Playing the Snake Game with Reinforcement Learning
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Abstract

When it is necessary to make several decisions to solve a problem, reinforcement learning works
well. In this project, we demonstrate the outcomes of playing with snakes using a Deep Q-Network
(DQN). Unfortunately, DQN has a tendency to overfit, which results in a deterioration in terms
of scores that are subpar after numerous training sessions. To solve this issue, we enhanced the
reward setting and provided the snake with more information about its surroundings in order to
raise our score and prevent some overfitting issues. Also, we went through the differences between
DQN and conventional evolutionary algorithms as well as possible avenues for DQN optimization.
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1 Introduction

Blockade, a traditional arcade game also known as Snake, was published on the Gremlin platform
in 1976. It was first only made available on consoles such as the Atari 2600. The game didn’t start
to become popular around the world until the turn of the twenty-first century, with the release of the
Nokia mobile phone. The main objective of the game is to get as many "apples" as possible within
the given range of the board, thus achieving a higher score. However, as the score increases, the snake’s
body gets longer, and the board gives it less room to move around, making it increasingly difficult. As
shown in Figure 1.

We have summarized the basic rules of this game based on previous research (Brown, de Araujo,
& Grichshenko, 2021):

1. The AI can only change the direction of the snake’s movement: up, down, left, or right.

2. The snake always moves forward and increases in length by one frame (i.e., one pixel) after eating
an apple.

3. If the snake hits its own body or the border of the board, the game ends.

4. The position of the apples on the board is random, and there is only one apple present at any
one time.
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As shown in the picture and the rules, there are typically two dangerous phases when playing the
Snake game: the first happens early on when the snake’s body is short and moves slowly, which can
cause distractions for the human player and result in the snake’s death; the second happens later
when the human’s fingers start to get a little tired and need a break. Then the snake hits its own
body, which results in an abrupt end to the game. We wanted to employ Al training to solve these
issues because the Al wouldn’t become worn out or make mistakes as a result of emotional ups and
downs.

In order to realize our goal, we chose a reinforcement learning method. In recent years, initiatives
such as Go (for instance, AlphaGo) (Silver et al., 2017) have successfully incorporated reinforcement
learning. Thus, we tried to adapt this strategy to the snake game. The Al is taught to complete the
snake game with a higher score in less time via reinforcement learning. This is one of our group’s
objectives for the project.

In the Introduction, we outline the fundamental guidelines for the snake game, the cause of the
issue that led to this project, and the general approach to finding a solution (a reinforcement learning
algorithm). The contributions and accomplishments of our forebears in related domains are presented
and summarised in the Background section. Also, we offer a thorough explanation of the fundamental
concepts underlying the algorithms we have chosen in the Methods section. After that, we display
typical snake scores obtained by our trained AI in the Results section and give a visual representation
of our project’s outcomes. Lastly, we summarize our contribution to reinforcement learning in video
games and provide future directions in the Conclusions & Future Directions section.

Figure 1: The Snake Game Demo: The gray pixel is the head of the snake. The green pixels are
the body of the snake. The red pixel is the "apple". And the number of pixels added to the snake’s
body is indicated by the scores (The figure does not display the scores).

2 Background

In this section, we discuss related work in the field and provide a chronological summary of the
contributions.

As shown in Figure 2(a), since DQN on the Atari 2600 platform was utilized by the DeepMind
team to reach levels higher than those of human players (Mnih et al., 2013)(Mnih et al., 2015), there
has been some development in the study of RL (reinforcement learning) algorithms for use in video
games. One of them, Kevin, used DQN to successfully play Flappy Bird in 2(b). However, he also
made note of the fact that as the quantity of training sessions rose, overfitting began to take place,
which led to the AD’s playing score gradually declining after a number of training sessions (Chen, 2015).
This also occurred in our present project, where the snake’s final length (score) began to decline after
numerous training sessions and turned into the main challenge to be overcome.

In 2017, world champion Ke Jie was defeated by DeepMind’s AlphaGO Master (Chouard, 2016),
which generated a lot of curiosity in the community and served as the impetus for our team’s interest



in artificial intelligence. Since then, teams from DeepMind and OpenAl have successfully used the RL
algorithm on Starcraft 2 and Dota 2, respectively (Vinyals et al., 2019) (Berner et al., 2019) in2(c).

Then, the top three teams employed primarily alpha-beta pruning and iterative deepening search,
Monte Carlo Tree Search, and A* algorithms in the two "AI Snake" tournaments that Innopolis
University organized in 2020 and 2021 2(d). These events pitted teams’ AI models against one another
in the Snake game. Nonetheless, it was noted that the top three teams primarily used the A* algorithm,
Monte Carlo Tree Search, and alpha-beta pruning and iterative deepening search (Brown et al., 2021).
Would it be feasible to win the single-player game mode with better scores? This was the starting
question of our project.

