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1 INTRODUCTION
The aim of this project is to create an AI that can

generate dungeon-style levels using reinforcement

learning. The AI will change the states of the tiles

in a given 4x4 grid, adding states that insert ene-

mies and health pickups into the level, and these

state changes are rendered in real-time. Applica-

tions such as this can aid in the development of

games in numerous ways. A fully trained model

could generate hundreds of levels, and these could

be used to train in-game AI that is required to func-

tion in unseen levels/terrain – e.g., user created

maps. This model has not learned to the fullest

extent that it could, getting stuck at a plateau or

local maximum, achieving a positive reward but

not the maximum reward.

To create this application, Unity’s ML-Agents

package was used to allow for the rendering of the

generated level maps in real time. At the begin-

ning of an episode, 16 observations are collected,

observing the state of each tile in the 4x4 grid. Dur-

ing the episode, the agent will traverse through

each tile in the grid, making a decision at each.

Using a discrete action branch, the agent can make

one of the following decisions at each tile: change

the state to empty, to contain an enemy, to con-

tain a health pick-up, or to skip over this tile. The

performance of this reinforcement learning agent

has been tested using both Proximal Policy Optimi-

sation (PPO) and Soft-Actor Critic (SAC) trainers,

with the implementation of reward shaping and

without. PPO provided much more stable agent be-

haviour and a generally higher cumulative reward

than SAC did for both sets of tests.

2 BACKGROUND
Reinforcement learning is a type of machine learn-

ing in which an AI agent interacts with its sur-

rounding environment, taking actions in order to

maximise its reward. What this means is, reinforce-

ment learning rewards the AI for ’good’ choices. In

the case of this project, the AI would be rewarded

for generating a map that contains tile states that

meet the target range. Typically, an agent will in-

teract with an environment, and at each timestep

(of length T) will: observe the current state of the

environment (s), take an action (a), and receive a

reward based on the transition between this state

and the prior state. It uses a stochastic policy (𝜋 )

to choose the best actions to take, and tries to find

the best policy that will maximise its cumulative

reward collected throughout the timestep (T). A

formula for this is shown below in Figure 1.

Figure 1: Reinforcement learning algorithm
(Tang and Haarnoja 2017)

In recent years, reinforcement learning has been

trained to become proficient in complex games.



One of the most famous examples of this is the

’AlphaGo’ AI learning to play the board game ’Go’.

’AlphaGo’ competed against Mr Lee Sedol, a win-

ner of 18 world titles, and winning 4 games to 1 in

March 2016 (AlphaGo: The story so far n.d.).
However, evenmore recently, reinforcement learn-

ing has been used byAAAgame companies. Ubisoft

have been using reinforcement learning to improve

the navigation of NPCs (non-player characters). In-

stead of using a navigationmesh for the navigation

of NPCs, as is commonplace in the games industry

at this time, they implemented a reinforcement

learning algorithm to teach the agents to get from

a starting position to a goal position (Alonso et al.

2020).

The method of generating levels in this report

could be useful for training AI that needs to func-

tion in player created – therefore unseen – maps.

Training AI to complete these reinforcement learn-

ing generated levels can encourage challenging

but not impossible level design. It can also be used

to generalize the agent. This means that with the

ability to train something like an enemy agent in

lots of different level layouts, it becomes more able

to handle varying environments, and therefore can

provide better and more realistic actions in game.

And with the rising complexity and size of games,

automated/assisted creation of game assets is in-

creasingly important. Game designers could set

out a range of ‘ideal’ levels – e.g. for different diffi-

culties – and this AI could generate hundreds of

levels for each once fully trained.

ML-Agents provides an interfacewithin the Unity

Editor to implement reinforcement learning. It con-

tains 5 main components: the learning environ-

ment, the low-level Python API, an external com-

municator, Python trainers, and a Gym wrapper.

The learning environment is what holds the Unity

scene and all its components. The low-level Python

API is to interface with and manipulate the learn-

ing environment, and communicates with Unity

through the external communicator. The Python

trainers hold the machine learning algorithms in

which to train the agents with. Finally, the Gym

wrapper implements a way for developers to inter-

act with the simulated environments via OpenAI

Gym. (Unity-Technologies 2021)

Figure 2: Simplified diagram of ML-Agents
structure (Unity-Technologies 2021)

ML-Agents provides an implemention of both

Proximal Policy Optimisation (PPO) and Soft-Actor

Critic (SAC) reinforcement learning algorithms.

