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Annotation: In the dynamic field of artificial intelligence and computer vision, the generation of realistic and
high-quality images has been a longstanding challenge. The synthesis of visually appealing images is crucial not
only for creative endeavors but also for various applications, ranging from medical imaging to entertainment
and beyond. Over the years, significant progress has been made in the development of generative models, and
diffusion models have emerged as a promising means to address the complexities inherent in image generation.
This article explores the progress achieved in the field of diffusion models for image generation, highlighting
the innovations that have shaped this growing area. From their inception as theoretical foundations to recent
advancements leveraging the capabilities of deep learning, diffusion models have evolved into a versatile tool
for creating realistic and diverse images.

The objectives of this research are to provide a comprehensive overview of diffusion models, their fundamental
principles, and methodologies employed to enhance their effectiveness. Additionally, the study aims to discuss
perspectives and potential directions that may drive future developments in diffusion models for image
generation.

The results and conclusions reflect new promising opportunities that unfold for diffusion models in the context
of progress and innovations. The latest trends in the development of diffusion models have been thoroughly
explored and analyzed, presenting potential areas for progress and enhancements.
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Introduction

Diffusion models capable of forming realistic, diverse and detailed images have become an essential
component in various fields of application, ranging from digital art to the field of machine learning. The
emergence of these models marked a revolution in the field of image synthesis.

Diffusion models are an innovative tool for generating realistic images that overcomes the limitations of
diversity and realism existing in previous generative models such as GANs, VAEs. The fundamental mechanism
of functioning of this model is stochastic diffusion, based on probabilistic processes associated with random
walks, which leads to phenomena similar to diffusion.

The relevance of the topic under consideration is due to the active introduction of generative models for
solving problems in various fields and the increasing number of scientific publications devoted to generative
models.

The purpose of this study is to analyze the evolution and directions of development of diffuse models for
image generation.

Literature Review

Various approaches of deep generative models have demonstrated high quality. Generative adversarial
networks (GAN), autoregressive models, variational autoencoders (VAE) synthesized striking samples of
images and audio [5, 6, 7, 8]. Diffusion models demonstrate superior high-quality image generation capabilities
and enhanced learning stability. Diffusion models are used in a wide range of fields. Diffusion models have
shown impressive results in text-to-image conversion [1], super resolution [2], instance segmentation [3],
inpainting [4] and so on.

Thus, V. Singh and S.Rath point out that one of the directions of current research on diffusion models is
the study of ways to increase their speed and efficiency. Stochastic models, although excellent at creating high-
quality images, usually work slower than deterministic methods such as generative adversarial networks (GAN)
[18. pp.17-26].

At the same time, A.M.Kumratova, M.A.Borlakova, V.E.Saikinov and |.E. Kogai says that in the context
of image synthesis, the significant successes achieved by diffusion models have become a response to GAN.
Although they successfully generated high-quality images, GANS were also known for their unstable learning
dynamics and lack of diversity in the images generated. Faced with these problems, the researchers turned their
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attention to alternatives that could provide similar or superior image quality with greater stability and diversity
[15. pp.66-72].

N.I. Berezhnov A.A. Sirota believes that at the moment when the question of finding alternatives arose,
diffusion models appeared, offering a completely different approach to image synthesis. Unlike GANS, which
use adversarial learning to directly study the implicit distribution of data, diffusion models use a structure based
on stochastic processes, where the distribution of data is studied explicitly and the model is optimized based on
the probability of the data. This new approach made it possible to create more diverse and realistic images with
more stable learning dynamics [13. pp. 81-92].

Researchers are also exploring methods to improve the quality of the images they create. One of the
possible approaches, according to A.D. Malygina and B.B. Sokov, is the integration of diffusion models with
other machine learning methods, such as convolutional neural networks (CNN), which can be useful for better
feature extraction. This will allow diffusion models to capture more complex details and nuances, thereby
increasing the realism of their results [16. pp. 542-547].

D.M. Voynov and V.A. Kovalev, investigating the issues of the quality of medical photographs, point
out that to ensure the stability and quality of images, understanding the mathematical principles underlying
diffusion models is crucial [14. pp. 60-72]. In diffusion models, the program describes the trajectory of a noise
image until it becomes a sample from the model. The key point is to choose a noise graph that determines how
much noise is added at each stage. Such a schedule significantly affects the quality of the generated images and
the learning rate [17. pp.112-125].

That is, in modern literature it is said that in the field of generation and optimization of the image quality
assurance system there are still a lot of issues that need to be finalized and developed in accordance with the
needs of various fields.

Image Diffusion
Using diffusion models to understand the distribution of data begins by adding Gaussian noise to the
image until it is completely blurred, forming a "noise image" (Fig.1).
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Fig.1 Forward and reverse passes during the generation of diffusion images.

