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Abstract This paper studies person search, which is an integrated technology of person detection and

person re-identification. There are two different types of identities in the person search dataset, labeled

identities, and unlabeled identities. Existing works only consider unlabeled identities as negatives and

distinct identities for labeled identities by utilizing a Circular Queue (CQ), which ignores the relation

among samples. In this paper, we proposed similarity-based soft pseudo labels by considering

similarities between labeled and unlabeled identities. As a summary, the network is optimized under

detection loss and two re-identification losses. (1) The OIM loss for labeled identities learning. (2) The

Kullback - Leibler (KL) Divergence Loss using our proposed soft pseudo labels for unlabeled identities

learning. The experimental results demonstrate the advantages of our proposed learning strategy.
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2.1 Baseline network
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2.2 Lookup table for labeled identities
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2.3 Soft pseudo labels for unlabeled identities
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Region Proposal
Network (RPN)
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31 Dataset and Evaluation Metrics
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32 Implementation Setup
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3.3 Experimental Results
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Re-ID Acc. (%)

T mAP Top-1
0.03 42.57 80.21
0.05 46.49 83.81

0.1 48.07 83.91

0.3 49.49 84.25

0.5 48.43 84.1
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