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This paper examines the ability to use Stable Diffusion's diffusion models to get state-of-the-art
synthesis results on image data and other types of data. Also, a guiding interface can be used
to control the process of making images by converting text to images and image to image. But
because these models usually work directly in pixel space, optimizing strong DMs often needs
more GPU VRAM to run. Using Stable Diffusion and diffusion models on local hardware like
this lets more information and depth be added while generating images, which greatly improves
the quality detail of the image. By combining diffusion models to model architecture, | have
made diffusion models into powerful and flexible producers for general conditioning inputs,
such as when using XL-XDXL 1.0 and LoRA models. Overall, the paper highlights how a
normal person can run their own Midjourney like Al image generation with the help of machine

learning and generative Al.
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Introduction

The operating concept of Stable Diffusion
occurs by using the capabilities of a deep
learning model to generate images based on
textual descriptions. The primary mechanism
employed is a diffusion process, wherein an
image undergoes a transformation from a state
of random noise to a state of coherence
through a sequence of processing stages. The
model undergoes training in order to
effectively direct and control each stage of the
process, ultimately overseeing the complete
progression from initiation to conclusion, in
accordance with the given textual prompt. The
fundamental concept underlying Stable
Diffusion involves the transformation of
randomly generated elements, specifically
noise, into a visual representation. The model
initiates the procedure by introducing a
substantial amount of random noise, akin to
the colorized rendition of the white noise
observed on a screen lacking signal. This
noise is thereafter iteratively corrected, under
the impact of the provided text prompt,
resulting in the emergence of a recognizable
image. The process of refining is conducted in
a systematic manner, gradually reducing the

presence of noise and enhancing the level of
detail until a result of higher resolution is
obtained. The starting point of the diffusion
process is important in determining the
primary elements that constitute the image,
while further modifications to keywords have
a limited impact on smaller sections. This
underscores the importance of meticulous
consideration of keyword weighting and
timing in order to get the ideal result.

2 Background

The background of the project is
understanding deep machine learning text-to-
image or image-to-image generation using an
open-source Al model and generating image
local hardware for deployment ready for
personal or commercial use. The main project
focus is on running on a local personal
machine to generate images with the help of
machine learning and the Al tool Stable
Diffusion. By using the hardware power of
local use cases, greatly increases as more
control is there during the generative process.
The whole process required a high-end GPU
for the generative machine deep learning
process.
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The scope of the project is to generate a

Midjourney level of image generation process

on own personal hardware for learning how

machine learning and Al in general work

during their generative processing. In the

future, | believe it could be deployed as a

service similar to Midjourney.

The objectives of the project are:

- stable Diffusion and its use cases

- setup Stable Diffusion in a private secure
environment (Personal Computer)

- learn and implement Text to Image and
Image to Image.

- use Diffusion models to generate images.

3 Literature Review

In the realm of empowering local image
generation, the integration of stable diffusion
techniques holds significant promise for
advancing machine learning and artificial
intelligence (Al) capabilities. Ahamed et al.
[1] underscore the importance of cultivating
proactive attitudes towards cybersecurity,
emphasizing the need for robust cybersecurity
measures in the era of the 4.0 Industrial
Revolution. This emphasis on a proactive
mindset aligns with the proactive approach
required in developing stable diffusion
methods, which are essential for generating
high-quality images at the local level.
Furthermore, Karim, Vyas, and Kabir [2] shed
light on the legal challenges in regulating
emerging technologies such as digital twins,
highlighting the necessity for legal
frameworks to adapt to technological
advancements. Similarly, in the realm of local
image generation, legal considerations
regarding data usage and intellectual property
rights are crucial for ensuring ethical and legal

compliance. Additionally, Polas et al.
[3]explore  the  behaviors of  rural
entrepreneurs towards green innovation,

indicating the importance of community
engagement and empowerment in driving
sustainable development initiatives. This
community-centric approach resonates with
the concept of empowering local image
generation, as it emphasizes the involvement
of local communities in shaping and utilizing
Al technologies for their benefit. By

leveraging insights from Mia, Kabir, and
Abdullah [4] regarding the psychological
impact of global crises on digital behaviors,
such as increased reliance on social media, Al
researchers can better understand the evolving
needs and preferences of local communities
when developing image generation solutions.
In sum, by integrating insights from
cybersecurity awareness, legal challenges,
rural entrepreneurship, and psychological
impacts, Al researchers can harness stable
diffusion techniques to empower local image
generation effectively, thereby advancing the
capabilities of machine learning and Al in
addressing local needs and challenges.

