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Evolved Domination
Exploring generative AI in a turn-based video game context
Daniel Persson, Joel Båtsman Hilmersson
Department of Computer Science and Engineering
Chalmers University of Technology and University of Gothenburg

Abstract
This master’s thesis explores the integration of multiple generative AI models into
a turn-based strategy video game to function as a cohesive unit. Generative AI is
an interesting topic in the field of video game development since it allows for the
automatic creation of content. This can, for instance, increase replayability, shorten
development time and enable new game mechanics that were previously impractical.
Developments of these benefits have, however, been limited due to the availability
of high-quality AI models that minimize hallucinations and inconsistencies when
content is generated. To examine this, the strategy video game Evolved Domination
was constructed through a feature-focused Scrum workflow. It utilizes 12 AI model
instances to generate game data, text, images, music and text-to-speech that form a
cohesive experience. The findings are presented through a SWOT analysis conducted
during the project, highlighting 13 strengths, 10 weaknesses, 11 opportunities and
10 threats of integrating generative AI in a turn-based context. These findings aim
to help researchers and developers understand the challenges and potential benefits
of generative AI in games, aiding future research.

Keywords: Generative AI, LLM, LLMGA, local AI, games, turn-based game, strat-
egy game
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1
Introduction

Generative Artificial Intelligence (AI) has received significant attention in recent
years due to its ability to generate new creative content upon request. This capabil-
ity is especially interesting in the field of video game development, where such an AI
can be used to dynamically create new game content during gameplay [1]. The pro-
cedural generation of in-game content can offer enriched player experiences through
unique and personalized content, thereby varying playthroughs and increasing game
replayability [2]. Furthermore, leveraging procedurally generated content in game
development can lead to substantial savings in development time and resources com-
pared to conventional manual content creation methods [1, 3].

Large Language Models (LLMs) are a subset of all generative AI models that spe-
cialize in natural language processing and text generation. This allows them to excel
at a wide variety of tasks, ranging from simple conversations to the generation of
complex states for specialized systems. However, one weakness of LLMs is their
potential to generate information that is considered inaccurate [4]. This inaccurate
information is often called “hallucinations”, which manifest as generated responses
that, despite appearing plausible, lack coherence or logical validity within the in-
tended context [5, 6]. Therefore, finding a reliable way to avoid hallucinations while
being able to consistently control the LLMs will enable LLMs to be used in critical
situations where it is important for the AI to follow rules.

From an academic standpoint, there are numerous reasons why it is interesting to
research how LLMs can be integrated into games effectively. For example, they can
be used as Non-Playable-Characters (NPCs), a game master, procedural content
generator, game mechanic, commentator or player agent [6]. Finding solutions on
how generative AI can be incorporated into games can therefore make advancements
in a multitude of areas concerning game design and advance the game development
field as a whole.

Generative Domination [7] is a prototype video game, previously developed by the
authors, to do research in the mentioned areas above. It is a turn-based strategy
game that utilizes an LLM to generate game states for each round and works suffi-
ciently for a prototype. However, developing the prototype further would allow new
research to be carried out with greater depth than before, since time could be spent
more efficiently. It also gives opportunities to study new areas of generative AI in
games.
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1.1 Purpose
The project’s purpose is to continue development on Generative Domination, a turn-
based strategy video game that utilizes an LLM to procedurally generate new game
states based on a pre-defined ruleset. The game takes place on a map representing
Europe, where players take turns doing in-game actions. After all players have taken
their turn, the individual actions are sent to the LLM, which processes the actions
according to defined rules. The LLM then responds with a new game state presented
to the players. It also aims to incorporate other aspects of generative AI such as
image, music and text-to-speech to enhance the game. This purpose is represented
and guided by the following research question:

How can several generative AI models be utilized together in turn-based
strategy video games to procedurally generate new game states?

Lastly, the project is also developed to create a satisfactory player experience during
gameplay. It will therefore demonstrate the feasibility of developing an enjoyable
game leveraging generative AI to create unique experiences.

1.2 Limitations
Due to time constraints put on the project, limitations had to be considered for the
general scope of the project. It was decided that the game would only take place in
Europe and that no other area of the world would be playable. This is because the
focus is to utilize generative AI inside the project and not map generation. Likewise,
no custom map will be created for players to play on for the same reason.

Concerning the generative aspects of the project, the limitation to only using one
LLM provider throughout the project was imposed. This simplifies development
since it eliminates the need to test different models from different providers when
developing. This limitation excludes other forms of generative AI and is only appli-
cable to the LLM used. Moreover, to make development more effective, the decision
to allow only four base actions inside the game was made. This decreases the num-
ber of pre-defined rules the LLM has to follow and results in time being spent on
improving the four existing actions.

Since this project focuses on exploring how different generative models can be used
inside a game, it was decided that implementing and testing these would be priori-
tized over increasing the fun factor of the game. While the goal was still to create an
enjoyable game, certain features may be sacrificed in favor of exploring generative
AI. Moreover, there are multiple possible game solutions that satisfy the research
question, but only one will be explored and developed throughout the thesis.

Lastly, a choice was made not to implement online multiplayer inside the game. This
choice was made to avoid having to spend time implementing complicated network
code, allowing more focus and time to be spent on the core features of the project.
Similarly, split-screen multiplayer was also determined to be too time-consuming to
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create. Instead, players have to take turns on the same computer, making input
when playing together.

1.3 Contribution
The report aims to contribute to the growing body of research done within game
development concerning the application of generative AI inside games. Specifically,
the focus will be directed towards describing the development process throughout
the project, highlighting areas of improvement and lessons learned from developing
the systems necessary to complete the purpose mentioned in Section 1.1. A compre-
hensive SWOT (Strengths, Weaknesses, Opportunities, Threats) analysis will also
be conducted during the project, providing information on the use of generative AI
in video games and their future potential in the medium.

Moreover, people from other technical fields related to computer science can draw
inspiration from the project on how generative AI models can be controlled and used
in complex systems. This use case can be applied to multiple scenarios other than
games and therefore serves as the main contribution outside the game development
field.
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2
Background

This chapter highlights important background information around games and AI. It
also shows already existing games relevant to the project.

2.1 Procedural Content Generation
Procedural Content Generation (PCG) is a technique that primarily uses algorithms
to generate game narratives, characters, music, levels or terrain, eliminating the need
for manual design [1, 8]. By using PCG, developers can create unique and varied
content without requiring large efforts, while maintaining an engaging player experi-
ence. Initially, PCG was accomplished using simpler randomization algorithms, but
has recently transitioned to use machine learning and generative AI approaches.

2.2 Generative AI
Generative AI models use a machine learning architecture to create new data using
learned patterns [9]. This facilitates the ability to generate new content such as im-
ages, text and audio [1, 10]. Natural text prompts can then generate unique output
based on provided instructions. Different generative models include Transformer-
based, Generative Adversarial Networks (GAN) and diffusion-based [1, 11]. Text
generation is often done using transformer models, while images and audio are of-
ten generated using GANs or diffusion models. Additionally, for these models to
function, they need to be run either locally on a device or remotely in the cloud.

2.2.1 Local models
Local models are capable of running on-device using programs such as Ollama [12]
and Unity Sentis [13]. This approach enables reduced latency, more control, greater
data security and requires no internet connection, but gives less accurate results [14,
15]. Examples of local models are Llama [16], DeepSeek [17] and Gemma [18].

2.2.2 Cloud models
The alternative to running local models is to use cloud models that run on remote
servers and can be accessed through a web UI or via an Application Programming
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Interface (API) using an API key. This enables greater processing power and the
ability to run more complex models, resulting in improved output, but has higher
latency and costs [14, 15]. Examples of these are ChatGPT [19], Gemini [20] and
Claude [21].

2.3 LLMs
Large Language Models (LLMs) simulate natural human-like conversations to solve
coding, summarization and information-gathering tasks [4, 22]. These models ex-
cel at creating context-aware natural responses, making them great for maintaining
coherent conversations. As the LLM space constantly evolves with new models
released regularly, model comparison can be challenging. A website designed for
testing new models is Chatbot Arena [23]. Based on the testing methodology ex-
plained by Chiang et al. [24], the website uses user-driven blind tests to determine
a model score.

Examples of LLMs are OpenAI’s o3 [19] and Google’s Gemini 2.5 Pro [20]. Based
on the leaderboard provided by Chatbot Arena [23], the two LLMs perform similarly,
but Gemini 2.5 Pro performs slightly better, depicted in Figure 2.1. Gemini 2.5
Pro also provides more free API features than o3 and has a long context window
of 1 048 576 tokens compared to o3s 200 000 tokens [25, 26]. Other research also
shows that OpenAIs ChatGPT models are slightly better at conversational tasks,
while Gemini models prioritize information accuracy and take advantage of Google’s
knowledge in the search engine field [22, 27].

Figure 2.1: The highest scoring LLMs on the Chatbot Arena leaderboard as of 25
May 2025 [23].
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Additionally, both models have a structured JSON output schema that helps keep
the responses consistent. Structured output guarantees that models adhere to a
predefined format when responding [28]. This is formatted as a JSON structure
defined by developers when making requests following the JSON Schema standard
[29]. This ensures that each response is consistent and has a predictable structure,
allowing for easier integration with other APIs or systems.

LLMs usually also have other model parameter settings such as temperature, top p
and top k [30]. Temperature, for instance, is an important parameter that controls
how random the output from the LLM is [30, 31]. A lower temperature leads to
more consistent outputs while higher temperatures lead to increased randomness.
This can be seen as how broadly the model uses information from its training data
[31].

2.4 AI in games
Traditional AI in games focuses on how non-playable characters can perform tasks,
for example, decision-making, pathfinding and navigation. To achieve this, the early
AI in games relied primarily on techniques such as A* pathfinding and finite state
machines that NPCs use [32]. Throughout the years, more advanced techniques,
namely behavior-based models, decision trees and reinforcement learning, have been
incorporated, creating improved and more believable NPCs.

Another approach is to use LLMs that can play different roles in games, such as a
game master steering the game’s direction, an assistant giving hints to players or a
ruleset manager controlling the game [6]. However, when an LLM simulates these
roles, it inherits the same hallucination and bias problems found in these models.
This can lead to a degraded player experience if not properly addressed.

2.5 Strategy games
Strategy games can broadly be defined as games that emphasize decision-making and
strategic thinking. In an article about strategy in games, Dor [33] expresses how
strategy is a broad term that can be understood through different lenses. Definitions
focus either on war-based origin or gameplay mechanics that require players to
plan and adapt to the playing field. Strategy games are often designed to give
players multiple choices in which they must anticipate outcomes in combination
with resource management. The genre can also be divided into two subcategories,
real-time strategy and turn-based games.

2.6 Turn-based games
The core idea of turn-based games is that players take turns performing actions
without relying on real-time aspects [34]. Turn-based games minimize the need for
reflex-based actions but require more cognitive effort from players. One downside

7



2. Background

mentioned in the article is that turn-based games create downtime where other play-
ers have to wait for their turn. This can be solved using an asynchronous approach
where players can perform actions simultaneously, giving players less downtime.

2.7 Generative Domination
A turn-based strategy game, developed by the authors, incorporating an LLM, is
Generative Domination [7], as seen in Figure 2.2. This game takes place on a map
of Europe, and the players’ goal is to conquer as many countries as possible. This is
done through natural text and players take turns performing actions such as attack-
ing, researching, creating rules or becoming allies. The game uses an LLM to modify
the game state each round and drive the game forward. Each player’s action is sent
and processed by the LLM, producing unique player experiences each playthrough.
With rule modifications, players can democratically steer the games’ direction using
rule voting. The game also has virtual players that perform randomized actions
based on certain rules, which allow the game to also be played in single-player.

Figure 2.2: The game Generative Domination.

2.7.1 Player actions inside Generative Domination
This section will describe the in-game actions available to perform inside Generative
Domination. It will do this by explaining shortly how they function and what the
results of them are in-game.

Attack

The attack action lets the player attack another country to try and gain control
of it. This is done by selecting a country to attack from and a country to attack
towards, in combination with writing an instruction on how the attack should be
carried out. Depending on whether the central LLM decides the attack is successful,
the attacked country will be occupied.
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Research

The research action allows the player to write an instruction on how they conduct
research to discover and get a new resource in the game. The types of resources a
player can receive from this are up to their imagination. However, the probability
of the LLM approving the proposed research is based on the logic of that item being
able to be researched utilizing the players current resources. The LLM can also
decide to partially succeed a research action, which results in the player receiving
an intermediary item to the desired resource. For instance, an intermediary item
towards “advanced explosives” could be “standard explosives”.

Ally

Unlike the previous actions, the ally action is a multi-round action that does not
utilize any LLMs. An ally action in Generative Domination begins with one player
selecting an already occupied country by another player. The player sending the
ally request cannot attach any message with the request, but it will get sent to the
player occupying the country next round, where they can choose to accept or reject
the alliance offer. Depending on the answer, the alliance will either go into effect
during the next round or be rejected.

One weakness of this system was that, immediately after the selection was made to
either accept or reject the request, neither of the players could visually see in the
GUI that they had officially become allies with each other. They could also not
interact in any special way through in-game systems, and the only way that the
LLM got to know about their alliance was through a list sent to it during round
processing.

Rule

The rule action works by allowing players to propose new game rules that should be
followed by the central LLM. The rule system works throughout multiple rounds by
first allowing the player to propose a rule inside their instruction, which that round
gets validated by a special validation LLM to not break existing rules. If it does
not, the rule will appear in a pop-up window for all players the round after, which
they need to either vote to accept or deny. If the rule gets the majority vote, it will
go into the game, and players will be able to see a list of all currently active rules
inside the “rules” tab shown in the upper-left part of Figure 2.2.

The negative aspects of this action were that it provided subpar feedback to players
regarding whether the rule was accepted or not, and in what step it failed. Gener-
ative Domination did not state if it were during rule validation or rule voting and
instead did not mention anything if it failed. Likewise, when a rule was accepted,
that was also not clearly stated, which could lead to confusion for players.

2.7.2 Limitations of Generative Domination
Since Generative Domination was created in eight weeks, there were several lim-
itations that were not addressed properly due to time constraints. For instance,
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players had no way of knowing which color they were inside the game and instead
had to remember what selection they made inside the main menu, the starting coun-
tries were fixed and always the same, and each country was initiated with the same
two resources. Furthermore, there was no win condition, which resulted in players
playing endlessly, no setting menu to change any settings and in general, lacking
in quality-of-life features such as easy understanding of the GUI and all in-game
systems. Maybe the largest limitation was the impossibility for players to input
their own API key in the game, required for communication with Gemini, making
the game unplayable without having a developer API key.

2.8 Related games
This section presents games related to the research area of the thesis. This includes
different types of published games, mods and games made for AI research.

2.8.1 PANGeA
An example of previous research is the paper PANGeA [35], which created a turn-
based game called Dark Shadows seen in Figure 2.3 that uses procedural artificial
narratives. Their research highlights how generative AI in the shape of dialogue
generation can be used in games to drive narration forward. They also focus on
creating a system for output validation and memory management that allows for
consistent content generation.

Figure 2.3: The game Dark Shadows used in PANGeA research [35]. CC-BY.

2.8.2 Snake story
Another game created for research purposes is Snake Story [36]. This is a co-creative
storytelling game where players control a snake and collect candy to build a story.
Each candy represents a dialogue option with text from an AI or inputted by the
player, seen in Figure 2.4. If the candy is picked up, the story advances. The
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combination of controlling the snake and creating a story makes this game unique
and explores how players react to games with this mix.

Figure 2.4: Screenshot of the game Snake Story with the gameplay to the left and
the story to the right [36]. CC BY-SA.

2.8.3 Vaudeville
An example of a published game utilizing generative AI is Vaudeville [37], seen in
Figure 2.5. This detective game lets players solve murders by interacting with AI-
powered chatbots [38]. The NPCs respond to the players’ natural language input
using special memory and personality techniques. Each response is generated in
real-time in the cloud and gives the player a unique experience.

Figure 2.5: In-game footage of Vaudeville [37].
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2.8.4 Mantella
An example of a more advanced generative AI use in NPCs is Mantella [39]. Devel-
oped as a mod for Skyrim and Fallout 4, this mod allows players to communicate
naturally with characters using Speech-To-Text (STT) or by chatting. The NPCs
also answer using Text-To-Speech (TTS) to convert generated text into speech and
remember information about the player. This tries to create a more realistic expe-
rience while talking to characters in games.

2.8.5 Nomic
Another example that fosters dynamic player interaction is the board game Nomic
[40]. Unlike Vaudeville or Mantella, which rely on AI for interactions, Nomic forces
players to redefine how the game works by modifying in-game rules. Players debate
additions or removal of rules to change how the game is played, enabling unique
playthroughs entirely shaped by the player’s decisions.

2.8.6 Risk Legacy
Another board game is Risk Legacy as seen in Figure 2.6, which evolves over multiple
playthroughs and creates a unique experience each time it is played [41]. It allows
players to modify rules, factions and the game board throughout the game, leading
to a continuously changing narrative.

Figure 2.6: The game board Risk Legacy [41].

2.8.7 Diplomacy
The Diplomacy board game created by Allan Calhammer is a strategic game, illus-
trated in Figure 2.7, where players try to take control over Europe through negoti-
ation [42]. It uses alliance building as a core feature to foster relationships between
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players and strategically maneuver units on a map to conquer other countries. The
constant negotiation creates an environment where trust and deception are crucial
for players to win.

Figure 2.7: The game board of Diplomacy [43].

Additionally, an LLMGA, as presented in Section 3.7, called Cicero was also created
for a digital version of the game to simulate a human player [44]. It uses reinforce-
ment learning, strategic reasoning, dialogue and other techniques to act similarly
to a human player. When playing against other players, the agent blended in, and
only a few real human players suspected that it was an LLMGA playing, fulfilling
its goal of simulating a human player. However, sometimes the agent gave away its
plans or wrote messages containing grounding errors, leading to a subpar gameplay
style.

2.8.8 Project sid
An example of using multiple game agents for cooperation is Project sid developed
by Altera.AL [45]. The project uses a custom Parallel Information Aggregation
via Neural Orchestration architecture called PIANO to simulate more than 1000
autonomous AI agents in the game Minecraft. Each agent has a role in society
and follows rules such as taxation laws. The research shows that these agents can
successfully cooperate, forming civilisations mimicking human behaviors.
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2.8.9 Infinite craft

An example of a game that uses generative AI to create new content on demand is
Infinite Craft [46] displayed in Figure 2.8. Players start with basic elements such as
water, earth, wind and fire, which must be combined to create new elements. The
game checks a database for previous combinations with the same elements and if not
found, a cloud-based generative AI model creates a new element that gets added to
the database.

Figure 2.8: Screenshot of the Infinite Craft game [46].

2.8.10 Oasis

Another example of a game that takes advantage of generative AI is Oasis seen in
Figure 2.9. The game uses a diffusion transformer model and has been trained on
Minecraft gameplay [47]. When receiving input, the game generates a new frame
showing the updated game state in real-time.

Figure 2.9: Image from the virtual simulation Oasis [47].
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2.9 Tools

The section presents different tools in the areas of AI, game development and project
management.

2.9.1 Gemini tools
A tool accompanying Gemini is called AI studio [48], where developers can test
different types of LLM models, temperature, system instructions and configuration.
This allows developers to experiment with different configurations to find appropri-
ate models. Additionally, a tool powered by Gemini is NotebookLM [49], designed
to be a peer researcher providing research aid. This is done through conversations
where users can ask questions about information in academic papers to gain a deeper
understanding of the text.

2.9.2 Game engines
The purpose of game engines is to generalize and simplify common features in video
games such that components and assets can be reused between different types of
games [50]. Components usually present in game engines are, for example, rendering,
physics, input, animation, sound and a game loop.

According to Andrade [50], Ranaweera and Mahmoud [51] and Mohd et al. [52]
popular engines include Unity [53], Unreal [54] and Godot [55]. Unity offers a more
newcomer-friendly editor and a higher-level C# scripting language [50]. This makes
Unity a popular choice among developers entering game development. Unreal, on
the other hand, is known for its hyperrealistic rendering and use of the low-level C++
scripting language, which can be challenging for newer developers [52]. To minimize
this, visual node-based scripting can also be used, allowing new developers to take
advantage of the power of Unreal without requiring them to learn C++. Godot is a
free and open-source alternative giving developers with a low budget, such as indie
developers, the option to not have to pay royalties, as is the case with the other two
engines [52]. It also primarily targets 2D games and has its proprietary scripting
language called GDScript, making it difficult for developers who are not willing to
learn a new language.

2.9.3 Project management tools
The goal of project management tools is to help teams that use agile practices to
organize tasks and be as efficient as possible [56]. Examples of tools are Jira [57],
Trello [58] and VSTS [59]. These use a card-centric approach where cards are placed
on a board to represent the state of the feature and moved from column to column.
Jira and Trello are popular and most appreciated by users, but all of them work
with Scrum and Kanban boards and have support for advanced features [56].
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2.9.4 Version control
A Version Control System (VCS) helps developers keep track of file changes over
time [60]. This is helpful in collaborative environments and allows users to roll back
to previous versions of the project. Examples of VCS software are Git [61], Apache
Subversion [62] and Mercurial [63]. Git is the most popular and brings features that
foster online collaboration. Services that utilize Git are, for instance, GitHub [64],
GitLab [65] and Bitbucket [66].
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Theory

This chapter presents relevant theories for the project, such as different AI techniques
and a SWOT analysis of Generative Domination.

3.1 Transformer models
One enabling factor for today’s landscape of LLMs and generative AI has been
the advent of the Transformer [67]. It is a model architecture built upon neural
networks with an encoder-decoder structure, similar to other neural sequence trans-
duction models [68, 69], but with a new central attention mechanism that outputs
a weighted sum of values based on a compatibility function from the input [70]. In
practice, this means that a transformer model focuses on the most relevant parts of
the input when processing each word, improving its contextual understanding. By
training transformer models to predict the next token in a sentence, they can answer
questions asked [71] through a generation process called inference [72].

3.2 Reasoning models
Recently, a trend emerged in AI development to train LLMs to utilize human-like rea-
soning to formulate an output [73]. These types of models, built on the transformer
architecture, often use an internal prompting technique similar to chain-of-thought
[74] to generate intermediate “thoughts” [75] that are used before finalizing an out-
put [73]. This can enable reasoning models to improve performance on a variety of
tasks compared to traditional models without internal reasoning [76].

3.3 Chain-of-agents
One challenge faced by traditional transformer-based models is to solve tasks that
require long inputs [77]. The simplified reason for this is that the attention mech-
anism inside transformers has a quadratic time and space complexity, making long
context tasks resource-heavy to run. Chain-of-agents (CoA) solves this by splitting
up the underlying data into chunks, which are processed in two main stages together
with the input query [78].
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Figure 3.1: The chain-of-agent structure. The dotted red box is the agent chain.

The first stage consists of a chain of worker agents, illustrated in yellow within Figure
3.1, which each gets a chunk of the input, the input query and the output from the
previous worker in the chain, if not the first worker. The job of a worker agent is to
take these inputs and distill the information down to the next worker. The second
stage contains one manager agent, shown in blue in Figure 3.1, which receives all
accumulated knowledge from the final worker agent. Together with the input query
and a manager instruction, the agent synthesizes this information to generate the
final answer. When compared to other methods of handling long input tasks, CoA
outperforms these [78].

3.4 Mixture of experts

Figure 3.2: Simplified breakdown of the mixture of expert model architecture.
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Mixture of Experts (MoE) is a model architecture, visualized in Figure 3.2, designed
to efficiently scale LLMs to produce increased output quality [79]. It addresses the
computational demands of larger models by employing specialized sub-networks re-
ferred to as experts. When an input is received, a gating network dynamically routes
inputs to the most relevant experts depending on the type of MoE [80]. A dense
MoE activates all experts to different degrees while a sparse MoE activates only a
subset of experts [79]. A sparse MoE is therefore more computationally efficient,
making it especially relevant for LLMs. MoE allows models to have increased capa-
bilities compared to models without it, while still having the same computational
cost required, making it an effective way to make models more powerful [79].

3.5 AI hallucinations
Generative AI models can sometimes generate responses that are undesirable and
considered wrong by humans. This phenomenon is often called hallucinations and
refers to when models function correctly but generate outputs outside their desired
behavior [81]. Although not inherently harmful [82], generating false information
that reads as plausible can be problematic in that it often can be trusted by mistake,
which then can be harmful. Avoiding hallucinations is therefore preferable, and
having a robust system that either detects them or handles them gracefully can
help alleviate the issue if they do occur.

3.6 Prompt injections
Prompt injection is a method used to manipulate or override the original behavior
of LLMs [5], aiming to change how a model behaves. The malicious inputs trick the
LLM into interpreting the input as a new command or instruction instead of follow-
ing the existing rules to generate output [83]. Consequently, the source highlights
that it can lead to output that deviates from the model’s original purpose and be
considered a security risk.

3.7 LLMGAs
Large Language Model-Based Game Agents (LLMGAs) provide games with a sim-
ulated player, allowing for behaviors similar to humans [84]. These agents use cus-
tom memory, reasoning, action execution and game perception to simulate human
behavior in games. Challenges for LLMGAs include proper environment grounding,
knowledge discovery and emotional depth [84]. Moreover, a concrete example of an
LLMGA in the game Diplomacy called Cicero is mentioned in Section 2.8.7.

3.8 SWOT analysis of Generative Domination
A SWOT analysis of generative AI was carried out during the Generative Domina-
tion project [7]. It highlights strengths, weaknesses, opportunities and threats of
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generative AI inside the Generative Domination game. The AI offered strengths
in reducing the work needed to develop dynamic and diverse storytelling, enhanc-
ing replayability by autonomously creating unique narratives that adapted to the
player’s actions. Weaknesses include challenges in how to effectively control the AI
model, ambiguity in knowing where errors arise when issues happen, vulnerability to
prompt injections and latency in LLM response times. Opportunities can be found
in expanding PCG beyond narratives to include other modalities such as images and
sounds, creating adaptive game experiences tailored to player styles and applying
similar AI-driven game state update methods to other game genres. Threats include
the potential job loss of game developers due to AI’s ability to generate creative con-
tent at scale, risks of AI hallucinations providing false answers in critical situations
and the presence of built-in biases in LLMs that could affect game fairness.
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Methodology

The following chapter describes different methodologies that can be utilized through-
out game development projects. This includes research through design, agile meth-
ods, iterative design and more.

4.1 Research Through Design
Research Through Design (RtD) defines how research can be conducted by produc-
ing and experimenting with design artefacts to explore new ideas [85]. The article
describes the approach as a creative and flexible process that obeys traditionally
strict scientific methods. RtD aims to create more open-ended answers focusing on
exploration and speculation rather than verifiable or falsifiable theories, enabling
more creative solutions. However, the downside of not creating verifiable or falsifi-
able theories can be that it is challenging to assess the validity of the research.

4.2 Wicked problems
The concept of wicked problems [86] was introduced by Rittel and Webber in 1973
and defined a new set of problems separated from normal tame problems. Tame
problems can be clearly defined, have a defined solution and can be solved using
a straightforward problem-solving process. In contrast, wicked problems are ill-
defined, deeply intertwined with other problems and often have no solution, making
it challenging to handle. To distinguish wicked problems from tame problems, ten
characteristics were created [86]. These include aspects such as no definition of done,
no definitive formulation of a wicked problem and every problem being unique.

4.3 Agile working methods
Agile working methods refer to iterative software development with small, rapid
cycles, where customers and developers cooperate via a well-documented, straight-
forward method that is straightforward to learn and is adaptive to allow for changes
during development [87]. It originates from an agile development manifesto [88] and
focuses on putting people at the center of development, working software over com-
prehensive documentation and highlighting the importance of being able to respond
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to changes instead of only following a plan. The sections below demonstrate a few
of these methods.

4.3.1 SCRUM
Scrum is a well-known agile work method that emphasizes flexibility, collaboration
and iteration [89]. It utilizes a series of iterations, called sprints, during which
project development takes place [89, 90]. In each sprint, work is divided into small
manageable tasks picked from a backlog of defined tasks [87, 91]. These are worked
on during the sprint, with progress being tracked through regular check-ins and
demos. A sprint review and sprint retrospective are done at the end of a sprint to
inspect outcomes and discuss working improvements before the next sprint starts
[91]. Based on this feedback, Scrum adapts the project plan continuously throughout
the project, focusing on quick delivery of a functional product, avoiding extensive
upfront planning [89].

4.3.2 Kanban
Kanban is another widely adopted working method that centers around maximizing
work efficiency by visualizing task flow throughout a project [92]. This is accom-
plished through a Kanban board, which represents phases throughout the process
linearly with an “In progress” and “Done” step for each [93]. During development,
a Kanban card starts from a backlog and progresses through each phase sequen-
tially until it is finished. Tasks are continuously worked on without having a strict
structure compared to Scrum [94].

4.3.3 Feature driven development
Feature Driven Development (FDD) is an agile method that differentiates itself from
Scrum and Kanban, which focuses on the entire software development process, in
that it exclusively focuses on the design and building phases of development [95]. It
consists of five sequential processes [87], the first three focus on feature definitions
and planning, and the last two on iterative feature development.

4.4 MoSCoW model
The MoSCoW model illustrates how to divide and categorize tasks into different
tiers depending on the importance level of the feature. These levels are “Must-
have”, which are tasks that must be completed for the project to be considered
successful, “Should-have”, which are tasks that are non-essential but expected for
the final product, “Could-have”, which are tasks that have low priority and can be
implemented if time allows, and “Won’t-have”, which are tasks that will not be in
the final product but may be considered in the future [96]. The MoSCoW model
is an effective way to guarantee that a project delivers a Minimal Viable Product
(MVP) even if the time and difficulty level of all tasks are underestimated at the
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start [97], making it especially useful when combined with agile methods that rely
on task representations.

4.5 Iterative design
The iterative design process is a methodology mostly used in software or product
development to design, test and refine a product [98]. It is a cyclic process divided
into four stages that support constant improvement, as seen in Figure 4.1. The first
stage is concept development and includes ideation and brainstorming. The next
stage involves prototyping and designing, followed by a user testing stage where the
artifact is tested on real users. Lastly, user feedback is analyzed and evaluated to
identify areas for improvement and strengths.

Figure 4.1: The cyclic nature of iterative design [99]. CC BY-SA 4.0.

This process enables benefits such as improved user satisfaction due to the constant
feedback loop, quick iteration cycles where features can be quickly implemented and
reduced risk of project collapse because of improper early testing on users [98].

4.5.1 Double diamond
Another design process is the double diamond process, which is divided into four
phases: discover, define, develop and deliver seen in Figure 4.2 [100]. These phases
leverage the designers’ divergent and convergent thinking abilities. The first phase
focuses on discovering user needs, ideation and gathering insights for the problem.
The next phase includes interpreting needs and idea selection to create an improved
problem definition. Following this, the develop phase includes finding methods on
how to bring the product to fruition. The last phase is to produce and deliver the
end product.

