implementation

The neural network was implemented in NumPy from scratch through a custom neural network class. The reason
behind this choice was to ensure complete control and visibility into the forward and backward propagation steps used
in the DQN. The class provides methods for forward propagation, backpropagation for weight updates, and for
saving/loading the model to a file using pickle

3.2.6 Pandas

Pandas was used to log and analyze training statistics. Data Frame was used in storing the win/loss records of each
training session, and then the files were exported to .csv for persistent storage and subsequent analysis [24].

4. Research Methodology

This section outlines the approach that was undertaken to achieve the research objectives. The methodology was
conducted through four different steps, which include the domain of the problem, the identification and application of the
core algorithms, and lastly, the reinforcement learning agent (RLA) training and testing. Figure 1 is a representation of
the workflow.
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Figure. 1. Research Methodology Workflow.

4.1 Phase 1: Implementation of the Othello Game Environment

The implementation of the Othello game environment was carried out in the first phase. The initial stage consisted
of a deep knowledge of the Othello game and the creation of the environment in which the two players could interact
effectively. This was the testbed of the RLA.
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e Learning the Game Dynamics: The rules of Othello were learned, including the logic of disc flipping and
game validation, end-game recognition, and scoring.

e Environment Development: The two-player Othello game was written in Python language. The board was
an 8x8 NumPy array.

The key functionalities were:

e isValidMove(): A function that verifies the legality of moves in all eight directions and returns a list of discs to
be flipped.

e updateBoard(): A function used to place a disc and turn over the discs of the opponent based on the output
of isValidMove().

e The Colorama library used to create a command-line interface (CLI) to display the state of the board to the
human-agent interface.

4.2 Phase 2: Algorithmic Research and Selection

This phase involved researching and selecting suitable reinforcement learning and exploration algorithms that
aligned with the objectives of the project.

4.2.1 Overview of Considered Algorithms

e Markov Decision Process (MDP): The theoretical framework for reinforcement learning that is used to
formalize the Othello game into states, actions, transitions, and rewards.

o SARSA (State-Action-Reward-State-Action): An on-policy reinforcement learning algorithm where the agent
learns the Q-value based on the action taken by its current policy [25].

e Q-Learning: An off-policy reinforcement learning algorithm (model-free) that learns the value of actions in
specific states. Its update rule is given by.

Q(s,a) = Q(s,a) + a[R+ ymax Q(s',a’) — Q(s,a)]
where a is the learning rate, y is the discount factor, R is the reward, s is the state, and a is the action [26].
4.2.2 Selected Algorithm: Deep Q-Learning (DQN)

Q-learning was chosen due to its simplicity, proven effectiveness in discrete action spaces, and off-policy nature,
which means that it allows learning from experiences generated by any policy (like a random opponent), but a tabular
approach to Q-learning was not feasible for such a large state space of Othello (6464 squares with 33 states each:
empty, black, and white). Therefore, Deep Q-Learning (DQN) was employed, which applies a heural network (a Deep Q-
Network) to estimate the Q-value function Q (s, a). The DQN takes the states (the flattened board) as input and outputs
a vector of Q-values for all possible actions.

Key DQN Enhancements Implemented:

e Experience Replay: The agent experiences (s, a, r, s') were stored in a replay memory. This memory was
randomly sampled via mini batches during training to disassociate sequential experiences and stabilize
learning.

e Target Network: The target Q-values R + y max a’' Q (s', a') were computed on a separate target network
that was the same as the main Q-network. The weights of this target network were periodically updated
using the weights of the main network while preventing the feedback loop of pursuing a moving target and
further stabilizing training.

4.2.3 Exploration Strategy: Epsilon-Greedy

The Epsilon Greedy strategy was adopted to balance exploration and exploitation [27]. The agent chooses a random
action according to probability € (exploration) and the action that has the highest Q-value with probability 1-€
(exploitation). There was an epsilon decay schedule implemented, where € starts at a high value (1.0) and gradually
decays to a small value (0.01) over the course of training. This allows the agent to explore and search extensively initially
and then gradually narrow down to exploitation of the learned policy.

