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Abstract

Unsupervised visible-infrared person re-identification
(USL-VI-RelD) aims to train a cross-modality retrieval
model without labels, reducing the reliance on expensive
cross-modality manual annotation.  However, existing
USL-VI-RelD methods rely on artificially cross-modality
paired data as implicit supervision, which is also expensive
for human annotation and contrary to the setting of unsu-
pervised tasks. In addition, this full alignment of identity
across modalities is inconsistent with real-world scenarios,
where unpaired settings are prevalent. To this end, we study
the USL-VI-RelD task under unpaired settings, which uses
cross-modality unpaired and unlabeled data for training
a VI-RelID model. We propose a novel Mapping and
Collaborative Learning (MCL) framework. Specifically, we
first design a simple yet effective Cross-modality Feature
Mapping (CFM) module to map and generate fake cross-
modality positive feature pairs, constructing a cross-modal
pseudo-identity space for feature alignment. Then, a
Static-Dynamic Collaborative (SDC) learning strategy is
proposed to align cross-modality correspondences through
a collaborative approach, eliminating inter-modality
discrepancies across different aspects i.e., cluster-level
and instance-level, in scenarios with cross-modal identity
mismatches.  Extensive experiments on the conducted
SYSU-MMO1 and RegDB benchmarks under paired and
unpaired settings demonstrate that our proposed MCL
significantly outperforms existing unsupervised methods,
facilitating USL-VI-RelD to real-world deployment.

1. Introduction

Person re-identification (ReID) focuses on retrieving spe-
cific individuals across non-overlapping cameras [1, 50].
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Figure 1. Illustration of the motivation. Previous advanced works
for USL-VI-ReID mainly focus on paired settings, which leads
to the leakage of supervised information and is inconsistent with
the real-world scenarios. Under the underexplored unpaired set-
tings, the cross-modality correspondences are hard to align with
unpaired and unlabeled data, which poses a great challenge of
how to establish the relation of unpaired samples among differ-
ent modalities for learning modality-invariant knowledge.

Traditional ReID methods primarily rely on daytime
visible-light images, which struggle to extract discrimi-
native features in low-light environments, limiting single-
modality ReID deployment in real-world surveillance [13,
26]. To address this problem, the cross-modality visible-
infrared person re-identification (VI-RelD) is proposed to
identify the same person across a set of visible and in-
frared images [42]. While supervised VI-ReID methods use
plenty of costly cross-modality (visible-infrared) identity
labels to learn modality-invariant feature representations
[15, 19, 30, 38, 41], the unsupervised VI-RelD (USL-VI-
RelD) methods eliminate the need for annotation by gener-
ating pseudo-labels [20, 31, 32], which reduce the cost of
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expensive cross-modality annotations.

However, existing USL-VI-ReID methods [2—4, 16, 31,
33, 37] operate under the unrealistic assumption of precisely
paired cross-modality data, which contradicts real-world
scenarios where unpaired settings are more common, as
shown in Fig. 1. For instance, a commuter captured by day-
time visible cameras may never appear in nighttime infrared
surveillance due to social behaviors or hidden activity pat-
terns [14]. More critically, this unrealistic assumption intro-
duces supervised information leakage, violating the unsu-
pervised paradigm and necessitating extensive, costly anno-
tations. To bridge this gap, we introduce a new task: unsu-
pervised visible-infrared person re-identification under un-
paired settings, which seeks to train a cross-modality RelD
model using unpaired and unlabeled data. When applied
to unpaired scenarios, existing USL-VI-RelD methods face
two fundamental challenges, as shown in Fig. 1. First,
pseudo-label generation depends on cross-modality corre-
spondences, which are absent in unpaired settings, leading
to erroneous label assignments. Second, the lack of identity
pairs across modalities amplifies the modality gap, hinder-
ing effective feature alignment and obstructing the learning
of modality-invariant representations.

To overcome these challenges, we construct the first
public visible-infrared pedestrian benchmarks under un-
paired settings. Based on these benchmarks, we propose a
novel Mapping and Collaborative Learning (MCL) frame-
work that establishes cross-modality associations without
paired supervision. To handle the absence of paired data,
the Cross-modality Feature Mapping (CFM) module is de-
signed to supplement the missing cross-modality paired
data while preserving identity consistency. Then, a Static-
Dynamic Collaborative (SDC) learning strategy is proposed
to achieve unprecedented capability in bridging modal-
ity gaps through dual-level alignment. The static learn-
ing could establish holistic identity prototypes that capture
comprehensive identity characteristics at cluster level, en-
suring robust alignment under severe modality mismatches
and improving the reliability of cross-modality correspon-
dence. For the dynamic learning strategy, it can reduce
the discrepancy between the two modalities by pulling fake
samples towards their corresponding actual ones, thereby
narrowing the modality gap through instance-level inter-
modality alignment. Joint learning of the static and dynamic
method forms a collaborative learning strategy, achieving
better learning of discriminative and modality-invariant rep-
resentations for cross-modality retrieval.

