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Ever since break troughs in machine learning and creation of Large Language Machines, interest
in Artificial Intelligences has been on the rise. This thesis looks into what the Artificial
Intelligences and Large Language Models are.

As part of the thesis, a demonstration project was coded, this project used Large Language
Models and Artificial Intelligence to generate a story and an image to accompany the story. The
project was written with python and used remotely hosted Large Language Model and generative
Artificial Intelligence for the image and text generation.

The finished project demonstrates cooperation between Artificial Intelligences and acts as a proof
of concept. Networking Artificial Intelligences to work together in parallel or in sequence can be
beneficial in refining the output into specific form or in increasing overall efficiency of the system.
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1 INTRODUCTION

With the advent of modern Artificial Intelligence and their rise in popularity, it will be possible to
create increasingly complex artificial intelligence solutions. With multiple Artificial Intelligence's
with different specializations working together and complementing each others work, it will be
possible to create more complex and multi-levelled products. This thesis work will look into what
Artificial intelligence is, what are Large Language Models and how multiple Artificial Intelligence's
can work together.

| got the idea for this specific thesis topic while | was doing my practical training where we used
artificial intelligence as a part of the project. In the project we used Large Language Models as
coding assistants in figuring out some errors and problems with the code. This gave me the idea
of doing my thesis work about Large Language Models. | thought of doing a project where the Als
would do something together. Combining this base idea with my own writing hobby, | arrived at
the final idea for the thesis. To use LLMs in a cooperative environment to write short stories ac-

companied by Al generated images.

1.1 Thesis Objectives

The main objective of the thesis is to show multiple Artificial Intelligence's, from now on shortened
to Al, working together. To demonstrate this a story writing program will be coded that uses differ-

ent Als to create a short story and generate an image related to the story.

Primary goals the story writer should be able to accomplish are:
* Have an Al write a story from user prompt
> Story will be the main text body the Al generates from the prompt.
* Have an Al summarize the story into single scene
> The scene will be a short summary of the whole story. It is supposed to explain what the
story is about.
* Have an Al create image from the summarized scene.
> The image generated by the Al will be illustration of the story.

« Show the story and image side by side.



Secondary goals the story writer should be able to accomplish are:
* Have an option to use local run Al to write the story.
* Have an option to use local run Al to summarize the scene.
* Have an option to use local run Al to create the image.
« Option to continue the story by writing a new paragraph and create another image.
+ Option to translate the story from English to Finnish using Al.

* Have an Al tuned text to speech to narrate the story.

The main programming language that will be used is Python supplemented with other languages

as necessary.



2 ARTIFICIAL INTELLIGENCE, WHAT IS Al

Artificial intelligence in its base form is a machine, or software, that is capable of completing tasks
and making decisions to some degree without separate user input. They try to mimic problem
solving capabilities of humans to enable machines to do more complex decisions. Advanced Als
are able to learn from newly gathered and processed data from tasks they perform to make their
answers more accurate. Current artificial intelligences are not capable of abstract thoughts or
improvising solutions. Actions and answers from the artificial intelligence come as responses to
patterns it has learned from the data that was used to train the Al. Therefore, current Al is not
truly intelligent or self-aware, and they are not true artificial intelligences for that reason. (1.)

Al excel at finding patterns in data and utilizing these patterns to find solutions and answers, they
can go through enormous amounts of data in much shorter time than what human worker, or
even multiple workers, would be capable of doing. Properly set up Als are also highly accurate
and reliable in their given tasks, and because they never tire, Als are especially a good fit for

repetitive tasks that require high accuracy over long durations. (2.)

21 Brief History of Al

The concept of artificial intelligence as a serious academic topic dates back to 1940s and 1950s.
Alan Turing wrote a paper on machines simulating humans and being able to think for them-

selves. (3.)

John McCarthy, a young professor at Darthmouth College, organized a summer workshop that
was to be held in the summer of 1956 to develop the ideas behind thinking machines. He chose
the term artificial intelligence to be used for this new field of research. This was the first time the
term Artificial Intelligence was used. In addition to being the first time the term Al was used, the
workshop also produced the first example of an Al. The Logic Theorist was a program created by
three participants of the summer workshop, Allan Newel, Herbert Simon and Cliff Shaw. A pro-

gram that used brute force to find mathematical proof for theorems in Principa Mathematica. (4.)

While initially there was keen interest in possibilities for artificial intelligences, limited real world

applications severely reduced the interest in artificial intelligence. By 1974 Al research entered



the first Al Winter, a term used to describe the times of reduced funding and slowed research
progress in the field of artificial intelligences. The lack of progress drove the investors away to
more pragmatic solutions.

