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ABSTRACT

In this letter, we propose a training scheme for a
transformer-based person re-identification model using
relative positional embeddings. To overcome the
limitations of existing methods that rely on the
visual information of an image, we define the
topological and positional characteristics of a
person’s body structure through relative positional
embeddings and uses them as an additional cue. In a

set of experiment conducted for five popular person

ReID benchmark datasets, the proposed scheme

brings promising improvement.
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Fig. 1. The overall training pipeline of the proposed model - utilization of the relative positional embeddings in each
transformer layer and the output image patches in the last layer.
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Table 1. The performance comparison between the
baseline[2]

Performance
Baseline Proposed
Datasets method
mAP | Rankl | mAP | Rankl
Market1501[7] 93.2[2]| 96.7[2] | 93.45 | 97.06

DukeMTMC-RelD

i8] 8425 | 9232 | 84.54 | 92.37

CHUKO3-np[9] 8842 | 899 | 889 | 89.9
Occluded-Duke[6] 62.75 | 7244 | 635 | 72.94
MSMT17-V2[5] 7347 | 88.09 | 74.1 | 887
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Fig. 2. Attention maps of pairs of query and rank
1 images for cases where the proposed scheme
improved results against the baseline[2], for the
same query images. Solid black lines refer to
corresponding  attentive  regions in  each  image
pair.
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