In addition to the aforementioned
contributions, Kabir et al. [5] delve into the
development of a network design tailored for
smart airports utilizing Cisco Packet Tracer.
This study underscores the practical
application of technological solutions in
enhancing infrastructure  for  efficient
operations, a facet crucial for local image
generation initiatives. Moreover, Polas et al.
[6] explore blockchain technology as a
transformative force for green innovation,
particularly in fostering green
entrepreneurship and economic sustainability.
The integration of blockchain in local image
generation endeavors could potentially
enhance transparency and security in image
data management, aligning with the
overarching goal of sustainable development.
Furthermore, Kabir, Akter, and Mitra [7]
investigate methods for detecting students'
engagement in online learning environments
during the COVID-19 pandemic, highlighting
the relevance of remote education strategies in
shaping future workforce capabilities,
including those involved in image generation
technologies. Similarly, Kabir et al. [8] and
Kabir, Ahmed, and Karim [9] contribute
insights into the application of Al and data
analytics techniques, such as face-mask
detection and sentiment analysis, which could
be leveraged in refining image generation
algorithms and enhancing user experiences.
Additionally, the study by Ahmed Imran
Kabir et al. [10] emphasizes the power of
social media analytics, aligning with the
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broader theme of understanding digital
behaviors and preferences, which could
inform strategies for disseminating locally
generated images effectively. By integrating
findings from these diverse studies,
researchers can adopt a holistic approach
towards empowering local image generation,
leveraging technological innovations, legal
frameworks, educational strategies, and
community engagement initiatives to address
local needs and challenges effectively.

Stable Diffusion is a text-to-image and image
to image model that use deep learning
techniques in the year 2022. It is built upon the
foundations of diffusion methods. The main
application of this technology is to produce
intricate visual representations based on
textual descriptions. However, it can also be
utilized for other purposes like as filling in
missing parts of an image, creating new
content beyond the original image boundaries,
and generating image transformations based
on a given text instruction [11]. The
computational resources necessary for the
project were generously provided by Stability
Al, while the training data utilized in the
system's training process was sourced from
various non-profit organizations.

Stable Diffusion latent diffusion model is a
deep generative artificial neural network. The
code and model weights of the system have
been made publicly available. It can run with
personal hardware that is equipped with a
NVIDIA GPU, with a minimum of 8 GB
VRAM. This development represents a
significant deviation from prior proprietary
text-to-image models like DALL-E and
Midjourney,  which  were  exclusively
accessible through cloud-based services [12].

Image Generation

The initial efforts to employ Atrtificial
Intelligence for generating comprehensible
and innovative content based on human cues
may be historically attributed to the 1950s.
During this period, a group of researchers at
the Artificial Intelligence Laboratory of
Massachusetts  Institute of Technology
developed a program known as ELIZA.
ELIZA demonstrated the capability to

produce rudimentary replies to textual input
by employing pattern matching and
techniques of natural language processing.
Although not traditionally classified as art,
ELIZA served as an early instance of Text-to-
Text technology, wherein software was
capable of producing novel textual output
with the purpose of being comprehended by
human users. A significant work of art
generated by artificial intelligence emerged in
the 1970s with the introduction of AARON, a
program created by artist Harold Cohen.
AARON was an advanced computer program
with the ability to generate intricate drawings
and paintings. AARON employed a
prescribed set of rules and limitations to
generate its artistic creations and illustrated
the capacity to enhance its performance by
self-learning from its previous outputs.

