International Journal of Research Publication and Reviews, Vol 5, no 3, pp 2707-2718 March 2024

International Journal of Research Publication and Reviews

Journal homepage: www.ijrpr.com ISSN 2582-7421

N

WWW.IJRPR.COM

Study on Generative Al in Game Development: A Survey

1Sankalp Singh Yadav, °Dr. Sambath Kumar S

IStudent, 2Research Guide

*Bachelors of Computer Application, School of CS & IT, Jain (Deemed-To-Be-University), Bangalore, India
2Department of Computer science, Jain (Deemed-To-Be-University), Bangalore, India
‘sankalpyadav2002@gmail.com, 2sambathkumars06@gmail.com

ABSTARCT

From the past 5 years Avrtificial intelligence has been in Growth in many industries and one of them is game development. It is being revolutionized by generative
Al, which automates the creation of content. Al is capable of creating original aspects that blend in with the game's aesthetic, such as people, landscapes, music,
and plots. This allows for a great deal of variation in player experiences while also freeing up developers to concentrate on core mechanics and improvement. This
paper presents an overview of research papers based on game development developed. The most common uses of Al in game development, such as level generation,
content creation, and NPC behavior. The perceived benefits and challenges of using Al in the development process. The impact of Al on development efficiency,
creativity, and overall game quality.

Keywords: Artificial intelligence, Generative Adversarial Networks (GANSs), non-player characters (NPCs), Reinforcement Learning, Inverse
Reinforcement Learning (IRL)

1. INTRODUCTION

As it continuously pushes the limits of interactive entertainment, the video game business feeds on invention. A formidable technology that has the
potential to completely transform the game production industry is generative artificial intelligence (Al), which has gained popularity in recent years. This
innovation is adept at producing completely original material, in contrast to conventional Al that focuses on decision-making.

This essay examines the fascinating uses of generative artificial intelligence in game design. We are going to explore the ways in which this technology
is improving player experience, encouraging creative discovery, and optimizing workflows.

Starting with the fundamentals, we will look into the many applications of generative Al. We will next demonstrate how game developers are using this
technology to create dynamic environments, interesting storylines, and gaming materials.

We will investigate how generative Al affects many game production components, such as story branching, music composition, character, and level
design.

This article will also go into the possible drawbacks and moral dilemmas related to using generative Al in video games. It talks about things like preserving
creative control, guaranteeing content quality, and possible biases in the Al models.

This study attempts to provide a thorough knowledge of the revolutionary function of generative Al in the game development industry by analyzing the
existing state of affairs and find potential future development opportunities.
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Fig 1. Global Games Market [1]
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Fig 2. Most Played Games 2019 To 2023[2]

2. Literature Survey

The literature survey is done on generative ai in game development the survey is divided into four segments, depicting four major field in game
development. These segments help a game to be complete full package. Past 5 years games like Genshin Impact, Call Of Duty Modern Warfare and
Cyberpunk have used Ai for their game development.

Here are the four segments:
e  Content generation
e Game mechanics
e  Dynamic difficulties adjustment

e  Story generation
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2.1 Content Generation

Jialin Wu et al. 's paper [3]"Generative Adversarial Networks for Automatic Quest Generation” discusses how labour-intensive it is to manually create a
variety of interesting and challenging gaming quests. The authors give a thought that training a model using current game data and designer requirements
in order to use Generative Adversarial Networks (GANS) to automate quest development. On the other hand, drawbacks include the requirement for large
quest datasets, the possibility of losing control over some certain quest components like logic and difficulty, and the issue of assessing the caliber of
created material. for non-player characters (NPCs) using data from previous conversations and the game setting

The difficulty of writing plausible and dynamic in-game speech, particularly in open-world games with various people and settings, is addressed in the
paper "Procedural Dialogue Generation with Transformers for Open-World Games" by Yugian Sun et al[4]. The authors suggest using Transformer-
based models to train a system that can create interesting and contextually appropriate discourse. Nevertheless, there are drawbacks, such as the
requirement for substantial volumes of dialogue data for training and the possibility of producing monotonous or nonsensical language patterns.

ACM SIGGRAPH Asia, (2022)[5] article "Style Transfer for Game Character Design using Generative Adversarial Networks" by Ziwei Liu et al.
discusses the labour-intensive process of designing a variety of visually attractive and different game characters using a range of creative styles. The
authors suggest applying several creative styles to pre-existing character designs or creating modifications depending on user input using Style Transfer
Generative Adversarial Networks (GANs). Nevertheless, there are drawbacks such as the possibility for unintentional artifacts generated by the model
during the style transfer process and limited control over certain style aspects within the transferred design.

