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Abstract
Unsupervised visible-infrared person re-identification (USL-VI-ReID) seeks to match pedestrian images of the same indi-
vidual across different modalities without human annotations for model learning. Previous methods unify pseudo-labels
of cross-modality images through label association algorithms and then design contrastive learning framework for global
feature learning. However, these methods overlook the cross-modality variations in feature representation and pseudo-label
distributions brought by fine-grained patterns. This insight results in insufficient modality-shared learning when only global
features are optimized. To address this issue, we propose a Semantic-Aligned Learning with Collaborative Refinement
(SALCR) framework, which builds up optimization objective for specific fine-grained patterns emphasized by each modality,
thereby achieving complementary alignment between the label distributions of different modalities. Specifically, we first
introduce a Dual Association with Global Learning (DAGI) module to unify the pseudo-labels of cross-modality instances in
a bi-directional manner. Afterward, a Fine-Grained Semantic-Aligned Learning (FGSAL) module is carried out to explore
part-level semantic-aligned patterns emphasized by each modality from cross-modality instances. Optimization objective is
then formulated based on the semantic-aligned features and their corresponding label space. To alleviate the side-effects aris-
ing from noisy pseudo-labels, we propose a Global-Part Collaborative Refinement (GPCR) module to mine reliable positive
sample sets for the global and part features dynamically and optimize the inter-instance relationships. Extensive experiments
demonstrate the effectiveness of the proposed method, which achieves superior performances to state-of-the-art methods. Our
code is available at https://github.com/FranklinLingfeng/code-for-SALCR.
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1 Introduction

Visible-Infrared Person Re-identification (VI-ReID) aims to
match the same pedestrian captured by both visible and
infrared cameras Wu et al. (2021); Luo et al. (2019); Lu et
al. (2020); Ye et al. (2021b); Wu et al. (2017); Nguyen et al.
(2017), which serves as a supplement to the single-modality
ReID, improving generalization under poor illumination con-
ditions and enabling effective night-time surveillance system.
It has garnered significant attention in recent years due
to its wide applications in intelligent surveillance systems.
Although existing VI-ReID methods Fang et al. (2023); Ren
and Zhang (2024); Wu et al. (2023); Kim et al. (2023)
have achieved remarkable performance, they heavily rely
on extensive human-annotated training data, which is more
time-consuming and expensive than manual annotations in
single-modality ReID. Therefore, unsupervised VI-ReID
(USL-VI-ReID) has emerged as an important research field,
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aiming to retrieve individuals from cross-modality cameras
without any annotations for training. This technology ismore
accommodating to real-world applications due to its econom-
ical cost.

For the USL-VI-ReID, the inter-modality representa-
tion discrepancies make it more challenging and distinct
from unsupervised single-modality ReID. The conventional
clustering-based methods Cho et al. (2022); Zhang et al.
(2022b); Chen et al. (2021); Dai et al. (2022) fail to gener-
ate reliable modality-unified pseudo-labels due to persistent
cross-modality clustering inconsistencies. Several USL-VI-
ReID algorithms Wu and Ye (2023); Cheng et al. (2023a, b);
Shi et al. (2024a); Yang et al. (2023c, a) alleviate this issue by
unifying the label space among cross-modality instances and
designing contrastive learning framework to learn modality-
invariant representations. However, these methods primarily
rely on global features and overlook the cross-modality varia-
tions in feature representation and pseudo-label distributions
brought by fine-grained features. The intrinsic dissimilari-
ties between visible and infrared imagery prompt the model
to attend differently to specific fine-grained patterns within
each modality during intra-modality learning. Consequently,
this results in disparate feature distributions among cross-
modality instances (Fig.1(a)), with visible images emphasiz-
ing detailed color variations and infrared images focusing
more on general features like edges and contours. Such dis-
tinctions in feature distributions are also reflected by the
inconsistency between visible label space (pseudo-labels
of visible instances) and infrared label space, as shown
in Fig.1(b). Fig. 1(b) show the pseudo-label distributions
of visible and infrared instances in SYSU-MM01 Wu et
al. (2017). “Density” represents the number of instances
within each cluster. We observed that certain clusters con-
sist almost exclusively of images from a single modality.
In datasets with relatively balanced class distributions (e.g.,
SYSU-MM01), this phenomenon can be attributed to certain
clusters capturing fine-grained features that are prominent
in one modality but less distinguishable in the other. This
observation motivates us to explore the specific semantic-
aligned patterns of cross-modality images emphasized by
each modality, and then optimize them through pseudo-
labels from their respective specific label space, as shown
in Fig.1(c). Such optimization objective paradigm highlights
distinct fine-grained patterns in different label spaces, thus
achieving the complementary between inconsistent label dis-
tributions within different modalities.