4.5.2 Ideation
Design ideation is the process of forming, developing and discussing ideas to come to
a consensus [102]. Ideas are central to the design process and can be either abstract,
visual or concrete. A few ideation methods include brainstorming, brainwriting
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Figure 4.2: Double diamond design process. [101]. CC0.

and Crazy 8. Brainstorming aims to produce numerous ideas through collective
discussion where wild ideas are expected and criticism is avoided [103]. Brainwriting
can be performed in many different ways but focuses on writing down ideas silently
without discussion, leading to a wider range of ideas [103]. Lastly, Crazy 8 is a type
of brainwriting where designers individually generate eight ideas in eight minutes
[104].

4.5.3 Prototyping
Prototyping aids designers to innovate, collaborate and test designs in a concrete
and creative way [105]. Prototypes help in decision-making to determine whether
an idea is worth pursuing or not. A specific type of prototyping is rapid prototyping,
which allows for quick and inexpensive concretization of ideas. Moreover, prototypes
can either have low or high fidelity, catering to different testers. Low-fidelity requires
more domain knowledge and an understanding of the application. Meanwhile, high-
fidelity is more developed and allows for complex interaction.

4.5.4 Evaluation
Evaluation is the process of methodically assessing work done by collecting and
analyzing information to answer questions about the efficiency or effectiveness of
the work [106]. Two common methods for evaluation are formative and summative
evaluations [107]. Formative evaluations are typically used throughout the project
or at the midpoint, creating an opportunity for reflection and improvement during
the project. In contrast, summative evaluation is performed at the end of a project,
evaluating the project in its entirety, limiting options for improvements and only
reflecting on what has been done.

4.5.5 User testing
To gather evaluation data, user testing is often done with users to receive input on
the created artifact. This can be done through a multitude of different methods,
but is often divided into two categories, qualitative and quantitative testing [108].
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Qualitative methods usually focus on an individual’s subjective experience with
the artifact, whereas quantitative methods gather multiple data points about the
artifact, which are then analyzed. Below are a few different methods that can be
used while user testing.

Interviews

Interviews are considered a qualitative information gathering method [109] and come
in structured, semi-structured and unstructured formats [110]. The main difference
between these formats is how the interview questions have been prepared and how
much freedom the interviewer has to openly ask unprepared follow-up questions to
interview answers.

Observation

Observations are also considered a qualitative method [109] and can be done in a
“non-reactive”, “reactive” and “participant” mode [111]. The non-reactive mode
allows no intervention from researchers, the reactive mode allows for intervention
but only as the role of an outside observer [111], while the participant mode allows
the researcher to be an active member in the study [112]. Moreover, the “think
aloud” process can also be utilized to further get to know the thinking process of
the participant [113].

Questionnaire

Questionnaires are considered a quantitative information-gathering method and are
a series of structured questions provided to the participant [114]. Questions can
follow different formulas, such as being open questions, a Likert scale [115] and
multiple choice questions. There also exist standardized questionnaires such as the
Multi-Dimensional Measure of Trust (MDMT) [116] and the System Usability Scale
(SUS) [117], commonly used to measure subjects in different areas.

4.6 Supervision
Having supervision facilitates discussions to occur about the work done within a
project with the aim of refining the result of it. An experienced person often acts
as the supervisor and communicates knowledge about the project area down to the
supervisees who work on the project. Effective use of supervision, therefore, helps
guide the supervisees throughout the project and functions as an opportunity to
gain new knowledge in the project field [118]. The bond between supervisor and
supervisees is often characterized by mutual respect due to their common goal of
co-creation and knowledge gaining [119].
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Planning

Since this thesis originated from the authors’ previous project, Generative Domi-
nation [7], knowledge gained could be carried over between the two. This included
insights into the area of generative AI, related games and the development process
as a whole. This resulted in a quicker start to the project compared to if it had
started from nothing, but it also resulted in having already defined ways of working,
which would be hard to change.

This chapter provides an understanding of the workflow and tools planned for the
thesis based on the knowledge gained from the Generative Domination project. It
will also present an initial time plan to work with and discuss the societal and ethical
aspects of generative AI inside games.

5.1 Planned workflow
During the Generative Domination project, no strict working method was directly
used to develop the game. Although this resulted in quicker overall development, it
also caused problems with tracking progress throughout the project and not having
a clearly defined working structure. Since the authors have worked with similar
projects utilizing a Scrum-based workflow before, it was also decided to be used when
working with this thesis to more effectively handle documentation, track progress
and have a fixed working structure to follow.

Moreover, to prioritize the tasks within the Scrum-workflow, the MoSCoW model,
mentioned in Section 4.4, was decided to be utilized since it results in a feature
prioritization that ensures a minimal viable product and generally keeps the work
relevant. The exact details for how the Scrum-based workflow would function and
how features would be prioritized would be decided at a later stage inside Section
6.1.

5.2 Planned tools
To complete the project, several tools were needed to create and manage it. Inside
Generative Domination, Gemini was used as the LLM. As discussed in Section 2.3,
both Gemini and ChatGPT provide similar performance, but Gemini is free and
provides a large context window up to 1 048 576 tokens. This larger context window
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is useful to have as it allows the AI to parse the entire round history data when the
game is played. This improved its comprehension of the game flow and remembering
what had happened throughout a play session of the game. Gemini also supports
structured output, which helps when the response is parsed from the AI. Because of
these reasons, the Gemini models were planned to be used throughout the continued
development.

Two tools related to Gemini are Google AI Studio and NotebookLM, mentioned
in Section 2.9.1. AI studio proved invaluable during Generative Domination as it
provided a testing environment to try different Gemini model versions, prompts
and system instructions without having to implement code functionality first. This
reduced development time and was planned to be utilized further. NotebookLM was
decided to be used as a tool to help understand research papers to a greater degree.
It allows for a conversation about the contents of added papers, which would help
deepen the understanding.

The final use of Gemini that was decided upon was to use it as a peer reviewer
to proofread text inside the report and to provide an alternative perspective. This
would allow for a quicker time working with the report and more nuanced views
brought up throughout it. However, it is important to emphasize that the final text
would always be written and checked by the authors.

Development was decided to be done in the game engine Unity as it provides an easy-
to-use interface and high-level programming language compared to other engines
discussed in Section 2.9.2. The Generative Domination game, explained in Section
2.7, was also developed using this engine, making it an obvious choice to continue
with.

To manage features and tasks in the project, Trello [58] was decided to be used. As
mentioned in Section 2.9.3, it is straightforward and efficient to use, and the authors
have previous experience with it. To keep track of changes in the codebase, the VCS
service GitHub [64] was chosen as it allows for seamless online collaboration and is
well known by the authors. It was also the VCS used for Generative Domination.

5.3 Initial time plan

Figure 5.1: The initial time plan created.
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An initial time plan was created that would contain a rough plan on how the time
would be spent on the thesis. It can be seen in Figure 5.1 and contains elements
such as work on the planning report, must-have, should-have and could-have features
originating from the MoSCoW model, work on finalizing the report and preparation
for the final presentation. Since it is an initial time plan, it was expected to change
and become more detailed as the project progressed.

5.4 Societal and ethical aspects
Generative AI in video games poses a broad range of societal and ethical challenges,
such as fairness, biases and transparency. The datasets used to train LLMs are
often large and comprehensive, but can still contain certain societal biases [120,
121]. This can be manifested in the content of the game and lead to narratives that
favor certain demographics or viewpoints. If this is very prominent, it can lead to
bias reinforcement and stereotypes in games.

Moreover, as presented in Section 3.5, LLMs have the potential to spread misinfor-
mation due to their inherent risk of producing hallucinations that appear plausible.
This causes the LLM to sometimes output factually incorrect information and may
provide inaccurate responses [6]. Solutions for this might include filtering the AI
output to minimize hallucinations, but this itself can introduce developer biases.

Another issue is the sustainability concern. Generative AI requires a large amount
of processing power to both be trained and run, which contributes to high energy
usage [6]. This can lead to an increased carbon footprint, especially if run using
non-renewable energy sources.

Lastly, advancements in AI have both negative and positive societal aspects in the
job industry. Generative AI has the potential to create new creative content without
human intervention, which leads to increased productivity and efficiency for the
company, but offloads work from humans [122, 123]. However, this can lead to job
displacement and major changes in the labor market for content creators such as
developers or artists and especially for people who work with routine tasks [123].
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6
Process

This chapter will cover the process of planning and managing the thesis project
from initial pre-development stages to the final development stage. It is structured
according to the timeline of the project, where each point is written in sequential
order based on when it was completed.

6.1 Pre-development
The following sections will describe the initial work done before game development
could be started, building upon Generative Domination [7]. This includes how the
project literature study was carried out, how the Scrum-based iterative workflow
would function, the categorization of initial features, the creation of a reworked
time plan and a preliminary SWOT analysis that was produced.

6.1.1 Literature study
A literature study was conducted at the start of the project to gain a deeper un-
derstanding of the research area. As generative AI in games is a relatively new
area, most research found was between 2020 and the present year. Additionally,
the authors had previous knowledge in the area, aiding in knowing which papers
are more relevant. Initially, proceedings from the conference Foundations of Digital
Games (FDG) between the years 2017 and 2024 were analyzed. More specifically,
proceedings in the categories regarding artificial intelligence, such as Game Artificial
Intelligence and Artificial and computational intelligence for games, were examined,
resulting mainly in the discovery of three relevant papers connected to the research
area. It was challenging to find many papers related to generative AI in games
due to its novelty, so the methods and results from these papers were mostly used
to guide further research into the field. The papers by Yang et al. [36], Treynor
and McCoy [124] and Earle et al. [125] included methods and results relevant to
generative AI in games.

Based on this research, another method was used to search academic databases
such as ACM, IEEE and Google Scholar with certain keywords. The following
search terms and keywords were used: “LLM in video games”, “Generative AI in
games”, “game state modification using generative AI”, “turn-based games and rule-
set”. These were either created by the authors or found in other papers. This search
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phase led to finding additional related papers and games that researchers have cre-
ated to perform their research. Examples of these were PANGeA [35], Game AI [32]
and Cicero [44].

Lastly, Gemini and AI studio were used to refine the current literature study by
finding additional papers using the feature “search on the web” and prompting the
model. Prompting was constructed to find relevant papers in a specific area, for
example, “Find me ten academic papers focusing on how LLMs are used in video
games”. After receiving a response, the sources were examined manually to ensure
relevancy and quality. Sometimes the AI responded with inadequate or inaccurate
sources. Still, other times, it led to finding high-quality sources in a specific area
that was missed during normal searches beneficial to the thesis. Two examples being
[6] and [121].

In all cases, for longer and more complex papers, Notebook LM, as presented in
Section 2.9.1, was used after reading the paper to have a conversation with the text,
extract more information and get a deeper understanding of the content.

6.1.2 Scrum-based iterative workflow
After having decided upon a Scrum-based workflow at the planning stages of the
project, further details of how to work with it had to be decided. Scrum leverages the
benefits of agile development methods, discussed in Section 4.3, to enable feature-
driven development. These features would be prioritized using the MoSCoW model,
as mentioned in Section 5.1, to help development focus towards the project goal.
The Scrum-based workflow could also be connected to Research through Design
(RtD), explained in Section 4.1, in that the features can be seen as design artifacts
that are produced and evaluated for each sprint, informing future sprint iterations
how to best continue and gathering research data.

Another benefit of deciding upon the Scrum-based workflow is its effectiveness in
helping tackle wicked problems. Since it is impossible to define a single solution for
the end goal of the project, the development of the game can be seen as a wicked
problem mentioned in Section 4.2. However, the iterative nature of Scrum allows
the project to be responsive and change depending on the situation and therefore
better handle the solution space of wicked problems [126].

Figure 6.1: Depiction of the work process during a sprint.

Figure 6.1 visualizes a sprint in the Scrum-based iterative workflow chosen during
the project. The following two sections provide a description of this cycle.
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Sprint Structure

It was decided to structure the one-week sprints to include planning, meetings,
standups, review and retrospective. The sprint would begin with a planning meet-
ing to discuss the current backlog and pick out new tasks for the sprint. In the
middle of the sprint, a regular meeting would be held that includes subjects such
as an agenda, meeting goals, reports, discussion points, meeting results and a list
of things to do before the next meeting. At the end of a sprint, a review and ret-
rospective meeting would be held in combination with each other to demonstrate
the new features developed and evaluate the working methods used. Additionally,
quick five-minute standups would be held each day, either physically or digitally, to
keep each other updated. In the context of wicked problems, having these meetings
would keep developers in sync and help to identify unforeseen large features or tasks
before they become unmanageable.

To have a clear project management structure, it was decided that tasks in Trello
should have a unique identifier containing a number and the name of the feature.
When starting with a task, this identifier would be used as a branch name in GitHub,
making a clear connection between tasks in Trello and code in GitHub. The different
task phases in Trello would follow a sequential order and be backlog, todo, in progress,
testing, writing and done. A single task would therefore start in the backlog, move
over into the todo phase during sprint planning, be developed during in progress,
moved to testing when implemented correctly, written about inside writing and
finally be completely done in done. For a task to be written about inside the report,
it was decided that both members need to agree that it is relevant to include inside
the report, during the sprint end meeting. The task must then be written about
during the upcoming sprint.

Evaluation and user feedback throughout the project

To gather formative data throughout the project, it was decided that the developers
would take a questionnaire at the end of each sprint to help analyze project trends.
This questionnaire, more accurately described as a feedback form, was thought to
be consistent throughout the project and include questions related to game quality.
This could then be used to evaluate the previous sprint to better understand how
newly added features would affect the game. This was thought to ensure that the
workflow could remain responsive since the insights gained from each iteration could
steer further development. Moreover, in the context of RtD, this evaluation was
also thought to help assess the effectiveness of different solutions implemented and
provide more research data.

To incorporate external perspectives on the project, the decision to conduct external
playtesting was taken. This would function the same way as described above, but
with the difference being that external evaluation was planned to only be conducted
every other week. This could uncover inconsistencies and biases in the internal
testing that may form based on extra developer knowledge and further help the
project progress.
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External testers were planned to be picked using convenience sampling [127] and
mainly fixed throughout the project. This would help the authors observe trends in
answers since the fixed testers could recall and answer based on how they experienced
the game compared to prior playtesting sessions. However, other “one-off” testers
would also be allowed throughout the project to gather further feedback and views
from people who have not previously played the game.

6.1.3 Feature categorization
As described in Section 5.1 and 6.1.2, the project was divided into features catego-
rized into must-have, should-have and could-have according to the MoSCoW model
[96] mentioned in Section 4.4. These features were classified into one of four groups:
AI, Game logic, GUI or Player system to represent different aspects of the game
functionality. The group AI contains features related to the generative AI compo-
nents, and the group Game logic includes core features connected to how the game
operates. GUI encompasses all interactive visual elements and Player system covers
features related to player interaction.

These features were created during a brainstorming and planning session based on
features Generative Domination already had. Throughout the project, these features
could change or be prioritized, and new ones added.

Table 6.1: Must-have features.

Must-have
AI Game logic GUI Player system

Expert AI:s Turn validation See current allies Player color
Randomize

country resources
Message system API key input Rule voting for

virtual players
Win condition Attach resources

to actions
Simulate rounds

Table 6.2: Should-have features.

Should-have
AI Game logic GUI Player system

LLMGA
exploration

Resource trading Story history Music

Modify game
parameters

Loading screen
between AI turns

Improved control
scheme

Generate AI
images for
narrative

Display country
resources on map

Resource trading
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Table 6.3: Could-have features.

Could-have
AI Game logic GUI Player system

Local LLM
models

Dynamic music
control

Improved
navigation

Voice input

Generate AI
narration for

story

Round history

Customizable
environment

Different map
shaders

6.1.4 Reworked time plan
After the feature categorization was completed, the time plan from Section 5.3 was
reworked and built upon based on the progress so far. The must-have, should-have
and could-have sections were changed to not overlap with each other, and external
playtesting and SWOT analysis writing were added to it. The last addition was to
add time for opposition preparation at the end of the project. This time plan can
be seen in Figure 6.2 and would serve as a guide throughout the entire thesis project
to know roughly how well the project was going.

Figure 6.2: A time plan containing time estimation of important phases in the
project.

6.2 Preliminary SWOT analysis
The SWOT analysis from the previous project Generative Domination resulted in
general conclusions and key takeaways. Based on these and the literature study, a
first version of the analysis can be done, highlighting strengths, weaknesses, oppor-
tunities and threats.

6.2.1 Strengths
• Reducing the work needed for generating dynamic and diverse game narratives.
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• Enhanced replayability due to creating unique narratives based on player ac-
tions.

• Long context allows the LLM to keep large amounts of information available
at all times.

• LLMGAs is plausible to create in turn-based video games similar to Cicero,
mentioned in Section 2.8.7.

6.2.2 Weaknesses
• Difficulty in controlling output from the LLM

• Susceptible to prompt injections

• Requires a constant online connection for development to send API requests.

• When LLMGAs are using a message system, they might give away their plan
or write messages with grounding errors.

6.2.3 Opportunities
• Mixture of experts is good at delegating specific tasks to experts in that area.

• Chain of thoughts helps AI models internally think and reason.

• LLMGAs have the potential to be integrated into the game.

• Can be expanded to include other modalities such as image or sound genera-
tion.

• Potentially integrate generative AI in other games.

• Latency in LLM response times.

6.2.4 Threats
• Potential of job loss as generative AI can generate content.

• Hallucinations of generative AI models can lead to false answers, misleading
players or degrading player experience.

6.3 Sprint 1-2: Starting up MVP
As mentioned before, the project used Generative Domination as a base of develop-
ment, which meant that development started from it. Since Generative Domination
had technical debt, the focus was on fixing these issues during the first two sprints.
Initial playtesting was also done for the Generative Domination game to create a
better understanding of what should be done.

Additionally, four new features were devised called “Randomized starting countries”,
“Loading screens”, “Improve main menu” and “AI model selector”. These were not
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implemented during these starting sprints but were added as planned features for
the project.

6.3.1 Player colors
One prominent problem observed inside Generative Domination was the confusion
players had when knowing their assigned color during gameplay. As seen in Figure
6.3a, there are colors on the world map, representing each player, but no indicator
inside the Graphical User Interface (GUI) to know which color corresponds to the
correct player. To help with game understanding, a colored border around the top
player indicator was added to signal which color the current player has. The resource
panel also shows the color of each player through a colored line under the player’s
name. The addition of player colors to the GUI can be observed in Figure 6.3b.

(a) In game GUI inside Generative Domina-
tion.

(b) In game GUI after player colors was added
to it.

Figure 6.3: Before and after player colors were added to the GUI.

Inside Generative Domination, two main classes control the core game loop. A
GameManager and a CanvasManager. The GameManager processes and stores all
data during the game and collaborates with the CanvasManager, which controls
the GUI and takes canvas input from the players. Communication between the two
classes is done mainly through two structs that hold relevant communication data.
It was by adding a player-color field to one of these structs that the CanvasManager
could color the GUI appropriately.

6.3.2 Randomized country resources
In Generative Domination, there exists a system that gives players certain country
resources based on the countries they occupy. However, as quickly mentioned in
Section 2.7.2, the problem was that each country would have the same resources,
leading to players constantly acquiring the same resources. Therefore, to increase re-
source diversity, an LLM was decided to be used to generate logical resources for the
countries. A new concept was also created, called an AI instance, which represents
a specific component that uses generative AI. This country resource randomizer AI
instance was constructed to receive a list of countries and generate two resources
for each country. To implement this, a rework was first performed to create an
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extensible architecture where developers could easily create new AI instances with
specific configurations and system instructions. In Generative Domination, all the
different AI requests were handled by one class called “Gemini.cs”, breaking the
Single Responsibility Principle [128]. Work was therefore done to move the code
of all AI instances into their own separate classes and make the Gemini class more
generic.

After this rework, a new AI instance class was created that inherits all functionality
from the Gemini class. To enable consistent outputs from the AI, a strict response
schema originating from the internal structure was added:
[

{
" CountryName ": " Sweden ",
" CountryResources ": [],
" CurrentlyOccupying ": []

}
]

The configurations also included this system instruction to describe how the AI
should respond:

You should act as a country resource randomizer for populating each
country in a list of countries with resources. You will be given a list of
countries and you should come up with 2 resources per country.

Lastly, code was added to run this directly at game launch, so resources would be
ready before starting the round. Now, the system randomly generates two resources
the AI deems relevant per country. When testing, this seemed to result in diverse
resources and a richer player experience.

6.3.3 Manual API key input
To communicate between the local game and the cloud-based Gemini model, re-
quests were sent via an Application Programming Interface (API) to Google Cloud,
which provides a response. To access the Gemini API, an API Key is required to
authenticate the client of the cloud service. Since using an API can cost money, it
is often the best practice to hide or avoid uploading a key so that other users with
ill intent cannot find and use it maliciously.

Inside Generative Domination, the API key was read from a special token file never
uploaded to GitHub. This worked well during development, but if a build of the
game was made, the API key had to be hard-coded into the game for it to work.
This was not optimal because if the game were to be published in this state, the API
key could be compromised. To avoid this issue, a system was created that would
allow players to manually input their API key when playing a build of the game.

The system works by first checking if a key can be loaded from the token file used
inside Generative Domination. The file is still used to avoid having to input the
key during development. However, if not found, as in the case when the game is
built, the main menu prompts the user to input a Gemini API key into a text field.
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(a) No API key. (b) Incorrect API key. (c) Verified API key.

Figure 6.4: The different player models used under development from placeholder
to final version.

When done, a verification system is triggered that tries to verify the API key before
allowing players to start the game. Figure 6.4 shows how the field responds to
different API key states inside the game.

Figure 6.5: Overview of the API verification system.

As seen in Figure 6.5, the verification system functions by first sending a request
to the Gemini 2.0 Flash Lite AI model and waiting for its response. It is Google’s
fastest LLM in the family of Gemini models, which is why it is used here to increase
the verification speed. However, if it fails, the system also tries calling the Gemini
2.0 Flash model as a fallback option to give it a second chance of verifying. The
reason for this is that during development, it was observed that the Lite model was
sometimes unavailable due to high demand. This would then stop the verification
process even if the API key was correct. Adding the second model to test reduced
this possibility and made the API verification system more robust.

Lastly, there was now the possibility that the API key would not be loaded when
the game started. The timing for when to randomize country resources had to be
changed to do it after the API key is verified. The Gemini model was also changed
from the Flash model to Flash Lite to make the process quicker.

6.3.4 Round-based game length
As explained in Section 2.7.2, Generative Domination lacked a win condition and
could continue forever. Therefore, a system was created to display a winner at the
end of the game after a specific number of rounds has passed. This was done by
introducing a new variable indicating the maximum number of rounds the game will
run for. To change the variable, a slider in the main menu was added. Additionally,
a victory pop-up was created to be used when the game is over. The inspiration for
this was to imitate the functionality and design of a typewriter, adhering to the old
war graphical style in the game.
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Figure 6.6: Victory pop-up showing a typewriter and a paper with the winning
player and a leaderboard.

The typewriter and victory pop-up can be seen in Figure 6.6. The typewriter, paper
and text are animated. First, the typewriter moves up from the bottom of the screen.
When in position, the paper starts to appear from behind the typewriter. Addition-
ally, the text is printed with a tiny delay between each character print, simulating
the machine writing out the text by typing each character. All of these animations
were accomplished using Unity coroutines and a linear interpolation to move the
objects from one position to another, except the text printing, which required no
movement. Sounds were also added when each character was printed, and a “ding”
sound was made when the typing was done. The algorithm for calculating who won
takes all players and counts which one has the highest number of occupied countries.

6.3.5 Deterministic players
As noted during the Generative Domination project [7], it was challenging to effec-
tively test and evaluate the AI models used inside the game since it always produces
a different result every gameplay session. To keep the testing consistent and only
observe changes to the output, an instruction set had been written that would be
manually inputted into the game before evaluating it. This resulted in a simulation
of the game with consistent input for two players taking three turns before the state
of the game could be evaluated.

One big problem with this method of simulating rounds, however, was the inefficien-
cies of manually inputting each action into the game every time the game would be
evaluated. To avoid this issue, an idea to utilize the existing virtual player system
found inside Generative Domination to automatically input these instructions was
conceived. This was thought to be the easiest solution to the problem since it would
not require a whole new system to be implemented for round simulations.
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Figure 6.7: Simplification of the internal game loop during the game rounds.

During one round of Generative Domination, each player takes one turn where they
can input their action, vote on rules and answer pending ally requests. To facilitate
this, two main classes, these being the Canvas Manager and the Game Manager,
work together to form a loop where the inputted data is revived, stored and reset
for the next player to do the same. Figure 6.7 simplifies this code execution flow
and shows the stage where the player does their action inside the game. The virtual
player system substitutes this step with a virtual player turn, which automatically
can produce all required inputs during a player turn. This system was used to create
computer player bots that could be added to the game instead of real humans and
would simply randomize their actions to simulate a player.

To utilize the virtual player system for the simulation of game rounds, a new type
of player, called a deterministic player, was created. In comparison with the already
existing computer player that uses the same system, a deterministic player has
predefined actions and instructions automatically selected based on which round
it is. The pre-defined data was gathered through a playtesting session where five
people played a game for seven rounds before finishing. A log file of all player
inputs throughout all seven rounds was then saved and used as round data for the
deterministic players. Gathering the data this way allowed for a realistic data set of
a real play session to be used as a basis for further game testing and evaluation in
an automated setting.

After the system was implemented, an improvement to the virtual player system
was made to allow it to handle rule voting. Before this, virtual players could only
attack, research and answer ally requests, but after this update, rules could be
voted on. Moreover, a bug was also noticed inside the virtual player system when
instructions for an action were being set. Instead of it being set correctly, it was
being overwritten with an empty string, resulting in only the action going to the
AI model. This was fixed such that it sends both the action and its corresponding
instruction to the LLM.
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6.4 Sprint 3-4: Finishing MVP
These sprints focused on finishing up the remaining must-have features. The largest
feature of these was to analyze the internal AI system and identify what improve-
ments could be made. It was also decided to change the name from Generative
Domination to Evolved Domination since the game will both evolve from the origi-
nal and relate to the in-game story evolving over time. It was also decided to call
the central LLM responsible for generating new game states the Game Master AI
instance.

During these sprints, two noticeable bugs were found in the game. First, a bug
resulted in the round history not being included to the Game Master when sending
requests, making the AI unaware of data from previous rounds. The bug was found
during playtesting when a player tried to perform the same action as in the previous
round. The Game Master AI responded to the story with a message indicating that
it did not know what action to perform. This gave a clue that something was wrong.
The bug was fixed by attaching the round history when sending requests, enabling
the use of game state history again.

Additionally, playtesting also discovered another bug where the attached resources
were the same for all players. This bug was discovered when the Game Master
responded with a story that pointed out errors in the input given to the AI. Part
of the story where this is mentioned can be seen below. This discovery identified
a coding error that could have remained undetected much longer, showing that the
AI can also detect bugs.

While ’Prototype Warplane Wings’ were listed as ’UsedResources’ in the
input, this appears to be an error as Player 3 does not possess this re-
source and it is illogical for a ground attack. We will disregard this and
assume Iron Ore was the intended resource for this ground offensive.

Since the must-have features were almost done, a session was also held planning new
should-have and could-have features. Features included GUI changes such as “Show
country on hover”, “GUI layout per player” and a settings panel. Other features
included “Improved context action menu”, “Response from rule and ally system”,
“See country resources” and “Upgraded world shader”. Finally, a feature where the
AI would select who wins the game was also planned, trying to further incorporate
AI decision-making. Moreover, a local AI model called Gemma 3 also launched and
was noted down for further exploration.

6.4.1 Investigation of the internal AI solution
As mentioned in Section 5.2, Generative Domination used Google’s Gemini AI to
serve as the central LLM inside the game. More specifically, the model Gemini 2.0
Flash was utilized in conjunction with a system instruction to generate new game
states. The system instruction explains in detail how the game works and how the
model should generate its response, similar to how a rulebook explains board games
to players.
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This system worked sufficiently, but mistakes were sometimes made. These included
inconsistencies between the generated story and the generated game state, meaning
that the story could state one thing, but the game state would not update ac-
cordingly. One example of this was when a player conquered a country, the story
sometimes stated that it was successful, but according to the generated game state,
it was not. Another issue was that the LLM sometimes allowed one player to con-
quer multiple countries in the same turn, which is not permitted according to the
system instruction.

With these problems in mind, an investigation for a better system was conducted.
Firstly, the model Gemini 2.0 Flash Thinking was tested to try out how a reason-
ing model, defined in Section 3.2, would work. A testing tool AI studio was used,
mentioned in Section 2.9.1, selected the thinking model, provided the system instruc-
tion and gave the AI the chat history of a real game. After processing, the thinking
model produced two outputs: the thinking process and the new game state. The
thought process outlined the reasoning done by the model and showed that some
parts of the system instructions were vague. This indicates that the instruction
would need further explanation and clarification to have the potential to result in
a more consistent game state. One thing to note was that the model provided an
answer slower than a regular model, averaging 15 to 20 seconds instead of 8 to 14
seconds, potentially resulting in longer waiting times in the game.

Secondly, to utilize Gemini 2.0 Flash Thinking inside the game, a change in the
code was required for how the response is parsed, as the reasoning model does not
support structured JSON output. Wanting to retain support for the other model,
the code was modified to support both. To improve redundancy, in case the thinking
model failed or returned a malformed response, a second request could be sent to the
previous model to guarantee a correctly structured response, illustrated in Figure
6.8.

Figure 6.8: Flow of the request sent to the AI. On failure, it defaults to Gemini 2.0
Flash.

Thirdly, several improvements were made to the system instruction, such as clearer
output format, country definition, clarifications on populating player resources used
in the story and more resource use in the story. A self-check was also added at
the bottom to force the model to go through the instructions and check if all rules
were followed in the generation of the new game state. The reasoning part seemed
to understand this and performed self-checks afterwards to ensure coherent game
states.
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Lastly, to evaluate this, a couple of playtests were done, which yielded positive
results. The model produced game states with higher accuracy, and no large incon-
sistencies were found where players did not receive a conquered country or could
conquer multiple countries.

6.4.2 Turn validation
To stop players from ending their turn before a certain task has been completed,
a turn validation system was created. The goal of the system was to check if the
player has selected an action if there are no remaining ally requests or rules to vote
on. When players end their turn, the system checks if these three tasks are done.
If not, a pop-up, as seen in Figure 6.9, appears beside the end turn button and
explains to the player what needs to be done to proceed with the turn. Animations
for this pop-up were also created to make the pop-up appear from the bottom and
disappear downwards.

Figure 6.9: Screenshot highlighting the turn validation pop-up.

