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Abstract— This research proposes a novel approach to create a foundation for dynamic difficulty adjustment
(DDA) within computer games that use procedural content generation (PCG), utilizing imitation learning to optimize
gameplay. When PCG is used in creating the levels and enemies within a game, the difficulty adjustment must be
ensured so that the game is not too hard or too easy for each player. However, PCG is random by nature, and thus,
the developers may have a challenging task of adjusting the difficulty for each player in such games. The study aims
to address these limitations by developing a foundation for DDA models based on imitation learning. The proposed
model incorporates an imitation learning component, referred to as the 'Clone,' which replicates the player’s behavior,
alongside an enemy creator agent that leverages procedural content generation (PCG) to design enemies. By
analyzing the Clone's performance against these procedurally generated enemies, the system ensures the creation of
fair and engaging levels. To this end, a 2D platformer Unity game using PCG was developed, and imitation learning
was utilized through Unity's ML-agents module. These models were used to mimic the players' play-style to predict
the player's performance in PCG-generated levels. Three separate models were created to mimic five players. It was
observed that two of these models could mimic players' performance, showing that this method can be used to

implement DDA.
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I Introduction

Procedural content generation (PCG) is used in computer games to generate algorithmically and non-manually content to
increase re-playability, make the game more enjoyable, and make developing the games relatively easier. Computer games
often use this approach to create dynamic and diverse game worlds. PCG algorithms can be designed to generate random
content or based on specific rules and constraints, which allows efficient and adjustable content generation [1]. In recent years,
new methods of procedural content generation such as grammar-based, rule-based, solver-based, and search-based methods, as
well as many others, have been used to generate various types of content, namely levels, maps, character models, and textures
[2]. Notably, PCG in games has more usage than just entertainment and it has been used for formal and informal educational
games, well [3]. Even more fascinating, PCG is often used to build a virtual environment to test and assess the ability of the
algorithm to solve problems [4], and Increasing generality in machine learning algorithms [1]. Dynamic Difficulty Adjustment
(DDA) is a game design technique used to automatically adjust the difficulty level of a computer game during gameplay based
on the player's performance, skills, or other relevant in-game factors. Dynamic difficulty setting aims to provide a balanced
and enjoyable gaming experience by making games more challenging for skilled players and easier for weaker players. This
often involves adjusting parameters such as Al, enemy health, and damage power or designing levels to maintain player
engagement and prevent frustration [5]. Balancing difficulty in video games is crucial to keep players engaged; games that are
too easy or hard games can cause boredom or frustration, leading players to quit. Dynamic difficulty adjustment (DDA)
modifies the difficulty of the game in a manner that the player always remains within the Flow channel*[6]. enhancing
experience and playtime by adjusting based on real-time player data. [7]. A simple plot of the flow channel in games can be
viewed in Fig. 1:
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1 In games, the flow channel is a balance where challenge meets skill, keeping players engaged—neither bored nor anxious.
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Fig. 1. Example of an appropriate difficulty level to achieve flow channel [6]

Imitation learning is a machine learning technique in which an agent learns to perform tasks by imitating the actions of an expert,
using a dataset of state-action pairs. This is particularly useful when defining reward functions is challenging, and is commonly
used in scenarios where an expert's behavior serves as a benchmark for task performance, scenarios where demonstrating the
optimal behavior is easier than calculating the reward function, or situations in which the objective is to reduce the exploration
space by learning behavioral strategies from expert trajectories. Imitation learning enables the teaching of complex tasks with
limited expert knowledge [8]. such techniques can simplify task instruction by providing demonstrations, effectively eliminating
the need for detailed programming or task-specific reward functions [9]. Imitation learning is divided into three general
categories: behavioral simulation, inverse reinforcement learning, and adversarial imitative learning [10]. Imitation learning is
also used for robotics [11], medical treatment trajectory optimization [12], and self-driving vehicles [13].

