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Abstract 

This research project explores the application of Reinforcement Learning (RL) algorithms 

to the classic Pacman game. The objective is to develop a reinforcement learning agent 

capable of learning optimal strategies to navigate the game environment, avoid ghosts, and 

collect as many pellets as possible. By implementing and fine-tuning various reinforcement 

learning algorithms, including Q-learning and approximate Q-learning, the study aims to 

assess their performance in dynamic and unpredictable environments like Pacman. The 

results of this research will provide insights into the effectiveness of reinforcement learning 

in complex, real-time decision-making tasks, highlighting both its potential and limitations. 

Additionally, this project will contribute to the understanding of how RL can be adapted to 

similar problems in other domains, where autonomous agents must learn and act within 

intricate environments. 
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1.Introduction 

The Pacman game, a classic arcade title, has long served as a benchmark for artificial 

intelligence research. Its complex environment, requiring agents to balance exploration, 

exploitation, and risk management, makes it an ideal testbed for reinforcement learning 

algorithms. This research project explores the application of reinforcement learning to the 

Pacman game, aiming to develop an agent capable of learning optimal strategies to navigate 

the maze, avoid ghosts, and maximize its score. 

Reinforcement learning is a machine learning paradigm that enables agents to learn 

optimal policies through interaction with an environment. Unlike supervised learning, which 

relies on labeled data, reinforcement learning agents learn from experience by receiving 

rewards or penalties based on their actions. The goal of a reinforcement learning agent is to 

maximize its cumulative reward over time by selecting actions that lead to desirable 

outcomes. The aim of this research project is to contribute to the field of reinforcement 

learning by demonstrating its applicability to challenging game environments and providing 

insights into the development of intelligent agents capable of adapting to dynamic and 

uncertain situations. 

1.1. How to do this project 

In the context of Pacman, the agent's environment is the game board, and its actions are 

the movements it can make. The agent receives rewards for collecting pellets and penalties 

for being eaten by a ghost. By trial and error, the agent learns to associate actions with 

outcomes and develops a policy that guides its behavior. 
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Figure 1. Complex Pacman game snapshot [1] 

The reinforcement learning process involves three main components: the agent, the 

environment, and the reward function. The agent is the decision-maker that selects actions 

based on its current state and the observed rewards. The environment is the external world 

that the agent interacts with, providing feedback in the form of rewards and observations. The 

reward function defines the objective of the agent by specifying the value of different 

outcomes. 

The agent's learning process is iterative. It starts with an initial policy, which may be 

random or based on prior knowledge. The agent then interacts with the environment, taking 

actions and receiving rewards. It uses this experience to update its policy, making it more 

likely to choose actions that lead to higher rewards. This process continues until the agent 

converges to a near-optimal policy. 
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1.2. Why to do this project 

There are several compelling reasons to implement reinforcement learning in the Pacman 

game. Pacman is a well-established benchmark in the field of AI and game development. Its 

complex environment and dynamic gameplay make it an ideal platform for testing and 

evaluating reinforcement learning algorithms. By applying reinforcement learning to Pacman, 

researchers can assess the capabilities of different reinforcement learning techniques and 

compare their performance to traditional AI approaches. 

Pacman requires agents to make complex decisions in a dynamic and uncertain 

environment. By studying how reinforcement learning agents learn to navigate this 

environment, researchers can gain insights into the mechanisms of complex decision-making 

and explore the limitations of current reinforcement learning approaches. 

The skills and techniques developed through reinforcement learning in Pacman can be 

applied to a variety of real-world problems. For example, reinforcement learning agents can 

be used for autonomous navigation [2] and robotics [3]. The ability to learn from experience 

and adapt to changing environments is crucial for these applications. 

1.3. Expected outcomes 

The primary goal is to create a reinforcement learning agent that can consistently 

outperform baseline strategies in the Pacman game. This agent should be able to effectively 

navigate the maze, avoid ghosts, and collect as many pellets as possible. The agent should 

demonstrate a deep understanding of the game's dynamics, including the behavior of the 

ghosts, the optimal paths through the maze, and the trade-offs between risk and reward. 

The research will provide valuable insights into the strengths and limitations of different 

machine learning algorithms when applied to complex game environments. By analyzing the 

performance of the agent and comparing it to baseline strategies, we can identify which 

algorithms are best suited for tasks that require exploration, exploitation, and risk 

management. These insights can inform future research and applications of reinforcement 

learning in other domains. 

The findings of this research can also contribute to the development of more sophisticated 
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and engaging game AI. The reinforcement learning agent developed in this project could 

serve as a foundation for creating more challenging and dynamic game opponents. For 

example, the agent's ability to learn and adapt could be used to create opponents that can 

adjust their strategies based on the player's behavior, making the game more engaging and 

challenging. 

By exploring the application of reinforcement learning to Pacman, this research may lead 

to new theoretical developments in the field of reinforcement learning. For example, we may 

discover novel techniques for handling complex state spaces, continuous action spaces, or 

dynamic environments. These advancements could have broader implications for the 

development of RL algorithms and their application to real-world problems. 