In pursuit of this objective, we propose Semantic-Aligned
Learning with Collaborative Refinement (SALCR), a novel
frameworkdesigned to explore and learnfine-grained semantic-
aligned patterns salient in each modality. Initially, we set
up a Dual Association with Global Learning (DAGL) mod-
ule to assign pseudo-labels in one modality to another in a
bi-directional manner, serving as a cross-modality pseudo-

Fig. 1 Illustration of our idea. (a) illustrates the distinct feature distribu-
tions observedwithin differentmodalities,where features fromdifferent
modalities lie in different subspaces. (b) showcases the inconsistency
between pseudo-label distributions of instances within different modal-
ities. (c) depicts our motivation: to optimize the fine-grained patterns
emphasized by each modality through their respective label space.

label generation process. This module effectively assigns
modality-unified pseudo-labels for individual instances,
enabling the interaction between cross-modality instances.
Afterward, leveraging the results from the dual association,
we develop contrastive learningmechanisms based on global
features and cluster-level memory banks. Based on our dis-
covery of inconsistency feature/pseudo-label distributions
across cross-modality images, we propose a Fine-Grained
Semantic-Aligned Learning (FGSAL) module. This mod-
ule delves into modality-related semantic-aligned patterns
presented in the cross-modality images. Specifically, the
semantic-aligned patterns are derived from potential posi-
tive cross-modality pairs through a query-guided attention
mechanism. Consider the visible modality as an illustra-
tive example. We first derive a descriptive query from a
visible image, which encapsulates its fine-grained, identity-
discriminative information prioritized by the visible modal-
ity. Such a visible query is utilized to extract part features
from potential positive cross-modality images by aggregat-
ing their pixel-level features. The aggregated part features
share the same semantics associated with the specific visible
query, so-called semantic-aligned features, which are sub-
sequently optimized through part-level contrastive learning
guided by the visible label space. Drawing from the above
analysis, we incorporate an instance-adaptive query genera-
tion module and a query-guided attention module to uncover
modality-related semantic-aligned patterns. Unlike existing
methods that treat each image as an independent instance
Kim et al. (2023); Cho et al. (2022); Sun et al. (2018), such
a query-guided attention mechanism leverages inter-image
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interactions to facilitate the learning of modality-shared fine-
grained features from pairwise images. As training goes
on, cross-modality semantic-aligned features are optimized
with respect to pseudo-labels in their relevant label space,
progressively learning modality-shared information from
fine-grained part-level patterns and enhancing the quality of
pseudo-labels in subsequent epochs.

Nevertheless, the pseudo-labels from dual association
inevitably contain noisy labels. Persistently training with
such static supervision leads to overfitting incorrect labels.
To multigate this challenge, we further design a Global-
Part Collaborative Refinement (GPCR) module, aimed at the
online discovery of reliable positive samples, and the opti-
mization of inter-instance relationships for both global and
part features. Such an online module serves as a refinement
for incorrect structure information arising from noisy offline
pseudo-labels. A straightforward idea is directly searching
for nearest neighbors as the positive samples. However, such
simplicity limits the model’s learning to easy instances while
overlooking hard positives. Therefore, we design two strate-
gies to mine the reliable positive sets for global and part
features respectively: a cross-modality intersection strategy
for global features and a mutual correction strategy for part
features. Themeticulously craftedmining strategies incorpo-
rate hard negative samples into training while ensuring the
sufficiency of the positive sets. Subsequently, instance-level
contrastive learning is built on top of the positive sets and the
instance memory banks to constrain the inter-instance rela-
tionships. During training, the GPCR module facilitates the
exploration of complicated instance-level associations while
dynamically adjusting the incorrect cluster-level structures
introduced by noisy pseudo-labels.