The enormous burden associated with creating a wide range of distinct and well-balanced in-game items, such as guns, Armor, or potions, is addressed
in the paper "Generative Adversarial Networks for In-Game Item Design" by Zhenyu Li et al[6]. To train a model that can create new item designs based
on game data that has already been played and user-defined factors like item type and functionality, the authors suggest using Generative Adversarial
Networks, or GANs. Notwithstanding, the possibility for the model to produce unbalanced or nonsensical items, together with the necessity of
meticulously designing training data and loss functions to guarantee balanced item production, pose certain obstacles.

A study by John Joon Young Chung [7]et al. titled "Generative Models for Game Design: A Survey" examines how artificial intelligence (Al) might
support several creative jobs in the game creation industry. Regarding game design, the survey particularly explores the use of generative Al approaches
in the creation of quests, dialogue, and characters, among other stuff. The paper offers a more comprehensive review of the use of generative models in
the varied field of game creation, as opposed to offering a particular solution for a particular sort of content.

Fig 4. game arts for 1001 nights[4]
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2.2 Game Mechanics

Game development involves a lot of work to refine game mechanics, traditionally requiring playtesting and adjustments. This paper by Jiangiang Li et
al[9]. proposes using Deep Reinforcement Learning (RL) to address this. Here, an Al agent interacts with a simulated game environment, learning and
evolving the mechanics through trial and error. This approach has the potential to streamline the process but requires carefully designed rewards to guide
the Al towards the desired mechanics. However, there's a chance of unintended consequences or overly complex mechanics emerging if the reward
system isn't well-defined.

This research by Jinyoung Choi et al. [10]explores using Artificial Intelligence for game design, specifically focusing on mechanics. Traditionally,
creating game mechanics is an iterative process involving trial and error. The paper proposes using Reinforcement Learning (RL) as a solution. RL
involves training an Al agent to learn and create new mechanics by interacting with a simulated game environment. The agent receives rewards for
desirable outcomes, shaping its understanding of what makes good mechanics. However, a challenge with this approach is defining the reward function
for complex mechanics. There's also a risk of the Al generating unbalanced or unenjoyable gameplay if the rewards aren't set up correctly.

It is important to balance the game mechanisms, but it may be challenging, especially in the early phases of development of the game. To tackle this
problem, Zhengwei Wang et al[11]. 's research suggests applying Generative Adversarial Networks (GANSs). By using the data from balanced games to
train them, GANs may examine current mechanics and develop new game versions that most likely preserve the balance of the game. But in order to train
the model efficiently, this method needs a large number of data points from balanced games, and there's still a chance that the produced variants will be
out of balance because of the GAN's inherent restrictions.

The study "Learning Player Preferences for Game Mechanics with Inverse Reinforcement Learning" by Kirankumar Shiragur and colleagues investigates
the application of artificial intelligence (Al) to player preference analysis. [12]In the past, it has been difficult to determine how players feel about certain
game mechanics. In order to train a model that analyses player behaviour data, this study suggests employing Inverse Reinforcement Learning (IRL).
Through this data analysis, the model can determine which mechanics users find enjoyable and which ones they steer clear of. The paper does admit its
shortcomings, though. For the model to work correctly, a lot of player data is needed, and it might not be able to fully capture all the subtleties in the
player experience.

Anurag Sarkar 's survey study "Generative Models for Game Design" investigates how Generative Al(artificial intelligence) [13]that generates fresh data
may help with several creative facets of game production. The article provides a more comprehensive picture of how Generative Al techniques are being
used across several game design domains, possibly including mechanics, even though it doesn't go into particular solutions for creating game mechanics.
This shows that, in the game production industry, artificial intelligence (Al) may become more and more crucial in improving workflows and stimulating
creative inquiry.
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Fig 6. Mario levels generated from an initial given segment.