This transformation of the original image into a noise image followed by a return transformation is
controlled by a stochastic differential equation. Training the model primarily involves evaluating this inverse
transformation of noise back into an image:

X = 1=Fr XX+ F: XE44

At its core, the diffusion model usually uses a stochastic process. In its simplest form, this process is a
random walk — a series of steps, each of which moves randomly. Over time, as these steps accumulate, they
evolve and wander, capturing the complex structures of a given target distribution. Filling it with deep learning,
the diffusion model uses this random walk to gradually transform a simple structure into a complex image
corresponding to the target distribution (Fig. 2).
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Fig.2 Diffuse process

Generation steps include reverse engineering or decoding the forward diffusion process to return to the
original target distribution. To do this, the noise reduction model is being trained. The main task of this model is
to predict the next step of the inverse stochastic process, taking into account the current state, thereby
contributing to the creation of a realistic image.

The diffusion model essentially works in two main phases — forward and reverse passage. With a forward
pass, the input image is gradually transformed into a simple distribution, adding noise at each stage. The reverse
pass involves switching back from the noise-augmented image to the original input image.

The direct pass starts from the original image and goes through a series of steps, each of which adds
Gaussian noise to the image. This consistent introduction of noise over time ensures that the image eventually
turns into a completely noisy version, indistinguishable from a simple Gaussian noise distribution (Fig.1).

In the reverse passage, in fact, the reverse process, the Markov chain is used. Guided by the noise
reduction model, the chain takes the noisy image as a starting point and begins to reverse the effects of adding
noise step by step. This process continues until the chain returns to the original image.

With this method, images are incredibly realistic, diverse, and diffusion allows you to significantly
control the process of creating/generating images. Its far-reaching implications not only expand the horizons of
image synthesis, but also provide innovative tools for editing, animation and modeling. The use of diffusion
models points to a promising future of generation and imaging, in which images can be created, adjusted and
fine-tuned with skill and clarity.

When diffusion models are implemented within the framework of deep learning and image synthesis,
they act on the ideology of transforming a simplified procedure into an increasingly complex and multifaceted
process over time. This transformation is facilitated by the gradual inclusion of information synchronized with a
specific target distribution. This method makes it relatively easy to create detailed, high-resolution images.

Moreover, diffusion models offer flexibility in managing the generation process. Users can control the
generation process either implicitly using high-level controls, or explicitly using brush-like interfaces. This
provides an unprecedented level of creative control and ensures that the generated images will meet the required
level of quality and realism.

Advanced image generation systems such as Denoising Diffusion Probabilistic Models (DDPM) take
advantage of the capabilities of diffusion models. These systems, thanks to a new approach of iterative image
generation, have redefined the boundaries of realistic and high-precision image synthesis. They benefit from the
inherent ability of diffusion models to incorporate fine details, resulting in results that are not only visually
pleasing, but also consistent with real physics and aesthetics.

Diffusion models in the field of image generation serve as an invaluable tool for improving the image
composition procedure. Thanks to the ability to gradually integrate complex patterns and fine details, these
models show significant promise in creating images that accurately mimic real-world conditions and objects.

Promising Directions for the Development of Diffusion Models

To date, there are many potential breakthroughs that we can expect from advances in diffusion models.
One of these is improved sampling methods. During image generation by the diffusion model, the number of
sampling steps affects the quality of generation. The smaller the sampling step, the more the noise being
removed is similar to the Gaussian distribution that the model learned to remove during training. At the same
time, although increasing the steps leads to an improvement in quality, it also leads to a proportional increase in
generation time. In future works, knowledge from the field of optimization of deep neural networks can be
applied to solve the problem of finding the optimal noise path, since finding the optimal way to optimize deep
neural networks is similar to the task of finding the optimal noise path. And also this problem can be solved by
methods of solving ordinary differential equations (ODE), since the noise path can be modeled using ODE.

In addition to studying more efficient models, a promising direction is to study the applicability of
diffusion models in other computer vision tasks, such as segmentation, anomaly detection, and visual question
answering. There is a tendency to use similar architectural solutions to solve problems from different data areas,
so the progress made in one area can be effectively used in any other area.

Another promising area of development is video generation. Language models have demonstrated the
ability to be mentally active and build an internal model of the world, for example, research [9] shows that large
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language models have an internal understanding of time and space. This is achieved by training the model on
large, diverse text data accumulated on the Internet, which reflects our human ideas, knowledge, relationships,
etc. In addition to text data, humanity has created a huge amount of video data that also reflects our world and
which is not being fully used now. There are diffusion models for video generation [10,11,12], but they are
limited to small clips. This area needs more attention in the future, as it has great prospects. For example, using
video generation models to create virtual environments for training intelligent models in a reinforcement
learning manner.

In the future, research on diffusion models can also be expanded towards the study of multi-purpose
models capable of accepting various types of data as input and generating output, such as images, text, sound,
and video. Developing a diffusion model to generate different types of output data, given the diverse types of
input data, can bring us closer to understanding the necessary steps in the development of more intelligent
models.

Conclusion

Improvements and developments of diffusion models are important for the field of generative models.
They mark a promising shift towards the creation of highly realistic generations that can be widely used,
especially in the fields of art, entertainment, accurate data and medical imaging.

Moreover, as diffusion models become faster and more efficient, they can be used in real-time
applications such as video game graphics or virtual reality environments, paving the way for a new era of
immersive and hyper-realistic digital solutions.

With further improvement, the potential of diffusion models is growing, promising a future in which
generative models will be applied in a wide variety of fields.
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