Kochi University of Technology

Enhancing Data Utilization in Game Al:
Deep Reinforcement Learning Strategies
for the Game 2048

by
Weikai Wang

Supervisor

Professor Kiminori Matsuzaki

A thesis submitted in partial fulfillment for the
degree of Doctor of Philosophy

in the
Engineering Course, Department of Engineering,

Graduate School of Engineering

September 2025


University Web Site URL Here (include http://)
Faculty Web Site URL Here (include http://)
Department or School Web Site URL Here (include http://)




Abstract

Deep Reinforcement Learning (Deep RL) has achieved successful performance in
various domains by combining deep neural networks with reinforcement learning algo-
rithms, enabling agents to learn optimal policies directly from high-dimensional sensory
inputs. Despite these advancements, efficient data utilization remains a critical chal-
lenge, particularly in complex environments with high-dimensional state spaces and
stochastic dynamics.

This thesis focuses on enhancing Deep RL agents within the context of the game
2048—a single-player sliding block puzzle game that is easy to play but hard to master.
2048 presents significant strategic depth due to the high randomness of tile placements
and the exponential growth of tile values. This level of randomness closely resembles
the unpredictability found in real-world scenarios, making 2048 a valuable subject for
study. Traditional neural network architectures, such as convolutional neural networks
(CNNs), often struggle to capture the global contextual information which is important
for strategic decision-making in 2048. Moreover, the high variance in the data caused
by the randomness of the game can lead the training process to fall into local optima,
further limiting performance.

To address these challenges, we investigate two primary research questions: (1) How
does the implementation of global embeddings affect the performance of Deep RL agents
in game AI? (2) How can refining evaluation function affect the performance of Deep
RL agents in game AI? (3) How can reducing value gaps affect the performance of Deep
RL agents in game AI?

We propose three main methods centered around enhancing the 2048 agent. First,
we introduce global embedding techniques to improve the model’s ability to process and
utilize global information from the game state. This includes developing neural network
architectures such as Bypass CNN (BP-CNN), Fully Connected Embedding CNN (FC-
CNN), Convolutional Embedding CNN (CNN-CNN), and Transformer Embedding CNN
(T-CNN), each designed to effectively integrate global embeddings.

Second, we develop refining evaluation functions aimed at achieving further perfor-
mance improvement after the baseline model reaches a plateau. By reducing variance
and incorporating deeper search strategies through methods such as Full-width TD-
afterstate (TD-afterstate-full) and TD-afterstate with 2-ply search (2-ply TD-afterstate),
these methods generate and utilize more accurate training data. This refinement enables
the agent to go beyond the limitations of the standard TD-afterstate method, leading

to higher scores.



iii

Third, we focus on reducing value gaps, which arise from inconsistencies between
1-ply and 2-ply evaluations in the TD-afterstate training method. To address this is-
sue, we developed the TDA-all method that updates all possible afterstates instead of
only the best one. Although this approach improves exploration, it suffers from severe
overestimation and fails to converge. To overcome this limitation, we introduced Double
Deep Q-Network based All-updated TD-afterstate (DDQN TDA-all), which separates
action selection and evaluation by employing two networks. This design significantly al-
leviates overestimation, resulting in more stable training and controlled value estimates.
Furthermore, when combined with TDA-full refinement, DDQN TDA-all achieves com-
petitive performance with the best n-tuple based agents, demonstrating the effectiveness
of reducing value gaps for enhancing DNN-based 2048 players.

Comprehensive experiments are conducted to assess the effectiveness of the proposed
methods compared to baseline models. The results demonstrate that our methods sig-
nificantly improve the scoring performance of Deep RL agents in 2048. These findings
contribute to the advancement of Deep RL methodologies, with potential applications

extending to other domains.
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Chapter 1

Introduction

1.1 Research Background

In recent years, the field of artificial intelligence (AI) has experienced significant advance-
ments, particularly in deep learning and reinforcement learning. Deep Reinforcement
Learning (Deep RL) combines the representation power of deep neural networks with the
decision-making capabilities of reinforcement learning, enabling agents to learn optimal
policies directly from high-dimensional sensory inputs. This synergy has led to remark-
able achievements in various domains, including robotics, natural language processing,
and notably, game Al

Game Al serves as an ideal testbed for developing and evaluating Al algorithms
due to its well-defined rules and measurable outcomes. The successes of DeepMind’s
AlphaGo and AlphaZero [2, 3] have demonstrated the potential of Deep RL agents to
achieve superhuman performance in complex strategic games like Go, Chess, and Shogi.
These achievements are largely attributed to the agents’ ability to effectively utilize vast
amounts of data to learn sophisticated strategies.

The game 2048 is a popular and challenging testbed for Al research. The game is
easy to play but hard to master, making it still posing challenges for algorithmic agents.
Unlike board games such as Go or Chess, 2048 is characterized by its randomness in tile
generation and the necessity of long-term strategic planning. These properties closely
resemble real-world decision-making scenarios, where outcomes are influenced by both
stochastic factors and the ability to optimize over extended horizons. As such, 2048
provides a valuable platform for evaluating the robustness and generalization capabilities

of reinforcement learning methods.
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1.2 Research Question

The game 2048 is a single-player sliding block puzzle game that involves combining tiles
with the same number to create higher-numbered tiles on a 4 x 4 grid. The game’s
simplicity in rules contrasts with its strategic depth, making it a compelling subject
for Al research. Developing an Al agent capable of achieving high scores in 2048 re-
quires sophisticated decision-making and efficient data utilization methods to handle the
randomness of tile placements and the exponential growth of tile values.

Currently, methods based on N-tuple networks [4] have shown superior performance
in the game 2048 compared to existing Deep RL approaches. This performance gap
suggests that there are areas where Deep RL methods can be enhanced to better exploit
the available data and improve learning efficiency.

Key areas for improvement in Deep RL approaches include:

e Enhanced Utilization of Global Information: Traditional neural network
architectures, such as convolutional neural networks (CNNs), often focus on local
feature extraction due to limited receptive fields. This limitation can hinder the
network’s ability to capture and utilize global contextual information essential for
strategic decision-making in 2048. Enhancing the network’s capacity to process

global information may lead to better performance.

¢ Reduction of Variance and Inaccuracy in Training Data: The stochastic
nature of the game introduces significant variance in the training data, which can
lead to unstable learning and suboptimal policy estimation. Developing methods
to generate and utilize more accurate data can improve the agent’s learning process

and performance.

e Enhanced Exploration Ability: Exploration is a crucial part in reinforcement
learning. By strengthening the exploration capability of agents, models can avoid
being limited to only the best immediate actions and instead better evaluate a
wider range of possible afterstates. This can lead to more stable and effective

learning.

These areas for improvement are not exclusive to Deep RL methods; traditional
approaches like N-tuple networks may also face similar challenges. However, focusing
on these aspects within Deep RL offers the potential to enhance its performance and

possibly surpass existing methods in the game 2048.
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This leads us to the central research question:

How can improved data utilization methods enhance the scoring performance of Deep

Reinforcement Learning agents in game AI?
To address this overarching question, we focus on two sub-questions:

1. Global Embeddings: How does the implementation of global embeddings affect

the performance of Deep Reinforcement Learning agents in game AI?

2. Refining Evaluation Functions: How can agents achieve further performance

improvement after reaching a performance plateau in game AI?

3. Enhanced Exploration Ability: How can improving the exploration ability of

agents help to achieve more stable learning in game AI?

1.3 Research Objectives and Significance

The primary objective of this research is to enhance the data utilization methods in Deep
RL agents to improve their performance in the game 2048. Specifically, the research aims

to:

1. Enhance Global Information Utilization through Global Embeddings:
Develop neural network architectures that effectively integrate global embeddings
to improve the model’s ability to utilize global information present in the game
state. This addresses the first sub-question by exploring the impact of global

embeddings on agent performance.

2. Improve Training Stability through Refining Evaluation Functions: De-
sign methods that generate and leverage more accurate evaluation data, such as
Full-width TD-afterstate and 2-ply TD-afterstate, to enhance the stability and
quality of training after the baseline performance reaches a plateau. This ad-
dresses the second sub-question by exploring how refined evaluation functions can

achieve further performance improvement.

3. Enhance Exploration Ability by Reducing Value Gaps: Develop approaches
such as TDA-all and DDQN TDA-all to update not only the best afterstate but

also other possible afterstates, thereby mitigating overestimation and reducing
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value gaps. This addresses the third sub-question by investigating how improved

exploration ability contributes to more stable learning in game Al

The significance of this research lies in its potential contributions to both theoretical

and practical aspects:

e Advancement of Deep RL Methodologies: By focusing on data utilization,
the research contributes to improving learning efficiency and effectiveness in Deep

RL agents, providing insights into how agents can better leverage available data.

¢ Enhancement of Game AI Performance: Improved data utilization methods
can lead to higher-scoring agents in 2048 and potentially other games, demon-
strating the practical benefits of the research in developing more competent Al

agents.

e Broader Applications: The findings can inform data utilization strategies in
other domains where efficient and accurate data usage is critical, such as robotics,

finance, and autonomous systems.

1.4 Overview of Research Methods

To address the research questions, we propose three main methods centered around

enhancing data utilization:

1.4.1 Global Embedding Techniques

We introduce global embedding techniques to improve the model’s utilization of global
information in the game state. By embedding global contextual information into the
neural network architecture, we aim to provide the agent with a more comprehensive
understanding of the game environment, leading to better decision-making.

The implementation involves integrating global embeddings into the baseline CNN22

model, resulting in enhanced architectures such as:

e Bypass CNN (BP-CNN): Incorporates positional information directly into the
input layer by concatenating positional embeddings, enabling the network to utilize

spatial context effectively.
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e Fully Connected Embedding CNN (FC-CNN): Utilizes fully connected lay-
ers to create a global embedding vector that encapsulates the overall state of the

game board, which is then integrated with the convolutional layers.

e Convolutional Embedding CNN (CNN-CNN): Adds convolutional layers
dedicated to processing and embedding global information, leveraging convolu-

tional operations to capture complex patterns across the entire board.

e Transformer Embedding CNN (T-CNN): Employs a Transformer Encoder to
capture global dependencies through self-attention mechanisms, effectively model-

ing the relationships between all tiles on the board.

These models are designed to investigate how the implementation of global embed-
dings affects the agent’s performance by enhancing the utilization of global data, directly

addressing the first sub-question.

1.4.2 Refining Evaluation Functions

We develop advanced training methodologies focused on refining evaluation functions
to train the agent. By reducing variance and incorporating deeper search strategies,
we aim to improve the stability and quality of the training data, enhancing the agent’s
learning process.

The methods include:

e Full-width TD-afterstate (TD-afterstate-full): Reduces variance in the train-
ing data by considering all possible future states from a given afterstate, leading

to more accurate value estimates and better utilization of available data.

e TD-afterstate with 2-ply search (2-ply TD-afterstate): Extends the search
depth to two plies, allowing the agent to account for a broader range of future

scenarios and utilize deeper information in the data.

1.4.3 Reducing Value Gaps

We design methods aimed at reducing value gaps, which arise from difference between
1-ply and 2-ply evaluations in the TD-afterstate framework. Exploration is a crucial

component in reinforcement learning, and insufficient exploration often results in agents
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focusing only on the best afterstate, leaving other afterstates underutilized. This imbal-
ance leads to value gaps and unstable learning. By enhancing the exploration ability of
agents, we aim to improve the stability of training.

The methods include:

e All-updated TD-afterstate (TDA-all): Extends the TD-afterstate update rule
by updating the values of all possible afterstates instead of only the best one. This
encourages broader exploration and reduces the reliance on a single afterstate, but

may suffer from severe overestimation in practice.

e Double Deep Q-Network based All-updated TD-afterstate (DDQN TDA-
all): Addresses the overestimation problem of TDA-all by separating action selec-
tion and action evaluation through two neural networks. This method alleviates

value inflation, resulting in more stable learning and controlled value estimates.

1.5 Contributions

The main contributions of this thesis can be summarized as follows:

e Global Embedding: We propose some enhanced neural network architectures
(BP-CNN, FC-CNN, CNN-CNN, and T-CNN) that use global embeddings into
the baseline CNN22 model, showing their effectiveness in improving the agent’s

ability to utilize global information and outperforming our baseline method.

¢ Refining Evaluation Functions: We introduce evaluation refinement tech-
niques, including TD-afterstate-full and 2-ply TD-afterstate, that reduce variance
in training data and improve the stability of learning. These methods enable
agents to achieve further performance improvements even after the baseline has

plateaued.

e Reducing Value Gaps: We identify and analyze the value gap problem in TD-
afterstate training and propose solutions, including TDA-all and DDQN TDA-all.
The latter effectively mitigates overestimation issues and, when combined with

TDA-full refinement, results in more stable learning and controlled value estimates.

e Overall Performance Improvement through Combined Methods: By in-
tegrating the three directions above—global embeddings, refined evaluation func-

tions, and value gap reduction—our best model (FC-CNN with TD-afterstate +
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DDQN TDA-all + TDA-full) achieves a 3-ply score of 5.64 x 105. This perfor-
mance surpasses previous DNN-based approaches such as CNN22 (3.80 x 10° at
3-ply) and narrows the gap with state-of-the-art n-tuple methods (5.85 x 10° with
6-ply+D). These results demonstrate the effectiveness of enhancing data utiliza-
tion in bridging the performance gap between DNN-based and traditional 2048

agents.

1.6 Thesis Structure
The remainder of this thesis is organized as follows:

e Chapter 2: Literature Review — Provides a comprehensive review of relevant
literature on data utilization in Deep RL, game Al, and existing approaches to
the 2048 game. It discusses the strengths and limitations of current methods and

identifies gaps that this research aims to address.

e Chapter 3: Methodology and Model Design — Details the proposed meth-
ods, focusing on how they enhance data utilization through global embeddings
and accurate data generation. It explains the neural network architectures and

algorithms developed for this research.

e Chapter 4: Experimental Setup — Describes the experimental framework, in-
cluding the datasets used, training procedures, evaluation metrics, and implemen-
tation details. It outlines how the experiments are designed to test the effectiveness

of the enhanced data utilization methods.

e Chapter 5: Results and Discussion — Presents the experimental results, pro-
viding a thorough analysis of how the proposed data utilization methods affect the

performance of the Deep RL agents compared to baseline methods.

e Chapter 6: Conclusion and Future Work — Summarizes the main contri-
butions of the research, discusses the implications of improved data utilization in

Deep RL, addresses the limitations, and offers suggestions for future work.

e References — Lists all the academic sources and literature cited throughout the

thesis.
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1.7 Summary

In summary, this research focuses on enhancing data utilization methods in Deep RL
agents for game Al, specifically in the context of the game 2048. By addressing the
challenges of effectively utilizing global information, refining evaluation functions, and
reducing value gaps, we aim to improve agent performance. The findings from this
research have the potential to contribute to the advancement of Deep RL methodologies

and provide ideas into effective data utilization strategies across various domains.



Chapter 2

Literature Review

2.1 Introduction

A comprehensive literature review is crucial for situating the current research within
the existing body of knowledge and identifying gaps that the study aims to address. In
the field of artificial intelligence (AI), particularly in deep reinforcement learning (Deep
RL) and game Al, significant advancements have been made over the past decade. Deep
RL has demonstrated remarkable capabilities in learning complex behaviors in high-
dimensional environments, leading to breakthroughs in areas such as robotics, natural
language processing, and strategic game playing [5, 6.

Despite these successes, challenges persist in the efficient utilization of data to
enhance learning efficiency and agent performance. In complex and stochastic environ-
ments, the way agents collect, process, and leverage data greatly impacts their ability to
learn optimal policies [7]. Inefficient data utilization can lead to slow learning, subopti-
mal performance, and an inability to generalize across different tasks or environments.

In the domain of game AI, Deep RL has been instrumental in achieving superhuman
performance in games like Go, Chess, and Shogi through models like AlphaGo and
AlphaZero [2, 3]. However, certain games with unique challenges, such as the stochastic
tile-placement game 2048, still present difficulties for Deep RL agents in matching or
surpassing traditional methods [8, 9].

This literature review explores the fundamental concepts of Deep RL and its in-
tegration with data utilization strategies. It examines the importance of effectively
leveraging global information and generating accurate training data to improve agent

performance. The review also delves into existing Al approaches to the game 2048,

10
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analyzing their strengths and limitations, particularly concerning data utilization and
global information processing. By critically assessing current methodologies, this chap-
ter aims to highlight the research gaps that the current study intends to address, setting
the foundation for proposing enhanced data utilization methods in Deep RL agents for

game Al

2.2 Deep Reinforcement Learning

Deep reinforcement learning (Deep RL) is a subfield of machine learning that combines
reinforcement learning (RL) with deep neural networks. This integration allows agents
to learn optimal policies directly from high-dimensional sensory inputs, such as raw
images, by approximating value functions or policies using deep learning architectures.
Deep RL has achieved remarkable success in various domains, including game playing,

robotics, and natural language processing [10].

2.2.1 Fundamentals of Reinforcement Learning

Reinforcement learning is a computational approach to understanding and automating
goal-directed learning and decision-making. In RL, an agent interacts with an environ-
ment £ over discrete time steps. At each time step ¢, the agent observes a state s; € S,
selects an action a; € A according to a policy m(a¢|s¢), receives a scalar reward ry, and
transitions to a new state s;41 [11].

The objective of the agent is to learn a policy that maximizes the expected cu-
mulative reward, also known as the return G;. The return is typically defined as the

discounted sum of future rewards:

o0
k
Gi=> Vriws,
k=0

where € [0, 1] is the discount factor determining the present value of future rewards
[11].

Two central concepts in RL are the state-value function V™ (s) and the action-value
function Q7 (s, a), which estimate the expected return starting from state s and state-

action pair (s, a), respectively, under policy 7:

V™(s) = Ex[Gi|sy = 5],
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Q" (s,a) = Ex[G|st = s,ar = a.

These value functions satisfy recursive relationships known as the Bellman equations
[12], forming the foundation for many RL algorithms.

Reinforcement learning methods can be broadly categorized into:

e Value-based methods: These methods focus on estimating the optimal value
function. An example is Q-learning [13], which aims to learn the optimal action-

value function Q*(s,a).

e Policy-based methods: These methods directly optimize the policy without
using a value function. The REINFORCE algorithm [14] is a classic example,
utilizing policy gradients to adjust the policy parameters in the direction that

maximizes expected rewards.

e Actor-Critic methods: These combine value-based and policy-based approaches,
where the actor updates the policy based on feedback from the critic, which evalu-
ates the action-value function. An example is the Actor-Critic algorithm proposed

by Konda and Tsitsiklis [15].

A fundamental challenge in RL is the trade-off between exploration and exploitation.
The agent must balance exploiting known actions that yield high rewards and exploring
new actions to discover potentially better strategies [11].

Traditional RL algorithms have been successful in solving problems with small state
and action spaces. However, they struggle with high-dimensional inputs, such as raw
images or complex sensory data. This limitation has been addressed by integrating deep
learning techniques, leading to the development of Deep RL methods capable of handling

complex, high-dimensional environments.

2.2.2 Integration of Deep Learning in Reinforcement Learning

The integration of deep learning into reinforcement learning has led to significant ad-
vancements, enabling agents to learn effective policies directly from high-dimensional
and raw sensory inputs. Deep neural networks serve as powerful function approxima-
tors, allowing agents to generalize across large state and action spaces [16].

