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Fig. 1 Different networks for RGB-IR person Re-ID.
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Fig. 3 The overall framework of our base-derivative network.
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Fig. 4 Cross-modality constraints.



Experiments and Results

Table 1: compARISON RESULTS(%) AT RANK r WITH THE STATE-OF-THE-ART Table 2: coMPARISON RESULTS(%) WITH THE STATE-OF-THE-ART
CROSS-MODALITY RE-ID METHODS ON THE SYSU-MMO1 DATASET. CROSS-MODALITY RE-ID METHODS ON THE REGDB DATASET.
M All-search Indoor-search
Methods —
Rl | R10 [ R20 [ mAP | RI | R10 | R20 | mAP Methods visible2thermal
Zero-Padding [20] rccvir | 148 | 54.12 | 71.33 | 15.95 | 20.58 | 68.38 | 85.79 | 26.92 Rl | RI0 | R20 | mAP
HCML [7] 444115 14.32 | 53.16 | 69.17 | 16.16 | 2452 | - - | 3008 Zero-Padding (20] jcovyr | 1775 | 3421 | 4435 | 18.90
D-HSME [10] aaarie | 2068 | 6274 [ 7795 2302 | - | - | - | - UOML U] aciass | 2042 | 9189 | 5548 | 06
eBDTR [6] 715517 27.82 | 67.34 | 81.34 | 28.42 | 3246 | 77.42 | 89.62 | 42.46 emg lligll i ;2:3; 252‘:22 ;’?15 :;3‘;
cmGAN [24] ;ycans | 2697 | 6751 | 80.56 | 27.8 | 3163 | 77.23 | 89.18 | 42.19 D2RL [12] v preto 434 | 6610 | 7630 | 441
D°RL [12] cv pri9 289 | 70.60 | 82.40 | 29.20 | - - - - MSR [9] 77 P10 4843 | 7032 | 79.95 | 48.67
MAC [8] arario 33.26 | 79.04 | 90.09 | 36.22 | 33.37 | 82.49 | 93.69 | 4495 D-HSME [10] 444719 50.85 | 7336 | 81.66 | 47.00
MSR [9] 71p19 37.35 | 83.40 | 93.34 | 38.11 | 39.64 | 89.29 | 97.66 | 50.88 AlignGAN [13] ;eovie | 579 , . 53.6
AlignGAN [13] jeovie | 424 | 85.00 | 9370 | 407 | 459 | 87.6 | 944 | 54.3 XIV [16] aaA120 6221 | 83.13 | 91.72 | 60.18
Hi-CMD [23] cvproo | 3494 | 77.58 | - | 3594 | - - - - Hi-CMD [23] cvpr2o | 70.93 | 86.39 - 66.04
JSIA [25] Axai20 38.10 | 80.7 | 89.9 | 369 | 438 | 862 | 942 | 529 Ours 80.67 | 87.72 | 9045 | 78.83
Ours 5105 | 87.75 | 94.43 | 49.63 | 5593 | 91.55 | 96.95 | 63.38




Experiments and Results

Table 3: COMPARISON RESULTS(%) WITH THE BASELINE AND THE AGW USING
THE SAME BACK-BONE ON THE SYSU-MMO1 AND REGDB DATASETS.

SYSU-MMOT

Methods RegDB all-search indoor-search
Rl | mAP | Rl [ mAP [ R1 [ mAP

Baseline 6579 | 64.60 | 42.83 | 41.07 | 47.66 | 56.50
AGW [22] 2020 | 70.05 | 66.37 | 47.50 | 47.65 | 54.17 | 62.97
Ours 80.67 | 78.83 | 31.05 | 49.63 | 55.93 | 63.38

Table 4: ABLATION STUDY ON THE SYSU AND REGDB DATASET. ‘B’ MEANS ‘BASELINE’ AND THE SUPERSCRIPT
REPRESENTS DIFFERENT TYPES OF MML AND MDL LOSS.

. Loss SYSU-MMO1
Methods Modality D | MML MDL RegDB all-search indoor-search
1| V| D;| Dy LV [ VD; [ LDy | D;.Dy RT | mAP RI | mAP RI | mAP
Bl v | ¥ X X v X X 4534 | 39.79 | 3349 | 3369 | 36.82 | 47.14
B2 v | v X X v v v | x| x| X 65.79 | 64.69 | 42.83 | 41.97 | 47.66 | 56.50

Ours

B2+MML+MDL* | v | ¢ v X v v v v X X 7998 | 77.76 | 41.58 | 42.33 | 46.02 | 55.11
B2+MML+MDL? | v | ¢ X v v v v X v X 7542 | 74.17 | 48.14 | 47.06 | 53.97 | 62.15
B2+MML+MDL"® | v | ¢ v v v v v v v v 79.21 | 76.85 | 50.66 | 49.64 | 56.57 | 64.11
B2+MML+MDL? | « v v v v v v v v x 80.67 | 78.83 | 51.05 | 49.63 | 5593 | 63.38




Conclusion

* A base-derivative framework for cross-modality person Re-ID is
proposed.

* Multi-mode intra-modality loss and multi-directional cross-modality

loss are designed to promote the reduction of intra- and cross-
modality discrepancy.

Thanks!