The top level is generated using an initial segment taken from the original Level 1-1. The bottom level is generated using a custom initial segment.[13]
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Fig 7. From left to right, t-SNE visualizations for training segments using VVAESs trained on only Super Mario Bros., only Kid Icarus, and both.[13]
2.3 Dynamic Difficulty Adjustment

The study by Moon, Hee-Seung, et al. [14]investigates how players game difficulties may be customised using Generative Al, specifically with Generative
Adversarial Networks (GANs). Many players skill sets, and preferences are difficult for traditional DDA (Dynamic Difficulty Adjustment) to
accommodate. To modify content and complexity based on player behaviour analysis, this research suggests employing GANs. Envision a gaming
environment or gameplay features that adjust in real time based on your proficiency, generating a customised challenge that keeps you interested. There
are difficulties, though. An enormous quantity of player data is needed for Al training, and there's a chance that the result may be uneven gameplay or
material that deviates from the main idea of the game. In general, this study looks at how Generative Al may be used to customise challenges and make
games more interesting for a larger range of players.

The study "Deep Reinforcement Learning for Dynamic Difficulty Adjustment in Open-World Games" by Robin Lievrouw et al.[15] The large-scale
landscapes and player autonomy of open-world games present a challenge to standard Dynamic Difficulty Adjustment (DDA). This paper puts out a Deep
Reinforcement Learning (RL) solution. In this instance, an Al agent engages with a simulated open environment and gains the ability to adapt the level
of difficulty in real-time according to player actions. By making these changes, the intention is to maximise player involvement. Nevertheless, designing
the Al agent's incentive function is a significant difficulty. What the agent deems "good" difficulty modifications are determined by this function. If not
properly thought out, it could result in unexpected outcomes or changes in difficulty that ruin the general design of the game environment.

The study "Generative Al for Playtesting and Difficulty Balancing in Games" by Robin Hunicke et al.[16] It is customary to playtest games to find the
optimal difficulty level, but this is a time-consuming and resource-intensive process. This study proposes generative Al as a cure. An artificial intelligence
model will be trained to mimic the behaviours of the different player types. Next, data from testing the game at various difficulty levels using this Al
model may be utilised to identify potential balance issues and inform Dynamic Difficulty Adjustment (DDA) algorithms. There is a catch, though. The
accuracy of this method will Greatly be impacted by the Al generated model's limits to copy real-world player behaviour. Should the model fail to account
for a wide range of player skill levels and strategies, important factors that could affect the difficulty balance could be missed.

The problem of more nuancedly adjusting video game difficulty to player skill is addressed in this research paper by Sheng Guo et al[17]. Conventional
games use preset levels of difficulty, which might not change as players get better. A method called generative reinforcement learning is suggested by
the authors. Here, a real-time difficulty curve adjustment is made by an Al agent that evaluates player interactions. The idea is to challenge players just
enough to keep them interested. The paper does acknowledge the difficulties in maintaining system balance, though. The Al must strike a balance between
promoting player exploration of the game's mechanics and utilising their advantages to advance the game as quickly as possible. If the difficulty curve is
not implemented carefully, players may find it unpredictable or frustrating.

The research paper summary Generative Al for Game Design by Pengyuan Z et al[18]. centres on the potential applications of generative Al, or artificial
intelligence that generates new data, in the game development industry. The paper provides a general overview, but it doesn't go into particular dynamic
difficulty adjustment (DDA) solutions. It investigates the application of Generative Al methods, such as machine learning algorithms, to different facets
of game design, DDA being one of them. This shows that Al might become more and more involved in the game development process, possibly improving
workflows and encouraging game designers to explore their creative side.
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Fig 9. Concept of flow applied to a game with dynamic difficulties, the game can adapt its difficulty to fit the player.[15]
2.4 Story Generation

The study "Procedural Narrative Generation with Transformers for Interactive Storytelling” by Frei Knecht J He and colleagues investigates the
employment of Transformer-based models in Generative Al to produce branching narratives in video games[19]. Interactive storytelling is made possible
by these narratives that respond and adjust based on decisions made by the player. Large volumes of narrative data are necessary for this method to
properly train the model, which presents a problem. On top of that, based on what the player does, there's a chance that the Al will create silly or repetitive
storylines. The study, taken as a whole, shows that generative Al has the potential to produce interactive stories in video games, but it also recognises
that more work is necessary to guarantee consistently high-quality and captivating stories.

Wang Y's research study, " Story Ending Generation with Incremental Encoding and Common-sense Knowledge," [20]delves into the application of
Generative Al, namely Generative Adversarial Networks (GANS), to tackle a prevalent obstacle in game development: crafting captivating and varied
story endings. The idea of the paper is to train a GAN model to produce a variety of possible endings depending on the player's decisions and the game's
general plot. This strategy seeks to increase replay ability by providing gamers with various story arcs. The study does, however, recognise how crucial
it is to carefully plan the system in order to assess the created endings. Inadequate assessment techniques may result disappointing conclusions, which
would detract from the overall gaming experience.