4.3 Phase 3: Implementation of the RLA and Integration
The selected algorithms were implemented and embedded into the Othello environment.
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e Neural Network Architecture: NumPy was used to implement a custom fully connected neural network with
two hidden layers. The input layer consisted of 64 nodes (flattened board), Hidden Layer 1 had 128 neurons
with Sigmoid activation, Hidden Layer 2 had 64 neurons with Sigmoid activation, and the output layer had
64 neurons (one for each possible move on the board).

e Agent Training Loop: The RLA was trained by playing games against a random player. The agent used the
epsilon-greedy policy to select an action for each state. This experience was stored, and the network was
updated by sampling from the replay memory and performing gradient descent to minimize the Mean
Squared Error (MSE) of the predicted Q-values against the target Q-values.

4.4 Phase 4: Training, Testing, and Evaluation
The last step was the intensive training and testing of the agent.

e Training: The agent was trained in more than a series of epochs, each series comprising a constant number
of matches (10, 100, 200). The number of games played by the final agent was about 300,000.

e Testing and Evaluation: Win rate against the random player was tested and evaluated on every epoch to
determine the performance of the agent. Learning curve plots were plotted to ensure that the agent started
improving with time. Lastly, to evaluate the strategic competence of the agent qualitatively, the end-trained
agent was also compared to a human player.

5. Results

This section describes how the Othello world was implemented and the Deep Q-Learning agent, as well as gives
architectural choices, algorithms, and training steps that were the foundation of operation in this study.

5.1 Othello Game Environment

5.1.1. State Representation

The game state was represented by an 8 x 8 matrix with cells that were empty (0), black (1) or white (-1). This was
simple and efficient to manipulate and contained all the game information. The initial board was set up according to
Othello rules with the four central cells alternating black and white discs as displayed in Figure 2.

Figure. 2. Initial Board Configuration

5.1.2. Game Mechanics Implementation
These are the Key game functions that were implemented to enforce Othello rules:
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e Move Validation (isValidMove()): This function was called to check all eight directions around the proposed
move to ensure and confirm that it was valid (had flanked at least one disc).

e Board Update (updateBoard()): This function was invoked to place the disc and flip the flanked opponent
discs upon successful move validation and update the players' scores and humber of available squares.

e Terminal State Detection: The game ends when there is no valid move left for both players or all 64 squares
are filled with discs.

The Colorama library was used to create a command-line interface for human-agent interactions with the
representation of black and white discs being distinctively colored for better visibility.

5.2 Deep Q-Learning Agent Architecture
5.2.1. Neural Network Design
A neural network was designed using NumPy to estimate the Q-function. This design was tailored to Othello as it

was simple yet powerful in its representation while being efficient to train and not over-complicated with enough
parameters to learn Othello strategy.

e Input Layer: This layer consisted of 64 neurons that accept the flattened board state (8x8 = 64 positions).

e Hidden Layers: Two fully connected layers with 128 and 64 neurons, respectively.

¢ Output Layer: This layer consisted of 64 neurons, each representing the predicted Q-value for placing a disc
in the corresponding board position.

e Activation: Sigmoid functions were used throughout the network.

e Learning Rate: Learning rate was set as 0.03, determined through empirical optimization.

5.2.2. Action Selection: Epsilon-Greedy Strategy
The agent employed an epsilon-greedy policy to balance exploration and exploitation:
e Exploration Phase (g): With probability €, the agent selected a random valid move.
o Exploitation Phase (1-¢): With probability 1-€, the agent selected the move with the highest predicted Q-
value.
e Decay Schedule: € decayed linearly from 1.0 to 0.01 over the training period, enabling extensive initial
exploration followed by increasing exploitation of learned knowledge.
5.2.3. Learning Mechanism
There were two key stabilizations of the Q-learning update rule:

1. Experience Replay: The agent experiences (state, action, reward, next state) were stored in a replay buffer
of size 10,000. In the training process, the mini batches of 32 experiences were randomly chosen to break
the temporal correlations and enhance the learning stability.