The main contributions can be summarized as follows:

* We formally characterize the prevalent unpaired settings
encountered in real-world scenarios and introduce the
first public visible-infrared pedestrian benchmarks under
such conditions. To our knowledge, this work marks the
inaugural exploration of unsupervised scenarios featuring

cross-modal identity mismatches.

* We propose a novel Mapping and Collaborative Learn-
ing (MCL) framework to address the problem of lack-
ing cross-modality paired and labeled data under un-
paired settings, establishing a kind of implicit cross-
modality associations without paired supervision for
learning modality-invariant representations.

* We introduce a straightforward yet effective Cross-
modality Feature Mapping (CFM) module that synthe-
sizes positive feature pairs across modalities to achieve
robust alignment. Building upon these synthesized pairs,
a novel Static-Dynamic Collaborative (SDC) learning
strategy is designed to mitigate cross-modality discrepan-
cies at both the cluster and instance levels by leveraging
complementary static and dynamic optimization.

» Extensive experiments on two benchmark datasets
demonstrate that the proposed framework surpasses ex-
isting state-of-the-art USL-VI-ReID methods in unpaired
settings, while maintaining competitive performance un-
der paired scenarios.

2. RELATED WORK
2.1. Supervised Visible-Infrared Person RelD

Supervised visible-infrared person re-identification (VI-
RelD) has received considerable attention for its applica-
bility in 24-hour surveillance systems. A key challenge is
to mitigate the significant intra-class discrepancies between
the visible and infrared modalities [29]. Current approaches
bridging this cross-modality gap can fall into two cate-
gories: image-level and feature-level matching. Image-level
methods [25, 36] focus on the generation of cross-modal
images to extract modality-invariant features. In contrast,
feature-level alignment approaches [9, 17, 18, 28, 35, 40]
impose constraints to embed heterogeneous images into a
shared feature space. However, these methods rely heavily
on extensive cross-modality annotation, which is expensive
and time-consuming, making supervised VI-RelD less scal-
able in real-world deployments.

2.2. Unsupervised Visible-Infrared Person RelD

Unsupervised visible-infrared person re-identification
(USL-VI-RelID) faces two key challenges. First, the
significant modality gap between visible and infrared
data amplifies intra-class variation, making it difficult
to consistently generate cross-modality pseudo-labels.
Second, the lack of annotated cross-modality identities
prevents the learning of modality-invariant representations.
Previous work [16, 23, 24, 32, 34, 43, 51] are mainly
based on pseudo labels, which establish a bridge with the
supervised method. H2H [16] first pioneers a two-stage
learning framework, and OTLA [24] introduces an optimal
transport strategy for further pseudo-label assignment.
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However, both methods rely on external RGB datasets for
pre-training, while OTLA also assumes uniform infrared-
to-visible label distributions, which is an impractical
constraint for real-world scalability. Yang et al. [32]
explore cluster-level relationships through cross-modality
memory aggregation, but fail to address identity mismatch
scenarios. Critically, existing approaches require full cross-
modality identity alignment during training, rendering
them inapplicable to unpaired data settings.

3. Methodology

3.1. Preliminary

We propose a Mapping and Collaborative Learnin (MCL)
framework for USL-VI-RelD under unpaired settings, as
shown in Fig. 2. Our MCL has two components includ-
ing Cross-modality Feature Mapping (CFM) module and
Static-Dynamic Collaborative (SDC) learning strategy. In
this paper, we follow Augmented Dual-Contrastive Aggre-
gation (ADCA) [32] to establish our baseline, where a dual-
path contrastive learning framework with two modality-
specific memories to learn intra-modality representations.

To facilitate the description of our method, we first in-
troduce the notations used in this paper. Let X,, =
{z}, 22, ...z} denote the unlabeled infrared/visible
images with N, instances, where m € {i,v} denotes
the infrared and visible modality, respectively. U,, =
{ul ,u? ..., ulN"} represents the corresponding features
extracted by the modality-specific feature extractor f?, . g,
is the query instance feature extracted by f,,gn. {g’;@} ,]j;”l rep-
resents the ground-truth labels of different modalities. In
this work, we study the under-explored unpaired settings
of USL-VI-RelD, where there are unpaired cross-modality
data in the training set, i.e., there exist k, [ that satisfy
7 # gl. In comparison, existing USL-VI-ReID methods
are under the traditional label settings where a large number
of cross-modality positive pairs are captured in the training
data, i.e., 7¥ = 7, for all k, L.