In 1980 expert systems, an artificial intelligence using if-then rule pattern, brought in renewed
interest in artificial intelligence and increases in funding. This Al boom was relatively short lived,
because as early as 1987 the short comings of if-then rule based artificial intelligences and the
lack of hardware technology to support more complex machines became apparent. Research on

artificial intelligences entered the second Al winter. (5.)

In 1994 the progress on computer hardware and memory allowed research on artificial intelli-
gences to pick up speed again. Interest was further boosted when Deep Blue, Al developed by

IBM, beat chess champion Gary Kasparov in a chess game under standard tournament rules. (6.)

The development of artificial intelligences showed steady, albeit slightly slow progress, until 2011.
The introduction of massive data sets, known as big data, and even more powerful hardware in
conjunction with breakthroughs in machine learning and the advent of deep learning, launched Al
development into another boom. These advances made it ultimately possible for AlphaGO, Al

developed by google, to beat Lee Sedol, the world champion of Go at the time, in a game of Go.

(7))

2.2 Modern Al

Modern artificial intelligences are usually a form of Generative Al. These Als are able to take in as
input wide variety of different kinds of data and output new content based on the inputs given.
For example, it is possible to input text into an Al model and it will give you an image as the out-
put data. The three main types of generative Al are Digital Twins, Synthetic data generation and
Large Language Models.

Digital Twins are doubles of real-life systems, they mirror and mimic all the parts of the physical
system and utilize generative and non-generative Al to predict how the given system will behave
and test its functionality.

Synthetic Data Generation creates usable synthetic data that can be used in place of real-world

data. It can fill or expand data sets for machine learning as the data generated follow the same



trends, properties and probabilities as the real data its trained on. These systems are extremely
useful in situation where data privacy would be an issue when using real life data.
Large Language Models are Al algorithms that can utilize extremely huge datasets for their con-

tent generation. There will be more about Large Language Models later in this thesis. (8.)

Modern Als differ from the expert system type Als in that they generate their own abstract rules
as they go through the learning data. Expert systems have clearly defined rules and states that all
have been carefully designed one by one by humans. These systems cannot handle scenarios

outside of their designed environments. (9.)
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3 TYPES OF Al

There are different ways to categorize artificial intelligences theoretically. Two of the most com-

mon ones are separating different types of artificial intelligence, by their capability or functionality.

3.1 Al Types Separated By Capability

Separating artificial intelligence by their capabilities into three different types according to their
capabilities compared to humans.

Artificial Narrow Intelligence, which has a more narrow range of abilities compared to humans.
Artificial General Intelligence, which is artificial intelligence on par with humans. And Superintelli-

gence, which is artificial intelligence that surpasses human capabilities. (10.)

3.1.1  Artificial Narrow Intelligence

Artificial Narrow Intelligence (from now on ANI) is a lower level artificial intelligence which is com-
monly used for specific, and often singular, tasks. They might be more efficient than humans in
their specific field, but lack intelligence in general to be comparable and adaptability to do tasks
outside of their own fields. These artificial intelligences are fed data on their field of work and this
data is used to teach them how to solve the tasks they are responsible for.

All current artificial intelligences belong to this type. Good examples would be most well-known Al

implementations, such as OpenAl ChatGPT or Apples Siri digital assistant. (10.)

3.1.2 Artificial General Intelligence

Artificial General Intelligence (from now on AGI) is artificial intelligence on par with humans with
their capabilities. This kind of Al has the ability to think as humans do, comprehend new concepts
and improvise solutions. Rather than only imitating the human mind, they understand the human
mind. They are capable of wide range of tasks and can learn new tasks on their own as humans
would instead of needing supervised training.

There are no examples of this kind in real life yet, and they live only in pages of fiction. Compan-

ies and government entities are investing a huge amount of resources into being the first ones to
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make AGI a real thing. Different kinds of robotic assistants that would fit this type of Al are com-
mon in media. For example droids from Star Wars universe are capable of doing most jobs hu-

mans could do, but are still generally only on par and not better at them. (10.)

3.1.3 Artificial Superintelligence

Artificial Superintelligence (from now on ASI) is when artificial intelligence goes beyond human
capabilities. ASI is purely a theoretical concept as of now and they will not become a reality for a
long time. They would be able to think faster and solve more complex problems than what hu-
mans would be able to do. ASI would be fully self-aware, with their own desires, emotions and
beliefs they would develop as their ability to comprehend world around them increases.