2. Target Network: The target Q-values were computed using a separate target network that was identical to
the main Q-network. This network was updated with weights updated on the main network following each
10 training periods, which avoided the moving target problem that can cause instability during Q-learning.
The update of Q-value was in the standard form:

Q(s,a) —Q(s,a) + a[R+ ymax Q(s',a’) — Q(s,a)]

where learning rate a = 0.03 and discount factor was 1.0 (network weights were updated by minimizing
Mean Squared Error (MSE) using custom gradient descent).

5.3 Training Pipeline
5.3.1. Self-Play Regimen

The agent was only trained to play against a random player by means of self-play, playing a total of approximately
300000 games in various training settings. This was done to make sure that the agent familiarized itself with various
situations in the game without human intervention or previous game information. The training was separated into epochs
wherein an epoch had a fixed number of matches (200 matches in an epoch of 100 epochs).

5.3.2 Reward Structure
A meager system of rewards was adopted:
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e Win: +1.0.
e Loss:-1.0.
e Draw: 0.0.
¢ Intermediate moves: 0.0.
This arrangement made the agent concentrate on winning and not on short-term positional rewards, which is in line
with the actual aim of the game.

5.3.3 Training Configurations
The learning dynamics were investigated with a combination of different epochs and match settings:

e 10 matches repeated 10 times.

e 10 matches repeated 100 times.

e 200 matches repeated 100 times.
e 100 matches repeated 1000 times.

All the configurations produced a given learning curve, as is seen in Figure 3 (a)-3(d), showing the agent’s behavior
with the different training regimes. The training epochs of all figures are plotted on the x-axis, and on the y-axis, all figures
are represented by the number of wins in an epoch of a game against a random opponent.

1. Figure 3(a). (10 matches x 10 epochs) represents volatile and low-performance learning because of
insufficient data, representing high variance and underfitting.

2. Figure 3(b). (10 matches x 100 epochs) observes less fluctuating improvement in terms of win counts as the
agent starts to generalize based on increased experience.

3. Figure 3(c). (200 matches x 100 epochs) shows a very steep positive slope and then a level portion with 135
to 140 wins in an epoch (~68% win rate).

4. Figure 3(d). (100 matches x 1000 epochs) demonstrates long-term refinement with less variance, which
consists of the fact that even though further training will result in consistency, there would not be any
significant improvement in performance once the initial rapid learning period is reached.

All these curves prove the hypothesis that the larger the sample size per epoch, the less variance, and that learning
saturation is achieved in the most successful configuration long before 100 epochs, which is very efficient and limits the
current DQN configuration.
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Figure. 3(a). Training of RLA (10 matches x 10 epochs), 3(b). Training of RLA (10 matches x 100 epochs), 3(c).
Training of RLA (200 matches x 100 epochs), 3(d). Training of RLA (100 matches x 1000 epochs).

5.4 Evaluation Framework
5.4.1 Performance Metrics
Appraisal of the agent was measured as:

¢ Win Rate: Percentage of games won over the random opponent.
e Learning Curves: Win rates vs training epoch.
o Differential score: Meaning of the margin of victory in won games.
¢ Qualitative Assessment: Tactic analysis of human-agent games.
5.4.2 Model Persistence
The pickle module of Python was used to save trained models with filenames that were coded to represent training

parameters (100-200-linear-0.03, weights to use 100 training epochs of 200 matches at learning rate 0.03). This allowed
for:

e Resumption of interrupted training sessions.
e Comparative analysis of different training stages.
o Deployment of trained agents for human play testing.
5.4.3 Training Configuration and Hyperparameters
Learning curves that showed win rates vs epochs of training were produced with Matplotlib. This gave a visual
representation of the learning curve and convergence of the agent. The hyperparameters and settings used, as given in
Table 1, were determined through experimentation. The discount factor y was set as 1.0 due to the finite number of
episodes, a fixed episode length and sparse rewards. The objective is defined by the end of the game, so discounting
rewards was not needed.
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Table 1. Training parameters