3.2. Cross-modality Feature Mapping
In USL-VI-RelD, the feature extractor f¢ is designed to ex-

m
tract discriminative representation u*, = f? (xF ) for im-

age x¥ to match, as described by:

D(ug,,uf,) < D(ug,,,up,, ), (1)

Mg Mn

a

where D denotes a distance function, and u uP , and

Meg? My

u,, represent the anchor, positive, and negative features
extracted from modalities mg, m,, and m,,, respectively.
The goal is to ensure that the anchor is closer to the positive
than to the negative in the feature space. By reducing the
distance between cross-modality positive pairs (i.e., uy,
and uf, ~ with m, # my), the discrepancy can be elim-
inated across modalities, which facilitates the learning of
discriminative features.

However, in unpaired settings, the lack of cross-modality
positive pairs in the training data poses a significant chal-
lenge. Given an anchor feature u;’na, it is difficult to find a
corresponding positive sample uf, from a different modal-
ity, which hinders the ability to model intra-class variations
across modalities. Therefore, establishing the relation be-
tween unpaired cross-modal data is paramount.

To handle this situation, we substitute the unavailable ac-
tual cross-modality positive pair (u,‘}na,uf’%) with a syn-
thetic or fake positive pair (uy, , @}, ). The fake feature
ﬁﬁlp is generated through a modality-aware transformation:

ﬁ%p = Mapping(u;lna 5 mp)? (2)

where Mapping denotes a function that projects the feature
uy,  from its source modality m,, into the feature space of
the target modality m,,.

To achieve the transformation, we introduce a cross-
modality feature mapping module comprising two
modality-specific mappers, each of which estimates the
modality-dependent moment statistics {f,,, 02, } of fea-
ture distributions. For a given set of features from modality

m, the associated mapper derives its mean and variance by:

1 N7YL 1
_ k 2 _
= -2 U T = N
k=1
3)

where u.,, and o, are the modality-specific mean and vari-
ance, respectively.

In the cross-modality feature mapping process, a feature
u® of modality m is transformed to a fake feature in the
modality-specific distribution of a different modality m/' by:

1Lﬁz"anﬂ
Vol +e
where v and ( are scaling and shifting parameters of m/'-
specific mapper, which are learned during training. € is a
small constant to ensure stability.

The CFM module applies a cross-modality affine trans-
formation to align source features with the target distribu-
tion by matching mean and variance. We precisely estimate
the distributions of both modalities and use the transfor-
mation to map features. Since the actual feature u¥, and
mapped feature '&fn, are encoded from the same image x*,
we regard they share the same identity (7%, = y¥,) and re-
spectively construct an original modality-specific space and
a cross-modal pseudo-identity space for further alignment.

k

@y, = Mapping(u,,m’) =~ -¢ @

3.3. Static-Dynamic Collaborative Learning

The CFM module complements the missing cross-modality
unpaired data by estimating modality-specific feature dis-
tributions and transforming them into different modalities.
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Figure 2. Illustration of mapping and collaborative learning framework. The framework integrates two core components: a Cross-Modality
Feature Mapping (CFM) module and a Static-Dynamic Collaborative (SDC) learning strategy. The CFM synthesizes cross-modality
positive feature pairs by estimating modality-specific distributions. Concurrently, the SDC strategy addresses inter-modality discrepancies
through a twofold alignment: (1) Static Learning employs multi-memory banks to derive reliable cross-modality correspondences by
learning holistic representations, establishing robust cluster-level associations. (2) Dynamic Learning utilizes a cross-modality label-
preserving loss (CLP) to bridge substantial modality gaps, achieving fine-grained instance-level alignment.

However, it does not use any features prior to and after
the mapping process to align cross-modal correspondences.
To associate fake cross-modality positive feature pairs and
effectively eliminate inter-modality discrepancies, we pro-
pose a static-dynamic collaborative learning framework to
bridge the gap between the visible and infrared modalities
both at cluster-level and instance-level.

Static Learning. We note that the existing methods typi-
cally rely on a single memory to represent individual char-
acteristics and establish cross-modality correspondences.
However, a single memory may not capture all individual
nuances in scenarios with cross-modal identity mismatches,
which naturally leads to poor cross-modality correspon-
dences. Therefore, we design a static learning method to ob-
tain reliable cross-modality correspondences by clustering
actual samples and fake cross-modality samples as multi-
memory banks, jointly conducting the contrastive learning
in the original modality-specific space and the cross-modal
pseudo-identity space.