During the 1980s and 1990s, there was a
notable progression in Al technology, which
therefore led to the emergence of increasingly
intricate and refined Al-generated art. An
example of this is the work conducted by Karl
Sims, who employed evolutionary algorithms
to produce distinctive three-dimensional
visuals and animations. In recent times, the
emergence of deep learning has resulted in the
production of increasingly lifelike outcomes.
Consequently, there has been a growing
interest in Al-generated art from both the art
community and the general populace. In 2015,
A research team at Google employed deep
learning methodologies to train a neural
network using a dataset including more than
10,000 paintings. The primary objective of
this endeavor was to generate novel pieces of
artwork based on input images. The program
that emerged, referred to as DeepDream,
demonstrated the capability to generate
aesthetically captivating and strange visuals
based on input photos (Image-to-Image). An
additional noteworthy instance pertains to the
artistic endeavors of a Parisian art collective
known as "Obvious," wherein they produced
a portrait through the use of software. This
particular artwork achieved a substantial sale
price of more than $432,000 during a
Christie's auction in the year 2018 [13].
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Stable Diffusion & OpenAl DALL-E

The year 2020 witnessed a significant
advancement in Text-to-Text capabilities
through the introduction of the third iteration
of the Generative Pretrained Transformer
(GPT-3) by OpenAl, a privately-owned
research organization. The GPT-3 model
represents a significant progression in the
realm of Text-to-Text models, demonstrating
enhanced versatility and the ability to produce
highly coherent text in response to a wide
range of prompts in natural language. The
achievement was facilitated by the substantial
scale of the model, with 175 billion
parameters, surpassing the magnitude of any
previously developed comparable model. The
extensive range of parameters enabled GPT-3
to effectively understand and perform
language-related activities that were not
specifically included in its training, thereby
marking the advent of the Large Language
Models era. These models experience the
capacity to produce text of superior quality
that closely resembles human language. This
attribute renders them suitable for a wide
range of applications, such as machine
translation, text summarization, and creative
writing. The success of GPT-3 has resulted in
the emergence of CLIP, a further pioneering
model developed by OpenAl, with the
specific objective of establishing connections
between textual and visual content. The CLIP
(Contrastive Language—Image Pretraining)
model is a versatile image-text model that has
been trained on a vast dataset of 400 million
text-image pairs sourced from the internet.
This extensive training enables CLIP to
effectively classify images based on any label
provided by the user. Additionally, it has the
capability to produce textual descriptions that
precisely depict any given input image, a
process commonly referred to as Image-to-
Text. OpenAl has launched DALL-E as a
result of these advancements, enabling the
generation of visually compelling images
based on textual descriptions (Text-to-Image).
Although DALL-E continues to be a
proprietary and closed-source software, the
code for CLIP has been made available as
open-source. The development and training of

Stable Diffusion, an open-source Text-to-
Image model with performance comparable to
DALL-E, was made possible by artificial
intelligence business Stability Al The
software known as Stable Diffusion was made
available to the public under a permissive
license that grants permission for both
commercial and non-commercial utilization.
Despite its significance as a notable
technological advancement, both CLIP and
the Text-to-Image systems that rely on it give
rise to significant ethical and societal
considerations. The utilization of large-scale,
unselective internet data in the training of
CLIP has led to its inclination to perpetuate
biased and unjust preconceptions that exist
throughout culture and society. Furthermore,
legal professionals have raised concerns
regarding the potential infringement of
protected works by CLIP. These technologies
also possess the capacity to be utilized for
malicious intentions, such as fabricating false
news or disseminating inaccurate information.
Diffusion models have had a notable increase
in adoption in recent years due to their
inherent generative aspect. This trend can be
attributed to their numerous advantageous
characteristics. Several influential articles
published in the 2020s have demonstrated the
outstanding capabilities of Diffusion models,
incorporating their ability to compete with
Generative Adversarial Networks (GANS) in
the field of image generation. Recently,
Diffusion Models have been discovered being
utilized in DALL-E 2, a model developed by
Open Al for generating images.

4 Research Methodology

This research focuses on the generative
modeling of latent representations. By using
skilled perceptual compression models, which
are made up of an encoder (E) and a decoder
(D), it was able to access a latent space that
was effective and had fewer dimensions. In
this latent space, intricate details that are
invisible to human senses, particularly those
pertaining to high frequencies, are condensed
and removed (Figure 1). In contrast to the
high-dimensional pixel space, this alternative
space is better suited for likelihood-based
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generative models. This is because these
models can now prioritize the significant
semantic aspects of the data and train in a
lower-dimensional ~ space,  which is
computationally more efficient.
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Fig. 1. Latent space [12]

This encompasses the capability to construct
the foundational UNet architecture primarily
utilizing 2D convolutional layers.
Additionally, it involves emphasizing the
most perceptually significant components of
the objective through the utilization of the
reweighted bound. The neural architecture,
denoted in the model, is implemented as a
time conditional UNet. Given that the forward
process is predetermined, the value of zt may
be effectively derived from E during the
training phase. Additionally, samples from the
distribution p(z) can be decoded into image
space by making a single pass-through D.

