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Abstract; With the surge of deep learning, there is increased interest on the design of multi-branch
neural networks for extracting rich features in person re-identification. This paper reviews some recent ad-
vances on this topic, including part-based approaches, attention-based approaches, dropping
approaches, and heterogeneous approaches. Various state-of-the-art approaches on the popular pedestrian
re-identification datasets, including Market1501, Duke and CUHKO3, are compared and analyzed, re-
spectively. Finally, future directions of the person re-identification with diverse features are discussed.
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