2.Literature Review 

The application of reinforcement learning to the classic Pacman game has been a fruitful 

area of research, providing insights into the capabilities and limitations of reinforcement 

learning algorithms in complex, dynamic environments. 

2.1 Classic Q-learning 

Watkins & Dayan (1992) pioneered the use of Q-learning for reinforcement learning, 

laying the foundation for subsequent advancements. [4] Q-learning is a model-free 

reinforcement learning algorithm that learns a Q-function, which estimates the expected 

future reward for taking a particular action in a given state. By maximizing the Q-function, 

the agent can learn to select actions that lead to the highest cumulative reward over time. 

Watkins & Dayan's work demonstrated the effectiveness of Q-learning in various tasks, 

including the control of a pole-balancing system and the navigation of a maze. Their 

contributions have had a profound impact on the field of reinforcement learning and continue 

to be influential today. 

This paper presents and proves in detail a convergence theorem for Q-learning based on 

that outlined in Watkins (1989). This paper shows that Q-learning converges to the optimum 

action-values with probability 1 so long as all actions are repeatedly sampled in all states and 
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the action-values are represented discretely. 

2.2 Approximate Q-learning 

Approximate Q-learning is a technique used when the Q-value function becomes too 

large to store explicitly. This is often the case in complex environments with high-

dimensional state and action spaces. Several methods have been proposed to approximate the 

Q-value function. 

Function approximation is a technique used in machine learning and other fields to 

estimate a complex function using a simpler function. Tesauro, G. J. (1995) [5] used a neural 

network to approximate the Q-value function for a backgammon-playing agent. “TD-

Gammon is a neural network that is able to teach itself to play backgammon solely by playing 

against itself and learning from the results, based on the TD (𝛾) reinforcement learning 

algorithm (Sutton, 1988)” [6]. 

In 2015, a paper [7] published in the prestigious journal Nature made a significant 

breakthrough in the field of reinforcement learning. The authors developed a deep learning 

algorithm called Deep Q-Networks (DQN) that was able to learn to play a variety of Atari 

2600 games at a human-level performance. 

This was a major achievement because it demonstrated that deep reinforcement learning 

could be used to solve complex tasks that had previously been thought to be beyond the 

capabilities of artificial intelligence. The DQN algorithm was able to learn directly from raw 

pixel data, without any prior knowledge of the game's rules or dynamics. It was also able to 

generalize its knowledge to new games, even if they were very different from the ones it had 

trained on. 
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The success of the DQN algorithm has led to a surge of interest in deep reinforcement 

learning, and it is now being applied to a wide variety of tasks, such as robotics, autonomous 

driving, and natural language processing. 

“An important part of RL research is aimed at improving the performance during this 

learning phase [8]. One way in which this can be achieved is by introducing bias in the 

decision process of the agent while it is still taking some random decisions. Sutton et al. 

achieve this by introducing one or more predefined policies, called “options” that the agent 

can commit to for some time [9]. A novel algorithm is presented that learns options from 

demonstrations provided by agents familiar with the environment. The intuition is that 

options learned from experts are likely to produce a good bias for an RL agent learning phase. 

Other works on learning options from demonstration have recently been published: based on 

the frequency of sub-trajectories [10], change of abstractions [11], human interaction [12].” 

Most of the work in literature deal with Pong, Atari games in general. In 2018, The deep 

reinforcement learning community has made several independent improvements to the DQN 

algorithm. [13] A DQN architecture, Rainbow, has been introduced that incorporates several 

techniques to significantly improve performance. The Rainbow architecture builds upon the 

original DQN framework and combines Prioritized Experience Replay, Double Q-Learning, 

Dueling Network Architectures, Noisy Networks, and Multi-Step Learning. By combining 

these techniques, Rainbow achieves state-of-the-art performance on a variety of Atari 2600 

games. It demonstrates the power of deep RL and the importance of carefully engineering 

DQN architectures to improve performance. 

2.3 Q-learning in Pacman 

 Pacman has long been a popular testbed for artificial intelligence research, and Q-

learning has been a particularly effective approach for training agents to navigate its complex 

environment. In "Reinforcement Learning in Pacman" by Abeynaya Gnanasekaran, Jordi 

Feliu Faba, and Jing An [14], reinforcement learning approaches are utilized by the authors to 
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the Pacman game. The goal is to train a Pacman agent to perform optimally by avoiding 

ghosts, eating food, and maximizing its score. 

 The authors conducted experiments on various Pacman grid layouts, comparing the 

performance of Q-learning, approximate Q-learning, and DQN. As a result, the Q-learning 

performed well on small grids but struggled with larger layouts due to the curse of 

dimensionality. Approximate Q-learning improved performance by using hand-crafted 

features, but still faced limitations in representing complex state-action relationships. DQN 

significantly outperformed both Q-learning and approximate Q-learning, demonstrating its 

ability to learn effective policies in complex environments. 