One of the pioneering works in this area is the Deep Q-Network (DQN) introduced

by Mnih et al. [16]. DQN combines Q-learning with convolutional neural networks
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(CNNs) to enable agents to learn value functions directly from pixel inputs in Atari
2600 games. Key innovations in DQN include the use of experience replay and target
networks to stabilize training.

Policy-based methods have also benefited from deep learning. The Asynchronous
Advantage Actor-Critic (A3C) algorithm proposed by Mnih et al. [17] leverages deep
neural networks to learn both policy and value functions. A3C utilizes multiple parallel
agents to stabilize learning and improve training efficiency.

Deep deterministic policy gradient (DDPG) [18] extends actor-critic methods to
continuous action spaces by combining deterministic policy gradients with deep neural
networks. Similarly, Proximal Policy Optimization (PPO) [19] introduces a surrogate
objective to improve training stability in policy gradient methods.

The integration of deep learning has also enabled the development of algorithms
capable of mastering complex games like Go and Chess. The AlphaGo system [20]
employs deep neural networks to evaluate board positions and policy moves, combining
supervised learning from human expert games with reinforcement learning through self-
play.

Overall, the incorporation of deep learning techniques into reinforcement learning
frameworks has expanded the applicability of RL to a wide range of challenging domains,
making it possible to tackle problems that were previously intractable due to high-

dimensional state and action spaces.

2.2.3 Challenges in Deep Reinforcement Learning

Despite the successes of deep reinforcement learning, several challenges remain that
hinder its broader adoption and effectiveness.

Sample Inefficiency: Deep RL algorithms often require large amounts of training
data to converge to optimal or even satisfactory policies [21]. This sample inefficiency
can be problematic in real-world applications where data collection is expensive or time-
consuming.

Stability and Convergence Issues: Training deep neural networks within an
RL context can be unstable due to issues like catastrophic forgetting, vanishing or ex-
ploding gradients, and sensitivity to hyperparameters [22]. The non-stationarity of data
distributions in RL, where the data distribution depends on the policy being learned,

exacerbates these issues.
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Exploration vs. Exploitation Trade-off: Balancing exploration and exploita-
tion is a fundamental challenge in RL [23]. Insufficient exploration can lead to conver-
gence on suboptimal policies, while excessive exploration can slow down learning and
increase the risk of encountering harmful states in safety-critical applications.

Credit Assignment Problem: Determining which actions are responsible for
future rewards, especially when rewards are sparse or delayed, remains a difficult problem
[11].

Overestimation Bias: In value-based methods like Q-learning, overestimation of
action values can occur, leading to suboptimal policies [24]. Techniques like Double
DQN have been proposed to mitigate this bias.

High Variance in Gradient Estimates: Policy gradient methods can suffer from
high variance in gradient estimates, which can slow down learning and require careful
tuning of learning rates and batch sizes [25].

Efficient Data Utilization: Efficiently utilizing the collected data to improve
learning is crucial. Techniques like experience replay [26] and prioritized experience
replay [27] have been introduced, but there is still room for improvement in how agents
leverage past experiences.

Safety and Robustness: Ensuring that agents behave safely and robustly in the
face of uncertainties and adversarial conditions is an ongoing concern [28].

Addressing these challenges is essential for advancing the field of deep reinforcement

learning and enabling its application to a broader range of complex, real-world problems.

2.3 Data Utilization in Deep Reinforcement Learning

Efficient data utilization is a critical aspect of deep reinforcement learning (Deep RL),
significantly influencing the learning speed, stability, and overall performance of agents.
In Deep RL, agents learn from interactions with the environment, which can be costly in
terms of time and computational resources. Therefore, maximizing the value extracted
from each piece of data is essential for practical and effective learning [10]. This section
discusses the importance of data utilization in Deep RL and reviews techniques developed

to enhance it.
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2.3.1 Importance of Data Utilization

In reinforcement learning, data efficiency refers to the agent’s ability to learn optimal
policies from a limited amount of interaction with the environment. Efficient data uti-

lization is crucial for several reasons:

e Sample Efficiency: Real-world applications often involve environments where
data collection is expensive, time-consuming, or risky. Improving data utilization

allows agents to achieve better performance with fewer interactions [29].

e Learning Stability: Effective use of data can lead to more stable learning pro-

cesses by reducing variance and preventing overfitting to recent experiences [27].

e Performance Improvement: Maximizing the informational content extracted
from each experience helps in faster convergence to optimal policies and improves

the agent’s ability to generalize across different states and scenarios [21].

In Deep RL, the high dimensionality of state and action spaces amplifies the im-
portance of data utilization. Agents must learn complex mappings from observations
to actions, which requires processing vast amounts of data effectively. Inefficient data
usage can lead to slow learning rates, increased computational costs, and suboptimal

policies.

2.3.2 Techniques for Improving Data Utilization

Several techniques have been developed to enhance data utilization in Deep RL. Key
methods include experience replay, prioritized experience replay, and data augmentation

strategies.

2.3.2.1 Experience Replay

Experience replay is a technique introduced by Lin [26] to improve data efficiency and
break correlations between sequential data samples. In this approach, experiences are
stored in a replay buffer and sampled randomly during training. This method allows
the agent to reuse past experiences multiple times, improving learning efficiency and
stability by smoothing over temporal correlations.

Experience replay has been instrumental in the success of Deep Q-Networks (DQN)

[16], where it helped stabilize learning from high-dimensional inputs like raw pixels.
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By revisiting past experiences, the agent can continue learning from diverse states and

transitions, which is particularly important in environments with sparse rewards.

2.3.2.2 Prioritized Experience Replay

Prioritized experience replay builds upon the basic experience replay mechanism by
sampling important experiences more frequently [27]. In standard experience replay, all
experiences are sampled uniformly, which may not be optimal since some experiences
provide more learning value than others.

In prioritized experience replay, each experience is assigned a priority based on the
magnitude of its temporal-difference (TD) error. Experiences with higher TD errors in-
dicate that the agent’s predictions were significantly different from the actual outcomes,
suggesting that learning from these experiences could reduce the agent’s overall error
more effectively. By sampling these experiences more frequently, the agent can focus on
learning from the most informative data.

This method has been shown to improve learning speed and performance in various
Deep RL tasks by ensuring that critical experiences are revisited and learned from more

thoroughly [27].

2.3.2.3 Data Augmentation Strategies

Data augmentation involves creating additional training data by applying transforma-
tions to existing data without altering their underlying semantics. In Deep RL, data
augmentation can help improve generalization and robustness by exposing the agent to
a wider variety of inputs [30].

Common data augmentation techniques in RL include random crops, flips, rota-
tions, and noise injection. By training on augmented data, agents can learn more invari-
ant representations and improve performance in environments where observations may
vary due to noise or other factors.

For example, Laskin et al. [30] introduced RAD (Reinforcement Learning with
Augmented Data), demonstrating that simple data augmentation techniques can sig-

nificantly improve sample efficiency and performance in visual control tasks.

2.3.2.4 Other Techniques

Additional methods for improving data utilization include:
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e Hindsight Experience Replay (HER): Proposed by Andrychowicz et al. [31],
HER allows agents to learn from failed attempts by reinterpreting unsuccessful
episodes as successful ones for different goals, thus increasing the utility of each

experience.

e Off-Policy Learning: Algorithms like Soft Actor-Critic (SAC) [32] leverage off-
policy data to improve sample efficiency by learning from data generated by dif-

ferent policies.

e Curiosity-Driven Exploration: Encouraging agents to explore novel states can

lead to the collection of more informative data [33].

These techniques highlight the importance of innovative data utilization strategies
in enhancing the performance and efficiency of Deep RL agents. By effectively leveraging
available data, agents can learn more robust policies, adapt to complex environments,

and achieve better overall performance.

2.3.3 Global Information Integration

Efficient data utilization in deep reinforcement learning (Deep RL) not only depends
on how data is collected and stored but also on how it is processed and interpreted by
the agent. Integrating global information from the environment plays a crucial role in
enhancing data utilization by enabling agents to comprehend and leverage the broader
context of their experiences. Traditional Deep RL approaches often emphasize local
feature extraction, which can limit the agent’s ability to capture comprehensive patterns
and dependencies within the data [34, 35]. By incorporating global information, agents
can develop more robust and informative representations, leading to improved policy
learning and performance.

Enhanced Representation Learning: Integrating global information allows
agents to learn representations that encompass the entire state of the environment rather
than isolated local features. This holistic understanding facilitates the extraction of more
meaningful patterns from the data, enabling the agent to make better-informed deci-
sions [36]. For instance, in complex environments where relationships between different
entities are critical, global information integration ensures that these interactions are

adequately captured and utilized during the learning process.
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Improved Generalization: Agents that effectively integrate global information
are better equipped to generalize their learning across diverse states and scenarios. By
understanding the global context, agents can apply learned strategies more effectively
in new or unseen environments, enhancing their ability to perform well beyond the
specific instances encountered during training [37]. This generalization is particularly
important in tasks with high-dimensional state spaces, where the variability of states
can be substantial.

Efficient Data Utilization: Incorporating global information helps in reducing
redundancy and focusing the learning process on the most informative aspects of the
data. By emphasizing the relationships and dependencies that span the entire environ-
ment, agents can prioritize learning from experiences that provide the most significant
insights, thereby making more efficient use of the collected data [38]. This targeted
learning approach can lead to faster convergence and improved performance with fewer
training samples.

Several techniques have been developed to facilitate the integration of global infor-

mation into Deep RL agents, each contributing to more effective data utilization:

2.3.3.1 Attention Mechanisms

Attention mechanisms enable agents to selectively focus on relevant parts of their input
data by assigning different weights to different elements based on their importance.
In the context of Deep RL, attention allows agents to process and prioritize global
features that are most pertinent to decision-making [38]. For example, Zambaldi et al.
[34] introduced relational deep reinforcement learning, where self-attention mechanisms
capture relationships between entities in the environment, enabling agents to reason
about interactions at a global scale. This selective focus ensures that the agent utilizes

the most informative data, enhancing overall learning efficiency.

2.3.3.2 Graph Neural Networks

Graph Neural Networks (GNNs) provide a framework for modeling relational data, mak-
ing them well-suited for environments where entities and their interactions form com-
plex structures [39]. In Deep RL, GNNs can encode the global state by representing
the environment as a graph, where nodes represent entities and edges represent their

relationships [37]. For instance, Wang et al. [37] applied GNNs to multi-agent RL tasks,
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allowing agents to learn cooperative strategies by capturing interactions among multiple
agents. By modeling these relationships explicitly, GNNs enhance the agent’s ability to

utilize global information effectively, leading to more informed policy updates.

2.3.3.3 Transformers

Transformers, originally developed for natural language processing, have been adapted
for RL tasks to process and integrate global information efficiently [40]. Transformers
utilize self-attention mechanisms to model dependencies between different parts of the
input data, making them ideal for handling global context in high-dimensional environ-
ments. Parisotto and et al. [40] introduced the Gated Transformer-XL architecture for
RL, demonstrating improved performance in environments where capturing long-range
dependencies is crucial. By leveraging the power of transformers, agents can better

utilize global information, enhancing data representation and policy learning.

2.3.3.4 Communication Mechanisms in Multi-Agent RL

In multi-agent reinforcement learning (MARL), effective communication among agents
is essential for integrating global information and achieving coordinated behavior [41].
Communication mechanisms enable agents to share information about their observa-
tions and intentions, facilitating the aggregation of global data that can inform collec-
tive decision-making. Methods such as CommNet [42] and Differentiable Inter-Agent
Learning (DIAL) [41] allow for differentiable communication among agents, ensuring
that global information is seamlessly incorporated into each agent’s policy. This collab-
orative data utilization enhances the overall performance and efficiency of multi-agent

systems.

2.3.3.5 Hierarchical Reinforcement Learning

Hierarchical Reinforcement Learning (HRL) decomposes complex tasks into simpler sub-
tasks, enabling agents to operate at multiple levels of abstraction [43]. By structuring
learning hierarchically, agents can integrate global goals and context into their decision-
making processes. Techniques like the Option-Critic architecture [44] allow agents to
learn both low-level actions and high-level strategies, effectively utilizing global informa-

tion across different temporal and spatial scales. This hierarchical approach enhances
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data utilization by ensuring that agents can leverage both local and global information

to achieve more effective and efficient learning.

2.3.3.6 World Models

World models involve learning a predictive model of the environment, which agents use
to simulate future states and plan actions accordingly [45]. By modeling the global
dynamics of the environment, agents can integrate global information into their policy
learning, enabling them to make informed decisions based on an understanding of how
actions affect the overall state. World models improve sample efficiency by allowing
agents to generate synthetic experiences and utilize global information to enhance their

learning from real interactions [45].

2.3.4 Summary

Integrating global information into deep reinforcement learning agents is a fundamental
strategy for enhancing data utilization. By leveraging techniques such as attention mech-
anisms, graph neural networks, transformers, communication in multi-agent settings,
hierarchical reinforcement learning, and world models, agents can develop more compre-
hensive and informative representations of their environments. This holistic approach
to data processing enables more efficient and effective learning, leading to improved pol-
icy performance and greater generalization across complex and high-dimensional tasks.
Effective global information integration not only maximizes the utility of collected data

but also paves the way for advanced decision-making capabilities in Deep RL agents.

2.4 Game Al and Applications of Deep Reinforcement Learn-
ing

2.4.1 Successes of Deep RL in Game Al

Deep reinforcement learning (Deep RL) has achieved remarkable success in the domain

of game artificial intelligence (Game AI), demonstrating the ability to learn complex

strategies and achieve superhuman performance in various games. This section provides

an overview of significant achievements of Deep RL in games such as Atari, Go, Chess,

and Shogi.
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2.4.1.1 Atari Games

One of the earliest breakthroughs in Deep RL was the development of the Deep Q-
Network (DQN) by Mnih et al. [46]. DQN combined Q-learning with deep convolu-
tional neural networks to enable an agent to learn control policies directly from high-
dimensional sensory inputs, such as raw pixels, in Atari 2600 games. The agent achieved
human-level performance in several games, demonstrating the potential of Deep RL for
complex decision-making tasks.

The success of DQN spurred further research, leading to improvements such as
Double DQN [47], Dueling Networks [48], and Prioritized Experience Replay [49], which

enhanced learning stability and performance.

2.4.1.2 AlphaGo and the Game of Go

The game of Go, with its immense search space and strategic depth, was long considered
a grand challenge for Al Silver et al. [2] introduced AlphaGo, a system that combined
deep neural networks with Monte Carlo Tree Search (MCTS) to evaluate board positions
and select moves. AlphaGo defeated top professional players, culminating in its victory
against the world champion Lee Sedol.

AlphaGo utilized policy networks to predict the probability distribution over legal
moves and value networks to estimate the expected outcome from a given position. The
system was trained using a combination of supervised learning from expert human games

and reinforcement learning through self-play, enabling it to surpass human expertise.

2.4.1.3 AlphaZero: Mastering Chess, Shogi, and Go

Building upon AlphaGo, Silver et al. [50] developed AlphaZero, a more generalized
version capable of learning to play Chess, Shogi, and Go without any domain-specific
knowledge beyond the basic game rules. AlphaZero used a unified algorithm that com-
bined Deep RL with MCTS, relying solely on self-play to learn optimal strategies.
AlphaZero achieved superhuman performance in all three games, defeating the
world-champion programs Stockfish in Chess and elmo in Shogi. This demonstrated
the power of Deep RL and self-play in mastering complex games without human exper-

tise.
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2.4.1.4 OpenAl Five and Dota 2

In the realm of multiplayer online battle arena (MOBA) games, OpenAl developed Ope-
nAl Five, an Al system that achieved remarkable performance in Dota 2 [51]. OpenAl
Five used a combination of Deep RL techniques and large-scale training to learn policies
for controlling multiple agents in a highly complex, dynamic environment.

The system was trained through self-play and was able to defeat professional Dota 2
teams, showcasing the scalability of Deep RL methods to more intricate and cooperative

games.

2.4.1.5 Other Notable Achievements

Deep RL has also been applied successfully to a variety of other games and domains,

including:

e StarCraft II: DeepMind’s AlphaStar achieved Grandmaster level performance in

StarCraft 11, a real-time strategy game with immense complexity [52].

e Poker: Libratus and Pluribus, developed by researchers at Carnegie Mellon Uni-
versity, utilized reinforcement learning and search algorithms to defeat top human
players in Heads-Up No-Limit Texas Hold’em and multiplayer poker, respectively
[53, 54].

e General Game Playing: Reinforcement learning agents have demonstrated ca-
pabilities in learning to play multiple games using general architectures, highlight-

ing the potential for developing versatile Al systems [55].

These successes underscore the significant advancements in Deep RL and its capac-

ity to tackle complex decision-making tasks in various game environments.

2.4.2 Limitations and Challenges in Game Al

Despite the remarkable achievements, Deep RL faces several limitations and challenges

when applied to game Al, particularly in complex or stochastic environments.
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2.4.2.1 Sample Inefficiency

Deep RL algorithms often require vast amounts of data to learn effective policies. The
sample inefficiency arises from the need for extensive exploration and the high dimen-
sionality of state and action spaces [56]. This can be problematic in environments where

data collection is costly or time-consuming.

2.4.2.2 Stability and Convergence Issues

Training Deep RL agents can be unstable due to factors such as function approximation
errors, non-stationarity of data distributions, and sensitivity to hyperparameters [57].

Achieving stable convergence to optimal policies remains a significant challenge.

2.4.2.3 Exploration-Exploitation Trade-off

Balancing exploration and exploitation is critical in Deep RL. Insufficient exploration can
lead to suboptimal policies, while excessive exploration may result in inefficient learning
or unsafe behaviors [58]. Designing exploration strategies that are both efficient and

effective is an ongoing area of research.

2.4.2.4 Generalization and Transfer Learning

Deep RL agents often struggle to generalize learned policies to new environments or
variations of the same task [59]. The lack of transferability limits the applicability of

agents trained in specific settings to broader contexts.

2.4.2.5 Complex and Stochastic Environments

In games with high degrees of randomness or partial observability, such as 2048 or
procedurally generated environments, Deep RL agents may perform poorly [60]. The
stochastic nature of these games introduces additional challenges in learning stable and

robust policies.

2.4.2.6 Computational Resources and Scalability

Many successful Deep RL applications, such as AlphaGo and OpenAl Five, require sub-
stantial computational resources and specialized hardware [2, 51]. This raises concerns

about the scalability and accessibility of such methods for wider use.
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2.4.2.7 Ethical and Safety Considerations

As Al agents become more capable, ensuring their safe and ethical deployment becomes
increasingly important. Issues such as unintended behaviors, exploitation of game me-
chanics, or alignment with human values present challenges that need to be addressed

[61].

2.4.3 Areas for Improvement

Addressing these limitations requires advancements in several areas:

e Data Efficiency: Developing algorithms that can learn effectively from fewer

interactions, such as model-based RL or leveraging prior knowledge [62].

e Stability and Robustness: Enhancing training procedures and architectures to

improve stability and convergence [63].

o Exploration Strategies: Designing smarter exploration methods that balance

the trade-off more effectively [64].

e Generalization Techniques: Implementing approaches that promote better gen-
eralization and transfer learning, such as meta-learning or representation learning

[65].

e Scalable Algorithms: Developing more computationally efficient algorithms that

can achieve high performance without excessive resource requirements [66].

e Safety and Ethics: Incorporating safety constraints and ethical considerations

into the design of AI agents [67].