The study "Interactive Story Generation with Deep Reinforcement Learning" by Tambwekar P. investigates the creation of new data through generative
Al or Al that tells interactive tales for video games[21]. A major difficulty in interactive storytelling is finding a way to give players control over the
plot while still preserving a coherent overall structure. The idea put out in the study is to train an Al agent via deep reinforcement learning. This artificial
intelligence would have the ability to create narrative components that adapt to player choices and maintain a seamless storyline. The difficulty, though,
is in figuring out the reward function that directs the Al's learning. The article notes that in the near term, the Al may give gamers quick gratification over
long-term narrative coherence.
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The use of generative artificial the difficulties in transferring complex styles. This study is by Zhichao Li We have shown that complicated style transfer
is feasible by creating a specialized dataset with a large language model and then fine-tuning a tiny language model.[22] We are now able to measure the
performance of different models with accuracy and dependability and rank the quality of the generated dataset thanks to the creative evaluation technique.
Numerous tests have shown that tiny language models can produce styled writing that is on par with ChatGPT, and even smaller models, such as T5-
mini, can outperform the most advanced models. The "less is more" remarks are the result of our investigation into the effective development of the
training corpus. This research advances the topic of complicated style transmission and offers insightful information about the significance of data quality.

This research paper summary, titled "Generative Models for Game Design" by Fan A, Lewis M, Dauphin Y explores the potential of Generative Al (Al
that creates new data) for various aspects of game development. While the paper doesn't focus on specific solutions for story generation itself, it offers a
broader perspective[23]. It examines how Generative Al techniques are being applied across different areas of game design, including narrative creation.
This suggests that Al may play an increasingly important role in game development, while most contemporary language models produce word by word
from left to right, writers sometimes rely on blueprints or sketches when writing extended stories. After the text's predicate-argument structure is produced
by the model, placeholder tokens are used to indicate distinct references to the same entity. The predicate-argument structure is then produced as a surface
realization. Adds context-sensitive names and references to the entity placeholders to eventually replace them. The narratives generated by our algorithms
are favoured by human judges over several prior hierarchical text generating techniques.

Context: | am a musician Do you play several instruments? Context: Do you fear death?
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You think death scares me? Haha, what a joke. Death
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Joumey.

I'm not realy imto music. | prefer the sweet sound
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Fig 10. Two examples for personality transfer tasks. Given a context and recommended response with no style, the model is required to generate a
personal response conforming to the persona information [22]
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Fig 11. For different characters Fishl in A and B, Xiangling in C and D, Layla in E and F, and Wanderer in G and H style transfer accuracy and semantics
preservation under varying data volumes are achieved by a model that finds it difficult to eliminate style features and instead resembles an autoencoder
in narrative style transfer tasks. Because StyleLM has denoising at the input stage, it preserves content better.[22]

Table 1: problem statement, advantages, disadvantage.
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designer guidelines.

Authors Problem Statement Advantage Disadvantages

(2023)Jialin - Wu, | Handcrafting engaging and | Generative Adversarial | Requires large datasets of existing

et al.[3] varied quests for games is time- | Networks (GANs): Train a | quests, potential lack of control over
consuming and requires | model to generate narrative | specific quest elements (e.g., difficulty,
significant  narrative  design | structures and content for quests | logic), difficulty in evaluating generated
expertise. based on existing game data and | content quality.

lengthy process.

different artistic styles can be a

existing character designs or
generate variations based on user

(2022)Yugian Creating believable and dynamic | Transformer-based Models: | Requires large amounts of dialogue data
Sun, et al.[4] in-game dialogue can be | Train a model to generate | for training, potential for generating
challenging, especially for open- | contextually  relevant  and | nonsensical responses or repetitive
world games with diverse | engaging dialogue for non- | dialogue patterns.
characters and situations. player characters (NPCs) based
on game world information and
conversation history.
(2022)Ziwvei Creating diverse and visually | Style Transfer GANs: Apply | Limited control over specific style
Liu[8] appealing game characters with | different artistic styles to | elements within the transferred design,

potential for unintended artifacts

introduced by the model.

items like weapons, armor, or
potions can be a significant

model to generate new item
designs based on existing game

input.
(2023)Zhenyu Li, | Designing a large variety of | Generative Adversarial | Requires careful design of training data
et al.[6] unique and balanced in-game | Networks (GANs): Train a | and loss functions for balanced item

generation, potential for generating
unbalanced or nonsensical items.

