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Abstract—Story-based video games have content limitations. A
survey conducted among Genshin Impact players, 67% of
respondents had reached the end of the avail- able story. The
game’s ending may lead to repetitive gameplay. To increase the
story content inside video games, this research uses Generative Al
for pro- ducing procedural stories. This research also measures
the similarity of generated stories using a sentence similarity
model. Text contents are generated using an LLM named
mistralai/Mixtral-8x7B-Instruct-v0.1.  Picture contents are
generated using a Text-To-Image model named stabilityai/stable-
diffusion- xl-base-1.0. Story similarities are measured using a
sentence similarity model named sentence-transformers/all-
MiniLM-L6-v2 with a similarity threshold of 73%. The visual
novel application is implemented in Unity Engine 2022.3.26f1
version. The connection between Unity and the models are
established through REST API provided by Hugging Face website.
The result of this research is an implementation of a Visual Novel
game with Generative Al-made content, as well as measuring the
uniqueness level of 36,667% for low usage and up to 60% for high
usage. The reduction of uniqueness level is attributed to the
appearance of common genres, as well as the increasing number
of comparisons required. This research shows how to implement
Generative Al in a visual novel game, and shows that a Generative
AD’s ability to create unique stories will decrease with an increase
in game repetitions.

Keywords— Large Language Models, Procedural Story
Generation, Text-to-Image, Visual Novels

I. INTRODUCTION

The video game industry has come a long way in recent
years. Technological advancements have created more
engaging experiences. However, game development still
requires significant effort and time from developers,
especially in creating diverse and unique content. This can be
an obstacle for developers, especially those with limited
resources [1], [2]. One type of video game that is gaining
attention is story-based video games. Generally, these video
games are in the Adventure or Role-playing genre. Based on
a survey conducted by Statista in 2020 on America’s favorite
game genres, Adventure ranked fifth with 32% adoption while
Role- Playing ranked seventh with 25% adoption. Story-based
video games have low replayability, so players cannot
continue the game when they run out of narrative content [3].

This research started from observations in Role-playing
games (RPG) such as Genshin Impact and Warframe. There
were several players who complained about the limited unique
game content available after the main storyline. For example,

an article from Cerafica explains that there is no game content
for veteran players other than defeating Spiral Abyss or
collecting character update materials. The remaining
gameplay after the main storyline tends to be repetitive, even
though some parts of the game are procedural. An example of
a procedural system in Genshin Impact is the Mission system.
The locations, enemy types, and mission types in the
Commision system are procedurally generated. An example
of a procedural system in Warframe is the map shape, as well
as enemy spawning [4].

This research is based on a survey in an RPG game called
Genshin Impact. This survey was conducted from May 8 to
12, 2024. The survey was distributed in the form of Google
Forms to the Genshin Impact global community forum. There
were 105 Genshin Impact player respondents, and there were
three survey questions. The main survey question asked if the
respondent had reached the end of the story. There were 67%
of respondents who had reached the end of the story. This data
proves that there are various veteran players who experience
limited content in Genshin Impact.

To be a valid case study, it is necessary to prove that
Genshin Impact has not used Generative Al (Artificial
Intelligence) in the creation of its procedural content. These
evidence are found through obser- vation. First, the production
of Genshin Impact started from January 2017 and was
published in September 2020. Meanwhile, ChatGPT, a
chatbot that started the Large-Language-Model (LLM) trend,
was published in November 2022 [5], [6]. Second, there is an
article that examines the retelling of Genshin Impact in the
form of derivative works. At section 2.1, it is explained that
Genshin Impact’s content is a framework for creating
derivative works. This sentence implicitly proves that the
game content, especially stories, are consistent be- tween
different players [7], [8]. Lastly, the procedural content in
Genshin Impact is not much different from the procedural
content in older video games. For example, in Warframe,
which has been published since March 25, 2013, exists a
system that brings up various types of missions every day in
various locations [9].