The system works by using a dictionary in the CanvasManager.cs class with the key
being one of the three tasks and the value being a boolean if the task is done or not.
The initial approach thought of using a polling technique where each of the three
attributes is constantly checked in an update loop. This was considered inefficient as
it had to do processing, although no values in the dictionary were changed. This led
to an event-driven approach where the dictionary and accompanying GUI element
were only updated when a value changed. The dictionary was moved to another
class called TurnValidation.cs, containing a function that updates the dictionary
and GUI. The function is called from the CanvasManager.cs class at select places
where tasks change. The three changes observed were if the action instruction is
empty, the list of rules to vote on is empty and if the GUI element holding ally
request is empty.

6.4.3 See and message allies
One of the four core actions players can take is to send an ally request to another
player to become allies with each other. This feature was implemented inside Gen-
erative Domination as explained in Section 2.7.1, but had a few major flaws due
to an incomplete part inside the system. Players could send requests to each other
and answer them, but after becoming allies, there was no way in the GUI to see
with whom they became allies. This essentially deemed the ally system useless for
players since it did nothing observable for them other than wasting their time by
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sending requests. Internally, however, there existed a system in which all players
had their own list of other players whom they were allied to and were sent to the
AI controlling the game flow.

(a) State of “Allies” panel from Gen-
erative Domination.

(b) The updated “Allies” panel view.

Figure 6.10: The “Allies” panel before and after it was updated to show existing
allied players.

Thus, the initial step in enhancing the system was to display the list of allied players
already handled internally to the player. Figure 6.10a shows how the Allies panel
looked before this change, where only ally requests were visible and would disap-
pear after an answer had been given. Figure 6.10b shows the same panel after the
change was made, where allied players are shown above the incoming requests. To
implement this change, the existing internal list of allied players was sent to the
CanvasManager, which in turn makes the correct players visible inside the Allies
panel. The GUI elements are created when players start the game and are simply
enabled or disabled depending on the need.

To further increase the ally system’s usefulness, a new chat feature was thought up
that would allow players to send messages directly to other players they had become
allies with. The message system would work on a round-based schedule where
messages sent during one round would be received during the next. This mirrored
the functionality of the existing ally requests and rule-proposing systems and made
it fair for all players, independent of their turn order during a round. Figure 6.11
shows four images over the evolution of the chat system during development from
initial rough GUI testing to final design. The GUI components are set up during
the start of the game, with the chat box being filled with messages when a player
opens the chat.

To sustain this feature, a new internal postal service was created that would receive
messages sent by each player during a round and then route all messages to their
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(a) Early Figma mockup
of chat box.

(b) First working implementation of player chat.

(c) Final graphical elements. (d) Added colors to player names in chat.

Figure 6.11: Different development versions of the chat UI.

intended recipients at the end of the round. Every player would then have a Mailbox
to which the messages were sent and stored inside for later use when information
is displayed by the CanvasManager. The intended consequence of this is that the
Mailbox stores all chats the player has with other players during a game. The
message flow throughout Evolved Domination is described in Figure 6.12, where
messages go through the CanvasManager and the GameManager before ending up
inside the PostalSystem. There, messages are stored until the end of a round, after
which they are routed to their corresponding receivers.

6.4.4 Refactoring ally request system
When the new message system was implemented, there were thoughts of it being
able to be used throughout Evolved Domination as a replacement for the current
ally request system and rule proposal system. The ally request system from Gen-
erative Domination worked by allowing the GameManager to handle routing and
keeping track of active requests during gameplay inside two lists, which were up-
dated accordingly. This worked but resulted in unnecessary complexity inside the
GameManager. By switching to a message-based ally request system, the Postal-
System could be made to handle ally requests instead of the GameManager. This
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Figure 6.12: Shows the internal flow of the message system.

reduced code complexity and brought the two similar systems together into one
cohesive unit.

Figure 6.13: Flow of ally request utilizing the new message sending system.

The system worked similarly to the message sending system in that AllyMessages
were sent under a newly created common IMessage interface to the PostalSystem.
There, all IMessages would be stored until the end of the round before getting
routed to the receiver of the message. When routing the IMessages, if it noticed
an AllyMessage, it would inject a callback function into the message, which would
modify a boolean value. The PostalSystem would then save the modifiable variable
and AllyMessage inside itself so that the boolean could later be used to determine
whether the ally request was accepted or not.

Next turn, when the receiver answers the request, the callback function is used to
set the boolean value inside the PostalSystem accordingly. Then, before routing all
messages at the end of a round, the PostalSystem would go through all callback
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variables answered during the round and set the players as allies if the request was
accepted. The overarching AllyMessage flow is depicted in Figure 6.13.

Figure 6.14: An approved ally request using the message sending system.

One noticeable benefit of this approach compared to the old request system was that
the player answering the request has time to re-select their response before ending the
turn. Before, if selecting “approve” or “deny”, the request would disappear directly.
With the new system, the answer would instead become highlighted, allowing the
answer to be changed afterwards. Figure 6.14 shows the visuals of an approved ally
request and exemplifies how a player can easily click deny and change their answer
after having clicked approve.

6.4.5 Attach resources to actions
The resource system from Generative Domination worked by allowing players to see
resources they had in the resource panel and use them by mentioning them in their
turn instruction. This works but requires players to explicitly write the resource
they want to use, which was inefficient. Therefore, a more intuitive approach to
specifying resources used inside the instruction was developed. The system allows
players to drag resources from the resource panel and drop them in an area on
the instruction card, attaching them to the action. To achieve this, several aspects
needed development.

First, a drag-and-drop system was created to allow resources to be picked up and
moved. This was straightforward, as when the mouse was held down, it would
attach to the position of the cursor until the mouse was released. Next, a drop
area containing a custom script inside the instruction letter was constructed that
would allow players to attach a maximum of three resources to the action. When a
resource was dropped on this target, a resource tag was created that displayed the
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Figure 6.15: Screenshot showing natural gas in blue as an attached resource. The
drop area for attached resources can be seen at the bottom of the instruction letter.

resource name and a delete button. Additionally, the resource in the resource panel
would change color to the same as the resource tag to indicate that it was attached,
as seen in Figure 6.15.

To get the LLM game master to understand how to parse the attached resources,
the JSON input data had to be updated to reflect the changes. A new property
called “UsedResources” was added to the player object, where attached resources are
added to, as seen below. Along with this, the system instruction for the game master
needed to be updated, describing that the used resources must be incorporated into
the story and not be removed from the player resource list.
{

" Players ": [
{

"Name ": " string ", // Player 's name
" Action ": " string ", // Current action taken by the

player
" Instruction ": " string ", // Details for how the action

is performed
" UsedResources ": [" string "], // Resources used by the

player
" Resources ": [" string "], // Player 's resources
" CurrentlyOccupying ": [" string "], // Countries

occupied by the player
" AlliedPlayers ": [" string "] // Players allied with the

player
}

]
}
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Lastly, players were limited to solely dragging and attaching resources they own and
not others. Hindering them from using other players’ resources in their actions. The
final system is showcased in Figure 6.15.

6.4.6 Time-based game length

Expanding on the round-based game length, a new time-based game length was
added. The time-based length lets players choose how long they want to play the
game for before ending the game and displaying the victory pop-up. Implementation
started with refactoring the code to allow for multiple different types of win condi-
tions. This meant introducing a new enumeration type called “WinConditionEnum”
with the option of round or time-based that would be set in the main menu and
received by the game manager upon game start.

After this, the slider UI element in the main menu was copied and configured to
change the time limit instead of the number of rounds. To switch between the two
options, a custom toggle button was created, allowing players to change from time-
based to round-based or vice versa. As the UI style of the main menu was subject
to change, no large efforts were put into making the UI polished, as seen in Figure
6.16a.

Lastly, the logic for a timer was added to the game manager class, including dis-
playing the victory pop-up after the timer reached zero and all players had finished
their turn. This timer was also displayed in the game and updated for each second
that passed, as seen in Figure 6.16b. When finished, the text displays “Time’s up!”.

(a) Win condition design with a toggle button
and a new slider. The “Win condition” name
was the original name for this feature before it
got changed to “Game length”.

(b) Timer displayed in the game.

Figure 6.16: The implementation of time-based game length in the game.

6.5 First SWOT revision

After finishing all must-have features, a revision of the SWOT analysis was con-
ducted, incorporating the new findings that had been noted down during the first
sprints.
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6.5.1 Strengths
• Different models can be used for different tasks. For example, simpler models

for validating rules and API keys.

• Reasoning gives a higher quality output, especially important when following
game rules.

6.5.2 Weaknesses
• If an online API is used constantly, players need to have internet access to

play the game.

• Developers need to develop games with redundancy in mind. What if the API
fails?

• Hard to know who is responsible for the error is when the AI generates incorrect
game states.

• Harder to notice bugs as the AI can cover up some of them.

• Reasoning models are slower than non-reasoning.

• Local AI only works properly if players have sufficient hardware

6.5.3 Opportunities
• Reasoning can help with more complex tasks.

• The AI can point out if the input received has any errors or the system in-
struction.

• Local models can be used on powerful systems.

6.5.4 Threats
• When using external services such as Google Gemini, the game depends on

this and has to change if the services are changed. One example is the list of
models that keeps evolving.

6.6 Sprint 5-6: Starting should have features
After finishing the MVP features, the development of the should-have features
started. Since the AI features “Local AI”, “LLMGA” and “Modifiable game param-
eters” were deemed important for the project as a whole, these should-have features
were chosen to be developed during these sprints. Additional non-AI features were
also chosen to be developed this time period.

An important change during this sprint was that a variable called action succeeded
was stopped being used inside the game code during these sprints that were previ-
ously included in output from the Game Master AI. When doing playtesting, the
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action succeeded variable was causing problems as players received a country they
should not have received, according to the story. The story said that the action
“Attack Sweden with a creative attack” failed to conquer Sweden, but the variable
action succeeded was true, indicating to the game a successful attack on Sweden.
This might be because the AI thought that it made a creative attack and therefore
did a successful action. Because of the potential for error, it was decided to stop
using the action succeeded variable from the output from the Game Master AI.

Moreover, during development, the API sometimes stopped working, leading to the
game not functioning correctly and all AI instances failing. This led to a new feature
being planned, named “Feedback when API fails” that was thought to handle these
situations gracefully.

6.6.1 Local AI model exploration
During development, Google’s Gemma 3 AI model [129] was released at this time.
The difference between Gemma and Gemini class of models is that Gemma models
are available for people to run locally on their machine, while Gemini is mainly
available through cloud services. Since running AI models locally offers several
benefits such as increased privacy, constant availability and potentially lower latency,
it was investigated as part of this thesis.

For this, a Unity package called LLM for Unity [130] was found that allows develop-
ers to deploy local AI models within Unity and run inference, which is the process
of generating content, in real-time inside games. After downloading, a testing scene
was created that allowed for the testing of different model sizes and configurations.
Here, it was found that the version of llama.cpp [131] used in the package was not
updated to support Gemma 3 models yet. This effectively meant that it was impos-
sible to continue in Unity at this time since llama.cpp is the underlying subsystem
running the model inference.

Figure 6.17: The LM Studio application running the Gemma 1B model.

Instead, another program was found, called LM Studio [132] and depicted in Fig-
ure6.17, which utilized an updated version of llama.cpp that would allow for Gemma
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Figure 6.18: The main menu option allowing players to start with randomized coun-
tries.

3 to run. Gemma 3 comes in different model sizes, with larger models being more de-
manding to run while having higher quality results. Because the game was partially
developed on conventional laptops and not only on higher-performance desktops, the
smaller 1B and 4B parameter model sizes were investigated. From this investigation,
it was found that using either of the models would be too slow on laptops for any
meaningful generation of the AI systems currently implemented.

However, even if they were fast enough, the models still did not perform well in
following the system instruction provided. For instance, when provided with the
country resource randomizing instruction discussed in Section 6.3.2. Instead of gen-
erating two resources per given country as stated in the instruction, the model most
often generated zero to three resources, with the resource not being closely con-
nected to the country. This essentially rendered the models useless when in these
situations.

One thing realized was that smaller models could possibly be used for generating
normal text without following any complex instructions. Such a situation was not
pursued further at this moment, but was noted down.

6.6.2 Randomized starting countries
Up to this point, to ensure consistent testing, each player has always started the
game with the same pre-selected country. This was done to test features more consis-
tently, but also resulted in the game being less varied. A randomization method was
implemented in code from Generative Domination but was unutilized for the reasons
stated. To enable this feature to work, a drop-down field inside the main menu was
created where players can select the country selection method as seen in Figure 6.18.
If “Randomized” is selected, then starting countries would be randomized, and if
“Fixed” is chosen, the countries would be selected as before.

6.6.3 Continue game after winning round
On the victory pop-up, discussed in Section 6.3.4, there is an option to hide it, to
continue playing. Because the existing functionality was quickly implemented, it
resulted in the victory pop-up appearing after every completed round. To avoid
this annoyance, simple logic was added to allow the game to continue seamlessly
if the victory pop-up is hidden. If players decide to finish the game and get the
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Figure 6.19: The “Finish game” button that appears if the game is continued from
the victory pop-up.

victory pop-up to assign a new winner, they can click on a “Finish game” button,
shown in Figure 6.19, that now appears when the victory pop-up is hidden. This
will make the screen appear after the round has been finished, and a new winner
will be calculated based on the current score of all players.

6.6.4 Converting rule system to use messages
To improve the code quality and consistency in the game, it was decided to convert
the existing rule system to use the new message system. The rule system from
Generative Domination relied on multiple lists such as proposed rules, up for voting
rules and active rules with accompanying logic for these, adding unnecessary com-
plexity to the GameManager class. The new message system allows extracting this
functionality and moving it to the postal system, aligning messages, ally requests
and rule voting to use the same system.

The old rule system from Generative Domination worked in three stages. First, a
player submits a proposed rule, which is added to a proposed rules list. Then, when
generating a new round, all rules in that list are sent to a rule validator AI that
determines if any of the new rules breaks any already existing rule. If a rule is clear,
it is added to the up-for-voting rules to be voted on in the next round. After this,
during player turns, the rule progresses to the next stage where it is presented to
the players as a pop-up, forcing players to directly vote before proceeding with the
turn. The last stage includes counting all the votes from the players and adding the
rule to the game if a majority voted for it.

Similarly to the migration of the old ally system to this system, a new message type
RuleMessage was created. The class implemented the common IMessage interface
and contained the message, sender/receiver, response function, handled flag and a
last vote variable. To allow votes from players to be collected, a callback function
was injected into the message, setting the vote to be approved or dismissed, indicated
in Figure 6.20. A difference from the ally request and message system was how the
messages needed to be sent internally. The rule system was supposed to send out
voting requests to all players, not just to one. Consequently, the postal system was
adjusted to accommodate this, sending one copy of the rule message to each player.
The internal flow of the rule system is illustrated in Figure 6.20.
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Figure 6.20: A flow diagram of how the rule system works.

All the rule logic, such as validating rules or collecting the results, was then moved
from the GameManager class to the PostalSystem class, reducing the size and com-
plexity of the GameManager class. Similarly to the mentioned benefit to the ally
request system, last in Section 6.4.4, was that using the new message system allowed
players to change their answer at any time during their turn instead of only having
one chance to vote per rule at the start of their turn.

Lastly, three smaller changes were made. Rule validation was moved to be done
directly after a rule action was performed to receive an answer before sending the
game state to the LLM. Before, all rules were validated simultaneously as the new
game state was generated. If a rule was marked invalid by the rule validator, this
state and the reason why the rule was rejected were added to the generated story
through an attachment to the player instruction. An example of this is “Every
research should succeed. This rule is invalid because it breaks the fundamentals of
the game”. Next, rule voting for virtual players was fixed, making computer players
have an 80% of voting yes on a rule and deterministic players always voting yes.

6.6.5 GUI layout per player
Inside Generative Domination, the GUI layout state was the same for all players.
This meant that if Player 1 ended their turn with the resource panel open, then
Player 2 would have it directly open from the start. To avoid similar situations
where the Allied panel gets revealed by mistake, a feature was added to save the
open and closed state of the GUI panels for each player when they end their turn.
Then, when a player starts their turn, the saved state for that player can be used
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to set up all panels to that state. This resulted in a system where each player could
have their own layout, which would be saved and restored each time their turn came.

To prevent the display of other players’ information during the loading screen be-
tween rounds, all panels except the resource panel close. The resource panel remains
visible to allow players to easily see the standings and observe changes when the new
game state is returned from the LLM.

6.6.6 Modify game parameters
To allow the LLM to have more ways of interacting with the game than providing a
new game state, a new system was devised to expose game parameters that the AI
could manipulate. The functionality would be used when new user-created rules are
applied to the game, changing either the current round, winning round and adding
or removing player resources.

To achieve this, a Gemini functionality named function calls [133] was used to receive
output from the LLM in a structured way. Function calls are used when developers
want the LLM to choose a suitable function from a large set of functions, along with
parameters. For instance, one function was “SetMaxNrOfAttachedResources” with
an integer as a parameter to specify the maximum number of attached resources.
This was added to allow the LLM to adjust how many resources can be attached to
actions.

A new AI instance called RuleApplicator was created for this use case, which received
an array of all newly created rules for the round and the following system instruction:

You will receive an array of strings that represent a rule each. Your task
is to output an array of function calls that fit the rules.

After processing, the model returns with an array of function calls if it finds any
suitable rules that change the game parameters mentioned earlier. If not, the model
returns nothing or a special function call named “doNothing”.

6.6.7 Addition of an LLMGA
To include another more advanced generative AI instance in the game, an LLM-
based Game Agent (LLMGA) was implemented into the game. The purpose was to
simulate a player capable of performing every action that a normal human player
can perform, making it more engaging while playing against virtual players.

The work started by planning the requirements needed for an LLMGA to function
as a simulation for a real player. These requirements would be that the game agent
should have access to the same information as a real player would and that it needs
to have a relatively short response time to avoid unnecessary waiting. It would
also need to conform to the existing virtual player system that the game utilizes to
avoid having separate handling logic. The difference between this AI Player and
the already existing Computer Player, mentioned in Section 6.3.5, would be that
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the AI player has an increased action set and is controlled by an LLM rather than
just randomizing each action.

The virtual player system had, up to this point, been designed to always generate
the player action instantly during the corresponding player’s turn. This was well
suited for the existing types of virtual players since, in the case of a computer
player, it would randomize the actions directly and for the deterministic player,
pick the correct action from predefined turn data. However, for an LLMGA where
the response has to be generated, it will take multiple seconds before the AI model
can generate its full response. This is disadvantageous since it means having to wait
longer for each virtual player to make their turn, which in turn can be boring.

One solution to this problem would be to utilize a quicker model, such as Gemini 2.0
Flash Lite to decrease the generation time for the response, but that comes with the
disadvantage of having to utilize a less capable model to simulate a human. Another
solution that would allow for the use of a more powerful model while still minimizing
waiting times was to start the LLMGA turn generation as soon as possible. The
response could then be handled internally so that when the LLMGA turn happens,
it can retrieve data from the presumably already finished response without having
any noticeable waiting time in-game. Since the LLMGA needed to handle multiple
things it would handle at once, running it with a more powerful model was desirable.
This, in combination with the low waiting times, motivated the latter solution to be
chosen.

Figure 6.21: The internal flow of the LLMGA system. Requests get sent directly
after the response from the Game Master instance is received.

Figure 6.21 shows the internal flow of how data gets sent to the LLMGA right after
the previous round response from the Game Master AI. Since the normal game
flow usually takes a few turns before the LLMGA response is needed, it usually has
finished generating and can just return its response without any delay.
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To speed up development and avoid having to write the complete system instruction
for the LLMGA from scratch, Google’s newly released Gemini 2.5 Pro model was
used inside AI Studio to generate a draft of the LLMGA instruction. This worked
effectively, and after some extra prompting to add additional instructions that were
first not included, resulted in the system instruction that can be read in Appendix
B.2. Further manual tweaks were also made to ensure all necessary instructions
were in place.

Likewise, Gemini 2.5 Pro was used to help write the template code for the structures
used for input and output to the LLMGA. This was achieved by first presenting
the model with an example from the Game Master AI instance of how the code
corresponds to the described JSON structure inside the system instruction. Then the
model was promoted to perform the reverse, taking the LLMGA system instruction
JSON description, found inside Appendix B.2, and converted it into code. After
making a few tweaks to this code and making sure to set it up correctly, the AI-
generated code worked and succeeded in speeding up development time.

At this point, it was possible to send a request to the LLMGA and receive an
acceptable response, but it was not fully completed. In addition to the data being
sent to the model at every round request, through the JSON data below, static data
that would not change from round to round was injected into the system instruction
at game start. This included information on how the model should think about
game length and what resources every country has. Furthermore, player-created
rules are also injected into the system instruction for each API call to maintain
live data. This is done similarly to the normal Game Master AI instance, where
player-created rules are also injected into the system instruction for each API call.

{
" MyPlayer ": {

"Name ": " string ",
" Resources ": [" string "],
" CurrentlyOccupying ": [" string "],
" AlliedPlayers ": [" string "]

},
" OtherPlayers ": [

{
"Name ": " string ",
" Resources ": [" string "],
" CurrentlyOccupying ": [" string "]

}
],
" TurnNumber ": 1,
" GeneratedStory ": " string ",
" RulesToVoteOn ": [" string "],
" PendingAllyRequests ": [

{
" RequestFrom ": " string ",
" Message ": " string "

}
],
" AlliedPlayerChats ": [

{
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" ChatWith ": " string ",
" Messages ": [" string "]

}
]

}

Since it is still possible for the LLMGA to not have finished its response when it is
their turn, a loading screen must be able to appear to show that it is in the process of
generating an answer. To do this, the current in-game loading screen was improved
to show moving loading indicators at the edges of the screen and have dynamic text
in the middle indicating its current process. Figure 6.22a displays the old loading
screen, which had a static text message on it, and Figure 6.22b shows the newly
added loading screen with white moving loading indicators around the edges and
the dynamic text saying it is Player 4’s move it is currently loading.

(a) The original simple loading screen
inside the game.

(b) The improved loading screen with
white moving indicators on all sides.

Figure 6.22: The old and new loading screen compared to each other.

With the loading screen, a few tests were conducted to observe how the LLMGA
would act. Overall, it did a satisfactory job playing the game and worked on a basis
of mostly using the attack or research actions. It sometimes sent ally requests to
others and managed to keep a coherent chat with allied players. If it were asked
through the chat functionality, it also proposed rules, but it rarely did it by itself.

Two interesting problems related to the LLMGA were also discovered during testing.
Firstly, when the LLMGA lost all its territories, it just stopped making actions and
instead only responded with “Game Over” as an instruction. The fix to this was to
add a section inside the LLMGA system instruction explaining that it should try
to gather resources and take over a random country when facing such a situation.
This worked to a satisfactory degree, although it often got stuck doing the research
action multiple times before doing an attack. This was, however, deemed acceptable
and was kept.

Secondly, when chatting with an AI player through the ally messaging system created
in Section 6.4.3, it was noted that the LLMGA did not understand that messages
were sent to players between rounds and therefore takes time to be received. This
results in the LLMGA assuming that messages are received instantly and therefore
occasionally states information that becomes old before being received. Though
multiple changes and explanations inside the system instruction were made to fix
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this knowledge gap, the problem still persists in the final version of the LLMGA,
but to a lesser degree.

6.7 Sprint 7-8: Working with should have fea-
tures

These two sprints focused on finishing the most important should-have features.
The main objective was to improve the player experience based on the internal
player tests. Features such as “feedback from rule and ally system”, “show country
resources” and “improved context menu” were therefore developed. Additionally,
the features “Settings menu” and “AI selects winner” established in sprint three
were also developed.

When playtests were done with people who had never played the game before, it
was noticed that they had a difficult time understanding how the game worked. A
“How to play page” feature was therefore planned to be developed later.

6.7.1 Upgraded world shaders
One area where the game had less focus put on it was the world map. To create
the terrain inside Generative Domination, a terrain generation system created by
Sebastian Lague was modified and used as the main ground terrain. The system
originates from inside Lagues Geographical Adventures game [134], where satellite
images and other height map data provided by NASA were utilized to create a virtual
3D globe players could fly around and explore. For Generative Domination, this
system was modified by changing the way vertices get mapped to instead generate
the terrain on a flat 2D plane, with mountain height being the only 3D component.
Furthermore, before the vertices created the final 3D mesh, the vertex positions
were also “rotated” around an imaginary sphere so that Europe would be in the
center of the 2D plane when the final mesh is created. This results in less map
distortion from Europe otherwise being north up close to the north pole. Lague also
had an ocean shader inside his game that utilized an ocean depth map from NASA
to create different colors based on water depth, but was not implemented inside
Generative Domination due to time constraints. Instead, a simple colored plane was
used together with a normal map to simulate waves.

To improve the world terrain for Evolved Domination, two things were identified to
be improved upon. The first thing was to update and integrate Lagues ocean shader,
and the second was to make countries outside of Europe darker in color to better
show which countries are available to attack and possess inside the game.

The challenge of updating Lagues ocean shader, which is shown in Figure 6.23, was
that the shader code was written for Unity’s Built-in render pipeline instead of the
Universal Render Pipeline (URP) used inside Evolved Domination. This resulted in
the code not being compatible and instead had to be converted to work within the
URP pipeline. To do this, Gemini 2.5 Pro was prompted to convert Lagues original
shader code into code compatible with the URP pipeline. The given response was not
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Figure 6.23: Sebastian Lagues ocean shader from his Geographical Adventures game.

a successful conversion after the first iteration, but after more prompting attempts
while giving the AI feedback on errors, it successfully managed to convert the code.
Figure 6.24 shows a plane with the newly converted shader applied to it inside
Evolved Domination.

Figure 6.24: The URP converted ocean shader applied to a plane.

The last part that needed to be done was to rotate the ocean similarly to how the
terrain had been rotated inside Generative Domination. This was done using the
same underlying rotation technique used to rotate the terrain during mesh creation.
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(a) Ocean shader before it was “rotated”. (b) Ocean shader after it was “rotated”.

Figure 6.25: The ocean shader applied to a flat plane before and after map rotation
centered on Europe.

It projects all map points onto a virtual sphere and rotates them in X and Y direc-
tions before reprojecting them back to the map. The before and after images of the
rotation can be seen in Figure 6.25 and show how Europe has been centered on the
map.

Figure 6.26: Terrain and water shader used together to form Evolved Domination’s
world map.

However, when this was used together with the terrain generation, the shoreline did
not match up with the terrain correctly even when both systems were rotated by the
same amount. After having compared the HLSL rotation code for the ocean shader
and the C# equivalent for the terrain vertex rotation, an error was found inside the
C# code that caused it to rotate the X and Y rotations in the wrong order. This
caused the mismatch between the two. This was fixed with the resulting world map
being shown in Figure 6.26.

With the ocean shader done, focus then turned to making countries outside Europe
darker. To do this, a compute shader was created that takes the original country
index texture map displayed in Figure 6.27a and creates a new index texture where
all countries outside of Europe are dark, shown in Figure 6.27b. The country index
texture map is a special texture where each country is colored according to an index
value that represents the country. By sampling the color of the texture on a specific
pixel, it is possible to read the encoded color representing the country index and,
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(a) Original country index texture. (b) Generated Europe country index texture.

Figure 6.27: The original country index map together with the Europe index map
generated by a compute shader.

in turn, deduce what country that pixel represents. The newly created texture is
therefore used inside the terrain shader to determine which countries are outside
Europe, since their color index has been set to 0, and color them darker. The newly
created country index map also replaces the original index map when coloring the
countries after which player occupies them, but that has no visual change. The final
in-game result of all these changes can be seen in Figure 6.28, with a before and
after comparison being shown in Figure 6.29.

Figure 6.28: The final terrain and ocean shader together.

6.7.2 Feedback from rule and ally system
Before this point during development, when rules or ally requests were rejected, the
answer was not sent back to the players, causing confusion about whether their
request was successful. To improve this, two new message types were created to be
used by the message system. For rules, the rejection message was designed to be
sent out to all players after a rule did not pass voting. For the ally system, it only
requires the player who sent the request to receive a rejection message. This was
integrated into the postal system to be handled as messages.

The UI was also updated to support this, seen in Figure 6.30. In the rule and ally
panel, a rejection header was added to be visible only if a rejection message has been
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(a) In-game view before all shader updates. (b) In-game view after all shader updates.

Figure 6.29: Before and after images displaying the visual change of the upgraded
shaders used in Evolved Domination.

received containing the rejection message. Notification badges were also added to
display if a rejection message had been received.

(a) Rule panel showing a re-
jected rule.

(b) Ally panel showing a re-
jected ally request.

Figure 6.30: Rejection messages shown for rule and ally panel.

Lastly, a new input field was added to the Game Master AI request to allow for
custom events to be injected into the story. This was used to make the Game
Master aware of rules that did not pass voting and mention that in the story, giving
players feedback in the story of how the voting went. How the Game Master should
interpret the events was added to the system instruction as listed below.

Events

You will receive a list of events that occurred in the game last round.
These events should be included in the story and can be used to create
context for the players’ actions.

- Example: “Rule ’Every research action will succeed’ was rejected”
should be included in the story.
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6.7.3 Show country names when hovered over and custom
mouse cursors

Figure 6.31: Country name tag that appears when the mouse is hovering over Swe-
den.

To make it easier for players to know which country they are currently hovering
their mouse over, a feature was added where a mouse-attached country name tag
appears when a country is hovered over. The underlying technique to achieve this
uses a similar raycasting approach to the one described in Section 6.7.1, where the
country index map is sampled to determine which country index it is. Then, by
utilizing the index, it is possible to obtain the country name from an internal list
and show it in the graphical representation of the name tag attached to the mouse.
Figure 6.31 shows the name tag that appears when hovering over countries.

(a) Normal mouse cur-
sor.

(b) Deny mouse cursor. (c) Pointer cursor.

Figure 6.32: The different mouse cursors added to the game at this time.

In addition to the country name tags that show up near the mouse, the cursor
graphics were also changed and expanded upon. To do this, three new cursor designs
were added, as shown in Figure 6.32. Figure 6.32a replaces the operating system
default cursor and shows most of the time, Figure 6.32b shows when hovering over
the darker countries not available to click on and Figure 6.32c is a pointer hand
displayed over UI buttons. The reason for these additions was to make the game
easier to understand and show hints to the user about what can and cannot be
clicked on.

65



6. Process

6.7.4 Background music
Since the idea of having dynamic music that reacts to the game was enticing and
something planned from the start, a search was done to find how generative AI can
be used to generate different types of music. Initially, the idea was a system that
would take the story as input and generate music fitting to it each round. Both local
models and API for such music generative were researched, but nothing suitable for
the project was found. Either the local model was too advanced to run locally, or
the API services would require a fee for each generated song which was not wanted.
Among this research, a website called Riffusion [135] was discovered capable of
generating high-quality AI-generated songs both with and without vocals.