Parameter Value Description
Input Layer 64 neurons Flattened 8x8 board
Hidden Layer 1 128 neurons First hidden layer
(Sigmoid)
Hidden Layer 2 64 neurons Second hidden layer
(Sigmoid)
Output Layer 64 neurons Q-value/move
(Linear)
Learning Rate («) 0.03 Step size for Q-value updates
Discount Factor (y) 1.0 Controls influence of future
rewards in RL
Epsilon Start 1.0 Initial exploration rate
Epsilon End 0.01 Final exploration rate
Epsilon Decay 0.9995 Decay rate/episode
Batch Size 32 Training samples used in one
update
Replay Buffer Size 10,000 Past experiences stored for
training
Target Update Every 10 Frequency of target network
Frequency episodes update
Training Epochs 100 Number of training iterations
Games per Epoch 200 Games played in each
iteration
Total Training ~300,000 Cumulative games played
Games

during training

6. Results and Discussion

This section presents a detailed discussion of the results from the empirical experiments in training and training and
testing the Deep Q-Learning agent.

6.1 Experimental Results

6.1.1 Training Performance Analysis

The DQN agent showed a steady learning improvement in all training configurations, with performance improving
monotonically as training duration increased. The most comprehensive training regimen was 200 matches per epoch for
100 epochs (20,000 games total) and generated the highest learning rates, as demonstrated by Table 2.

Table 2. Training Performance Across Configurations

Training Total Final Time to
Configuration Games Win Reach 50%
Rate Win Rate
10 matches x 10 epochs 100 42% Not
achieved

40



10 matches x 100 1,000 58% ~60 epochs
epochs

200 matches x 100 20,000 68.1% ~35 epochs
epochs

100 matches x 1000 100,000 66.8% ~250 epochs
epochs

The best performance of the agent was in the 200x100 setup, where it won 136,243 of 200,000 games (68.1) in the
last epoch. This would be a significant advancement over random play (where a 50%-win rate would be expected against

an equally random player), so it would be learning and not by chance.
6.1.2 Learning Dynamics

The learning curves in figure 3 indicate that there were various phases of development of the agent:

1. First Exploration Phase (Epochs 1-20): win rates of 45-55 percent were experienced as the agent explored

the action space randomly with high epsilon values (e = 0.8-1.0).

2. Rapid Learning Phase (Ecosystems 21-50): The win rates started rapidly rising with a steep positive slope
(between 52 and 64) as epsilon decayed (e = 0.4-0.8) and the agent had started to take advantage of

patterns it discovered.

3. Plateau Phase (Epochs 51-100): Improvement slowed, win rates leveled off (68), or the existing architecture

reached its maximum capacity.

The 200x100 setting exhibited the smoothest learning process and low variance and indicates stable learning

processes at larger batch sizes.
6.1.3 Score Distribution Analysis

Besides the winning rates, there was a qualitative improvement in the gameplay strength of the agent, which was
also demonstrated in Table 3. The win per disc of the agent of 15.3 is far beyond the expected margin of chance play,
which means that it developed an actual strategic advantage and did not simply capitalize on the mistakes of the

opponent.

Table 3. Score Differential Analysis (Final 100 Games).

Performance Metric Value Interpretation
Average Win 15.3 discs Substantial rather than
Margin marginal wins
Average Loss 9.8 discs Competitive even in
Margin losses
Largest Victory 55-8 (47-disc margin) Capable of dominant
play

Narrowest Win 33-31 (2-disc margin)

Games Won by 210 71%
discs

Can win close games

Consistent strong
performance

6.1.4 Human-Agent Performance

In qualitative testing against human players (including the authors), the trained agent demonstrated:

e Reaction Time: Immediate move selection (<100ms).
e Strategic Consistency: No obvious blunders or rule violations.
o Difficulty Level: Rated as "Hard" by intermediate human players.

e Playing Style: Initially positional, shifting to aggressive disc-flipping in the middle of the game.