By addressing these challenges, the field can advance towards creating more capable,

efficient, and reliable Al agents for complex and stochastic game environments.

2.5 The Game 2048 and Artificial Intelligence Approaches

2.5.1 Overview of the 2048 Game

The game 2048 is a single-player sliding block puzzle game developed by Gabriele Cirulli
in 2014 [68]. It is played on a 4 x 4 grid with numbered tiles that slide when a player

moves them using the four directional arrows: up, down, left, or right. When two tiles
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After moving, the tiles merged
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If tiles can’t move any more,
the game ends.

Figure 2.1: An example of the game 2048.

with the same number collide during a move, they merge into a tile with the sum of
their numbers. The objective is to create a tile with the number 2048, although players
can continue playing to reach higher numbers.

At the start of the game, two tiles appear in random positions on the grid, each with
a value of either 2 or 4. After each move, a new tile with a value of 2 (90% probability)
or 4 (10% probability) spawns in a random empty cell [69]. The stochastic nature of
tile placements introduces randomness into the game, making it challenging to predict
future states and plan accordingly.

The game ends when no valid moves are possible, which occurs when the grid is
full, and no adjacent tiles have the same value. The player’s score increases by the value

of the tiles combined during moves, incentivizing the creation of higher-value tiles. The
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simplicity of the game’s rules contrasts with its strategic depth, making it an interesting
subject for artificial intelligence research. Figure 2.1 shows an example of the game

2048.

2.5.2 Traditional AT Approaches to 2048

Several traditional Al techniques have been applied to the game 2048, achieving no-
table success in reaching high scores. Two prominent methods are expectimax search

algorithms and N-tuple networks.

2.5.2.1 Expectimax Search Algorithms

Expectimax is an extension of the minimax algorithm used in decision-making processes,
adapted to handle stochastic environments by incorporating chance nodes into the game
tree [70]. In the context of 2048, expectimax search considers both the player’s moves
and the random tile placements as part of the game tree, evaluating the expected utility
of each action by averaging over possible chance outcomes.

Implementations of expectimax for 2048, such as the one by Szubert and Jaskowski
[69], have demonstrated strong performance by exploring possible future states to a
certain depth and selecting moves that maximize the expected score. The primary
advantage of expectimax is its ability to plan ahead by considering the probabilistic
outcomes of tile placements, making it effective in managing the game’s stochasticity.

However, the expectimax approach faces limitations due to the exponential growth
of the game tree with increased search depth, leading to high computational costs. Prac-
tical implementations often limit the search depth to manage computational resources,
which can restrict the algorithm’s ability to anticipate long-term consequences of actions

fully.

2.5.2.2 N-Tuple Networks

N-tuple networks are value function approximators that estimate the value of a game
state based on patterns (tuples) extracted from the board [71]. In 2048, an N-tuple
network consists of several tuples, each representing a specific arrangement of tiles, and
associates weights with these tuples to approximate the expected utility of the game

state.
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Szubert and Jaskowski [69] applied temporal difference learning with N-tuple net-
works to 2048, achieving state-of-the-art performance at the time. The method involves
updating the weights of the tuples based on the difference between predicted and actual
rewards, allowing the network to learn effective value estimations from experience.

The strengths of N-tuple networks include their low computational requirements and
the ability to capture important features of the game through carefully designed tuples.
They can generalize across similar states and are efficient for online learning. However,
their performance heavily depends on the selection of tuples and the quality of the
learning process. Designing effective tuples requires domain knowledge, and the networks
may struggle to capture long-range dependencies and global board configurations due

to their focus on local patterns.

2.5.3 Deep Reinforcement Learning Approaches to 2048

Deep reinforcement learning (Deep RL) methods have been explored for 2048 to leverage
deep neural networks’ ability to handle high-dimensional state spaces. These approaches
aim to learn value functions or policies directly from raw game states without the need
for manual feature engineering.

One common approach involves using deep Q-networks (DQN) [46], where a con-
volutional neural network (CNN) processes the game board and outputs Q-values for
each possible action. The agent learns by minimizing the temporal difference error be-
tween predicted and target Q-values, using techniques like experience replay to stabilize
training.

Despite the potential of Deep RL, applying these methods to 2048 has not surpassed
the performance of traditional approaches like N-tuple networks [69]. Several challenges

contribute to this outcome:

e Limited Utilization of Global Information: CNNs primarily focus on local
feature extraction due to their limited receptive fields. This constraint hinders the
network’s ability to capture global board configurations and long-range dependen-

cies essential for strategic planning in 2048.

e High Variance in Training Data: The stochastic tile placements introduce
significant randomness, leading to high variance in the training data. This makes
it difficult for neural networks to learn accurate value estimations and can cause

instability during training.
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e Shallow Search Depths: Deep RL methods often rely on single-step updates
without incorporating deeper search strategies. This limitation restricts the agent’s
foresight and ability to plan ahead effectively, which is crucial for achieving higher

scores in the game.

e Low Exploration: Existing Deep RL methods in 2048 often update only the
best afterstate during training, which limits exploration of alternative possibili-
ties. This problem leads to underutilization of valuable information from non-best
afterstates, causing value gaps between 1-ply and 2-ply evaluations and reducing

the stability of learning.

Efforts to improve Deep RL performance in 2048 have included experimenting with
different neural network architectures and training techniques. However, these methods
often come with increased computational complexity and have yet to match the effec-
tiveness of traditional approaches. The challenges show the need for novel methods that

enhance data utilization and integrate global information into the learning process.

2.6 Summary and Research Gap Identification

This literature review has explored the fundamentals of deep reinforcement learning, the
significance of efficient data utilization, and the application of AI methods to the game
2048. Traditional Al approaches, such as expectimax search and N-tuple networks, have
achieved considerable success but come with limitations, including high computational
costs and reliance on manual feature engineering.

Deep RL methods, on the other hand, offer the potential to learn directly from
raw game states without manual feature design. However, in the context of 2048, these
methods have yet to surpass traditional approaches due to challenges such as ineffi-
cient data utilization, high variance in training data, limited capacity to process global
information, shallow planning depth, and insufficient exploration.

The key research gaps identified are summarized as follows:

e Enhancing Data Utilization: Existing Deep RL methods often fail to fully
exploit available gameplay data. Reducing variance in training and improving the

stability of learning are essential to achieving stronger performance.

e Integrating Global Information: Current architectures, such as CNN-based

models, primarily capture local patterns but lack the ability to effectively process
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global board configurations, which are crucial for long-term strategic decision-

making in 2048.

e Improving Planning and Foresight: Many Deep RL approaches rely on shal-
low one-step updates, limiting their ability to anticipate future consequences. In-
corporating deeper search strategies or refining evaluation functions is necessary

to enhance decision quality.

e Strengthening Exploration: Standard methods tend to update only the best
afterstate during training, resulting in under-exploration of alternative states and

large value gaps between 1-ply and 2-ply evaluations.

Addressing these research gaps is essential for advancing the performance of Deep
RL agents in 2048 and similar stochastic, high-dimensional environments. This moti-
vates the present study, which proposes three directions to enhance data utilization:
(1) leveraging global embedding techniques to better capture holistic information, (2)
refining evaluation functions to reduce variance and improve training stability, and (3)
reducing value gaps by enhancing exploration ability. These strategies together aim to
push the boundaries of Deep RL in 2048 and bridge the performance gap between Deep
RL agents and traditional methods.



Chapter 3

Methodology and Model Design

3.1 Global Embedding

In this section, we present enhancements to the neural network architecture. These en-
hancements involve integrating global information embeddings into our baseline neural
network, CNN22. The primary objective of this improvement is to augment the net-
work’s ability to comprehend and utilize global contextual information. This is done
alongside local feature extraction. By embedding global information, we enable the
neural network to make more informed and strategic decisions, thereby enhancing its
performance in the target game, 2048. This integration involves generating a global em-
bedding vector that encapsulates the overall state of the game board and incorporating
this vector into the existing convolutional layers of the baseline CNN22. The fusion
of global and local features facilitates a more holistic understanding of the game envi-
ronment, leading to improved decision-making and higher efficiency in learning optimal

strategies.

3.1.1 Overview
3.1.1.1 Research Background

Deep Reinforcement Learning (Deep RL) has emerged as a powerful approach in the field
of Game Al enabling agents to learn optimal strategies through interaction with complex
environments. By leveraging deep neural networks, Deep RL can effectively handle high-
dimensional state spaces and make sequential decisions, which are essential for mastering

various games. Notable successes include DeepMind’s AlphaGo and AlphaZero, which

30
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have demonstrated superhuman performance in strategic games such as Go, Chess, and
Shogi [2, 3].

In the context of the 2048 game, Deep RL offers promising methods for developing
intelligent agents capable of achieving high scores. However, prior to this work, the best
open sourced DNN-based 2048 agents [72] have not outperformed the state-of-the-art
agent based on N-Tuple Networks [4]. Given the success of DNNs in other games, we
expect that it is still possible to improve their performance in 2048 by addressing these
limitations, potentially through enhanced feature representation and better strategy

formulation mechanisms.

3.1.1.2 Areas for Improvement

Our baseline model, CNN22, is structured as shown in Figure 3.1. CNN22 consists of
two convolutional layers and three fully connected (FC) layers. The input to CNN22 is
a one-hot encoding representation of the board’s values, and the output is the valuation
of the current afterstate, representing the expected cumulative reward from the current
afterstate until the end of the game. While the FC layers enable CNN22 to capture and
analyze global information, the shallow convolutional layers are limited to processing
only local information due to the inherent constraints of convolutional networks.

The inherent constraints of convolutional networks primarily arise from their lo-
calized receptive fields and the nature of the convolution operation. Mathematically,
a convolutional layer applies a set of filters (kernels) that perform element-wise multi-
plication and summation over local regions of the input data. Each filter typically has
a fixed size, such as 2 x 2, defining the extent of the local neighborhood it can pro-
cess. In a shallow network with only a few convolutional layers, the effective receptive
field—the region of the input data that influences a particular output unit—is relatively
small. For instance, with two consecutive 2 x 2 convolutional layers, the receptive field
expands to 3 x 3, allowing the network to capture patterns within this localized area.
However, global contextual information, which requires understanding relationships and
dependencies across the entire board, remains inaccessible because the network cannot
aggregate information from distant regions without significantly increasing the depth or
employing techniques like dilated convolutions or pooling layers. Addressing the mathe-

matical limitation by incorporating mechanisms that facilitate the integration of global
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Figure 3.1: The structure of CNN22.

information into the convolutional layers may be essential for enhancing the performance
of CNN22.

Global information is highly beneficial for strategic decision-making in the 2048
game. For example, knowing the position of the maximum tile can guide the placement
and merging of other tiles to prevent high-value tiles from being blocked. Additionally,
understanding the complete state of each row and column allows the network to make

more accurate evaluations of potential moves, ensuring that merges are optimized for
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future steps. Therefore, providing global contextual information to the shallow convolu-
tional layers presents a significant opportunity for enhancing the performance of CNN22.
By integrating global embeddings directly into the convolutional layers, the network can
better understand and utilize comprehensive game state information, leading to more

informed and effective decision-making processes.

3.1.1.3 Core Concepts

Our core concept revolves around integrating global board information into the shallow
convolutional layers of the baseline CNN22 model. By doing so, we aim to enhance the
network’s ability to capture comprehensive game state information. This integration
is achieved through the introduction of global embedding vectors that encapsulate the
overall board state and are merged with the original input of our baseline neural net-
work. Mathematically, this involves concatenating the global embedding vectors to the
inputs of the convolutional layers, thereby providing the network with both local and
global perspectives of the game state. For instance, knowing the position of the maxi-
mum tile and the state of each row and column may improve the accuracy of afterstate
valuations by informing the network about potential merging opportunities and strategic
tile placements. This holistic approach is expected to improve the accuracy of afterstate
valuations and enable the agent to develop more effective strategies for achieving higher

Scores.

3.1.2 Model and Algorithm Design

In this subsection, we delve into the design and innovative aspects of the four proposed
global embedding methods: BP-CNN, FC-CNN, CNN-CNN;, and T-CNN. Each method
offers a unique approach to integrating global contextual information into the baseline

CNN22 model, thereby enhancing its performance in the 2048 game.

3.1.2.1 Bypass CNN (BP-CNN)

Design Philosophy BP-CNN introduces a straightforward yet effective modification
to the baseline CNN22 by incorporating positional information directly into the input
layer. In the original CNN22 architecture, the input is a one-hot encoded tensor of size

4 x 4 x 18, where each tile’s value is represented by an 18-dimensional one-hot vector.



3.1 Global Embedding 34

This encoding effectively captures the value of each tile but lacks explicit information
about the tile’s position on the board.

To address this limitation, BP-CNN extends the input representation by concate-
nating one-hot encoded vectors of the x and y coordinates to each tile’s value vector.
Specifically, for each tile, an additional one-hot vector representing its x-coordinate
and another for its y-coordinate are appended, resulting in a new input tensor of size
4 x 4 x 26. Mathematically, if V; ; denotes the 18-dimensional one-hot vector for the tile
at position (4, j), X; represents the one-hot encoded z-coordinate, and Y; represents the

one-hot encoded y-coordinate, then the BP-CNN input I; ; for each tile is given by:

Ii; = [Vig; X Y]

where [;] denotes the concatenation operation.

The neural network structure of BP-CNN is shown in Figure 3.2.

Innovation and Benefits The primary innovation of BP-CNN lies in its ability to
provide the neural network with explicit spatial context. By informing the network
of each tile’s exact location, BP-CNN enhances the model’s capacity to recognize and
utilize spatial patterns critical for strategic decision-making in the 2048 game. For
instance, tiles positioned at the edges or corners of the board hold different strategic
values compared to those in other positions. Understanding the value of tiles in these
specific locations can help prevent high-value tiles from being blocked and enable more
effective merging strategies.

This modification offers several advantages:

e Enhanced Feature Representation: By combining value and positional data,
the network gains a more comprehensive understanding of the game state, allowing

for more informed decision-making.

e Minimal Architectural Changes: BP-CNN achieves these enhancements with-
out increasing the network’s depth or complexity, maintaining computational effi-

ciency while significantly boosting performance.

In summary, BP-CNN leverages the straightforward strategy of augmenting the
input representation with positional information. This modification not only enhances

the network’s ability to process comprehensive game state information but also lays the
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Figure 3.2: The structure of BP-CNN.

groundwork for further architectural innovations aimed at optimizing strategic decision-

making in the 2048 game.

3.1.2.2 Fully Connected Embedding CNN (FC-CNN)

Fully Connected Embedding CNN (FC-CNN) enhances the baseline CNN22 by inte-

grating global contextual information through dedicated fully connected (FC) layers.
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Building upon the BP-CNN approach, FC-CNN processes the enriched input tensor of
size 4 X 4 x 26 and embeds global information more effectively.

Design Philosophy

In the original CNN22 architecture, the input is a one-hot encoded tensor of size
4 x 4 x 18, representing the values of each tile on the 2048 game board. BP-CNN
extends this input by concatenating one-hot encoded = and y coordinates to each tile’s
value vector, resulting in an input tensor of size 4 x4 x26. FC-CNN further leverages this
enriched input by introducing fully connected layers to create a robust global embedding.

Specifically, the embedding layers of FC-CNN are detailed as follows:

e Input Reshaping and Flattening: The input tensor Vinpy: of size (4,4,26) is
reshaped and flattened into a vector Vg, of size (416, ), where 416 = 4 x 4 x 26.

¢ Global Embedding via Fully Connected Layers: The flattened input Vi, is

processed through two fully connected layers to embed global information:

Fy = ReLU(W Vgat + b1), W, € R32X416,

Fy = ReLU(Wo Fy + by), Wy € R128%32,

where F7 is a 32-dimensional vector, and F3; is a 128-dimensional global embedding.

¢ Reshaping the Embedding: The global embedding F5 is reshaped into a tensor
E of size (4,4,8), as 4 x 4 x 8 = 128.

o Extracting Value Channels and Concatenation: The original value one-
hot encoded input Viae of size (4,4,18) is extracted from Viyput. The reshaped
embedding FE is then concatenated with Vi, along the channel dimension to form

a new input tensor I of size (4,4, 26):
I = [V;/alue;E]v

where [; ] denotes concatenation along the channel axis.

The neural network structure is shown as the figure 3.3
Innovation and Benefits
The primary innovation of FC-CNN lies in its method of embedding global infor-

mation through fully connected layers, enabling the network to capture and integrate
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Figure 3.3: The structure of FC-CNN with global embedding.

comprehensive game state information more effectively. By embedding global context
directly into the input tensor, FC-CNN provides the convolutional layers with enriched
feature representations, allowing for more accurate valuations of afterstates and im-

proved strategic decision-making in the 2048 game.
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This approach offers several advantages:

e Enhanced Global Feature Integration: The fully connected layers effectively
capture and embed global patterns, providing the network with a holistic view of

the game state.

e Improved Decision-Making Accuracy: With comprehensive global informa-
tion, the network can make more informed and strategic moves, leading to higher

performance in the game.

e Combining FC and CNN Strengths: The architecture merges the global con-
text modeling of fully connected layers with the local feature extraction capabilities

of convolutional layers.

e Inherited Positional Context from BP-CNN: By utilizing the enriched input
from BP-CNN, FC-CNN builds upon existing positional information, enhancing

the network’s understanding of tile placement and strategic importance.

Strategic Importance

Global information embedded by the fully connected layers is crucial for strategic
decision-making in the 2048 game. FC-CNN can identify patterns and relationships
involving the overall board configuration, such as the distribution of high-value tiles and
potential merging paths. By processing the entire board’s state through fully connected
layers, the network gains a comprehensive understanding of the game state, helping to
avoid unfavorable moves and promoting strategies that may lead to higher scores.

Summary

FC-CNN addresses the limitations of the baseline CNN22 by embedding global
information through fully connected layers. This enhancement allows the network to
better understand and utilize comprehensive game state information, leading to more

informed and effective strategic decision-making in the 2048 game.

3.1.2.3 Convolutional Embedding CNN (CNN-CNN)

Convolutional Embedding CNN (CNN-CNN) enhances the baseline CNN22 by integrat-
ing global contextual information through additional convolutional layers dedicated to
embedding. Building upon the BP-CNN approach, CNN-CNN processes the enriched

input tensor of size 4 X 4 X 26 and embeds global information more effectively.
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Design Philosophy

In the original CNN22 architecture, the input is a one-hot encoded tensor of size
4 x4 x 18, representing the values of each tile on the 2048 game board. BP-CNN extends
this input by concatenating one-hot encoded x and y coordinates to each tile’s value
vector, resulting in an input tensor of size 4 x 4 x 26. CNN-CNN further leverages this
enriched input by introducing convolutional layers to create a robust global embedding.