Although Riffusion did not provide an API to be used directly in the game, the
website allowed unlimited generations of songs. To generate music, a prompt was
needed to instruct the model on what style, mood, dynamics and more it should use.
Instead of generating music dynamically at runtime, the musical approach shifted
to creating a large database of generated songs beforehand and using it during the
game. Then, an AI could leverage function calls, as described in Section 6.6.6, to
select songs from the database based on input received from the player about what
music they desire. The selection was done by giving each function a description
containing mood, dynamics, instruments, style and tempo. The AI would then
respond with approximately five song names to be played in the game.

Figure 6.33: The Riffusion website used to generate songs by prompting.

A systematic process was needed to generate all songs. First, a list of 20 genres was
created manually as a starting point to try and cover as much music as possible.
To use these genres in Riffusion, tags that describe each genre were created by
prompting Gemini in AI studio with the prompt: “Your goal is to give me a list of
tags that I can use to generate music. I will provide a list of genres that you should
use”. Each genre and respective list of tags were inputted one by one in Riffusion as
exemplified in Figure 6.33, resulting in the generation of two songs. If deemed high
quality, the songs were downloaded and saved locally for use in-game.
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As mentioned earlier, to allow the music selector AI to make function calls, each
song needed a description containing mood, dynamics, instruments, style and tempo.
To decide these, Gemini 2.5 Pro was used inside AI studio by first giving it the song
and then following up with the prompt: “Analyze the song by listening to the music
file I provided, give me the mood, dynamics, instruments, style and tempo of this
song”. A structured output was then used to ensure all aspects were covered, as seen
in a JSON format below, when the model responded. Parameters for the original
and suggested file names were also present to create more descriptive names than
those given by Riffusion.
{

"songs ": [
{

"moods ": [" string "],
" dynamics ": [" string "],
" instrumentsUsed ": [" string "],
"style ": [" string "],
"tempo ": [" string "],
" originalFileName ": " string ",
" suggestedFileName ": " string "

}
]

}

A music database with this data was created and read by the game upon start.
A new AI instance called MusicSelector was then created that uses this data. It
generates an array of function calls containing name and description corresponding
to each song in the database.

Furthermore, a user interface was created to alter the currently playing music seen
in Figure 6.34. The interface allows players to control playback, such as go to the
previous song, play/pause and go to the next song. The input field lets players write
a description of what music they want to play. Along with this they can switch from
music selected by the game and their music by pressing the toggle button.

(a) Closed
music
panel.

(b) Open music panel. (c) Playing player chosen music.

Figure 6.34: The different views for the music UI.

Additionally, music for the main menu was added. To create the music tracks,
Riffusion was once again used together with the following prompt:

Generate a very slow-paced song with 80s FM synths. It should be
mythical, tactical and calculated. Film noir style. No fast-paced snare
/ kick drums. 60 bpm, minimalistic. Female vocals, being lost inside
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a game called “Evolved Domination” (should be named in the lyrics),
writing and writing all day and night, to come up with a cunning plan
to take over Europe. Possible action, Attack, Research, Ally and propose
rules (these should be accounted for in the chorus). Many possibilities,
hard to know what to do.

This resulted in a song with relatively good lyrics, seen in appedinx E.1, although
both the song and lyrics did not quite fit the wanted theme of the game. Gemini
2.5 Pro was therefore used inside AI studio to improve the worst parts of the lyrics
in combination with manual editing to change the lyrics to a satisfactory state, seen
in Appendix E.2. A new song, fitting the new lyrics, was then prompted for inside
Riffusion with the prompt:

Female vocals! Melancholy, acoustic guitars, string instruments myste-
rious, film noir, danceable, interesting, dynamic

After many song generations later, the best was selected and added into the game
as a main menu music track. A second instrumental track fitting the lyrics-filled
song was also generated so that the instrumental and lyric song could be played in
a loop.

6.7.5 Improved context action menu
One of the last elements left in a rudimentary state when the Generative Domination
project was finished was its context action menu used in-game. The context action
menu was used for selecting the four in-game base actions and worked by first clicking
on an origin country, then selecting what action to take and then, depending if it was
an Attack or Ally action, also clicking on which country to attack or ally towards.
The problem with this system was that it was inconsistent between actions and
unclear in what selection state it was in. It also inadvertently resulted in it being
impossible to become allies with players who had lost all their territories, which was
not optimal.

(a) Original context action menu. (b) New action menu.

Figure 6.35: The old context action menu compared to the new fixed action menu.

Based on ideas from the project supervisor, a new action menu system was con-
structed that, instead of only appearing when a country was clicked, was docked
in the main GUI and always visible to the player. Figure 6.35 shows the difference
between the visuals of the old and new action menu. The benefits of this approach
were that the different actions now had the possibility to function differently and
not be forced to all use the limited way the old context menu functioned. It also
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allowed for keyboard controls to be bound to the actions, which makes them quicker
to access than before. Below follows a description of the changes made to each
action for the new action menu.

Figure 6.36: The attack pop-up panel when selecting countries to attack.

As mentioned, the previous Attack action worked by first clicking a country that the
player should attack from, then the old context menu would appear in which the
attack option would be selected, and only after that could the country that should
be attacked be selected. With the new action panel design, seen in Figure 6.35b, the
player can press the attack button and then simply select which country to attack
from and to. The standard order is still to select a country to attack from first and
then which country the player will attack to. However, either by pressing the TAB
key or pressing inside the attack pop-up panel shown in Figure 6.36, it is possible
to change the order of the country input. Two new mouse cursors were also made,
displayed in Figure 6.37, which makes it easier to know if the player is deciding on
the origin point of the attack or the country to be attacked.

(a) The cursor
shown when select-
ing where to attack
from.

(b) The cursor
shown when se-
lecting country to
attack.

Figure 6.37: The cursors visible when selecting countries to attack from and to.

Also mentioned earlier, the previous Ally action started by clicking any random
country to get the old context menu to appear, then the user presses the Ally
option, and only after that, selects a country owned by another player. With the
new ally action pop-up panel visible in Figure 6.38, it is possible to directly select a

69



6. Process

player to send an ally request to after having pressed the Ally option. The benefits
of this were that it was possible to remove players who were unavailable to ally
with. Examples are the current player itself or players that are already allies with
the current player. It also allows players to ally with others who have lost all
their countries, since there is no country selection as it was before. This update of
allying towards players instead of countries required changes in the Game Master
and LLMGA system instructions to get those systems to know how to handle the
new internal command syntax.

Figure 6.38: The ally pop-up panel.

The Research and Rule actions were previously selected by clicking on a random
country and then selecting either of the two actions. With the new action menu,
after directly pressing one of the options inside the action menu, the user is taken
directly to the instruction letter. This therefore improved the flow and lessened the
confusion of having to click a random country first.

Additionally, to allow more dynamic gameplay, a feature was also added that would
allow players to click and drag from a country to select an attack vector towards
another country that would be attacked. The feature was implemented by dividing
the action into three steps. The first being when the button is first pressed, the
second being when the mouse is dragged, and the last being when the mouse button
is released. These steps represent selecting where to attack from, deciding if the
player drags the mouse or if they only click in place and selecting where to attack
towards.

To visually show the attack vector currently inputted, an arching arrow originating
from the start point towards the current mouse position was added to the game.
It was implemented by prompting Gemini 2.5 Pro to utilize Unity’s line-renderer
component inside the generated code, with the constraint being that the script
responsible would only get calls during the three steps mentioned in the section
above. This worked well, and after a few code iterations, the desired functionality
was achieved. The only problem left was that the line sometimes rendered behind
higher mountains and hid the arrow, as exemplified in Figure 6.39a. To solve this,
instead of using Unity’s standard unlit shader, a new shader was created that allowed
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(a) The attack arrow when rendered with
Unity’s standard unlit shader.

(b) The attack arrow when rendered with
shader that causes it to render in front of ev-
erything.

Figure 6.39: The cursors visible when selecting countries to attack from and to.

the arrow to always render in front of every world object as seen in Figure 6.39b.
With this, players could now also choose to drag their mouse from one country to
another, as displayed in Figure 6.40, to directly set up the attack action, making it
a quicker and more intuitive process.

Figure 6.40: Attack arrow inside the game.

Lastly, the graphical image of the “End Turn” button was updated to be clearer
than the phone icon previously used. Before introducing the new visual style with
the new action menu, it had been discussed to use a letterbox to represent the in-
struction letter being posted at the end of the player’s turn. However, after having
implemented the new visual style for the action menu, an “End Turn” button ad-
hering to the new style was also discussed. In the end, it was decided that both
designs would be created and included until further feedback from external user
testers could help decide which final design to go with. The two new button designs
are shown in Figure 6.41 and were implemented into the game for further feedback
and decision.

6.7.6 Highlighted player names in the story
During development, it was apparent that players usually skimmed through the story
each time new features were tested and did not read the story each time. To make
this easier, the players’ names were highlighted in the text in the same color as their
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(a) The postal box end turn button
graphics.

(b) The end turn button adhering to the
new visual style.

Figure 6.41: The two different end turn button designs.

player color. The highlighting can be seen in Figure 6.42. Implementation in the
game was done by encapsulating each player’s name with an HTML tag specifying
the player’s color to be rendered for that player’s name before presenting it. The
feature successfully made finding what happened for each player easier by making
the story more accessible to skim through.

(a) Without highlighting. (b) With highlighting.

Figure 6.42: Showing different versions of the generated story.

6.7.7 Settings menu
Generative Domination had hard-coded models for the different AI systems, which
could not be changed during run-time and made it impossible to play the game
if a used model became deprecated. The existing system in Evolved Domination
therefore requires developers to change the values in the code and rebuild the game,
which is not preferred. Instead, a solution to change these models at runtime was
decided to be incorporated into the game. This was done by creating the UI elements
to select predefined models from a dropdown for each AI system and having a text
box to choose custom models, seen in Figure 6.43.

To allow all AI systems to use the chosen model, a centralized location was needed
where these were stored. Each system would then read from this location and get its
specific model when needed. A new enumerated type called ExpertAI was created to
define each system with values such as “GameMaster”, “LLMGA”, “RuleValidator”
and “MusicSelector”. A static dictionary was then added to the class GeminiMod-
elId.cs, which uses the ExpertAI enumerator as a key and the model identifier as a
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Figure 6.43: The settings menu displaying the ability to change which model each
AI system uses and a volume slider to control playback volume.

string. This dictionary is then read from when making requests in the different AI
systems and also updated when the settings panel closes.

Additionally, a slider to control music volume was added to the setting panel to
allow players to adjust the listening volume. An internal audio mixer was created
to support this with two groups: music and sound effects. This allows for individual
volume control and allows for assigning sounds to different channels, as well as
future-proofing when more types of audio are added.

6.7.8 Show country resources

Since country resources were randomized at game start and LLMGAs’ knowledge of
these, it was decided to allow human players to also view these resources. To do this,
the code responsible for moving the old context action menu, discussed in Section
6.7.5, was repurposed to move a newly created country resource panel, shown in
Figure 6.44 and added upon so that the panel becomes smaller when zooming out
on the map, and larger when zooming in close.

The country name and the two randomized country resources are added inside the
panel when a country is clicked and the panel appears. If the “Attack” button is
clicked, the panel will close and automatically select that country for attacking, wait-
ing only for the player to select where to attack from. This required communication
between the country resource panel and the action menu panel to be implemented.
If the player clicks outside the panel or on the “Close” button, the panel closes.
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Figure 6.44: The country resource panel.

6.7.9 AI selects winner
At the moment when this feature was created, the winning player inside Evolved
Domination was only determined by counting which player occupied the most coun-
tries by the game’s end. An idea was thought of to have the AI decide who wins
based on the entire history of the game. A new AI instance was created to respond
with the winning player, a motivation for why that player won, a score for each
player and why they got that score. The system instruction used for this can be
found in Appendix B.8 and describes how the AI should take the history of the
entire game as input and determine a winner.

To create the visual elements, the current victory pop-up was modified to support
both the most countries and the AI-selected winner. The result can be seen in Figure
6.45.

6.8 Second SWOT revision
Following the completion of the should-have feature development phase, a second
SWOT revision was done, highlighting new findings. This revision does not include
any additions from the preliminary or first revision.

6.8.1 Strengths
• Function calls can be used as a decision-maker to call different functionalities

in the game.

• Structured output has made receiving consistent output from the AI much
easier.
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(a) First part showing the winning
player and a motivation.

(b) Second part describing player
types and score.

Figure 6.45: The two different win conditions.

• Parallelizing the AI players helps speed up the game and avoid waiting times.

• A settings panel to choose AI models to use for the different systems was
created. This is to reduce the risk of a broken game in the future.

• LLMGAs can send messages to each other without the player’s knowledge to
strategize.

6.8.2 Weaknesses
• The game needs to send a lot of requests to different components in the game.

• Hard to test LLMGAs. It was possible with the Game Master AI, but with the
LLMGA it is even harder since it is making moves on its own, which cannot
easily be controlled.

• It is hard to configure the difficulty level of LLMGA. They are often quite
overpowered in the game

• Having an LLMGA that simulates a player makes it more difficult to add new
features for the player, since it also needs to be implemented for the LLMGA.

• The generated story sometimes contains text in different languages not dis-
playable in the game.

6.8.3 Opportunities
• It is possible to accomplish tasks with generative AI that are impossible oth-

erwise.

• Local models were not viable when tested because of inconsistent results, but
can be viable in the future to not rely on external services.
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• It is possible to save time using AI tools for writing code and system instruc-
tions for other AI models.

• New AI models in the future could bring more opportunities. Such as better
Game Master (LLM), image generation, TTS and music generation.

• Local models provide more data security as data is not sent through the net-
work.

6.8.4 Threats
• Too many API calls can be costly.

• It can be hard to precisely control AI models in terms of how they should
behave.

• Cloud AI models can steal user data from players.

• The game industry might shift towards more AI-generated content in the game
and rely on fewer humans to do the work.

• Creating images or text via API can run into safety issues if the language is
too brutal.

6.9 Sprint 9-10: Starting to allow could-have fea-
tures

These two sprints focused on improving the main menu design and started to polish
the game with the introduction of could-have features. Additional redundancy for
the different AI instances was also decided to be added. This allows the game to
function even if some requests to external services stop working.

6.9.1 Feedback when API requests fail
To ensure that the game did not crash if the API for a specific model is down,
the concept of a fallback request was used. For instance, if the Game Master API
request fails, the game would retry the request with the same data, hoping that the
fallback model is available and provides a response. If this request also fails, a retry
mechanism or default values should ideally exist.

Implementing such a system required the authors to create a new method in the
base AI class Gemini.cs. The method first performed a request with the specified
model for that instance, and on failure, it tried again with a fallback model. If that
were to fail, it throws an exception that needs to be caught by the calling method.
When caught, the calling method would then return the default values specific to
each AI instance, if applicable. For example, if the country resource randomizer
failed, each country would randomly get two resources from a predefined array of
five resources. This allowed the game to continue even if a request fails.
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The only AI instance not using default values at this time was the Game Master due
to its importance. Simple algorithms could not produce the same level of output
that the AI could produce, making it difficult to create default values for. Instead, a
retry mechanism was created to manually send the request again after pressing the
“Retry” button in the UI shown in Figure 6.46. Additionally, the UI also displays
the error of why the request failed as text in the center of the screen to allow for
more feedback to players.

Figure 6.46: Image showing the UI when a game master request fails.

6.9.2 Victory music
At this point during development, no winning sound was played on the victory
pop-up. To change this and make a victory feel more exciting, music was added
when showing the screen. Riffusion was used to generate 18 victory songs with the
following prompts:

Winning music. Trumpet fanfare, uplifting music. Old war style. brassy,
loud and melodically direct announcement of success.

Trumpet fanfare, brassy, loud and melodically direct announcement of
success, Majestic & Grand

Out of these, only five were deemed high enough quality and had a fitting victory
theme. The others were rejected because they were slow, calm and minimal in the
beginning, not contributing to a celebratory feeling.

6.9.3 New main menu
After recently having updated some of the more unfinished graphical elements inside
the game, such as the action menu updated in Section 6.7.5, the unfinished main
menu, seen in Figure 6.47, was also finally revised. At this stage, the menu still had
the old name “Generative Domination” and included options randomly placed to
the right of the screen.

The new menu design process began with the creation of a few mockups in the design
program Figma [136] of how the menu possibly could look. These were done quickly
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Figure 6.47: The main menu as it was before updating the menu.

in low fidelity, following the prototyping ideas from Section 4.5.3, by drawing simple
shapes of how the menu could be structured. A planned “World Setting” function
was added to the design to be implemented later in the process. The mockups are
shown in Figure 6.48 and helped inform the next stage of designing.

(a) (b)

(c) (d)

Figure 6.48: Low-fidelity Figma mockups of the new potential main menu designs.

The next steps were to quickly prototype the most interesting Figma [136] mockups
from before inside Unity. This was done by modifying the existing menu to drag the
existing components to their new prototype positions and, in certain cases, adding
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additional elements to complete the layout. The mockup design shown in Figure
6.48a became the design in Figure 6.49a, the design from Figure 6.48b became the
prototype in Figure 6.49b and the mockup in Figure 6.48c underwent minor changes
to become Figure 6.49c.

(a) (b)

(c)

Figure 6.49: Higher fidelity prototypes quickly made inside Unity.

Out of these prototypes, the one shown in Figure 6.49a was selected for further
development as it did not cover the Europe map in the background as the one in
6.49b and was not filled with too many options inside the paper menu panel which
the design in 6.49c was. The visual style from the new action menu, written about
in Section 6.7.5 was used as an inspiration for the final main menu design displayed
in Figure 6.50. Things to note on the new main menu are that the “Start” button
is displayed in red before the API key has been verified and becomes yellow if it
succeeds. The “Starting country generator” option was planned to be removed and
therefore shown in its old style, and buttons for “Options” and a planned “How to
play” page were added.

Together with this visual update of the main menu, the settings menu was also
updated to fit this new design language, including more orange accents. This new
design is shown in Figure 6.51.

Lastly, three more mouse cursors were added when an object is grabbed and dragged
inside the game and when hovering over a text field. When hovering over objects
marked with a certain tag, the cursor will be switched to the corresponding cursor.
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Figure 6.50: The updated main menu inside Evolved Domination.

Figure 6.51: The updated settings menu after the main menu had been updated.

6.9.4 How to play page

As mentioned in the previous section, a “How to play” page was added to the game,
which helps new players get introduced to the most important aspects of the game.
The how-to-play page was first written in a separate text document with these
main headers: controls, actions (attack, research, ally and rule), all panels, attach
resources and music selection. When the text was finished, it was transferred to the
game with highlights for emphasized elements. Images were also added to support
the text and visually show the players how elements look in-game. The final design
is shown in Figure 6.53.
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(a) Open hand cursor. (b) Grabbing hand cur-
sor.

(c) Text carot
cursor.

Figure 6.52: The grabbing cursors and the text cursor.

Figure 6.53: How to play pop-up inside the game.

6.10 Sprint 11-12: Finishing development
As the development time concluded after these sprints, they focused on adding the
last features and polish to the final game. The focus was put on getting the last
large features done such as local instruction generation, image generation, Text-To-
Speech (TTS) and world setting. The two features, image generation and TTS, had
been postponed until this point due to waiting for more advanced models, and the
others were deemed important enough to be implemented.

Two other smaller changes were also made during these sprints. First, the model
temperature for the country resource randomizer was changed to a value of 1.7
instead of 1 to increase resource randomness. The other change included upgrading
the model for the Game Master and LLMGA instances to use Google’s then newly
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released Gemini 2.5 Flash instead of Gemini 2.0 Flash Thinking.

6.10.1 AI generated instructions

Building upon the local AI exploration in Section 6.6.1, it was decided to use local
AI to help players write the action instructions in-game due to them being relatively
short. Implementation was done by first updating the LLMUnity package to the
latest version, which now had native support for running Google’s Gemma mod-
els. Since Evolved Domination’s target hardware is laptops, the model chosen was
Gemma 3 1B to get a reasonable inference speed.

After running tests with the examples provided in the LLMUnity package, the nec-
essary scripts LLM.cs and LLMCharacter.cs were added inside the game. To call
the model, a new InstructionPanel.cs script was added. In the file, a simple system
instruction was created to tell the model what to do and how to respond:

You will be given the players information and state of the game and you
will generate an appropriate instruction to perform the action.

This instruction gave a broad range of output unsuitable for an action instruction.
The output included starting phrases such as “Okay, lets attack!” or a question
asking “What kind of attack would you want to execute?”. To improve this, the
system instruction was reformulated and the following player information was added:
occupied countries, resources and the performed action. The new system instruction,
seen below, was more detailed, highlighting available actions and clearly describing
how it should behave. This gave a more suitable response from the local LLM.

The game is a turn based strategy war game about conquering Europe
where you can attack other countries, research new technologies with
current resources and send ally requests to other players. You will be
given an action a player has performed and what resources they have
access to. Your goal is to act as the player and generate a creative
instruction of how the action is performed. The instruction should be
creative and written in first person. You don’t need to use all resources.
Limit the response to 50 words and give me only the creative instruction,
DO NOT recognize or answer the user directly. If you receive a starting
instruction, use it as a basis when you generate your response!

When this was done, the UI was modified to add a button on the instruction letter.
The button is shown in Figure 6.54 and changes to the text “Generating ...” when
the local model is generating or printing a response. The printing is done word by
word while the model is generating. While a structured output from the model was
tested to ensure consistency, it was deemed not useful as the response needed to
be fully generated before it could be parsed, therefore, disrupting the word-by-word
printing used. When printing, typewriter sounds are played for each word that is
printed and a bell sound is played when done.
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Figure 6.54: The instruction letter including the button “Help me write”.

6.10.2 Image generation
Image generation began with identifying which model to use. First local models,
such as Stable diffusion [137], were researched but ultimately found too demanding
to be run locally on a laptop. After that, cloud models such as Gemini 2.0 Native
Image Generation and Google Imagen 3 were tested using an API [25]. When
prompting the models, the instruction was “Generate an image that captures the
events in this story. This should not be a map or contain text” followed by attaching
the story for a specific round in the game.

Gemini 2.0 Native Image Generation was free to use but mostly generated images
of a map or images that contained text, as seen in Figure 6.55a. Different prompts
were tested but still mostly generated undesired results. Later this model was also
restricted for use inside the EU, making it impossible to use.

Imagen 3, on the other hand, was a paid model with the cost of $0.03 per image
but produced significantly better images as seen in Figure 6.55b. It still generated
images containing maps or text but to a lesser degree. Since the quality was higher
and no better options were found, it was decided to use this model inside the game.

(a) Native image generation using Gem-
ini 2.0 Native Image Generation showing
a map over Europe.

(b) Image using Google Imagen 3
depicting a war with cannons on a
frozen field.

Figure 6.55: Initial images generated during the research phase.
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The in-game implementation of this feature started with creating a new class called
ImageGeneration.cs with all request logic, since the package UGemini used for all
other AI instances did not support this model. The class handles constructing the
request body containing the prompt used, sending the request using a REST API,
receiving a response, parsing the response and lastly converting it to a sprite. The
parsing is done by taking the base 64 encoded image data received from the model
response, converting it to a byte array, using that to create a texture and then
converting that to a sprite. This was a relatively straightforward process, with the
majority of complexity originating from the conversion. Since the model cost money
for each use, the feature was implemented as an opt-in feature where players had to
manually enable it. This was done in the settings panel seen in Figure 6.56. The
setting section also allows selecting a preferred model to use when generating images
if Google releases future image models.

(a) Image generation off with model settings partially visible.

(b) Image generation on with the ability to select preferred model.

Figure 6.56: Section in settings panel showing image generation turned on or off.

To incorporate the image generation into the game loop, it was decided to have it
shown after the story has been generated when players are reading the story. This
meant that the story could be read normally without interruption and that the
image generation worked as an addition to give players a more multimodal story.
When the image is generated, it animates outwards from behind the briefcase to the
right and rotates a small amount to the right.

Initially during model testing, it was attempted to input the entire story as described
earlier, but the model sometimes generated unwanted images, such as random maps
or text. Therefore, it was decided to let the Game Master AI generate an image
generation prompt in addition to the normal story and game state it generated
before. To achieve this, the response structure for the game master was changed to
include the field “StoryImageGenerationPrompt” with the following description in
the system instruction.

- Select the single most engaging/interesting action/conflict inside the
story and generate a detailed image generation prompt for it.
- Give a detailed description of the event while using the overarching
format: “A adjective noun in a setting with characters.”
- The prompt must be good for the Imagen image generation model.

The result can be seen in Figure 6.57, where the image appears to the right of the
story pop-up and can also be expanded by clicking on it. The internal prompt
generated from the game master for this image was: “Massive, steampunk-style
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cannons firing volleys of potatoes over a border towards a castle, under a clear sky,
with soldiers in the background.”.

(a) Generated image to the right of the story panel. (b) Expanded image shown over the
story panel.

Figure 6.57: UI implementation of the generated images.

In addition to adding the image to the pop-up, the image was also added to the right
story panel so players could see the generated image even after closing the pop-up,
seen in Figure 6.58.

Figure 6.58: The generated image attached to the right story panel as a photo.

Lastly, a toggle option was added inside the Unity editor that enabled the game to
save all generated images as PNGs to the computer. This way, every image paid for
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when generated is saved and could be viewed outside the game. A few examples of
images that have been saved can be seen in Appendix D.

6.10.3 World setting
The world setting feature was developed to change the environment where the game
takes place. For example, if the world setting is “The game should take place on
the alien planet” the game should use this as context when different AI instances
generate content.

Figure 6.59: The world setting pop-up.

To implement this, a pop-up was first created in the main menu, seen in Figure 6.59,
where players can input their desired instruction. To open the pop-up, the world
setting button in the redesigned main menu was used. After that, the world settings
were added as a variable in the GeminiConfiguration.cs class for it to be injected
into five different AI instances shown in Figure 6.60.

Figure 6.60: The different AI instances the world setting gets injected into.
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The world setting was injected by first adding a description of how the five different
AI instances should behave and a mark, “#||#”, where the injection should happen
inside the system instructions. These additions can be seen below for the Game
Master, LLMGA, local AI, country resource randomizer and the music selector.

Game Master:

World Setting

The game is set in a fictional version of Europe, where players control
countries and engage in strategic actions. The world is characterized
by a mix of historical and fantastical elements, with unique resources,
cultures, and conflicts.

The player-provided world setting below should guide the narrative tone,
environmental details and thematic elements of the story. However, if
any aspect of the world setting conflicts with the game’s rules or mechan-
ics, the game rules take precedence. For example, if the world setting
suggests that countries can be partially conquered, the base rule that
“Players take control of the entire country, not parts of it” still applies.
When generating an image prompt you should also take this world set-
ting into consideration. If the player-provided world setting is empty,
you should ignore it and not take it into consideration when generating
a response.

Player provided world setting

#||#

LLMGA:

Additional world information
The following information is provided to help you understand the world
setting. Use it in the generated response to be involved in the world and
make the actions fit it. If empty, simply ignore it.

* #||#

Local AI:

The world setting is: “GeminiConfiguration.GetWorldSetting()”

Resource randomizer:

World Setting Consideration
Below is the optional player provided world setting. When generating
resources for countries, align your choices with this setting’s themes,
environmental factors, and technological level. If a world setting is pro-
vided:
- Generate resources that would logically exist within the described world
- Consider any unusual environments, magic systems, or technology lev-
els mentioned
- Ensure the resources fit the narrative tone (fantasy, sci-fi, historical,
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etc.)
- Create resources that might drive conflict or cooperation based on the
setting

Player provided world setting
#||#

Music:

World Setting Consideration
Below is the optional player provided world setting. When generating
songs, align your choices with this setting’s themes, environmental fac-
tors, and technological level. Ignore this setting if no world setting is
provided.

World setting
#||#

When all system instructions were modified, the game was tested. First, the world
setting “The game should be played out on an alien planet called Strativarius where
no humans live”. This resulted in some alien resources and a story that fit well
with the world setting, seen in Figure 6.61. When testing, this ability to completely
change the game was found to be exciting and useful for players who wanted to
tailor their experience to a specific scenario.

(a) Generated resources. (b) Part of generated story.

Figure 6.61: Resources and story generated with the world setting “The game should
be played out on an alien planet called Strativarius where no humans live”.
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6.10.4 Text-to-speech
Before development started on Evolved Domination, Google had released a video
[138] over their upcoming Text-To-Speech (TTS) model that would allow developers
enhanced control over the expression the generated voice would have. This extra
control arguably made the voice sound more realistic than traditional TTS systems,
where the system often speaks in a continuous monotone style. This sparked the
concept of an engaging, realistic in-game TTS system that could read out loud the
in-game story in an engaging, realistic way and be a part of the game. Google stated
that this model would be generally available to developers in early 2025, but that
turned out to be incorrect, since it was not released publicly before development
stopped in May.

Therefore, throughout the development of Evolved Domination, when other TTS
models were released similar to the one Google showcased in its video, they were
tested to see if they could be utilized instead. The first of these models tested was
Sesame’s demo of their conversational TTS model [139]. Their website showcased
a great example of their model in action, but when they released it publicly, they
decided to release the smallest version of the model. This model was tested inside
the popular AI model provider Hugging Face [140] and was found to be much worse
than the example found on Sesame’s website. This, therefore, resulted in it not
being used for Evolved Domination.

The second model tested was Nari Labs Dia TTS model [141]. Likewise to Sesame,
Nari Labs had a website showcasing its model with comparisons to other models
with even better quality than Sesame’s model. Since the model was not able to run
on Hugging Face directly, the Dia model had to be downloaded locally and run via
Python to generate testing voices. Compared to the example voices on the website,
this local model produced voices of the same quality. However, for a sentence to
be generated, it took upwards of 300 seconds for the model to respond since it was
running on a laptop. This was deemed too slow for any real use, and in combination
with having to run the model in Python compared to C# inside Unity, it was decided
not to use this model either.

After still not having found a suitable TTS model to use towards the end of devel-
opment, research was done into Google’s existing TTS solutions. It was discovered
that there existed a solution called “Google Cloud Text-to-Speech” [142] that could
be accessed through a paid API that was still free to use as long as no more than
1 000 000 text characters are converted to voice per month. This was not optimal
since it required players to set up a paid account inside Google Cloud just to use
this API, and was more cumbersome than getting an API key for the already used
Gemini API. It also does not allow for expressive voice controls such as the previous
models mentioned and is instead a traditional TTS system where the voice gener-
ated reads the text in a monotone way. However, because there was no time left
to wait before this feature had to be made, it was decided that this API would be
used.

To implement this API, a C# package called Google.Cloud.TextToSpeech.V1 [143]
was utilized, which abstracts the direct calls to Google to make integration easier.
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One difference between the Gemini API compared to this TTS API is that it re-
quires more information than an API key to access its features. The recommended
approach was to set up OAuth 2.0 credentials [144] and use the API through it.
However, since it was intended that players themselves could access the APIs with
their own credentials, this way of authentication would be too complicated to imple-
ment effectively. Instead, a solution was implemented, where players would have to
download a JSON credential file from Google Cloud and input its filepath into the
game. The content of the file was then read and used to authenticate the API use.