We thus looked at how RL has evolved in video game applications in this section, and we deter-
mined the direction of our project to play Snake using the DQN algorithm based on the successes of
these predecessors. We give a brief overview of the PPO and DQN approach and present our model
optimization for the Snake game in the Methods section that follows.

i 2013‘ ) 2015 ) 2019 ) 2020 and 2021
Iluivlr?g Atari with . Deep Reinforcement Learning Dota 2 with Large Scale Deep Snakes AI Competition 2020 and
Deep Reinforcement Learning for Flappy Bird Reinforcement Learning 2021 Report
(Deep Mind) ’ : (OpenAl)

(a) (b) (c) (d)

Figure 2: Development of the application of RL in video games: (a): An screenshot from the
Atari 2600 game Beam Rider, on which DeepMind developed the first deep learning model to success-
fully learn control policies directly from high-dimensional sensory input using reinforcement learning,
also known as DQN (Deep Q-network) (Mnih et al., 2013). (b): a collection of screenshots illustrating
Flappy Bird’s three levels of difficulty (easy, medium, hard), and our team member Kevin showed that
deep reinforcement learning has a lot of potential for video games by using the DQN algorithm on
Flappy Bird based on the findings of (a)(Chen, 2015). (c): An illustration of the "Observation Space”
of a person playing Dota 2. In this game, OpenAl used LSTM (Long Short-Term Memory) to build
OpenAl Five, which became the first AI to defeat a world champion in eSports (Berner et al., 2019).
(d): An illustration of the game’s rules from the Snake Competition (Brown et al., 2021).

3 Methods

On the basis of the review of prior work mentioned above, we give a brief analysis of the snake’s
suitability for use with reinforcement learning in this section. This is followed by an introduction to
the category of reinforcement learning, a focus on our two selected algorithms (PPO and DQN) based
on (chuyangliu, 2016) and (Zhou, 2016)., and an analysis of their suitability for use with Snake.

The Snake game presents a typical reinforcement learning problem because it has the following
characteristics: 1) The environment is discrete and limited, because the Snake can only move in a
limited game area, and can only take limited actions (up, down, left, right); 2) The state of each time
step is completely observable because the greedy snake can see its surrounding environment and its
own state; 3) The goal is to maximize the game score, that is, get the maximum return.

Therefore, reinforcement learning algorithms are very suitable for training the Snake game. Rein-
forcement learning involves a machine learning algorithm that interacts with the environment through
agents and obtains the maximum return by learning the optimal strategy. The agent in reinforcement
learning will make an action according to the state of the environment at each time step and get a
reward from the environment. The agent maximizes the total long-term returns through learning,
which requires the agent to find an optimal strategy to decide when to take which action.



After conducting literature research, we classified the existing reinforcement learning algorithms,
as shown in Figure 3.
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Figure 3: Classification of Reinforcement Learning: model-based and model-free are the two
main categories. One can further separate the model-free ones into value-based and policy-based
categories. The PPO algorithm in value-based and the DQN algorithm in policy-based are the key
applications of this research.

Reinforcement learning algorithms can be divided into model-free and model-based categories ac-
cording to whether or not environmental models are used. The model-based algorithm refers to the
use of environmental models in the decision-making process, that is, the ability to learn the dynamic
laws and state transition probabilities of an environment, and make decisions on this basis. Model-free
algorithms do not require the use of environmental models and learn strategies directly from experience.

Both PPO and DQN algorithms belong to the model-free algorithm. This is because in many
practical applications, the state space and action space of the environment are very large, and the
dynamic laws of the environment are difficult to model, so the use of model-based algorithms needs to
face great challenges. In contrast, model-free algorithms do not require a pre-built environment model
and can learn strategies directly from interactions with the environment, so they are more universal.

In the Snake game, it is difficult to build a universal model of the environment because the size of
the game map and the location of obstacles can be different. In addition, the states and actions in the
snake game are discrete, and the use of model-based algorithms requires a large amount of modeling
and calculation of state space and action space, and the computational complexity is very high. In
contrast, PPO and DQN algorithms use neural networks to approximate strategy and value functions,
which can adapt well to different maps and states, and the calculation speed is also faster. Therefore,
it is more appropriate to use the model-free algorithm in the Snake game.

3.1 Algorithm Selection

Based on the above information, we focus on model-free algorithms. They can be divided into
policy-based and value-based. We selected the most common PPO and DQN algorithms in these two
types of algorithms to experiment on separately.

Algorithms based on value functions, such as DQN, can learn an Action-Value Function
(AVF), which can predict the long-term return of each action in each state. Then, the agent can
obtain the maximum return by selecting the action with the highest action value. In the Snake game,
DQN can predict the return of each action, such as forward, left, right, or down. Then, the agent
can select the action with the highest action value to maximize the return. Due to the convergence
and stability of the DQN algorithm, in the Snake game, it can obtain higher scores and better game
performance.