At the beginning of each training epoch, all infrared

and visible features U; and U,, are firstly clustered to gen-
erate pseudo labels, where each cluster’s representations
{¢}, ..., 0K} and {¢}, ..., ¢L} of infrared and visible fea-
tures are stored in infrared and visible memory dictionaries.
This process can be written as:

1
M:W > u?,qﬁl—w >oowr, )

Yl urent umeH,

where Hf(v) is the k-th cluster set in infrared or visible
modality, and || is the number of instances per cluster.
Then, these actual features U; and U, are transformed
into corresponding fake cross-modality features U, and U;
through CFM. While this mapping process alters the fea-
ture distributions, it preserves the original identity informa-
tion. To maintain consistency in the number of clusters,
DBSCAN is applied solely to the actual features for gen-
erating pseudo identity labels. Consequently, the cluster
representations of the fake cross-modality features are de-
noted as {2, ..., ¢X} and {({5117 . ngSlL}, which constitute
two additional memory banks in the cross-modal pseudo-
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identity space. This process is formally defined as:

e ¥ s oo 2

ke A 71 A
Hy apeHE Hi ameH!

(=33

i (6)

where 7:1;“(1}) denotes the k-th cluster set in the mapped in-
frared or visible modality, and |-| indicates the number of
instances per cluster.

During training, we sample P person identities and Z
instances for each identity from each modality training set.
Then, we use a batch of infrared and visible queries to up-
date the actual memories by a momentum updating strategy:

k

oF0 — Bl 1 (1 - B)q;, 7

)« B0~V + (1 - B)qu, (8)

The memories of fake cross-modality features are up-
dated by a similar momentum strategy:

O BECD 1 (1 - B, )

& 50V + (1 - P)qy, (10)

where [ is the momentum factor and § is the iteration step.
In each iteration, the feature extractors are jointly up-
dated by a multi ClusterNCE [7] loss, including the actual
infrared loss £;, actual visible loss £,, fake infrared loss
L;, and fake visible loss L, by the following equations:

exp (q; - @] /7)

L; = —log ) (11)
Yoo exp (qi - ¢F/7)
exp (qu - o /7)
L, = —log ) (12)
S exp(gu - ¢ /7)
A o (a0 6217)
L; = —log — —, (13)
Zl:l €xXp (QU : (bi/’r)
. exp (Qz' : ng/ 7')
L, =—log , (14)

Siyexp (ai- dk/7)

where ¢, and ¢} are the positive representation vector of
the actual infrared and visible cluster, respectively, corre-
sponding to the pseudo label of the query. (]Abj' and (]Bj are
the positive feature vector of the fake infrared and visible
cluster. The 7 is a temperature hyper-parameter.

Certainly, four types of ClusterNCE [5] loss are designed
to learn discriminative representation:

Loy =Li+ Lo+ Li+ L. (15)

Dynamic Learning. The generated cross-modality sam-
ples are useful in bridging significant inter-modality dis-
crepancies by including the abundant information of miss-
ing identities. However, it is expected that these samples
will not change significantly, as they share the same iden-
tity with the original samples, which should be aligned dur-
ing the learning. Inspired by ISE [45], we further propose
a Cross-modality Label Preserving (CLP) loss to enforce
the fake cross-modality features to be close to their corre-
sponding actual features, which facilitates the learning of
cross-modality representations at the instance level. Dur-
ing training, the CLP loss enforces identity consistency be-
tween the actual and mapped features, allowing CFM to
transfer cross-modal knowledge and capture the complex,
non-linear modality discrepancies.

Certainly, two types of CLP loss function are introduced
in the dynamic learning method:

‘ im(u; - at) /7
,CZCLP = _IOg Ce.XP(Slm,(UZ S 241- ) ’ (16)
>0, exp(sim(u, - @5)/)

; T /
Lépp = —log Cexp(51m.(uv i 2/i ) ) 17
> o2y exp(sim(u, - 45)/7')

where C; and C,, are the cluster number of a mini-batch in
infrared and visible modality, respectively. sim(-) denotes
the cosine similarity. ;" is the hardest positive fake visible
sample for a given infrared feature w;, and w¢~ is the hard-
est negative one in the c-th fake visible cluster of a mini-
batch. 4] and 4{~ are defined similarly to above. 7’ is a
temperature hyper-parameter.

Consequently, the two cross-modality label preserving
loss functions are combined in the dynamic learning method
to learn distinctive representations:

Lpr, = Larp + LA p. (18)

Collaborative Learning. The cluster-level static learning
method and instance-level dynamic learning method jointly
forms the static-dynamic collaborative learning strategy,
which aims to achieve better learning of discriminative and
modality-invariant representations in the absence of cross-
modality identity pairs.