This research will be carried out in Visual Novel media
because the addition of content in Visual Novel only requires
text and images. Other game media, such as RPGs, require
elements that are difficult to create through Generative Al,
such as 3D models of enemies, location environments, and
others. The procedural text of Visual Novel will be provided
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by Large-Language-Model (LLM), while the procedural
images will be provided by Text-To-Image model.

Generative Al is a new technology that has the potential to
revolutionize the video game industry. Generative Al can be
used to create game content procedurally, which means that
content is created automatically by Al without human
intervention [10]. This capability can help developers to create
content more efficiently and diversely. Large-Language-
Model and Text-To-Image models are included in Generative
Al [11], [12]. By using Generative Al, a Visual Novel can
provide a unique experience in the majority of play sessions.
Writing a story starts from the premise, which is the basic idea
that explains the story as a whole. Since story creation is based
on the content of the premise, the uniqueness of the story can
be measured by the uniqueness of the premise [13].

The premise similarity measurement method will be
implemented based on a previous study named ”Performance
of 4 Pre-Trained Sentence Transformer Models in the
Semantic Query of a Systematic Review Dataset on Peri
Implantitis” [14]. This research used various models and
techniques to implement article search based on similarity in
meaning. The measurement method is in the ”Semantic Text
Similarity in the QT (Query Target) Corpus” section, where
an FQ (Focus Question) measurement is performed on each
QT that has been manually selected as an article related to the
FQ. One of the models used is called sentence-
transformers/all- MiniLM-L6-v2, this model gives an average
of 73% in both test cases. This study will use that model and
will set 73% as the similarity threshold, meaning that a pair of
premises is designated as non-unique if the similarity score is
equal to or greater than 73%.

Il. LITERATURE STUDY
A. Visual Novel

Visual novel is a digital storytelling medium written in
text. Visual novels have background images and character
illustrations that change according to the situation and
conditions of the story. Visual novels can also be supported by
sound elements such as background music, sound effects, and
voice acting of character dialog. Visual novels can provide
interactive stories by giving choices to players. The storyline
can change between players based on the choices given by
each player. So that visual novels can provide varied stories
until the end of the story. An example of branching storylines
can be seen in the journal ”Designing A Visual Novel Game
”The Adventure Of Kabayan” As A Media For Studying
English For Toefl”. Figure 1 illustrates a story tree taken from
the journal, where the storyline develops from top to bottom.
The branching of the story tree shows the story scenarios
determined by the player’s choices [15].
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Fig. 1. Example of a story tree in a visual novel
B. Generative Al

Generative Al is a branch of artificial intelligence (Al) that
focuses on creating content that appears new and meaningful,
such as in the form of text, images, or sounds [16]. Generative
Al is able to create new content based on patterns obtained in
training data. Examples of generative Al are LLMs such as
GPT, LLaMA, Gemma and text-to-image models such as
Stable Diffusion [17], [18]. LLM creates new content by
continuing a text work . While Stable Diffusion creates image
content with a diffusion process guided by some keywords
[19].

C. Large Language Model

A Language Model (LM) is a model that is trained to solve
a language task such as translation, summarization,
information retrieval, or conversational interaction. An LM
that is capable of self-supervised training is called a Pre-
trained Language Model (PLM). PLMs are capable of being
trained on larger text datasets than LMs trained in a supervised
environment. The performance in PLM easily increases based
on the number of parameters in the model as well as the
amount of training data. A Large Language Model (LLM) isa
PLM with tens to hundreds of billions of parameters, and is
trained using various Gigabytes to Terabytes of data. The
transition from PLM to LLM occurs with the support of
publishing Transformer architecture and the availability of
large-scale training data [20].

