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Role-aware hard sample modeling for unsupervised visible-infrared person re-

identification

Li Qihong, Ma Bingpeng
School of Computer Science and Technology , University of Chinese Academy of Sciences , Beijing 100049, China

Abstract: Objective Visible-infrared person re-identification (VI-RelD) aims to retrieve images of the same person across
visible and infrared modalities captured by different cameras, and has attracted considerable attention due to its potential
applications in intelligent surveillance and all-weather pedestrian retrieval. However, VI-RelD remains challenging
because of the large modality discrepancy caused by different imaging mechanisms. Visible images usually contain rich

color and texture information, whereas infrared images mainly describe thermal radiation and structural characteristics,

%5 H #3:2026-07-23 ; f& =] H #7 : 2026-08-23
E&UE : HE QARSI H (WUH %5 :62276246)
Supported by : National Natural Science Foundation of China(62276246)

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

resulting in significant distribution differences between the two modalities. Recently, deep learning-based VI-RelD meth-
ods have achieved remarkable progress by learning modality-invariant feature representations with identity annotations.
Nevertheless, acquiring large-scale identity annotations for visible and infrared images is expensive and time-consuming,
which limits their application in practical scenarios. Therefore, unsupervised visible-infrared person re-identification
(USVI-RelD) has gradually become an important research topic. Existing USVI-RelD methods generally rely on clustering
algorithms to generate pseudo labels and employ contrastive learning frameworks to optimize feature representations.
Although these methods have achieved promising performance, the quality of learned representations is still affected by
insufficient hard sample mining strategies. Most existing methods select hard samples according to feature distances and
fail to consider the different optimization roles of hard positive and hard negative samples. In contrastive learning, hard
positives should maintain identity consistency while introducing challenging cross-modality variations to reduce intra-class
discrepancy, whereas hard negatives should emphasize visually similar but identity-different samples to improve inter-class
discrimination. Therefore, directly adopting a unified hard sample selection strategy may introduce noisy positive samples
or ineffective negative samples, which restricts the optimization ability of contrastive learning. To address this problem,
this study aims to propose a role-aware hard sample modeling framework for improving unsupervised cross-modality repre-
sentation learning. Method A role-aware hard sample modeling framework is proposed to construct hard positive and hard
negative samples according to their different optimization objectives. First, shared pseudo labels are obtained through
cross-modality clustering, and modality-specific identity centers are constructed for each identity cluster. Based on the fea-
ture shift between identity centers of different modalities, hard positive samples are generated along the cross-modality shift
direction. Unlike conventional hard positive mining strategies that select samples with large distances from cluster centers,
the proposed method introduces challenging modality variations while preserving identity consistency, thereby improving
cross-modality feature alignment. Second, a hard negative modeling strategy based on local cluster relationships is pro-
posed. Specifically, intra-identity features are divided into multiple sub-clusters, and neighboring clusters belonging to dif-
ferent identities are searched according to feature similarity. Hard negative samples are then generated along the direction
of neighboring clusters. By introducing locally confusing identity information, the proposed strategy enables the model to
focus on difficult inter-class relationships and learn more discriminative representations. Furthermore, inspired by curricu-
lum learning, a progressive training strategy is introduced to gradually adjust the difficulty of generated hard samples.
Instead of introducing excessively difficult samples at the beginning of training, the proposed strategy progressively
increases the generation magnitude, allowing the model to learn from simple samples to challenging samples and improving
optimization stability. Result Extensive experiments are conducted on two widely used USVI-RelD benchmark datasets,
SYSU-MMO1 and RegDB. SYSU-MMO1 contains visible and infrared images collected from multiple indoor and outdoor
cameras, with significant variations in illumination, viewpoint, and modality distribution. RegDB provides paired visible
and infrared images and is widely used for evaluating cross-modality retrieval performance. Rank-1 accuracy and mean
average precision (mAP) are adopted as evaluation metrics. Experimental results demonstrate that the proposed method
achieves superior performance compared with existing state-of-the-art USVI-RelD methods. On the SYSU-MMO1 dataset
under the all-search protocol, the proposed method improves Rank-1 accuracy and mAP by 5.5 and 4. 1 percentage points
compared with the best existing method, respectively. On the RegDB dataset under the visible-to-thermal retrieval setting,
the proposed method achieves 93. 0% Rank-1 accuracy and 86.2% mAP. Ablation studies further demonstrate the effec-
tiveness of hard positive modeling, hard negative modeling, and progressive training strategy. Conclusion The proposed
method provides a new perspective for hard sample modeling in USVI-RelD by considering the different optimization roles
of hard positive and hard negative samples. By constructing cross-modality shift-based hard positives and locally confusing
hard negatives, the proposed framework effectively enhances cross-modality consistency and identity discrimination.
Experimental results on two benchmark datasets verify the effectiveness of the proposed role-aware hard sample modeling
strategy, providing a potential solution for robust unsupervised visible-infrared person re-identification.
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Fig. 2 Overview of the proposed role-aware hard sample modeling framework
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SDCL(Yang % ,2024) 64.5 63.2 51.1 71.4 76.9 735
ASM(Pang 4 ,2025) 65.1 63.4 513 71.1 76.9 73.7
RAHSM (Ours) 70.6 67.5 54.1 76.0 80.4 77.0

T =R X B SO BATIZET R, RN A W 7 IR A B8 TG W O 1 PR BRI (i

FUGARAE B B S HE P 45 S 37 vl WOBRR S5 214 Mk
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A BN G o BE S, B0 25 J 301 T 4 ef 34 2
A I ARBRES , PRI 2 B 03 X 7 S 2R 2 i D) 2 R AIE
PRI S A VR . FERRIREE S8 A, M 0. 3, Al
RIE T RE A A C S50 K, FT K, B 16 F11,
BEHSE « EM0.05,

2.3 EMBEFEER
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WHG-21AMT AFE R (SVI-RelD) K 104> JC W ]
WYG-£1 M7 N E RS (USVI-RelD) J5 B 0B 474} He
gEIRINGE 1 N2 FR.

