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IMPAKTUKO-OPUEHTUPOBAHHOE NCCJIEJAOBAHUE ITOJHOI'O
KOHBEHNEPA OFPABOTKH N30BPAKEHU HA OCHOBE ITEPEJOBBIX
TEXHOJIOT'HH I'TYBOKOI'O OBYYEHHUA

B smom uccredosanuu npeocmagier KOMAIEKCHbIH, NPAKMUKO-OPUEHMUPOBAHHBIN AHATU3
NOJIHO2O KOHGeliepa 00pabomKy uU300pa3ceHuil Hd OCHOGE NepedosvlX MEeXHONo2Ui 21yeoKo20
o00yuenus. Peanusyromes u CpasHusaromces 30004 2eHepayui u300padceHuil, co30anus noonucet,
ceaMeHmayuy, peoaxmupoBanHus U 60CCMAHOGICHUS C UCNONIb30BAHIEM NePeO08biX MOOeNel, MAKUX
xkax Stable Diffusion, LoRA, ControlNet, InstructPix2Pix, CLIP, BLIP-2, SAM u Mask2Former.
Orcnepumenmovl npogodamces 6 cpede Python, a 01 63aumo0elicmeus 6 pedibHOM 6pPeMeHU
paspabomanvl  eeO-unmepgheticol ¢ ucnoavzoganuem Gradio u  Streamlit.  Jlna  yenybrenus
meopemuyecko20 NOHUMAHUS  6bINOJIHEH MAMEMAMUYECKUT  AHANU3 MAKUX MeXAHUIMO8, KAK
MEXAHUIM CAMOSHUMAHUS, ONMUMUZAYUS U PYHKYUU nomepsb. [l KOTu4ecmeeHHOl OYyeHKU Ka4ecmed
moOeneti npumenaomes mempuxy BLEU, METEOR u IoU. B ucciedogeanuu noodueprueaemcs
06pa306amMeNbHA YEHHOCMb UHMeSPAYUL MeOPUl U NPAKMUKY, npednazaemcs Mooeib 00yyeHus Ha
OCHOGe NpOeKkmos O evicuie2o o0bpasosanus. Takoce paccmampueaomes MeiCOUCYUNTUHAPHBIE
nNpUMeHeHUs, BKIIHAA Heloeeko-opueHmuposanteiit. HU, kpeamuenvie unoyempuu u paspabomxd
UHMePAKMUBHBIX  cucmeM. Pesynomamovl  noxazwleaom, uymo CcoYemdanue pasiuyHbix Mooenel
npueoouUm K CuHepeemu4eckum 3Qexmam 6 CIOAHCHLIX 3a0auax, 0asds npeocmasieHue o
nocmpoenuu unmecpupogannvix HH-cucmenm. Ilepcnekmuesi OanbHeuuux uccie008aHUll GKIO4AIOM
onmUMU3AYUIO Ol NPUTONCEHUTI 8 DeaibHOM GPEeMEHU, NePCOHANU3AYUI0 MOOenell 2eHepayuu u
paspabomky eouHoti Myavmu-moodnvroti niameopmvr HHU. Paboma cnocobemeyem pazeumuio
MBOPUECKO20 — MbIULICHUA U NPOOGUNHCEHUIO — UYEN0BEKO-OPUSHMUPOBAHHO20 — 00pA306aHUs U
uceneooeanuti 6 ooracmu HH.

Knarwuesvie cnosa: cmabunvuaa ougpysua, LoRA, ControlNet, BLIP-2, CLIP, SAM,
Mask2Former, cenepayus uzobpaxcenuii, NOONUCY K U300PAAHCEHUAM, CE2MEHMAYUS UI0OPAHCEHUT.

1.  Introduction and Research Purpose
This study embarks on developing an innovative educational model that seamlessly
combines theoretical frameworks with practical, hands-on experiences in the field of
advanced deep learning-based image processing. By merging these two aspects, the research
addresses the gap between knowledge acquisition and real-world application, which is
particularly vital for graduate-level education. The methodology involves implementing
cutting-edge techniques across various domains: image generation, captioning, segmentation,
style transfer, and inpainting. These tasks are accomplished using state-of-the-art models,
including Stable Diffusion, LoRA, ControlNet, BLIP-2, SAM, and Mask2Former. Each
model was carefully selected for its relevance and leading performance in its respective area.
The overarching goal is to not only enhance the depth of technical education but also to
nurture the ability of students and researchers to engage in creative problem-solving,
independent research, and practical system development. By integrating real-world
experimentation with theoretical insights, the study prepares learners to better adapt to the

rapidly evolving landscape of artificial intelligence and computer vision.
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2.  Theoretical Background

2.1 Evolution of Image Processing

Over the past decade, deep learning has transformed the landscape of image processing
and computer vision. Initially, generative models like GANs (Generative Adversarial
Networks) and VAEs (Variational Autoencoders) led the way in synthetic image creation.
However, these approaches had limitations in stability, resolution, and expressiveness.

With time, a new paradigm emerged — diffusion models — offering significantly
improved image quality by using noise-based denoising techniques. Diffusion models such as
Stable Diffusion quickly became the new standard for high-fidelity text-to-image generation.