The overall loss for training the model is defined by the
following equation:

£overall = ‘CSL + 77£DL7 (19)
where 7 is the loss weight, balancing two loss functions.
4. EXPERIMENTS

4.1. Datasets and Evaluation Protocol

Paired Datasets. To validate the proposed framework un-
der paired settings, we conduct comprehensive evaluations
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SYSU-MMOI (unpaired settings) RegDB (unpaired settings)

All Search Indoor Search Visible to Infrared Infrared to Visible
« value Methods Venue rl mAP  mINP rl mAP  mINP rl mAP  mINP rl mAP  mINP
ADCA [32] MM-22 | 41.80 37.54 22.04 | 47.00 5624 51.79 | 50.82 43.72 42.63 | 64.22 5590 44.29
OTPA [47] arXiv-24 | 49.15 4475 30.62 | 51.70 60.82 57.23 | 51.37 50.30 44.60 | 66.27 6582 64.97
MMM [20] ECCV-24 | 54.68 47.35 3542 | 55.19 63.76 61.21 | 6227 5509 4434 | 76.69 69.93 66.44
0.25 PCAL[37] TIFS-25 | 48.84 4130 26.05 | 5048 62.63 59.72 | 59.33 5626 45.73 | 77.18 7524 63.83
N-ULC [21] | AAAI-25 | 53,70 49.69 33.56 | 57.39 65.00 60.64 | 60.76 56.82 4291 | 79.35 76.06 60.40
MCL (Ours) - 58.57 57.74 4545 | 65.72 71.84 68.30 | 6597 63.53 55.84 | 8431 78.67 67.28
ADCA [32] MM-22 | 3434 3221 18.76 | 36.59 47.07 4323 | 40.28 32.60 3493 | 52.94 4748 37.05
OTPA [47] arXiv-24 | 48.80 45.64 31.01 | 49.19 58.74 54.83 | 40.58 41.52 3244 | 59.26 58.68 57.13
MMM [20] ECCV-24 | 44.14 4294 30.71 | 5425 60.17 5249 | 5290 4391 36.51 | 63.91 58.17 58.47
0.5 PCAL[37] TIFS-25 | 46.24 37.62 22.03 | 4539 5273 4642 | 4648 47.88 36.05 | 6421 6630 50.41
N-ULC [21] | AAAI-25 | 4936 45.12 29.17 | 51.59 6024 5589 | 5024 4596 34.61 | 70.31 62.84 54.74
MCL (Ours) - 5429 5398 42.64 | 61.71 68.45 6440 | 60.78 59.69 5291 | 80.36 73.02 64.25
ADCA [32] MM-22 | 32.66 30.61 1798 | 37.02 47.59 4379 | 35.80 28.71 27.96 | 47.28 43.92 34.70
OTPA [47] arXiv-24 | 33.65 30.50 16.94 | 453 5332 50.17 | 31.48 35.60 29.52 | 51.98 49.25 47.62
MMM [20] ECCV-24 | 36.19 34.60 23.56 | 4391 50.60 4520 | 41.73 38.64 32.75 | 54779 4790 46.16
0.75 PCAL[37] TIFS-25 | 30.74 29.83 20.54 | 40.60 47.42 39.34 | 38.10 37.09 33.54 | 59.80 59.61 47.20
N-ULC [21] | AAAI-25 | 4256 39.44 27.06 | 55.03 63.11 5880 | 43.38 39.27 30.06 | 66.72 57.51 44.38
MCL (Ours) - 52.16 51.57 39.57 | 59.63 66.46 62.24 | 5530 52.79 48.26 | 74.19 69.37 60.58
ADCA [32] MM-22 | 2348 23.23 1253 | 28.39 3740 32.80 | 26.18 1593 14.72 | 33.10 28.43 2495
OTPA [47] arXiv-24 | 20.53 1946 10.32 | 36.18 43.54 40.02 | 19.20 18.03 19.70 | 39.74 38.42 35.11
MMM [20] ECCV-24 | 30.81 27.53 1792 | 36.19 40.60 38.38 | 30.98 27.10 20.03 | 40.26 33.54 30.12
1.0 PCAL[37] TIFS-25 | 28.95 2531 18.54 | 32.10 38.48 36.20 | 28.74 2590 18.68 | 37.56 29.69 27.24
N-ULC [21] | AAAI-25 | 3440 31.83 2577 | 4036 4370 43.86 | 3471 28.06 2548 | 42.83 3240 28.92
MCL (Ours) - 4598 4495 32.85 | 51.53 59.06 54.54 | 43.18 39.29 36.95 | 58.37 49.40 47.21

Table 1. The comparison with the state-of-the-art methods on SYSU-MMO01 and RegDB under unpaired settings. It contains four settings,
i.e., the unpaired ratio « ranges from 0.25 to 1.0 in increments of 0.25. Rank-1 accuracy(%), mAP (%) and mINP (%) are reported.