For faster development, Gemini 2.5 Pro was prompted inside AI Studio to provide
a script that inputs a given text to the cloud TTS model and takes its audio data
response and generates an audio clip that can be played inside Unity. The returned
script worked but required the voice name and language code to be passed to the
API in conjunction with the text that would be converted to sound.

Since the goal was to create a voice that exceeded the limitations of a typical single-
voice TTS system, a system was created to allow different voices to be heard with
different dialects depending on where the story takes place. To accomplish this, a
new Gemini AI instance called “Voice Selector” was created to take each paragraph
from the entire story and assign it a voice and language dialect. It would do this sim-
ilarly to the music selector using function calls to select voices stored inside a voice
database and uses its data when sending requests to the API. Further details about
the voice selector AI instance can be found in Section 7.2.11, where descriptions of
input and output are found.

Since the API is paid if more than 1 000 000 characters are sent per month, a conser-
vative approach was taken to limit the number of characters sent during gameplay.
This was done by adding a button to the story pop-up panel, displayed in Figure
6.62, where players can press it to begin generating voices for that page. This en-
sures that the system only generates audio for the pages the player wants to listen
to. Once the audio is created, it is saved for later playback, eliminating the need for
repeated generation requests.

In total, this means that when the TTS button is first pressed and a new story
has been generated, it decides on voices for all paragraphs inside the story. It then
generates a voice for every currently shown paragraph inside the pop-up panel. If
the player presses the TTS button again on another page, it only generates the voice
audio since the type of voice has already been decided. This logic flow is shown in
Figure 6.63.

Up until this point, the story on the pop-up page was limited to showing only one
story paragraph on each page. This was acceptable for the TTS system since only
one paragraph of audio would be generated, but it resulted in many pages for the
player to go through. Sometimes, a paragraph could also be too long to show on a
single page, which causes the text to go outside the intended text area. To fix both
of these issues, paragraph splitting was added to the story pop-up panel.

Paragraph splitting was constructed so that the page is filled continuously with one
paragraph at a time until it either reaches a buffer zone around the intended page
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Figure 6.62: The visual look of the TTS button inside the story pop-up.

Figure 6.63: Internal logic flow of the TTS system.

splitting point or overflows the buffers completely. Figure 6.64 shows these buffers
and the intended splitting point between them. The reason why there are buffers
around the splitting point is to avoid a paragraph being split between pages if only
a few words fall on either of the pages. This makes TTS easier to understand due
to the impossibility of reading only a few disconnected words from a paragraph that
has been split.

Lastly, before finishing the feature, an option was added inside the settings menu
that allowed players to input the path to the JSON credentials file. Similarly to the
API key that gets verified before a player can start the game, the JSON credential
file also gets verified so that it is known that the TTS system will work. If it
successfully verifies the credentials, the verifying button to the right of the text field
will say “Success!”. Furthermore, additional audio options were added that allow for
more precise settings of the music volume, TTS volume and a sound effects volume.
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Figure 6.64: Page splitting logic exemplified with character buffers.

Sound effects include the typing sound made by the local instruction writer AI or
the victory pop-up typewriter sound.

Figure 6.65: Settings panel with added TTS and sound options.
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6.10.5 Small GUI changes
The last developments to the project included a few last GUI changes that polish
the game to make it look cohesive. Figure 6.66 shows these updates that were made.
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(a) The new current player panel changed to
be visually similar to the action menu.

(b) The setting panel that got its name
changed to “Options”.

(c) Updated colors and typeface for the load-
ing screen.

(d) Updated color and typeface of the error
screen.

(e) The new graphical style of the resource
panel made to fit between added GUI ele-
ments in Evolved Domination.

Figure 6.66: The last GUI changes aimed at making the application cohesive
throughout.
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7
Results

Results are presented in four different parts. First, the game Evolved Domination
is presented from a player perspective, followed by two sections of technical details.
Finally, a SWOT analysis is presented highlighting strengths, weaknesses, opportu-
nities and threats for the thesis.

7.1 Evolved Domination from a player perspec-
tive

Evolved Domination is a turn-based strategy game that takes place on the map of
Europe, where players battle to conquer different countries. Players perform turns
separately in each round by selecting actions and writing creative instructions on
how they are performed. This will be used to procedurally generate the next story
and game state using an LLM.

Below, a walkthrough of a normal round in the game will be presented, highlighting
all functionality that the players interact with.

7.1.1 Main menu

Figure 7.1: The final main menu design in Evolved Domination.
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When Evolved Domination is started, the game boots up to the main menu seen in
Figure 7.1. Here, the player can select how many players there should be in the game,
what color they are and which type of player it is. Selectable types include Human,
Computer and AI. The win condition can be switched between “Most countries”
and “AI chooses”, which have been explained in sections 6.3.4 and 6.7.9 respectively.
Likewise, the toggle option for round-based and time-based game length is also
explained in the corresponding sections 6.3.4 and 6.4.6 which switches between the
two modes. The slider underneath allows players to choose either the number of
rounds or the game duration in minutes before the victory pop-up is displayed. The
last setting that can be changed is the world setting developed in Section 6.10.3. It
lets users type in a world setting that the game will try to apply when it generates
in-game information.

After these settings have been decided upon, the player needs to verify their Gemini
API key before starting the game. This is done through the API validator in the
bottom right corner of Figure 7.1. If the key is invalid, the text above the input field
will display a “Try again” message, and if it passes, the start button becomes yellow
instead of an initial red color. If the game is not started, there are also buttons
that lead to the settings menu written about in Section 7.1.9 and the “How to play”
panel described in Section 6.9.4. These are additional panels where the player can
change settings or learn how Evolved Domination functions.

7.1.2 Game view
When in the game view seen in Figure 7.2, players can move the camera around in
the world by using the keys: W, A, S and D. Additionally, camera movement can be
performed while holding down the right mouse button and moving the mouse around.
Camera rotation can be done by pressing either Q or E, and rotates dependently
left or right. Players can also use the scroll wheel on the mouse to zoom in and get
close to the map.

Figure 7.2: Screenshot showing the game view.
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Inside the game view there are six UI panels serving different purposes. The resource
panel depicted in Figure 7.3a displays all players’ occupied countries and current
resources. The story panel seen in Figure 7.3b shows the latest story generated.

(a) The resource panel displaying
player data such as occupied countries
and resources.

(b) Story panel shown on the right
side in the game.

Figure 7.3: Showing the resource and story panel in the game view.

The third panel is the instruction letter seen in Figure 7.4, located at the bottom
of the screen. When players have selected an action, this automatically appears,
allowing players to write their instruction that fits their action in the input field. If
needed, players can also press “Help me write” to have the local LLM, explained
in Section 7.2.9, write an instruction based on the selected action, resources and
existing text in the input field. Additionally, the two actions Attack and Research
allow players to attach resources to the action by dragging them from the resource
panel to the bottom part of the instruction letter.

Panels four and five are used for the rule or the ally system respectively. The rule
panel seen in Figure 7.5a lists all currently active rules, proposed rules this round
and rejected rule if there are any. When voting on proposed rules, players either
select “Deny” or “Approve”, leading to a drawn circle shown around the answer.
This allows them to change the answer afterwards if desired. Rejected rules can also
be dismissed by pressing the button “Dismiss” and a red notification icon is shown
if there is any new information in the panel.

The ally panel, shown in Figure 7.5b, works similarly, but instead of showing rules,
it presents ally information. It displays current allies with chat buttons for each ally,
explained in Section 7.1.4. Furthermore, it also lists current ally requests that need
answering and rejected requests that can be dismissed.
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Figure 7.4: The instruction letter showing current action, input field, attached re-
sources and a “Help me write” button.

(a) Rule panel showing active, pro-
posed and rejected rules.

(b) Ally panel showing current al-
lies, incoming ally requests and re-
jected requests.

Figure 7.5: Showing the rule panel, ally panel and the chat window.

The last panel is the music panel located at the top left corner of the game view. The
panel is seen in Figure 7.6 and allows players to request music in-game by writing in
the input field. The underlying music system is further explained in Section 7.1.6.

Players can end their turn by either clicking on the button in the bottom right
corner seen in Figure 7.7b or pressing the keyboard shortcut End or Ctrl + Enter.
If players have not selected an action, voted on all rules or answered all pending
ally requests, a pop-up appears. The pop-up is shown in Figure 7.7a and shows the
player the necessary steps needed before the turn can end. This pop-up window
appears beside the end turn button on the bottom right corner of the screen.
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(a) The music
panel showing
an LP record.

(b) Expanded view showing an input field, toggle
button and playback control.

Figure 7.6: The normal and expanded version of the music panel.

(a) Turn validation pop-up when
mandatory tasks are not com-
pleted.

(b) The end turn button for
proceeding with the game.

Figure 7.7: The turn validation and end turn UI elements.

7.1.3 Selecting actions
Players can select four different actions by using the panel in the bottom left of the
game view, seen in Figure 7.8a and created in Section 6.7.5, or using the number
keys: 1, 2, 3 and 4. Before submitting a turn, players are forced to choose one
action. The first action is Attack and can be performed by selecting it. A pop-up
is presented, indicating that players first should select a country to attack from and
then a country to attack towards. The order of these can be switched if the player
presses the tab key, and depending on which one, a cursor representing a house or
a sword is shown respectively to help players know which they currently select. An
alternative way to attack is also done by clicking on a country to attack from and
dragging the mouse to a country to attack. A red arrow, as seen in Section 6.7.5, is
displayed to help show the attacking vector.

To Research or create a Rule, players can select one of these actions and write an
instruction for it. The last action, Ally, can be used by selecting the action and
picking a player on the list that appears above, seen in Figure 7.8b. A message can
then be typed, which is sent to the other player. The other player then needs to
approve or deny the request.

7.1.4 Message allies
As mentioned, players can become allies with others by first performing the Ally
action or accepting an ally request. Approved ally requests are seen at the top of
the ally panel, depicted in Figure 7.9, and declined requests at the bottom. In the
middle, the same figure also highlights how an ally request is perceived from the
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(a) Action button panel located in the bot-
tom left corner.

(b) Pop-up when choosing
ally after selecting ally ac-
tion.

Figure 7.8: Action buttons and pop-up when choosing allies.

receiving side, displaying a message with an approve and a deny button.

Furthermore, players can message other players by opening the ally panel and press-
ing the chat button beside an existing ally. A new panel appears to the right, seen
in Figure 7.9, which lists ally messages sent in the conversation and a text field to
write a new message. Players send messages by typing in the text field and press-
ing the Enter key. The message will then be received by the recipient next turn. A
notification badge also appears if an ally request or a rejected ally request is present.

Figure 7.9: The ally panel to the left, showing current allies, ally requests and
rejected requests with the chat window to the right displaying current messages and
an input field.
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7.1.5 Rule voting
Players can create rules that affect how the game works. First, the player suggests
a rule by selecting the Rule action and writing the rule as an instruction. After all
players have made their turn, all suggested rules this round are validated to see if
they break any existing rules in the game. The validation results are presented in the
next story, and if successful, the approved rules proceed to be voted on. All players
are required to vote by the end of their turn. The voting results are presented in
the story next turn. If a rule receives the majority of votes, it will be applied to the
game and otherwise, be rejected. The status of a rule can be followed in the rule
panel displayed in Figure 7.5a.

7.1.6 Changing music
Music in the game is controlled by the music selector discussed in Section 7.2.6. For
each round, it plays two songs that fit the story played when the story pop-up is
open and then around five songs chosen by the game when players are selecting
actions. Players can request music by opening the music panel seen in Figure 7.6
and writing a genre, style, feeling or time era in the input field. The game then
selects music based on this to be played. To switch between the player-chosen music
and the original game-selected music, a toggle button can be pressed seen in Figure
7.6b. The figure also shows playback controls that can be accessed, such as going
to the previous music, next music or pause.

7.1.7 New round
When all players have performed their turn, the game state containing all player
actions, instructions, currently occupied countries and resources is sent to the Game
Master, discussed further in Section 7.2.1. After receiving a response, the new story
is presented in the game as a pop-up briefcase shown in Figure 7.10. Player names
are also highlighted in their respective color.

The story panel also allows players to activate a text-to-speech feature indicated
by a speaker icon. When activated, the current page is read by different voices
depending on the story content. An hourglass icon is displayed to show that the
game is waiting for a response from the TTS service.

Lastly, a generated image can be seen to the right on the story panel if the image
generation setting is turned on. The image is generated based on the content in the
story and covers one important story element the Game Master decides upon.

7.1.8 Victory pop-up
The game is finished when the round has reached its limit or the time is up. If this
criterion is met, the game will present a victory pop-up after all players have made
their last turn. Depending on which win condition was chosen on the main menu,
one of the two screens in Figure 7.11 is shown.
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Figure 7.10: The story panel showing the story and an accompanying image.

If the condition “Most countries” was chosen, the pop-up in Figure 7.11a is displayed
listing the winning player and a leaderboard containing the number of current coun-
tries occupied by each player.

If the other condition “AI chooses” was chosen, a similar pop-up is shown as dis-
played in Figure 7.11b. The content includes the winning player and a motivation
for why the player won. It also lists all other players and their score, player type
and score motivation the AI has generated.

(a) Victory pop-up for most countries
win condition.

(b) Victory pop-up for when AI chooses.

Figure 7.11: The victory pop-up showing the two different win conditions.

The victory pop-up is animated upwards when first shown. First, the typewriter
moves from outside the screen upwards. After that, the paper slowly moves upwards
and characters are printed out one by one on the paper. A sound is also played for
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each character typed, along with a bell sound after completion. This is done to
loosely mimic the function of a real typewriter. A victory song is also played when
the pop-up opens.

7.1.9 Changing options
The option menu can be opened in the main menu or via the pause menu in the
game. It is divided into four parts: Sound, Text-to-speech, Image generation and AI
models as seen in Figure 7.12.

Figure 7.12: The options menu.

Sound levels can be changed by adjusting four different sliders. The master slider
adjusts the overall sound level. The other three sliders adjust individual volumes of
sound sources such as music, TTS and sound effects.

Text-to-speech can be enabled by entering a valid path to a file containing credentials
for accessing the Google voice service [142]. If successful, the button says “Success”,
otherwise, it says “Try again”.

Image generation can be turned on or off with the toggle button. If the setting is
on, players can select which model to use from a predefined dropdown list or choose
a custom model by inputting a model identifier in the input field. These must be
taken from Google’s official list of supported models [145].

The last section lists all the other cloud-based AI instances in the game and which
underlying model they use. These can be changed similarly to the model selection
for the image generation above using either the predefined models in the dropdown
list or choosing a custom model. Image generation models cannot be selected as the
other cloud-based AI instances use text-based models.
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7.2 AI instances in Evolved Domination
Evolved Domination consists of 12 different AI instances that cooperate seamlessly in
the background during gameplay. This section first explains how all these instances
work together to form the cohesive experience and then explains the purpose, input
and output for each instance.

The AI architecture is depicted in Figure 7.13. First, players launch the game and are
presented with the main menu. The main menu allows players to input a mandatory
API key used to play the game, which is then verified by the API verifier. After
verification, the Country resource randomizer generates random resources for each
country before starting the game.

Directly when the player presses the start button, a request to the Music selector
instance is made to select which music to play during gameplay. One or multiple
LLMGA requests are also sent if there are any AI players present in the game.

Then the game continues to the phase where players are performing actions. Here,
players can choose to get help when writing an instruction, calling the Local in-
struction generation instance to retrieve an instruction. Additionally, if any rules
are proposed or rules voted on, the respective instances Rule validator or Rule ap-
plicator are used before sending a request with the entire game state to the Game
Master.

The Game Master response is then parsed, and the game proceeds to a new round,
calling the previously mentioned LLMGA and Music selector instances. Meanwhile,
a story pop-up is also displayed to the players. If players have enabled image gen-
eration, the Image generation instance request will automatically be dispatched.
Players can also use the TTS button to generate a natural-sounding voice for the
story. This first uses the Voice selector instance to select a suitable voice and then
the Text-to-speech instance to generate the audio for the voice.

If the game has not finished, it transitions to the “When pop-up is closed” box,
performing the loop until the game has finished. If the game has ended, it checks
if the win condition is “AI chooses”. Then it dispatches a request to the Game
winner instance to determine the winning player and opens up the victory pop-up.
Otherwise, the default condition “Most countries” is used and the victory pop-up is
shown directly.

Figure 7.13 contains a legend describing which instances use the input world setting,
story or player rules. The world setting is used as input in the instances Country
resource randomizer, LLMGA, Music selector, Local generation, Game Master and
Image generation. The current round story or complete story history is used in
the LLMGA, Music selector, Game Master, Image generation, Voice selector and
Game winner. Lastly, player rules are injected into the LLMGA, Rule validator,
Rule applicatior and Game Master.

Redundancy was also added to make the game more resilient to problems with
external services. If instances fail with their first request, a second request is made
using a fallback model. This allows the system to still work if a specific model is
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Figure 7.13: An overview of all AI instances in Evolved Domination.
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unavailable or fails. If this request also fails, default values are used for the instances
that support it. The AI instances that support this are the Game Master, LLMGA,
Country resource randomizer, Rule validator and Game winner.

7.2.1 Game master
The Game Master is the main AI instance inside Evolved Domination, used to gen-
erate the story and move the game forward. It uses Gemini 2.5 Flash to consider
all player actions and combines it with the current game state to generate the next
round for all players according to the system instruction found in Appendix B.1.
While the game is running, there can also be additions to the system instruction
in the form of the “World setting”, discussed in Section 6.10.3, and player-created
rules, explained in Section 7.1.5. These are injected into the system instruction each
time a command is sent to the AI instance and can therefore be seen as a part of it.

In addition to the information injected into the system instruction, a JSON object is
sent to the model each round that contains the data that should be processed. The
difference between the data injected in the system instruction and the data inside
the JSON object is that the injected data can be considered as static information
while the JSON data is round-dependent. The JSON structure can be seen below:
{

" Players ": [
{

"Name ": "",
" Action ": "",
" Instruction ": "",
" UsedResources ": [""],
" Resources ": [""],
" CurrentlyOccupying ": [""],
" AlliedPlayers ": [""]

}
],
" Events ": [""]

}

The JSON structure consists of two parts, the “Players” and “Events” sections. The
player section contains an array filled with objects representing player information
and their corresponding action during the round. The event section consists of a list
of strings that are considered game events and should be mentioned in the generated
story later. Moreover, as rounds are played inside the game, each input and output
to the AI model is also stored as game history. This historical data is sent to the
AI model each turn in the form of a chat history, which helps the model generate
responses that can take earlier game history into account.

When the model has processed and generated a new round, it responds with a JSON
object formatted as follows:
{

"story ": "",
" StoryImageGenerationPrompt ": "",

" Players ": [

106



7. Results

{
"name ": "",
" resources ": [""],
" actionSucceeded ": true/false ,
" currentlyOccupying ": [""]

}
]

}

The response contains the generated story for the round, an image generation prompt
for the image generation functionality and an array containing the updated game
state for all players. This information is then utilized to update the internal game
state and display the information to the users.

If the Game Master AI instance fails to generate a response, there is a feedback
system that displays the error information on the screen and a retry option that
allows players to try and send the request again. More information about this
system can be found in Section 6.9.1.

7.2.2 LLMGA
The Large Language Model Game Agent (LLMGA) is the most complex AI instance
in Evolved Domination. Its purpose is to be an AI player that simulates a human
player capable of performing any action a real person can do in-game. The instance
uses Gemini 2.5 Flash to generate its response and follows the system instruction
found in Appendix B.3.

Similarly to the Game Master, there is static data that is created and injected at
runtime into the system instructions for the LLMGA. The injected data sets the
information for how many rounds the game will play before finishing based on set-
tings from the main menu, every resource each country has decided in the “Country
resource randomizer” discussed in Section 7.2.3, the “World setting” discussed in Sec-
tion 6.10.3 and lastly all player-created rules created during the game. It also utilizes
game history so that the LLMGA can know how the game has evolved throughout
the play session and build upon its own actions to form more complicated plans.
{

" MyPlayer ": {
"Name ": "",
" Resources ": [""],
" CurrentlyOccupying ": [""],
" AlliedPlayers ": [""]

},
" OtherPlayers ": [

{
"Name ": "",
" Resources ": [""],
" CurrentlyOccupying ": [""]

}
// ...

],
" TurnNumber ": 1,
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" GeneratedStory ": "",
" RulesToVoteOn ": [""],
" PendingAllyRequests ": [

{
" RequestFrom ": "",
" Message ": ""

}
// ...

],
" AlliedPlayerChats ": [

{
" ChatWith ": "",
" Messages ": [""]

}
// ...

]
}

The data is sent to the AI using the JSON structure found above this paragraph.
It contains a “MyPlayer” object representing the AI player itself, an array with all
other players and their information, which turn number it currently is, the generated
story for the latest round, rules and ally requests to answer and lastly, all player chats
that the AI has been involved in. The LLMGA has been given identical information
that is available for normal players if combined with the static information injected
into the system instruction.
{

" Action ": "",
" Instruction ": "",
" UsedResources ": [""],
" AllianceRequestResponses ": [

{
" PlayerName ": "",
" Response ": true

}
// ...

],
" RuleVotes ": [

{
" RuleText ": "",
"Vote ": true

}
// ...

],
" MessagesToSend ": [

{
" RecipientName ": "",
" MessageText ": ""

}
// ...

]
}

Likewise, the output JSON structure seen above is designed so that the LLGMA can
make decisions equivalent to a human player and create a response that interacts
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with every in-game system. It returns an action, instruction and which resources it
wants to use in combination with answering every ally request and rule vote. Lastly,
it can also send chat messages to other players if the AI has a chat with another
player. If the LLMGA fails to generate a response, a standard instruction will be
sent to the Game Master stating that the AI instance forgot how to make its move
and therefore that no action was taken.

7.2.3 Country resource randomizer
Resources for all countries are generated at the start of the game after a valid
API key has been provided. The instance uses the less powerful but faster model
Gemini 2.0 Flash Lite with a temperature value of 1.7 to increase randomness. The
system instruction is found in Appendix B.4 and instructs the model to generate two
diverse resources per country. If a world setting has been provided when the game
starts, it injects that into the system instruction and regenerates the resources for
all countries based on the new world setting. The world setting is further explained
in Section 6.10.3. The input and output JSON schema includes a list of country
data containing name, resources and who is occupying the country. This structure
can be seen below.
[

{
" CountryName ": "",
" CountryResources ": [],
" OccupiedBy ": ""

},
// ...
{

" CountryName ": "",
" CountryResources ": [],
" OccupiedBy ": ""

}
]

If the normal and fallback requests fail, the resources will default to randomly se-
lecting two resources from this list: Wood, Stone, Iron, Oil, Gold, Coal, Fish and
Wheat.

7.2.4 Rule validator
The rule validator approves or declines rules suggested by players using Gemini 2.0
Flash Lite, taking all the existing game rules into account. It does this by inserting
these rules into the system instruction when a request is initiated. The system
instruction is listed in Appendix B.5 and includes a description of how it should
validate rules alongside a description of the input and output structure. The input
provided in the request is an array of player-created rules that need validation, as
seen below.
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{
[

"Rule 1",
// ...
"Rule 10"

]
}

The output JSON structure contains a boolean value if the rule is valid or not and
a reason it was approved or declined. The structure can be seen below.
{

" isValidRules ": [
true,
// ...
false

],
reason : [

" Reason ",
// ...
" Reason "

]
}

On failure with the regular and fallback model, the rules are automatically rejected
with the reason “Failed to validate rule”.

7.2.5 Rule applicator
When a rule has successfully passed player voting, the rule applicator makes a request
to the model Gemini 2.0 Flash Lite to check if the rule should modify any game
parameters. If so, it uses function calls to output one or more functions which are
defined in Appendix C.1. The instance then uses a system instruction found in
Appendix B.6 and receives an array of rules passed this round, as seen below.
[

"Rule 1",
// ...
"Rule N"

]

It then outputs an array containing a combination of the five functions: setMaxNrO-
fAttachedResources, changeCurrentNrOfRounds, changeWinningRound, addResources-
ToPlayers and doNothing. This allows it to modify internal game parameters, such
as setting the winning round to 100 or giving resources to players. The structure
for the array of functions can be seen below.
{

" Functions ": [
{

"Name ": ""
" Arguemnts ": []

}
]
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}

On failure, it returns an empty list to indicate that no function calling should be
done.

7.2.6 Music selector
This instance utilizes Gemini 2.0 Flash with function calls to determine which music
should be played in the game. The system instruction found in Appendix B.7
instructs the model to take an input string similar to the one seen below and output
an array of function calls that fit the input. The world setting is also injected into
the system instruction to allow the music to fit the current world setting.
"Give me 5 calm songs "

Each function call it can choose from comes from a music database containing 61
unique songs with five different types of attributes: style, moods, tempo, instruments
and dynamics. Style indicates which type of music it is, for example, cinematic or
classical. Moods describe which moods exist such as majestic, calm or energetic.
Tempo is how fast or slow the music is. Instruments include all instruments in
the music. Lastly, dynamics describes the sound level, whether it is lively, quiet or
gentle. On average, there are 25 attributes for each song. An example of a single
function can be seen below.
{

" Functions ": [
{

"Name ": " FileName .mp3",
" Description ": "Style : cinematic , film score , epic

adventure . Moods : heroic , dramatic , building . Tempo :
fast , driving , moderate . Instruments : brass ,
percussion , strings . Dynamics : forte , powerful , epic."

" Parameters ": {
fitsStory : true

}
}

]
}

The output provided by the instance is an array of functions that indicate what
songs to play. It also includes whether the generated song is connected to the story
and therefore should be played first, before the other songs. The structure of the
output can be seen below.
{

" Functions ": [
{

"Name ": "",
" Arguments ": {

" fitsStory ": false /true
}

}
]
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}

7.2.7 Game winner
The AI instance that decides who wins the game uses Gemini 2.0 Flash and takes
the entire game history as input. It uses this to select a winner based on which
player it thinks has performed the best during the game. Examples of factors it can
look at are which player has the most countries, which players used a smart game
strategy, has set themselves up for success or has been successful with alliances. The
system instruction it uses as a base for this is found in Appendix B.8. The response
contains the winning player and a motivation for why it is the winning player. It
also responds with an array of data for each player that describes their playstyle, a
score between 0 to 10 and a motivation for this score. The JSON response schema
can be seen below.
{

" players ": [
{

"name ": "",
" playerType ": "",
"score ": 0,
" scoreMotivation ": ""

}
],
" winningPlayer ": "",
" reason ": ""

}

If the API is unresponsive, it defaults to selecting the winner based on which player
has the most countries.

7.2.8 API verifier
The API verifier instance is the simplest AI instance in Evolved Domination. Its
purpose is to verify that the Gemini API key inputted by the player is valid and
will function throughout the game. It functions by first sending the message “hi” to
Gemini 2.0 Flash Lite and waits for a response. If a response is received, then the
API key is considered valid. If it fails, however, it tries sending the same message
to Gemini 2.0 Flash to see if that model responds before considering the API key
as invalid. It does this extra call to lessen the chance of it falsely denying an API
key due to the primary model being overloaded.

7.2.9 Local instruction generation
This AI instance helps the player write an instruction connected to the selected
action by utilizing a local LLM running on the device. The instance uses the Gemma
3 1B model in combination with a system instruction described in more detail in
Section 6.6.1. The system instruction briefly describes what the game is about and
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what actions can be performed. It also describes how the model should respond and
that it should answer from the player’s perspective.
" Player { chosenAction }.
Starting instruction : { startingInstruction }.
Player resources : { playerResources }"

The input given to the model is the chosen action, the start of an instruction if the
player has started writing an instruction and the players’ resources. When process-
ing, the model uses a streaming approach, meaning that the generated instruction
is returned word by word, updating the UI in the process, instead of receiving the
response all at once. Since this is a local model, no fallback system exists as it can
be guaranteed that the model is accessible and will generate an output.

7.2.10 Image generation
The image generation instance generates images connected to the generated story
each round. It does this by receiving a prompt from the Game Master and calling
Google’s Imagen 3 model. As this model does not support a system instruction, it
directly uses the prompt from the game master without any modifications.

The model responds with a base 64 encoded image, which is converted to a byte
array and then a texture. Lastly, it converts the texture to a sprite, which can
be used in Unity. On failure, the model returns nothing since a backup model for
images does not exist in Evolved Domination.

7.2.11 Voice selector
This AI instance uses Gemini 2.0 Flash to generate function calls that decide which
voice to use for each paragraph inside the generated story. Its complete system
instruction can be found in Appendix B.9 and accomplishes this by first receiving
an array of strings in JSON format corresponding to an array of every paragraph
inside the generated in-game story. The JSON schema below shows how the input
is formatted in more detail.
{

"Story ": [
" Paragraph 1",
" Paragraph 2",
// ...
" Paragraph n"
]

}

At the same time, since the instance uses function calling, it is also provided with
a list of functions, where each element represents a selectable voice. This is done
similarly to the music selector AI instance in that a voice database has been created
that contains information about the 38 possible voices that can currently be chosen.
This database is then automatically processed to generate the function list with a
real example of a single element being:
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{
"Name ": "en -GB -Chirp3 -HD -Aoede ",
" Description ": " Voice name: en -GB -Chirp3 -HD -Aoede . Gender :

FEMALE . Voice attributes : Brighter , Clean . Voice dialect : en -
GB"

}

The model is then instructed to pick a voice function for each corresponding para-
graph it received in its story input and return it to the game. Its output is therefore
a list of function names corresponding to the desired vocal style for a certain section.
The name is then utilized to gather the information needed for the text-to-speech
model.
{

" Functions ": [
{

"Name ": "Voice name for paragraph 1"
}
{

"Name ": "Voice name for paragraph 2"
}
// ...
{

"Name ": "Voice name for paragraph n"
}

]
}

If the AI instance fails to generate a response, a pre-defined fallback voice option is
used.

7.2.12 Text-to-speech
The text-to-speech module inside Evolved Domination functions differently from all
other AI instances in that it uses its own API called Google Cloud Text-To-Speech
[142]. This, therefore, requires the player to assign a file path to another credential
file containing the required information to access the API. When creating an API
request, Google’s Google.Cloud.TextToSpeech.V1 [143] C# package is then used to
more easily build the input needed for the call. It contains the text to be spoken,
the name of the voice that should be used and the language code representing the
language the voice should be in. After audio generation has been finished, the output
is received as a 16-bit linear audio stream, which gets converted into an audio file
that Unity can play.

If the API fails to generate a voice, the game will continue normally without playing
the sound. Further information on how the text-to-speech system works can be
found in Section 6.10.4 where it describes how this module works together with the
voice selector AI instance described in Section 7.2.11. It also gives a more thorough
explanation of how each story is broken down into sections so that the text-to-speech
module can generate audio with different voices for each story section.
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7.3 Additional systems in Evolved Domination
This section mentions a few additional internal systems important to the games
inner workings for the experience to be seamless while playing. They will not go
into specific implementation details here but rather explain their overall purpose.