 In their findings, DQN is a powerful approach for reinforcement learning in Pacman, 

capable of learning optimal or near-optimal policies. The choice of features in approximate 

Q-learning is crucial for its performance, but designing good features can be challenging. 

DQN's ability to automatically learn relevant features from raw game data is a key advantage. 

The authors also explored different hyperparameters and network architectures to 

optimize DQN's performance. They also considered the impact of experience replay and 

target networks, which are essential components of DQN. Overall, this paper provides a 

valuable contribution to the field of reinforcement learning by demonstrating the 

effectiveness of DQN in solving challenging problems like Pacman. 
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3.Methodology 

3.1. Game Framework 

For the experiments, an established python version of Pacman is used. The Pac-Man 

projects were developed for CS 188 at UC Berkeley, primarily by John DeNero and Dan 

Klein. [15]. They apply an array of AI techniques to playing Pac-Man. The project allows you 

to visualize the results of the techniques you implement. The Pacman project consists of 

several key components. It keeps track of the state of the game, as well as the states of 

Pacman and ghost agents, including configuration, speed, scared, etc. The agent can be 

controlled by keyboard. The output from the reinforcement learning algorithms can replace 

the keyboard entry for controlling the agent. 

There are several different layouts of the game board for different development 

requirements. 

3.2. Value Iteration 

 Value Iteration is a dynamic programming algorithm used to compute the optimal value 

function in a Markov Decision Process (MDP). It's a popular method for solving MDPs 

because it's relatively simple to implement and can be applied to a wide range of problems. 

The value iteration agent is an offline planner, not a reinforcement learning agent, and so the 

relevant training option is the number of iterations of value iteration it should run in its initial 

planning phase. Value iteration computes 𝑘-step estimates of the optimal values 𝑉𝑘. Below 

is the value iteration state update equation: 

𝑉𝑘+1(𝑠) ← max
𝑎

∑𝑇(𝑠, 𝑎, 𝑠′)[𝑅(𝑠, 𝑎, 𝑠′) + 𝛾𝑉𝑘(𝑠′)]

𝑠′

 

where: 

𝑉𝑘+1(𝑠) is the estimated value of state 𝑠 at iteration 𝑘 + 1. 

𝑉𝑘(𝑠′) is the value of the next state 𝑠′ at iteration 𝑘. 

max
𝑎

 denotes that we are selecting the action 𝑎 that maximizes the expected value. 

𝑇(𝑠, 𝑎, 𝑠′) is the probability of transitioning to state 𝑠′ from state 𝑠 after taking action 𝑎. 
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𝑅(𝑠, 𝑎, 𝑠′) is the immediate reward received after transitioning from state 𝑠 to state 𝑠′ via 

action 𝑎. 

𝛾 is the discount factor, which determines the importance of future rewards (where 0 ≤ 𝛾 ≤

1). 

The value iteration algorithm updates the value of each state based on the expected 

rewards of the possible future states. It uses the Bellman equation to find the value of the best 

possible action (policy) that can be taken from each state. This process is repeated until the 

value function converges, meaning the changes between iterations are smaller than a 

predefined threshold. The value iteration agent takes an MDP on construction and runs value 

iteration for the specified number of iterations before the constructor returns. 

The value iteration algorithm can be tested in a grid world. The grid world is designed as 

follows: 

 

Figure 2. Grid world 
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where the blue dot represents the agent, grey grid represents the wall, and girds with 1 and -1 

represent the exits with the respective reward. The goal for the value iteration is to generate a 

complete policy with expected reward through iterative training. The result is shown below, 

where the arrow in each grid represents the best policy: 

 

Figure 3. Grid world after 5 iterations 

 

Figure 4. Grid world after 100 iterations 
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3.3. Q-Learning 

The value iteration agent does not actually learn from experience. Rather, it iteratively 

uses the MDP model to compute a complete policy before starting to interact with the 

environment. And when it does interact with the environment, it simply follows the 

precomputed policy. In comparison, the Q-learning agent does very little on construction, but 

instead learns by trial and error from interactions with the environment through its 

movements. 

Q-learning is a popular model-free reinforcement learning algorithm used to learn the 

optimal action-selection policy for an agent interacting with an environment. It is designed to 

find the best action to take given the current state of the environment, aiming to maximize the 

total cumulative reward over time. 

In Q-learning, the core idea is to learn a function, 𝑄(𝑠, 𝑎), which estimates the expected 

utility (or value) of taking action 𝑎 in state 𝑠, and then following the optimal policy 

thereafter. The Q-value represents the quality of a particular action in a given state. State (𝑠) 

is the current situation or configuration in which the agent finds itself. Action (𝑎) is a possible 

move or decision the agent can make in state 𝑠. Reward (𝑟) is the immediate feedback 

received after taking an action 𝑎 in state 𝑠. Discount Factor (𝛾) is a value between 0 and 1 

that represents the importance of future rewards compared to immediate rewards. A discount 

factor closes to 1 means future rewards are considered almost as important as immediate 

ones. Learning Rate (𝛼) is a value between 0 and 1 that controls how much the new 

information overrides the old information. A high learning rate means the agent is more eager 

to learn from new experiences. 