This research proposes a novel foundation for creating a DDA that uses imitation learning to clone the players' strategy and
capabilities. This clone can effectively mimic the player and play Procedurally generated levels. If the difficulty of these levels
is appropriate for the clone, it will be appropriate for the player. This innovative approach redefines gameplay experiences,
breaking away from fixed difficulty settings. Despite the impressive progress of PCG in various game fields, not much attention
has been paid to the production of non-playable characters, and most of the work done was on the production of the game maps.
Also, past research rarely combines the procedural content generation element with the dynamic adjustment of task difficulty .
To this end, this research focuses on creating a PCG for non-playable characters and creating clones using imitation learning to
dynamically adjust the difficulty of such characters.

The outline plan contains two major elements: a ""clone™ model, which mimics a person's play-style and skill level, and an enemy
generator agent, which uses PCG to make appropriate challenges. Most importantly, it is desired that the clone shows the same
performance as the player in procedurally generated, random levels. If this task is achieved, this model can be used to give the
developers of games an insight into appropriate levels and enemies for the player thereafter.

This system was implemented and tested within a 2D platformer game developed in Unity, utilizing Unity’s ML-Agents
module to support the imitation learning process.

1. Methodology
The proposed method focuses on the implementing imitation learning in procedurally generated game environments. This
requires that each of the following parts be done:

Il. To implement the desired algorithm and freedom of action in doing all the objectives, a simple game with the intended
mechanics is made and used in the following steps. The intended game for simplicity will initially be just stages of fighting with
a single non-playable characters that PCG randomly generates. Each fight with the aforementioned created enemy can be called
a level.

V. Since no data is available from the player the first time he plays the game, the first level of the game is generated
manually. The player's performance in this level and the next levels are used to create a clone of the player. Alternatively, more
levels can be used before dynamic difficulty adjustment to ensure model accuracy before implementing DDA.

V. Development of an algorithm that enables an imitative agent to predict the player's actions during the game. The
Generative Adversarial Imitation Learning (GAIL) algorithm will be used to achieve this task. GAIL algorithm simple teaches
an agent to imitate expert behavior by combining imitation learning with Generative adversarial network(GAN). The agent’s
policy acts as a generator, trying to produce actions that mimic an expert, while a discriminator distinguishes between expert and
agent actions. The agent is trained to misguide the discriminator, by this method the agent essentially becomes a clone of the
expert and thus learning expert-like behavior without using a reward function[14]. The GAIL algorithm can be viewd in Fig. 2:
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Algorithm 1 Generative adversarial imitation learning

1: Imput: Expert trajectories 75 ~ 7, initial policy and discriminator parameters f, wq
2: fori=10,1,2,... do

3:  Sample trajectories 7, ~ 7y,

4:  Update the discriminator parameters from w; to w;, with the gradient

B, [V log(Du(s, a))] + By [Vo log(1 = Dys,a))] (hH
5:  Take a policy step from 6; to 0, |, using the TRPO rule with cost function log( D, (s, a)).
Specifically, take a KL-constrained natural gradient step with

., Vo log mg(als)Q(s,a)] — AV g H ().

where Q(5,a) = Er,[lag(l'),“ ((s.a)) | sg = 3,09 =a (2)
6: end for
Fig.2. The GAIL algorithm [14].
VI. By implementing the GAIL algorithm it is now possible to create a clone with the function CreateClone, when the

demonstration of the player's behavior is present, it would be used for playing future levels. The statistics of the clone's behavior
in future levels can give the developers an insight into the possible behavior of the player. After the first levels are completed
the clone will play through the levels generated by the level generator to measure the difficulty of the generated level. Many
different variables can be considered in determining the difficulty of the level. Examples are the win chance, the duration it takes
to finish the level, and how close was the agent to being defeated. The proposed foundation framework can be seen in Fig. 3:

Begin play

Performance
Play level 1-10

Fig. 3. The proposed foundation framework

VII. At this point the foundation for DDA is completed. With this foundation,, the developer can choose which method is
used for adjusting the difficulty. They can use the clone to play the future levels and choose the level that has the closest
correlation to the desired difficulty. For example, if they desire that the player finish the level with the minimum possible health
they can produce several levels that would be played by the clone and choose the level that was finished closest to 0 health. Also,
now that a basic clone is available it is possible to simply improve the existing clone from here on. The function ImproveClone
can be created to use the already existing model and the data of the player’s performance to further improve the clone to mimic
the player’s behavior and strategy with better accuracy in future levels. This creates a loop of the players playing the game,
clones playing these levels, the level with the best difficulty settings chosen to be used by the player, the player playing this
level, and in the end the clone improving by the performance of the player in that level. With all the modules completed, it is
possible to release the game. A view of the proposed usage method’s process can be seen in Fig. 4:

Fig. 4. The proposed usage method’s process
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VIIL. results and discussion
The first step, as mentioned before, was creating a game with PCG capabilities that created random enemies with different sets
of actions. To achieve this goal, a simple 2d game was created in Unity Environment. In this game, the enemy randomly chooses
3 out of 30 possible actions. Each action can have 4 possible difficulty levels. This creates 2.71x10"14 possible enemies.
Furthermore, the starting location of the player, and moving behavior of the enemy are also randomized. Each level is a fight
between the character and 1 single enemy. with this level of randomness, the task of creating the PCG is completed. A sample
image from the game environment can be seen in Figure 5:

Fig.5. A sample image from the game

The next step is to have a demonstration of players playing the game. these demonstrations would be used to train all models.
To this end, five demonstrations were collected from five players. 10 scenarios with fixed enemy actions and locations were
created for the players to play. This would ensure that consequent performance results are determined purely by the skill and
strategy of the players and not their luck.

Players were all male between the ages of 18 and 25. Player 1 had no experience in playing games, players 2,3,4, and 5 all had
a decent amount of experience in playing games in general. Player 5 had previously played this game for a short amount of
time. In all scenarios, the enemy and the player had 10 health, and each time they took damage they would lose 1 health. There
was no limit on time to finish the level. Their performance can be seen in Fig. 6

TABLE I. PLAYER PERFORMANCE

Players’ performance
Players

Average Level-End Time | Average Player Health | Average Enemy Health | Average Win Rate
Player1 | 27.9 0.6 4.8 0.2
Player2 | 19.9 2.6 14 0.6
Player3 | 17.2 4.5 15 0.6
Player4 | 19.9 4.1 0.9 0.7
Player5 | 17.6 7.6 0.3 0.9

Fig. 6. Average player performance across various metrics, including the average time taken by players to complete each level,
the average remaining health of both the player and the enemy at the end of each level, and the average win rate (the ratio of
successful completions to total attempts for each level).
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TABLE Il

PLAYER PERFORMANCE

A basic GAIL model was created to mimic the players. The configuration of this model is specified in Fig. 7:

Model Configurations

Models

|

Model 1 | Model2 | Model3 |

Trainer

PPO

Hyperparameters

Batch Size: 256,

Buffer Size: 1024,
Learning Rate: 0.0003,
Beta: 0.0005,

Epsilon: 0.2,

Lambda: 0.99,
Epochs: 3

Network

Hidden Units in each layer: 256
Normalize: True

Layers: 4 | Layers:4 | Layers: 8

Reward Signal (GAIL)

Gamma: 0.99,
Strength: 0.8,
Hidden Units in each layer: 256,

Layers:4 | Layers:8 | Layers:4 |

Training

50 episodes

Fig. 7. Configuration of Models 1, 2, and 3.

Each model trained on the demonstration provided by each of the 5 players, creating 15 models, i.e. clones of players. after this,
each model played 50 PCG-generated levels.

Unfortunately, as it can be seen the average level end time for players 2, 3, 4, and 5 is far too close to be considered a
differentiating variable for further investigation and the performance of the models in Average Level-End time would not
provide further insight on the model’s performance and accuracy. As such this variable will not be included in the results.