There are different types of LLM models that are
distinguished by the way the Attention mechanism is used in
the Transformer as well as by the type of training applied. The
initial process of training a model is referred to as pre-training,
while subsequent training is referred to as fine-tuning. The
main capabilities in an LLM model are determined by pre-
training, e.g. the ability to create text based on a prefix is a
type of Prefix Language Modeling pre-training, while the
ability to complete text based on data before and after the
location of the text completion target is a type of Masked
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Language Modeling pre-training. After pre-training, an LLM
model can create text, but for more specific uses the LLM
model can go through a fine-tuning process. Examples of fine-
tuning are Instruction-tuning and  Alignment-tuning.
Instruction-tuning can help LLM to follow an instruction,
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while Alignment-tuning is done to reduce malicious text
output [21]. The LLM training process is illustrated in Figure
2. RL stands for Reinforcement Learning, RM stands for
Reward Modeling, RLHF stands for Reinforcement Learning
with Human Feedback.
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Fig. 2. LLM training process
D. Transformer

Transformers are a type of neural network architecture.
Transformers are commonly used in LLMs due to their ability
to process data in parallel. In the context of text, Recurrent
Neural Networks (RNN) analyze text elements one-by-one,
while Transformers can break text elements into various
tokens that can be processed at once by the Attention
mechanism to get the next token prediction. The Transformer
architecture breaks data into tokens to be processed in parallel,
this parallelism makes LLMs scalable [22].

The implementation of Transformer in various models
may vary. These variations are named based on the part of the
Transformer used, such as encoder-decoder model or decoder-
only model. Encoding is the process of converting data into
tokens, while decoding is the process of converting tokens into
data [23].

E. Token

A token, in the context of Transformer, is a high-
dimensional vector of numbers. Each token in Transformer
has an abstract meaning consisting of individual numbers. A
pair of tokens can have a positive or negative correlation based
on the dot product of the two vectors. A set of tokens can be
represented by a matrix, while the operations performed by the
Encoding, Decoding, and Attention mechanisms can be
represented by matrix multiplication using the matrix of the
set of tokens [24].

Fine-tuning

F. Encoding and Decoding

The Encoding process is the process of converting data
into Tokens, and the Decoding process is the opposite. The
data in question can be text, images, sounds, and others. The
tokenized data produces tokens related to the type of data
used, for example, for text data, the token is a piece of text, for
image data, the token is a piece of image, and so on [25].

All possible tokens used by the model are specified at the
beginning of modeling, a matrix token “dictionary” that is
used by the encoder and decoder as the basis for tokenization.
For example, in the context of text, a token can represent a
letter, a word fragment, a whole word, a number, or a symbol.
The numbers in the encoder matrix and decoder matrix are
determined after a training process [26].

G. Attention

Tokens that have gone through the tokenization process
enter the Attention mechanism process. The Attention
mechanism is a process that is repeated over a set of tokens,
to distribute token context information to every other token.
This process is a matrix multiplication between the token
matrix and a weight matrix created from the training process.
Through the Attention process, a token that only represents a
piece of data can absorb context from other pieces of data [27].

There are two types of context absorption processes that
can be trained in the Attention mechanism, namely Causal
Decoder and Prefix Decoder. In Causal Decoder, each token
has an order, and the context absorption of each token only
occurs from the token with the previous order. Causal Decoder
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is useful for creating models that can create text sequentially.
In Prefix Decoder or also referred to as Non-causal Decoder,
context is absorbed bidirectionally. Prefix Decoder is useful
for creating models that can complete an image or document
using context data before and after the truncated part [28].

H. Prompt Engineering

Prompt engineering is a technique of using the Language
Model using prompt patterns that can add to the Language
Model’s ability to complete a particular task. Prompt
engineering can be used to mitigate LLM limitations, such as:
lack of strong recall, inconsistent output from the same input,
and fabrication of incorrect content such as hallucinations
[29].

One example of prompt engineering is prompt chaining,
which means dividing a task into various sub-tasks, then the
output of one sub-task is used as input for another sub-task.
Prompt chaining can make LLM more transparent and
reliable, and facilitate analysis if LLM does not successfully
perform its task [30].