Algorithms based on policy functions, such as PPO, can learn a policy function, which can
select the best action in each state. In the Snake game, PPO can directly learn a strategy function to
select the best action to maximize the return. Because the PPO algorithm can achieve faster training
speed and a more stable training process while ensuring convergence, the PPO algorithm can obtain
higher scores and better game performance in the Snake game.

The PPO algorithm uses a strategy called "clipped surrogate objective" during the training process,
which is based on an idea called "proximal policy optimization", the main purpose of which is to
maximize the improvement of the strategy while ensuring that each updated policy is not too far



away from the previous strategy. This strategy shows good results in practice, but it also leads to
randomness in decision-making.

Specifically, the PPO algorithm will use a probability distribution to represent the strategy during
the training process, and then use sampling to update this probability distribution to continuously
improve the strategy. At the time of decision-making, the final strategy may also be different because
the sample taken each time may be different, thus exhibiting some randomness.

In addition, the PPO algorithm will also use a mechanism called "exploration term" to increase
the exploratory nature of the strategy, that is, introduce some randomness into the strategy to explore
new states and action combinations. This prevents the algorithm from relying too heavily on existing
experience and enhances its ability to explore new states and action combinations, so as to better
adapt to different environments.

Therefore, because the PPO algorithm uses random sampling to update the strategy and introduces
exploration terms, it shows a certain randomness in decision-making. This randomness can help the
algorithm better adapt to different environments and avoid falling into local optimal solutions.

However, when actually trying to use the PPO algorithm, it was found that it was precisely because
the PPO still produced randomness when selecting the action at the end, and did not always choose
the best action, that the performance was poor. On an 8 by 8 board, the optimal average length is 18.
Therefore, we focused on implementing the DQN algorithm and optimizing its performance.

3.2 Deep Q-network (DQN)

DQN (Deep Q-Network) is a reinforcement learning algorithm based on deep learning. It combines
a Q-Learning algorithm and deep neural network to deal with reinforcement learning problems in large
state space and action space(Mnih et al., 2013)(Mnih et al., 2015).

In the DQN algorithm, we use a neural network to approximate the Q function, that is, state
and action as inputs, and output the corresponding Q value. Specifically, we can express the DQN
algorithm as comprising the following steps:

1. Initialize the neural network @ and use it to approximate the Q function Q(s,a;8).

2. At each time step ¢, observe the current state sy and use the e-greedy strategy (that is, select
the action that maximizes the Q value with a certain probability, and select the random action
with a certain probability) to select the action ay.

3. Execute the action a; and observe the environmental feedback r;41 and the next state s¢y1.

4. Calculate the target Q value y¢, namely:

Yt = Te41 +'ym21xQ(st+1,a;0_) (1)
Where, ~is the discount factor, and @~ is a fixed target network for stable training.

5. Update the neural network parameter 8 by minimizing the objective function:
1 2
L(0) = E(yt — Q(st,a4;0)) (2)

6. Update the target network 8~ to the parameter value of 6.

In the Snake game problem, we can use the DQN algorithm to train a neural network to predict
the Q value of different actions under a given state. Specifically, we can express the status of the
snake as a vector, including the position of the snake, the position of the food, the direction of the
snake’s head, and the length of the snake’s body. For an action, we can express it as a discrete value,
indicating that the snake moves up, down, left, or right.

In the training process, we can use some techniques to improve the performance and convergence
speed of the algorithm. For example, we can use Experience Replay to store and reuse previous
sample data to avoid over-fitting and improve sample utilization; We can also use a fixed target
network to stabilize training and reduce divergence risk; We can also use Double Q-Learning to



reduce estimation bias and variance and improve learning efficiency and stability(Van Hasselt, Guez,
& Silver, 2016).

In short, the DQN algorithm is a reinforcement learning algorithm applicable to large state space
and action space, which can effectively learn an excellent strategy in the greedy snake problem.

In the concrete implementation, we can use the depth neural network to approximate the Q function,
for example, and use the convolution neural network (CNN) to process the image input of the game.
We can take the pixel value of the game picture as the input of the neural network, and then use
the DQN algorithm to train the network to predict the Q value of different actions under a given
game picture. Through continuous iterative training, we can gradually improve the performance of
the neural network, thus realizing the automatic control of the Snake game.

It should be noted that in the Snake problem, the state space and the action space are discrete,
which means that we need to use appropriate techniques to deal with this dispersion. For example,
we can use one-pot coding to represent states and actions so that they can be used as inputs and
outputs of neural networks. In addition, in the training process, we need to ensure that the neural
network can be effectively updated under different states and action combinations to avoid over-fitting
or under-fitting problems.