Diffusion Model Image Generation

Every image generated through the use of
Stable Diffusion displays a unique and
distinctive characteristic. However, the
differences observed in every image can vary
considerably, ranging from highly dramatic to
barely noticeable.

Fig. 2. From Diffusion Model imége
generation from noise.

@
N—

The generations viewed from above look
distinctive in some areas of the rendering but
are mostly identical (Figure 2). If one
continues to regard them as distinct, then each
Stable Diffusion Al-generated image will
likely be found unique. The probability of
producing the same Al-generated image in
Stable Diffusion by a different individual is
significantly minimal. The framework behind
this characteristic can be linked to the
presence of variables. In order to generate an
Al image, there are several variables to select
from for processing. A Diffusion Model latent
variable model utilizes a fixed Markov chain
to map the latent space. The purpose of this
chain is to introduce noise to the data in a step-
by-step  manner, with the aim of
approximating the posterior distribution
q(x1:T|x0). Here, xI,...,xT represent the
latent variables, which possess the same
dimensionality as x0. The provided diagram
from Figure 3 illustrates the representation of
a Markov chain specifically designed for
image data [14]. The image undergoes an
asymptotic transformation, resulting in the
manifestation of pure Gaussian noise. The
objective of training a diffusion model is to
acquire knowledge of the inverse procedure
(Figure 4) [15].

skip connection concat
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Fig. 4: From image generation to diffusion noise.

Model Checkpoint

The Stable Diffusion checkpoint merger is a
recently developed feature implemented in
Stable Diffusion, which enables users to setup
many combinations utilizing  different
modeling techniques with the objective to
enhance the quality of their Al-generated
images. This feature enables the merging of
up to three models, including models that have
been trained by the user. After combining our
ideal scenario checkpoints, the output of the
merger will be generated and stored in the
allocated checkpoint directory.

Similar to the Stable Diffusion prompt matrix,
the Stable Diffusion checkpoint merger
facilitates the production of Al-generated
images that possess a high degree of visual
realism, catering to the specific artistic
requirements of individuals. This is achieved
through  the  combination of many
checkpoints, enabling the creation of desired
images with precision and accuracy. While
Stable Diffusion models have been
extensively trained on various aspects of
image production, it is important to
acknowledge that they possess certain
limitations. This is the rationale for the
necessity of integrating several models,
including individuals who have trained
models, for the purpose to produce the
intended visuals.

One viable approach for combining two
Stable Diffusion checkpoints and doing
individual model training is to utilize one of
the existing third-party interfaces. Stability Al
does not officially approve or advocate for

any of these interfaces, or the custom models
derived from them. Therefore, the process of
determining their efficacy will necessitate a
trial-and-error  approach. At  present,
AUTOMATIC1111 stands as one of the most
often favored options.

Prompt Matrix

The Stable Diffusion Prompt Matrix is an
additional feature incorporated into the Stable
Diffusion technology. Its purpose is to
enhance the generation of Al images by
enabling users to combine many text prompts
during the image creation process. For the
process to effectively merge the prompts into
one, it is necessary to inform Stable Diffusion
of the specific prompts that you wish to utilize
within the Prompt Matrix.

While both the Prompt Matrix and Stable
Diffusion Checkpoint Merger serve the
purpose of integrating essential components
required for image production, it is important
to note that they possess distinct
characteristics. Hence, it is imperative to
comprehend the distinctions among these
functions and their potential synergistic
utilization for enhancing the quality of Al-
generated images. The utilization of the
Prompt Matrix facilitates the simultaneous
testing of diverse styles by enabling the
combination of multiple prompts to augment
the visual representation of images. By
utilizing this method, users will be able to
optimize their time distribution, allowing for
increased productivity in generating images
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for both research purposes and business
clients.

The concept of stable diffusion refers to the
process of a substance or entity spreading or
dispersing in a consistent and predictable
manner throughout time. The Prompt Matrix
facilitates the identification of discrepancies
that arise from modifying strings, parameters,
and spells across different styles. To achieve
optimal stability in Diffusion, the user needs
to experiment with different techniques with
the Prompt Matrix until the appropriate mix of
prompts is attained.