To further enhance the cross-modality association,we pro-
pose a Cross-Modality Feature Propagation (CMFP) module
to incorporate neighborhood information in the embedding
space, serving as an efficient re-ranking algorithm for post-
processing. The simple-yet-effective CMFP module can be
integrated into both the training and the testing stages for
more precise associations and retrieval. Different from exist-
ing re-ranking methods Zhong et al. (2017); Liang et al.
(2021); Fang et al. (2023) which operates on the final dist
matrix, our CMFP directly aggregates neighboring instances
at the feature level. It is demonstrated as a more efficient
and effective solution compared to existing cross-modality
re-ranking technologies.

The main contribution can be summarized as follows:

• We design a SALCR framework with optimization
objectives for semantic-aligned patterns salient in each
modality, leveraging the discovery of inconsistent cross-
modality label distributions. To the best of our knowl-
edge, this is the first work to achieve fine-grained

interaction between cross-modality images in USL-VI-
ReID through a query-guided attention mechanism.

• Wedevise aGlobal-PartCollaborativeRefinement (GPCR)
module to dynamicallymine reliable positive samples for
global and part features, and optimize the inter-instance
relationships, which adjusts the incorrect structures aris-
ing from noisy offline pseudo-labels.

• A Cross-Modality Feature Propagation (CMFP) module
is further proposed as an efficient re-ranking to enhance
both association and retrieval.

• Extensive experiments on two mainstream VI-ReID
benchmarks demonstrate the effectiveness of our frame-
work, elucidating the power of fine-grained features in
USL-VI-ReID.

2 RelatedWork

2.1 Unsupervised single-modality person ReID

Unsupervised single-modality person ReID aims to retrieve
pedestrian images from visible cameras without annotations.
Most existing methods Ge et al. (2020a); Dai et al. (2022);
Cho et al. (2022); Zhang et al. (2022b); Zou et al. (2023)
are cluster-based, which alternate between pseudo-label gen-
eration and model training. To handle the inevitable noisy
pseudo-labels, some methods Cho et al. (2022); Ge et al.
(2020a); Wang et al. (2022); Zhang et al. (2021) utilize fea-
ture space information for refinement.MMTGeet al. (2020a)
designs a mutual-mean-teacher framework for online refine-
ment based on self-consistency. RLCC Zhang et al. (2021)
introduces the cluster consensus for generating temporal con-
sistency pseudo-labels across training iterations. PPLR Cho
et al. (2022) proposes the cross-agreement score to inte-
grate part-level relationships into the pseudo-labels. O2CAP
Wang et al. (2022) extensively establishes camera-aware
proxies and associates the proxies online to refine the offline
labels. Another stream of methods Ge et al. (2020); Dai et
al. (2022); Zhang et al. (2022b); Zou et al. (2023) devise
memory-based contrastive learning frameworks to promote
intra-cluster learning. SPCL Ge et al. (2020) constructs
both instance-level and cluster-level memory banks with a
self-paced strategy to generate progressively reliable pseudo-
labels. Cluster-Contrast Dai et al. (2022) utilizes a unique
prototype to represent a cluster formaintaining updating con-
sistency. To explore the contextual information within the
embedding space, ISE Zhang et al. (2022b) generates exten-
sive samples implicitly to fill the cluster boundary, while
DCMIP Zou et al. (2023) manages discrepant cluster proto-
types and multi-instance prototypes to excavate multifaceted
intra-cluster information.
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However, when directly applied to cross-modality sce-
narios, the above methods encounter challenges due to the
absence of cross-modality interaction learning.