Similarly, segmentation techniques evolved from CNN-based architectures (such as
U-Net and FCN) to Transformer-based methods like SAM (Segment Anything Model) and
Mask2Former, which offer more precise and generalized segmentation capabilities across
various tasks (semantic, instance, panoptic).

2.2 Challenges Overcome

Earlier GANs were plagued by mode collapse, unstable training, and limited image
diversity, often requiring extensive effort to tune. Early segmentation methods struggled to
accurately separate fine-grained object boundaries and failed to generalize well to unseen
categories.

The advent of diffusion models solved many of these issues by using probabilistic
processes that are inherently more stable and capable of producing diverse outputs.
Furthermore, multimodal architectures like BLIP-2 introduced robust frameworks that
could jointly learn from visual and linguistic data, bridging the gap between vision and
language understanding, and offering better results in captioning and retrieval tasks.

2.3 Past vs. Present Technologies Comparison

An in-depth comparison revealed significant advancements:

e Stable Diffusion overcame the training instability and resolution issues associated
with traditional GANSs, offering high-quality, scalable image generation.

e BLIP-2 surpassed conventional CNN+LSTM captioning models by utilizing large-
scale vision-language pretraining, producing more expressive and context-aware image
descriptions.

e SAM and Mask2Former replaced pixel-wise, CNN-based segmentation by
leveraging Transformer-based architectures that capture broader context and finer details
simultaneously, providing more accurate and adaptable segmentation across diverse domains.

These advancements highlight the evolutionary leap in image processing and serve as
the foundation for the practical implementations explored in this study.

2.4 Hugging Face and New Tools

Modem platforms like Hugging Face, Gradio, and Streamlit have revolutionized the
accessibility of cutting-edge AI models. Hugging Face provides a centralized hub for
accessing pretrained models and datasets across multiple modalities, while Gradio and
Streamlit enable rapid development of interactive web applications without requiring deep
frontend development skills.

This democratization of tools empowers students, researchers, and industry
professionals alike to experiment with state-of-the-art models, build custom applications, and
visualize results easily, thereby accelerating innovation and educational adoption.
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3. Core Experiments and Findings

3.1 Image Generation

Using Stable Diffusion and LoRA, the study successfully generated high-resolution,
visually coherent images from diverse text prompts. Stable Diffusion served as a robust
foundation for general image generation, whereas LoRA allowed lightweight fine-tuning of
the diffusion model with minimal computational resources.

This fine-tuning capability is particularly beneficial when adapting a model to custom
styles, such as training the model on a specific art style, corporate branding elements, or
personalized avatars with only a few images and low training cost.

3.2 Image Captioning

Experiments were conducted using CLIP and BLIP-2 models to explore the strengths
of multimodal learning. While CLIP performs well at matching images and textual
descriptions via a shared embedding space, BLIP-2 provided the ability to directly generate
captions that were more fluent, creative, and contextually appropriate. The performance of
both models was quantitatively evaluated using BLEU and METEOR scores, where BLIP-2
demonstrated superior capabilities in sentence naturalness, semantic accuracy, and diversity
compared to CLIP’s retrieval-based method.

3.3 Image Segmentation

SAM enabled intuitive, real-time segmentation based on simple user inputs like clicks
or bounding boxes, making it highly accessible even to non-expert users. On the other hand,
Mask2Former excelled in professional-grade segmentation tasks by performing semantic,
instance, and panoptic segmentation with high precision. Although Mask2Former requires
more computational power, its superior generalization and fine-detail handling make it a
better fit for large-scale or automatic segmentation workflows.

3.4 Style Transfer and Editing

The models ControlNet and InstructPix2Pix were employed to perform advanced
style transfer and image editing based on user input.

e ControlNet leverages structure-conditioned generation (e.g., pose, edges, depth) to
achieve fine-grained style control while preserving the original layout.

e InstructPix2Pix uses natural language prompts to flexibly alter images according to
user-described modifications.

Together, these tools enabled highly intuitive and controllable editing, supporting
various artistic and industrial applications.

3.5 Image Inpainting

Using Stable Diffusion Inpainting, experiments restored masked or missing regions of
images with astonishing naturalness. By combining contextual information from the
surrounding pixels with text-based prompts, the system generated highly realistic completions
that aligned both stylistically and semantically with the original image.

3.6 GUI and Web Deployment

Web-based systems were built using Gradio and Streamlit, enabling easy deployment
of image generation, captioning, segmentation, and editing tools.These user-friendly
interfaces eliminated the need for complex installations or coding expertise, allowing broader
accessibility and fostering real-time experimentation in educational settings, hackathons, and
prototyping environments.
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4. Integrated Comparative Analysis
An integrated cross-technology analysis revealed the following insights:

Task Best Model/Tool Reason
Image Generation [ Stable Diffusion | Produces high-quality images quickly
Fine-tuning LoRA Lightweight adaptation with few resources
Captioning BLIP-2 Generates creative and accurate text
Segmentation Mask2Former Handles complex segmentation types reliably
Editing ControlNet + Ofters structure-based and text-guided

InstructPix2Pix editing

GUI/Deployment | Streamlit Highly customizable, flexible web Uls

Furthermore, the combination of multiple models (such as Stable Diffusion +
ControlNet for structure-guided generation) demonstrated synergistic effects, significantly
boosting the overall performance and flexibility of the integrated system. This convergence
suggests a promising direction for building unified, intelligent multimodal AI platforms
capable of handling complex, end-to-end tasks.

