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Abstract: Domain generalization is an important and challenging problem in computer vision, arising from the distribu-
tion shift of real-world data. In practical applications, it is common to encounter training and testing data from different
domains, and the difference in data distribution can lead to performance degradation during testing. In this paper, we pro-
pose a domain generalization method based on latent space data augmentation. Unlike traditional image-level data aug-
mentation approaches, the method introduces a diffusion model in the latent space to achieve fine control and diversity
generation of features, thereby achieving feature level data augmentation and enhancing the model's generalization ability
in the target domain. Specifically, the classifier-based implicit diffusion model, trained within the latent space, can condi-
tionally generate accurate and rich source domain features. It leverages efficient sampling techniques to expedite the gen-
eration of augmented features. Experimental results show that the method has achieved significant performance improve-

ment in various domain generalization tasks, and has good effectiveness and robustness in real scenarios. The key innova-
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tion of this paper lies in shifting data augmentation to the latent space level and introducing the diffusion model for aug-

mentation, providing a novel approach to address the domain generalization problem.
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