2.2 SupervisedVI-ReID

Supervised VI-ReID aims to retrieve pedestrian images from
both visible and infrared cameras with human annotations.
Existing methods Mao et al. (2017); Choi et al. (2020); Ye et
al. (2021a); Wu et al. (2021); Liu et al. (2022) primarily con-
centrate on bridging the modality gap at the image level and
the feature level. To align the modalities at the image level,
some methods Dai et al. (2018); Choi et al. (2020); Mao
et al. (2017) transfer images from one modality to another
based on Generative Adversarial Networks (GANs). How-
ever, the inevitable noise in generated images and the high
time consumption for training GANs hinder the real appli-
cation of these methods. Other methods Ye et al. (2021a);
Tan et al. (2023); Liang et al. (2024) design various data
augmentations to serve as intermediate modalities. CA Ye
et al. (2021a) proposes a simple random channel augmenta-
tion to effectively bridge the cross-modality images. Another
streamofmethods develops network architectures andmetric
learning strategies to align different modalities at the feature
level. Modality compensation methods Zhang et al. (2022a);
Ren and Zhang (2024) utilize a multi-stream backbone with
modality disentanglement to extract both modality-shared
and modality-specific features. Then the modality-specific
features serve as compensations for modality-shared fea-
tures. Part-based methodsWu et al. (2021, 2023); Fang et al.
(2023); Kim et al. (2023) design novel part-mining blocks
based on the attention mechanism to explore part representa-
tions for diverse regions. Frequency domain-based methods
Zhang et al. (2024); Li et al. (2024) mines cross-modality
nuances in frequency and phase based on the FFT algorithm
Frigo and Johnson (1998).

The above methods achieve remarkable performance on
VI-ReID datasets. However, these methods rely on manually
annotated cross-modality associations, which are labor-
intensive and always inaccessible in real scenarios. Thus
we investigate the more data-friendly unsupervised VI-ReID
task.

2.3 UnsupervisedVI-ReID

Unsupervised VI-ReID aims to excavate reliable cross-
modality associations without human annotations. Existing
methods Yang et al. (2022); Wu and Ye (2023); Cheng
et al. (2023a); Yang et al. (2023c, a); Shi et al. (2024a)
mainly follow a two-stage pipeline: (a) generating intra-
modality pseudo-labels separately in each modality; (b)
establishing cross-modality associations based on the intra-
modality pseudo-labels. H2H Liang et al. (2021) proposes

a homogeneous-to-heterogeneous training strategy and an
ISML loss to establish online cross-modality associations
based on reliable positive pairs. OTLA Wang et al. (2022a)
introduces a cross-modality label assignment algorithm
based on optimal transport to avoid biased associations.
ADCAYang et al. (2022) set a robust DCL baseline for USL-
VI-ReID and aggregates cross-modality memories through
pairwise instance similarities. PGM Wu and Ye (2023) and
MBCCM Cheng et al. (2023a) formulate the cross-modality
cluster-level associations as bipartite graph matching prob-
lems from a global perspective. CCLNet Chen et al. (2023)
first proposes to utilize the powerful semantic information
from CLIP Radford et al. (2021) as supervision for con-
trastive learning. To discover multi-view information within
clusters, MMM Shi et al. (2024a) proposes a multi-memory
matching formore precise associations, and PCMIP Shi et al.
(2024b) maintains multi-proxies for each cluster to promote
cross-modality learning. To mine unified representations for
clustering, GUR Yang et al. (2023c) further introduces a
CAE module to embed hierarchical domain information and
achieves impressive performance.

Nevertheless, existing methods mainly focus on learn-
ing modality-invariant global features. We claim that relying
solely on global features for cross-modality interaction is
insufficient for learning robust representations.Therefore,we
blend the fine-grained semantic-aligned features into cross-
modality interactions from a novel perspective of leveraging
the complementarity between inconsistent cross-modality
label distributions.

