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Detector Re-id Method mAP(%)  Top-1(%)
DSIFT [65]+Euclidean 21.7 25.9
DISFT [65]+KISSME [41] 32.3 38.1
ACF BOW [66]+KISSME [41] 42.4 48.4
LOMO [40]+XQDA [40] 55.5 63.1
IDNet [51] 56.5 63.0
DSIFT [65]+Euclidean 11.3 11.7
DISFT [65]+KISSME [41] 13.4 13.9
CCF BOW [66]+KISSME [41] 26.9 29.3
LOMO [40]+XQDA [40] 41.2 46.4
IDNet [51] 50.9 57.1
DSIFT [65]+Euclidean 34.5 39.4
DISFT [65]+KISSME [41] 47.8 53.6
CNN BOW [66]+KISSME [41] 56.9 62.3
LOMO [40]+XQDA [40] 68.9 74.1
IDNet [51] 68.6 74.8
DSIFT [65]+Euclidean 41.1 45.9
DISFT [65]+KISSME [41] 56.2 61.9
GT BOW [66]+KISSME [41] 62.5 67.2
LOMO [40]+XQDA [40] 72.4 76.7
IDNet [51] 73.1 78.3
End-to-End(Initialized model) [57] 55.7 62.7
OIM [51] 75.5 78.7
IAN [67] 76.3 80.1
NPSM [49] 77.9 81.2
RCAA [68] 79.3 81.3
CNN,+MGTS [47] 83.0 83.7
I-Net 79.5 81.5
Context Graph [50] 84.1 86.5
DC-I-Net(VGG16) 83.7 85.8
DC-I-Net(Resnet50) 86.2 86.5
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Methods mAP(%) Top-1(%)
DPM [69]+BOW [66] 9.7 31.1
DPM [69]+]IDE,.; [45] 18.8 45.9
DPM-Alex+LOMO+XQDA [40] 13.0 34.1
DPM-Alex+IDE,,; [45] 20.3 47 .4
DPM-Alex+IDE,,.; + CWS [45] 20.5 48.3
ACF [18]+LOMO+XQDA [40] 10.5 30.9
ACF [18]+1DE ., [45] 17.5 43.8
ACF-Alex+LOMO+XQDA [40] 10.3 30.6
ACF-Alex+IDE,,, [45] 17.5 43.6
ACF-Alex+IDE,,; + CWS [45] 17.8 45.2
LDCF [19]+BOW [66] 9.1 29.8
LDCF [19]+LOMO+XQDA [40] 11.0 31.1
LDCEF [19]+IDE,,; [45] 18.3 44.6
LDCEF [19]+IDE,.,+CWS [45] 18.3 45.5
OIM [51] 21.3 499
NPSM [49] 24.2 53.1
[-Net 25.6 48.7
DC-I-Net(VGG16) 30.4 53.3
DC-I-Net(Resnet50) 31.8 55.1
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OIM [51] 38.2 39.5 55.5 60.5
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Top-10(%)

Loss Type mAP(%) Top-1(%) Top-5(%)
I-Net 79.5 81.5 92.2
I-Net (C*HEP) 80.9 83.4 94.1
DC-I-Net (HEP) 81.0 83.0 93.2
DC-I-Net 83.7 85.8 94.3
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Loss Type mAP(%) Top-1(%) Top-5(%) Top-10(%)
Triplet+HEP 67.8 69.6 87.6 92.2
OLP only 81.3 82.9 93.9 96.0
C>HEP only 82.2 84.7 94.0 96.0
OLP + HEP 81.9 83.9 93.9 95.6
OLP + C*HEP 83.7 85.8 94.3 96.1
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HIEFHX AT
mAP (%) 20 x 128 40 x 128 60 x 128
OLP only 81.4 81.3 81.8
OLP+C”HEP 82.5 83.7 83.1
Top-1 (%) 20 x 128 40 x 128 60 x 128
OLP only 83.5 82.9 83.4
OLP+C?HEP 84.7 85.8 85.2
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mAP(%) Top-1(%) Top-5(%) Top-10(%)

50 82.5 84.8 94.1 96.0
100 83.7 85.8 94.3 96.1
1000 83.1 85.0 94.6 95.8
5532 82.9 83.7 93.8 95.6
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OLP+C*HEP Contrastive Loss

mAP(%) Top-1(%) mAP(%) Top-1(%)
2-input 86.2 86.5 18.7 45.0
4-input 85.9 87.0 54.4 54.7
8-input 85.8 85.9 60.4 60.7
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