The embedding layers of CNN-CNN are detailed as follows:

e Global Embedding via Convolutional Layers: The input Viy,u¢ is processed

through two convolutional layers to embed global information:

— First Convolutional Layer (ccl): Applies 16 filters of size 2 x 2 with stride
1 and no padding, producing an output tensor Cy of shape (3,3,16):

Cl — ReLU(COHVCd(anput))

— Second Convolutional Layer (cc2): Applies 128 filters of size 3 x 3 with
stride 1 and no padding, resulting in an output tensor Cy of shape (1,1, 128):

Cy = ReLU(Conv,2(Ch))

¢ Reshaping the Embedding: The output Cs is reshaped into a tensor E of size
(4,4, 8) to align with the spatial dimensions of the original input, as 4 x4 x8 = 128.

e Extracting Value Channels and Concatenation: The original value one-
hot encoded input Viaye of size (4,4,18) is extracted from Viyput. The reshaped
embedding FE is then concatenated with Vi, along the channel dimension to form

a new input tensor I of size (4,4, 26):

I= [V;/alue; E],

where [; | denotes concatenation along the channel axis.

The structure of CNN-CNN is shown as the following figure 3.4
Innovation and Benefits
The primary innovation of CNN-CNN lies in its method of embedding global in-

formation through dedicated convolutional layers, leveraging the inherent strengths of
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Figure 3.4: The structure of CNN-CNN with global embedding.

convolutional operations to capture comprehensive game state information. By embed-

ding global context directly into the input tensor via convolutional layers, CNN-CNN

provides the convolutional layers with enriched feature representations, allowing for more

accurate valuations of afterstates and improved strategic decision-making in the 2048
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game.

This approach offers the following advantages:

e Enhanced Global Feature Integration: The two additional convolutional lay-
ers effectively capture and embed global patterns, providing the network with a

holistic view of the game state.

e Improved Decision-Making Accuracy: With comprehensive global informa-
tion, the network can make more informed and strategic moves, leading to higher

performance in the game.

e Leveraging Spatial Hierarchies: Convolutional layers inherently capture spa-
tial hierarchies and patterns, enhancing the network’s ability to recognize complex

relationships across the board.

e Inherited Positional Context from BP-CNN: By utilizing the enriched input
from BP-CNN, CNN-CNN builds upon existing positional information, further

enhancing the network’s understanding of tile placement and strategic importance.

Strategic Importance

Global information is highly beneficial for strategic decision-making in the 2048
game. Unlike FC-CNN, which primarily focuses on embedding positional information,
CNN-CNN leverages convolutional layers to capture complex spatial dependencies and
global patterns across the entire board. When capturing image features or board fea-
tures, CNNs may be more effective than fully connected layers.

Summary

CNN-CNN addresses the inherent limitations of shallow convolutional layers by em-
bedding global information through additional convolutional layers. This enhancement
allows the network to better understand and utilize comprehensive game state infor-
mation, leading to more informed and effective strategic decision-making in the 2048

game.

3.1.2.4 Transformer Embedding CNN (T-CNN)

T-CNN enhances the baseline CNN22 by integrating global contextual information
through a Transformer Encoder layer. Building upon the previous models, T-CNN
utilizes the Transformer architecture to capture complex global dependencies across the

entire board, providing a powerful mechanism for embedding global information.
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Design Philosophy

In the original CNN22 architecture, the input is a one-hot encoded tensor of size
4 x4 x 18, representing the values of each tile on the 2048 game board. BP-CNN and FC-
CNN extend this by incorporating positional information and embedding global context
through fully connected layers or additional convolutional layers. T-CNN introduces a
Transformer Encoder layer to process the enriched input, capturing global relationships
more effectively due to the self-attention mechanism inherent in Transformers.

Specifically, T-CNN processes the input tensor as follows:

1. Input Reshaping and Preparation: The input tensor Vi, of size 4 x 4 x 26
(including positional information from BP-CNN) is reshaped to a sequence suitable
for the Transformer Encoder. It is reshaped to (16,26), where each of the 16

positions corresponds to a tile on the board.

2. Transformer Encoding: A Transformer Encoder layer processes the input se-
quence, capturing global dependencies through self-attention. The output Er7,ans

retains the same shape (16, 26).

3. Global Embedding Compression: The output from the Transformer Encoder
is passed through a linear layer to compress the embedding from 26 dimensions to

8 dimensions, resulting in Ecomy of shape (8,16).

4. Reshaping and Concatenation: The compressed embedding Ecopm,, is reshaped
back to spatial dimensions (4,4, 8). It is then concatenated with the original input
of size (4,4, 18), forming a new input tensor I of size (4,4, 26):

o . reshaped
I = [V[nputa EComp ]

where [;] denotes concatenation along the channel dimension.

The overall architecture effectively combines the strengths of Transformer mod-
els in capturing global dependencies with the spatial feature extraction capabilities of
convolutional layers. The structure is shown as the Figure 3.5.

Innovation and Benefits

The primary innovation of T-CNN lies in its utilization of a Transformer Encoder

layer to embed global information, leveraging the self-attention mechanism to capture
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Figure 3.5: The structure of T-CNN with global embedding. The structure of the
Transformer Encoder is the same as the paper [1]

complex relationships across the entire game board. This approach offers several advan-

tages:

e Advanced Global Feature Integration: The Transformer Encoder effectively
models long-range dependencies and global interactions between tiles, providing a

comprehensive understanding of the game state.
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e Enhanced Decision-Making Accuracy: By capturing intricate global pat-
terns, T-CNN enables the network to make more informed and strategic moves,

leading to improved performance in the game.

e Combining Transformer and CNN Strengths: The architecture merges the
global context modeling of Transformers with the local feature extraction of con-
volutional layers, optimizing the network’s ability to process both global and local

information.

e Scalability and Flexibility: The Transformer component allows for flexible
modeling of input sequences of varying lengths and can be extended or adjusted

to capture additional complexities in the game state.

Strategic Importance

Global information captured by the Transformer Encoder is crucial for strategic
decision-making in the 2048 game. T-CNN can identify complex patterns and rela-
tionships that are not easily captured by convolutional layers alone. For instance, it
can detect potential merging opportunities that involve tiles located far apart on the
board or recognize patterns that could lead to deadlocks if not addressed promptly. By
modeling these global dependencies, T-CNN provides more accurate evaluations of af-
terstates, helping to prevent unfavorable moves and promoting strategies that lead to
higher scores.

Summary

T-CNN addresses the limitations of the baseline models by integrating a Trans-
former Encoder layer to embed global information effectively. This enhancement allows
the network to better understand and utilize comprehensive game state information,
combining the advantages of Transformers and convolutional neural networks. As a

result, T-CNN may improve strategic decision-making in the 2048 game.

3.1.3 Summary of Global Embedding

This section has detailed the development and theoretical underpinnings of the global
embedding technique within the broader scope of enhancing decision-making in game
Al specifically for the game 2048. By integrating global contextual information into the

neural network architecture, the global embedding approach is designed to leverage a
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comprehensive understanding of the game state, thereby facilitating more informed and
strategic decision-making processes.

Technical Contributions: The primary innovation of the global embedding tech-
nique lies in its ability to synthesize and incorporate broad game state data within the
network. This is achieved through the novel application of embedding layers that pro-
cess not just local tile information but also the relational and positional context of the
game board. These layers transform the raw data into a format that is more conducive
to extracting strategic insights, which may be crucial for high-level game play in 2048.

Theoretical Implications: Theoretically, this approach extends the traditional
use of convolutional neural networks in game Al by adding a layer of abstraction that
captures global dynamics, which are often missed by purely local analyses. This method
promises to overcome some of the common limitations encountered in traditional game
AT architectures, such as the inability of shallow network layers in standard CNNs to
fully capture the comprehensive information of the game board. By incorporating global
embedding, the network can gain the capability to access and utilize a complete repre-
sentation of the game state at every decision point, enhancing its strategic accuracy.

Potential Applications: The global embedding technique developed in this re-
search has broad applicability beyond the specific case of the 2048 game. By providing
a comprehensive view of the entire game board at any given decision point, this method
can be adapted to other strategic games that require a deep understanding of current
game states. Examples include chess or Go, where the ability to evaluate the entire
board configuration in real-time can fundamentally enhance decision-making processes.
Moreover, this approach can also be beneficial in non-gaming contexts that demand a
holistic understanding of complex scenarios. For instance, in robotics, where navigating
an environment effectively requires a complete and instant understanding of surround-
ing elements, or in traffic management systems, where the state of an entire network
needs to be considered to optimize flow and reduce congestion. By enabling systems
to integrate and analyze all relevant data points simultaneously, global embedding can
significantly improve the effectiveness of systems in various fields that rely on compre-
hensive situational awareness.

Future Directions: Future research will focus on refining the efficiency of the em-
bedding process to reduce computational demands and enhance real-time applicability.
Additionally, exploring adaptive and dynamic embedding techniques that can adjust to

the evolving context of the game or task at hand will be critical. Continued development



3.2 Refining Evaluation Functions 46

will also aim to validate and quantify the benefits of global embedding through empirical

testing, which will be crucial for substantiating the theoretical advantages proposed.
In conclusion, the global embedding framework sets a foundational methodology for

enhancing neural network architectures with a global perspective, promising significant

advancements in the field of game AI and beyond.

3.2 Refining Evaluation Functions

To enhance the performance of neural network-based agents in the game 2048, it is
crucial to focus on the generation and utilization of more accurate training data. Tradi-
tional methods, while effective to a certain extent, are often hindered by high variance
and shallow search strategies, which limit the agent’s ability to make well-informed deci-
sions. In this section, we introduce our advanced training methodologies designed to ad-
dress these limitations. By generating data with reduced randomness and incorporating
deeper search techniques, our methods aim to provide a more stable and comprehensive

training framework.

3.2.1 Overview

This section introduces our approach to enhancing the training of 2048 game agents by
generating and utilizing more accurate data. We begin with the research background,
highlighting the use of Temporal Difference (TD) learning in previous works and our
baseline model. We then identify areas for improvement in existing methods and present

the core concepts of our proposed techniques.

3.2.1.1 Research Background

Temporal Difference (TD) learning [73] is a fundamental reinforcement learning method
that combines ideas from Monte Carlo methods and dynamic programming. It allows
agents to learn directly from raw experience. TD learning has been successfully applied
in various domains, including game playing.

In the context of the 2048 game, prior to this work, the best open-sourced deep
neural network (DNN)-based agents [72] employed the TD-afterstate method for train-
ing. TD-afterstate is a variant of TD(0). This approach enables agents to learn value

functions that evaluate afterstates and guide decision-making effectively. The updating
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method for TD-afterstate is shown as the Fig. 3.6. While TD-afterstate is effective, this

method has limitations that present opportunities for improvement.

TD-afterstate:

V(SYtH)
I Update

Figure 3.6: The updating method of TD-afterstate

3.2.1.2 Areas for Improvement

Despite the success of TD-afterstate in training 2048 agents, there are notable challenges

that hinder optimal performance:

e High Variance in Training Data: The randomness inherent in the 2048 game,
particularly the random placement of new tiles after each move, introduces signif-
icant variance in the training data. This variance can lead to less stable learning

and suboptimal estimation of state values.

e Shallow Search Depth: Traditional TD(0) methods rely on updates based on
immediate rewards and the estimated value of the next state. This shallow search
may not capture the long-term consequences of actions, limiting the agent’s ability

to plan ahead effectively.

Addressing these issues is crucial for developing agents that can achieve higher

scores and exhibit more strategic play in the 2048 game.

3.2.1.3 Core Concepts

To overcome the identified limitations, we propose two novel training methods that

utilize more accurate data:

1. Full-width TD-afterstate (TD-afterstate-full): This method reduces vari-
ance in the training data by considering all possible future states from a given

afterstate. By evaluating every possible next state, the agent can obtain a more
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accurate estimate of the value of the current afterstate, leading to more stable

learning.

2. TD-afterstate with 2-ply search (2-ply TD-afterstate): This method en-
hances foresight in decision-making by incorporating deeper searches into the train-
ing process. By extending the search depth to two layers (plies), the agent can
account for a broader range of future scenarios, improving its ability to plan ahead

and make more informed decisions.

These methods aim to improve the training of 2048 agents by generating and train-
ing with more precise and informative data, addressing the high variance and shallow
search issues present in traditional TD learning approaches. The subsequent sections
will delve into the detailed methodologies and theoretical foundations of these proposed

methods.

3.2.2 Algorithm Design
3.2.2.1 Full-width TD-afterstate (TD-afterstate-full)

As discussed in Section 3.2.1.2; the traditional TD-afterstate training method suffers
from high variance due to the randomness inherent in the game’s tile placement. To
mitigate this issue, we propose the Full-width TD-afterstate (TD-afterstate-full) method,
an advanced training approach designed to enhance the accuracy of the neural network

in the 2048 game.

Method Description The updating method for TDA-full is shown in the Fig. 3.7
. The action selection of TD-afterstate-full method is defined in Equation 3.1. After
selecting an action a;, we obtain the corresponding afterstate S;. Unlike the traditional
TD-afterstate method, which considers only one possible next state due to the random
tile addition, the TD-afterstate-full method calculates a deep value DV (S}) by exploring

all possible next states Sy that can result from the random placement of a new tile.

a; = argmax,(R(S;,a) + V(S})) (3.1)

The deep value DV (S}) is computed by taking the sum over all possible next states,
weighting each by its probability P(S;+1]S5}), and multiplying by the maximum expected
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TDA-full:
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Figure 3.7: The updating method of TDA-full

value obtainable from each state. Specifically, for each possible next state S;y1, we con-
sider the highest possible sum of the immediate reward R(S;+1,at+1) and the estimated
value of the subsequent afterstate V' (Sii1.move(ai41)), where a1 represents the next
action taken from state Sii.

The formula for calculating DV (S]) is as follows:

DV(S{) = P(S11|S}) x max [R(St11,a1) + V(Si41)] (3.2)

St+1
where S, | = Sii1.move(asy1) is the afterstate resulting from action asy1 applied
to state Si1.
After computing DV (S]), the TD-afterstate-full method updates the value function

V (S]) directly using this deep value:

V(S;) + DV (S}). (3.3)

Advantages By considering all possible next states, the TD-afterstate-full method
effectively reduces the variance introduced by the randomness of tile placements in the
game. This comprehensive evaluation leads to more accurate and stable estimates of the
value function V(.S}), enhancing the learning process of the neural network. The method
ensures that the update to V(S]) accounts for the expected outcomes over all possible

future scenarios, rather than relying on a single, randomly determined next state.

Challenges The primary drawback of the TD-afterstate-full method is the increased
computational complexity. Evaluating all possible next states and their corresponding
afterstates requires significantly more computational resources and time. For each after-

state Sj, the method must consider every empty tile position where a new tile can appear
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and both possible tile values (typically 2 or 4), leading to a combinatorial increase in

the number of states to evaluate.

Implementation Considerations Implementing the TD-afterstate-full method in-
volves generating all possible next states Spi1 from the afterstate S;. For each empty
position on the board, a new tile (2 or 4) can appear with certain probabilities (com-
monly 0.9 for tile 2 and 0.1 for tile 4). The probabilities P(S;4+1]S;) are calculated based
on these tile placement probabilities and the number of empty positions.

For each possible next state Siyi, the method computes the maximum expected
value over all possible actions a1, including the immediate reward and the estimated
value of the resulting afterstate V(Sj,;). This process requires accessing the neural
network to estimate V(S; ;) for each possible action, which can be computationally

intensive.

Summary  The TD-afterstate-full method addresses the high variance issue of the
traditional TD-afterstate approach by incorporating a full evaluation of all possible next
states in the update of the value function. While this leads to more accurate and stable
learning, it also introduces significant computational challenges due to the increased
number of states to evaluate. Balancing the improved accuracy with the computational
cost is a key consideration in the practical implementation of this method.

The detailed experimental setup and the results demonstrating the effectiveness of

the TD-afterstate-full method are presented in Section 4.4 and Section 5.3.

3.2.2.2 TD-Afterstate with 2-ply search (2-ply TD-afterstate)

Building upon the limitations identified in the traditional TD-afterstate method, par-
ticularly concerning shallow search depth, we introduce the TD-afterstate with 2-ply
search (2-ply TD-afterstate) method. This novel approach is designed to enhance the
training of 2048 game agents by incorporating deeper search strategies, thereby utilizing

more comprehensive information from future game states.

Motivation As highlighted in Section 2.2.3, the conventional TD-afterstate method
updates the network based on the value of the immediately following afterstate. How-

ever, previous studies [72, 74] have demonstrated that deeper search strategies often lead
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to higher average scores. Shallow searches may not adequately capture the long-term

consequences of actions, limiting the agent’s ability to plan effectively.

Method Description The 2-ply TD-afterstate method extends the search depth to
two layers (plies), allowing the network to update based on values that reflect deeper
game dynamics. This approach provides the agent with a more foresighted perspective,
potentially leading to more strategic decision-making.

The updating method is shown in the Fig. 3.8. And the update formula for the
2-ply TD-afterstate method is presented as follows:

V(S;) = R(Siy1,a41) + DV(Siy4), (3.4)

TDA-2ply:

... (all possible )
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Figure 3.8: The updating method of TDA-2ply

where DV (S}, ) represents the deep value of the next afterstate Sj, |, calculated by
considering all possible subsequent states resulting from random tile placements. The

deep value DV (S}, ) is computed similarly to Equation 3.5:

DV(Sty1) = Y P(Si2|Sti) X max|R(Sey2, arr2) + V(Sti2)]s (3.5)

Stt2
where S;io represents all possible states resulting from adding a random tile to

Si. 1, and S;, o = Si1o.move(asy2) is the afterstate resulting from action a;io.

Action Selection Strategies In the 2-ply TD-afterstate method, we explore two

types of action selection strategies:

1. Standard Action Selection: Following the traditional approach as in Equa-
tion 4.2, the action a; is chosen to maximize the immediate reward and the esti-

mated value of the resulting afterstate V(.S)):

a; = arg mgx[R(St, a) + V(S})]. (3.6)
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This strategy maintains consistency with the baseline method and serves as a

control for variable consistency.

2. Deep Value-Based Action Selection: To investigate whether actions selected
through deeper searches can enhance training effectiveness, we introduce an alter-

native action selection strategy based on the deep value DV (S}):

a; = arg mgx[R(St, a) + DV (S})]. (3.7)

This approach selects actions that are expected to yield the highest cumulative re-

ward over a deeper search horizon, potentially leading to more strategic gameplay.

Comparison with Baseline Method Compared to the baseline TD-afterstate
method, which updates the value function using Equation 4.3 and selects actions based

on immediate rewards and estimated afterstate values, the 2-ply TD-afterstate method:

e Utilizes a revised update equation (Equation 3.4) that incorporates the deep value

DV (S{, 1), accounting for a broader range of future outcomes.

e Employs two action selection strategies (Equations 4.4 and 4.5) to evaluate the

impact of deeper search information on action choice.

This dual approach aims to determine whether leveraging data from more informed

policies can enhance the effectiveness of training 2048 game agents.

Computational Considerations Implementing the 2-ply TD-afterstate method re-
quires additional computational resources due to the necessity of conducting deeper
searches to calculate the deep values DV(S;) and DV(S;, ). The increased computa-

tional complexity arises from:

e Generating all possible next states S;11 and Siyo by considering every possible tile

placement.

e Evaluating the maximum expected value over all possible actions a;41 and az42 at

each ply.

o Accessing the neural network to estimate V' (S}, ;) and V(S;_,) for each potential

afterstate.
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Despite the increased computational demands, the 2-ply TD-afterstate method is
expected to provide more accurate value estimates and promote better strategic plan-

ning.

Summary The 2-ply TD-afterstate method addresses the limitations of shallow search
in the traditional TD-afterstate approach by incorporating deeper search depths into
the training process. By updating the value function based on the deep values of future
afterstates and exploring alternative action selection strategies, this method seeks to
enhance the foresight and performance of 2048 game agents.