41



Human players noted that the agent particularly excelled at corner control, a well-known Othello heuristic, despite
never being explicitly programmed with this knowledge.

6.2 Discussion

The resulting 68.1%-win rate versus a random opponent indicates that there is indeed such a thing as strategic
learning, especially when it is considered that the tabula rasa algorithm (combined with a very sparse neural architecture)
and the scale at which it was trained (approximately 300,000 games) are already considerably lower than state-of-the-
art systems. The learning curve, which shows slow early progress and slow leveling off, indicates that the agent first
mastered the basic tactics in Othello (disc capture, mobility) and then optimization of position knowledge. Gameplay
analysis showed that there were emergent strategic behaviors that were consistent with known heuristics, with the most
notable being the independent discovery of corner control, which the agent claimed 89% of matches where it controlled
at least three corners, even though this principle was not explicitly programmed.

The agent was fairly sample efficient, with a win rate over 60% after 7,000 games, and after roughly 15,000 games
in the optimal setting, it achieved a similar level as initial DQN methods on Atari tasks. The ability to generalize was
shown in the generation of more than one opening sequence and the ability to recover in 35% of games following initial
losses. But a test against opponents of higher skill level revealed that it was fragile, that is that techniques that are
effective against a random opponent do not translate to a more skilled opponent.

This work is presents an important study of Othello DRL, as it sets standards of replicable architectures, a clear
understanding of performance and individual training environments, which can be used as a benchmark for new
advances in algorithms and architectures can be evaluated. This paper demonstrates that DQN is applicable to Othello,
which suggests it can be used for a broader class of finite discrete, deterministic, perfect-information games with
moderate sized state spaces and sparse rewards functions. Although it falls short of the expertise-level performance that
is seen in more advanced board games, this study demonstrates that basic reinforcement learning algorithms can learn
meaningful strategies even in complex board games without engineering specifics, providing both a practical benchmark
and theoretical understanding in the future of game Al research. The limitation of this study is that the evaluation was
conducted against a random opponent only (win rate attained-68.1% reflects learning progress rather than absolute
playing strength against stronger adversaries)

7. Conclusion and Future Work

7.1 Conclusion

The paper is both a practical base and groundwork towards further development of value-based reinforcement
learning in strategic game environments because this study has successfully established a Deep Q-Learning baseline
on Othello, showing that the basic reinforcement learning algorithm can play the game with a level of competence,
playing against a random opponent. The agent achieved a win rate of 68.1% with around 300,000 training games, and
some of the emergent strategic behaviors included control of corners and mobility maximization (although not having
been programmed as such).

Among the main contributions of the work, one can distinguish: (1) Othello has been fully implemented with the
integration of DQN, (2) Strategic learning without prior knowledge of the domain has been empirically demonstrated with
an efficiency of 68.1 percent, and (3) The work provides a documented reference point upon which future comparative
studies can be conducted. The findings confirm that DQN is a good starting point in conducting Al research on Othello
and determining its shortcomings at the expert level.

7.2 Future Work

Short-term extensions involve the use of Double DQN and Rainbow DQN, which can be used to solve the
overestimation bias and make sample usage more efficient. Graph Neural Networks (GNNs) would help to improve the
architectural representation of the spatial relationships of boards. The training must go beyond the random opponents to
curriculum learning with accordingly harder opponents and AlphaZero style of self-learning to obtain stronger strategies.
In addition, research can include benchmarking against current minimax agents, UCT-based players, and other Othello
players like Edax to gain insight into the agent's playing strength. The long-term goals include creating interactive
teaching tools in which the agent can teach players how to play Othello, building explainable components of Al to expose
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the learned heuristic knowledge, and extending the system to other perfect-information games. This will turn the system
into an adaptive, explainable and generalizable game Al, rather than a competent player.
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