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Abstract: Denoising diffusion probabilistic models (DDPMs), as a core technology in the current generative Al field,
have achieved revolutionary breakthroughs in high-quality image synthesis tasks. However, their internal working mecha-
nisms have long been regarded as a “black box”, severely restricting their large-scale application in high-trust scenarios
such as medical imaging and autonomous driving. Existing research mostly focuses on the macroscopic behavior analysis of
the reverse denoising process, lacking fine-grained deconstruction of the dynamic interaction mechanisms among different
semantic regions in the latent space, resulting in a significant gap between model interpretability and precise control ability.
This study explores the interpretability of denoising diffusion probabilistic models from a new perspective of decoupled vi-
sual concept generation. The findings not only explain the manifestation of locality in DDPMs from a theoretical standpoint
but also enable fine-grained image manipulation in downstream applications. Inspired by game theory, we propose to use
Shapley values to evaluate the interactions between regions. However, calculating Shapley values according to the tradition-
al definition would face feasibility issues in terms of time complexity. Therefore, we further propose a theorem and an ac-
companying sampling strategy to reduce the time complexity to O(KC ), where K represents the number of regions and C is

the number of samples. Qualitative and quantitative experiments show that our method, when applied to real image process-
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ing, achieves a 30%~55% performance improvement in local manipulation compared with existing methods. In practical ap-

plications, users can modify specific visual concepts without interfering with other regions. Through the deep integration of

game theory and DDPM, not only has the mathematical essence and implementation path of locality in diffusion models

been theoretically clarified for the first time, but also the first interpretable DDPM framework with semantic decoupling ca-

pability has been constructed in practice.
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