The Q-learning algorithm works by iteratively updating the Q-values using the following 

update rule: 

𝑄(𝑠, 𝑎) ← 𝑄(𝑠, 𝑎) + 𝛼 [𝑅(𝑠, 𝑎) + 𝛾max
𝑎′

𝑄(𝑠′, 𝑎′) − 𝑄(𝑠, 𝑎)] 

Current Q-value 𝑄(𝑠, 𝑎) is the current estimate of the value of taking action 𝑎 in state 

𝑠. Immediate Reward 𝑅(𝑠, 𝑎) is the reward received after taking action 𝑎 in state 𝑠. Max 

Future Q-value max
𝑎′

𝑄(𝑠′, 𝑎′) is the highest Q-value for the next state 𝑠′ (after taking action 
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𝑎) over all possible actions 𝑎′. This term represents the agent's best estimate of future 

rewards starting from the next state. The term 𝑅(𝑠, 𝑎) + 𝛾max
𝑎′

𝑄(𝑠′, 𝑎′) − 𝑄(𝑠, 𝑎) is the 

Temporal Difference (TD) error, which measures the difference between the current Q-value 

and the estimated optimal future Q-value. The agent uses this difference to adjust its estimate. 

The Learning Rate 𝛼 determines how quickly the Q-value updates, balancing new 

information with old estimates. 

The process of Q-Learning proceeds as follow. First, the algorithm initializes an empty Q 

table that stores arbitrary Q-value for each state-action pair. Then the agent interacts with the 

environment by taking actions, observing the resulting state and reward. After each action, 

update the Q-value for the state-action pair using the update rule. The process of interacting 

and updating repeats over many episodes, with the agent continually improving its estimates 

of the Q-values. Once the Q-values converge, or stop changing significantly, the optimal 

policy can be derived by choosing the action with the highest Q-value in each state. 

The same grid used in value iteration test can also be utilized as a Q-Learning test with a 

small twist. Instead of generating a single expected reward in each grid, each state and action 

pair with their respective Q-value is stored and a complete Q-table is generated as the result 

of training. The result is shown below: 

 

Figure 5. Grid world after 100 episodes
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Figure 5. Grid world after 1000 episodes 

3.4 Epsilon Greedy 

Epsilon-greedy is a popular exploration-exploitation strategy used in reinforcement 

learning. It provides a balance between exploring new actions and exploiting known good 

actions. The challenge in reinforcement learning is to find the right balance between 

exploration and exploitation. If an agent only exploits, it may miss out on discovering better 

strategies. Conversely, if it only explores, it may not make the most of its current knowledge. 

By carefully selecting the epsilon parameter, the agent can effectively tradeoff between short-

term rewards and long-term exploration. 

The epsilon-greedy strategy introduces randomness into the action-selection process to 

maintain a balance between exploration and exploitation. The epsilon parameter controls the 

balance between exploration and exploitation. A higher epsilon value leads to more 

exploration, while a lower epsilon value leads to more exploitation. 

With probability 𝜀 (epsilon), randomly select an action from the available action space. 

This encourages exploration and helps the agent discover new, potentially rewarding actions. 

By randomly choosing actions, the agent can explore different parts of the state space and 

avoid getting stuck in local optima. With probability 1 − 𝜀, select the action that has the 
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highest estimated Q-value. This exploits the agent's current knowledge and focuses on 

maximizing reward. By choosing the best action, the agent can leverage its previous 

experiences and make more informed decisions. 

The difference between high epsilon value and low epsilon value is demonstrated as 

below: 

 

Figure 7. Grid world after 100 episodes 
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Figure 8. Grid world after 1000 episodes 

 

By visually comparing these two Q-tables, a conclusion can be made that a Q-learning 

agent explores more possibilities with higher epsilon value than with lower epsilon value. 

After 100 episodes of training with 𝜀 = 0.1, some of the Q-values in the table still remain as 

the initial value, where the Q-table acquired with 𝜀 = 0.9, all the Q-values are filled with 

expected reward for that specific state and action pair. 

An optional step can be taken to strike a balance between exploration and exploitation 

over time, decay the epsilon value gradually. This means that the agent explores more at the 

beginning of learning and gradually shifts towards exploitation as it gains more experience. 
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3.5 Approximate Q-Learning 

In traditional Q-learning, the agent maintains a Q-table that stores Q-values for every 

possible state-action pair. This approach works well for environments with small, discrete 

state and action spaces. However, in more complex environments with large or continuous 

spaces, the Q-table becomes too large to store or update efficiently. Approximate Q-learning 

addresses this issue by using function approximation to estimate the Q-values. 

