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A study of image deformation techniques using SAM and
Diffusion models with LLM
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ABSTRACT

This study proposes a novel approach to enhancing image deformation technology by integrating LLM, Grounding DINO,
SAM, and Diffusion models, and validates this approach through various experiments. The experimental results demonstrate
that the proposed method significantly outperforms traditional methods such as VAE and GAN. Specifically, the proposed
method achieved a Precision of 0.92, Recall of 090, and an F1 Score of 0.91. This technology excels in automated image
deformation based on natural language prompts, achieving high accuracy and recall. Detailed experiments confirmed the
superiority of the proposed technique in various application areas, including digital art, film post—production, game design,
medical image processing, and satellite image analysis. The outcomes of this study enhance user accessibility, allowing for
desired image modifications through simple natural language commands without the need for complex editing tools or specialized
knowledge. This innovation is expected to revolutionize the creation and consumption of digital content, driving digital
innovation and opening up new application possibilities across various industries.
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Input Text

LLM(GEMINI)

Input Text Input Text Grounding Dino
¥ Text nput ¥ Text nput ¥ Bounding Boxes
Object Masks Object Masks.
Inpainting Bounding Boxes
Output Image
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Figure 1. The user intent capture and inpainting process with LLM

38 2. GENIMIZ 28310 A8AL o= =&
Figure 2. Extracting user intent with GENIMI
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Prompt : “l want to select pants and change them into short skirt.”

12l 3. Z2OE 0f|A|9} O|0|X| B ZaH
Figure 3. Example prompt and image transformation results1



Prompt : “l want to change black hair to red hair.”

J8 4 ZEZE 0fAI2 O|OJX| & Zup
Figure 4. Example prompt and image transformation results2
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Table 1. Precision, Recall, and F1 Score comparison with other methods

A Precision | Recall F1 Score
VAE 0.78 0.75 0.76
GAN 0.85 0.88 0.87
Preposed

0.92 0.90 0.91
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