3 ProposedMethod

ProblemDefinition. LetX = {X v,X r } denote a visible-
infrared dataset, where X v = {xv

i |i = 1, 2, . . . , N v}
represents the visible dataset consisting of N v visible images,
and X r = {xri |i = 1, 2, . . . , Nr } represents the infrared
dataset consisting of Nr infrared images. Our backbone
model is a convolutional neural network (CNN) fθ (·), param-
eterized by θ . The objective is to train the model to project
an image xi from the dataset X into a d-dimensional feature
space, producing an identity-discriminative and modality-
invariant feature fi = fθ (xi ) ∈ R

d without any manual
annotations.
Overall Framework. To tackle the challenge of USL-VI-
ReID, we propose a Semantic-Aligned Learning with Col-
laborative Refinement (SALCR) framework, as illustrated in
Fig.2. Our framework adheres to the commonly used unsu-
pervised pipeline, alternating between (1) pseudo-label gen-
eration and (2) network training. During pseudo-label gen-
eration, we initially generate intra-modality pseudo-labels
through clustering. Subsequently, we introduce the Dual
Association with Global Learning (DAGL, Sec.3.2) mod-
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Fig. 2 Overall framework of our proposed SALCR. Our frame-
work mainly contains four components: (a) Dual Association with
Global Learning (DAGL); (b) Fine-Grained Semantic-Aligned Learn-
ing (FGSAL); (c) Global-Part Collaborative Refinement (GPCR) and
(d) Cross-Modality Feature Propagation (CMFP). The DAGL mod-
ule generates modality-unified pseudo-labels at the beginning of each

epoch. During training, the FGSAL and GPCR modules are executed.
The FGSAL module first explores fine-grained semantic-aligned pat-
terns and then optimizes them through cluster-level memories. The
GPCR module mines reliable positive samples for global and part fea-
tures from instance memories. The CMFP module further enhances the
association and retrieval as pre-processing and post-processing steps.

ule to establish bi-directional cross-modality associations,
enabling representation learning guided by modality-unified
labels. During network training, a Fine-Grained Semantic-
Aligned Learning module (FGSAL, Sec.3.3) is proposed
for optimization objective of fine-grained semantic-aligned
patterns from pairwise cross-modality instances. , which
exploits the complementarity between pseudo-label spaces.
To alleviate the side-effects brought by noisy labels during
training, we design a Global-Part Collaborative Refinement
module (GPCR, Sec.3.4), which dynamically mines reliable
positive samples for input features and serves as a refine-
ment for incorrect offline pseudo-labels. TheCross-Modality
Feature Propagation module (CMFP, Sec.3.5) is executed
as an efficient re-ranking algorithm to further enhance the
association and retrieval processes. Our baseline is a sim-
ple framework (Sec.3.1) that only focuses on intra-modality
pseudo-label generation and learning.

3.1 Preliminaries

We first set up a straightforward baseline with intra-modality
pseudo-label generation and contrastive learning. At each
epoch, we employ a two-stream encoder fθ (i .e., ResNet-
50) as our backbone to extract image features {fvi |i =
1, 2, . . . , N v} and {fri |i = 1, 2, . . . , Nr } from two modal-
ities. we adopt DBSCAN Ester et al. (1996) to cluster image
features within each modality, respectively. The isolated out-
liers are discarded according to the cluster results. Then we
obtain datasets from both two modalities with their intra-
modality pseudo-labels X v = {(xv

i , ỹ
v
i )|i = 1, 2, . . . , N v}

and X r = {(xri , ỹri )|i = 1, 2, . . . , Nr }. The corresponding
cluster centroids are obtained as {Cv

i }K
v

i=1 and {Cr
i }K

r

i=1 by
averaging the features within one cluster. K v and Kr denote
the number of clusters within visible and infrared modalities,
respectively.
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At the beginning of each epoch, two cluster-level mem-
ory banks Mv ∈ R

K v×d and Mr ∈ R
Kr×d are initialized

by the cluster centroids {Cv
i }K

v

i=1 and {Cr
i }K

r

i=1, which store
a unique prototype for each cluster. During model training,
the InfoNCE loss He et al. (2020) is executed to perform
intra-modality contrastive learning:

Lv
I M = − 1

B

B∑

i=1

log
exp(Mv[ỹv

i ]� · fθ (xv
i )/τ)