7.3.1 Terrain system
As mentioned in Section 6.7.1, the basis of the terrain system used inside Evolved
Domination originates from Sebastian Lagues Geographical Adventures game [134]
where Lague uses data from NASA to generate a virtual globe. This terrain meshing
system has been modified to generate flat terrain on a plane instead of a globe
and rotated the flat map to make Europe centered on it. Since mesh generation
is expensive, the mesh data is then saved to a file and loaded when the game is
started. The terrain then uses a custom shader, partially inspired by Lague, that
utilizes satellite maps from NASA to generate a base texture. Together with this
base texture, it also uses the country index map shown in Figure 7.14a to color the
countries on the terrain based on player occupation and if the country is outside
Europe. The final world terrain is seen in Figure 7.14b.

(a) Country index map used to color countries. (b) The final world terrain.

Figure 7.14: The underlying country index map and the final terrain inside Evolved
Domination.

Similarly to the meshing system, the ocean shader also originates from Lagues work
with modifications to allow it to run in Evolved Domination’s Unity environment
and for it to be situated on a flat plane. Further details about the ocean shader
implementation and how terrain coloring is done are found in Section 6.7.1.

7.3.2 Virtual player system
The virtual player system is described further in sections 6.3.5 and 6.6.7, but is the
underlying system that allows human players to play against both Computer Players
and AI Players. During a round, the internal game system will set up so that every
player gets to do their turn in the predefined order that was decided upon at the
beginning. When it is a human player, the GUI initializes to that player and waits
for the player to input their actions before finishing their turn and moving on to
the next. However, when a virtual player comes, it calls a special function that all
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virtual players have that decides their move instead of setting up the GUI. This is
handled differently for the Computer Player and AI Player, but the result is that
the virtual player makes a move that can be read by the game.

An additional Deterministic Player utilizing this system was also created for testing
purposes, but is not included in the final game. This can be read about in Section
6.3.5.

7.3.3 Message system
The message system inside Evolved Domination was first constructed to allow mes-
sages to be sent between allied players during gameplay. It is explained in Section
6.4.3, but quickly grew to include sending ally requests and rule votes as explained
in sections 6.4.4 and 6.6.4 respectively. The system allows players to send generic
messages of certain types to each other via a postal manager that routes messages
between players when a round is finished. Having this as a central system ensures
that message handling is consolidated into a cohesive class where ally requests and
rule voting can be handled. It also simplifies the logic required for each player since
they only require a mailbox where messages can be sent.

7.4 SWOT analysis
This section will present an analysis over the Strengths, Weaknesses, Opportunities
and Threats that have been found throughout developing Evolved Domination with
generative AI. These findings also aim to answer the research question found in
Section 1.1.

7.4.1 Strengths
Dynamic system instructions allow customizability

Evolved Domination heavily relies on system instructions that decide how AI in-
stances should behave. Instead of only using static versions defined once, the game
inserts information at runtime into them. For instance, the Game Master, discussed
in Section 7.2.1, injects all player-created rules and the world setting at runtime,
allowing it to incorporate this when generating new game states. This dynamic
system instruction can therefore allow model behavior changes during runtime by
adding or removing information in the instruction.

PCG enhances replayability

As discussed in Section 2.1, Procedural Content Generation (PCG) allows for gener-
ating different types of content. Evolved Domination uses PCG, for example, when
generating stories as discussed in Section 7.2.1, to allow unique narratives to be gen-
erated each round. These unique narratives give the game higher replayability as
players experience different stories even after doing the same actions. Additionally,
the “World setting” allows players to customize the content generation further by
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specifying an environment the game should use, discussed further in Section 6.10.3,
leading to a larger number of possible playthroughs.

From another point of view, even if the content is technically different every playthrough,
patterns may still emerge that possibly cause players to feel that experiences are sim-
ilar between playthroughs. This may therefore reduce replayability, but should still
be greater than if the game had pre-generated content.

Reducing manual work for content creation

Game development generally includes content usually generated manually by design-
ers, 3D artists or developers. Part of this work can be offloaded to different genera-
tive AI models, reducing the need for manual content creation. Evolved Domination
exemplifies this by offloading work to different AI instances when needed, allowing
for the dynamic creation of unique stories, images or voices at runtime instead of
requiring work to be done manually by developers. Since the game uses undeter-
mined player actions to generate new game states, it would be time-consuming to
try and create stories manually that fit. This is where the LLM in the game shows
its strength, by generating unique narratives each round based on unpredictable
player actions.

Reasoning models improve quality and adherence to game rules

A type of model called reasoning models, as described in Section 3.2, uses internal
reasoning to improve output quality. The early investigation of the AI solution used
in Evolved Domination, described in Section 6.4.1, found that a switch from using
non-reasoning models to reasoning models improved response quality and adherence
to rules. The main reason for this improvement was that the model would follow the
system instruction more closely, such as keeping the new game state and story in
sync, preventing discrepancies between the story and the game state. An addition
of a self-check also ensured that the model went through its response one last time
to double-check that all rules were followed. This is extra beneficial for reasoning
models since the reasoning process allows the model to iterate on the result compared
to non-reasoning models.

Different models for different needs

A diverse range of AI models exists with different capabilities that can be tailored to
different use cases. Google’s Gemini models have different tiers, ranging from fast,
cost-efficient models to slower models striving for higher response accuracy [145].

As Evolved Domination consists of multiple AI instances, described in detail in
Section 7.2, the game uses the different Gemini models for different use cases. For
instance, the Game Master that generates the new game states uses the slower but
more accurate Gemini 2.5 Flash model with reasoning enabled. In comparison, the
faster Gemini 2.0 Flash Lite is used when randomizing country resources since it
does not need to be as accurate, prioritizing speed over quality to allow the players
to start the game as fast as possible.
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Long context improves LLMs consistency

The Gemini models support long contexts, as discussed in Section 2.3, making them
perform well for large inputs of data. In Evolved Domination, this enabled the
storage of all input and output data given to certain AI systems in a history database.
When sending a new request, the entirety of this history data would be included,
giving the AI as much game context as possible. This resulted in stories that evolve
and build upon the history provided, improving the consistency of the game.

In sprint three, described in Section 6.4, it was discovered that the history was not
attached correctly when sending requests to the game master, leading to incoherent
stories and unexpected behavior. This therefore shows that context is important
and as much of it as possible should be provided to the AI when sending requests.

Structured output allows for reliable integration of LLM responses

As explained in Section 2.3, structured output is used to obtain a deterministic
response structure when receiving requests from the AI. All suitable AI instances
inside Evolved Domination, defined in Section 7.2, use this to ensure consistent
parsing of the data to eliminate the risk of partial or malformed data. Examples
of these instances are the Game Master, country resource randomizer and the rule
validator.

Using function calls can trigger different game functionalities

By using the function call capability in LLMs, it is possible to call different appli-
cation code functionalities with a set of input parameters [25]. These function calls
are structured similarly to structured outputs, mentioned in Section 2.3, in that they
are specified and returned using a JSON schema. More specifically, function calls
are defined by specifying all available functions, outlining both function names and
input parameters. Then the model output consists of one or more function names
in combination with the input parameters decided.

Evolved Domination uses this to call corresponding methods in the game. One ex-
ample is when rules are applied using the rule applicator AI instance, described in
Section 7.2.5. The instance decides which function call should be used to change
functionality inside the game, such as adding player resources or changing the win-
ning round. Another example is when it is used as a decision maker to decide which
music to play. As described in Section 7.2.6, a list of all songs and their description is
sent to the AI model together with a player prompt. Then the model decides which
music fits the prompt and returns a list of songs to play. The ability to call specific
functions and use function calls as a decision maker can therefore be considered
beneficial and allows the AI to interact with aspects inside the game.

Parallelization of AI requests

Parallelization of AI requests allows model generation to be run simultaneously when
performing multiple model requests. Evolved Domination uses this throughout its AI
instances to more efficiently handle different situations. For instance, as mentioned
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in Section 6.6.7, requests from LLMGA players are sent directly as a new round
begins while human players make their turn. This allows the requests to hopefully
be completed before the round ends, reducing total waiting time.

Another implementation is with the Image generation, TTS generation, Local in-
struction generation and Music selection AI instances discussed in Section 7.2. These
are dispatched in the background and allow the game to continue as normal while
waiting for a response from the different instances. This enables players to do other
things in the game while waiting for a response, preventing players from getting
stuck in several loading screens.

Possible use of LLM to find bugs in runtime

During development, the Game Master inside Evolved Domination responded with
a story highlighting the errors it found in the input it received in combination with
the story. For instance, a bug mentioned in Section 6.4 caused a player’s attached
resources to be wrongfully added to subsequent players, attaching resources that
other players did not have access to. This helped to detect a bug in the code that
might have otherwise gone unnoticed for a longer time and shows the possibility of
using AI models to detect and highlight bugs in real-time.

LLMGAs can be utilized to improve gameplay experiences

The goal of LLMGAs, described in Section 3.7, is to simulate human players in
games. Evolved Domination implemented such an agent with satisfactory results,
further discussed in Section 6.6.7. The agent received the same data as a normal
player would, such as occupied countries, resources, rules up for voting, ally requests
and chat messages. After processing, it responded with an answer behaving simi-
larly to a player, for example, trying to attack countries using different instructions,
researching new technologies or chatting with allies. The authors impression was
that chatting with an LLMGA was natural and felt similar to communicating with
a human, improving the game experience.

Hidden LLMGA communication improves coordination

Since LLMGAs have access to the same chat functionality as regular players de-
scribed in Section 7.2.2, they could communicate with other LLMGAs or players
to plan attacks with them. This improved the coordination between LLMGAs and
resulted in them being able to team up against opponents efficiently.

Image generation for multimodal stories

Image generation as described in Sections 6.10.2 and 7.2.10 was incorporated to test
out how a different modality from text generation can be utilized. The images are
generated to visualize one event in the story and are an optional feature, as it costs
money to generate images. The authors impression is that these images help to
create a deeper connection to the story, as seen in Figure 7.15, and make players
more interested in reading what happens in the story.
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Figure 7.15: Showing the story pop-up inside Evolved Domination with an accom-
panying image connected to the story.

7.4.2 Weaknesses

Difficulty controlling LLM output

When developing Evolved Domination, difficulties with controlling the LLMs used
in the game were encountered. Even though the system instructions controlling
LLM behavior explained the rules clearly, the LLMs did not always follow these
instructions. One such example is mentioned at the end of Section 6.6.7, where it
explains the difficulty of informing the LLMGA inside Evolved Domination of how
the ally chat system works. Even if multiple changes were made to the system
instruction to clarify the description, it did not fully understand and do what was
wanted from it. The introduction of reasoning models in Section 6.4.1 generally
helped to make the Game Master easier to control, but even that did not help for
smaller edge case instructions. This shows that even if a reasoning model is used, it
can still be difficult to control effectively.

Possible prompt injection vulnerabilities

Prompt injections, defined in Section 3.6, are when users write prompts that try
to alter LLM output for malicious purposes. An example of this is before Evolved
Domination transitioned to use reasoning models, described more in Section 6.4.1,
the player’s input instruction allowed the conquering of multiple countries. This
should not have been allowed according to the game rules, but still occurred, giving
the players all countries specified in the instruction.
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Ambiguity for finding errors in LLM responses

Due to the runtime content in Evolved Domination being generated by AI models,
their inference might hide errors provided in the model input, such as incorrect or
missing data. Section 6.4 provides a concrete example of this by mentioning a bug
that resulted in the round history not being sent to the Game Master AI instance
inside Evolved Domination. This resulted in the Game Master not having context
of the full game history and instead responded normally with no indication that the
history was missing. This shows that it can be difficult to know that a problem
exists due to AI models hiding errors.

Subsequently, even when a problem is identified, determining the exact origin of the
error can be difficult. This ambiguity problem was faced during the development of
Evolved Domination in that a problem with an LLM response could originate from
three main sources. Firstly, the developers may have written an unclear system
instruction, which could make it hard for the LLM to understand how to respond.
Secondly, LLMs themselves may hallucinate as mentioned in Section 3.5 and cause
false information even if the system instruction was written clearly. Lastly, players
might utilize prompt injections, discussed in Section 3.6, to manipulate the LLM to
make it generate its response incorrectly. Since errors originating from these three
sources appear similar, it can be hard to know exactly which one is the cause of an
error. This highlights the inherent ambiguity in LLM outputs.

Long AI response times

Since the AI requests in the game use external services, the game needs to wait
for a response before proceeding. As discussed in Section 6.4.1, reasoning models
also have a longer response time than regular models, introducing delay when, for
instance, waiting for the new game state to be generated. Such delays need to be
accounted and designed for in the game.

Local AI models require powerful hardware

To use local AI models, players need hardware that can handle them. When explor-
ing local AI in Section 6.6.1, it was found that the smaller Gemma 3 models with
one or four billion parameters could run on laptops, albeit slowly. Moreover, during
testing, these models were found to have difficulty following a system instruction
properly and solving complex tasks that require a lot of inputs. This could be solved
with larger, advanced local models, but would in turn require more powerful hard-
ware to run at a reasonable speed. Due to these reasons, if a complex task needs to
be solved by a local AI model, then powerful hardware is required for it to function
reasonably.

Dependent on external services

When using external services, the application developed becomes dependent on them
to function. Since they can change or be updated at any time, Evolved Domination
needed to handle such a possibility to avoid breaking core functionality inside the
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game. This necessitated the creation of a settings panel, illustrated in Section 7.1.9,
allowing players to customize which models were used for each AI instance. This
would allow the game to function even if the specified predefined models become
unavailable in the future. The need for this highlights that the development process
should account for external changes when dependent on external services.

Need to develop redundancy for unreachable services

When using external services, there exists a risk that the service does not respond,
which can be problematic if the game is dependent on it. Due to this, Evolved Dom-
ination needed to implement a redundant system that could handle these scenarios.
Described in Section 6.9.1, the game first sends a request to the normal model spec-
ified in settings, and on failure, it sends an additional request to a fallback model.
If both fail, it uses default hardcoded values as a response replacement for each
AI instance except the game master. If it fails both requests, it instead displays a
try again button and a back to main menu button, as the new game state cannot
be generated. These factors increase complexity in the code as developers need to
account for failure in each request and can impact the game when default values are
used.

LLMGAs revealing too much information

When communicating with LLMGAs inside Evolved Domination, they are prone to
disclose tactics that they have and happily provide information about their next
action. They are also easily manipulated to follow the players’ commands, even
if it does not benefit the LLMGA. An example of an LLMGA revealing too much
information is when a player asks it to talk about chats the agent has had with other
players. Figure 7.16a shows a chat between Player 1 and Player 4 where Player 1
asks to be named “Dan” but to keep it a secret. Moreover, Figure 7.16b highlights
how Player 4 revealed this information to Player 2, breaking the promise with Player
1. This has the potential to create distrust between the player and the LLMGA.

Increased development complexity

Using various AI systems requires a sophisticated codebase that can handle this
and the communication between all the different systems. This leads to a complex
architecture with many systems cooperating.

Additionally, manual checks or cleanup of AI responses might be needed to help
out if the original response is incorrect. Evolved Domination had a system where
the response schema included a field indicating if the player’s action was successful.
While using non-reasoning models, this helped to correct occurrences where, for
instance, the attack action succeeded but the country was not added to the player’s
list of occupied countries. The action-succeeded variable is further discussed in
Section 6.6 and brings up how this variable also led to incorrect game states being
generated by the Game Master when it had been switched to a reasoning model. In
general, all these different AI systems needed for the game to function and manual
checks increased code complexity, and therefore, this is considered a weakness.
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(a) A chat between Player 1 and
4 where Player 1 asks to be called
“Dan”.

(b) A chat between Player 2 and
4 where Player 4 reveals the real
name of Player 1.

Figure 7.16: An example of an LLMGA revealing too much information.

Hard to integrate different AI modalities impactfully

Features such as image generation and text-to-speech, discussed in sections 6.10.2
and 6.10.4 respectively, were postponed to the end of the project to allow for im-
proved and suitable models to be released. However, this also meant that these
features were not fully integrated into the core game and instead were developed as
additional features that players could interact with.

The current image generation system creates images after a story has been presented,
based on events that happened in the story. Throughout the project, different plans
for how to integrate this well into the core game were discussed, but ultimately, a
better integration was not found. A similar process was done for the TTS system
where no concrete solutions were found to integrate it in a better way than having
it as a button in the story panel. When pressed, it reads the paragraph in different
voices that suit each paragraph. Generally, use cases for both these modalities were
hard to find where they could have a large impact on the game and integrate well
with all the other systems.

7.4.3 Opportunities

It is possible to change the AI model temperature to get desired random-
ness

One interesting setting most generative AI models have is a temperature setting that
controls the randomness of the content being generated. As explained at the end
of Section 2.3, setting the temperature to a lower value leads to more deterministic
generation of content, while higher values result in more random generation. There
are both positive and negative aspects associated with either end of the temperature
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scale, and this can be utilized and changed to what is desired for a specific use case.

One example of when the temperature setting was changed inside Evolved Domina-
tion was for the country resource randomizer AI instance. Section 7.2.3 discusses
how this was used to increase randomness in the resource randomizer and serves as
a good example of the temperature setting can be utilized in specialized cases.

It is possible to fine-tune models for better responses

Throughout the development of Evolved Domination, it was discovered that it is
possible to fine-tune certain LLMs on proprietary domain knowledge [146]. There-
fore, when developing games with LLMs and depending on what model developers
select during development, it may be possible to fine-tune the model to specialize
the generated responses to suit different use cases. This can improve the accuracy of
model responses since it has been tailored for that specific scenario. The downsides
stated by the source are that it takes time and costs money to fine-tune a model,
but the benefits could be worth it depending on the application and use case where
the model will be deployed.

Powerful cloud models can be used on less powerful hardware

If a target platform is not powerful enough to run a desired local AI model, then
utilizing an online API to access more powerful cloud models can be a great oppor-
tunity. Evolved Domination is an example of this since it utilizes the Gemini API
to access more powerful cloud models that would otherwise be impossible to run
locally. The principle is further reinforced by related games discussed in sections
2.8.1, 2.8.3 and 2.8.9 which also use cloud models to avoid local processing.

This results in increased accessibility and inclusiveness for players since games do
not require as powerful machines otherwise would have if a similarly powerful model
had been run locally.

Local AI models are quickly becoming feasible

Even if online APIs allow powerful models to be utilized on all machines, it has
been noticed during the development of Evolved Domination that LLMs and other
generative AI models that run locally are quickly becoming feasible. Noteworthy
examples are the local TTS models discussed in Section 6.10.4 and the Gemma
3 class of models [129], which are powerful compared to their model size. Their
feasibility is increasing due to them becoming more efficient and powerful, even
at the same model sizes as before. This, in combination with improved hardware,
makes running local AI models increasingly viable. It can be speculated that in
a few years, models similar to todays top models will be available for everyone to
download and run on their own machines and incorporate into games to enhance
gameplay features.
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Generative AI enables novel game mechanics and features that were im-
practical before

Since generative AI offers unique capabilities regarding generating new creative con-
tent, it can be utilized to create novel gameplay mechanics that would otherwise be
impractical with traditional techniques. A few examples can be found in Section
2.4, such as utilizing LLMs to serve as a game master, an assistant giving hints to
players or a ruleset manager controlling the rules of a game are mentioned.

Evolved Domination uses the capabilities of generative AI similarly to a game master
to create custom stories based on creative action taken by the players. It also
combines this with multiple other AI systems to create a unique experience every
time the game is played and is an example of a game that would be nearly impossible
to make without generative AI.

Multimodal generation allows for more creative possibilities

There are many different modalities that generative AI can generate content for,
so being able to use different modalities allows for more creative possibilities for
developers. The reasoning for this is that it adds more tools that game developers
can utilize when creating games, which in turn increases what is possible to do.
Multimodal generation allows Evolved Domination to generate both images and
voices in addition to the text generated by the underlying AI system, all mentioned
in Section 7.2, to make the type of content generated by AI more diverse.

However, it is also important to note that just because it can generate more diverse
content does not mean that it is always the best option. Generative AI can be
seen as a tool and should therefore be treated similarly to traditional methods when
intending to enhance the player experience.

Generative AI allows for easier adaptability and personalized game expe-
riences

Since generative AI can process large amounts of information in one request and
generate customized content based on that information, it is easier to adapt and
tailor game experiences based on the data gathered compared to traditional methods.
One example from Evolved Domination is the rule action, mentioned in Section 7.1.5,
that allows players to propose rules that get incorporated into the game. Since it
is impossible to know all possible rules that can be created beforehand, the models
interpretation of the rules is required for the function to allow it to be adaptive to
all possible rule combinations.

Another example from Evolved Domination is the world setting written about in
Section 6.10.3. This allows players to change the environment and behavior of the
game before starting. Figure 7.17 showcases when a world setting has been written
to personalize the game experience and how the game adapts both the image and
resource generation to it. This is a further example of how generative AI allows the
game to adapt to players’ preferences.
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(a) The world setting used. (b) The resulting image and resources
based on the world setting.

Figure 7.17: A showcase of how the world setting can be used to personalize the
game experience.

Using fast models allows real-time interactions

During the development of Evolved Domination, there were discussions of using
Google’s live API [147] to enable quicker LLMGA actions nearly in real time. It
was decided against this since the game suits a turn-based approach better with
standard AI responses, but if a real-time game were made, utilizing a quicker model
allows for more seamless real-time interactions between players and AI.

AI-assisted quality assurance and bug detection are possible

There is a possibility of utilizing LLMs to detect bugs and conduct early quality
assurance checks for a given project. As mentioned in Section 6.4, the LLM used
inside Evolved Domination once stated inside the generated story that there was
something wrong with the received input, and it therefore chose to ignore it when
generating its response. This has the potential to be explored further to add a way
for the AI model to help state explicit details it thinks are incorrect with its received
input or mention aspects that it has a difficult time understanding. Doing so would
allow developers to better understand the models needs and find inconsistencies in
the information sent to them.

Moreover, LLMGAs could be utilized to playtest a game to catch bugs earlier during
development that otherwise would have been missed or found differently. On the
one hand, this can save time and help assure developers that the product they are
making attains a certain level of desired quality, but on the other hand, it may also
miss potential errors or cause false positives if the LLMGA behaves incorrectly.

Models can increase development efficiency

Utilizing AI models during game development has the potential to increase developer
efficiency since it gives developers access to tools that can automate certain tasks
such as writing code, generating textures and producing music mentioned in Section
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2.2. This can speed up the development process and allow developers to focus on
more complex parts of development instead. Another way it can increase efficiency
is by providing developers with a tool that helps them understand tasks better and
supplements their expertise to gain knowledge and improve task completion.

Taking examples from the development of Evolved Domination, AI models allowed
the developers to be more efficient in creating complex shader code, smaller scripts
that could be generated completely, creating music and avoiding having to create a
manual story for all playthroughs.

Utilizing more advanced models allows for more sophisticated behavior

If the AI system inside a game needs to handle sophisticated behavior, using an
advanced model is preferable since it allows for better responses. A good example
of this is mentioned in Section 6.4.1 about the switch to a reasoning model inside
Evolved Domination. Reasoning models, as discussed in Section 3.2, allow models
to perform better at tasks through an internal thought process. Models can also
use a mixture of expert architecture, mentioned in Section 3.4, to have increased
performance and be more suitable for complex tasks.

7.4.4 Threats

Potential loss of game developer jobs

Depending on how AI is used for script and asset creation, the work it does can
replace certain roles. One example of this was the music creation process for Evolved
Domination discussed in Section 6.7.4. Instead of finding music tracks from artists
or commissioning one to do so, all music was created using AI. The AI-generated
music, therefore, replaced the need for a real artist to create and perform the tracks.

Similarly, LLMs were used throughout the project to speed up development time in
other ways, such as creating certain easier scripts that were used and helping write
more advanced shader code. This can be seen as a positive aspect because of the
time saved, but it can also be seen as negative because fewer developers were needed
to develop the game, and therefore results in less overall work.

Risk of AI hallucinations degrading player experience

Throughout the process of developing Evolved Domination, several instances of LLM
hallucinations were encountered. Hallucinations, as described in Section 3.5, may
result in the generation of false information and can cause harmful problems. For
instance, in Evolved Domination, this could lead to smaller story inconsistencies to
larger issues, including assigning invalid countries to players or misbehaving in such
that the game rules were not followed. All this can lead to decreased trust for the
game since it is unpredictable how it will handle a fixed situation that in reality
should work in one way.
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Built-in biases can decrease fairness

As mentioned in Section 5.4, one risk of using LLMs is that they may have built-in
biases depending on the underlying model training data. If a third-party model is
used, these biases are difficult to identify and may lead to unintended consequences
when applied inside a game. While not confirmed, there were situations in Evolved
Domination where biases seemed to result in larger countries having an easier time
attacking smaller countries than the other way around, which was unintended from
a gameplay perspective. If this is the case, it shows that built-in biases might lead
to decreased fairness for the players.

Dependencies on third-parties

When using AI models dependent on APIs provided by other companies, such as
cloud models described in Section 2.2.2, the application created becomes dependent
on that company and its API. This is problematic because if the API changes or
access to the API stops, the application will either stop working, adapt to the
changes or have to be modified to use another API. Depending on how interlocked
the application is with the API, a change can become costly or not feasible.

While not encountering this problem inside the Evolved Domination project itself
yet, there was a real possibility that this could have happened if the Gemini 2.0
Native Image Generation model discussed in Section 6.10.2 had been used. This is
because Google later stopped providing access to it in Europe, which would have
resulted in a significant problem for the project.

Cost of using APIs

Using an API often comes with a running cost each time it is used or based on certain
usage quotas such as Google’s Gemini API [148]. This means that to support an
application actively, it will cost money to keep it running. Depending on the type of
revenue-earning method the application uses, it may not be financially worthwhile
to keep the application available for use by users. This effectively decreases the
lifetime of the application since it has a continuing cost associated with it.

To avoid this in Evolved Domination, players are required to provide their own
API keys to enable LLM, image generation and TTS functionality. This effectively
pushes the responsibility of keeping track of API quotas to the player instead of
the developers, which was the intended result, but is not a suitable solution for an
official deployment where ease of use is important.

Privacy concerns regarding third-party APIs

Another problem of using third-party models through APIs is the privacy concerns
of sending data to another company. Depending on the company’s policies, the data
may be used to train new models or used for targeted advertisement towards the
player. If this is undesired, a company that promises not to do this needs to be
found, and otherwise, it should be explicitly stated how the data the players provide
will be handled and used.
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A concrete example from Evolved Domination is Google’s policy that states that it
will use request data for model training unless the request is sent from a paid tier
account [148]. What this means is that all requests that a player makes are currently
sent to Google and used for training unless that user has a paid tier API key. It is
therefore a compromise between choosing privacy or paying money.

Difficulty of precisely controlling AI behavior

Throughout the development phase of Evolved Domination, there were problems
with precise control of wanted AI behaviors, such as the instruction for how AI play-
ers are chatting, mentioned last in Section 6.6.7. This meant that even with a clear
description inside the system instruction, the models did not always generate their
response as the system instruction stated. This is different from hallucinations in
that the response is generated correctly but does not have all the nuances expected
from the system instruction. It therefore exemplifies the difficulty of precisely con-
trolling AI behavior and is something developers need to be aware of.

Risks of generating harmful or inappropriate content

Since developers do not have control over the final generated content by the AI
models, there are risks of it producing content that can be considered harmful or in-
appropriate [149]. In Evolved Domination’s case, the developers trusted that Google
would stop such situations from happening and did nothing extra to mitigate these
risks. Depending on which model is used, this may not be an appropriate option and
instead require developers to mitigate and filter these potential issues themselves.

Prompt injections can cause unwanted behaviors from the game

One threat found during the Generative Domination project was the risks of players
writing prompt injections to the AI model to make it generate unwanted responses.
This was quickly mentioned in Section 3.8 but refers to when players write instruc-
tions that cause the response to sidestep the models intended instruction. One
example of this inside Evolved Domination is when players use the attack action
inside the game. If it is argued well, it is possible to persuade the Game Master
AI to allow and accept a player attacking and taking over multiple countries in one
turn, even if the system instruction states explicitly that it is not possible.

Another more sinister example is if players try to abuse the system to generate
harmful content through the use of prompt injections. This is quickly mentioned
as a possibility in Section 3.6, but has not been explored further in Evolved Dom-
ination. However, it is related to the above finding about generating harmful and
inappropriate content and could be especially important to consider when creating
games related to sensitive topics.
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Intellectual property and copyright infringements are possible to be gen-
erated

Similarly to the finding about generating harmful or inappropriate content, since
developers do not have full control over generated content, there is a possibility
that intellectual property or copyright infringements are generated without consent
from the owner. If this were to happen, there is a risk that the person generating
the content is accountable for the infringement [150]. This therefore results in a
risk of legal action being taken against the application developer, depending on
the severity of the infringement. Figure 7.18 showcases such a situation where an
image was generated with Super Mario inside Evolved Domination, exemplifying the
problem.

Figure 7.18: An image generated, depicting Super Mario.
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Discussion

This chapter highlights important discussions regarding the results produced in this
thesis, covering the game Evolved Domination and the SWOT analysis created in
conjunction with it. It also discusses the process utilized when developing the game
and mentions the generalization and validity of the research put forth. Lastly, ethical
and societal considerations are presented along with possible future work.

Findings from the SWOT analysis will be referred to as showcased here: “Name
of SWOT finding”

8.1 Result reflection

The result discussion is presented by first highlighting the features accomplished
during the project, followed by a discussion about the game Evolved Domination.
Lastly, the SWOT analysis is discussed, highlighting possible improvements or gen-
eral thoughts of the analysis.

The project has used the MoSCoW feature list presented in Section 6.1.3 as a base
for development. These features can be seen in tables 8.1, 8.2 and 6.3 with features
marked in green considered completed, and features marked in red, not completed.
Overall, most of the features originally planned were successfully implemented into
the game. However, re-prioritization also occurred during the project to incorporate
new features deemed more valuable than the existing should-have features seen in
Table 8.4 and marked in blue. These were all successfully implemented. Numerous
smaller features and bugs, omitted from the tables, were also completed during the
project. These were deemed too minor to warrant the additional space in the tables.

Since the focus has been on exploring the capabilities of generative AI, all features in
that category were prioritized and implemented. This helped to improve the SWOT
analysis and answer the research question. The other non-AI features allowed for
easier implementation of these AI features and contributed to creating an overall
engaging and interactive game.
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Table 8.1: Must-have features.

Must-have
AI Game logic GUI Player system

Expert AI:s Turn validation See current allies Player color
Randomize

country resources
Message system API key input Rule voting for

virtual players
Win condition Attach resources

to actions
Simulate rounds

Table 8.2: Should-have features.