Consider a linear function approximation: 

𝑄(𝑠, 𝑎) = ∑𝑓𝑖(s, 𝑎)𝑤𝑖

𝑛

𝑖=1

 

where each weight 𝑤𝑖 associated with a particular feature 𝑓𝑖(s, 𝑎). The weight vector is 

implemented as a dictionary mapping features to weight values. 

The weight vectors are updated similarly to the Q-values: 

𝑤𝑖 ← 𝑤𝑖 + 𝛼 ∙ 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 ∙ 𝑓𝑖(s, 𝑎) 

𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 = (𝑟 + 𝛾max
𝑎′

𝑄(𝑠′, 𝑎′)) − 𝑄(𝑠, 𝑎) 

where r is the experienced reward. The difference is also known as the temporal difference 

error. The learning rate 𝛼 is used to control how much the parameters are adjusted during 

each update. 

 The Approximate Q-Learning can effectively handle environments with vast state spaces, 

where traditional Q-learning would be impractical due to the memory requirements of storing 

a Q-table for every possible state-action pair. By generalizing from past experiences, the 

function approximator can estimate Q-values for new states that it has not encountered 

before, allowing the agent to adapt to changing environments and make informed decisions in 

novel situations. 

 Approximate Q-learning is also scalable to large-scale problems. By using function 

approximators, the agent can learn from a large amount of data and generalize to new 

situations. This makes approximate Q-learning suitable for real-world applications, such as 

robotics, autonomous driving, and game playing, where the environment is complex and 

constantly changing. 
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3.6 Deep Q-Learning 

Deep Q-Learning is an advancement from Approximate Q-learning algorithm. It is a 

cutting-edge reinforcement learning algorithm that combines the power of deep learning with 

the traditional Q-learning framework. By leveraging deep neural networks, Deep Q-Learning 

is capable of handling high-dimensional state spaces, making it particularly well-suited for 

complex tasks such as playing video games, controlling robots, and navigating challenging 

environments. 

One of the key advantages of Deep Q-Learning is its ability to generalize to unseen states. 

Unlike traditional Q-learning, which requires a separate Q-value for each possible state-

action pair, Deep Q-Learning can estimate Q-values for new states by leveraging the patterns 

and relationships learned from previous experiences. This generalization capability is 

essential for tasks with large or infinite state spaces, where it would be impractical to store a 

Q-value for every possible combination of state and action. 

Furthermore, Deep Q-Learning incorporates several techniques to improve its 

performance and stability. The use of experience replay helps to reduce correlation between 

consecutive samples, leading to more efficient learning. The target network, a separate neural 

network used to estimate the target Q-values, helps to reduce overestimation bias and 

improve convergence. These techniques, combined with the power of deep neural networks, 

make Deep Q-Learning a highly effective and versatile reinforcement learning algorithm. 

There are also challenges of Deep Q-Learning. Training deep neural networks can be 

computationally expensive, requiring significant processing power and large datasets. 

Hyperparameter tuning, like learning rates and network architectures, is another complex task 

for optimal performance. 
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4 Result 

In this section, we present and analyze the outcomes of applying reinforcement learning, 

specifically Q-learning and its approximate variants, to the game of Pacman. The results 

highlight the agent's learning process, performance improvements over time, and the 

effectiveness of different configurations and algorithms. The performance of the RL agent 

will be evaluated through extensive simulations. Metrics such as the average game score, and 

the agent's survival rate, learning curve, and ability to handle large state space will be used to 

assess the effectiveness of the RL approach. 

There are several different layouts used for the training and testing section: small grid, 

medium grid, small classic, medium classic, original classic. 

 

Figure 9. Small grid layout 

For the small grid layout, Q-learning agent and Approximate Q-learning agent are both 

tested and evaluated. The training process is set to 2000 episodes, and 50 games is simulated 

after training. Below is the result for the simulations: 

 

Figure 10. Simulation result on small grid layout 

The provided results demonstrate a clear improvement in performance when using 

Approximate Q-Learning compared to traditional Q-Learning on a small grid Pacman 

environment. Approximate Q-Learning significantly outperforms Q-Learning in terms of the 

average score. This indicates that the function approximator is able to generalize better and 

learn more effective policies. The feature extractor is a very simple approximator that adjusts 
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the feature based on the result of next Pacman movement: whether the movement will result 

an increase in the game score, and whether the movement will result in a termination of the 

game. 

Approximate Q-Learning achieves a 100% win rate, suggesting that it is able to 

consistently navigate the environment and avoid ghosts. In contrast, Q-Learning has a win 

rate of 90%, indicating that it may still struggle in certain scenarios or insufficient learning. 

The learning curves for Q-learning and Approximate Q-learning over 2000 training 

episodes are shown below: 

 

Figure 11. Learning curve of episodes completed vs. average rewards over all training 

 

Figure 12. Learning curve of episodes completed vs. average rewards over last 100 episodes 
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The provided figures show two learning curves representing the average rewards over all 

training and over the last 100 training episodes for Q-learning and Approximate Q-learning. 