∑K v

j=1 exp(M
v[ j]� · fθ (xv

i )/τ)
, (1)

Lr
I M = − 1

B

B∑

i=1

log
exp(Mr [ỹri ]� · fθ (xri )/τ)

∑Kr

j=1 exp(Mr [ j]� · fθ (xri )/τ)
, (2)

where B is the batch size and τ is a temperature parameter. xv
i

and xri denote the input visible and infrared images.Mv[ỹv
i ]

denotes the ỹv
i -th prototype in memory bankMv . The intra-

modality loss for our baseline is formulated as follows:

Lintra = Lv
I M + Lr

I M . (3)

Following the DCL framework Yang et al. (2022), we also
adopt the random channel augmentation Ye et al. (2021a) for
visible images as an augmented branch.

3.2 Dual Association with Global Learning

To guide the cross-modality interaction with modality-
unified labels, we first design a dual association algorithm
to assign pseudo-labels in one modality to another in a bi-
directional manner. Without loss of generality, we take the
infrared instances as an example. To assign pseudo-labels of
visible clusters to infrared instances,we inject anOTLA-base
association into our memory-based framework. The Optimal
Transport LabelAssignment (OTLA)Wang et al. (2022a) has
demonstrated an effective approach for cross-modality label
association in the Semi-Supervised VI-ReID taskWang et al.
(2022a); Shi et al. (2023). In our memory-based framework,
we leverage the cross-modality instance-cluster relationships
to construct OTLA, which is formulated as follows:

min
Q

〈Q,P〉 + 1

λot
〈Q,− log(Q)〉.

s.t . Q1 = 1 · 1

N v
, Q�1 = 1 · 1

Kr
,

(4)

where 〈·〉 denotes the Frobenius dot-product, and 1 is an
all in 1 vector. Q ∈ R

Nr×K v
is the transport plan and

P ∈ R
Nr×K v

is the cost matrix. The Euclidean distance
between the infrared instances and the visible prototypes

in feature space is utilized to obtain the cost matrix, where
Pi j = ‖ fθ (xri ) −Mv[ j]‖22. The optimal solution Q∗ of Eq.4
can be solved by the Sinkhorn-Knopp algorithm Cuturi
(2013). Then we derive the visible cluster labels assigned
to infrared instances from Q∗, denoted as {ŷri }N

r

i=1, where
ŷri = argmax j (Q

∗
i j ). Therefore, i-th infrared instance holds

two types of pseudo-labels ỹri and ŷri in two label spaces.
The infrared cluster labels {ŷv

i }N v

i=1 of visible instances can
be derived similarly. The above two pseudo-label sets are
utilized for contrastive learning to learn modality-invariant
representations:

Lv
CM = − 1

B

B∑

i=1

log
exp(Mv[ŷri ]� · fθ (xri )/τ)

∑K v

j=1 exp(M
v[ j]� · fθ (xri )/τ)

, (5)

Lr
CM = − 1

B

B∑

i=1

log
exp(Mr [ŷv

i ]� · fθ (xv
i )/τ)

∑Kr

j=1 exp(Mr [ j]� · fθ (xv
i )/τ)

. (6)

Following existing memory-based methods Ge et al. (2020);
Dai et al. (2022); Yang et al. (2022); Cheng et al. (2023a);Wu
andYe (2023), thememory banksM = {Mv Mr } are updated
during back-propagation (BP) with a momentum strategy:

M[y] ← μM[y] + (1 − μ)f[y], (7)

where f[y] denotes the input feature f ∈ {fvi }Bi=1 ∪ {fri }Bi=1
with its corresponding label y within a mini-batch and μ is
the momentum updating factor. The total loss functions for
our DAGL module can be formulated as follows:

Ldagl = Lintra + Lv
CM + Lr

CM . (8)

3.3 Fine-Grained Semantic-Aligned Learning

The FGSAL module aims to explore fine-grained semantic-
aligned features emphasized by each modality and jointly
optimize them through two label spaces. This module first
generates instance-adaptive queries that capture the identity-
discriminative and modality-aware information correspond-
ing to each instance part. Then the queries are utilized in a
query-guided attentionmechanism tomine semantic-aligned
features from cross-modality instances. Finally, part-level
modality-aware contrastive learning is carried out to con-
strain the fine-grained features in the embedding space.