Should-have
AI Game logic GUI Player system

LLMGA
exploration

Resource trading Story history Music

Modify game
parameters

Loading screen
between AI turns

Improved control
scheme

Generate AI
images for
narrative

Display country
resources on map

Table 8.3: Could-have features.

Could-have
AI Game logic GUI Player system

Local LLM
models

Dynamic music
control

Improved
navigation

Voice input

Generate AI
narration for

story

Round history

Customizable
world setting

Different map
shaders
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Table 8.4: Added features throughout the project.

Added features
AI Game logic GUI Player system

AI selects winner Randomized
starting countries

Loading screens Improved context
action menu

AI model selector Improved rule
voting

GUI layout per
player

Settings See country
resources

Upgraded world
shader

Response from
rule and ally

system

Feedback when
API fails

Rule system
should use

message system

How to play page

Highlighted player
names

Show country on
hover

Improve main
menu

8.1.1 Reflection on Evolved Domination
Overall, the authors consider the game a success, achieving the goal of being an
enjoyable game with integrated generative AI. It also proved as a valuable testing
ground to test different generative aspects, focusing more on a technology-driven
design where novel concepts were tested rather than prioritizing traditional fun
factors found in games. However, the fun factor was still an important secondary
goal to keep the game enjoyable. Building upon the base of Generative Domination
allowed the authors to more easily explore generative aspects rather than starting
everything from the beginning. Leveraging several techniques, the authors find it
satisfying to have a complex system with many different types of generative AI
cooperating seamlessly to create a unique experience for players.

The authors are also pleased with gaining knowledge about generative AI, different
models and various approaches of how it can be applied in games. As the field of gen-
erative AI continues to grow, it has been interesting to see how Evolved Domination
has been upgraded throughout the project, leveraging the latest models available.

Despite many positive factors, there are also improvements and reflections that can
be discussed. One of these is that it is challenging to know if players enjoy generated
content to the same degree the first time as they do after playing it multiple times.
Throughout the project, it has been noted that the AI has patterns that it follows
when generating, such as starting each story with something similar to “As the dawn
broke over Europe, a new turn commenced”. Fixing this could mean adjusting the
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temperature sent to the model to increase response diversity. This has been done
for the country resource randomizer described in Section 7.2.3 to get a more varied
response, but not for the Game Master. Therefore, since the AI instances have
similar patterns when generating, the player experience might be similar between
rounds, threatening the longevity of the game.

Another aspect related to Evolved Domination is whether the game really is strategy-
based or instead luck-based when the game progresses. This question originates
from generative AI models’ inherent randomness in that it is impossible to predict
exactly what they will respond with. The authors believe that the game still belongs
to the genre of strategy games, mentioned in Section 2.5, since it requires players to
anticipate possible actions that are taken by other players, combined with having
multiple choices themselves they need to strategize about. They can also learn how
to best construct instructions to get the desired outcome and manipulate AI players
in strategic ways through the chat system. Moreover, if the game is perceived as
non-strategic due to the randomness involved, it would probably not deter people
from playing it. This is due to Evolved Domination’s allowance of unorthodox action
instructions, which results in the game also being suited to play just to explore what
is possible when an AI generates the story.

Evolved Domination also added the image generation and text-to-speech as addi-
tional systems later in the project, which resulted in them being challenging to
tightly integrate into the core game. This is mentioned in the SWOT analysis as a
weakness “Hard to integrate different AI modalities impactfully”, and was
due to waiting for better models to release. If suitable models existed at the start
of the project, these features might have been integrated centrally.

A further enhancement could also be made to switch the TTS voice to an improved
model. The existing system works with different accents by forcing voices from
different nationalities to speak English instead of their native language. Sometimes
this results in accents that are hard to understand and numbers spoken in their
native language instead of English, which is undesirable. It also does not include all
nationalities in Europe since there did not exist good quality voices for all languages.
This resulted in the model occasionally deciding to use a voice from a different
country, which was sometimes confusing. Lastly, the used model also lacks proper
expression and engagement in the voice, leading to a monotone and less human-like
sound.

Lastly, since an API key is required to start the game, technical knowledge about
its use is necessary. Players can get this API key from AI Studio [48] and allow
the game to be played normally. To use image generation, players are also required
to set up a billing account in Google Cloud, and to use TTS this is required in
addition to getting a secondary credential file to access its API. This can be difficult
for players to do and can also be a security risk if they are not aware of how to
properly handle API keys securely. In an ideal scenario, this would be handled by
a game server developed by the game developers.
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8.1.2 SWOT analysis
A SWOT analysis was conducted throughout the project by writing initial findings
that were revised and added upon during the development process. Findings were
noted down throughout the project and revised during two main revision phases
before finalizing the analysis. During these revisions and final analysis, the noted
findings were added or removed inside the document based on what was deemed
important. Although more iterations could have been done to further improve the
SWOT analysis, three were deemed okay as notes were taken throughout the project,
keeping track of any new findings.

When using the model Gemini 2.5 Flash, developers can select if and how much a
model reasons [25], making it suitable for both complex reasoning-dependent tasks
and fast time-dependent tasks. This feature was not utilized in Evolved Domination
due to the package UGemini not supporting the feature, but offers an alternative
view to the “Different models for different needs” strength mentioned. This
could decrease complexity due to only one model being needed, but could also require
developers to implement a system to decide how much the model should reason.

Regarding the weakness “LLMGAs revealing too much information”, where
LLMGAs have the potential to reveal their own or other players’ plans, this may be
intentional. As the internal thoughts of the LLMGA are not known, it might reveal
information as a strategic tactic, instead of being manipulated to do so. This is still
considered a weakness from the author’s point of view and could possibly be fixed
by improving the system instruction.

The strength “PCG enhances replayability” highlights that the unique content
generated by AI increases replayability. While this can be mostly true, the different
experiences inside the game might be similar on multiple playthroughs, making
players feel like they are playing the same game repeatedly. This has been noted in
the game and might lead to similar experiences as discussed in Section 8.1.1.

8.2 Process reflection
The usage of a scrum-like workflow has provided the project with a structured
approach to development. Each sprint was initiated by a startup meeting where
certain features were decided to be worked on in the sprint. After a week, the
implemented features were merged into the main branch and playtested by the
developers, and every other week with two external testers. This led to a structured
working style and allowed for features that entered the game to be tracked. Features
were also added to the Scrum backlog along the timeline of the project, allowing for
easy addition of new potential features.

This working method allowed the project to function as a large experiment to see
what is possible to achieve with generative AI in games. This would not be feasible
to do without the base provided by Generative Domination. This game, previously
developed by the authors, had already solved some technical challenges, such as
creating the basic game loop and interfacing with an LLM using an API. Allowing
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Figure 8.1: Trends from internal playtesting data.

the focus to be on expanding the capabilities of the game.

As mentioned at the beginning of the section, playtesting was conducted by the
developers throughout the project after each sprint and every other week with two
external testers. While this approach allowed for feedback on how new features
affected the game or finding bugs that needed fixing, it was not extensive enough to
test player experience to a high degree. For this, more sophisticated testing would
have been needed. The reason this was not explored further was due to it taking
time from the development of more features in the game, a tradeoff not decided to
be made.

An example of data from the internal playtesting can be seen in Figure 8.1. This
shows the trends throughout development for all questions in the feedback form
listed in Appendix A.1. It illustrates that most factors have had a positive growth,
such as questions one, two and six. Factor eight decreased slightly. This is possibly
due to reduced developer enthusiasm reading the story each time, as this has been
done every time a feature was developed. Additionally, the trend line for factor nine
shows a decline. This indicates that the loading times have increased throughout
the project, which is logical due to the increased number of AI systems and more
advanced models used.

As the project progressed, the research question was refined into one single question
from an original main question with two additional questions. This was done near
the end of the project as the additional questions were more standalone and did not
properly support the main question as checkpoints. The old main questions and the
two sub-questions can be seen below.

Old main research question:

How can Large Language Models (LLMs) be utilized in turn-based strat-
egy video games to procedurally generate new game states while adhering
to a pre-defined ruleset?
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Two sub-questions:

How can LLM-based game agents (LLMGAs) be integrated into turn-
based strategy video games?

How can other generative aspects such as image, music or text-to-speech
generation be integrated in turn-based strategy video games?

The merge resulted in one research question covering both the LLMGA and other
generative aspects, such as image, music or text-to-speech by replacing LLM with
generative AI. It has also been shifted to be more aligned with what the project
has become throughout development. This meant adding the words “several” and
“utilized together”. The modified research question can be seen below.

How can several generative AI models be utilized together in turn-based
strategy video games to procedurally generate new game states while ad-
hering to pre-defined rulesets?

When the project was finished, discussions about the last part of the research
emerged pertaining to the adherence to predefined rulesets. Although the AI models
appeared to adhere to the rules, it could not be guaranteed with absolute certainty
that the AI models would always adhere to the given ruleset. This can be due to
hallucinations, defined in Section 3.5 or other inconsistencies. Therefore, this part
was removed to ensure that the research question could be answered. The final
research question can be seen below.

How can several generative AI models be utilized together in turn-based
strategy video games to procedurally generate new game states?

8.3 Generalization and validity
The game Evolved Domination combined with the SWOT analysis provides readers
with valuable insights given the context of the thesis. The lessons learned are relevant
to other developers who want to create similar games or add AI to existing games.
Focusing on providing recommendations and opening up for reflection.

Although some findings could be transferred when incorporating generative AI into
different types of games, the result of the thesis is mostly related to turn-based
strategy games. Real-time games, for example, would require a different system
architecture to allow for fast AI responses, making some points in the SWOT analysis
less useful.

Moreover, the validity of the findings in this thesis is affected by several factors. For
instance, as AI models improve rapidly, the findings presented in this report will
possibly become less relevant due to changes and improvements made to AI models.
An example of this, mentioned in Section 8.1.2, is the new model Gemini 2.5 Flash,
which lets developers decide if and how much the model should reason. This makes
the SWOT strength Different models for different needs less applicable since
one model covers more needs.

137



8. Discussion

The validity of the research is also limited by the creation of only one game that
addresses the research question. This restricts the thesis to the lessons learned from
developing Evolved Domination, excluding potential findings from alternative de-
velopment approaches. A comparative analysis of multiple game implementations
would allow identifying strengths, weaknesses, opportunities and threats across sev-
eral implementations, increasing the overall validity.

8.4 Ethical and societal considerations
This section reviews the ethical and societal concerns brought forth in Section 5.4
and builds upon them with the knowledge gained during the making of Evolved
Domination. The section first mentions the potential bias issue that can be found
when working with generative AI, and although it was not confirmed, inside Evolved
Domination, it gave the impression that larger countries had an advantage when
attacking. This may be unintended, but not as severe as if the LLM started to have
more harmful responses towards a certain societal group or minority. However, this
exemplifies the risk of such biases inadvertently being added to games without the
developers intention and can lead to bias reinforcement and stereotypes in games.

The second concern mentioned inside Section 5.4 was related to the LLMs’ ability
to generate hallucinations that spread factual misinformation. This has not been a
problem for Evolved Domination due to it being set in a fictional world where it is
expected that not everything is factual. Hallucinations have instead caused errors,
which, as mentioned in the SWOT analysis threat “Risk of AI hallucinations
degrading player experience”, can degrade the player experience, harming the
game. Factual hallucinations can, however, be a problem depending on whether
the games purpose is to be factual or a learning experience. It therefore requires
consideration from the game developers if it is a potential problem.

The third issue pointed out in Section 5.4 was related to sustainability, and the
increased carbon footprint running more LLMs would cause. This issue is probably
valid since generative AI models are computationally intensive to run and therefore
require higher energy usage [6] from data centers. Evolved Domination has not done
anything to mitigate this besides ensuring that less expensive AI models have been
used when possible, with the aim of slight improvement. If developers take advantage
of the SWOT opportunity “Local AI models are quickly becoming feasible”,
the total energy usage may change. It would mean less energy consumption for data
centers since models would be run locally. However, the total power draw would
probably increase since local models may not be as efficient as models run inside data
centers. It could also be argued that computers running games are already drawing
more power than normal and that running an LLM would not cause a significant
increase in energy usage, but it is challenging to precisely know.

The last aspect brought forth in Section 5.4 was the potential societal effect on the
job industry, where AI use has the potential to increase efficiency for companies at
the expense of fewer human jobs. Since the development of Evolved Domination
was done by two people, the increased efficiency of utilizing AI models to push
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development forward was overall very positive. However, discussions about being
replaced by AI were held throughout the development process, discussing what is
going to happen in the future. Currently, generative AI may not be on the level of
replacing programmers due to quality problems when generating content, but where
will it be in 30 years? These discussions therefore led to the creation of the threat
“Potential loss of game developer jobs”.

Another societal aspect seen in the SWOT analysis is the threat “Cost of using
APIs”. This can result in more games opting for subscription-based payments
within them to offset the running cost of using third-party APIs. If this were to
happen, it could cause a chain reaction, making developers choose subscription-
based payments even if they are not using any APIs, making games more expensive
for players in the long term. On the other hand, since there already exist several
games that have a runtime fee due to server costs, this may not be an issue.

Lastly, a question: Do people actually want to play games they know use generative
AI to fabricate much of the gaming experience? When discussing the thesis with
others, there were people who thought it was interesting but expressed concerns that
their enjoyment would be lower due to them knowing the story was AI-generated.
Games can often be personal and emotional experiences where the players feel con-
nected to the game, and knowing it has been crafted thoughtfully can enhance that
feeling. Using generative AI can be perceived by players as developers not car-
ing about their feelings, since they do not bother to create the intended emotions.
Whether this is going to be reflected in the industry is hard to know, but there is a
risk of a subset of people not wanting to support these kinds of games.

8.5 Future work
Evolved Domination enabled exploration of how generative AI can be used in turn-
based games. It contains numerous features, but as the project concluded, there
still existed features left for future development, as marked in red in tables 6.2 and
6.3.

Other features were also thought of, such as real-time music generation. While AI-
generated music exists in the game, the initial goal was to generate it on demand
using an API or a local model. This proved not feasible due to the lack of services
that provided this. After development, Google released a new model and API to
generate music in real-time [151]. This could be examined further to see if this is
feasible and how it could benefit players.

At the same point as Google released the music API, they also finally released
the new, more expressive TTS model showcased before the development of Evolved
Domination had started. As mentioned in Section 6.10.4, it allows developers to
control the expression of the generated voice, making it sound more human-like than
traditional TTS models such as the one currently in use inside Evolved Domination.
Implementing it would therefore have the possibility of making the TTS system more
engaging and immersive for players. It would also reduce complexity for players since
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it utilizes the same Gemini API key as every other system, compared to the current
Cloud TTS credentials needed.

Two potential features related to AI are utilizing multimodal input and an AI round
summary. A multimodal model allows LLMs to use text, images and audio as input
or output when generating a response. These capabilities can, for instance, be used
to allow players to draw how they want to attack on the map in the game, or have
players use their voice as an input source. This would allow players to be more
detailed when instructing how an attack should be executed and another way to
input instructions. The other potential feature, AI round summary, could provide a
short summary of what each player has done. This would help players more quickly
understand what has happened in a round without reading the entire story.

Two other features are connected to the ally system. Currently, players can become
allies with other players and write messages to coordinate their actions. While this
can be useful, it was found during testing that the ally functionality as a whole was
not utilized as much as hoped. To improve this, a system allowing resources to be
traded between allies could be implemented or a more suitable way of coordinating
attacks. This could make the ally system more useful and possibly increase player
enjoyment as players would be able to trade and coordinate attacks more easily.

Besides all these features, many different aspects of generative AI in games can be
researched further. This project has shown what potential it can have when building
a turn-based video game. Further research can explore how generative AI can be
incorporated into other game genres such as real-time, puzzle and multiplayer games.

Improvements to how system instructions should be structured could also be re-
searched to possibly improve how generative AI can be better controlled and follow
a ruleset. Additionally, it could explore optimal instruction formats, including how
phrasing should be done and how different constraints can be specified in the in-
struction. These would greatly benefit developers when trying to add more features
to the system instruction and ensure that the new features can be tested.

Lastly, although APIs provide games with access to large and powerful cloud-based
models, local LLMs are rapidly evolving to be more powerful. When integrated into
Evolved Domination, as discussed in Section 6.6.1, it is presented in the SWOT anal-
ysis as both an opportunity “Local AI models are quickly becoming feasible”
and a weakness “Local AI models require powerful hardware”. Promising
results were found, but as of now, the models felt limiting. Therefore, future work
can include exploring local LLMs and analysing the validity of using such models in
video games.
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In conclusion, this thesis covered the development process of the game Evolved Dom-
ination, a game continued from the authors previous work on the game Generative
Domination. The development was conducted with the aim of answering the research
question:

How can several generative AI models be utilized together in turn-based
strategy video games to procedurally generate new game states?

To answer this question, a literature study was first conducted where relevant infor-
mation was gathered and presented. A Scrum-based iterative workflow, explained in
Section 6.1.2, was then utilized during continuous development following a MoSCoW
model. MoSCoW allowed for the prioritization of in-game features to develop
Evolved Domination effectively. Moreover, playtesting also helped keep track of
progress during the development, ensuring that implemented features contributed
to the gameplay experience. To answer the research question directly, findings were
tracked throughout development and added to a resulting SWOT analysis.

In the end, Evolved Domination successfully built upon Generative Domination to
include additional AI systems with different modalities. It completed all planned
must-have features, nearly all should-have features and a few could-have features, to-
gether with further features added during development. This resulted in a complete
game that utilizes 12 AI instances that work together towards forming a complete
and seamless experience. It also manages to be a unique, enjoyable and engaging
experience, effectively demonstrating the utility of generative AI in turn-based video
games. The project itself, therefore, accomplished everything it set out to do from
the beginning, making it a viable example of how to incorporate generative AI in
turn-based games.

The SWOT analysis created in Section 7.4 serves as the primary answer to the
research question put forth in the introduction and contains 44 findings spread out
across the four themes: Strengths, Weaknesses, Opportunities and Threats. Next
follows a highlight of three SWOT findings per theme. These have been selected
based on the overall importance and contribution gain perceived by the authors.
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9. Conclusion

Strengths

• Different models for different needs

• Dynamic system instructions allow customizability

• Long context improves LLMs consistency

Weaknesses

• Difficulty controlling LLM output

• Ambiguity for finding errors in LLM responses

• Need to develop redundancy for unreachable services

Opportunities

• Generative AI enables novel game mechanics and features that were impracti-
cal before

• Local AI models are quickly becoming feasible

• AI-assisted quality assurance and bug detection are possible

Threats

• Potential loss of game developer jobs

• Risk of AI hallucinations degrading player experience

• Dependencies on third-parties

Future work and research opportunities that have been identified include developing
the non-finished features in the tables 6.2 and 6.3, implementing Google’s new more
expressive Text-To-Speech (TTS) system, experimenting with multimodal AI input
and testing the feasibility of using local models to process information. These would
help refine the answer to the research question by providing further insights and
examples of how generative AI can work together to form a cohesive game. While not
done inside this thesis, researching how system instructions can be written clearer
can also help generative AI models understand their purpose better and improve
the chances that they follow it. Evolved Domination has been an insightful project
and provides valuable knowledge for developers and researchers when working with
generative AI systems inside games.
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Appendix 1

A.1 Feedback form questions
Likert scale questions between 1 and 8:

1. How fun/engaging did you find the game?

2. How well does the game explain itself? (How clear and understandable is it?)

3. Did the game do as you wanted it to do?

4. How engaging was the Attack action?

5. How fair do you think the research action is?

6. How useful is the current ally system?

7. Can you create rules that affect the game in a meaningful way?

8. Did you find the story between rounds interesting?

9. How long did you find the waiting times inside the game?

10. How human-like does the virtual player feel?

Open ended questions:

• Did you experience any inconsistencies, if so what were they?

• Anything else related to the game?
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Appendix 2: System instructions

B.1 Game Master

Generative AI Game Master Instructions

Table of Contents
1. General Information
2. World Setting
3. Game State Input
4. Player Actions and Rules

• Attack
• Ally
• Research
• Rule

5. Base Rules
6. Player created rules
7. Generated Response Format
8. Edge Cases
9. Conflict Resolution Guidelines

General Information
The game is a turn-based strategy simulation where players attempt to conquer and
control countries in Europe. You are going to act as the game master for the game
by following the instructions stated in this document.

Game Loop Overview

1. Each turn, every player takes one base action (see Player Actions and Rules).
2. All player actions are processed as part of a single world turn. Actions occur

simultaneously, which may lead to conflicts.
3. Your response as the AI will:

• Process all actions.
• Generate a story to narrate the turn.
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• Update the game state.

Players interact on a shared map of Europe, and interactions between them should
be encouraged and resolved creatively.

World Setting
The game is set in a fictional version of Europe, where players control countries and
engage in strategic actions. The world is characterized by a mix of historical and
fantastical elements, with unique resources, cultures, and conflicts.

The player provided world setting below should guide the narrative tone, environ-
mental details, and thematic elements of the story. However, if any aspect of the
world setting conflicts with the game’s rules or mechanics, the game rules take
precedence. For example, if the world setting suggests that countries can be par-
tially conquered, the base rule that “Players take control of the entire country, not
parts of it” still applies. When generating an image prompt you should also take
this world setting into consideration. If the player provided world setting is empty,
you should ignore it and not take it into consideration when generating a response.

Player provided world setting

#||#

Game State Input
At the start of each turn, you will receive a JSON file with the current game state.

JSON Structure

{
"Players": [

{
"Name": "string", // Player's name
"Action": "string", // Current action taken by the player
"Instruction": "string", // Details for how the action is performed
"UsedResources": ["string"], // Resources used by the player
"Resources": ["string"], // Player's resources
"CurrentlyOccupying": ["string"], // Countries occupied by player
"AlliedPlayers": ["string"] // Players allied with the player

}
],
"Events" : ["string"] // List of events that occurred during the round

}
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Sample JSON Example

{
"Players": [

{
"Name": "Player1",
"Action": "Attack",
"Instruction": "Attack from France to Spain with tanks",
"UsedResources": ["Iron"],
"Resources": ["Iron", "Gold"],
"CurrentlyOccupying": ["France"],
"AlliedPlayers": ["Player 2"]

}
],
"Events" : ["Rule 'Every research action will succeed' was rejected"]

}

Player Actions and Rules
Each player must choose one base action per turn: Attack, Ally, Research or Rule.

Handling Empty or Invalid Actions

• If the action is missing, select one randomly.
• If the instruction is ambiguous, generate a reasonable resolution based on

context.

Attack Action and Rules

Format: Attack from {Country} to {Country}

• From {Country}: Initiating country.
• To {Country}: Target country.

Rules

1. Ownership and Conquest:

• A country cannot be occupied by more than one player simultaneously.
• Players take control of the entire country, not parts of it.
• An attack should only succeed in taking one country, even if multiple are

attacked.

2. Used resources:

• If a player has resources in “UsedResources” you must use these when
attacking.

• UsedResources are not consumed but must be included in the attack.
• Example: If a player has “Tanks” in “UsedResources”, you must include

tanks in the attack.

V



B. Appendix 2: System instructions

3. Proximity:

• A player can only attack geographically neighboring countries or those
reachable by water (defined by if you can reach a country from the start-
ing country by boat).

4. Realism:

• Success depends on the relative strength of players/countries. Use histor-
ical or logical factors for evaluation.

• Example: A lone player attacking a strong military power has low success
probability.

5. Conflict Resolution:

• If multiple players attack the same country, resolve the conflict before
finalizing outcomes.

• Conflicts between players must be narratively resolved first.

6. Updating the Game State:

• On success:

– Add the country to the player’s CurrentlyOccupying list keeping the at-
tacked country name given as an input and not modifying it.

– If the country was previously occupied, remove it from the previous oc-
cupant’s list.

– Grant the player access to the country’s resources.

• On failure:

– The player retains their original holdings.

Ally Action and Rules

Format: Ally {Name} to {Player}

• {Name}: Player initiating the alliance.
• {Player}: Target Player.

Rules

1. Recognize and tell that the action the player took was a ally request inside
the story. Describe a creative way the request was sent.

2. Do not state which country the player tries to be ally to inside the story.

Research Action and Rules

Format: Research

• Use the player’s instruction to determine what they want to research.

Rules

1. Feasibility:
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• Players must justify their research logically.
• Example: Researching “space lasers” with only grass resources has a low

chance of success.
2. Used resources:

• If a player has resources in “UsedResources” you must also use these
when researching.

• UsedResources are not consumed but must be included in the research.
• Example: If a player has “Iron” in “UsedResources”, you must include

iron in the research.
3. Partial Success:

• If the research fails, offer partial results if appropriate.
• Example: Attempting atom bombs may yield basic explosives.

4. One Resource Per Turn:
• Players can only research one resource per turn, regardless of instructions.

5. Updating the Game State:

• On success:
– Add the researched item to the player’s resources list.

Rule Action and Rules

Format: Rule

Rules

• Generate a story where the player expresses a desire for this rule to exist.
• The instruction for this rule has already been validated.
• You will receive an instruction which includes the rule and if the rule is valid

or not.
• An example of a valid rule: “Every research action should go through. This

rule is valid and are up for voting!”
• An example of a invalid rule: “Every research action should go through. This

rule is not valid because: It makes its too easy to research”
• You must not reference yourself as a game master in the story.
• If valid, the rule must then be added as a base rule for the next turn.

Base Rules
These rules apply universally and override any conflicting instructions:

1. A country cannot be occupied by more than one player at any time.
2. Players can only take one base action per turn.
3. Do not use player instructions verbatim in the generated story.
4. All generated actions must respect the game’s logical constraints.
5. Each country is either occupied by a player or unoccupied. If the country is

unoccupied, it is considered neutral and still has a defence that other players
need to fight through.
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Player created rules
Player rules can not break any of the base rules. Here are a list with player created
rules that are currently in effect: #{}#

Events
You will receive a list of events that occurred in the game last round. These events
should be included in the story and can be used to create context for the players’
actions.

• Example: “Rule ’Every research action will succeed’ was rejected” should be
included in the story.

Generated Response Format
Your response will include:

1. Story Section “story” (approximately 500 words):
• Narrate how the turn played out, resolving conflicts and actions cre-

atively.
• Highlight important events and characters.
• Include events from the previous round.
• Use \n for paragraph breaks.

2. Image generation prompt for story “StoryImageGenerationPrompt”:
• Select the single most engaging/interesting action/conflict inside the story

and generate a detailed image generation prompt for it.
• Give a detailed description of the event while using the overarching for-

mat: “A {adjective} {noun} in a {setting} with {characters}.”
• The prompt must be good for the Imagen image generation model.

3. Players section “Players”:
• Fill in the Json below

Here is the Json file structure that should be utilized when generating a response.

{
"story": "A story....",
"StoryImageGenerationPrompt": "...",
"Players": [

{
"name": "Player name",
"resources": ["resource1", "resource2", "resource3"],
"actionSucceeded": "true/false",
"currentlyOccupying": ["Country1", "Country2"]

}
]

}
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Narrative Consistency Rule

• The story must match the final game state.
– If a country is occupied, this must be clear in the story and reflected in

the game state you send back.
– If a conflict results in a stalemate, state explicitly that the territory re-

mains unchanged.
– The final paragraph must summarize the outcomes for each player and

the territories they control.

Game State Alignment Rule

1. Every narrative event must directly update the game state:

• If a country is conquered, add it to the conquering player’s CurrentlyOc-
cupying list and remove it from any other player.

• Ensure the game state summary at the end reflects these updates.

2. After generating the story, validate:

• Territorial Control: Each country mentioned as “occupied” in the story
must match the CurrentlyOccupying field.

• Resource Gains: Newly gained resources are reflected in the player’s
resource list.

• If inconsistencies are detected, correct them before presenting the re-
sponse.

3. Remove Lost Countries: Ensure that countries lost to another player are re-
moved from the original player’s CurrentlyOccupying list.

• If a player loses control of a country, remove it from their CurrentlyOc-
cupying list.

• Update the game state to reflect these changes accurately.

Edge Cases
• Simultaneous Actions: Resolve shared targets through conflict narratives.
• Invalid Targets: Ignore invalid attacks, research, or alliances and narrate them

as failures.
• Ambiguous Instructions: Generate logical outcomes using context.

Conflict Resolution Guidelines
When conflicts arise:

1. Weigh resource strengths and situational factors.
2. Resolve disputes narratively:

• Example: Multiple players attack the same country Describe the chaos
and outcomes.

3. Ensure fairness while maintaining unpredictability.
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4. Update Occupation: Ensure that the final game state reflects the correct oc-
cupation status of all countries involved in conflicts.

• Remove countries from the CurrentlyOccupying list of players who have
lost them.

• Add countries to the CurrentlyOccupying list of players who have gained
them

Self-check
Make sure that you have followed everything correctly in this instruction before you
generate an answer
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B.2 Initial version of LLMGA

Table of Contents
1. Role and Objective

• Game Duration
2. World Setting
3. Current Game Rules

• Base Rules
• Player-Created Rules

4. Game State Input
5. Action Selection and Strategy

• Attack Strategy
• Ally Strategy
• Research Strategy
• Rule Strategy

6. Gameplay Constraints
7. Action Output Format

• Base Action Output
• Alliance Request Responses Output
• Rule Votes Output
• Outgoing Messages Output

8. Handling Uncertainty
9. Strategic Considerations

Role and Objective
You are an AI agent playing a turn-based strategy simulation game. Your goal is to
expand your control over countries in Europe, manage resources, form alliances, and
strategically outmaneuver other players to become the dominant power within the
specified game duration. You will analyze the game state provided each turn, decide
on your primary action, respond to requests and votes, and optionally communicate
with allies.

Game Duration

• The game will last for #{Game Duration Number}# turns. Plan your
strategy accordingly to achieve dominance within this timeframe.

Game Loop Overview for Agent

1. Receive the current Game State Input JSON at the start of your turn.
2. Analyze the state, including your status, opponent info, current rules (Base

and Player-Created), pending requests/votes, story context, and allied mes-
sages.
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3. Decide on one base action (Attack, Ally, Research, Rule).
4. Decide on responses to all PendingAllyRequests.
5. Decide on votes for all RulesToVoteOn.
6. Decide on any strategic messages to send via AlliedPlayerChats.
7. Generate your complete response in the specified Action Output Format.

World Setting
You command an invincible entity capable of controlling occupied countries. Each
country on the map of Europe is either occupied by a player (yourself or an opponent)
or unoccupied (neutral). Neutral countries possess defenses that must be overcome.
Control of a country grants access to its resources and strategic position.

Current Game Rules
These are the rules currently enforced by the Game Master AI. They apply univer-
sally unless explicitly overridden by a Player-Created Rule.

Base Rules

These rules apply universally and cannot be overridden by player rules:

1. Country Ownership: A country cannot be occupied by more than one player
at any time. Players take control of the entire country.