Both the TD-afterstate-full and 2-ply TD-afterstate methods require more compu-
tational resources than the baseline TD-afterstate method. However, their underlying

principles differ:

e TD-afterstate-full reduces variance in the training data by considering all pos-

sible next states S;11 when updating V' (Sj).

¢ 2-ply TD-afterstate updates V(S}) using a deeper search value DV (S, ), in-

corporating information from an extended search horizon.

The detailed experimental setup and results demonstrating the effectiveness of the

2-ply TD-afterstate method are presented in Sections 4.4 and 5.3.

3.3 Reducing Value Gaps

The previous methods global embedding and refining evaluation functions focused on
improvements from two parts: the design of neural network architectures and the train-
ing methodology. In this subsection, we further examine the limitations of existing
2048 agents and identify the presence of walue gaps among afterstates with different
ranks. The following subsections provide a detailed description of the problem and the

corresponding method.

3.3.1 Overview
3.3.1.1 Areas for Improvement

In the TD-afterstate training framework, we update the current afterstate’s value by

using the subsequent afterstate’s value combined with the reward. Consequently, once
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training has converged, the 1-ply value of each afterstate should closely match its cor-
responding 2-ply value (which incorporates the immediate reward).

Figure 3.9 displays histograms of 1-ply and 2-ply values for afterstates from 100
games sampled from the best checkpoint of the TD-afterstate + FC-CNN model. The
ranks 1 through 4 correspond to the average 1-ply values from the best to worst choices.
The differences between 2-ply and 1-ply values for the 1st, 2nd, 3rd, and 4th ranks are
respectively 2, 689, 7829, and 20284. Notably, as the rank increases, the gap between

2-ply and 1-ply values also grows.

1e5 Comparison of 1-ply value vs 2-ply value (with reward)

1.58e+05 1.58e+05
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Figure 3.9: The histograms of 1-ply and 2-ply values for afterstates in different ranks

Figure 3.10 presents a scatter plot of these differences across ranks, where points
near the line y = x indicate afterstates whose 1-ply and 2-ply values are similar, while
points located below the line (towards the lower right) denote afterstates with substan-
tially larger 2-ply values. Here, n denotes the number of randomly sampled afterstates.
Consistent with the histogram, the scatter plot further illustrates that the proportion
of afterstates with 2-ply values exceeding 1-ply values increases as rank grows.

Beyond the best afterstate, all other afterstates exhibit notable mismatches between
their 2-ply and 1-ply values. We hypothesize that this value gap is from the TD-afterstate
training method’s tendency to always select the highest-valued action, which leads to
insufficient exploration of all possible afterstates. However, in the training of 2048 agents,
neither e-greedy nor softmax exploration strategies work for 2048 [75]. In the following

parts, we will propose methods designed specifically to address this issue.
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Figure 3.10: Scatter diagrams of the difference between 2-ply and 1-ply values across
different ranks.

3.3.1.2 Core Concepts

To overcome the identified limitations, we designed updating methods for reducing the

value gaps:

1. All-updated TD-afterstate (TDA-all): TDA-all is similar to the previously
introduced TDA-full (in Subsection 3.2.2.1), with one critical difference: instead
of updating only the best afterstate, it updates the value estimates of all possible
afterstates. Our result from experiments shows that TDA-all suffers from severe

overestimation problem, which causes the training failure.
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2. Double Deep Q-Network based All-updated TD-afterstate (DDQN TDA-
all): To solve the overestimation problem in TDA-all, we follow the idea from the
Double Deep Q-Network (DDQN) framework [76]. By integrating this principle
into TDA-all, DDQN TDA-all achieves more stable learning and successfully re-

duces the value gaps.

3.3.2 Algorithm Design
3.3.2.1 All-updated TD-afterstate (TDA-all)

As discussed in Section 3.3.1.1, the TD-afterstate training method suffers from high value
gaps between 1ply search and 2ply search value in the afterstates other than the best
afterstates. To mitigate this issue, we propose the All-updated TD-afterstate (TDA-all)

method.

Method Description The updating method for TDA-all is shown in the Fig. 3.11
. The action selection of TDA-all method is defined in Equation 3.8. After selecting an
action a;, we obtain the corresponding afterstate S;. The TDA-all method calculates a
deep value DV (S]) by exploring all possible next states S;+1 that can result from the

random placement of a new tile.

a; = argmax, (R(S;, a) + V(S})) (3.8)

The deep value DV (S]) is computed by taking the sum over all possible next states,
weighting each by its probability P(S;+1]S]), and multiplying by the maximum expected
value obtainable from each state. Specifically, for each possible next state S;11, we con-
sider the highest possible sum of the immediate reward R(S;41, at+1) and the estimated
value of the subsequent afterstate V' (Siy1.move(aty1)), where a;4q represents the next
action taken from state Siyi.

The formula for calculating DV (S]) is as follows:

DV(S)) =Y P(S1lS)) x max [R(St11, ae1) + V(Si41)] (3.9)

St+1
where S} 1= Si1.move(ay41) is the afterstate resulting from action a1 applied

to state Si41.
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Figure 3.11: The updating method of TDA-all

After computing DV (S}), the TDA-all method updates the value function V(Sj)

for all possible afterstates S; directly using this deep value:

V(S}) < DV (S}). (3.10)

Compared with TDA-full method, TDA-all will update all possible afterstates in-

stead of only update the best afterstate.

Advantages By updating all possible afterstates for each state, TDA-all tries to
address the value gaps caused by the insufficient exploration problem in the standard
TD-afterstate method. Although traditional exploration strategies such as e-greedy and
softmax have been shown to be ineffective in the context of training 2048 agents, we can
still enhance value estimation by updating the values of non-best afterstates—without

changing the action selection policy itself.

Challenges Updating the values of all possible afterstates will slow down the training

process, as the model must perform additional forward and backward passes for each
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state transition. More critically, our experiments show that TDA-all suffers from severe

overestimation bias, which leads to unstable learning and eventual training failure.

3.3.2.2 Double Deep Q-Network based All-updated TD-afterstate (DDQN
TDA-all)

Since TDA-all suffers from severe overestimation, which leads to training failure, we
adopt the idea of Double Deep Q-Network (DDQN) [76] to design the Double Deep
Q-Network based All-updated TD-afterstate (DDQN TDA-all). This method aims to

solve the overestimation issue in TDA-all training method.

Method Description The update procedure of DDQN TDA-all is similar to that of
TDA-all, but it incorporates the core idea of DDQN, namely the separation of action
selection and action evaluation. In our design, we employ two neural networks, denoted
as A and B. During data generation, network A is responsible for selecting actions,
while network B provides the corresponding value estimates. Finally, only network A is
updated, ensuring that the evaluation process remains decoupled and thereby reducing
the overestimation problem.

The action selection of DDQN TDA-all is defined in Equation 3.11. After selecting

an action a;, we obtain the corresponding afterstate .Sj.

a; = argmax, (R(St, a) + VA(S£)>, (3.11)

where V4(-) denotes the value of the afterstate estimated by network A.

The deep value DV (S}) in DDQN TDA-all is computed in a similar manner to
TDA-all, but with the separation of action selection and action evaluation. Specifically,
for each possible next state S;y1, the next action asy1 is selected by network A, while
the evaluation of the afterstate is performed by network B. This separation follows the

Double DQN principle and helps to reduce overestimation.

DV (S}) = Z P(Si41]S;) % [R(St+1,at+1) + VB(S£+1)] ) (3.12)

Sty
where a;11 = argmax, (R(Si+1,a) + Va(Si+1.move(a))) is the next action chosen
by network A, and S} 1= Si41-move(agq1) is the resulting afterstate whose value is

estimated by network B.
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After computing DV (S}), the DDQN TDA-all method updates the value function

Va(S]) of network A for all possible afterstates S, while keeping network B unchanged:

Va(S}) < DV(S)}). (3.13)

Compared with TDA-all, the DDQN TDA-all method separates action selection
and action evaluation by employing two networks. Only network A is updated, while

network B serves as a stable evaluator to alleviate the overestimation issue observed in

TDA-all.

Advantages The DDQN TDA-all method offers several advantages. First, by sepa-
rating action selection and action evaluation, it effectively alleviates the overestimation
problem that caused TDA-all to fail in training. Second, similar to TDA-all, it updates
all possible afterstates instead of only the best one, which mitigates the insufficient
exploration issue in traditional TD-afterstate and helps reduce value gaps. Finally, un-
like common exploration strategies such as e-greedy or softmax that are ineffective in
the 2048 environment, DDQN TDA-all achieves implicit exploration by updating every

afterstate without changing the action policy.

Challenges  Despite its advantages, DDQN TDA-all also introduces several chal-
lenges. First, updating all afterstates and maintaining two networks significantly in-
creases the computational cost and slows down training. Second, since our design only
updates network A, the method may be more suitable as a refining strategy after the
original approach has plateaued in performance, rather than as a stable training algo-

rithm from scratch.



Chapter 4

Experiment Setup and Design

This chapter outlines the experimental setup and design employed to evaluate the pro-
posed methods for enhancing 2048 game agents. It encompasses the hardware and
software configurations, detailed descriptions of each experiment conducted, the evalua-
tion metrics used, and considerations to ensure the reproducibility and reliability of the

experiments.

4.1 Experimental Setup

This section details the hardware and software configurations utilized in our experiments,
providing the necessary context for understanding the implementation and performance

of the proposed methods.

4.1.1 Programming Environment and Libraries

The implementation of our models and experiments was carried out using Python 3.11,
leveraging the PyTorch deep learning framework for neural network development and
training. For the neural network experiments, we utilized PyTorch version 2.1.1, which
provides robust support for CUDA-enabled GPU acceleration, essential for handling the
computational demands of training deep neural networks.

Key libraries and tools used in our experiments include:

e Python: 3.11.5
e PyTorch: 2.1.1
e TorchVision: 0.16.1 (compatible with PyTorch 2.1.1)

60
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e NumPy: 1.26.2

ONNX Runtime GPU: 1.18.0

SymPy: 1.12.1

Git: 2.40.1

GCC (GNU Compiler Collection): 11.4.0

GNU Make: 4.3

Additional libraries such as requests, certifi, urllib3, and pillow were used
for various utility functions. The complete list of packages and their versions is man-
aged using conda and is available in the environment configuration files provided in our
repository.

For neural network experiments, Python and PyTorch were the primary tools due to
their flexibility and extensive support for deep learning applications. PyTorch’s CUDA
integration facilitated efficient training on GPU hardware.

For the N-Tuple network experiments, we used C++ for its performance efficiency
and control over system resources. The C++ code was compiled using GCC version
11.4.0, and the build process was managed with GNU Make version 4.3.

Version control was managed using Git version 2.40.1, ensuring consistent code
management and collaboration. All experiments were conducted in a Linux environment,
specifically Ubuntu 22.04.3 LTS, to maintain consistency across different machines and

to leverage the robustness of Linux for computational tasks.

4.1.2 Hardware Configuration

The experiments were conducted on machines equipped with the following hardware

specifications:

e CPU: Intel Core i7-9800X (8 cores / 16 threads) at 3.8 GHz
e Memory: 128 GB DDR4 RAM
e GPU: Two NVIDIA GeForce RTX 2080 Ti GPUs, each with 11 GB of VRAM

e Operating System: Ubuntu 22.04.3 LTS
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Although each machine was equipped with two GPUs, our experiments utilized only
a single GPU per run to ensure consistency and reproducibility. The GPUs provided the
necessary computational power to train the deep neural networks efficiently, especially
for models requiring extensive computation like the TD-afterstate-full and 2-ply TD-
afterstate methods.

The CUDA toolkit version used was 12.3, compatible with our hardware and soft-
ware configurations. CUDA facilitated GPU acceleration for neural network training,
significantly reducing training times compared to CPU-only computations.

For the neural network experiments:

e GPU acceleration was enabled via PyTorch.
e Training and inference processes leveraged the high parallelism of GPUs.

e Memory management was carefully handled to accommodate the models within

the 11 GB VRAM limit of the RTX 2080 Ti.
For the N-Tuple network experiments:

e Implemented in C++ to maximize execution speed and efficiency.

e GPU acceleration was not utilized, as the computational demands were sufficiently

met by the CPU.

e Multithreading was employed where appropriate to leverage the multi-core CPU

architecture.

The hardware configuration was selected to balance computational efficiency with
resource availability, ensuring that experiments could be completed in a reasonable time-

frame without compromising the integrity of the results.

4.1.3 Common Experimental Settings

All neural network-based 2048 agents were trained using the same common experimental
settings to ensure a fair comparison between different models. The training framework
utilized a generator-trainer model based on prior work [72], implemented using the

PyTorch deep learning library. The common settings are as follows:
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e Multiprocessing: Training data generation was handled by four parallel pro-
cesses, each running gameplay using the latest neural network model. This ap-

proach accelerates data collection and improves the diversity of training samples.

e Jump Start: Initial game boards were allowed to contain tiles with values ex-
ceeding the standard starting tiles. This technique helps the agent experience a

wider range of game states during training.

e Restart: After the end of each game, gameplay was restarted from the midpoint of
the episode. This practice increases the number of training samples from different

game stages without requiring complete game simulations each time.

e Batch Size: The batch size for neural network training was set to 1024, balancing

memory efficiency and convergence speed.

e Optimizer: The Adam optimization algorithm [77] was employed for training,

with an initial learning rate of 0.001.

These common settings were chosen to enhance training efficiency and model per-

formance, following best practices established in previous studies.

4.2 Evaluation Methods

This section describes the methods used to evaluate the performance of each 2048 game
agent. The evaluation employs two primary search strategies—greedy search and ex-
pectimax search—to assess the agents’ decision-making capabilities and overall game
performance. Additionally, the section outlines the evaluation metrics used to quantify
performance and the statistical analysis methods employed to ensure the reliability of

the results.

4.2.1 Evaluation Strategies

To evaluate the performance of the 2048 game agents, we employ two distinct search
strategies: greedy search and expectimax search. These strategies provide insights into

both immediate and long-term decision-making capabilities of the agents.
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4.2.1.1 Greedy Search

Greedy search selects actions based solely on the highest predicted value from the neural
network without any lookahead. The agent evaluates the immediate reward and the
value of the resulting afterstate, choosing the action that maximizes the sum of these

two quantities. Mathematically, the action selection at time step t is defined as:

a; = arg max (R(St,a) +V(S})), (4.1)

where:

St is the current state,

e ¢ is a possible action,

e R(S;,a) is the immediate reward obtained by applying action a in state S,
e V(S]) is the estimated value of the afterstate S; resulting from action a.

This strategy focuses on maximizing immediate gains without considering future

consequences, providing a baseline measure of the agent’s performance.

4.2.1.2 Expectimax Search

Expectimax search incorporates lookahead by evaluating potential future states up to
a specified depth (ply). In our experiments, we utilize a 3-ply expectimax search. This
method considers not only the immediate action but also the expected outcomes of
subsequent actions, providing a more informed decision-making process that accounts
for long-term rewards. The expectimax algorithm recursively applies the action selection

and value estimation steps, as outlined in Algorithm 1.
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Algorithm 1: Evaluate Node at Specified Ply_number

Function Get_Value(node, ply_number):

0]

)

if ply_number == 0 :

return Network.predict(node)
Ise if node.is_end_state() :

return 0
Ise if node.is_state() :

return Max (Get_value(node.children|i], ply_-number) + reward|i])
Ise if node.is_afterstate() :

return Average (Get_value(node.children|i], ply_-number — 1) x Pl[i])

4.2.2 Evaluation Metrics

To objectively assess the performance of the agents, we focus on the following key met-

rics:

Average Game Score: This metric represents the mean score achieved by the
agent over a substantial number of game runs (e.g., 300 games) for each trained
model. Given that each model is trained with a different random seed, we obtain
four distinct average scores corresponding to the four seeds. The average game
score serves as a reliable measure of the agent’s overall performance and ability to

maximize points within the game.

95% Confidence Interval: This metric provides a statistical range within which
the true mean performance of the agent is expected to fall with 95% probability.
By computing the interval around the sample mean score (based on repeated runs
with different random seeds), we can assess the reliability and robustness of the
agent’s performance estimates. A narrower interval indicates more stable outcomes

across runs, while a wider interval reflects higher variability.

95% Confidence Interval and Standard Deviation across Seeds: This
metric provides a statistical range (95% CI) for the mean performance of the
agent and reports the standard deviation across different random seeds. Together,
they offer insights into both the statistical reliability and robustness of the agent’s

performance.
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These metrics provide a comprehensive understanding of the agents’ performance
by highlighting both their ability to achieve high scores and the consistency of these
achievements across different training initializations. Focusing on the average game
score and its variance allows for a clear comparison between the baseline model and
the proposed global embedding methods, ensuring that any observed improvements are

both significant and reliable.

4.2.3 Evaluation Procedure

To comprehensively evaluate the performance of the trained models, we implemented
a structured evaluation procedure that systematically assesses each checkpoint of the

models. The evaluation process is detailed as follows:

1. Checkpoint Selection: - For each trained model, checkpoints were selected at
every 10® actions during the training process. Given that each model was trained

for 2 x 10” actions, this resulted in 20 checkpoints per model.

2. Simulation Runs per Checkpoint: - For each selected checkpoint, the model
was evaluated using two search strategies: 1-ply greedy search and 3-ply expecti-

max search. - Specifically, for each checkpoint:

e 1-ply Greedy Search: Conducted 75 independent game simulations. In
each simulation, the agent selects actions based solely on the highest predicted

value from the neural network without any lookahead.

e 3-ply Expectimax Search: Conducted 50 independent game simulations.
In each simulation, the agent uses a 3-ply expectimax search strategy, which
considers potential future states up to three steps ahead to make more in-

formed decisions.

- This results in a total of 125 simulations per checkpoint (75 greedy + 50 expec-

timax).

3. Total Simulations: - With 20 checkpoints per model and 4 models (each trained

with a different random seed), the total number of simulations conducted is:

20 checkpoints/model x4 modelsx 125 simulations/checkpoint = 10,000 game simulations
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4. Performance Metrics Recording: - For each simulation run, the following

metrics were recorded:

e Average Greedy Game Score: The mean score achieved over the 75

greedy(1-ply) search runs.

e Average Expectimax Game Score: The mean score achieved over the 50

expectimax 3-ply search runs.

e 95% Confidence Interval and Standard Deviation across Seeds: The
95% confidence interval of the average scores, together with the standard devi-
ation across different random seeds, providing insight into both the statistical

reliability and the robustness of the agent’s performance.

Figure 4.1 depicts a comparison between the greedy and expectimax search strate-
gies. In each strategy, aside from the action reward, the chosen action “a” is determined
solely based on the network value of the specific “Afterstates”, as indicated by the blue

lines in the figure.

Greedy (1-ply)

Expectimax 2-ply

Expectimax 3-ply

Figure 4.1: Comparison of Greedy and Expectimax Search Strategies. The maximal
search depths are highlighted with blue lines, illustrating how actions are selected based
on the network’s valuation of afterstates.

4.3 Experimental Setup for Global Embedding Methods

In this section, we present the experimental evaluation of the proposed global embedding

methods aimed at enhancing the performance of the 2048 game agent. The global
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embedding methods implemented include BP-CNN, FC-CNN, CNN-CNN, and T-CNN,
each introducing distinct mechanisms to integrate global contextual information into the

baseline CNN22 model. The experimental setup for these methods is detailed below.

