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The specific person search is the foundation of a wide range of applications in intelligent

security and surveillance systems. Person search aims at solving person detection and person re-identification
(re-id) jointly. The common practice is to append the standard detection loss and re-id branches parallelly

on Faster RCNN. For generating 2048-dim re-ID embedding features,

global max pooling has been

commonly adopted so far. In this paper, we analyze the performance of different pooling strategies,
including global average pooling and global max pooling, for person search task on a widely used person
search benchmark PRW. Then, a Global Pooling Attention (GPA) is proposed to further boost the
performance of network by utilizing the self-attention information. The experimental results demonstrate the

advantages of global max pooling in person search task and the effectiveness of the proposed GPA.
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3.2 Implementation Details
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3.3 Experimental Results
% 1. et pooling WX A -gol ot 41

Global Pooling Detection Re-1ID
Strat Acc. (%) Acc. (%)
ategy Recall AP mAP Top-1
Avg. 96.7 94.0 46.4 82.9
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