4 Quantitative and Qualitative Comparative Analysis

4.1 Evaluation Methods and Mathematical Criteria

The technical comparison was conducted through a combination of quantitative
automatic evaluation metrics and qualitative human assessments. For automatic
evaluation, the METEOR (Metric for Evaluation of Translation with Explicit ORdering)
score was used. This metric goes beyond simple n-gram matching and incorporates
considerations such as:

e Word order

e Stemming (root word analysis)

e Synonym handling

METEOR is thus suited to evaluating the semantic accuracy of translations or image
captions. It is mathematically defined as follows:

chyP
METEOR = (1-— y(;) “Fy
P-R
aP+(1—-a)- R

0=0.9, ch: the number of chunks of matched unigrams, m: the total number of matched
unigrams, Typically, y=0.5, p=3.0

In this evaluation, we used internally generated data using the Stable Diffusion
technique without relying on external datasets.

According to the METEOR-based evaluation program, CLIP recorded an average
METEOR score of 0.9992, but since this score was based on self-evaluation, it was excluded
from comparison. On the other hand, BLIP-2 recorded an average METEOR score of 0.2323,
which falls under the "Fair" (basic level) category. However, only two images were used in
the evaluation, and this lack of data is analyzed as a major factor in the lower score.

4.2 Image Generation: Stable Diffusion vs. LORA

Stable Diffusion is a base image generation model capable of creating high-resolution
images from text prompts, capable of generating any image quickly.

LoRA (Low-Rank Adaptation) is a lightweight training method that allows for fine-
tuning large models like Stable Diffusion by training only a small number of parameters. It
enables both image generation and transformation.

F, =
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In summary, Stable Diffusion is suitable for general image generation, while LoRA is
ideal for efficient customization of generation models.

4.3 Image Captioning: CLIP vs. BLIP-2

CLIP maps text and images into a shared embedding space and calculates similarity,
making it particularly strong in multimodal retrieval tasks. BLIP-2, on the other hand,
connects a fixed image encoder with a large language model and excels at generating text
from images, making it well-suited for image captioning and question-answering tasks.
BLIP-2 demonstrates superior performance overall.

4.4 Image Segmentation: SAM vs. Mask2Former

SAM (Segment Anything Model) provides rapid segmentation in response to intuitive
user input but has limitations for more complex segmentation tasks.

Mask2Former shows strong performance in general-purpose segmentation, capable of

Mask2Former shows strong performance in general-purpose segmentation, capable of
handling semantic, instance, and panoptic segmentation. However, it requires more
computational resources and has slower processing speeds.

In summary:

e SAM is ideal for interactive real-time tasks,

e Mask2Former is better suited for automated and advanced segmentation tasks.

4.5 Style Transfer and Image Editing: ControlNet vs. InstructPix2Pix

ControlNet allows for precise control of image outputs using structural inputs
(conditions) such as edges, poses, or depth maps. It can finely modify image details.

InstructPix2Pix performs image editing based on natural language instructions,
demonstrating excellent performance in transforming the entire image.

In conclusion:

e ControlNet is optimized for structure-based control,

e InstructPix2Pix is specialized for text-based editing.

4.6 Inpainting Based on Stable Diffusion

Using the StableDiffusionlnpaintPipeline from the Diffusers library, inpainting tasks
were conducted to naturally restore masked image areas based on user-input text prompts.

The quality of the restored images was found to be satisfactory.

4.7 Prompt-Based Web Interfaces: Gradio vs. Streamlit

Gradio allows users to quickly create web demos of deep learning models with just a
few lines of code. It is accessible to non-experts but lacks design polish compared to
Streamlit.

Streamlit excels in dashboard-style web app development and offers more flexibility
for data visualization and customization.

e Gradio is better suited for quick demos,

e Streamlit is better for complex applications and analysis tools.

5. Conclusions and Future Directions

The study clearly demonstrates that blending theoretical learning with hands-on
practical experiments significantly deepens students' understanding and fuels their creativity.
By implementing real-world models and designing interactive systems, learners gain both
conceptual mastery and practical proficiency. The model implementations and methodologies
developed in this research can readily be adapted into curricula, training workshops, and
professional development programs aimed at preparing the next generation of Al
specialists.
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Future directions proposed include:

e Real-Time Optimization: Enhancing model speed and efficiency for real-time
deployment in mobile and web environments.

e Personalized Generative Models: Building systems that learn individual styles or
preferences from minimal input data.

e Unified Multimodal AI Systems: Integrating multiple tasks (generation, captioning,
editing) into seamless, holistic Al applications.

e Expansion into Video and 3D Applications: Extending inpainting, segmentation,
and style transfer technologies from 2D images to dynamic video sequences and immersive
3D environments.
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