However, the plot of the three variables of win rate is shown in Fig 8., Average Player Health is shown in Fig 9., and Average

Enemy Health is shown in Fig 10. compared to player Performance can provide useful information in regard of investigating

the model performance. The aforementioned figures are presented below:

o o o
wooa o~

Average Win Rate
o
4

Fig. 8. Average Win-rate comparison between demonstration from players and PCG-generated levels played by Models
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Fig. 9. Average player health comparison between demonstration from players and PCG generated levels played by Models
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Average Enemy Health Comparison
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\, —8— Model 1
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Fig. 10. Average enemy health comparison between demonstration from players and PCG-generated levels played by Models

The results show that while model 2 failed to produce and acceptable Clone to the players, the results from models 1 and 3 show
a clear correlation to the results from players. both models kept their monotonic increase for win rate and player health and
maintained a monotonic decrease in enemy health. Same as the real data provided by the players.
model 3 can mimic the player and maintain the same win rate as them with an average of 9.2% with a maximum of 12% error
and model 1 can mimic the player and maintain the same win rate as them with an average of 8.4% with a maximum of 18%
error. Model 2 unfortunately has a staggering average of 18% with a maximum of 36% error. All 3 models error in predicting
player health is around 20% but their error in predicting enemy health is far less, 7.2% for models 1 and 2 and 5.7% in model 3.
These results show that the created models can produce results closely correlating to real player results.
Yet it is obvious that neither model could exactly copy the players' results. There are many factors to consider regarding this
problem. The most obvious reason is the randomness of the environment. Each model played 50 different levels which is not
even a fraction of the total possible generated levels. The reason further tests was avoided is that these models will run during
the play of real players and training or testing can not be a straining task for the computer as it could possibly crash the game or
make the loading screens far longer. Another part to consider is that there are many hyperparameters and possible architectures
for the networks used in this model. Only 3 models were created with basic and common hyperparameters and architectures and
2 of them showed a good correlation to real players' performance. Signifying that with more models it is quite possible to create
one that mimics the players with far less error. Another factor to consider is the players themselves. Out of the 5 players, 2 had
the same win rate of 60% and another had a win rate of 70%. More tests on real players would be crucial to better understanding
of the models’ performance. As of the moment, this model can be a foundation for developers to use in games that use PCG to
have a good grasp of the players' experience and strategy in playing their game.

IX. conclusions
In this study a new foundation for dynamic difficulty adjustment was created for games that use procedural content generation
by using imitation learning. For this purpose, Generative adversarial imitation learning algorithm was used to create three
different models that closely mimic players strategies and performance. A usage method for this model was proposed that can
employ this foundation for dynamic difficulty adjustment. Also, to have an environment to test these models, a 2d platformer
simple game was created in unity platform. In the created game elements of PCG was used to create random levels and test the
model's capabilities. 5 players created demonstrations of playing fixed levels and their results were used to create these models.
Each of the models played 50 PCG-generated levels and their performance was compared to real players’ performance. 2 of
these models proved capable of mimicking players' behavior with a close average win rate of 9.2% and 8.4%. these results show
that mimicking the player's performance is possible with this method.

X. Limitations and Future Work.
This work only created the foundation for dynamic difficulty adjustment. The possible usage for this foundation was proposed
but is not yet created. By replicating the proposed method’s process the task of improving said model can be advanced.
Despite the randomness of the levels generated by the game, the models showed acceptable results in mimicking players
strategies and performance. However, a number of possible solutions exist for minimizing the error further. In this project, only
5 players volunteered to play the game and 3 of them showed similar results. In order to have a better insight into model's
performance it is necessary for more players to create demonstrations of their play.
Each model played 50 random levels but if more levels are played the accuracy of the models can be pinpointed more specifically.
There are many hyper parameters architecture specifications in the created model. These parameters can be fine-tuned in order
to create better models that could replicate the players’ behavior with greater accuracy.
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