3.3 Model Optimization

As the input of the agent model, the states in the DQN algorithm is expected to contain all
information of the game, so the most ideal way is to put the whole game board as the states. However,
inputting raw information is not conducive to feature extraction by neural networks. To simulate the
vision of the game snake, we first set the block type around the snake head shown in Figure 5(a).
Specific parameter settings in the original model are shown in Table 1 below:

Table 1: The specific parameter settings of the initial original model
Block Types Values

Empty 0
Food 1
Wall 2
Body 3

An obvious problem for the original model is that it only represents the local status near the snake
head: this makes the output (decision-making) of the agent too localized and it is hard to make long-
term optimal decisions. Therefore, it is easy to foresee that the final game score will not be good
enough. To solve this problem, it may be useful to increase the amount of information carried by
states. Thus, we mainly focus on two directions:

e Replace the type of individual block with information on its direction

e Quantify the "proximity" to the body/food/wall using distance

With this in mind, we came up with a new design of states after several trials to contain as much
global information as possible. This is the state composition for every direction in total 8 directions
shown in Figure 5(b):

Table 2: The best status settings after many adjustments and training sessions

Status Description Type
see__body Whether the snake sees its body in that direction 0,1
see_food Whether the snake sees food in that direction 0,1
dis_body distance to its body Integer
dis_food distance to the food Integer
dis wall distance to the wall Integer

With the above adjustment, the dimension of states has increased significantly from only 8 to
8x5=40 which can better represent the game status.



As for the parameters in the model, the DQN uses rewards to evaluate each of the agent’s actions
and update the weight in the model. We finally found the optimal reward settings by extensive training
and adjustment(Godbole, Dahl, Gilmer, Shallue, & Nado, 2023). This ensures the DQN reaches the
highest score while training faster:

Table 3: The best reward settings after many adjustments and training sessions

Action Reward
Hit body/wall -24
Eat one piece of food +20
Get close to food +0.3
Do nothing -0.5

This kind of setting is quite reasonable. The punishment of death should be a little heavier than
eating one piece of food, otherwise, the snake grows slower after eating several pieces because death
doesn’t cost much. At the same time, a small but necessary negative reward for doing nothing works
to prevent the snake from hanging around without eating the food.

(a) Original (b) Modified

Figure 4: The Settings of the State: The information around the snake’s head was initially confined
to just 8 pixels, which caused the snake to act in an excessively constrained manner, ultimately lowering
our score. This is what is depicted in (a). The state was then optimized, as demonstrated in (b). In
order to help the snake make better decisions, we provided information about the two pixels closest
to it in seven different directions. The snake now has more knowledge about the area around its head.
And we can get higher scores.

In this section, we introduce the classification and PPO principles for reinforcement learning and
DQN and analyze how they apply to the snake. The visualization of the outcomes of our play with
the Snake using these two algorithms is shown in Section 4.

4 Results

In this section, we will demonstrate the results of the DQN Algorithm. After changing the setting
of the state and reward, we finally get the result shown in Figure 5.

As shown in Figure 5, the average length of the snake has increased from 9 in the original model
to 22 in the final model. The results show that DQN has better performance than PPO according to
our model.

5 Conclusions & Future Directions

5.1 Conclusions

Our results show that the DQN algorithm doesn’t exhibit better performance than searching al-
gorithms such as the Greedy algorithm, for example. It has been shown that the average length of a
snake can reach 60.15 using the Greedy algorithm (chuyangliu, 2016). In the Snake game, PPO and
DQN do not seem to perform better than evolutionary algorithms (Yeh, Su, Huang, & Chiang, 2016).
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Figure 5: The results of the research: The graph’s y-axis shows the average length of the snake,
while the x-axis shows how many times the algorithm has been run. The figure represents the red
curve as the final DQN model, the blue curve as the PPO model, and the grey curve as the original
DQN model.

In addition, in machine learning, trials really matter. We gradually improved the performance of the
agent by modifying the setting of state and reward. However, our research also has some limitations.
Firstly, we only use DQN and PPO algorithms without any comparison to other algorithms. Secondly,
our results indicate that our model is over-fitted.

5.2 Future Directions

Based on the limitations mentioned in 5.1, we have identified some future directions to overcome
these limitations. Firstly, We plan to improve the performance of DQN by using Bootstrap and Double
DQN. Also, we plan to modify the setting of the state by, for example, recording the information of
the whole game board and using the convolution neural network (CNN) to extract the features of the
information as state. Finally, we plan to compare other reinforcement learning algorithms to DQN
with respect to their performance in the Snake game.

Table 4: Plans and examples of future goals that are anticipated to be achieved

Plans Examples
Improvement of DQN Bootstrap,Double DQN
Modifying of state The whole board
Other algorithms PPO,GA
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