PPO has been assigned as the default due to its

characteristic of being more general purpose and

stable than other reinforcement learning algorithms.

PPO is an algorithm created to be simpler to im-

plement than the likes of Trust Region Policy Op-

timisation (TRPO) and Q-Learning, while keeping

up with the efficiency and performance of each

(Schulman et al. 2017). The formula for PPO can

be seen below in figure 3.

Figure 3: Proximal Policy Optimisation (PPO)
formula (Schulman 2020)

Where 𝜃 is the policy parameter, 𝐸𝑡 is the em-

pirical expectation over timesteps, 𝑟𝑡 is the ratio

of the probability under new and old policies re-

spectively, 𝐴𝑡 is the estimated advantage at time

𝑡 , and 𝜖 is a hyperparameter, the value of which is

generally 0.1 or 0.2 (ibid.).

In contrast to PPO, SAC is an off-policy algo-

rithm, meaning it can use past experiences to learn.
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It can randomly draw a past experience from its

replay buffer at any time, making it much more

sample efficient than PPO. SAC is also a maximum

entropy algorithm and the formula for this can be

seen below in Figure 4.

Figure 4: Maximum entropy formula (Tang
and Haarnoja 2017)

The formula above in Figure 4 gives the stochas-

tic policy, with the left half of the equation (inside

the square brackets) being the reward, and the

right half of the equation being the entropy. Maxi-

mum entropy stochastic policies allow for better

exploration and are able to learn alternative ways

of completing the task at hand (Fragkiadaki n.d.).

3 DESIGN
It was decided early on that Unity’s ML-Agents

would be used to implement this application. It

was chosen due to it’s ability to create a sophis-

ticated system in a shorter amount of time than

if all the implementation was done from scratch.

Due to the time limit of the project, and the desire

for the levels to be generated in real-time, Unity

and ML-Agents seemed like an ideal choice. The

use of this package does however come at a slight

cost, in that most of the mathematical implementa-

tion is done in theML-Agents implementation, and

the trainer has been implemented already. Since

the mathematics is a core feature of the module,

ample research was done to ensure that the devel-

oper knew exactly how everything worked within

ML-Agents to explain within this report, demon-

strating the necessary knowledge.

Unity’s ML-Agents includes trainers for Proxi-

mal Policy Optimisation, Soft-Actor Critic (SAC),

Multi-Agent Posthumous Credit Assignment (POCA),

and imitation. PPOwas chosen as it has been shown

to be more general purpose, easier to tune, and sta-

ble than other reinforcement learning algorithms

(Unity-Technologies 2021).

In the initial stages of the project, the AI was in-

tended to generate the ground layout in addition to

altering the states of these ground tiles to include

other items, such as enemies or health pickups.

As more thought was put into the input for the

AI and the observations it would need to make, it

was necessary to simplify design. The input for

the AI then became the states of 16 tiles placed in

an empty 4x4 grid.

For keeping track of the progress of the algo-

rithm while testing, Tensorboard was chosen. Ten-

sorboard results can be extracted from the ML-

agents run using ’tensorboard –logdir results’ in

the command line and can be viewed on localhost

port 6006. This allowed for the generation of sev-

eral useful graphs based on the learning results,

such as: cumulative reward, episode length, policy

loss, value loss, curiosity forward loss, and curios-

ity inverse loss. Another way of keeping track of

the algorithm progress during training was by set-

ting an update to appear in the command line every

20,000 steps. This meant steady progress updates

were received. Using Unity’s Debug.Log feature,

the reward at each step was printing to the con-

sole as a further method of tracking the algorithms

progress.

For this project, discrete action branches are used

as opposed to continuous branches. Continuous

branches allow for several actions at once, whereas

discrete only allow for one at a time. This is more

suited to this project as it was only necessary for

the agent to change the state of one tile at a time

while iterating through the grid. Additionally, only

a single branch was needed to store all the ac-

tions the agent can take, since they are all chang-

ing states. Initially, two branches were going to

be used. One holding actions regarding changing

states, and the other holding actions allowing the

agent to move in any direction providing there

was a tile there. However, this caused issues with

the agents ability to change states and physics, so
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it was decided to stick to a traversal method for

the course of this assignment.

4 IMPLEMENTATION
When using ML-Agents for implementation, there

are several built in methods that can be used. In

this project, the following have been implemented:

• OnEpisodeBegin(): Method run at the be-

ginning of each episode

• CollectObservations(): Called at all steps in

which a decision is requested by the agent.