ASI will surpass humans in most fields and would constantly self improve. In theory it would be
the last invention humans would need to make, because ASI would take over any technological
research and would do it faster and better than humans. ASI are only found in science fiction, and
are almost always contained in some way to reduce their capabilities form their full potential.
Cortana from Halo universe and HAL from 2001: A Space Odyssey are some examples of ASl in

science fiction. (10.)

3.2 Al Types Separated By Functionality

Separating artificial intelligence by their functionality means classifying them by how they use
their learned data, respond to input and react to the environment around them. Als are generally
separated into four different types by functionality, Reactive Machine, Limited Memory, Theory of
Mind and Self-Aware. (11.)

3.21 Reactive Machine Al

Reactive Machine Artificial Intelligence react to input from their environment. They have no
memory or very limited one. Answer only to immediate input and are incapable of learning or
improving. Additionally the inputs they can react to are severely limited further limiting their cap-
abilities. They are highly specialized, only able to do work in the specific tasks they were de-

signed for.
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This kind of Al are good for repetitive, autonomous tasks such as sorting items or recommending

movies based on your watch history. (11.)

3.2.2 Limited Memory Al

Limited Memory Al have a working memory where they can save past events. As such they are
able to observe things over time and react accordingly to events. The events saved in its memory
are used for decision making along with instructions it has learned from its training data sets.

Limited Memory Als can be used to complete wide array of asks and can be used as part of com-

plex implementations as driving a car, like Tesla autopilot, and Al assistants, like Apple Siri. (11.)

3.2.3 Theory of mind Al

Theory of mind Al is the next step in development of artificial intelligences and they do not exist
yet. These Als are able to form an understanding of the world surrounding them and the entities
that inhabit that world. This understanding includes them knowing that the entities in this world
can have their own thoughts, emotions and motives that can affect their behaviour. This enables

them to blend in with humans and seamlessly work together. (11.)

3.24 Self-Aware Al

Self-Aware Al has a sense of self and consciousness. They can think for themselves and have
wants and needs. They also know they have wants and needs and this affects their decision mak-
ing. Self-Aware Als can experience emotions such as frustration and anger for not having their
needs met, or gratefulness and appreciation for receiving help. They know that their actions can

affect others and their emotional states. (11.)
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4 LARGE LANGUAGE MODELS

When most people today think of artificial intelligences, they are thinking of large language mod-
els. These models are able to process datasets containing vast amount of data and find the rela-
tions between different sequential data points. They can use the patterns they learn from these
learned data relationships to create human like content such as images, sentences and sounds.
They can even mimic specific humans or characters. These Als are so convincing in their mimicry
that some people believe they are sentient and first artificial general intelligences. This however,
is not the case, these Als only find relations in data points from their training data and give an-
swers to the input that they have calculated to be the most probable. They do not think, have

opinions or feel emotions. (12.)

41 How do Large Language Models work?

Large Language Models find the relations in the data they are trained on and use that data to
construct their outputs that can be images, text or even sound depending on how the model in
question is meant to be used. The LLMs use the relations they have learned in predicting which
token comes next in the series of tokens given in the input for the LLM. As such, by design they
mimic the ways humans produce text. (13.)

Large Language Models utilize unsupervised learning to find previously unknown relations and
patterns in their unlabelled training datasets. Being able to use unlabelled data also eliminates
one of the biggest problems when it comes to gathering data for Al training.

The data sets used for the training are very large, with the adjustable training parameters often
being counted at billions. It is common practise to include the count of parameters in the name of
the Al model. For example Metas llama-2-7b has been trained with a seven billion training para-
meters and codellama-70b has been trained with 70 billion training parameters.

These parameters include all the weights that the LLM adjusts during its training process, as well
as the biases that are the baselines for the LLM before adjustments. In general, parameter count
can be roughly used to estimate the complexity and processing power of an LLM. Larger para-
meter counts also lead to higher computational power demands. Parameter count is not all that

matters though, a smaller LLM with less parameters, but with more fine-tuned training or more
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advanced algorithms can out perform LLMs with higher parameter counts, but less efficient train-

ing and algorithms. (14.)

411 Tokenization and tokens

Large Language Models, and Atrtificial Intelligence in general, do not work well with text and non
numerical data. Tokenization helps the LLM to more efficiently work with the data it receives or
generates by slicing it into smaller parts, called tokens, and giving these tokens numerical IDs the
LLM can use to recognize them. These IDs are shared between identical tokens and can be
single characters, common sets of characters, whole words, partial words, whole sentences or
phrases. While the length of tokens varies greatly, the average length of a token in general is
roughly four characters. (15.)