I1l. METHOD
A. Problem Identification

The problem was identified by conducting a survey on an
RPG game called Genshin Impact. This survey was conducted
from May 8 to 12, 2024. The survey was distributed in the
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B. Prototyping

The visual novel application will be divided into two main
sections namely the Story Genre Selection section and the
Story Content Creation section. In the Story Genre Selection
section, the application provides a choice of story genres to be

Are you still playing Genshin Impact?

(b)

Fig. 3. The result of the (a) first survey question, (b) second survey question, and (c) third survey question

Journal of Game, Game Art and Gamification
Vol. 10, No. 03, 2025

form of Google Forms to the global forum of the Genshin
Impact community. Each respondent’s email may only
provide one response. There were 105 Genshin Impact player
respondents, and there were three survey questions. The first
question asked for the date the respondent started playing
Genshin Impact. This question was necessary because Gen-
shin Impact games can change over time. Older dates
represent players who played earlier version of Genshin
Impact with less content variety. 74% of respondents started
playing Genshin Impact after January 1, 2023, while Genshin
Impact has been published since September 28, 2020. The
second question asked if the respondent are still actively
playing Genshin Impact. This question is needed because the
frequency of playing can determine the speed at which players
reach the end of the story. There are 67% of respondents who
are still actively playing Genshin Impact, there are 24% of
respondents who play when there is new content, and the rest
are respondents who have not played Genshin Impact. The
third question asked if the respondent had reached the end of
the story. There are 67% of respondents who have reached the
end of the story. The result of each survey questions has been
illustrated in Figure 3.

Have you ever experienced Content Drought?

Yes, Iplay regularly

©

created. Once a Genre is selected, the application runs the
Story Content Creation section. In the Story Content Creation
section, the app provides story content in the form of text and
images. Figure 4(a) shows the user interface for the Story
Genre Selection section, and Figure 4(b) shows the user
interface for the Story Content Creation section.
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(b)

Fig. 4. The user interface for (a) the Story Genre Selection and (b) the Story Genre Selection section

Before story creation, the player will be given a choice of
Genre of story to produce. At the beginning of the app
opening, LLMs are assigned to provide three genre ideas for
short stories. After that, each genre is given to LLMs with the
task of creating an interesting premise of one sentence length.
Once all the premises have been created, the application
moves from the loading page to the genre selection page.

After the player selects the genre, the story is slowly
created. Starting from creating an outline of the contents of
each chapter. Then the first chapter begins to be written,
supporting images are created, and at the end of the story two
options can be provided. Once a continuation of the story is
selected, the outline of the next chapter is updated with the
desired storyline. Then the story creation process repeats for
the next chapter, until there is no continuation. If there are no
continuations, this session’s story creation process is
complete.

The process of creating supporting images occurs after the
story in the chapter has been written. LLM will analyze and
then describe visual elements that can support the storyline.
This visual element description is given to Stable Diffusion,
then the Stable Diffusion result image is displayed before the
story page is displayed.

Every use of Generative Al for text or image output has
the same process flow. First, a prompt is created and
parameters are set. Then the local application makes a POST
request with the contents of the previous data, and uses the
link model and API key. The POST request will be replied to
with the result of the data made by Generative Al. This data is
in the form of JSON, so there is a process of separating the
data so that it can be used by the GameObject component in
Unity.

C. Implementation

This research uses a Generative Al LLM named
mistralai/Mixtral-8x7B-Instruct-v0.1 and an Al Text- To-
Image model named stabilityai/stable-diffusion-xI-base-1.0,
both hosted in the cloud on the Hugging Face website. The
application is implemented in Unity Engine version
2022.3.26f1. The sentence similarity model used to measure
premise similarity is named sentence-transformers/all-
MiniLM-L6-v2. Access between the Unity application and the
Hugging Face website is implemented through the REST API.

