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Abstract The traditional person re-identification methods are difficult to independently cope with the

complex and diverse recognition tasks in the security scenario of smart city in practice. In order to meet the
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needs of multi-level person re-identification, the deep integration of person re-identification and multi-level
urban information units is proposed. Existing models and attentions for person re-identification tasks only
focus on learning the robust features while neglecting the difference between features of pairs. Diff attention
module is proposed to guide the network to learn a more discriminative attention map based on the difference
of feature vectors. Taking the diff attention module, diff attention framework which matches many backbone
models is developed. Two training strategies: joint training and separate training are proposed. Compared with
Market-1501, CUHKO03, and MSMT 17 datasets.

other person re-identification methods, these framework and strategies have achieved excellent performance on
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Fig. 1 The hierarchical architecture of Person Re-ID tasks and urban information units
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The structure of our diff attention framework
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Table 1 The performance of our diff attention framework

Market-1501 CUHKO03 MSMTI17
s Rank-1 mAP mINP Rank-1 mAP mINP Rank-1 mAP mINP
(%) (%) (%) (%) (%) (%) (%) (%) (%)
BagTricks 94.5 85.9 59.4 58.0 56.6 43.8 63.4 45.1 12.4
BagTricks*+Joint 94.5 86.7 61.0 64.6 62.5 50.2 65.1 45.5 12.4
BagTricks!*/+Sep. 94.7 85.6 59.2 66.6 63.7 51.0 64.8 45.7 12.8
AGWE! 95.1 87.8 65.0 63.6 62.0 50.3 68.3 49.3 14.7
AGWE!+Joint 95.2 88.6 66.8 70.3 69.2 58.7 68.2 50.0 15.3
AGWPI+Sep. 95.0 86.8 64.3 70.6 67.9 56.7 68.1 48.5 14.6
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Fig. 4 The performance of our diff attention framework
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Table 2 The impact of different input transforms

Market-1501 CUHKO3 MSMT17

HFEE BAES pank mAP mINP Rank-1 mAP mINP Rank-1 mAP mINP
(%) (%) (%) (%) (%) (%) (%) (%) (%)

BagTricks™ Sub 95.0 86.0 60.0 64.5 62.2 49.6 65.5 46.5 13.3
BagTricks®  Sub+Squ  94.1 85.4 60.0 60.8 56.6 427 63.1 44.0 11.6
BagTricks)  SubtAbs 94.7 85.6 59.2 66.6 63.7 51.0 64.8 457 12.8
AGWE! Sub 94.6 86.2 63.3 70.1 67.3 56.0 67.5 47.8 14.4
AGWRI  Sub+Squ 944 85.7 61.3 68.5 66.1 543 65.8 45.1 1.7
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Fig. 5 The impact of different input transforms
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Table 3 Comparison results with other state-of-the-art

methods on Market-1501
o ik = Market-1501
Rank-1 (%) mAP (%)
4R RHE IDEM 2017 79.5 59.9
4R RHE SVDNet!'#! 2017 82.3 62.1
4 JRRHE TriNet?] 2017 84.9 69.1
4 R RHIE BagTricks!! 2019 94.5 85.9
4 JRRHE AGWEY 2021 95.1 87.8
Hofth PCB™ 2018 93.8 81.6
Hofth Mancs2! 2018 93.1 82.3
Hofth [ANet3! 2019 94.4 83.1
Fiht DGNetP4 2019 94.8 86.0
Fith PyrNet(3] 2019 93.6 81.7
FiAt Auto-ReIDBS! 2019 94.5 85.1
Hofth OSNet?"! 2019 94.8 86.7
oAt Circlel¥ 2020 94.2 84.9
oAt HOReIDP! 2020 94.2 84.9
FiAt TransReIDM 2021 95.0 88.2
AGW + Z 5 ER A+ G I 95.2 88.6
AGW + Z 5 E R 7 + Bl 25 95.0 86.8
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%= 4 7£ CUHKO03 E5EMHLH#HFENLEERER

Table 4 Comparison results with other state-of-the-art

methods on CUHK03
CUHKO03
HH Jr i A
Rank-1(%)  mAP (%)

2R RRE SVDNet!'#! 2017 41.5 37.3
A JRRFE BagTricks® 2019 58.0 56.6
4 JRRHE AGWE1 2021 63.6 62.0

oAt PCB™ 2018 63.7 57.5

oAt Mancs!* 2018 65.5 60.5

oAt MGNI#1 2018 66.8 66.0

Hofth DGNetl34 2019 65.6 61.1

HoAth PyrNet3s) 2019 68.0 63.8

AGW + Z 5 B+ A I 2R 70.3 69.2

AGW + 22 i ) + sl 45 70.6 67.9

#£5 7EMSMT17 E5EMHLHFENLEEER

Table 5 Comparison results with other state-of-the-art

methods on MSMT17
MSMT17
FA Jri G
Rank-1(%)  mAP (%)

4 JRRRAE BagTricks™ 2019 63.4 45.1
R REE AGWE! 2021 68.3 493

HAt PCBP 2018 68.2 40.4

HAt TANet?? 2019 75.5 46.8

HAt CBN[“2 2020 72.8 42.9

AGW + 7 F it 1)+ A IR 68.2 50.0

AGW + 2 5 5 7 + 5l 5 68.1 48.5
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