on two benchmark visible-infrared person re-identification
datasets: SYSU-MMO1 [29] and RegDB [41]. The SYSU-
MMOLI dataset is a large-scale cross-modality collection of
22,257 visible images and 11,909 near-infrared images cap-
tured in indoor and outdoor environments by 4 visible cam-
eras and 2 infrared cameras. In contrast, the RegDB dataset
is a smaller and less demanding dataset with 412 different
person identities, where each identity contains 10 visible
and 10 infrared image pairs. This thermal-infrared dataset
is collected using an aligned pair of cameras (one visible
and one infrared), which has a comparatively lower envi-
ronmental complexity than SYSU-MMO1.

Unpaired Datasets. To evaluate the effectiveness of our
model in unpaired settings, experiments are conducted on
the modified SYSU-MMO1 and RegDB datasets. It is noted
that existing datasets lack cross-modality unpaired training
data, thus necessitating adjustments to the existing bench-
marks. In order to systematically analyse the impact of
unpaired settings, we introduce a hyper-parameter « that
controls the proportion of unpaired identities between the
visible and infrared modalities. Unlike OTPA [47], which
reduces training data by dropping identities, our setup pre-
serves the overall dataset size. Instead of adjusting the
overlap ratio by selecting modality-specific subsets, we ran-
domly replace a portion of the visible identities with ex-
ternal images. Specifically, the visible images of selected
identities are replaced with images from three visible ReID

datasets(i.e., Market-1501 [49], MSMT17 [27] and LLCM
[46]), while maintaining a roughly consistent number of
images per identity before and after replacement. Details
of the replacement process are provided in the supplemen-
tary materials. This design mitigates the potential effects
of data reduction. The test sets and evaluation protocols re-
main unchanged throughout the experiments.

Evaluation Protocol. On the two benchmark datasets and
their original counterpart, we follow the popular protocols
[39] for evaluation, where cumulative match characteris-
tic (CMC), mean average precision (mAP), and mean in-
verse negative penalty (mINP) [41] are adopted. For SYSU-
MMOI under paired and unpaired settings, we adopt all-
search and indoor-search evaluation modes. For RegDB in
paired and unpaired settings, we evaluate our method in the
two test modes, including thermal to visible and visible to
thermal, and we strictly follow existing methods to perform
ten trials of the gallery set selection [40], and calculate the
average performance.

4.2. Implementation Details

MCL is implemented in the PyTorch platform. Our work
is based on the Augmented Dual-Contrastive Aggregation
[32] and incorporates the feature extractor from TransReID
[10] as the backbone network. In each mini-batch, 16 iden-
tities are selected per modality, with each identity compris-
ing 16 instances. We resize input images to 288 x 144
pixels for training. Standard data augmentation techniques,
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SYSU-MMO1 RegDB
All Search Indoor Search Visible to Infrared Infrared to Visible
Methods Venue rl mAP  mINP rl mAP  mINP rl mAP  mINP rl mAP  mINP
AGW [41] TPAMI-21 | 4750 47.65 3530 | 54.17 6297 59.23 | 70.05 66.37 50.19 | 70.49 6590 51.24
'§ DFLN-VIT [48] TMM-22 59.84 57.70 - 62.13  69.03 - 92.10 82.11 - 91.21 81.62 -
B PartMix [12] CVPR-23 | 77.78 74.62 - 81.52 84.38 - 85.66 82.27 - 84.93  82.52 -
2, MUN [44] ICCV-23 76.24  73.81 - 7942  82.06 - 95.19 87.15 - 91.86 85.01 -
> SAAI [8] ICCV-23 75.90  77.03 - 83.20 88.01 - 91.07 91.45 - 92.09 92.01 -
YYDS [6] arXiv-24 85.54 81.64 - 89.13  91.00 - - - - 90.20  83.50 -
TVI-LFM [11] NIPS-24 8490 8147 70.85 | 89.06 90.78 88.39 - - - 91.38 8592 72.73
H2H* [16] TIP-21 30.15  29.40 - - - - 23.81 18.87 - - - -
OTLA™* [24] ECCV-22 | 2990 27.10 - 29.80 38.80 - 32.90 29.70 - 32.10 28.60 -
ADCA [32] MM-22 4551 4273 2829 | 50.60 59.11 55.17 | 67.20 64.05 52.67 | 6848 63.81 49.62
PGM [31] CVPR-23 | 57.27 51.78 3496 | 56.23 62.74 58.13 | 69.48 6541 - 69.85 65.17 -
b5 DOTLA* [4] MM-23 50.36  47.36 3240 | 53.47 61.73 57.35 | 85.63 76.71 6158 | 8291 7497 58.60
é MBCCM [3] MM-23 53.14 48.16 3241 | 5521 6198 57.13 | 83.79 77.87 6504 | 82.82 76.74 61.73
g CCLNet [2] MM-23 54.03 50.19 - 56.68 65.12 - 69.94  65.53 - 70.17  66.66 -
2 GURT [33] ICCV-23 60.95 5699 41.85 | 6422 6949 64.81 | 7391 70.23 8.88 75.00 69.94 56.21
=) SCA-RCP [15] TKDE-24 | 51.41 48.52 3356 | 56.77 64.19 59.25 | 85.59 79.12 - 8241 75.73 -
MMM [20] ECCV-24 | 61.60 57.90 - 64.40 70.40 - 89.70  80.50 - 85.80 77.00 -
PCAL [37] TIFS-25 5439 5195 38.09 | 59.69 66.72 6244 | 8643 8251 7233 | 86.21 81.23 68.71
N-ULC [21] AAAI-25 61.81 5892 4501 | 67.04 73.08 69.42 | 88.75 82.14 68.75 | 83.17 81.11 66.05
MCL (Ours) - 6295 6271 50.63 | 67.81 7419 70.82 | 89.83 83.12 72.86 | 88.64 82.04 69.12