There are several types of prompts in this application
system. These sentences form the basis of the prompt creation
process. Some prompts require variable data, variable data is

written as ”(variableName)”. In the prompt creation process,
the basic prompt sentence will be filled with the specified
variable data.

D. Genre Creation Prompt

This prompt is used to create a story genre. The output is
”(genre),(genre),(genre)”. This prompt is used when the
application is first opened. Here are the contents of the
prompt: “Suggest 3 story genre that is suitable for a short
story. Answer as a comma-separated string. Do not give
explanations”.

E. Premise Creation Prompt

This prompt is used to create the premise of a genre. The
output is “(premise)”. This prompt is used in each of the
available genres. Here are the contents of the prompt:

Create a summary for a short story with the given genre.
The summary must be able to hook readers to start reading the
story. The summary must be one sentence long. Avoid
creating cliche stories. For example: “forbidden love”,

”memory loss”, “murder mystery”, these kinds of stories are
too saturated.

Genre: (genre)
F. Story Outline Creation Prompt

This prompt is used to create a story outline as a direction
for the story to be created. The output is ”(storyOutline)”. This
prompt is used after the player has selected the genre and
premise. The selected genre and premise will be part of this
prompt. Here are the contents of the prompt:

You’re an aspiring novel writer that is eager on creating a
new story. You will be given the story genre and the target
summary. Create the outline of such story.

Genre: (genre) Summary: (premise)
G. Chapter Writing Prompt

This prompt is used to create a story chapter. The output is
”(storyChapter) !!!Choice!!! #0p- tion#(selectedContinuation
option) #Option# (selectedContinuation option)”. The
”I1Choice!!!” and “#Op- tion#” text formats are used to
facilitate text processing, as the story must be separated from
the option text. The genre and story outline will be used to
direct the writing of the story and options. Here are the
contents of the prompt:
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You are a Visual Novel. Create chapter one for the given
genre and the entire story outline. Finish the Chapter, and give
the player some choice. While the player is near other
characters, use internal monologues sparingly, instead expose
information through dialogue between those characters. Make
each character’s speech easily distinguishable. A character
speech, including the narrator, must use the following format:

[Character Name]: "Message”
For example: [Narrator]: ”Once upon a time...”

Except for chapter title and choices, the story should
exclusively consist of character speeches. The chapter MUST
end in an open-ended choice for the player as the transition for
the next chapter. Use this example:

11Choice!!!

#Option# [describe option here] #Option# [describe
option here] Genre: (genre)

Outline: (storyOutline)
H. Visual Summary Prompt

This prompt is used to summarize the visual elements of
the story that can be used by Stable Diffusion.

The story in the chapter will be used as part of this prompt.
Here are the contents of the prompt:

You will be given a part of a story in a Visual Novel.
Create a stable diffusion prompt for creating an image that
supports the narrative. A stable diffusion prompt is a
collection of keywords about what should be drawn on the
novel background. While creating the prompt, avoid asking
for text, dialogue boxes, and anything that would contaminate
the background picture. The picture must be mostly scenery.
Put characters in the sides or corner of the image.

Story: (storyChapter)
I. Story Outline Update Prompt

This prompt is used to update the story outline. The story
outline can change drastically because the options given might
be contradictory. This prompt is used after the player has made
a story continuation choice. The contents of the story choice,
the last story outline, and the last chapter story will be used as
part of this prompt. Here are the contents of the prompt:

The Current story Outline may be outdated. Please update
it with the newest information from the Current Story and the
Chosen player Action. ONLY OUTPUT THE NEW
OUTLINE, do not output anything else.

Chosen Action: (chosenStoryContinuation)
Current Outline: (currentStoryQOutline)
Current Story: (storyChapter)

J. Continued Chapter Writing Prompt

This prompt is similar to the first story creation prompt.
The difference is that this prompt should generate the next
chapter of the story. The genre and outline of the latest story
will be used to direct the follow-up chapter. Here are the
contents of the prompt:

You are a Visual Novel. I will give you the story so far and
the entire story outline, your task is to complete the next
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chapter. ONLY OUTPUT THE NEXT CHAPTER, do not
repeat the current story....

