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Unsupervised Domain Adaptive Pedestrian Re-identification Based on Counterfactual Attention
Learning

DAT Xuesong, LI Xiaohong,ZHANG Jingjing, QI Meibin and LIU Yimin

School of Computer Science and Information Engineering, Hefei University of Technology, Hefei 230601, China

Abstract Most of the existing unsupervised domain adaptive pedestrian re-identification methods combine clustering-based pseu-
do-label prediction with feature fine-tuning. Due to the differences between domains,incorrect pseudo-labels are generated during
the clustering process,making pseudo-labels unreliable to a certain extent, misleading feature representation learning,and affec-
ting the performance of domain-adaptive models. First,a novel unsupervised domain adaptive network based on counterfactual at-
tention learning is designed, which guides and optimizes the training process by measuring the quality of attention learning,
prompting the model to focus on more accurate attention features and reducing the generation of noisy pseudo-labels. Secondly,a
noisy samples optimization method based on uncertainty evaluation is proposed. By measuring the inconsistency level between the
output features of the student model and the teacher model,as the uncertainty distribution of pedestrian samples in the target do-
main. The teacher model and the student model are both constructed based on the average teacher method. The uncertainty of the
sample is used to reasonably weight each part of the overall loss of the network,and the erroneous influence of the sample with
high uncertainty on the overall loss of the model is corrected,and the recognition performance of the target domain is further im-
proved. Experimental data show that the proposed method significantly improves the experimental results in both the source do-
main DukeMTMC-relD/Market-1501 and the target domain Market-1501/DukeMTMC-relD, with mAP and Rank-1 reaching
82.9%,93.6% and 71. 8% .84. 4% ,respectively.

Keywords Person re-identification, Unsupervised, Domain adaptive,Counterfactual attention, Uncertainty estimation
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PDA-Net'?3 75.2 86. 3 90. 2 47.6 63.2 77.0 82.5 45.1
pcB™! 78.4 — — 54.6 72,4 — — 54.3
ssGh 80.0 90.0 92.4 58.3 73.0 80. 6 83.2 53.4
MPLP24) 84.4 32.8 95.0 60. 4 72.4 82.9 85.0 51.4
AD-Cluster" ! 86.7 94. 4 96.5 68.3 72.6 82.5 85.5 54.1
MMTES] 87.7 94. 9 96.9 71.2 78.0 88. 8 92.5 65.1
NRMTL! 87.8 94. 6 96.5 71.7 77.8 86. 9 89.5 62.2
UNRN- 2] 91.9 96. 1 97.8 78.1 82.0 90. 7 93.5 69.1
GLTM! 92.2 96.5 97.8 79.5 82.0 90. 2 92.8 69. 2
A X 93.6 97.5 98.4 82.9 84.4 91.3 93.4 71.8

# 2 MSMTL7 ¥4 bR W) 50 M B 48 A5 % L

Table 2 Comparison of performance metrics of different algorithms on MSMT17 datasets

CRLA 2 )
] DukeMTMC—>MSMT17 Market1501—>MSMT17
Algorithm —
Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10 mAP
ECNES! 25.3 36.3 42.1 8.5 30.3 41.5 46.8 10.2
ssGl? 31.6 — 19.6 13.2 32.2 — 51.2 13.3
DDAM?% 44.5 — — 20. 8 46.7 — — 21.6
MMTES] 49.2 63.1 68.8 22.9 50. 1 63.9 69. 8 22.3
NRMTL 43.7 56.5 62.2 19.8 45.2 57.8 63.3 20. 6
UNRN!Z 52.4 64.7 69.7 25.3 54.9 67.3 70.6 26. 2
A X 53.9 65.3 70. 4 26. 8 56. 8 69.2 71.5 28.3
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Fig. 4 Effect of hyperparameter A, on experimental results
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Table 3 Evaluation of the effectiveness of modules on DukeMTMC and Market1501 datasets
CHLA 2 60

Algorithm DukeMTMC—>Market1501 Market1501—=>DukeMTMC
Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10 mAP
Pretrain 65.1 78.9 83.5 34.6 52.6 68. 4 73.5 35.5
Baseline 85.7 93.2 95.0 69.1 77.3 97.3 90.9 62.6
StrongBaseline 91.8 96. 4 97.3 78.7 82.0 90.5 92.4 68.4
+CAL 92.0 96. 6 97.6 79.7 81.5 90. 2 92.1 68.7
+UNEM 93.5 97.3 98.2 82.0 84.2 91.5 93.5 72.0
+CAL+UNEM 93.6 97.5 98.4 82.9 84.4 91.3 93.4 71.8
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