• OnActionReceived(): Called every time the

agent receives an action to take. Addition-

ally, this is where rewards are set.

The application also makes use of SetReward()

to set the agent’s reward and EndEpisode() to end

the current episode.

Starting with the OnEpisodeBegin() method, the

agent’s position is set to that of the first tile in

order for it to begin traversing through the entire

grid. Two arrays are present in the Agent class, one

storing the floor tile game objects, and the other

storing the state of each tile in the grid.

In the CollectObservations() method, the tile

states array is iterated through and the value at

each index of the array is added as an observation.

However, AddObservation() method can only take

in integers, booleans, vectors, and quaternions. To

combat this, a function was written to convert the

state of each tile into an integer. This function

takes in a tile game object and outputs the corre-

sponding integer value for it’s state.

In the OnActionReceived() method, the action

buffer branch is defined. Discrete actions are used

and the branch size is 4, corresponding to the num-

ber of actions the agent can choose to make. This

method is also where the traversal of the grid

and state changes occur, as well as the reward

shaping and end of episode condition checking.

This method first iterates over the tiles in the grid,

breaking out of this loop when the agent gets to

the last tile. The current position of the agent is cal-

culated by comparing it’s x and z position values

with that of the tiles. Then, a conditional statement

has been implemented with each condition being

an action that can be executed by the agent. In

each of these conditions, the state of the current

tile is changed according to the action received and

the next position in the grid is calculated, with the

agent finally moving onto the next tile. When the

agent is at the last tile, a for-loop iterates through

each of the tiles, counting how many of each state

appears in the new grid. These values are then

used in the reward shaping.

The reward shaping is implemented in a way

such that +1 is the maximum reward the agent

can receive, and -1 is the minimum. The agent is

awarded +0.3 reward if the number of each tile

state within the grid falls between the constant

minimum and maximum target values that are set

for each type. A reward of +0.1 is set if the num-

ber of each tile state falls one outside of the target

range (target max. + 1, target min. - 1). Finally, the

agent gets a negative reward of -0.5 if the number

of each tile state falls outwith the target range by

a value greater than 1. Since there are 3 positive

reward conditions that will result in a +0.3 reward,

reaching a total of +0.9, the final condition states

that if this reward is achieved, set the reward value

to 1. After this conditional statement, the SetRe-

ward() method is called with the newly calculated

reward value and the episode is ended.

5 TESTING
To test the learning algorithm, it was run several

times under different circumstances. Each set of

results will be shown in this section and will be dis-

cussed in section 6. The hyperparameters for each

run can be found in Appendix A, and the mean

reward and standard deviation at every 20,000

timestep interval can be found in Appendix B.

The application was run twice using the PPO

trainer, and twice using the SAC trainer so that a

comparison can be made from the results of both.

The hyperparameters of each ’config’ file are set

as evenly as they can be, so to test under fair con-

ditions. The first two runs are a comparison of the
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two trainers when the reward shaping discussed

in section 4 is implemented.

The last two runs are a comparison of the two

trainers when no reward shaping is in place. This

means that the agent will gain a reward only if the

states of the tiles in the grid fall within the correct

range, andwill accumulate a negative rewardwhen

the states values fall outside this range.

Each of these tests are run over the course of

500,000 steps. In each figure shown below, the red

line represents the PPO trained agent and the blue

line represents the SAC trained agent with reward

shaping in place. The results are as follows:

Figure 5: Cumulative reward of PPO vs SAC
training with reward shaping

The graph above (figure 5) represents the cumu-

lative reward gained by each agent.

Figure 6: Policy loss of PPO vs SAC training
with reward shaping

The graph above (figure 6) represents the mean

magnitude of policy loss, which corresponds with

how much the policy is changing (AurelianTactics

2018).

Figure 7: Episode length of PPO vs SAC train-
ing with reward shaping

The graph above (figure 6) represents the episode

length over the course of the run.

Each of these tests are run over the course of

500,000 steps. In each figure shown below, the pink

line represents the PPO trained agent and the blue

line represents the SAC trained agent with no re-

ward shaping in place. The results are as follows:
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Figure 8: Cumulative reward of PPO vs SAC
training with no reward shaping

The graph above (figure 8) represents the cumu-

lative reward gained by each agent.

Figure 9: Policy loss of PPO vs SAC training
with no reward shaping

The graph above (figure 9) represents the mean

magnitude of policy loss, which corresponds with

how much the policy is changing (AurelianTactics

2018).