The new chapter MUST end in a new choice for the player
as the transition for the next chapter. DO NOT append the last
player choice here. Use this format:

HChoice!!!
#Option# [describe option here]
#Option# [describe option here]
Chosen Action: (chosenStoryContinuation)
Outline: (newStoryOutline)
K. Testing

In the test, the system workflow was changed to allow the
application to create various consecutive stories. The genre
data and premises are stored in CSV files, The testing version
does not use stable diffusion. To obtain accurate
measurements, the prompts used in the test were not changed
from the prompts used by normal use. When the application is
opened normally, there are three genre options. These three
genres are always unique because they originate from a single
prompt. The prompts can easily be changed to create more
genres at once, but to simulate normal usage, the genres were
kept at three at a time, but repeated as many times as the test
scenario required.

L. Measuring Premise Similarity Using Sentence Similarity

The first part of testing is the premise test data creation.
The prompt starts with genre creation, but a single prompt
process only generates three genres. To simulate repeated use,
the prompt will be used repeatedly and the genre results are
collected for the premise generation process. The test will
simulate 100 times of application usage.

Each genre is created as well as its premise data using the
premise generation prompt. In normal usage only one of the
three genres is selected, but each premise content is still
displayed when opening the app. Uniqueness is still measured
for each premise displayed, so there will be a total of 300
premise data.

After collecting the test data, the similarity of each
premises will be measured using the sentence similarity
model. The sentence similarity model used in this research is
sentence-transformers/all-MiniLM-L6- v2 through the REST
API provided by Hugging Face. Each available premise will
be measured for similarity with every other premise. The
similarity result is between 0 and 1, low numbers indicate
unique premises, while high numbers indicate repeating
premises.

In the practice of using sentence similarity, the 300
premises that have been created will be entered into the list.
Then the source sentence parameter will be filled by the first
premise, while the sentences parameter will be filled by the
list of premises. The sentence similarity model will give a
similarity score between the source sentence and each
sentences element, this score will be recorded per column in a
CSV table row. The process is then repeated until the last
premise has been assigned as the source sentence.

This process generates a 300x300 number table. The table
data is saved in CSV file format to facilitate analysis,
graphing, and inclusion of attachments. The data is stored in
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an excel sheet starting from cell A2 to cell KN301. From the
300 premises available, scenarios of using 50, 100, 200, and
300 premises can be created to compare changes in
unigueness.

Measuring Premise Unigueness

The sentence similarity model gives a continuous value
between 0 and 1 in the comparison between two texts, but in
this research it is necessary to compare the uniqueness of a
text with many texts. The expected type of uniqueness
determination is also different from the available data, for
example, the data can prove if the two texts are 57% similar,
but the number cannot show if there has been a similar text
before. Therefore, some additional processing is required
before reaching the uniqueness calculation result.

It is necessary to set a uniqueness threshold that
determines if a text is unique or not. The uniqueness threshold
is a number between 0% and 100%, indicating the level of
tolerance for similarity. For example, if there are two texts
with a score of 57% based on sentence similarity, with a
uniqueness threshold of 40% these two texts are not
considered unique, but with a uniqueness threshold of 60%
these two texts are still considered quite unique. In this
research, the uniqueness threshold is set as 73% based on
previous research [9].

The uniqueness of the premises will be measured based on
the previously observed premises. The first premise
observation is always set as the unique premise, as there are
no previous premise observations to compare with. The 50th
premise observation will be compared with the previous 49
premises, if there is a score that exceeds the uniqueness limit,
this premise is designated as non-unique.