4.3.1 Overview

The primary goal of the global embedding methods is to enhance the neural network’s
ability to comprehend and utilize global contextual information alongside local feature

extraction. Each method achieves this through different architectural modifications:

e BP-CNN (Bypass CNN): Augments the input representation by adding posi-

tional information to the tile value encoding.

¢ FC-CNN (Fully Connected Embedding CNN): Introduces fully connected
layers to generate a global embedding vector, which is merged with the input before

convolutional layers.

¢ CNN-CNN (Convolutional Embedding CNN): Adds additional convolu-

tional layers dedicated to extracting global contextual features.

e T-CNN (Transformer Embedding CNN): Integrates a Transformer encoder

layer to capture complex global dependencies.

Each method was evaluated under the same common experimental settings to ensure
a fair comparison with the baseline CNN22 model. During gameplay, the agent selects
actions using a greedy strategy based on the estimated values from the network. The

action at time step t is chosen as:

ap = argmax (R(St,a) +V(S})), (4.2)

Sy is the current state, a is a possible action, R(St,a) is the immediate reward
obtained by applying action a in state S;, and V(S]) is the estimated value of the
afterstate S; resulting from action a.

The network is trained using the TD-afterstate learning method, where the value
function is updated based on the temporal difference between successive afterstates. The

update rule is:

V(S}) < R(St41,ae41) + V(Sit1), (4.3)
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R(Si+1,a141) is the reward obtained by applying action a;y; in state Spyi, and

V(S;,,) is the estimated value of the next afterstate.

4.3.2 Global Embedding Methods Implementation

In this subsection, we will show our experiment designing details for each method. Each
method will be trained with 4 different random seed. We will first train each method
for 5 x 10% actions and show the greedy average score for them. Then, we will train the

best method for 2 x 107 actions to futher show the performance.

4.3.2.1 BP-CNN (Bypass CNN)

Implementation Details BP-CNN augments the input tensor by concatenating
additional channels representing the x and y coordinates of each tile. Specifically, the
input tensor size is increased from 4 x 4 x 18 to 4 x 4 x 26. This augmentation provides
the network with explicit spatial context, enhancing its ability to recognize and utilize

spatial patterns critical for strategic decision-making.

Training Procedure The only modification was the augmented input tensor, ensur-

ing that the network could leverage positional information effectively.

4.3.2.2 FC-CNN (Fully Connected Embedding CNN)

Implementation Details FC-CNN introduces two fully connected layers to generate
a global embedding vector from the flattened input tensor. This global embedding is then
reshaped and concatenated with the original input before being fed into the convolutional
layers. This approach allows the network to capture and integrate comprehensive game

state information more effectively.

Training Procedure The addition of fully connected layers provided a robust mech-
anism for embedding global context, enhancing the network’s decision-making capabili-

ties.

4.3.2.3 CNN-CNN (Convolutional Embedding CNN)

Implementation Details CNN-CNN adds two additional convolutional layers dedi-
cated to extracting global contextual features. These layers process the augmented input

tensor and produce a global embedding that is incorporated into the main convolutional
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layers. This design enables the network to capture complex spatial dependencies and

global patterns across the game board.

Training Procedure The additional convolutional layers facilitated enhanced global

feature extraction, improving the agent’s strategic performance.

4.3.2.4 T-CNN (Transformer Embedding CNN)

Implementation Details T-CNN integrates a Transformer encoder layer to capture
global dependencies. The Transformer processes the enriched input sequence, leveraging
its self-attention mechanism to model complex relationships across the entire board. The
output embedding from the Transformer is then combined with the original input for

subsequent processing.

Training Procedure The inclusion of a Transformer layer enabled the network to ef-
fectively capture and utilize global contextual information, enhancing strategic decision-

making.

4.4 Experimental Setup for Refining Evaluation Functions

4.4.1 Overview

This section outlines the experimental design and procedures used to evaluate the en-
hanced training methods introduced in Section 3.2. We focus on assessing the perfor-
mance improvements of the 2-ply TD-afterstate method with various action selection
strategies and the TD-afterstate-full method. The valuation network utilized in these
experiments is the FC-CNN, identified as the best-performing network in the previous
experimental setup. Two training approaches were employed: training from scratch
and fine-tuning from pretrained checkpoints. This comprehensive evaluation ensures a

thorough understanding of the effectiveness and robustness of the proposed methods.

4.4.2 Training Approaches

To evaluate the effectiveness of the proposed enhanced methods, we adopted the follow-

ing two training approaches:

1. Training from Scratch: Models were initialized with random weights and trained

using the enhanced methods without any prior knowledge. This approach allows
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us to observe the initial learning capabilities and convergence behavior of the

methods.

2. Fine-Tuning from Pretrained Checkpoints: Models were initialized using
the parameters from the final checkpoint of the baseline FC-CNN + TD-afterstate
model trained over 2 x 10? actions. The models were then further trained using
the enhanced methods. This approach leverages previously learned representations
to accelerate training and improve performance while conserving computational

resources.

4.4.2.1 Purpose of Each Approach

Training from scratch was primarily conducted to demonstrate the initial performance
of the various enhanced methods, providing a baseline for how well the methods can
learn without any prior knowledge. Fine-tuning, on the other hand, represents the
final performance of these methods when leveraging the knowledge acquired from the
baseline model. This approach is crucial for achieving higher performance levels while
conserving computational resources. To obtain more accurate results, a larger number
of episodes were tested during the fine-tuning phase when evaluating the average scores

of the experimental outcomes.

4.4.3 Experimental Procedures
4.4.3.1 2-Ply TD-Afterstate Method Experiments

Initially, we focused on the 2-ply TD-afterstate method, experimenting with different
action selection strategies to determine the most effective approach. The following steps

were undertaken:

Training Process
e Training Duration: Each model was trained for 5 x 10® actions.

e Training Approaches: Both training from scratch and fine-tuning were applied

to each variant of the 2-ply TD-afterstate method.

e Checkpoint Intervals: Checkpoints were saved every 5 x 107 actions to monitor

training progress.
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Evaluation Procedure At each checkpoint, the following evaluations were con-

ducted:

e Training from Scratch:

— 1-Ply Greedy Search: Conducted 75 independent game simulations per
seed using 1-ply greedy search, totaling 300 simulations across the four ran-

dom seeds.

— 3-Ply Expectimax Search: Conducted 50 independent game simulations
per seed using 3-ply expectimax search, totaling 200 simulations across the

four random seeds.
e Fine-Tuning:

— 1-Ply Greedy Search: Conducted 75 independent game simulations per

seed, totaling 300 simulations.

— 3-Ply Expectimax Search: Conducted 50 independent game simulations

per seed, totaling 200 simulations.

These evaluations allowed us to compare the performance of different action se-
lection strategies within the 2-ply TD-afterstate method and to assess the benefits of

fine-tuning over training from scratch.

4.4.3.2 TD-Afterstate-Full Method Experiments

Following the 2-ply experiments, we extended our investigation to include the TD-
afterstate-full method. The experimental setup was similar to that of the 2-ply TD-

afterstate method.

Training Process
e Training Duration: Models were trained for 5 x 10® actions.
e Training Approaches: Both training from scratch and fine-tuning were applied.

e Checkpoint Intervals: Checkpoints were saved every 5 x 107 actions.
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Evaluation Procedure At each checkpoint, the following evaluations were con-

ducted:

e 1-Ply Greedy Search: Conducted 75 simulations per seed using 1-ply greedy

search, totaling 300 simulations.

¢ 3-Ply Expectimax Search: Conducted 50 simulations per seed using 3-ply ex-

pectimax search, totaling 200 simulations.

4.4.4 Action Selection Strategies in 2-Ply TD-Afterstate Method

In the 2-ply TD-afterstate method, we explore two types of action selection strategies:

1. Standard Action Selection: Following the traditional approach as described in
Equation 4.4, the action a; is chosen to maximize the immediate reward and the

estimated value of the resulting afterstate V'(Sj):

a; = arg HlélX[R(St, a) + V(S})]. (4.4)

This strategy maintains consistency with the baseline method and serves as a

control to ensure variable consistency across experiments.

2. Deep Value-Based Action Selection: To investigate whether actions selected
through deeper searches can enhance training effectiveness, we introduce an alter-

native action selection strategy based on the deep value DV (S}):

a; = arg méxx[R(St, a) + DV (S})]. (4.5)

This approach selects actions that are expected to yield the highest cumulative re-

ward over a deeper search horizon, potentially leading to more strategic gameplay.

By evaluating these strategies, we aim to determine which approach leads to better
performance in terms of average game score and consistency across different random
seeds. The Standard Action Selection serves as a baseline for comparison, while the Deep
Value-Based Action Selection explores the potential benefits of incorporating deeper

value estimations into the decision-making process.
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4.5 Experimental Setup for Reducing Value Gaps

4.5.1 Overview

This section presents the experimental design and procedures used to evaluate the en-
hanced training methods introduced in Section 3.3. Our focus is on reducing the value
gaps that arise in the TD-afterstate training method. For all experiments, we employ
the FC-CNN architecture, which was identified as the best-performing network in the
previous experimental setup. Both methods are trained in a refining stage, starting from

the best 1-ply score checkpoint obtained with TD-afterstate.

4.5.2 Experimental Procedures
4.5.2.1 TDA-all Method Experiments

To evaluate the effectiveness of the TDA-all method, we conducted a series of experi-
ments based on the refining setup described in the overview. The training started from
the best 1-ply checkpoint obtained with TD-afterstate, and the network was further op-
timized using the TDA-all updating method. During this stage, all possible afterstates
were updated at each step, allowing us to directly assess whether expanding updates

beyond the best afterstate can reduce the observed value gaps.

Training Process

e Initialization: The TDA-all agent was initialized from the checkpoint that achieved
the highest 1-ply score in the TD-afterstate training. This provides a strong base-

line for refining instead of starting from random initialization.

e Training Length: We trained the agent with four different random seeds. Each
run was trained for 3 x 10% actions. The relatively short training horizon was
chosen because preliminary experiments showed severe performance degradation,

so further training was not pursued.

e Checkpoint Recording: Each checkpoint was recorded every 0.5 x 10% actions

to monitor the training dynamics.

Evaluating Process



4.5 Experimental Setup for Reducing Value Gaps 75

e 1-Ply Greedy Search: Conducted 75 independent game simulations per seed
(300 in total). This provides a stable estimate of the agent’s performance at

different training stages.

e 1-Ply Value Check: Conducted 75 independent game simulations per seed (300
in total). For each game, we averaged the estimated values of all chosen afterstates.

This evaluation was only applied to the final checkpoint.

4.5.2.2 DDQN TDA-all Method Experiments

To evaluate the effectiveness of the DDQN TDA-all method, we conducted experiments
under the refining setup described in the overview. Similar to the TDA-all experiments,
the training started from the checkpoint that achieved the highest 1-ply score in the
TD-afterstate training. By incorporating the DDQN updating strategy, we aimed to
test whether the separation of action selection and action evaluation could mitigate the

overestimation issue observed in TDA-all and further reduce value gaps.

Training Process

e Initialization: The DDQN TDA-all agent was initialized from the checkpoint
that achieved the highest 1-ply score in the TD-afterstate training. This ensures

a strong baseline for refining rather than starting from random initialization.

e Training Length: We trained the agent with four different random seeds. Each
run was trained until the performance reached a plateau, with a total of 2.5 x 10°

actions.

e Checkpoint Recording: Each checkpoint was recorded every 5 x 107 actions to

monitor the training dynamics.

Evaluating Process

e 1-Ply Greedy Search: Conducted 75 independent game simulations per seed

(300 in total). This provides a stable estimate of the agent’s performance.

e Value Gap Analysis: At each checkpoint, we performed 100 independent game
simulations per seed (400 in total). For each game, we recorded the estimated
values of both 1-ply and 2-ply afterstates and computed their differences. This

analysis was designed to quantify the reduction of value gaps during training.
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4.5.2.3 DDQN TDA-all with TDA-full Experiments

To further investigate the effect of combining methods, we selected the checkpoint with
the best 1-ply score from DDQN TDA-all training and continued training it with the
TDA-full method. This setup allows us to evaluate whether refining with TDA-full can

further improve performance while observing the behavior of value estimation.

Training Process

e Initialization: The agent was initialized from the best 1-ply checkpoint obtained
during DDQN TDA-all training. This ensures that the refinement starts from a

stable and non-collapsed model.

e Training Length: We trained the agent with four different random seeds for a

total of 5 x 108 actions under the TDA-full method.

e Checkpoint Recording: Each checkpoint was recorded every 5 x 107 actions to

track the progress of the refinement process.

Evaluating Process

e 1-Ply Greedy Search: Conducted 75 independent game simulations per seed

(300 in total) to provide a stable estimate of the baseline greedy performance.

e 3-Ply Expectimax Search: Conducted 50 independent game simulations per

seed (200 in total) to measure deeper lookahead performance.

e Value Gap Analysis: At each checkpoint, 100 independent game simulations per
seed (400 in total) were run to record both 1-ply and 2-ply afterstate values. The
differences were calculated to assess whether refining with TDA-full reintroduced

value gaps.



Chapter 5

Results and Discussion

5.1 Overview

In this chapter, we present and analyze the experimental results obtained from our
proposed methods. The chapter is divided into two main sections. The first section
focuses on the Global Embedding methods, where we evaluate and compare the per-
formance of different neural network architectures, including CNN22, BP-CNN, CNN-
CNN, FC-CNN, and T-CNN. The second section discusses the results of the Generating
and Training with Accurate Data approach. We provide detailed analyses of the mod-
els’ performance, including average scores, standard deviations, and the probability of

achieving specific tile values during gameplay.

5.2 Experimental Results of Global Embedding Methods

5.2.1 Performance Metrics Overview

We use the average score to evaluate the performance of the different models. The mean
score indicates the average performance of the model, while the confidence interval

reflects the consistency of the results.

5.2.2 Performance under Greedy Search

In this subsection, we will first show the performance for each method under greedy
search. Figure 5.1 shows the greedy average score with 95% confidence interval. From
the figure, we can find that FC-CNN method can get the best average score in greedy

search.

T
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Figure 5.1: Score analysis of the each model using greedy (1-ply) search strategies.
5.2.3 Performance of FC-CNN

In this subsection, we will show the performance of our best method FC-CNN in longer

training. Figure 5.2 shows the average score with 95% confidence interval in both greedy

1-ply search and expectimax 3-ply search.

_____ FC-CNN (greedy) —— FC-CNN (expectimax)

700
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Training Actions x 10°

Figure 5.2: Score analysis of the FC-CNN model using 1-ply and 3-ply search strate-
gies.

Table 5.1 and Table 5.2 show the detailed performance for each method. FC-CNN
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can get the best greedy score 248,575 and the best expectimax 3-ply score 486, 999.
These result are much better than our baseline method CNN22 with greedy score 248, 575

and expectimax 3-ply score 486,999 shown in [72].

weight Mean+SD 1024 2048 4096 8192 16384 32768 65536
50 86823.07+£18572.84 | 90.3% 83.0% 69.3% 40.0% 4.3% 0.0% 0.0%
100 125491.494£9009.83 | 94.7% 90.3% 82.0% 60.0% 14.0% 0.0% 0.0%
150 128345.324+28493.11 | 96.7% 93.7% 81.0% 53.3% 17.7% 0.3% 0.0%
200 157907.614+28514.71 | 96.0% 93.0% 87.3% 72.0% 23.3% 0.7% 0.0%
250 173514.354+26340.22 | 99.0% 96.0% 90.7% 72.3% 31.0% 1.0% 0.0%
300 183497.93+32506.76 | 97.0% 93.3% 87.7% 71.7% 373% 1.7% 0.0%
350 161285.40+26119.77 | 98.0% 95.7% 89.3% 70.7% 25.0% 1.0% 0.0%
400 156054.714+65530.75 | 95.3% 88.0% 79.0% 61.0% 29.7% 0.3% 0.0%
450 162120.214+19199.14 | 96.0% 93.0% 83.7% 65.7% 30.3% 0.7% 0.0%
500 221931.61+29386.88 | 99.3% 98.3% 95.0% 79.3% 47.7% 4.3% 0.0%
600 179707.73465129.62 | 97.3% 92.0% 86.3% 66.7% 36.7% 2.0% 0.0%
700 200172.724+39080.43 | 96.7% 94.0% 87.0% 73.0% 39.3% 4.0% 0.0%
800 214001.59+21045.46 | 99.7% 97.0% 95.0% 78.3% 45.0% 3.0% 0.0%
900 212006.35+8004.90 | 98.7% 95.3% 90.7% 78.3% 45.7% 2.7% 0.0%
1000 | 231810.56+38304.73 | 99.0% 96.3% 92.7% 81.7% 50.3% 4.7% 0.0%
1100 222841.72+3699.94 | 98.0% 96.0% 89.7% 79.3% 46.7% 4.0% 0.0%
1200 | 208127.674+41174.76 | 97.7% 95.7% 89.7% 76.3% 41.3% 4.7% 0.0%
1300 | 243124.49437851.66 | 99.3% 98.0% 92.7% 81.3% 50.7% 8.3% 0.0%
1400 | 195821.964+42026.87 | 96.3% 94.0% 89.0% 70.7% 38.7% 4.7% 0.0%
1500 | 206400.494+20282.42 | 96.7% 94.0% 87.3% 76.0% 44.3% 3.3% 0.0%
1600 | 217994.054+33070.31 | 97.7% 95.7% 91.7% 81.7% 47.0% 3.0% 0.0%
1700 | 215019.60+41462.85 | 97.7% 93.0% 88.0% 77.0% 50.3% 3.0% 0.0%
1800 | 248575.164+34793.57 | 98.7% 98.0% 94.7% 84.3% 53.0% 7.3% 0.0%
1900 | 210382.09426520.70 | 98.7% 95.3% 91.7% 74.7% 453% 4.7% 0.0%
2000 | 197239.25+50388.74 | 94.7% 88.7% 82.7% 72.0% 41.3% 4.3% 0.0%

Table 5.1: Results for model: FC-CNN (1-ply)

5.3 Experimental Results of Refining Evaluation Function

5.3.1 Performance Metrics Overview

In this section, we present the experimental results of the methods that involve gener-
ating and training with accurate data. We evaluate the models using the mean score,
standard deviation, and the probabilities of achieving specific tile values (from 1024 to
65536). The experiments include both training from scratch and fine-tuning approaches.