Given the multitude of variables containing
multiple possibilities, the probability of an
individual selecting similar options across
every parameter is extremely low or
nonexistent. However, when selecting to rely
on a specifically trained checkpoint or model,
it is common to observe the generation of
comparable-style  images and  faces.
Alternatively, by incorporating the work of a
particular artist, for example, art by a well-
known artist within a prompt, it is possible
that the aesthetic impact will result in the Al-
generated content bearing resemblance.

Image-to-Image Generation

Stable diffusion models and their various
adaptations are highly effective in the
generation of innovative visual
representations. However, it is often the case
that we have limited influence over the visuals
that are produced. The Image-to-Image tool
provides users with a certain degree of control
over the style of the generated image.
However, it is important to note that the pose
and structural characteristics of objects in the
resulting image may exhibit significant
variations. In order to address this concern, a
novel neural network for image production
called ControlNet has been developed, which
is based on Stable Diffusion.

ControlNet

The ControlNet neural network architecture
has been specifically developed to effectively
handle diffusion models by integrating
supplementary conditions. The weights of
neural network blocks are replicated into two

separate copies, one being locked and the
other being "trainable”. The copy that is
referred to as trainable acquires knowledge of
the desired state through the learning process,
whereas the copy that is referred to as locked
maintains the original model without any
modifications. This methodology guarantees
that the utilization of limited datasets
containing image pairings does not undermine
the reliability and effectiveness of diffusion
models that are suitable for deployment. The
concept of "zero convolution” refers to a
specific type of convolution operation that
utilizes a 1x1 kernel. In this operation, both
the weight and bias parameters are initialized
at zero. Prior to undergoing training, it is seen
that all zero convolutions result in a zero
output, so effectively mitigating any potential
distortion that may be induced by ControlNet.
The training procedure does not involve
training any layer from the start. Instead, it
entails fine-tuning the existing model while
ensuring the preservation of its original
integrity. This approach facilitates training on
devices with limited computational resources,
including small-scale or personal devices.
ControlNet is an innovative approach for
conditioning input images and prompts in the
context of image production. The utilization
of diverse techniques such as pose estimation,
edge detection, depth mapping, and others
enables us to exert control over the process of
generating the final image. In order to gain a
comprehensive understanding of the efficacy
of ControlNet, it is imperative to delve further
into the construction and training
methodologies employed in its development
[15]. ControlNet initially generates two
duplicate copies of a pre-trained large image
diffusion model. The trainable copy acquires
knowledge from task-specific datasets during
the training process, so affording us enhanced
control during the inference stage. ControlNet
is trained by utilizing a pre-existing Stable
Diffusion model that has been previously
trained on a vast dataset comprising billions of
images. Two copies are generated from the
Stable Diffusion model: one of them has
locked weights that remain unchanged, while
the second copy has weights that can be
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trained that could be adjusted during training.
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Fig. 5. ControlNet [15]

The trainable phase of the model undergoes
training using external factors. The
conditioning vector, denoted as c, plays a
crucial role in enabling ControlNet to exert
control over the global behavior of the neural
network. During the training process, the
settings of the locked copy remain unchanged.
It is now recognized that ControlNet provides
the ability to have control over our messages
through the integration of task-specific
training. To ensure effectiveness, ControlNet
was trained to manage a comprehensive image
diffusion model, enabling the gathering of
task-specific learning from both the prompt
and an input image.

5 Findings, Implementation, Experiments
and Result

Findings

A viable approach to obtaining cutting-edge
synthesis outcomes in a variety of data
formats, especially picture data — is through
the use of diffusion models. Use of the
diffusion models provided by Stable
Diffusion results in notable gains in image
detail and quality. With the help of written
descriptions, these models work by
progressively bringing images from a
condition of random noise to coherence.
Diffusion models implemented on local
hardware facilitate the addition of additional
information and depth to images, therefore
improving the synthesis process as a whole.
Notably, diffusion models' adaptability and

effectiveness  in  processing  general
conditioning inputs are improved when
combined with model architecture, as in the
case of LoRA and XL-XDXL 1.0 models.
Therefore, the study emphasizes how machine
learning and generative Al technologies can
assist people in Al image generating projects.