There are many different kinds of tokenization algorithms. One such algorithm is byte-pair encod-
ing (BPE), which is used by OpenAl chatGPT-3.5 and GPT-4. BPE as a compression algorithm
was first described in 1994 and later modified and adopted as one of the common choices for
word segmentation tokenizers for LLMs. BPE works by finding frequently appearing characters or
character chains and converting them into a single token. Figure 1 shows an example of how
OpenAl does byte-pair encoding tokenization. (16.)
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Text Lenght: 332 characters, 87 tokens

This is an example of how OpenAl GPT-3.5 and GPT-4 tokenize text.

Many words map to one token, but some don't: indivisible, cartography.
Unicode characters like emojis may be split into many tokens containing
the underlying bytes: [

Sequences of characters commonly found next to each other may be grouped
together: 1234567890

Tokens

This is an example of how OpenAl GPT-3.5 and GPT-4 tokenize text.

Many words map to one token, but some don't: indivisible, cartography.
Unicode characters like emojis may be split into many tokens containing

the underlying bytes: €9996600606¢

Sequences of characters commonly found next to each other may be grouped
together: 1234567890

Token IDs

[2028, 374, 459, 3187, 315, 1268, 5377, 15836, 480, 2898, 12, 18, 13, 20,
323, 480, 2898, 12, 19, 78751, 1495, 627, 8607, 4339, 2472, 311, 832,
4037, 11, 719, 1063, 1541, 956, 25, 3687, 23936, 11, 7558, 5814, 627,
35020, 5885, 1093, 100166, 1253, 387, 6859, 1139, 1690, 11460, 8649, 279,
16940, 5943, 25, 26602, 233, 9468, 237, 119, 9468, 100, 239, 9468, 237,
119, 198, 1542, 45045, 315, 5885, 17037, 1766, 1828, 311, 1855, 1023,
1253, 387, 41141, 3871, 25, 220, 4513, 10961, 16474, 15]

FIGURE 1. Byte-Pair Encoding tokenization example. (17.)

SentencePiece is a slightly more complex tokenizer that supports BPE as its segmentation al-
gorithm. SentencePiece is language agnostic and treats all input text as plain Unicode characters
and white spaces as just another symbol. Converting all white spaces into a “_" (U+2581) symbol.
This allows it to process languages that do not use white spaces to separate words as well as
ones that do. (18; 19; 20;)

41.2 How does Large Language Model remember things?

LLMs do not remember things as humans do, their memory consists of the prompt that is input
into it and this is in general the whole context they will be working with when generating an an-
swer. For example chatbots, like OpenAl ChatGPT, have the whole conversation placed into the
prompt each time the user sends a message to them. This forms an illusion of memory for the
user and makes the chatbot seem more intelligent, as it can reverence older messages. In long

conversations the chatbot will start to forget things that were first discussed. This happens be-
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cause the LLM removes the first tokens to enter the conversation when its token limit is reached.
After the LLM starts to forget things its performance drops drastically and it could be said it has
reached the end of its life cycle. (21.)

There are some different ways to work around or improve the short memory problem LLMs suffer
from. One example of trying to fix the problem is the method created by a team from Massachu-
setts Institute of Technology by researching the core reason Als start to forget topics, which led to
applying improved practises into handling the deletion of tokens. They named this approach
StreamingLLM. It works by keeping the attention sink of four first tokens and deleting the token
following them while holding on to the same key values. So after fifth token is deleted, the sixth
token will be fifth in the line but will still be labelled as the sixth token. This considerably increases

the lifespan of the model before memory issues becomes a problem again. (22; 23;)

41.3 Prompts and Prompt engineering

Prompt is what the input for an LLM is called. The prompt includes all the details and parameters
the LLM needs to process an answer. The input prompt body is usually in text format, but can

also include images, video and audio. (24.)

Prompt engineering is the practise of improving and fine tuning the prompts itself to make the
LLM being prompted to behave in desired manner. Making even small slight changes to the
prompt can drastically alter the output of the LLM, as such the quality of the prompt is directly
related to the quality of the responses. There are many different kinds of prompting techniques
that have been developed as a result of prompt engineering evolving further.

Some examples are Zero-Shot Prompting and Few-Shot Prompting. Zero-Shot prompting offers
more data inside the prompt, that has been fine tuned for specific tasks, removing the need for
extensive training data for the model. Few-Shot Prompting provides the model examples of input
and output pairs which can help the model to understand the logic behind the prompt. (25; 26;
27;)
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4.2 Multimodal Large Language Models, image and sound generation

Large Language Models are by design good at processing languages in text format. They encode
and tokenize text into usable data and generate answers from the received input prompts by de-
coding the tokenized data according to their predictions.