The models are evaluated using 1-ply and 3-ply search strategies.
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weight Mean4SD 1024 2048 4096 8192 16384 32768 65536
50 286617.14+10275.26 | 100.0% 100.0% 99.5% 97.0% 74.5% 0.0% 0.0%
100 335564.30+£19813.77 | 100.0% 100.0% 99.5% 97.5% 83.5% 5.5% 0.0%
150 326683.70+£48264.32 | 100.0%  99.0% 98.5%  92.0% 77.5% 11.5% 0.0%
200 388799.30+14892.57 | 100.0% 100.0%  99.0% 97.0% 87.0% 22.5% 0.0%
250 397104.84+32657.22 | 100.0% 100.0% 100.0% 99.5% 86.0% 23.0% 0.0%
300 416435.86+60873.82 | 100.0% 100.0% 100.0% 99.0% 88.0% 28.5% 0.0%
350 402538.08+£15070.12 | 100.0% 100.0%  99.0% 98.0% 86.0% 25.5% 0.0%
400 420774.16+£53498.30 | 100.0% 100.0% 99.5% 97.5% 87.0% 30.5% 0.0%
450 437769.12+15237.99 | 100.0% 100.0%  99.5%  98.5% 94.5% 32.5% 0.0%
500 472487.68+42058.25 | 100.0% 100.0% 100.0% 99.0% 89.0% 42.0% 0.0%
600 421362.04+£74614.90 | 99.5% 99.0% 99.0% 97.0% 86.0% 29.5% 0.0%
700 449641.96+37013.16 | 100.0% 100.0% 99.0% 96.0% 90.0% 38.0% 0.0%
800 454086.24+48623.65 | 100.0% 100.0% 99.0% 95.5% 90.5% 37.0% 0.0%
900 486148.04+31601.77 | 100.0% 100.0% 100.0% 100.0% 92.0% 44.5% 0.0%
1000 | 472282.204+27315.72 | 100.0% 100.0% 100.0% 97.5% 91.5% 41.5% 0.0%
1100 | 448419.64429752.35 | 100.0% 100.0% 99.5% 98.5% 91.0% 33.5% 0.0%
1200 | 481938.564+43648.75 | 100.0% 100.0% 99.5% 99.5% 95.0% 38.5% 0.0%
1300 | 480347.904+43845.95 | 100.0% 99.5% 99.5% 99.5% 94.0% 44.0% 0.0%
1400 | 476390.62+30083.96 | 100.0% 100.0% 100.0% 98.0% 92.0% 43.0% 0.0%
1500 | 459019.004+32298.37 | 100.0% 100.0% 100.0% 98.5% 92.0% 39.0% 0.0%
1600 | 460838.564+-20029.32 | 100.0% 100.0% 99.0% 97.5% 87.0% 42.0% 0.0%
1700 | 486998.62+32749.12 | 100.0% 100.0% 100.0% 99.0% 92.5% 45.0% 0.0%
1800 | 463901.064+29105.80 | 100.0% 100.0% 100.0% 99.5% 90.0% 39.5% 0.0%
1900 | 462563.08429867.42 | 100.0% 99.5% 99.0% 98.5% 94.5% 40.0% 0.0%
2000 | 483897.14+52442.22 | 100.0% 100.0% 100.0% 97.5% 90.5% 46.5% 0.0%

Table 5.2: Results for model: FC-CNN (3-ply)

5.3.2 TDA-2ply Method Results
5.3.2.1 Training from Scratch

The TDA-2ply method is trained from scratch using the FC-CNN architecture. Fig-
ure 5.3 shows the score analysis of the model.
Table 5.3 and Table 5.4 presents the detailed results, including the mean score,

standard deviation, and the probabilities of achieving specific tile values.

weight Mean+SD 1024 2048 4096 8192 16384 32768 65536
50 100462.69+28126.65 | 97.7% 92.0% 76.3% 43.3% 9.0% 0.0% 0.0%
100 106668.524+14907.26 | 92.3% 86.3% 74.7% 49.0% 11.3% 0.0% 0.0%
150 154903.35+17435.69 | 95.3% 91.3% 80.7% 59.7% 27.7% 0.7% 0.0%
200 150043.534+32935.40 | 97.7% 92.7% 83.3% 59.3% 25.3% 1.0% 0.0%
250 170497.37+38388.89 | 96.3% 91.3% 84.7% 66.7% 35.3% 1.0% 0.0%
300 187928.634+25668.91 | 97.3% 95.3% 89.3% 75.3% 37.3% 1.3% 0.0%

Table 5.3: Results for model: TDA-2ply (1-ply)
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Figure 5.3: Score analysis of the 2-ply TD-afterstate model
search strategies.

using 1-ply and 3-ply

weight Mean=+SD 1024 2048 4096 8192 16384 32768 65536
50 291273.80+43955.81 | 100.0% 100.0% 99.0% 96.5% 72.0% 2.0% 0.0%
100 335165.30+£22569.69 | 100.0% 100.0% 98.5% 94.5% 78.5% 10.5% 0.0%
150 407278.20+25737.46 | 100.0% 100.0% 98.5% 98.0% 89.5% 25.5% 0.0%
200 397389.88+53147.95 | 99.5% 99.5% 99.0% 97.5% 88.0% 23.0% 0.0%
250 441442.40+30571.28 | 100.0% 100.0% 99.0% 97.0% 88.5% 35.5% 0.0%
300 443455.54+9278.81 | 100.0% 100.0% 99.5% 98.5% 88.5% 36.0% 0.0%

Table 5.4:

Results for model: TDA-2ply (3-ply)

5.3.2.2 Fine-Tuning Approach

We fine-tune the 2-ply TD-afterstate model based on a pre-trained FC-CNN model.

Figure 5.4 illustrates the score analysis after fine-tuning.

Table 5.5 and Table 5.6 provides the detailed results.

TDA-2ply with refining

method can reach 260,117.35 for highest 1-ply result and 512,997.56 for highest 3-ply

result
weight Mean+SD 1024 2048 4096 8192 16384 32768 65536
2050 208623.954+51020.76 | 96.7% 94.3% 91.7% 82.3% 43.0% 2.7% 0.0%
2100 204190.07+59732.97 | 97.3% 94.0% 89.0% 75.0% 42.0% 3.0% 0.0%
2150 224610.17427005.61 | 98.0% 95.0% 89.0% 76.3% 47.3% 7.0% 0.0%
2200 227819.08487315.50 | 98.0% 94.0% 87.7% 75.0% 50.0% 7.3% 0.0%
2250 260117.3549108.62 | 98.3% 97.7% 94.7% 87.3% 58.3% 8.0% 0.0%
2300 247929.75+31863.09 | 96.7% 93.7% 89.7% 82.3% 54.7% 7.3% 0.0%

Table 5.5: Results for model: TDA-2ply-refining (1-ply)
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Figure 5.4: Score analysis of the 2-ply TD-afterstate model with fine-tuning using
1-ply and 3-ply search strategies.

weight Mean+SD 1024 2048 4096 8192 16384 32768 65536
2050 483532.36+£25167.10 | 100.0% 100.0%  99.5% 99.5% 94.5% 43.5% 0.0%
2100 446309.40+£36122.90 | 100.0% 100.0% 100.0% 98.0% 90.0% 37.0% 0.0%
2150 512997.56+£45863.78 | 100.0% 100.0% 100.0% 99.5% 92.0% 50.5% 0.0%
2200 | 434916.444+113815.24 | 100.0% 99.5% 99.5% 98.5% 95.5% 32.0% 0.0%
2250 471591.20£18535.04 | 100.0% 100.0% 99.5% 98.5% 91.5% 41.5% 0.0%
2300 500981.80+43006.03 | 100.0% 100.0% 100.0% 99.5% 95.0% 47.5% 0.0%

Table 5.6: Results for model: TDA-2ply-refining (3-ply)

Table 5.7: The network value for afterstates

Network Value | Score (Greedy Search)
TDA-M-2ply | 3.92 x 10 2.41 x 103
TDA-2ply 1.75 x 103 2.60 x 10°

The fine-tuning approach significantly improves the model’s performance, achieving

higher mean scores and increased probabilities of reaching higher tile values.

5.3.2.3 Using moves with 2-ply search in TDA-2ply

In this part, we will show the result of TD-afterstate with moves after 2-ply search
(hereinafter TDA-M-2ply). Table 5.7 shows the average network value and the average

greedy search score.

From the table, we observed severe overestimation issues. With TD learning and its

variants, those evaluation values should match with the average score of the greedy play.
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However, the value after TDA-M-2ply was larger by several magnitude, with which we

confirmed the presence of significant overestimation issues.

Overestimation issues have been extensively studied in the field of reinforcement

learning as highlighted in [78] and [79]. Specifically, the issue was addressed in the

context of Atari games using Q-learning, where the Double Q-learning algorithm ef-

fectively mitigated the overestimation [80, 81], as detailed by [82]. The principles of

Double Q-learning might offer a potential solution to address the overestimation issues

observed with the TDA-M-2ply method, we let the application Double (Q-)learning and

its evaluation be our future work.

5.3.3 TD-Afterstate-Full Method Results

5.3.3.1 Training from Scratch

The TD-afterstate-full method extends the 2-ply TD-afterstate method by considering

the full afterstate. Figure 5.5 presents the score analysis.

700+

Score x 103

_____ TDA-full (greedy) = —— TDA-full (expectimax)

0 50 100 150 200
Training Actions x 10°

Figure 5.5: Score analysis of the TD-afterstate-full model using 1-ply and 3-ply search

strategies.

Table 5.8 and Table 5.9 show the detailed results for TDA-full with training from

scratch.
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weight Mean+SD 1024 2048 4096 8192 16384 32768 65536
50 119027.07+£16633.57 | 97.7% 93.7% 83.3% 56.3% 10.3% 0.0% 0.0%
100 175367.73+£38843.98 | 98.7% 96.7% 90.7% 74.0% 32.3% 0.3% 0.0%
150 209030.67+15512.43 | 99.0% 98.7% 95.0% 82.0% 45.3% 1.3% 0.0%
200 222132.874+29498.06 | 98.0% 96.7% 92.7% 78.3% 49.7% 4.0% 0.0%
250 238519.33+23813.62 | 99.3% 98.0% 94.0% 82.3% 54.0% 5.3% 0.0%
300 240896.08+21316.22 | 97.3% 94.7% 87.7% 78.3% 51.3% 9.0% 0.0%
Table 5.8: Results for model: TDA-full (1-ply)
weight Mean+SD 1024 2048 4096 8192 16384 32768 65536
50 283052.22+33620.02 | 100.0%  99.5%  98.0% 91.5% 69.0% 2.5% 0.0%
100 381856.68+46535.73 | 100.0% 100.0%  99.0% 96.5% 82.5% 21.5% 0.0%
150 419636.04+£25865.40 | 100.0% 100.0% 98.5% 97.0% 90.0% 27.5% 0.0%
200 443519.80+29741.82 | 100.0% 100.0% 100.0% 99.0% 91.5% 33.0% 0.0%
250 469744.76+39442.11 | 100.0% 100.0% 100.0% 99.5% 91.0% 40.5% 0.0%
300 454379.50£43679.72 | 100.0% 100.0% 99.5% 98.0% 90.5% 38.0% 0.0%

Table 5.9: Results for model: TDA-full (3-ply)

5.3.3.2 Fine-Tuning Approach

Fine-tuning the TD-afterstate-full model further enhances its performance. Figure 5.6

shows the score analysis after fine-tuning.
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Figure 5.6: Score analysis of the TD-afterstate-full model with fine-tuning using 1-ply
and 3-ply search strategies.

Table 5.10 and Table 5.11 provide the detailed results. With the refining method,
TDA-full can get the highest 1-ply result at 337,167.76 and the highest 3-ply result at
544, 596.52
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weight Mean+SD 1024 2048 4096 8192 16384 32768 65536
2050 | 268410.49+44396.64 | 97.0% 94.3% 93.3% 85.7% 59.7% 12.0% 0.0%
2100 | 302894.45+31924.79 | 98.7% 97.3% 93.7% 89.7% 71.0% 13.3% 0.0%
2150 | 325426.63+23418.75 | 99.7% 98.7% 96.7% 93.0% 74.3% 16.7% 0.0%
2200 | 289587.16+49703.17 | 97.0% 96.0% 92.3% 85.0% 64.7% 14.7% 0.0%
2250 | 337167.76+18231.69 | 100.0% 99.0% 96.7% 90.0% 74.3% 19.7% 0.0%
2300 | 308465.43+16558.97 | 99.0% 97.7% 96.3% 90.3% 68.0% 14.0% 0.0%

Table 5.10: Results for model: TDA-full-refining (1-ply)

weight Mean4SD 1024 2048 4096 8192 16384 32768 65536
2050 | 500123.64+£22378.11 | 100.0% 100.0% 99.5% 99.5% 96.5% 46.0% 0.0%
2100 | 522455.76+37688.23 | 100.0% 100.0% 99.5% 99.5% 95.0% 49.0% 0.0%
2150 | 505479.60+25383.85 | 100.0% 100.0% 100.0% 98.5% 95.0% 44.5% 0.0%
2200 |514478.80+18528.61 | 100.0% 100.0% 99.5% 99.0% 91.5% 49.5% 0.0%
2250 | 544596.52+34317.07 | 100.0% 100.0% 100.0% 99.0% 96.0% 58.5% 0.0%
2300 | 545302.60+£30462.35 | 100.0% 100.0% 100.0% 100.0% 97.5% 53.5% 0.0%

Table 5.11: Results for model: TDA-full-refining (3-ply)

The fine-tuned TD-afterstate-full model achieves the highest mean scores among all
models, demonstrating the effectiveness of generating and training with accurate data.
5.3.4 Comparison and Analysis of Method Performance

Figure 5.7 compares the mean scores of all methods from refining using 1-ply and 3-ply

search strategies.
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Figure 5.7: Comparison of mean scores for all methods using 1-ply and 3-ply search
strategies.
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The results show that the fine-tuned models consistently outperform the models
trained from scratch. The TDA-full method with fine-tuning achieves the best perfor-
mance, indicating that considering the full afterstate and leveraging pre-trained models

significantly enhances the learning process.

5.3.5 Summary

In this section, we presented the experimental results of the methods involving generating
and training with accurate data. The fine-tuning approaches demonstrate substantial
improvements over training from scratch. The TD-afterstate-full method with fine-
tuning achieves the highest mean scores and probabilities of reaching higher tile values,

confirming the effectiveness of our proposed methods.

5.4 Experimental Results of Reducing Value Gaps

5.4.1 Performance Metrics Overview

In this subsection, we present the experimental results of the methods that involve
reducing value gaps. We will show the average score performance and the average
afterstate 1py value and 2-ply value. The average score for models is evaluated using

1-ply and 3-ply search strategies.

5.4.2 TDA-all Method Results

The TDA-all method is trained from the best checkpoint of TD-afterstate baseline
method. Figure 5.8 shows the greedy search score with the 95% interval.

From the greedy search scores shown in Figure 5.8, it is evident that the TDA-all
method fails to converge and exhibits unstable performance throughout training. This
observation confirms that expanding the updates to all afterstates does not directly
translate into improved gameplay quality. Instead, the method quickly collapses due to
severe overestimation.

Table 5.12 shows this issue by comparing the average 1-ply afterstate values ob-
tained from 100 games at the end of training. While the baseline TD-afterstate method
produces a reasonable estimate of 1.58 x 10°, the TDA-all network value is 1.12 x 104,

This result shows that TDA-all severely overestimates the values of afterstates, leading
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Figure 5.8: Score analysis of the TDA-all method with fine-tuning using greedy 1-ply
search strategies.

to failed training outcomes and confirming the necessity of corrective strategies such as

DDQN TDA-all.

Table 5.12: The network value for afterstates

Network Value
TDA 1.58 x 10°
TDA-all 1.12 x 1014

5.4.3 DDQN TDA-all Method Results

The DDQN TDA-all method is trained from the best checkpoint of the TD-afterstate
baseline method. Figure 5.9 shows the greedy search score with the 95% confidence
interval.

From the greedy search scores shown in Figure 5.9, it is clear that DDQN TDA-all
avoids the training failure observed in TDA-all. Instead, the method shows a stable
performance, with scores gradually increasing during training and eventually reaching a
plateau. This demonstrates that separating action selection and evaluation provides a
more reliable basis for subsequent value analysis.

Figure 5.10 shows the differences between 2-ply and 1-ply values from afterstates of
different ranks. The curves correspond to the different ranked afterstates. As shown in

the figure, DDQN TDA-all successfully alleviates the value gap problem: the differences
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greedy 1-ply search strategies.

between 2-ply and 1-ply values remain relatively small and stable throughout training,

in contrast to the severe divergence observed in TDA-all.
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Figure 5.10: Value differences between 2-ply and 1-ply afterstates for different ranks
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under DDQN TDA-all training.

Figure 5.11 shows the 1-ply and 2-ply values of afterstates across different ranks

during DDQN TDA-all training. Compared with the baseline TD-afterstate method, we

find an initial increase in values at the early stage of training. As training progresses, the

values gradually decrease and become stabilize. Importantly, no severe overestimation

is observed in any rank, indicating that DDQN TDA-all successfully controls the value
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escalation problem that caused TDA-all to collapse. In addition, the figure shows a clear
rank-based trend: higher-ranked afterstates consistently exhibit lower overall values than

lower-ranked ones, while the gap between 1-ply and 2-ply curves remains small.
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Figure 5.11: 1-ply and 2-ply values of afterstates across different ranks under DDQN
TDA-all training.

5.4.4 DDQN TDA-all with TDA-full Method Results

To further examine the effectiveness of DDQN TDA-all, we selected the checkpoint
with the best 1-ply score obtained from DDQN TDA-all training and continued training
it under the TDA-full method. Figure 5.12, Table 5.13, and Table 5.14 present the
performance of this setup, evaluated with both 1-ply greedy search and 3-ply expectimax
search. The results show that the agent improves during training, achieving a maximum
score of 364,083.16 under 1-ply greedy search and 563,511.42 under 3-ply expectimax
search. These findings indicate that combining DDQN TDA-all with TDA-full can lead
to competitive gameplay performance across different search depths.

Figure 5.13 shows the differences between 2-ply and 1-ply values for afterstates of
different ranks when continuing training with TDA-full from the best DDQN TDA-all
checkpoint. While the previous results shown that the refined agent achieved higher
gameplay scores, this figure reveals that the value gaps increase again during TDA-
full training. In particular, the differences for higher-ranked afterstates (e.g., 3rd and

4th) grow substantially as training progresses, indicating that performance improvement
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Figure 5.12: Score analysis of DDQN TDA-all combined with TDA-full.

weight Mean+SD 1024

2048 4096 8192 16384 32768 65536

0 303499.24+21767.76 | 99.7%
50 295811.51+25603.30 | 99.3%
100 313761.40+38575.93 | 99.3%
150 298340.76+19677.31 | 98.7%
200 321576.51+6690.58 | 99.7%
250 325826.47+20722.84 | 99.0%
300 329643.47+14634.97 | 98.0%
350 361654.55+20111.14 | 99.3%
400 322033.374+29150.98 | 99.3%
450 364083.16+35717.59 | 100.0%
500 316883.52+26569.37 | 98.3%

99.0% 97.3% 92.3% 68.0% 12.0% 0.0%
98.0% 96.0% 87.7% 64.7% 14.3% 0.0%
98.3% 96.3% 87.0% 66.7% 17.0% 0.0%
97.3% 95.3% 87.3% 65.0% 14.0% 0.0%
99.0% 98.0% 92.0% 72.3% 16.0% 0.0%
98.3% 95.7% 89.0% 74.3% 16.0% 0.0%
97.7% 95.3% 89.7% 73.3% 19.0% 0.0%
98.0% 96.3% 92.3% 75.3% 26.7% 0.0%
98.0% 95.0% 88.3% 71.3% 18.3% 0.0%
99.7% 99.3% 94.7% T7.7% 23.3% 0.0%
96.3% 95.3% 89.0% 70.7% 16.3% 0.0%

Table 5.13: Results for model:

DDQN TDA-all with TDA-full (1-ply)

comes at the cost of reintroducing the value overestimation problem that DDQN TDA-all

initially mitigated.

