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AHoTanis

Y cmammi poszensoaemvcs mexanizm nobyoosu oughysitimux mooenei 0nsi 2eHepayii 300pajceHb K OOUH i3
HAUCYYACHIWMUX HANPAMKIE WMYYHO20 IHMeNeKny ma Komn'tomepnozo 3opy. Onucano npunyun pobomu npoyecia
oughysii, sKull nOIA2A€ Y NOCMYNOBOMY 3MEHULEHHI UYMY 300PANCEHHs MA 1020 NOOAIbULOMY GIOHOBNEHHI 3a 00NOMO20I0
Heuponnoi mepedxci. Ilpoananizoeano ocHO8HI emanu HAGYAHHS MOOENI, GKIIOUAIOYU NPOYecU NPAMOI ma 360POMHOT
oughysii, a makoasc ocobausocmi apximexmypu mepeoxci. Pozenanymo nepesazu ougysitinux moodeneil y NOpIi6HAHHI 3
iHwumu 2eHepamusHumu nioxooamu, 3okpema GAN ma VAE, 3 mouku 30py saxocmi ceHepo8aHux 300padiceHb ma
cmabinbnocmi naguanus. OKpecieno npakmuuti cghepu 3acmocy8ants maxKux mooeneil y Ou3aiini, MeouyuHi, po3eazax
ma asmomMamu308anoMy CHEOPEHH] KOHMEHMY.

Kurouosi cioBa: qudys3iitHi Mmoeni, TeHepartist 300pakeHb, IITyYHIH 1HTEICKT, HEHPOHHI MEepeXi, KOMI'FOTePHHUN
3ip, TeHepaTUBHI MOZETI, porec audy3ii, ramdoke HaBYaHHS, CHHTE3 300pakeHb, 00poOKa 300paXKeHb.

Abstract

The paper considers the mechanism of building diffusion models for image generation as one of the most modern
areas of artificial intelligence and computer vision. The principle of operation of diffusion processes is described, which
consists in the gradual noise reduction of the image and its subsequent restoration using a neural network. The main
stages of model training are analyzed, including forward and backward diffusion processes, as well as the features of the
network architecture. The advantages of diffusion models in comparison with other generative approaches, in particular
GAN and VAE, are considered in terms of the quality of generated images and the stability of training. The practical
areas of application of such models in design, medicine, entertainment, and automated content creation are outlined.

Keywords: diffusion models, image generation, artificial intelligence, neural networks, computer vision, generative
models, diffusion process, deep learning, image synthesis, image processing.

The mechanism for constructing diffusion models for image generation is considered one of the most
significant developments in modern artificial intelligence and computer vision. Diffusion models are based on
probabilistic principles that allow neural networks to learn how to transform random noise into meaningful
visual structures. During training, the model gradually learns the statistical distribution of images contained in
a dataset and uses this information to synthesize new images with similar properties. This approach has become
particularly important in recent years due to its ability to produce highly realistic and diverse images while
maintaining stable training processes compared to earlier generative methods [1].

The fundamental concept of diffusion models is the forward diffusion process, in which noise is
progressively added to an image through a sequence of steps until the original signal is almost completely
destroyed. Each step slightly modifies the data distribution, eventually converting the image into nearly pure
random noise. This controlled degradation process forms the basis for learning how images can be
reconstructed during the reverse diffusion stage [2].

The reverse diffusion process performs the opposite operation by gradually removing noise from a
corrupted image. A neural network is trained to predict and eliminate the noise introduced during the forward
process. Through multiple denoising steps, the model reconstructs structured visual information from random
noise, effectively generating new images that resemble the distribution of the training data [3].

Recent studies demonstrate that diffusion models can achieve impressive performance in various domains,
including medical imaging and digital modeling. In particular, they can be used to modify or generate complex
visual structures while preserving anatomical or structural consistency, which opens new possibilities for
applications in scientific research and medical analysis [4].



Another important advantage of diffusion models is their flexibility in practical applications. These models
can be applied in many fields such as digital design, architecture, simulation, and content creation. Due to their
ability to produce detailed and coherent visual outputs, diffusion models are increasingly used in modern visual
computing systems and creative industries [5].

To improve computational efficiency, modern systems often implement latent diffusion models. In this
approach, the diffusion process operates not directly on high-resolution pixel data but on compressed latent
representations of images. This significantly reduces the computational resources required for training and
inference while still preserving the essential visual features of the generated images [6].

From an architectural perspective, diffusion models commonly rely on convolutional neural networks such
as U-Net. This architecture combines encoder and decoder structures with skip connections that preserve
spatial information across multiple resolution levels. Such design enables the model to effectively capture both
global image structures and fine visual details, which is essential for generating high-quality images [7].

Conclusion

In this study, the fundamental principles of diffusion models for image generation were analyzed. The
mechanism of their operation is based on a stochastic process that gradually adds noise to data and then restores
the original structure through a neural network. Such an approach enables the generation of realistic images
that correspond to the statistical distribution of the training dataset.

The analysis showed that diffusion models provide several advantages compared to other generative
approaches, including high stability during training, the ability to reproduce complex visual structures, and the
generation of diverse and detailed images. The use of latent representations and neural network architectures
such as U-Net further improves the efficiency and quality of image synthesis.

Overall, diffusion models represent a promising direction in the development of generative artificial
intelligence systems. Their continuous improvement and integration with other modern machine learning
techniques create new opportunities for automated visual content generation and various practical applications
in science, technology, and creative industries.
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