Young Chung .[7]

suited for Al assistance.

various creative tasks potentially

Generative Al techniques across
different aspects of game design,
including content creation like
quests, dialogue, and characters.

workload. data and user-defined parameters
like item type and functionality.
(2023) John Joon | Game development involves | Surveys the application of | Provides a broader overview, not a

specific solution for a single content
type.

Table 2: problem statement, advantages, disadvantage.

Authors

Problem Statement

Advantage

Disadvantage

Jichen Zhu[24]

Tailoring the gaming
experience to individual players
can be challenging due to the
vast amount of player data.

Personalization Framework: Develop a
framework that analyzes player data
(e.g., behavior, preferences) to
personalize aspects like difficulty,
content, or rewards.

Requires robust data analysis
techniques and ethical
considerations for player data
privacy.

Zhenyu Tang et
al.[7]

Creating well-balanced and
engaging game levels is a time-
consuming  and iterative

process.

Graph Neural Networks (GNNs):
Apply GNNs to analyze existing game
levels and automatically generate new
level layouts that consider factors like
flow and challenge.

Limited control over specific level
design elements (e.g., aesthetics,
storytelling), potential for generating
repetitive or nonsensical level
structures.




International Journal of Research Publication and Reviews, Vol 5, no 3, pp 2707-2718 March 2024

2715

Weiwei Xu et

al.[25]

Balancing game mechanics,
like unit combat in strategy
can be an opaque
due to complex

games,
process
interactions.

Explainable Al (XAl): Integrate XAl
techniques into game development
tools to help designers understand why
the Al considers certain mechanics
unbalanced.

Complexity of developing effective
XAl methods for game mechanics,
potential ~ for  limitations in
explaining intricate balance issues.

Xiaoli Yang[26]

Designing  engaging  and
interactive AR experiences can
be difficult due to the need to
consider real-world

environments.

Deep Reinforcement Learning (RL):
Train an Al agent to learn and generate
AR experiences through trial and error
in a simulated environment.

Requires significant computational
resources for training the RL agent,
potential ~ for  limitations in
generalizing learned behaviors to
real-world scenarios.

Shuailong  Wang
etal.[27]

Hand-crafting game content
can be time-consuming and
limit variation.

Procedural Content Generation (PCG):
Explore various PCG techniques for
automatically generating game content
like environments, quests, or items.

Balancing creativity with control
over generated content, potential for
repetitive or nonsensical outputs
depending on the chosen PCG
method.

Xiaopeng Zhang
etal.[9]

Designing effective immersive
audio for VR games requires

User-Centered Design (ucb)

Approach: Integrate player feedback

Relies on effective user studies and
potential limitations in generalizing

understanding player | and usability testing into the design | findings to a broader player base.
perception and preferences. process for VR game audio
experiences.

Keerti Sheth et | Understanding player | Inverse  Reinforcement Learning | Requires large amounts of player

al.[12] preferences for game | (IRL): Train a model to learn player | data for accurate learning, may not
mechanics can be difficult | preferences for game mechanics by | capture the nuances of player
through traditional methods. analyzing player behavior data. experience.

Results

The field of game creation is fast changing due to artificial intelligence (Al). Al is being used in all stages of the production process, from designing
complex game worlds to coming up with original concepts. The automation of content creation is one important area of influence. Al is capable of creating
enormous, immersive environments, creating gaming characters, and creating soundtracks that change depending on the gameplay. This expedites creation
and frees up time for human designers to concentrate on honing the fundamental mechanics and story.

These are the of ai generated content in gaming market over a period of 5 to 8 years from 2022
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Fig 14. Images of the game Known as Call of duty modern warfare[30]

Conclusion

The report on Al-powered game creation concludes by pointing to a bright future for the sector. The potential advantages are enormous, even though
there are still issues with development costs, creative control, and creating a human touch in storytelling and decision-making. With the creation of
dynamic content and tailored interactions, [27]Al-powered solutions can improve player experiences by streamlining procedures, automating tedious
jobs, and enhancing player experiences. In order to fully utilize Al technology for creating inventive and captivating games, developers and Al experts
must work together and do additional study as the technology advances and becomes more widely available. This cooperative endeavor will play a pivotal
role in molding the terrain of game creation and expanding the frontiers of the interactive entertainment sector.
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