Figure 10: Episode length of PPO vs SAC train-
ing with no reward shaping

The graph above (figure 9) represents the episode

length over the course of the run. The y-axis had

to be displayed in a logarithmic scale due to the

size of the peak in this graph.

6 EVALUATION
In the tests that include reward shaping, the AI

does begin to learn to generate the ’ideal’ level.

However, the data clearly shows that it gets stuck

in a local maximum and then will usually plateau,

gaining a reward of roughly +0.3. A local maximum

is a state in which the AI is gaining a reward better

than the neighbouring states, but is not reaching

the maximum reward (or global maximum), and

a plateau is when the current state is the same as

it’s neighbouring states. (Introduction to hill climb-
ing: Artificial intelligence 2021). However, the tests
conducted with no reward shaping result in very

little to no learning at all. To combat this, a better

reward shaping algorithm should be implemented

in future iterations of this project. Additionally,

there are methods that could be implemented to

help the algorithm overcome the local maximum.

6.1 With Reward Shaping
The PPO trainer provided a more steady increase

in the mean reward gained by the agent, eventually

getting stuck in a plateau, while the SAC trainer

proved to provide more varied results with a vast
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decrease in the reward towards the end of the run.

The PPO trained agent also gained a higher mean

reward on average than the SAC trained agent did.

The episode length of the SAC trained agent was

far longer and less stable than the PPO trained

agent. This shows how a SAC trainer is better

suited for a ’heavier’ training environment.

The policy loss of both trained agents were not

ideal, as in a successful run, this value should de-

crease over time (AurelianTactics 2018). However,

the PPO trained agent proved to have amuch stead-

ier policy loss than the SAC trained agent in which

the policy loss increased significantly as the mean

reward decreased.

6.2 With No Reward Shaping
Similarly to the above evaluation, the PPO trainer

provided a much steadier increase in cumulative

reward in the non-reward shaping implementation

than the SAC trainer did. The PPO agent hit a

plateau quite early into the training run, whereas

the SAC agent continued to fluctuate.

The episode length of the SAC trainer greatly

outweighed that of the PPO trainer. The PPO trainer

provided a steady episode length, while the SAC

length values are extremely varied. A low of 4.09

and a high of 91.09 was recorded.

Again, the policy loss of both agents were not

ideal values. The behaviour of the SAC trainer is

slightly more favourable. It increases by a large

amount in the beginning but eventually starts to

decrease relatively steadily, whereas the PPO be-

haviour is mostly constant.

7 CONCLUSION
The aim of this project was to create an AI that

can generate dungeon-style levels using reinforce-

ment learning. Implemented using Unity and ML-

Agents, the maps are rendered in real-time as the

agent makes actions. It takes in 16 observations,

the state of each tile in a 4x4 grid, and makes ac-

tions to change these states. The states can be

changed to empty, containing an enemy, or con-

taining a health pick-up. The fourth action that

can be taken is to skip the current tile without

changing it’s state. These state changes are ren-

dered in real-time using the Unity engine. The

project was implemented making use of Unity’s

ML-Agents package to make this possible during

the time given for the project implementation. Dur-

ing each episode of a run, the agent traverses over

the entire grid, making a decision for which ac-

tion to carry out at each one. Generating levels

like this could assist in the development of game

AI (such as enemies or NPCs) that need to navi-

gate unseen terrain/level maps, e.g. user created

maps. The agent in this report was trained using

both PPO and SAC trainers, and a comparison is

made to both when trained with reward shaping

and without. In general, PPO provided more stable

agent behaviour and a higher cumulative reward

value, as the research had suggested.

7.1 Future Work
In future, the reward shaping would need to be

altered and the hyperparameters of the trainer

tweaked to overcome the local maximum that the

agent currently appears to get stuck in. Thereafter,

it would be optimal to expand this project to in-

clude adversarial reinforcement learning. By im-

plementing a solver agent for the generated levels,

the reward for the level generator agent would be

calculated based on how well the solver was able

to complete the level. This would ideally result in

the generator creating levels that provide a good

challenge but are not impossible. The reward cal-

culations could also be weighted depending on the

difficulty required.
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A.2 PPO Hyperparameters
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B RESULTS OF TEST RUNS
B.1 PPO Trainer with Reward

Shaping
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B.2 SAC Trainer with Reward
Shaping
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B.3 PPO Trainer with No
Reward Shaping
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B.4 SAC Trainer with No
Reward Shaping
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