When Large Language Models ability to process data is expanded to include audio or visual data,
or both, in addition to text data, it becomes multimodal. Multimodal Large Language Models have
more complex encoder-decoders, which have the ability to work with text as well as with vision or
audio data, and a some type of modality interface that acts as the connection between the LLM
and the non-text format data. These modality interfaces can in general be separated into two
groups, token-level and feature-level, depending on how they handle the merging of data into
LLM usable format. Token-level interface takes the tokens output by the encoder and concaten-
ates them with the text tokens. Feature-level interface adds special modules that allow interac-

tions between the text and visual features. (28.)

4.3 Different ways to utilize Large Language Models

Large Language Models have a wide variety of uses in many fields. They can be utilized in some
way for almost anything where it is possible to gather large enough dataset to train one. As such

LLMs see use in diverse field of different industries and in personal use.

Some example use cases for Large Language Models:
e Chatbots
o Chatbots like OpenAl ChatGPT are one of the most prolific use cases for LLMs. As
shown in the figure 2, they can hold conversations and mimic human interactions like

answering questions. (29.)
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What are you?

@ | am ChatGPT, an Al language model developed by OpenAl, designed to assist with generating

human-like text based on user input.
What is openAl?

@ OpenAl is a research organization dedicated to developing and promoting safe and beneficial

artificial intelligence (Al) technologies.

P o P

hatGPT can make mistakes. Check important info

FIGURE 2. Example conversation with ChatGPT.

e Coding Assistants
o LLMs can be fine tuned to assist developers with coding tasks. (30.)
e Translations
o LLMs can be leveraged to improve translation tools, even in real time. (31.)
e Customer support and service
o LLM powered chatbots can be used as a first step in customer support and services.
(32))
e Understanding and summarizing audio
o LLMs with audio recognition can be used to summarize and edit audio. (33.)
o Database Management
o LLMs can find use as Database Administrators to automate tedious tasks and help
ease the access into the database. (34.)
o Disease outbreak tracking
o Using LLMs to analyse and process articles in multiple languages to detect progress
and spread of disease outbreaks. (35.)
e Fraud detection
o LLMs can be used to assist in different kinds of fraud detection in the financial sector.
(36.)
e Learning languages

o Duolingo uses LLM powered Al to assist in creation of language lessons. (37.)
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e Recommendation algorithms
o Amazon has integrated LLM into their recommendation algorithm to better analyse
the preferences of users to make their recommendations more personal and accur-
ate. (38.)

44  What made Large Language Models possible

The three main factors that made development of Large Language Models possible were the
availability of data, computing power and advancements in Al algorithms.

LLMs need huge amounts of data for their training sets. Training data was not conveniently avail-
able in the past, there was no sufficiently large and diverse data sets that could be used for train-
ing the LLMs. With the explosive growth of available data through the internet and storage op-
tions being more varied and spacious than ever, gathering sufficient training data has been sim-
plified a lot.

LLMs require a lot of computing power for their training, operation and fine-tuning. The amount of
time it takes to train a LLM model could easily take years before which now would be completed
in fraction of the time. With advances in computing technology and advent of cloud computing,
the resources to research, train and run LLMs has become widely available to developers.
Advancements in Al algorithms paved way for the creation of the transformer architecture model,
which could be considered a breakthrough moment in LLM development. Transformer model is
the basis of most modern LLMs. (39; 40;)
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5 STORY WRITER DESIGN

The story writer will have three Als working together to create a multi-page story from prompt
given by the user. First Al will write a story based on the prompt, this story is given to another Al
to write a summary. The summary will be then used by yet another Al to create an image. The
story and the image will be shown to the user in book style format. With the story being on the left
page and image showing up on the right page. There will also be a possibility to continue the

story based on the already generated story. Text-to-speech can be used to narrate the story.

5.1 Story text and summary

Story generation and summary functions will be separated to their own python file, which will be
imported into the main program and called from there. Prompt parameters will be restricted so
that the resource usage will not be too high and the LLMs can function within the free preview
allowance.

The story text generation function will accept the prompt as an input, as well as integer value for
customizing the random seed used to generate the answers by the LLM. After generating the
story text, the function will set it as the text inside a textbox on the left side of the current page
and forward the text to the summary function.

The summary function will take the full story text and summarize it using the connection to the
LLM. After the summary has been created, it will be used as input for the image generation Al.
This summary will not be visible to the user and is only used to create the image related to the
generated story. The summary function will share the random seed with the story generation

function.