Implementation

The implementation of Stable Diffusion's
diffusion models requires careful
consideration of hardware specifications.
Running these models on local hardware
allows for more control and flexibility, even if
their direct operation in pixel space usually
requires substantial GPU VRAM resources.
Choosing the right software versions and
obtaining models from specified repositories
are necessary steps in the installation process.
Moreover, the synthesis process is
streamlined by the user interface's simple
buttons for creating graphics from textual
prompts.

Experiments

Diffusion model experiments demonstrate the
effectiveness of these models in gradually
learning data distributions via denoising
procedures. To be more precise, these models
use a series of denoising autoencoders to
forecast denoised versions of noisy inputs,
which leads to better synthesis results. To
appreciate  these models, one must
comprehend that they are composed of a
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series of denoising autoencoders, each of
which is trained to iteratively refine noisy
inputs. The study emphasizes the potential of
diffusion models for image synthesis through
experimentation and  emphasizes  the
significance of taking into account elements

like model architecture and training
procedures for the best outcomes.
Hardware Requirements and Stable

Diffusion Installation

Stable Diffusion was successfully set up and

installed on a local computer so that it could

produce images in response to text requests.

For this purpose, the hardware specs that

followed worked well:

e GPU: The experiment employed an
NVIDIA GeForce RTX 3070 with a
minimum of 4GB VRAM and a
preference for 8GB.

e CPU: 4-core (this experiment used an
AMD Ryzen 5 5600 6-core processor).

e RAM: 8GB minimum (in this experiment,
16GB DDR4 was used).

e Installation requires at least 10GB of
storage (2TB SSD utilized in this
experiment).

e System software: Windows 10 or above

See the Stable Diffusion web Ul repository

(https://github.com/AUTOMATIC1111/stabl

e-diffusion-webui) ~ for ~ comprehensive

installation instructions. The suggested

Python version, instructions for installing the

program, and methods for creating directories

are all described in this document.

Installing Models

Local execution is usually the best option for
stable diffusion models, including well-
known models like LORA and XL-SDXL.
Repositories like GitHub and Hugging Face
[16] offer these models for download. Once a
Stable Diffusion model has been selected, it
must be installed by downloading the required
files to the correct directory on your computer
from the specified source repository.

User Interface
By installing Stable Diffusion with
Automaticl1111, you may use text prompts to

generate images, which is a valuable tool.
Users get access to a web-based interface after
completing the setup procedure, which may
include typing commands in the Command
Line Interface (CMD). This interface serves
as an easy-to-use center for creating images. It
offers several options for adjusting the
generated image's creative style. Text prompts
allow users to provide detailed descriptions of
the desired material, including people,
objects, and settings. The interface also
provides a number of settings, such resolution
and detail level, for adjusting the image. Users
can experiment with these settings to produce
one-of-a-kind, customized photos that realize
their imaginative thoughts.

Image Generation Parameters

The process by which checkpoints and models
are selected is crucial in deciding what the
resulting image looks, as ifit can
accommodate different tastes from realistic to
anime-style. Users can designate items to be
included or deleted from the artwork and
communicate  their  preferred  visual
representation by using the interface's places
for positive and negative prompts.
Developing and employing stored styles,
setting up sampling techniques, modifying
batch size and count to manage processing
resources, modifying CFG scale to modulate
creativity, defining image dimensions, and
controlling seed values for repeatability are
more options. Together, these characteristics
have an impact on the image-
generating process and provide users with a
variety of customizing options.

In addition, the platform allows for
sophisticated features like automatic image
storage, image-to-image conversions, and
focused editing via the extras and imprint tabs.
These characteristics improve  Stable
Diffusion's adaptability and usefulness for a
range of picture synthesis applications.

