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INTRODUCTION

• Recent XAI efforts on diffusion models have largely focused on text-to-image (T2I) models 

via cross-attention maps between text token and generated image patch

DAAM [1] Prompt-to-Prompt [2]



INTRODUCTION

• The interpretability in image-to-image (I2I) diffusion models remains underexplored
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CHALLENGING ISSUES

• Text-to-Image (T2I): independent separation of text (tokenization)

• Image-to-Image (I2I): spatial and contextual continuity of reference image



METHOD: I2AM

• The shared image domain between reference and generated images
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Uni-directional visualization:

Bi-directional visualization:

• Bi-directional attention scores

 Reference-to-Generated attention score             : influence of reference patch

 Generated-to-Reference attention score             : influence of generated patch

𝒄𝑰: reference image embeddings
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METHOD: I2AM

• Attribution maps tailored for diffusion models

• Unified / Layer / Head / Time -level attribution maps

Time-Level attribution maps Layer-Level attribution maps

Head-Level attribution maps



METHOD : I2AM 

• Specific-reference attribution map



EXPERIMENTS

• Task: inpainting and super-resolution tasks

• Model

 Inpainting: Paint-by-Example [3], DCI-VTON [4], StableVITON [5]

 Super-resolution: PASD [6], SeeSR [7]



EXPERIMENTS

• Comparison with other T2I attention-based method (DAAM [1])



EXPERIMENTS

• Model debugging and refinement

 Utilize I2AM to analyze attention alignment in custom model

 Refine custom model for better consistency and performance
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