Both Q-learning and Approximate Q-learning start with negative average rewards, 

indicating that the agents are initially making suboptimal decisions. This is expected, as both 

algorithms begin with random or arbitrary Q-values and need to explore the environment to 

learn effective strategies. As training progresses, both algorithms gradually improve their 

performance, with the average rewards increasing over time. This indicates that the agents are 

learning from their experiences and making more informed decisions. 

Approximate Q-learning consistently outperforms Q-learning in terms of average 

rewards. This suggests that the function approximator used in Approximate Q-learning is able 

to generalize better and learn more effective policies. The ability to generalize allows 

Approximate Q-learning to handle larger state spaces and learn from a wider range of 

experiences, leading to improved performance. 

Approximate Q-learning appears to converge more quickly than Q-learning. This could 

be due to the function approximator's ability to learn from a larger number of experiences and 

generalize to new situations. By leveraging the power of function approximation, 

Approximate Q-learning can identify patterns and relationships in the data more efficiently, 

leading to faster convergence to optimal policies. 

 

Figure 13. Medium grid layout 

The next experiment runs the Q-learning agent and Approximate Q-learning agent with 

different feature extractors against the medium grid layout. The identity extractor assigns a 

single feature to every state and action pair  
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The following table shows the result of running Q-learning agent and Approximate Q-

learning agent with different feature extractors against the medium grid layout: 

 

Figure 14. Simulation result on medium grid layout 

From the table above, it is indicated that both the Q-Larning agent fails to learn from the 

training effectively on the medium grid layout. The failure of Q-learning agent could be 

attributed to several factors. Medium grid layouts are generally more complex than small 

grids, featuring larger mazes, more intricate pathways, and a greater number of potential 

obstacles. This increased complexity can lead to a larger state space, making it more difficult 

for the agent to explore and learn effective strategies. 

As the state space grows larger, the Q-table can become prohibitively large, leading to 

computational challenges and potential convergence issues. In the context of Pacman, the 

state space is defined by the agent's position, the positions of the ghosts, the distances to 

pellets, and other relevant factors. As the maze size increases, the number of possible states 

grows exponentially, making it difficult for the agent to store and update Q-values for all of 

them. 

The Pacman environment is non-stationary, meaning that the dynamics of the 

environment can change over time. This is due to the behavior of the ghosts, which can move 

randomly or pursue the agent. The non-stationary nature of the environment can make it 

difficult for the agent to learn a fixed policy that is optimal in all situations. 

The Pacman game often involves intermittent rewards, meaning that the agent may not 

receive a reward for every action. This can make it challenging for the agent to learn the 

long-term consequences of its actions and develop effective strategies. 

With an appropriate custom feature extractor, the Approximate Q-learning agent can learn 

to win with ease with only 200 training episodes. This extractor is designed for a simple 

reflex Pacman. First, it extracts the grid of food and wall locations and get the ghost 

locations. It then computes the location of Pacman after he takes the action and counts the 

number of ghosts 1-step away. The feature depends on several parameters: whether food will 

be eaten, how far away the next food is, whether a ghost collision is imminent, and whether a 
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ghost is one step away. 

 

Figure 14. Small classic layout 

 

Figure 15. Medium classic layout 

 

Figure 16. Original classic layout 
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The following table is the result of running Approximate Q-learning agent against small 

classic, medium classic, and original classic layouts of the Pacman game. 

 

Figure 17. Simulation result on small, medium, and original classic layouts 

The provided results demonstrate a clear deterioration in performance when using 

Approximate Q-Learning on different Pacman layouts. While the win rate decreases slightly 

as the layout becomes more complex, it remains relatively high, demonstrating the agent's 

ability to navigate and avoid ghosts effectively in a variety of environments. The decrease in 

win rate can be attributed to the increased difficulty of the larger layouts, which require more 

sophisticated strategies and a greater understanding of the game's dynamics. However, the 

fact that the agent is still able to achieve high win rates on these layouts highlights the 

effectiveness of Approximate Q-Learning in handling complex reinforcement learning 

problems. 

 

Figure 18. Learning curve of episodes completed vs. average rewards over all training 

The provided image shows three learning curves representing the average rewards over 

all training episodes for Approximate Q-Learning on three different Pacman layouts: small 

classic, medium classic, and original classic. 

All three layouts start with negative average rewards, indicating that the agent is initially 

making suboptimal decisions. As training progresses, all three layouts demonstrate a gradual 
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increase in average rewards, suggesting that the agent is learning from its experiences and 

making more informed decisions. The agent is able to adapt its behavior based on the 

feedback it receives from the environment, refining its strategies and improving its 

performance over time. This learning process is essential for mastering the Pacman game and 

achieving high scores. 