5.2 Image Generation

The image generation function will be separated into its own python file as well. The image gener-
ation function will take the summary created by summary function as input and use it to generate
an image. Generated image size will be set to lower size to fit the program screen and to save on

resources. After generating the image, it will be saved inside the directory of the program. The
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image will be set to the right side of the current page. The same random number seed which the

text generation functions use will be used for the image generation function.

5.3 User interface

The user interface will roughly mimic a book, having the pages in the middle and the controls
above and below the pages itself. The controls for input and initiating the story generation will be
below the pages itself, as well as the controls for browsing the pages and starting narration. The

overall plan for the user interface is shown in the figure 3 below.

Top bar with save button

Story Text Box Image Box

Story Generation and Page Controls

FIGURE 3. User interface design plan
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6 STORY WRITER IMPLEMENTATION

Starting the practical part of the project, first step was to research and plan what kind of tools
would be used in it. Once the tools were mostly planned out, the actual coding and development
part was separated into three. The first part would be the development of the story text and sum-
mary generator. The second part would be the image generation and the last part would be cre-
ation of user interface and polishing, making sure all the parts worked together.

For the tools used in the project, python will be the main programming language. Pythons Tkinter
library will be used to create the user interface for the program.

Llama-2-7b, created by Meta, was chosen for the story generation and summarization. This
model is hosted on replicate and will be accessed remotely. The main reason for choosing this
model was its availability. Story generator and the summarization could operate within the free
limit of the model so there would be no risk of any sudden problems with losing access to the
LLM.

StabilityAl will be used to generate the image to accompany the story. It is hosted on Stability’s
own site and will also be accessed remotely. They offer limited free credit for image generation
which should be enough to last till the end of the project if used correctly.

At first gTTS python library was chosen to handle the text-to-speech narration, but it was later
changed to Pyttsx3. The reason was that gTTS would have had to save the narration to a file
before it would have been able to be played. Pyttsx3 is able to handle the conversion of the story
text into speech and playing the narration with no extra libraries needed for playing sounds. The

project itself will be hosted in GitHub.

6.1 Story text and summary

The connection to the LLM model that handles the story generation and summarization is
handled by API call. As both the story and summary functions use the same model but in separ-
ate calls, only one API key was needed. This api key is hidden inside a “.env” file and the text
generation will not run without it. A simple dummy page was created using Tkinter for purpose of
testing the LLM text generation.

Write story function would use the prompt given by the user as part of the prompt sent to the

StoryAl. The prompt consists of the prompt body as well as the instructions used to set up the
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LLM for its role as a storyteller and the max token count. Tokens were restricted to 300 in the
prompt and given a maximum new token limit of 350 to ensure that the model does not encounter
memory limits and because the 300 token answers were just long enough to fit on one page of
the virtual book. The prompt also contains temperature and repetition penalty parameters. Tem-
perature is the randomness of the models output, the higher it is the more diverse the answers
will be over multiple generations. Repetition penalty penalizes the model for repeating tokens and
makes it consider using different ones. After some testing both of these were left at one for the
story writer. Once the function receives an answer from the API, it will loop through it and turn it
into a single string, store it into a variable and set it as the story shown on the current page. After
all this is done, the function automatically sends the story forward to the summary function. Story

generation functions work flow is shown below in figure 4.

Remote LLM
Llama2 7b generates the story

Story Story
Prompt Text
User input Story text sent to

ﬁ Story Generation summary function

Function %

Story text set as the visible story&

Story Writer

FIGURE 4. Story generation function work flow.

The summary function will use the story as body of the prompt and asks the LLM to describe a
single photo based on the story. As the shortened story is only used once for the image genera-
tion and not shown anywhere, there is no need to set a token limit for it. Otherwise this summariz-
ation uses only the default settings for the prompt and the API call works the same as with the
story generation. The summary function then saves the photo description into a variable and

sends it to the image generation function. The workflow of the function is shown in figure 5.
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Remote LLM
Llama2 7b summarizes the story

Story Summarized
Prompt Story
Input from

story generation S Summary sent to
function a umma ry Image generation

function f“_)

FIGURE 5. Summary function work flow.

6.2 Image Generation

Image generation function connects to StabilityAl through their gRPC API. The api key for Stabil-
ityAl is also hidden in the “.env” file and is required for the image generation to work.