55 M Se UE A USVI-RelD J5 ¥ A1 HL , AR 5 &
FERZ O bR E IS5 . il WnAE SYSU-MMOL (1)
All-Search #5348 SC He Se 1 1) W] 28 Jr ik ASMLTE
Rank-1 Fl mAP 48 b1 b 20 545 &5 1 5. 5% Fl 4. 1%,
I EMRRERE T, AN EAE Rank-1 HERf R 5

mAP F SR BB B K. RER L
W K B BLA USVI-RelD Jy 71T 55 I E HUS
R AT M E AAREATEIN ZRrh R RIE T,
T X LA ] Bl e Joit i B 25 %) 55 5 2804050 . AR EL 2
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IO7 B AR A R . AR IR 3 PR

x2 S5FFEAIETE RegDB HIEE FAERE LR

Table 2. Performance comparison with state—of—the—art methods on the RegDB dataset

: A AR HUR (G- I
ok Rank-1 mAP mINP Rank-1 mAP mINP
AGW'(Ye %,2022) 70.1 66.4 50.2 70.5 65.9 512
CAJ (Ye %5,2021) 85.0 79.1 65.3 84.8 77.8 61.6
FMCNet'(Zhang % ,2022) 89.1 84.4 - 88.4 83.9 -
DEEN'(Zhang and Wang,2023) 91.1 85.1 - 89.5 83.4 -
PartMix'(Kim % ,2023) 85.7 823 - 84.9 82.5 -
RLE'(Zhang % ,2024) 92.8 88.6 - 91.0 86.6 -
CSDN'(Yu %,2025) 95.4 87.7 - 92.3 85.5 -
H2H (Liang % ,2021) 23.8 18.9 - - - -
OTLA (Wang % ,2022) 329 29.7 - 32.1 28.6 -
ADCA(Yang %,2022) 67.2 64.1 527 68.5 63.8 49.6
PGM(Wu and Ye,2023) 69.5 65.4 - 69.9 65.2 =
GUR(Yang %,2023) 73.9 70.2 58.9 75.0 69.9 56.2
MMM (Shi %,2025) 89.7 80.5 - 85.8 77.0 -
PCLHD(Shi 4,2024) 84.3 80.7 - 82.7 78.4 -
RPNR(Yin % ,2024) 90.9 84.7 - 90.1 83.2 -
SDCL(Yang % ,2024) 86.9 78.9 62.8 85.8 773 59.6
ASM (Pang % ,2025) 88.2 79.7 63.1 86.9 79.2 60.0
RAHSM (Ours) 93.0 862 73.0 91.2 83.8 68.6

T =" FOR R N SO P BAT IR R, 1R A W T s I A 8 TE M Oy i P R S

K3 ARRRA G ER R R

Table 3 Influence of different module combinations on model performance

Ty E % IR
Base CHP KHN PTS Rank-1 mAP Rank-1 mAP
] 59.52 58.61 66.71 73.05
] ] 68.47 65.53 73.51 78.28
1 1 65.50 64.76 7227 77.65
] ] 1 69.30 66.68 74.37 79.27
] ] ] ] 70.63 67.46 76.04 80.35

FEFE LA A rh BRI LR X o2 ST T AT T KU AR 1 PRI b A AR i B KHN, mAP 4
Tfl, PEREAIXT AT BR . BIAEFESBOS AL M MME bl B4R T X ULIASE T KO 4R e 1 1 PR e
IEFEA K RS CHP J5 , Rank-1 B 4R T, BEBASE  ARBAZ A &) imi 25 18] 5 TR 5 DX S8, DA S A 78 17y
TSRS A L REA RS A S 2N SRS S B AR 1. B, ik 51 AT ik 2 I 25 5K m

AR, TG TR B RSN SR RE ) o FEMCEER BRI PTS, BERMERE I — D4R Tt o 120K Wl i i A0 4 i
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Fig. 3 Influence of different hyperparameter settings on model performance
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Table 4 Performance comparison of different offset mag-

nitude updating strategies

ik EARELF

AT

Rank-1 mAP Rank-1 mAP
R 69.30 66.68 74.37 79.27
S5 69.91 66.52 73.73 78.23
LER 70.27 67.13 75.42 79.81
X H 70.63 67.46 76.04 80.35

2.7 ARSI
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e 2
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» 3 -
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. " iy,
i ¥ 3 . ¥
» £ | -«
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g ot * 2
(a) baseline (b) ours

((a) baseline; (b) ours)
K4 -SNERFIE5 A il Ak

Fig. 4  Visualization of t-SNE feature distributions
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Fig. 5 Visualization of cosine distance distributions for positive

and negative cross-modal matching pairs
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Fig. 6 Visualization of cross-modality retrieval results on the SYSU-MMO1 dataset
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