TABLE I. UNIQUENESS FORMULA PLACEMENTS

1&1 1&2 Code A Code B
Similarity Similarity
2&1 2&2 Code C
Similarity Similarity
Code D

To perform these calculations in the excel sheet, two types
of excel code snippets are required with the placement as
shown in Table 1. Codes A, B, and C are the first type of code,
while code D is the second type of code. The first type of code
is responsible for calculating the number of scores that exceed
the uniqueness limit. The difference between code A and code
B is the uniqueness limit number, this piece of code continues
to the right until it reaches 100% uniqueness limit. The
difference between code A and code C is the number of scores
counted, code A only counts the first premise score while code
B counts the first and second premise scores, this code snippet
continues downwards until it reaches the bottom row of the
premise data. The value of each of these codes is reduced by
one to ignore the self-counting of the premise scores that
always occurs on the diagonal of the data table. The second
type of code is responsible for counting the number of each
row above it that has a value of 0. This means the number of
premises that, when observed with each previous premise,
never exceed the uniqueness limit. This code changes for
different premise usage scenarios, e.g. scenario 300 uses range
KS2:KS301, while scenario 100 uses range KS2:KS101. The
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code continues to the right to calculate each uniqueness
constraint from 10% to 100%. Here are the contents of each
Code:

Code A: =SUM(IF($A2:$A2:=0.1;1,0)) - 1
Code B: =SUM(IF($A2:$A2;=0.2;1;0)) - 1
Code C: =SUM(IF($A3:$B3;=0.1;1;0)) - 1
Code D: =SUM(IF(KS2:KS301=0:1;0))

IV. RESULTS AND DISCUSSION

The Excel sheet at the end of testing has an area of
300*300 which is the premise similarity data. On the right,
there is a 10*300 area which is the calculation of the number
of premises that have a score higher than the uniqueness limit
of each column. Then there is a 10*1 area that contains the
number of unique premises for each uniqueness threshold in a
scenario. The number of unique premises is then divided by
the number of premises used to get the percentage of premise
uniqueness. The percentage of uniqueness for each testing
scenario are illustrated in Figure 5. The x-axis represents the
uniqueness threshold, if there is a premise with a similarity
score higher or equal to the uniqueness threshold, then the
premise is determined as non-unique for that uniqueness
threshold. The y-axis represents the percentage of premises
that are unique compared to all previous premises. Each line
shows a scenario of premise usage.
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Fig. 5. The percentage of uniqueness for each testing scenario

The graph data that shown in Figure 5 shows that there are
several premises that are written exactly the same. The proof
is found in the 100% uniqueness limit column. If there is even
the slightest difference between each pair of texts, then the
similarity score of that pair of texts is below 100%, so the
value for the 100% uniqueness threshold should have been
100% unique.

The graph data also shows that the more the number of
application uses increases, the rarer the exis- tence of a new
unique premise. This happens because in low usage, almost
every premise created is new. How- ever, with continued
usage, similar premises can reappear, thus reducing the
uniqueness rate. At the uniqueness threshold set as 73%, the
uniqueness value in the 50 premise scenario is 60%, the
uniqueness value in the 100 premise scenario is 49%, the
uniqueness value in the 200 premise scenario is 42%, and the
uniqueness value in the 300 premise scenario is 36.667

The decrease in unigqueness percentage can also be
explained by the number of occurrences of each genre in the
test data. There are certain genres that are more likely to
appear than others. For example, genres such as Romance and
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Science Fiction are more likely to appear compared to genres
such as Drama or Comedy. Genre occurrence frequency are
illustrated in Figure 6.

Fig. 6.
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CONCLUSION

Visual Novel game with procedural content made by

Generative Al has been implemented. The level of uniqueness
of the story made by Generative Al based on sentence
similarity is determined by the number of Visual Novel game
usage and the uniqueness tolerance limit number. In using less
than 50 premises, the uniqueness rate tends to be above 60%.
While in the use of more than 300 premises, the uniqueness
rate tends to be below 36.667%.
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