Table 2. The comparison with the state-of-the-art methods on SYSU-MMO1 and RegDB under paired settings. It contains two groups, i.e.,
unsupervised VI-ReID methods and supervised VI-ReID methods. * means the model is pre-trained on an extra labeled visible dataset.

GUR' denotes the results without camera information. Rank-1 accuracy(%), mAP (%) and mINP (%) are reported.

Components SYSU-MMO1* (All Search) SYSU-MMO1* (Indoor Search) RegDB* (Visible to Infrared)
Index Baseline CFM SL DL rl mAP mINP rl mAP mINP rl mAP mINP
1 v 47.14 47.29 34.63 55.39 63.10 59.43 49.28 48.6 43.93
2 v v v 51.65 52.48 40.08 58.38 66.87 63.66 56.39 54.52 49.70
3 v v v 49.46 50.67 39.24 57.00 65.53 62.92 52.73 50.84 47.92
4 v v (4 v 54.29 53.98 42.64 61.71 68.45 64.40 60.78 59.69 5291

Table 3. Ablation studies conducted on the SYSU-MMO1 and RegDB datasets under unpaired settings. * refers to o = 0.5 in both
unpaired datasets. "CFM” denotes the cross-modality feature mapping module, while ”SL” and "DL” mean the static learning method and
the dynamic learning method in 3.3, respectively. Rank-1 accuracy (%), mAP (%), and mINP (%) are reported.

including random cropping, random flipping and random
erasing, are applied. At the beginning of each epoch, we
perform the DBSCAN [7] clustering to generate pseudo la-
bels in each modality independently. The learnable scaling
and shifting parameters, v and ¢, are initialized to 1 and O,
respectively, and the constant € is set to 10~°. The tempera-
ture factors 7 and 7’ are 0.05 and 0.6, respectively. We train
the model in total of 50 epochs, in which the previous 30
epochs are used for pre-training, and CFM and SDC are ex-
ecuted in the last 20 epochs. All other experimental settings
follow the previous work [32]. For consistency, we use the
same MCL framework in paired settings to demonstrate its
general applicability.

4.3. Comparison with State-of-the-Arts

To validate the efficacy of our method, we comprehensively
compare it with state-of-the-art approaches under both un-
paired and paired settings, as shown in Tab. | and Tab. 2.

Comparison with unsupervised methods under un-
paired settings. The experiments demonstrate that our
MCL significantly outperforms existing unsupervised meth-
ods under unpaired settings at various ratios. These con-

siderable gains benefit from the insightful design of our
method for USL-VI-RelD. There are two major advantages
of our method: 1) We use a mapping-based solution to ef-
fectively address the lack of cross-modality correlations in
unpaired scenarios by synthesizing fake paired data while
preserving discriminative identity. 2) Our collaborative
learning strategy achieves a dual-level alignment paradigm
for cluster- and instance-level optimization.

Comparison with supervised methods under paired set-
tings. We compare our method with several recent super-
vised visible-infrared ReID approaches under paired set-
tings. Notably, although supervised methods rely on accu-
rate manual annotations, our method achieves competitive
performance of certain baselines (e.g. DFLN-ViT [48]).