5.5 Discussion

In this chapter, we have presented the experimental results of various models and meth-

ods applied to the game 2048. Our primary objective was to enhance the performance

of the models by incorporating global embedding techniques and generating accurate

training data. The results demonstrate that our approaches significantly improve the

models’ performance compared to the baseline.
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weight Mean4SD 1024 2048 4096 8192 16384 32768 65536
0 507264.26+7332.43 | 100.0% 100.0% 100.0% 99.5% 94.5% 49.0% 0.0%
50 529431.42+24315.57 | 100.0% 100.0% 99.0% 98.0% 93.5% 55.0% 0.0%
100 518683.22+30630.67 | 100.0% 100.0%  99.5%  99.0% 95.0% 49.5% 0.0%
150 522082.64+36717.67 | 99.5% 99.5% 99.5% 98.0% 94.0% 51.5% 0.0%
200 544052.58+28506.66 | 100.0% 100.0%  99.5% 99.5% 94.5% 55.5% 0.0%
250 544275.90+34773.35 | 100.0% 100.0% 100.0% 100.0% 96.0% 57.5% 0.0%
300 529597.56+£14647.45 | 100.0% 100.0% 99.5%  99.0% 94.5% 52.5% 0.0%
350 563511.42+61028.47 | 100.0% 100.0% 100.0% 100.0% 98.0% 58.5% 0.0%
400 546678.04+24302.39 | 100.0% 100.0% 100.0% 99.5% 97.5% 53.5% 0.0%
450 538387.74+35115.10 | 100.0% 100.0% 100.0% 100.0% 95.0% 53.0% 0.0%
500 547542.34+30202.20 | 100.0% 100.0% 100.0% 99.5% 95.0% 56.5% 0.0%

Table 5.14: Results for model: DDQN TDA-all with TDA-full (3-ply)

2-ply — 1-ply (ranked differences)

— 1st

2nd
— 3rd
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Figure 5.13: Value differences between 2-ply and 1-ply afterstates across different
ranks when refining DDQN TDA-all with TDA-full.

5.5.1 Effectiveness of Global Embedding Methods

The experimental results indicate that all global embedding methods outperform the
baseline CNN22 model. Specifically, models such as BP-CNN, CNN-CNN, FC-CNN
consistently achieve higher mean scores during gameplay. The incorporation of global
embeddings allows the models to capture more comprehensive features of the game state,
leading to better decision-making and strategy formulation.

The FC-CNN model, in particular, shows the most significant improvement over the
baseline with the best 1-ply score reaching 248,575.16 and the best 3-ply expectimax
score reaching 486,998.62. By combining fully connected layers with convolutional neural
networks, the model effectively learns complex patterns and representations of the game
state. This suggests that integrating different neural network architectures can enhance

the model’s ability to generalize and perform better in the game.
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5.5.2 Effectiveness of Refining Evaluation Function

Our experiments with the TD-afterstate-full and 2-ply TD-afterstate methods reveal that
both approaches achieve better results than the standard TD-afterstate method. The
fine-tuned TD-afterstate-full model attains the highest mean scores among all evaluated
models. This improvement can be attributed to the generation of accurate training data,
which provides the model with better quality information for learning.

By considering the full afterstate in the TDA-full method, the model gains a more
detailed understanding of the potential future game states resulting from its actions.
TDA-full method get the best performance with the best 1-ply score reaching 337,167.76
and the best 3-ply expectimax score reaching 545,302.60. This comprehensive perspec-
tive enables the model to make more informed decisions, leading to improved perfor-
mance. Additionally, fine-tuning the models using pre-trained networks further enhances
their capabilities, as it allows the models to leverage previously learned features and

adapt to new data more efficiently.

5.5.3 Effectiveness of Reducing Value Gaps

Our experiments with TDA-all and DDQN TDA-all reveal clear differences in their
ability to handle value estimation. While TDA-all attempts to address insufficient ex-
ploration by updating all possible afterstates, it suffers from severe overestimation and
ultimately fails to converge. In contrast, DDQN TDA-all effectively mitigates this prob-
lem by separating action selection and evaluation, resulting in more stable training curves
and controlled value estimates. Although DDQN TDA-all does not directly target score
maximization, its success in reducing value gaps provides a more reliable foundation for
subsequent refinement with methods such as TDA-full.

In addition, we further examined the effectiveness of combining DDQN TDA-all
with TDA-full refinement. Starting from the best checkpoint of DDQN TDA-all, the
model continued training under the TDA-full method. The results show that this combi-
nation achieves stable improvements in gameplay performance, with the best 1-ply score
reaching 364,083.16 and the best 3-ply expectimax score reaching 563,511.42. These
scores outperform the baseline TDA-all and are competitive with other refined mod-
els. However, value analysis also reveals that while TDA-full training enhances final
performance, it reintroduces value gaps again, especially for higher-ranked afterstates.

This indicates that DDQN TDA-all successfully provides a robust starting point, but
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Table 5.15: Highest Score

Author Network Training Method Searching Method [ score (x10°)
Antonoglou [83] AlphaZero Network AlphaZero Algorithm 24000 sims 5.66
1-ply 3.89
Guei [4] 2-stage 8x6-tuple network MS-OTD+TC 3-ply 5.28
6-ply + D 5.85
Matsuzaki [72] CNN22 TD-afterstate ;:g:z :1«‘,;3
1-ply 2.49
FC-CNN TD-afterstate 3-ply 487
. 1-ply 3.37

This work FC-CNN TD-afterstate + TDA-full

3-ply 5.45
FC.CNN TD-afterstate 1-ply 3.64
+ TDA-all (DDQN based) + TDA-full 3-ply 5.64

additional mechanisms are needed to fully balance both performance gains and stable

value estimation during further refinement.

5.5.4 Comparison with the related method

Table 5.15 compares our proposed methods with previously reported state-of-the-art
approaches. Among DNN-based 2048 players, AlphaZero [83] achieved the highest score
prior to this study, while Matsuzaki’s CNN22 model [72] remains the strongest open-
source DNN-based baseline and serves as a key reference point in our evaluation. In
contrast, Guei’s MS-OTD+TC method [4], built on large n-tuple networks, represents
the best-performing 2048 agent overall.

When comparing under the same search conditions, our methods demonstrate clear
advantages. Using FC-CNN with TD-afterstate, our model achieves higher 1-ply and
3-ply scores than the CNN22 baseline, showing the effectiveness of our training improve-
ments. Further refinement with TDA-full yields additional gains, surpassing Matsuzaki’s
results and approaching the performance of strong n-tuple agents. Finally, combining
DDQN-based TDA-all with TDA-full produces the best outcome among our models,
reaching a 3-ply score of 5.64 x 10°, which is competitive with Guei’s results and closes
the gap between DNN-based approaches and n-tuple methods. These results confirm
that reducing value gaps and refining evaluation functions significantly improve the ef-

fectiveness of DNN-based 2048 players.

5.6 Conclusion

In this study, we explored various techniques to improve the performance of neural

network models in playing the game 2048. Our approaches focused on these aspects:
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integrating global embedding methods, refining evaluation functions, and reducing value
gaps.

The experimental results demonstrate that all global embedding methods except
T-CNN significantly outperform the baseline CNN22 model. The enhanced models
effectively capture the global structure and patterns of the game state, leading to better
decision-making and higher scores. Among them, the FC-CNN model achieves the best
overall performance, indicating the effectiveness of combining fully connected layers with
convolutional neural networks.

Furthermore, the TDA-full and TDA-2ply methods show substantial improvements
over the standard TD-afterstate approach. By generating and training with refining
evaluation functions, these methods enable the models to make more informed decisions
based on a comprehensive understanding of potential future states. Fine-tuning these
models with pre-trained networks further enhances their performance, achieving the
highest mean scores in our experiments.

In addition, our investigation of TDA-all and its DDQN-based variant shows the
importance of addressing value estimation stability. While TDA-all attempts to reduce
value gaps by updating all possible afterstates, it suffers from severe overestimation and
quickly fails during training. By incorporating the DDQN principle of separating action
selection and evaluation, DDQN TDA-all effectively mitigates this issue, resulting in
stable convergence and controlled value estimates. When further refined with TDA-full,
the combined approach achieves competitive performance with the best n-tuple based
methods, narrowing the gap between DNN-based and traditional search-driven 2048
agents.

Overall, this work demonstrates that enhancing neural network architectures with
global embeddings, refining evaluation functions, and reducing value gaps are all crucial
for improving DNN-based 2048 players. Our best models not only surpass existing
DNN baselines but also approach the performance of state-of-the-art n-tuple methods.
These findings suggest that value stability and richer evaluation mechanisms are essential
directions for future research, and they provide a solid foundation for developing more

powerful deep reinforcement learning agents in 2048 and beyond.



Chapter 6

Conclusion and Future Work

6.1 Main Contributions

In this thesis, we have explored and developed advanced methodologies to enhance the
performance of neural network models in playing the game 2048. Our research focused
on three primary strategies: integrating global embedding techniques into the neural
network architecture, refining evaluation functions through advanced temporal difference
(TD) learning methods, and reducing value gaps by enhancing the exploration ability

of agents. The main contributions of this work are summarized as follows:

6.1.1 Integration of Global Embedding Techniques

We introduced novel global embedding methods to augment the baseline CNN22 neural
network model. By incorporating global contextual information alongside local feature
extraction, we enabled the neural network to make more informed and strategic decisions.

The key innovations and contributions in this area include:

e Bypass CNN (BP-CNN): We enhanced the input representation by concate-
nating positional information directly into the input layer. This allowed the net-
work to have explicit spatial context, improving its ability to recognize and utilize

spatial patterns critical for strategic decision-making in the game.

e Fully Connected Embedding CNN (FC-CNN): We integrated global contex-
tual information through dedicated fully connected layers. This method effectively
captured and embedded global patterns, providing the network with a holistic view
of the game state, leading to more accurate valuations of afterstates and improved
strategic decision-making.

95
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e Convolutional Embedding CNN (CNN-CNN): We introduced additional
convolutional layers dedicated to embedding global information. By leveraging
the inherent strengths of convolutional operations, CNN-CNN captured complex

spatial dependencies and global patterns across the entire board.

e Transformer Embedding CNN (T-CNN): We integrated a Transformer En-
coder layer to capture complex global dependencies across the entire board. Uti-
lizing the self-attention mechanism inherent in Transformers, T-CNN effectively

modeled long-range dependencies and global interactions between tiles.

These global embedding methods significantly outperformed the baseline CNN22
model, as demonstrated by our experimental results. By providing the convolutional lay-
ers with enriched feature representations that include both local and global perspectives
of the game state, our models achieved higher mean scores and increased probabilities

of reaching higher tile values during gameplay.

6.1.2 Refining Evaluation Functions

We addressed the limitations of traditional TD-afterstate methods by introducing ad-
vanced training methodologies designed to refine the evaluation functions. The key

contributions in this area include:

e Full-width TD-afterstate (TD-afterstate-full): We reduced variance in the
training data by considering all possible future states from a given afterstate. By
evaluating every possible next state, the agent obtained a more accurate estimate
of the value of the current afterstate, leading to more stable learning and improved

performance.

e TD-afterstate with 2-ply Search (2-ply TD-afterstate): We enhanced fore-
sight in decision-making by incorporating deeper search strategies into the training
process. By extending the search depth to two layers (plies), the agent accounted
for a broader range of future scenarios, improving its ability to plan ahead and

make more informed decisions.

e Fine-Tuning Approaches: We demonstrated that fine-tuning the advanced
models based on pre-trained networks further enhanced their performance. The
fine-tuned TD-afterstate-full model achieved the highest mean scores among all

evaluated models.
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These methods effectively addressed the high variance and shallow search issues
present in traditional TD learning approaches. By generating and training with more
precise and informative data, our models showed substantial improvements over the

standard TD-afterstate approach.

6.1.3 Reducing Value Gaps

We investigated the problem of value gaps, which arise from discrepancies between 1-
ply and 2-ply evaluations in the TD-afterstate framework. Traditional methods only
update the best afterstate, leaving other possible afterstates underexplored, which leads
to insufficient exploration and unstable value estimation. To address this challenge, we
designed novel approaches that enhance the exploration ability of agents and improve

the stability of training. The key contributions in this area include:

e All-updated TD-afterstate (TDA-all): We extended the TD-afterstate up-
date rule by updating all possible afterstates instead of only the best one. This
approach encouraged broader exploration and reduced the reliance on a single af-
terstate. However, we observed that TDA-all suffered from severe overestimation,

which limited its effectiveness.

e Double Deep Q-Network based All-updated TD-afterstate (DDQN TDA-
all): To overcome the overestimation problem of TDA-all, we introduced DDQN
TDA-all, which separates action selection and action evaluation using two neural
networks. This design mitigated overestimation, resulting in more stable training

and controlled value estimates.

e Combination with TDA-full Refinement: We further combined DDQN TDA-
all with TDA-full fine-tuning. This hybrid approach not only stabilized training
but also achieved competitive performance compared to state-of-the-art n-tuple
methods, with our best model (FC-CNN + DDQN TDA-all + TDA-full) reaching

a 3-ply score of 5.64 x 10°, significantly surpassing our baseline method.

These contributions show the importance of addressing insufficient exploration in
Deep RL agents for 2048. By reducing value gaps and mitigating overestimation, our
proposed methods enhanced both the stability and the ultimate performance of the

agents.



6.2 Research Limitations 98

6.2 Research Limitations

While our research has yielded promising results, there are certain limitations and factors
that may influence the outcomes. Recognizing these limitations is crucial for interpreting

the results accurately and for guiding future research efforts.

6.2.1 Computational Complexity

One of the primary limitations of our proposed methods, particularly the TD-afterstate-
full and 2-ply TD-afterstate methods, is the increased computational complexity. Eval-
uating all possible next states and their corresponding afterstates requires significantly
more computational resources and time. The combinatorial explosion of possible states,
especially in the TD-afterstate-full method, poses practical challenges for real-time im-

plementation and scalability.

6.2.2 Limited Exploration of Hyperparameters

Due to time and resource constraints, our experiments may not have exhaustively ex-
plored the entire hyperparameter space for the neural network models and training pro-
cedures. Parameters such as learning rates, network architectures, and training schedules
can significantly impact the performance of the models. There may exist configurations
that could further enhance the models’ performance, which were not discovered during

our experimentation.

6.2.3 Generalization to Other Games

While the methods developed have the potential to be applied to other games and
sequential decision-making tasks, our research was specifically focused on the 2048 game.
The effectiveness of global embedding techniques and advanced TD learning methods in
other domains remains to be validated. Factors unique to other games, such as different
state spaces, action complexities, and reward structures, may influence the applicability

and performance of our methods.

6.2.4 Randomness in the Game Environment

The inherent randomness in the 2048 game, due to the random placement of new tiles,
can still introduce variance in the results, despite our efforts to mitigate it through

advanced training methods. This randomness may affect the consistency of the models’
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performance across different game sessions and could influence the statistical significance

of the observed improvements.

6.2.5 Evaluation Metrics Limitations

Our evaluation primarily focused on metrics such as mean scores, standard deviations,
and the probabilities of reaching specific tile values. While these metrics provide valuable
insights into the models’ performance, they may not capture all aspects of strategic
gameplay, such as the efficiency of move sequences or adaptability to different game

situations.

6.3 Future Work Outlook

Building upon the findings and limitations of our research, several avenues for future
work can be pursued to further enhance the performance of neural network models in

the game 2048 and extend the applicability of our methods to other domains.

6.3.1 Optimization of Computational Efficiency

Addressing the computational complexity of the advanced TD learning methods is a

critical area for future research. Potential approaches include:

e Efficient Sampling Techniques: Instead of evaluating all possible next states,
smart sampling methods could be employed to approximate the expected values

with reduced computational overhead.

e Parallel Computing and Hardware Acceleration: Utilizing parallel process-
ing capabilities and hardware accelerators such as GPUs or TPUs can significantly

reduce computation time and enable the exploration of deeper search depths.

e Pruning Strategies: Implementing pruning techniques to eliminate less promis-
ing branches during the search process can help focus computational resources on

the most relevant states.

6.3.2 Exploration of Alternative Neural Network Architectures

Further research into different neural network architectures may yield performance im-

provements:
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e Deeper Networks: Investigating deeper convolutional networks or residual net-
works may enhance the models’ ability to capture complex patterns and depen-

dencies.

¢ Recurrent Neural Networks (RNNSs): Incorporating RNNs or Long Short-
Term Memory (LSTM) networks could help model temporal dependencies and

sequences of moves in the game.

e Graph Neural Networks (GNNs): Since the game board can be represented
as a graph, GNNs might effectively capture the relationships between tiles and

improve strategic planning.

6.3.3 Application to Other Games and Domains

Extending our methods to other games and sequential decision-making tasks is a promis-

ing direction:

e Testing on Different Games: Applying the global embedding techniques and
advanced TD learning methods to games with varying complexities, such as Go,

Chess, or other puzzle games, can validate the generality of our approaches.

e Real-World Decision-Making Tasks: Adapting the methods to real-world
problems, such as robotics, resource management, or traffic control, where se-
quential decision-making is crucial, could demonstrate the practical applicability

of our research.

6.3.4 Enhancement of Training Techniques

Improving the training procedures and exploring new techniques could further enhance

model performance:

e Curriculum Learning: Implementing curriculum learning strategies, where the
model is trained on tasks of increasing difficulty, may facilitate better learning and

generalization.

e Transfer Learning: Leveraging pre-trained models from related tasks or games

could provide a strong initialization and accelerate the learning process.
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¢ Reinforcement Learning Algorithms: Experimenting with other reinforce-
ment learning algorithms, such as Q-learning, policy gradients, or actor-critic

methods, might yield additional performance gains.

6.3.5 Incorporation of Advanced Search Strategies

Combining neural network models with advanced search strategies could enhance decision-

making:

e Monte Carlo Tree Search (MCTS): Integrating MCTS with the neural net-
work’s value estimations could improve the agent’s ability to plan ahead and ex-

plore more promising move sequences.

e Hybrid Approaches: Developing hybrid models that combine heuristic search
methods with learned value functions may balance computational efficiency with

strategic depth.

6.3.6 Robustness and Adaptability Studies

Investigating the robustness and adaptability of the models under varying conditions is

important:

e Adversarial Testing: Evaluating the models against adversarial strategies or

modified game rules can assess their adaptability and resilience.

e Uncertainty Modeling: Incorporating uncertainty estimation methods to quan-
tify the confidence of the model’s predictions may enhance decision-making under

uncertain conditions.

6.4 Closing Remarks

In conclusion, this thesis has made significant strides in enhancing neural network-
based agents for the game 2048 through the integration of global embedding techniques,
refining the evaluation functions, and reducing the value gaps. The proposed methods
have demonstrated substantial improvements over baseline models, contributing valuable
ideas to the fields of game artificial intelligence and machine learning.

While challenges remain, particularly regarding computational efficiency and gen-

eralizability, the research provides a foundation for future exploration. By addressing
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the identified limitations and pursuing the suggested future work directions, further ad-
vancements can be achieved, potentially extending the benefits of these methods to a
wide range of applications requiring strategic decision-making and planning.

The ongoing development and refinement of these techniques hold promise for ad-
vancing artificial intelligence capabilities, ultimately contributing to the creation of more

intelligent, adaptable, and efficient systems across various domains.
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