Image generation function receives the summarized story from the summary function and uses it
as the prompt text for the StabilityAl. The other parameters included in the prompt are seed,
steps, cfg_scale, width, height, samples and sampler. All generated images use the seed 42 un-
less overwritten by the user through the user interface seed text box. Width and height are the
size of the image in pixels, they are both set to 512 as this works well with the page layout of the
story writer. Steps controls the number of inference steps taken, each inference step denoises
the generated image increasing detail. Steps is set to 20 as for the purposes of this project that is
more than enough. Cfg_scale controls how tightly the Al tries to stick to the prompt given, its left
to default value of seven as that seemed to give most consistent results after testing. Samples is
the number of images generated, the story needs only one image per page so its set to one.
Sampler does the denoising of the image after generation, its left to default value for this project.
After generating the image there is a chance that the image triggers StabilityAls safety filters, if

this happens, the function handles the error and defaults to old image.
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After successful image generation, the image is saved into the root directory of the story writer
and set as the current image shown. This image generation is the last step in the work cycle the

story writer does when the story generation is ran as shown below in the figure 6.

Llama2 Llama2 Stability Al
AN , AN .
API call Receive API call Receive API call Receive
to LLM story to LLM summary 0 Al image
v Story to summary v Summary to
Story Generation | function Summary | image function a Image Generation
Function ? Function Function
Story to
story writer
\ Image to
Prompt to i story writer
story generation Story Writer

| Prompt input form user

FIGURE 6. Full cycle of story generation from user input to image generation.
6.3 User Interface

The user interface was made with Tkinter python library. Using grid layout it was a relatively
simple task to arrange the story text, image and the controls into roughly book like arrangement.
At this stage text-to-speech was also added as an option for narrating the story out loud. Imple-
menting pyttsx3 was straight forward as there was no need to use other libraries to play the nar-
ration. It turns the story string straight into voice and saves it into a variable.

Buttons for navigation was added and with them an option to generate more pages and the pos-
sibility to save the generated story into a folder. The navigation works by saving the whole story
into a dictionary, from where the relevant text and image pairs are accessed by index and then
placed as the shown pair. Saving will loop through the dictionary saving all the story text into a
single txt file. Extra images are automatically saved into the folder as they are generated.
Sun-Valley-ttk theme was used to make the Tkinter theme more eye friendly. The theme gets set

at the start and an option to toggle between dark and light mode was added.
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6.4  Testing

Testing in the project was mainly done manually as unit testing. Each part was tested separately
on their own before integrating into the main project. This made it easy to track errors and fix
them. There were some problems that came up with the story Al, image Al and text-to-speech
narration, but mostly the development went smoothly.

Llama2-7b which was used for the story text generation proved to be insistent in adding a short
confirmation to the start of each generated story.

Stability-sdk which was the development kit for the image generation Al had not been updated to
the last version of python, which caused quite a bit of headache before the correct python version
was found.

GTTS was first used for the narration, it uses google translates text-to-speech to create a sound-
file of the target text which was then saved into the root folder. This method needed a separate
library to play the sound file. This caused file type errors and was in general slow. It was ulti-

mately decided that it was too troublesome and the narration was switched to use pyttsx3.
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7 RESULTS

The finished project works as intended. It is capable of creating a short story based on the input
prompt form the user and create an image to accompany the generated story. Figure 7 shows
how the finished project looks like after generating a story with the prompt “Bee”. The story is
randomized, so every time the generate button is pressed there will be a new different story

shown even with the same prompt words.

Story seed Scene picture v Toggle Theme

Tell me a story about... Bee Generate Continue Narrate Previous page Next page

FIGURE 7. Image of the whole project with story and image generated with the word “Bee”.

User writes a prompt into the text input field and presses generate button which starts the story

generation. Shown below in the figure 8 are the generation controls.

Tell me a story about... Generate Continue

FIGURE 8. Prompt text field, generate and continue buttons.
The story writer will generate a story based on the prompt text. This takes a moment as the con-

nection is made to the Als and the story and story image are received. Figure 9 shows a story

generated for the prompt “a round bee”.
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I'd be happy to help! Here's - ; about a round b

Once upon a time, in a sunny meadow,

. Buzz was different from

names like

FIGURE 9. An example story with prompt text “a round bee”.
Once the story text has been generated an image will be created based on the summarized ver-

sion of the story. They are then shown to the user at the same time. Figure 10 shows an example

picture generated for a story about round bees.
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FIGURE 10. An example image generated from the story with the prompt “a round bee”.

After the first page has been generated, user can create more pages using the continue button.
User can browse the pages using the pages controls and narrate any page they want. Its possible
to choose the story seed in case the user does not want to use randomized seed. Close up of

these controls shown in the figure 11 below.