Comparison with unsupervised methods under paired
settings. We also evaluate our method against advanced
USL-VI-ReID approaches under paired settings. Among
these, H2H [16], OTLA [24] and DOTLA [4] need an ex-
tra annotated visible dataset. In Tab. 2, our method is sig-
nificantly better than all existing USL-VI-ReID methods,
demonstrating the effectiveness under paired settings.
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4.4. Ablation Study

The performance boost of the MCL framework in the task of
USL-VI-ReID under unpaired settings mainly comes from
the proposed CFM module and the collaborative learning
strategy with Static Learning (SL) and Dynamic Learn-
ing (DL). We validate the effectiveness of each component
by conducting ablation studies on the SYSU-MMO01 and
RegDB under unpaired settings where « is representatively
set to 0.5, which incorporate a balance of paired and un-
paired scenarios. Results are shown in Tab. 3.

Baseline in index 1 denotes that we directly train the
model on the unpaired SYSU-MMO1 and RegDB tasks with
ADCA [32] method, using the feature extractor from Tran-
sRelD [10] as the backbone. Although ADCA has a promis-
ing performance under unpaired settings, it is observed that
the baseline only achieves 47.29% mAP on SYSU-MMO1
(all search) and 48.6% mAP on RegDB (visible to infrared).
Therefore, directly using ADCA method can hardly tackle
the problem of unpaired settings for the USL-VI-RelD task.
Effectiveness of SL. Index 2 means the static learning strat-
egy with CFM module. Compared with baseline, SL im-
proves the performance of 5.19% and 5.92% mAP on the
unpaired SYSU-MMO1 (all search) and RegDB (visible to
infrared). The main gain is achieved by the design of
the multi-memory banks in both the original and pseudo-
identity space, which additionally cluster all mapped fea-
tures for contrastive learning, allowing the model to capture
certain modality-invariant features in scenarios with cross-
modal identity mismatches.

Effectiveness of DL. Index 3 represents the dynamic learn-
ing strategy with CFM module. Compared with baseline,
the significant improvements demonstrate the effectiveness
of DL. The improvements are 3.38% and 2.24% mAP on the
unpaired SYSU-MMO1 (all search) and RegDB (visible to
infrared). DL can further use fake cross-modality features
and pull them towards their corresponding actual samples,
facilitating instance-level cross-modality learning.
Effectiveness of Collaborative Learning. Index 4 de-
notes the collaborative learning strategy with SL and DL.
In comparison, the collaborative learning brings consis-
tent improvement in all settings, which shows the effec-
tiveness of static-dynamic collaborative learning in miti-
gating intra-modality discrepancies while enhancing cross-
modality correspondence alignment.

4.5. Further Analysis

Hyper-parameter Analysis for 7. We explore the influ-
ence of hyper-parameter 7 in Eq. 19, as presented in the
supplementary materials. When » = 1.0, the method
achieves a balance in static and dynamic learning.

Visualization. In Fig. 3, it shows the t-SNE [22] visualiza-
tion of 20 randomly selected identities from the unpaired
SYSU-MMOL1 dataset with @« = 0.5. Compared to the

®
»
3
B

s

)

V-1 Positive V-I Negative V-1 Positive V-I Negative

0
-0.25 0.00 025 0.50 0.75 -0.25 0.00 0.25 0.50 0.75
(a) Baseline (b) MCL

Figure 3. The t-SNE (top) and similarity distribution (bottom)
visualizations for randomly sampled identities. Colors represent
identities; circles and triangles denote visible and infrared sam-
ples, respectively. The similarity distribution represents similarity
scores of cross-modality positive and negative pairs, where larger
separation indicates better identity discrimination.

baseline, MCL brings infrared and visible positive samples
closer together and effectively increases the separation from
negative pairs, thus improving performance under unpaired
settings. However, some same-identity samples remain dis-
persed, indicating challenges for unpaired USL-VI-RelD.

5. CONCLUSION

This paper addresses unsupervised visible-infrared person
re-identification (USL-VI-ReID) under unpaired settings,
which is a prevalent yet underexplored challenge in real-
world surveillance systems. While existing USL-VI-RelD
methods often overlook the critical issue of aligning cross-
modality relations without paired data, we propose the
Mapping and Collaborative Learning (MCL) framework to
bridge this gap. We integrates a cross-modality feature
mapping module to establish inter-modal correlations and
a static-dynamic collaborative learning strategy to refine
discriminative representations in unpaired scenarios. Ex-
tensive experiments on SYSU-MMOI1 and RegDB demon-
strate that MCL not only outperforms state-of-the-art unsu-
pervised methods under unpaired settings but also achieves
competitive performance in paired scenarios, pushing USL-
VI-RelD to real-world deployment.

Limitations and Future Work. While effective, MCL
still faces challenges in extremely unpaired settings and re-
quires relatively high training cost. Future work will focus
on improving robustness in such scenarios and designing
lightweight variants for efficient deployment.
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