The original classic layout consistently achieves the highest average rewards, followed by 

medium classic and small classic. This indicates that the agent finds the original classic 

layout to be the most challenging, requiring more sophisticated strategies to navigate and 

collect pellets effectively. The original classic layout features a larger maze with more 

intricate pathways, more numerous ghosts, and a denser distribution of pellets. This increased 

complexity presents a greater challenge for the agent, requiring it to develop more advanced 

strategies to avoid ghosts, find efficient paths, and maximize its rewards. In contrast, the 

small classic layout is relatively simple, with a smaller maze and fewer obstacles. This makes 

it easier for the agent to learn effective strategies and achieve high scores. The medium 

classic layout falls somewhere in between, offering a moderate level of challenge that 

requires the agent to balance exploration and exploitation more carefully. 

All three layouts appear to have converged to a relatively stable average reward level. 

This suggests that the agent has learned effective policies for each layout and is no longer 

making significant improvements. However, it is possible that the agent could continue to 

make incremental improvements with additional training, especially if the environment is 

non-stationary or if there are hidden rewards or obstacles that the agent has not yet 

discovered. 
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5 Evaluation 

5.1 Conclusion 

The provided data demonstrates that Approximate Q-Learning is a promising approach 

for solving Pacman and other complex reinforcement learning problems. There are some 

conclusions that can be drawn from the result analysis. 

First is the effectiveness of Approximate Q-Learning over traditional Q-learning. 

Approximate Q-Learning consistently outperforms traditional Q-Learning in terms of average 

score and win rate, even on the most challenging layouts. This indicates that the function 

approximator used in Approximate Q-Learning is able to generalize better and learn more 

effective policies, allowing the agent to navigate complex environments and make informed 

decisions. 

The ability of Approximate Q-Learning to handle high-dimensional state spaces and learn 

from large amounts of data is particularly impressive. This makes it well-suited for real-world 

applications where the environment is complex and constantly changing. 

Second is the impact of the layout complexity. The complexity of the layout has a 

significant impact on the agent's performance. Larger and more complex layouts require more 

sophisticated strategies and a deeper understanding of the game's dynamics. Approximate Q-

Learning is able to adapt to different layout complexities, demonstrating its versatility and 

generalizability. However, the agent's performance may still be limited by the complexity of 

the environment and the available training data. 

The third and most important conclusion is that the feature extraction function is crucial 

to the success of Approximate Q-Learning. Feature extraction plays a crucial role in 

approximate Q-learning, as it determines the information that the function approximator can 

use to estimate Q-values. By selecting informative features, the agent can learn more 

effective policies and generalize better to unseen states. 

Well-crafted features can help the agent generalize to unseen states and situations. By 

capturing relevant information about the environment, the function approximator can learn 

patterns and relationships that are applicable to a wider range of scenarios. Feature extraction 
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can reduce the dimensionality of the state space, making it easier for the function 

approximator to learn and generalize. This can also help to alleviate the curse of 

dimensionality, which can be a significant challenge in large state spaces. Informative 

features can help the agent learn more efficiently by providing relevant cues about the 

environment. By focusing on the most important information, the agent can avoid wasting 

time on irrelevant details and converge to optimal policies more quickly. Well-chosen 

features can make it easier to understand and interpret the agent's behavior. By examining the 

features that the agent is using, we can gain insights into its decision-making process and 

identify potential areas for improvement. 

There are also some challenges in feature extraction. Hand-crafting features can be a 

time-consuming and labor-intensive process, especially for complex environments. It requires 

domain expertise to identify relevant features and understand how they interact with each 

other. Additionally, manual engineering can be prone to human error and may not capture all 

relevant information. 

Determining which features are most relevant to the task can be challenging, especially 

when the state space is high-dimensional and the relationships between features are complex. 

Feature selection algorithms can help to identify the most informative features, but they may 

not always be able to capture all relevant information. Features may interact with each other 

in complex ways, making it difficult to represent their relationships accurately. For example, 

the combination of two features may be more informative than either feature alone. This can 

make it challenging to design effective feature extraction techniques that capture these 

interactions. 

Real-world environments, also in the Pacman project, are often noisy and uncertain, 

which can make it difficult to extract meaningful features from raw data. Noise can introduce 

errors into feature extraction, leading to suboptimal performance. Additionally, uncertainty 

about the environment can make it difficult to determine which features are truly relevant and 

which are irrelevant. 

By carefully selecting and engineering features, the performance of Approximate Q-

Learning agent can be significantly improved and enable it to learn more effective policies in 



31 

 

complex environments. 

Overall, the results suggest that Approximate Q-Learning is a powerful and effective 

reinforcement learning algorithm that can be applied to a wide range of challenging tasks. By 

carefully selecting features, tuning hyperparameters, and considering the specific 

characteristics of the environment, it is possible to achieve impressive results with 

Approximate Q-Learning. 