Results

There will be a newly created folder with
files and download may take some time (see
Figure 6).
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file:///C:/Users/Ahmed%20Imran%20Kabir/Documents/Stable%20Diffusion%20was%20successfully%20set%20up%20and%20installed%20on%20a%20local%20computer%20so%20that%20it%20could%20produce%20images%20in%20response%20to%20text%20requests.%20For%20this%20purpose,%20the%20hardware%20specs%20that%20followed%20worked%20well:%20%20GPU:%20The%20experiment%20employed%20an%20NVIDIA%20GeForce%20RTX%203070%20with%20a%20minimum%20of%204GB%20VRAM%20and%20a%20preference%20for%208GB.%20CPU:%204-core%20(this%20experiment%20used%20an%20AMD%20Ryzen%205%205600%206-core%20processor).%20RAM:%208GB%20minimum%20(in%20this%20experiment,%2016GB%20DDR4%20was%20used).%20Installation%20requires%20at%20least%2010GB%20of%20storage%20(2TB%20SSD%20utilized%20in%20this%20experiment).%20System%20software:%20Windows%2010%20or%20above%20See%20the%20Stable%20Diffusion%20web%20UI%20repository%20(https:/github.com/AUTOMATIC1111/stable-diffusion-webui)%20for%20comprehensive%20installation%20instructions.%20The%20suggested%20Python%20version,%20instructions%20for%20installing%20the%20program,%20and%20methods%20for%20creating%20directories%20are%20all%20described%20in%20this%20document.
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ca.| Administrator: C:\Windows\System32\cmd.exe
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10.0.19044 .21 H‘]

"il'r‘_“\t S rese
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ved.

diffusion-webui

3

Fig. 6. Clone the repository

Experiments Diffusion Models

The process of installing models is relatively
simple. Before starting the experiment
process, it is important that you first find a
model that fulfills the specific requirements
and objectives available. | have used the SD

Michsel Komarek, contesmpoeary,fuasy llstrtion, ointng,batte cenes

XL 1.0 base model [17] [18] to conduct the
experiment for results.

Generating Image using Prompt Text
(txt2img)

Prompt: Michael Komarck, contemporary,
fantasy, illustration, painting, battle-scene.

Fig. 7. Generating image using Prompt Text

Generating Image using Prompt Text
(img2img)

The result did not come good enough for
img2img generation as the source of images

was less and prompt text addition with it could
generate a better result.
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Fig. 8. Experimental samples
Image source: Asanee Srikijvilaikul (Artist)

Txt2img result of generation was very well
and with a more refined prompt can easily
generate outstanding images.

7 Conclusion

In conclusion, Stable Diffusion Automic1111
and models do help computer GPUs run
machine deep learning and Al to generate
images with the use of predictive text to
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identify user input requests for generative
images. Stable Diffusion is open source and
free to use. The entire project was to conduct
the operation on a local machine, so an
individual person doesn't really have to use a
paid Al image generation application like
Midjourney.

Key Understandings

SWOT analysis on Stable Diffusion for
commercial generative Al image service.

Strengths

= Creative Potential: Generative Al image
generation can create new and novel
visuals that are impossible with traditional
methods.

= Efficiency: Generative Al can swiftly
create many photos, saving time and
resources over manual creation or photo
sessions.

= Customization: The technology can be
tailored to design needs and user
preferences. Al-generated images can
keep a consistent style or theme, which
can help branding and visual identity.

= Exploration: It allows for new styles,
artistic  combinations, and creative
bounds.

Weaknesses

= Quality Control: Generated images may
lack human-created details and aesthetic
touch, causing quality issues.

= Unpredictability: The Al's outputs can
vary, making it hard to ensure every image
match requirement. The quality and
diversity of the training data used to train
the Al model strongly affects the quality
of output photos.

= Ethics: Creating photos may involve
offensive, inappropriate, or copyright-
infringing content. Developing and
training effective Generative Al models
requires computational power, time, and
experience.

Opportunities
= Personalized Art Generation: Generative
Al can create personalized art to suit

individual tastes and
trends.

= Automated Design: It lets designers focus
on more complicated or creative design
features by automating some elements.

= Content Generation: Al-generated visuals
can enhance marketing, advertising, and
social media content.

= Virtual Environments: Generative Al
might create VR and AR backgrounds and
environments. The technique could help
human designers and Al models
collaborate and leverage one other's skills.

interior design

Threats

= Job Displacement: Al may displace
designers and artists as it advances.

= OQOverused Styles: Wide use of Al-
generated styles may reduce visual
diversity.

= Artificiality: Al-generated images may
lack the originality and emotional impact
of human art.

= Misuse: The technology could be used to
create false or dangerous content. Legal
and copyright difficulties may arise over
ownership and usage rights when Al-
generated content becomes more
common.

Recommendations

- Using a GPU that has more VRAM
(DDR®6)

- Look for models that can be combined
with one another for better checkpoints.

- Keep the Stable Diffusion base files of
Automic1111 updated
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