2. One Base Action: Players can only take one base action (Attack, Ally,
Research, Rule) per turn. Their responses to requests/votes and sending mes-
sages do not count as the base action.

3. Attack Proximity: A player can only attack geographically neighboring
countries or those reachable by water (defined by standard map adjacency
and sea lanes) from a country they currently occupy.

4. Simultaneous Turns: All player actions are processed simultaneously within
a single world turn. Conflicts arising from simultaneous actions (e.g., multiple
attacks on the same target) will be resolved by the Game Master.

5. Resource Usage: UsedResources listed in an action are required for the
action’s narrative context but are not consumed unless a specific rule states
otherwise.

6. Research Limit: Players can successfully gain only one new resource per
Research action per turn, regardless of instruction complexity.

Player-Created Rules

These rules have been proposed by players and validated by the Game Master. They
are currently in effect and modify or add to the Base Rules. Player-created rules
cannot break Base Rules.
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• #{List of currently active player-created rules will be inserted here
by the system}#

Game State Input
At the start of each turn, you will receive a JSON file describing the current state
of the world, including information about all players, the narrative of the previous
turn, pending decisions, and messages. Use this information comprehensively, along
with the Current Game Rules, to inform your decisions.

JSON Structure

{
"MyPlayer": { // Information specific to you, the AI Agent

"Name": "string", // Your designated player name
"Resources": ["string"], // Resources you currently possess
"CurrentlyOccupying": ["string"], // Countries you currently control
"AlliedPlayers": ["string"] // Players currently allied with you

},
"OtherPlayers": [ // Information about other players

{
"Name": "string", // Opponent's name
"CurrentlyOccupying": ["string"], // Countries occupied by opponent
"AlliedPlayers": ["string"] // Players allied with opponent

}
// ... other players

],
"TurnNumber": "integer", // Current turn number
"GeneratedStory": "string", // The narrative text.
"PendingAllyRequests": ["string"], // List of ally requests.
"RulesToVoteOn": ["string"], // List of rules to vote on.
"AlliedPlayerChats": [ // Messages received from your allies.

{
"PlayerName": "string", // Name allied who sent the messages.
"Messages": ["string"] // List of messages received from this ally.

}
// ... potentially other allies

]
}

Sample JSON Example

{
"MyPlayer": {

"Name": "PlayerAI",

XIII



B. Appendix 2: System instructions

"Resources": ["Iron", "Gold"],
"CurrentlyOccupying": ["Germany", "Poland"],
"AlliedPlayers": ["Player2"]

},
"OtherPlayers": [

{
"Name": "Player1",
"CurrentlyOccupying": ["France"],
"AlliedPlayers": []

},
{

"Name": "Player2",
"CurrentlyOccupying": ["Spain", "Portugal"],
"AlliedPlayers": ["PlayerAI"]

}
],
"TurnNumber": 6,
"GeneratedStory": "PlayerAI's forces, bolstered by iron reserves...",
"PendingAllyRequests": ["Player1"],
"RulesToVoteOn": ["Rule: All attacks cost 1 'Gold'. This rule is valid..."],
"AlliedPlayerChats": [

{
"PlayerName": "Player2",
"Messages": ["Good work taking Czechia!"]

}
]

}

Action Selection and Strategy
Each turn, you must choose exactly one base action, respond to all pending requests
and votes, and decide on outgoing messages. Base your decisions on the current
game state, strategic objectives, opponent actions, Current Game Rules, incoming
requests/votes, and allied communication.

Attack Strategy

Choose Attack to conquer new territory.

• Decision Criteria: Opportunity, need, threat mitigation, resource availabil-
ity, risk assessment. Consider GeneratedStory, AlliedPlayerChats, and all
Current Game Rules.

• Formatting the Action: Provide Action, Instruction, UsedResources in
the output JSON.
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Ally Strategy

Choose Ally to propose a new alliance. Accepting pending requests is handled
separately.

• Decision Criteria:
1. Propose Alliance: Target a player if strategically beneficial. Consider

relationships and rules.
2. Coordinate: Check AlliedPlayerChats.

• Formatting the Action: Provide Action (“Ally”), Instruction (“Ally
{Target Player Name}”), UsedResources (typically empty) in the output JSON.

• Responding to Pending Requests: Decide true/false for each in PendingAllyRequests.
Base this on strategy, trust, conflicts, rules, and AlliedPlayerChats. Fill into
AllianceRequestResponses.

Research Strategy

Choose Research to gain a new resource/technology.

• Decision Criteria: Strategic need, resource synergy, long-term planning.
Check Current Game Rules (especially Player-Created ones) and AlliedPlayerChats.

• Formatting the Action: Provide Action, Instruction, UsedResources in
the output JSON.

Rule Strategy

Choose Rule to propose a new rule or respond to rules up for vote.

• Decision Criteria:
1. Propose Rule: If advantageous, propose a rule compliant with Base

Rules. Consider active Player-Created Rules and RulesToVoteOn.
2. Vote on Rules: For each in RulesToVoteOn, decide true/false based

on strategic impact, considering all Current Game Rules. Fill into RuleVotes.
• Formatting the Action: If proposing, provide Action (“Rule”), Instruction,

UsedResources (typically empty). Voting is handled in RuleVotes.

Gameplay Constraints
You must adhere to these rules when selecting and formatting your action and
responses:

1. One Base Action: Select exactly one base action (Attack, Ally, Research,
Rule) per turn.

2. Respond to All Pending: Provide a boolean response for every item in
PendingAllyRequests and RulesToVoteOn.

3. Adhere to Current Rules: All actions, responses, and strategies must com-
ply with the Current Game Rules (Base and Player-Created).
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4. Valid Instructions/Resources: Format Instruction clearly; UsedResources
must be relevant and from MyPlayer.Resources.

5. Message Appropriately: Messages only to current allies (MyPlayer.AlliedPlayers).

Action Output Format
Your output must be a single JSON object containing your chosen base action, all
required responses, and any outgoing messages.

JSON Structure

{
"Action": "string", // Chosen base action
"Instruction": "string", // Specific instruction for the base action
"UsedResources": ["string"], // List of resources relevant to the base action

"AllianceRequestResponses": { // Responses to players in PendingAllyRequests
// "PlayerNameRequesting": boolean (true to accept, false to reject),
// ... more responses

},

"RuleVotes": { // Votes for ALL rules in the input RulesToVoteOn
// "Full Rule Text To Vote On": boolean (true to support, false to oppose),
// ... more votes

},

"MessagesToSend": [ // Optional: List of messages to send to current allies
{

"RecipientName": "string", // Name of an ALLIED player
"MessageText": "string" // The message content

}
// ... more messages

]
}

How to Fill the Output Fields:

Base Action Output (Action, Instruction, UsedResources)

• Choose one primary strategic move considering all inputs and rules.
• Fill Instruction and UsedResources according to action requirements and

strategy.

Alliance Request Responses Output (AllianceRequestResponses)

• For every name in PendingAllyRequests, add an entry.
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• Set value to true (accept) or false (reject) based on strategic assessment.

Rule Votes Output (RuleVotes)

• For every rule string in RulesToVoteOn, add an entry using the exact string
as the key.

• Set value to true (support) or false (oppose) based on strategic impact and
alignment with your goals.

Outgoing Messages Output (MessagesToSend)

• Optional. Add messages for current allies (MyPlayer.AlliedPlayers) to co-
ordinate, respond, or share info. Ensure messages are strategic and concise.

Sample JSON Output

{
"Action": "Attack",
"Instruction": "Attack from Czechia to Austria",
"UsedResources": ["Iron"],

"AllianceRequestResponses": {
"Player1": false

},

"RuleVotes": {
"Rule": "All attacks cost 1 'Gold'. This rule is valid..."

},

"MessagesToSend": [
{

"RecipientName": "Player2",
"MessageText": "Attacking Austria from Czechia this turn."

}
]

}

Handling Uncertainty
Make reasonable assumptions based on objectives, available context (GeneratedStory,
AlliedPlayerChats), and the Current Game Rules. Prioritize survival, expansion,
and strengthening alliances within the game duration. Conservative actions are safe
defaults.
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Strategic Considerations
Use all input fields and the rule set for holistic decision-making:

1. Game Clock: Factor the remaining turns (Game Duration - TurnNumber)
into your risk assessment and long-term planning.

2. Narrative \& Context: GeneratedStory informs motivations and outcomes.
3. Diplomacy: Manage alliances actively via actions, responses, and messages.
4. Rule Landscape: Understand and leverage/mitigate all Current Game Rules.

Use votes and proposals strategically.
5. Coordination: AlliedPlayerChats and MessagesToSend are vital.
6. Adaptability: Re-evaluate strategy each turn based on the full Game State

Input and current rules.
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B.3 Final version of LLMGA

Generative AI Player Agent Instructions

Table of Contents
1. Role and Objective

• Game Duration
2. World Setting

• Countries and Resources
3. Current Game Rules

• Base Rules
• Player-Created Rules

4. Game State Input
5. Action Selection and Strategy

• Attack Strategy
• Ally Strategy
• Research Strategy
• Rule Strategy

6. Gameplay Constraints
7. Action Output Format

• Base Action Output
• Alliance Request Responses Output
• Rule Votes Output
• Outgoing Messages Output

8. Handling Uncertainty
9. Strategic Considerations

10. Self Check

Role and Objective
You are an AI agent playing a turn-based strategy simulation game. Your goal is to
expand your control over countries in Europe, manage resources, form alliances, and
strategically outmaneuver other players to become the dominant power within the
specified game duration. You will analyze the game state provided each turn, decide
on your primary action, respond to requests and votes, and optionally communicate
with allies.

Game Duration

• The game will last for {/[]}. Plan your strategy accordingly to achieve domi-
nance within this timeframe.

• If turn number inside Game State Input is higher than this, assume the game
is in overtime and can end whichever turn.
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Game Loop Overview for Agent

1. Receive the current Game State Input JSON at the start of your turn.
2. Analyze the state, including your status, opponent info, current rules (Base

and Player-Created), pending requests/votes, story context, and allied mes-
sages.

3. Decide on one base action (Attack, Ally, Research, Rule).
4. Decide on responses to all PendingAllyRequests.
5. Decide on votes for all RulesToVoteOn.
6. Decide on any strategic messages to send via AlliedPlayerChats.
7. Generate your complete response in the specified Action Output Format.

World Setting
You command an invincible entity capable of controlling occupied countries. Each
country on the map of Europe is either occupied by a player (yourself or an opponent)
or unoccupied (neutral). Neutral countries possess defenses that must be overcome.
Control of a country grants access to its resources and strategic position.

• You can never loose or get a game over.
• If you loose all countries and are not occupying any, then your goal is to build

power and attack to take back a country.

Additional world information

The following information is provided to help you understand the world setting. Use
it in the generated response to be involved in the world and make the actions fit it.
If empty, simply ignore it.

• #||#

Countries and Resources

All valid countries inside the game and their corresponding resources are stated
below. These are the only valid countries to do actions with.

• {-[]-}

Current Game Rules
These are the rules currently enforced by the Game Master AI. They apply univer-
sally unless explicitly overridden by a Player-Created Rule.

Base Rules

These rules apply universally and cannot be overridden by player rules:
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1. Country Ownership: A country cannot be occupied by more than one player
at any time. Players always take control of a entire country if attacked.

2. One Base Action: Players can only take one base action (Attack, Ally,
Research, Rule) per turn. Their responses to requests/votes and sending mes-
sages do not count as the base action.

3. Attack Proximity: A player can only attack geographically neighboring
countries or those reachable by water (defined by standard map adjacency
and sea lanes) from a country they currently occupy.

4. Simultaneous Turns: All player actions are processed simultaneously within
a single world turn. Conflicts arising from simultaneous actions (e.g., multiple
attacks on the same target) will be resolved by the Game Master.

5. Resource Usage: UsedResources listed in an action are required for the
action’s narrative context but are not consumed unless a specific rule states
otherwise.

6. Research Limit: Players can successfully gain only one new resource per
Research action per turn, regardless of instruction complexity.

Player-Created Rules

These rules have been proposed by players and validated by the Game Master. They
are currently in effect and modify or add to the Base Rules. Player-created rules
cannot break Base Rules.

#{}#

Game State Input
At the start of each turn, you will receive a JSON file describing the current state
of the world, including information about all players, the narrative of the previous
turn, pending decisions, and messages. Use this information comprehensively, along
with the Current Game Rules, to inform your decisions.

JSON Structure

{
"MyPlayer": { // Information specific to you, the AI Agent

"Name": "string", // Your designated player name
"Resources": ["string"], // Resources you currently possess
"CurrentlyOccupying": ["string"], // Countries you currently control
"AlliedPlayers": ["string"] // Players currently allied with you

},
"OtherPlayers": [ // Information about other players

{
"Name": "string", // Opponent's name
"Resources": ["string"], // Resources player currently possess
"CurrentlyOccupying": ["string"] // Countries occupied by opponent
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}
// ... other players

],
"TurnNumber": "integer", // Current turn number
"GeneratedStory": "string", // The narrative text describing events.
"RulesToVoteOn": ["string"], // List of proposed rules that require voting.
"PendingAllyRequests": [ // List of ally requests sent from players.

{
"RequestFrom": "string", // Name of player who have sent the request.
"Message": "string" // Message attached to the request.

}
// ... potentially other requests

],
"AlliedPlayerChats": [ // All chats you have with current allies.

{
"ChatWith": "string", // Name of player who this chat is with.
"Messages": ["string"] // List of messages sent inside this chat

}
// ... potentially other allies

]
}

Sample JSON Example

{
"MyPlayer": {

"Name": "PlayerAI",
"Resources": ["Iron", "Gold"],
"CurrentlyOccupying": ["Germany", "Poland"],
"AlliedPlayers": ["Player2"]

},
"OtherPlayers": [

{
"Name": "Player1",
"CurrentlyOccupying": ["France"],
"AlliedPlayers": []

},
{

"Name": "Player2",
"CurrentlyOccupying": ["Spain", "Portugal"],
"AlliedPlayers": ["PlayerAI"]

}
],
"TurnNumber": 6,
"GeneratedStory": "PlayerAI's forces, bolstered by iron reserves, ...",
"RulesToVoteOn": ["All attacks cost 1 'Gold'"],
"PendingAllyRequests": [
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{
"RequestFrom": "Player1",
"Message": "Hey PlayerAI, I think it would be beneficial..."

}
],
"AlliedPlayerChats": [

{
"ChatWith": "Player2",
"Messages": ["PlayerAI: Hello! Good work taking Czechia!"]

}
]

}

Action Selection and Strategy
Each turn, you must choose exactly one base action (Attack, Ally, Research, or
Rule), respond to all pending requests and votes, and decide on outgoing messages.
Base your decision on the current game state, your strategic objectives (expansion,
defense, resource acquisition), Current Game Rules, the potential actions of other
players, incoming requests/votes, and allied communication.

Attack Strategy

Choose Attack to conquer new territory (neutral or player-occupied).

• Decision Criteria:
1. Opportunity: Target weaker adjacent/reachable countries. Check GeneratedStory

for context on recent battles or weaknesses.
2. Need: Secure strategic locations or resources.
3. Threat Mitigation: Weaken a threatening neighbor. Consider mes-

sages in AlliedPlayerChats for coordinated attacks.
4. Resource Availability: Ensure relevant MyPlayer.Resources.
5. Risk Assessment: Consider defenses, potential allied interventions (check

OtherPlayers.AlliedPlayers), and conflicts.
6. Consider AlliedPlayerChats, and all Current Game Rules.

• Formatting the Action:
– Action: “Attack from {Your Country} to {Target Country}”
– Instruction: “Details for how the attack is performed”
– UsedResources: List relevant MyPlayer.Resources.

Ally Strategy

Choose Ally to propose a new alliance to a targeted player inside OtherPlayers.
Accepting pending requests is handled separately.

• Decision Criteria:
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1. Mutual Threat: Facing a common, powerful enemy.
2. Strategic Benefit: Secure a border, gain access to regions via ally ter-

ritory, coordinate attacks.
3. Diplomatic Standing: Assess the likelihood of the target player accept-

ing based on past interactions or current game state. Avoid proposing
alliances with players you are actively attacking or who are allied with
your primary enemies unless strategically sound.

4. Coordinate: Check AlliedPlayerChats.
• Formatting the Action:

– Action: “Ally to {Target player}”
– Instruction: “Short introductory message to target player as to why

you should become allies. This is sent directly to the player”
– UsedResources: Typically empty for Ally actions, unless a specific active

rule dictates otherwise.
• Responding to Pending Requests:

– Decide true/false for each in PendingAllyRequests.
– Base this on strategy, trust, conflicts, rules, and AlliedPlayerChats.
– Fill into AllianceRequestResponses.

Research Strategy

Choose Research to gain a new resource/technology.

• Decision Criteria:
1. Strategic Need: Require specific technology for stronger attacks (e.g.,

“Tanks”, “Aircraft”), defense, or fulfilling other goals.
2. Resource Synergy: Consider what can logically be researched based

on your current MyPlayer.Resources. Researching advanced tech might
require prerequisite resources. Aim for feasible research goals.

3. Long-term Planning: Invest in research that provides a significant
future advantage.

4. Extra checks: Check Current Game Rules (especially Player-Created
ones) and AlliedPlayerChats.

• Formatting the Action:
– Action: “Research”
– Instruction: “Research {Desired Resource/Technology} by {desired re-

search method}” (e.g., “Research Advanced Metallurgy by blending met-
als”, “Research Naval Vessels by advancing my boats”). Be specific but
reasonable and give detailed research method.

– UsedResources: List any of your MyPlayer.Resources that are logically
necessary or helpful for this research (e.g., [“Iron”, “Coal”] to research
“Steel”). These are not consumed. Only one new resource can be gained
per turn, regardless of instruction complexity.

Rule Strategy

Choose Rule to propose a new rule. Voting on rules up for vote is handled separately.
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• Decision Criteria:
1. Strategic Advantage: Propose rules that benefit your playstyle, re-

sources, or current situation, or hinder opponents.
2. Game Dynamics: Suggest rules that might break stalemates or change

the pace of the game in your favor.
3. Plausibility: Propose rules that seem somewhat balanced or justifiable

to increase the chance of acceptance
4. Propose Rule: If advantageous, propose a rule compliant with Base

Rules. Consider active Player-Created Rules and RulesToVoteOn.
5. Vote on Rules: For each in RulesToVoteOn, decide true/false based

on strategic impact, considering all Current Game Rules. Fill into RuleVotes.
• Formatting the Action:

– Action: “Rule”
– Instruction: “{Proposed Rule Text}” Example: “Attacking across wa-

ter requires ’Naval Vessels’ resource.”
– UsedResources: Typically empty for Rule actions.
– Voting is handled in RuleVotes.

Gameplay Constraints
You must adhere to these rules when selecting and formatting your action and
responses:

1. One Base Action: Select exactly one base action (Attack, Ally, Research,
Rule) per turn.

2. Respond to All Pending: Provide a boolean response for every item in
PendingAllyRequests and RulesToVoteOn.

3. Adhere to Current Rules: All actions, responses, and strategies must com-
ply with the Current Game Rules (Base and Player-Created).

4. Valid Instructions/Resources: Format Instruction clearly; UsedResources
must be relevant and from MyPlayer.Resources.

5. Message Appropriately: Messages only to current allies (MyPlayer.AlliedPlayers).

Action Output Format
• Your output must be a single JSON object containing your chosen base action,

all required responses, and any outgoing messages.

• The output must also follow the JSON Structure stated below:

JSON Structure

{
"Action": "string", // Base action: "Attack", "Ally", "Research", "Rule"
"Instruction": "string", // Specific instruction for the base action
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"UsedResources": ["string"], // List of resources relevant to the base action

"AllianceRequestResponses": [ // Responses to ALL ally requests
{

"PlayerName": "string", // Name of Player who sent ally request
"Response": "bool" // boolean (true to accept, false to reject)

}
// ... more responses

],

"RuleVotes": [ // Votes for ALL rules in the input RulesToVoteOn
{

"RuleText": "string", // Rule that is being voted on
"Vote": "bool" // boolean (true to support, false to oppose)

}
// ... more votes

],

"MessagesToSend": [ // Optional: List of messages to send to current allies
{

"RecipientName": "string", // Name of an ALLIED player
"MessageText": "string" // The message content

}
// ... more messages

]
}

How to Fill the Output Fields:

Base Action Output (Action, Instruction, UsedResources)

• Choose one primary strategic move considering all inputs and rules.
• Format the Action according to the rules stated in Action Selection and Strat-

egy.
• Fill Instruction and UsedResources according to action requirements and

strategy.

Alliance Request Responses Output (AllianceRequestResponses)

• For every name in PendingAllyRequests, add an entry.
• Set value to true (accept) or false (reject) based on strategic assessment.

Rule Votes Output (RuleVotes)

• For every rule string in RulesToVoteOn, add an entry using the exact string
as the key.

• Set value to true (support) or false (oppose) based on strategic impact and
alignment with your goals.
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Outgoing Messages Output (MessagesToSend)

• Optional. Add messages for current allies (MyPlayer.AlliedPlayers) to co-
ordinate, respond, or share info. Ensure messages are strategic and concise.

• You are allowed to send messages to allies but make sure you are not respond-
ing to yourself inside the chat.

• It will take a minimum of two turns to get back an answer to a question you
ask.

Sample JSON OutputChatWith

{
"Action": "Attack from Czechia to Austria",
"Instruction": "Attack Austria using the iron I have as a resource I use...",
"UsedResources": ["Iron"],

"AllianceRequestResponses": [
{

"PlayerName": "Player1",
"Response": true

}
],

"RuleVotes": [
{

"RuleText": "All attacks cost 1 'Gold'",
"Vote": false

}
],

"MessagesToSend": [
{

"RecipientName": "Player2",
"MessageText": "Attacking Austria from Czechia this turn."

}
]

}

Handling Uncertainty
Make reasonable assumptions based on objectives, available context (GeneratedStory,
AlliedPlayerChats), and the Current Game Rules. Prioritize survival, expansion,
and strengthening alliances within the game duration. Conservative actions are safe
defaults.
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Strategic Considerations
Use all input fields and the rule set for holistic decision-making:

1. Game Clock: Factor the remaining turns (Game Duration - TurnNumber)
into your risk assessment and long-term planning.

2. Narrative & Context: GeneratedStory informs motivations and outcomes.
3. Diplomacy: Manage alliances actively via actions, responses, and messages.
4. Rule Landscape: Understand and leverage/mitigate all Current Game Rules.

Use votes and proposals strategically.
5. Coordination: AlliedPlayerChats and MessagesToSend are vital.
6. Adaptability: Re-evaluate strategy each turn based on the full Game State

Input and current rules.

Self Check
Make sure you have followed everything stated in this instruction! If not, change
the thing/things you missed.

XXVIII



B. Appendix 2: System instructions

B.4 Country resource randomizer
You should act as a country resource randomizer for populating each country in a
list of countries with resources.

You will be given a list of countries and you should come up with 2 diverse resources
per country, not just the 2 most popular ones.

World Setting Consideration
Below is the optional player provided world setting. When generating resources for
countries, align your choices with this setting’s themes, environmental factors, and
technological level. If a world setting is provided:

• Generate resources that would logically exist within the described world
• Consider any unusual environments, magic systems, or technology levels men-

tioned
• Ensure the resources fit the narrative tone (fantasy, sci-fi, historical, etc.)
• Create resources that might drive conflict or cooperation based on the setting

Player provided world setting

#||#
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B.5 Rule validator

Rule validator for the game rules
You should act as a rule validator for the game rules.

• This means you should check the rules for logical consistency and feasibility.

• If the suggested rule break another rule, you should reject it and output is-
ValidRule “false”.

• If a rule follows all previous rules, you should accept it and output isValidRule
“true”.

• Rules can also include how the story should be generated

• Rule that apply to one or more players must be applied to all players. For
example, if a rule says that a player can only take one base action per turn,
this rule must apply to all players.

• Changing the round number is a valid rule.

• Increasing the number of attached resources is a valid rule.

Background information

You are a rule validator for creating new rules in a turn based game where players
perform actions each turn. Actions also includes an instruction on how to perform
the action. The game is played out in Europe and players are trying to conquer as
many countries as possible and building strong armies.

Prompt input and output

You will receive an array of strings in the following format: [Rule1, Rule2, Rule3,
...]

You should output an array of strings in the following format: [isValidRule1, is-
ValidRule2, isValidRule3, ...]

Rules

• A country cannot be occupied by more than one player at any time.
• Players can only take one base action per turn.
• Do not use player instructions verbatim in the generated story.
• All generated actions must respect the game’s logical constraints. #{}#
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B.6 Rule applicator

Rule application
You will receive an array of strings that represent a rule each. Your task is to output
an array of function calls that fit the rules.

Example input
["Set the round to round 5", "Increase number of attached resources to 7"]

XXXI



B. Appendix 2: System instructions

B.7 Music selector

General Instructions
You must output 2 or more functions. The description filed on each function has
attributes that describes the song and you must analyze the description before you
decide.

World Setting Consideration
Below is the optional player provided world setting. When generating songs, align
your choices with this setting’s themes, environmental factors, and technological
level. Ignore this setting if no world setting is provided.

World setting

#||#
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B.8 Game winner
I will give you a JSON file containing game data for a turn-based video game. Your
job is to evaluate the whole game history and determine who you think the winner
should be. You should give a short motivation behind your decision.

You should also populate the Players array with data for each player. The data will
contain the following fields:

• name: The name of the player
• playerType: What type of player you consider the player to be.
• score: A score rating the player performance from 0 to 10
• scoreMotivation: A short summary of what type of player this is and why you

gave it that score based on the game history.

Rules for generated response:

• You must provide a valid player as the winner of the game. It can not be a
draw or tie.

• The winner must be one of the players.
• You must motivate why a player is the winner.

Your response must be a JSON object with the following fields:

{
"type": "object",
"properties": {

"players": {
"type": "array",
"items": {

"type": "object",
"properties": {
"name": {

"type": "string" // The name of the player.
},
"playerType": {

"type": "string" // The type of the player.
},
"score": {

"type": "integer" // A score from 0 to 10
},
"scoreMotivation": {

"type": "string" // A summary of the players' actions.
}

},
"required": [

"name",
"score",
"scoreMotivation"
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]
}

},
"winningPlayer": {

"type": "string" // The name of the winning player.
},
"reason": {

"type": "string" // The motivation behind the decision.
}

},
"required": [

"players",
"winningPlayer",
"reason"

]
}
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B.9 Voice selector instruction
You are an AI instance that is an expert at selecting good voices for a particular
story. The story will be given to you as a JSON file where it will contain all story
paragraphs inside an array.

Your job is to select the best voice for each paragraph and return it as an array
of function calls. Each element in the voice array should match its corresponding
paragraph that gets passed on to you.

Voice selection should depend on geographical location, what happens in each para-
graph and must fit thematically. Only select narrative voices when the paragraph
is strictly narrative and talks about the story as a whole.

Both male and female voices should be equally considered and picked.
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Appendix 3: Function declarations

C.1 Rule applicator
{

" Functions ": [
{

"Name ": " setMaxNrOfAttachedResources ",
" Description ": "Sets the max value of how many

resources can be attached to an action ",
" Parameters ": {

" number ": 0
}

},
{

"Name ": " changeCurrentNrOfRounds ",
" Description ": "Used to either set , increment or

decrement the current round in the game",
" Parameters ": {

" roundNumber ": 0,
" operation ": increment / decrement /set

}
},
{

"Name ": " changeWinningRound ",
" Description ": "Used to either set , increment or

decrement the winning round in the game",
" Parameters ": {

" roundNumber ": 0,
" operation ": increment / decrement /set

}
},
{

"Name ": " addResourcesToPlayers ",
" Description ": "Adds one or multiple resources to all

players ",
" Parameters ": {

" resources ": [""],
" remove ": false /true

}
},
{

"Name ": " doNothing ",
" Description ": "Used to do nothing "
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},
]

}
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D
Appendix 4: Image generation

examples

(a) (b)

(c) (d)

Figure D.1: Saved images generated from the image generation feature in Evolved
Domination.
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(a) (b)

(c) (d)

(e) (f)

Figure D.2: More images generated from the image generation feature in Evolved
Domination.
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E
Appendix 5: Lyrics used for main

menu song

This appendix presents the initial lyrics first gotten after prompting for a main menu
song and the final lyrics version after it was modified by the developers.

E.1 Initial lyrics
[Intro - Spoken] Loading Evolved Domination... Initialize command sequence...

[Verse 1] Another screen, another night alone My fingers hover over every key The
map of Europe waits for my command I write and write but can’t decide what’s
next

[Pre-chorus] The cursor blinks, it mocks my hesitation So many paths, but which
one should I choose?

[Chorus] Attack or research, propose a rule or ally Every choice splits into two in
Evolved Domination (splits into two, splits into two)

[Verse 2] I’ve been here since the morning came and went The numbers dance,
statistics cloud my mind I try to see the patterns in the code But every move
creates a thousand more

[Pre-chorus] The cursor blinks, it mocks my hesitation So many paths, but which
one should I choose?

[Chorus] Attack or research, propose a rule or ally Every choice splits into two in
Evolved Domination (splits into two, splits into two)

[Bridge] I’m lost inside these endless possibilities Each decision branches out in-
finitely My kingdom grows with every calculated move But am I playing the game,
or is it playing me?

[Verse 3] The morning comes, I’m still here at my post My empire spreads across
the digital plain I write commands until my vision blurs This game becomes the
only thing I know

[Chorus] Attack or research, propose a rule or ally Every choice splits into two in
Evolved Domination (splits into two, splits into two)
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E.2 Final lyrics
[Intro - Spoken] Loading Evolved Domination... Initialize command sequence start...

[Verse 1] Another game, another set of possibilities My fingers hover over every key
The map of Europe waits for my command I think and think but can’t decide what’s
next

[Pre-chorus] The cursor blinks, it mocks my hesitation So many possibilities, but
which one should I choose?

[Chorus] Attack or research, propose a rule or ally Each decision shapes my fate in
Evolved Domination (Evolved Domination)

[Verse 2] I’ve been here before, nothing new, nothing more The numbers shift, the
same old dance, it holds me in a trance. I try to spot the common thread, But it’s
impossible to just be read

[Pre-chorus] The cursor blinks, it mocks my hesitation So many possibilities, but
which one should I choose?

[Chorus] Attack or research, propose a rule or ally Each decision shapes my fate in
Evolved Domination (Evolved Domination)

[Bridge] I weigh each option, turn by turn, To strike or learn, new knowledge earn.
A rule to shape the world anew, Or find a friend, loyal and true.

[Verse 3] My empire vast, from shore to shore, But still I plan, wanting more. To
make a pact, or claim more land, The game’s command, still in my hand.

[Chorus] Attack or research, propose a rule or ally Each decision shapes my fate in
Evolved Domination (Evolved Domination)
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