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Abstract: Text-guided editing of real images with only images and target text prompts as input is an
extremely challenging problem. Previous approaches based on fine-tuning large pre-trained diffusion models
often simply interpolate and combine source and target text features to guide the image generation process,
which limits their editing capabilities, while fine-tuning large diffusion models is highly susceptible to
overfitting and time-consuming problems. In this paper, we propose a text-guided image editing method
based on diffusion model with mapping-fusion embedding (MFE-Diffusion). The method consists of the
following two components: (1) A large pre-trained diffusion model and source text feature vectors joint
learning framework, which enables the model to quickly learn to reconstruct the original image. (2) A

feature mapping-fusion module, which deeply fuses the feature information of the target text and the
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original image to generate conditional embedding that is used to guide the image editing process.
Experimental validation on the challenging text-guided image editing benchmark TEdBench shows that the
proposed method has advantages in image editing performance.

Key words: text-guided image editing; diffusion model; image generation; image editing; feature mapping-

fusion
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%1 ChatGPT4-Vision Bl § #1277
Table 1 ChatGPT4-Vision prompt for image description

Describe this picture from five different perspectives, requiring:

1. Use only one sentence for each description. Each sentence should not be too long, about 15 words.

. 2. Begin each sentence with “A photo of”.

P in) e e P . . . .
3. Description content as close as possible to the source image, as faithful as possible to the image, do not
have unnecessary associations.

4. Describe the image from different perspectives as much as possible.
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Fig.4 Ablation experiment results
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