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A distillation and masked approach for domain generalizable
person re-identification
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Abstract: The challenge of domain generalization stems from two inherent limitations in current person
re-identification benchmarks: 1) significant inter-dataset domain gaps, and 2) insufficient intra-dataset
diversity. While existing multi-domain joint training approaches attempt to address these issues, they
often fail to fully exploit latent discriminative identity cues across datasets. To address the
aforementioned limitations, our framework enhances network generalization capabilities through a dual-
branch strategy : knowledge distillation employed from a large-scale pre-trained model along with mask
image feature mining performed on existing multi-domain training data. Extensive experiments on
popular domain generalization person RelD benchmarks demonstrate that our method can achieve
superior performance. Notably, our approach achieves a 16.2% Rank-1 accuracy gain over the baseline
and a 3.6% improvement over existing state-of-the-art methods under the leave-one-out protocol using
Market-1501.
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Fig. 1 Overall architecture of model in this paper
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