Narrate Previous page Next page

FIGURE 11. Narration and page controls.
Selecting specific seed for use for the story generation is possible and the option to save the

generated story to a file. Theme can be toggled between light and dark. These controls are

shown in the figure 12.
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Scene picture Save Toggle Theme

FIGURE 12. Top control bar with fields for random number generator seed, save and toggle

theme bulttons.

The stories that are generated vary widely in quality. Some are good or decent, but others have a
hard time focusing on the initial story line and might change the subject of the story mid way or
have slightly incoherent story structure. Sometimes the stories also get cut short when the LLM
for some reason ignores the token limit in its instructions and hits the hard limit set in the para-
meters. As part of the response generated the LLM would add an introductory sentence acknow-
ledging the user and confirming what the story will be about and sometimes it would also add an
ending line hoping the user liked the generated story. There were attempts to stop the generation
with prompt engineering and attempts to remove these parts from the final text string through
code. But due to the randomized and unpredictable nature of these lines, it was hard to detect
them correctly for deletion or stop the LLM from generating them. In the end, they were left in as it
is.

The image generation manages to create images that most of the time are related to the story.
However rarely it creates images that are only partially related to the story or only related to a
small part of the overall story. A story about bees might have an image of a dog because in one
sentence a dog was mentioned and the summarizing function elevated that sentence into more
prominent role.

Continuing the story often holds the context only for a few pages. Minor details lost context after
just a few pages and things like the protagonist being a fish might be lost and then in the later
pages the protagonist might be a human or a dog.

From secondary goals, only the option to continue the story was completed in full and the option
to narrate the story was partially completed. Other secondary goals were not completed. The
option to narrate the story was completed without using Al and it is just generic text-to-speech
instead of Al tuned voice. Plan to use local large language models for parts of the project was
discarded after the initial research into large language models due to lack of memory and hard-
ware required to smoothly operate them fast enough. While focusing on the other parts of the
project the time passed faster than expected and the Al translation was discarded from the goal
list. Overall the project was a success as all the primary goals were completed and the project

functions as planned.
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8 CONCLUSIONS

The main goal of this project was to demonstrate multiple Als working together writing a short
story. To showcase this, a program was created that used Large Language Models to generate a
story and generative Al to create an image to accompany the story. This project has shown that
even a generic LLM that has not been fine-tuned, can generate stories to some degree. A LLM
that has been fine-tuned to understand and focus on story generation should be able to fare bet-
ter.

Further development points for this project would be changing the story generation LLM to a lar-
ger more powerful model that has larger context window and has been fine tuned for story gener-
ation. This would enable the story writer to create more complex stories. The summarizing LLM
should be fine tuned to create scenic summaries to improve the prompts sent to the image gener-
ation Al. The image generation Al could be trained on specific style of art to make it create more
storybook like illustrations.

As a part of further study into cooperation between Als, a project could be made where Al recog -
nizes sound and speech, and turns it into compatible data for other Als to caption and create
images based on the sounds or speech. This could improve accessibility to some types of media
for people with hearing difficulties. Another idea could be to make the Als play a simulated game
of logistics to form supply chains with goal of ensuring that they all have the parts they need to
produce their products and move them further along the line while some of them would be com-
peting for the same packets.

Linking up multiple Als to work together is viable strategy depending on what is the intended use.
Working this way can offload the work into multiple parts that can be worked on in tandem or
parallel by multiple specialized Als to improve the results. Improvements in memory and pro-
cessing power will allow Als to be employed in more ways. Al powered solutions can be packed
into smaller setups while not compromising the speed required for comfortable use.

While outside the scope of this thesis work, some additional topics came up during the work pro-
cess. One of such topics was about the data required for training different kinds of Als. This data
is readily available in the internet, however many users have not given their consent on using
their created content for training Als or are not even aware that such thing could happen. This is
prevalent in Als that specialize in image generation. Social media and image hosting sites where

artists post their works are often used as sources for image data sets that are then used to train
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Als. Likewise, any chat logs, public messages or other posts in the internet can be used for Al
training without the knowledge of the original authors.

Another was the ethicality of using image generating Als as part of different kinds of projects. For
free and hobby projects there would not be much issue, but for professional works where these
Als would take illustration jobs from actual artists and when these Als are often trained for free on
the artistic content posted by artists online. It becomes a much more problematic question.

While this project does not have practical use outside of its own intended use, parts of it could be
modified for other projects. The code for Llama API calls could easily be modified for other uses
and to use different Llama models. The Ul itself could be repurposed to serve as general LLM
interface with minimal effort. The whole project also serves as one example of how different kinds
of artificial intelligences could work together.

LLMs and Als are still showing a lot of potential and more ways to utilize them are constantly

found as more complex models become available for people to use.
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