5.2 Fulfill objectives and aim 

 There are three objectives at the beginning of the project. First, successfully completing 

the project by implementing a reinforcement learning agent that is able to play the Pacman 

game with some basic layouts. At the end of the project, a functional Approximate Q-

Learning agent is implemented and tested against the Pacman game with original classic 

layout. With an approximate 78% overall win rate after a 200 episodes training, I would say 

this objective is successfully accomplished. 

 The second objective is to find reasons to do this project. The Pacman project provides a 

practical and engaging platform to apply reinforcement learning concepts and algorithms to a 

real-world problem. By implementing and experimenting with different techniques, I gained 

a deeper understanding of how reinforcement learning works and its limitations. It offers a 

solid foundation in core reinforcement learning concepts.  

The third objective is to learn something and provide valuable insights into the strengths 

and limitations of different machine learning algorithms when applied to complex game 

environments. Through this project, I gained a solid understanding of the core concepts of 

reinforcement learning. I learned how to formulate a problem as a Markov Decision Process 

(MDP), identify the key components of an MDP, and apply reinforcement learning algorithms 
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to solve it. I also developed a strong intuition for the trade-off between exploration and 

exploitation, and how to balance these two competing objectives. 

 I gained practical experience with Q-learning and Deep Q-Learning, two fundamental 

reinforcement learning algorithms. I learned how to implement these algorithms from scratch, 

tune hyperparameters, and evaluate their performance. I also explored the advantages and 

limitations of each algorithm and understood when to use one over the other. 

I learned the importance of feature engineering in reinforcement learning, especially 

when dealing with high-dimensional state spaces. I explored different feature extraction 

techniques and their impact on the agent's performance. I also learned how to evaluate the 

quality of features and select the most informative ones for the task at hand. 

The aim of this research project is to contribute to the field of reinforcement learning by 

demonstrating its applicability to challenging game environments and providing insights into 

the development of intelligent agents capable of adapting to dynamic and uncertain 

situations. I believe the implementation codes and the statistic results would definitely 

contribute to the field of reinforcement learning. Throughout the project, it has been proven 

that Q-learning algorithm and its variations are effective methods to tackle complex game 

environment problems. 

5.3 Improvement 

 There are several improvements can be made for this project. First and foremost, this 

project does not implement the Deep Q-Learning algorithm. There is code implementation 

for the Deep Q-Learning agent. However, it has been discovered that this Deep Q-Learning 
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agent takes much longer time than other Q-Learning algorithms. It requires more than 6000 

episodes of training, with each training episode takes about 30 times longer than traditional 

Q-Learning agents. Overall, it takes about 100 times longer to train the Deep Q-Learning 

agent. This is because training deep neural networks can be computationally expensive, 

especially for large models and complex environments. This is due to the large number of 

parameters that need to be updated during training, as well as the need to perform 

backpropagation to calculate gradients. In addition, even the Deep Q-Learning agent is 

thoroughly trained to its maximum capacity, the trained agent fails most of the time at simple 

layouts like small grid. The reason behind it could be that the agent is poorly designed, or the 

code implementation is off from the design. 

 Another improvement can be made is the feature extraction function. The goal of feature 

extraction is to identify the most relevant information from the raw state representation and 

transform it into a more compact and informative representation that can be used by the 

learning agent. However, designing effective feature extractors can be challenging. In the 

experiments conducted with Approximate Q-Learning agent against classic Pacman layouts, 

the win rate is unstable across different runs, and the average win rate is below 90% for 

complex environment. Selecting the most relevant features from a large set of potential 

features can be challenging. Thus, more experiments should be conducted with the goal of 

selecting the most suitable features for this particular Pacman environment. 

5.4 Overall 

Overall, the Pacman project was a valuable learning experience. It provided me with a 
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hands-on introduction to reinforcement learning and helped me develop a strong foundation 

in this field. The result is somewhat close to my expectations at the beginning of the project. 

If I were to do it again, I would focus on studying more about the methodologies of previous 

studies on reinforcement learning. With a solid understanding of different variations of Q-

Learning, I would be able to design and implement generally better agent with more cutting-

edge techniques. On the other hand, exploring new aspects of existing algorithms is also 

important. I should also focus on improving the preexisting reinforcement learning algorithm. 
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6 Conclusion 

This research project has explored the application of reinforcement learning algorithms to 

the classic Pacman game. By developing and evaluating reinforcement learning agents, I have 

gained valuable insights into the capabilities and limitations of reinforcement learning in 

complex, dynamic environments. The experiments demonstrated the effectiveness of 

Approximate Q-Learning in solving the Pacman game. The choice of feature extractor 

significantly influenced the agent's performance. The complexity of the layout had a 

noticeable impact on the agent's performance. And the results highlight the potential of 

reinforcement learning for solving challenging AI problems. The Deep Q-Learning algorithm 

is a comparatively new method compared to traditional Q-Learning algorithms. Therefore, it 

is worth exploring the field of deep reinforcing learning, demonstrates its potential and 

impact on the applications to real-world problems. 
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