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Abstract: Unsupervised visible-infrared person re-identification (USVI-RelD) is a highly important and
challenging task. The key difficulty lies in effectively generating pseudo-labels and establishing cross-modality
correspondences without relying on any annotations. Recently, generating pseudo-labels using clustering
algorithms has attracted increasing attention in USVI-RelD. However, previous methods typically selected a
single centroid prototype to represent an individual or randomly selected prototypes based on a fixed strategy
for cross-modal correspondence. This approach not only overlooks the diversity of individual characteristics
but also fails to account for the negative impact of incorrect samples on model training during clustering. To
address these issues, we propose soft-weight prototype contrastive learning (SWPCL). This method first
introduces a soft prototype (SP) selection strategy, which selects the nearest neighbor samples of the centroid
prototype as the soft prototype based on the similarity between individual features, providing rich positive
supervised information to the model. To further eliminate the interference of erroneous prototypes on model
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training, a soft-weight (SW) strategy is proposed to quantitatively measure the correlation between each

selected soft prototype and the corresponding centroid prototype. These prototypes are then integrated into

contrastive learning through a soft-weighting mechanism. Finally, a progressive learning strategy is introduced

to gradually shift the model's focus toward reliable soft prototypes, thereby avoiding clustering degradation.

Extensive experiments on the public SYSU-MMO1 and RegDB datasets demonstrate the effectiveness of the

proposed SWPCL method.

Key words : visible-infrared, unsupervised learning, person re-identification, soft-weight, contrastive
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Table 1 Comparisons with state-of-the-art methods on SYSU-MMO01 and RegDB, including SVI-RelD and USVI-RelD methods (All

methods are measured by Rank-1 (%) and mAP (%))

%

Settings SYSU-MMO1 RegDB
All Search Indoor Search ~ Visable to Theamal Thermal to Visable
Type Methods Rank-1 mAP Rank-1 mAP Rank-1 mAP Ramk-1 mAP
DDAGI!] 54.8 53.0 610 68.0 694 63.5 68.1 61.8
AGWB4 47.5 477 542 63.0 70.1 66.4 70.5 65.9
NFSE7] 56.9 55,5 62.8 69.8 80.5 721 78.0 69.8
LbA! 55.4 541 585 66.3 74.2 67.6 72.4 65.5
CAJal 69.9 66.9 76.3 80.4 85.0 79.1 84.8 77.8
MPANetl8l  70.6 68.2 76.7 81.0 837 80.9 82.8 80.7
SVI-RelD DARTIEI 68.7 66.3 725 78.2 83.6 75.7 82.0 73.8
FMCNet 66.3 625 68.2 74.1 89.1 84.4 88.4 83.9
MAUM16] 71.7 68.8 77.0 819 879 85.1 87.0 84.3
DEENI 4.7 71.8 80.3 83.3 911 85.1 89.5 83.4
SGIEL[Y 77.1 723 821 83.0 922 86.6 91.1 85.2
PartMixB3!  77.8 746 815 84.4 85.7 82.3 84.9 82.5
FDNM[! 77.8 75.1 87.3 89.1 955 90.0 94.0 88.7
OTLAR] 29.9 271 298 38.8 329 29.7 321 28.6
ADCAIZ] 455 427 50.6 59.1 67.2 64.1 68.5 63.8
CCLNetl® 540 50.2 56.7 65.1 69.9 65.5 70.2 66.7
USVI-RelD PGMI2] 57.3 51.8 56.2 62.7 695 65.4 69.9 65.2
GUR[ 61.0 57.0 64.2 69.5 739 70.2 75.0 69.9
PCLMPBO  64.4 58.7 69.5 744 84.3 80.7 82.7 78.4
Ours 66.4 60.1 705 75.6 857 82.1 84.2 79.8

Note: The bold fonts represent the best in each category
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