To generate instance-adaptive queries, it first set up Np

learnable modality-shared prototypes ps=[p1,p2, · · · ,pNp ]
∈ R

Np×d , where each prototype contains shared infor-
mation for a unique part. For visible modality, we first
derive the feature maps output from the 4-th layer of
the backbone (i .e., ResNet-50). The flattened feature map
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Fig. 3 Illustration of (a) the instance-adaptive query generationmodule
and (b) query-guided attention.

before the global pooling operation is denoted as Fv =
[Fv

1,F
v
2, · · · ,Fv

HW ] ∈ R
HW×d , where H and W are the

height and width of the feature map. Then the feature

map is divided into Np sequences {Fv
p}Np

p=1, where Fv
p =

[Fv


 HW
Np

(p−1)�, · · · ,Fv


 HW
Np

p�] ∈ R
mp×d , mp is the sequence

length and 
·� denotes the ceiling operation. Each sequence
contains all pixel information corresponding to the respective
part. The query for p-th part can be obtained as a weighted
sum of the pixel features within the p-th sequence Fv

p. To
derive the instance-adaptive query, we aggregate pixel-level
features according to their similarities with the correspond-
ing part prototype:

A = σ(pp · Fv
p
�
) ∈ R

1×mp ,qv
p = A · Fv

p
�
/
∑

i, j

Ai j , (9)

where σ denotes the Sigmoid activation function and A
denotes the similarity matrix between pixel-level features
in Fv

p and p-th prototype pp. The query qrp for infrared
feature map Frp can be obtained similarly. Fig.3(a) illus-
trates the instance-adaptive query generation module. The
instance-adaptive queries are subsequently utilized to explore
semantic-aligned features.

To explore semantic-aligned features from pairwise cross-
modality instances, we adopt the Scaled Dot-Product Atten-
tion Vaswani et al. (2017) between a specific instance-
adaptive query and a potential positive cross-modality
sequence pair to excavate the query-associated patterns. Sup-
pose two p-th part sequence, Fv

p and Frp from visible and
infrared modalities, respectively. A potential positive pair
is defined when they hold the shared pseudo-label in the
label space of either modality, where ỹv[Fv

p] = ŷr [Frp] or
ŷv[Fv

p] = ỹr [Frp]. y[Fp] denotes the pseudo-label y corre-
sponding to Fp. We take the part query qv

p generated from
Fv
p as Q, the part sequence Fv

p or Frp as both K and V to

obtain a pair of the query-associated part features:

Avv
p = Softmax(qv

p · Fv
p
�
/
√
d) ∈ R

1×mp ,

Arv
p = Softmax(qv

p · Frp�
/
√
d) ∈ R

1×mp ,
(10)

fvv
p = Avv

p · Fv
p
� ∈ R

d , fvrp = Avr
p · Frp� ∈ R

d , (11)

where Avv
p and Avr

p denote the attention maps. Then we

derive a pair of aligned series of part features {fvv
p }Np

p=1 and

{frvp }Np
p=1 from the same query set {qv

p}Np
p=1 in visible modal-

ity. Another pair {frrp }Np
p=1 and {frvp }Np

p=1 can be obtained in the

same manner from {qrp}Np
p=1. A pair of part features fvv

p and
frvp from qv

p means they are both reorganized from the orig-
inal pixels through the perspective of visible query qv

p, thus
containing information highlighted by the visible modality.
Furthermore, they integrate the pixels containing semantic
information relevant to the specificquery, so-called semantic-
aligned features. These paired part features are subsequently
optimized utilizing the pseudo-labels in their corresponding
label space through part-level contrastive learning.

At the beginning of each epoch, for p-th part, two
modality-aware part-level memory banks M̃v

p ∈ R
K v×d and

M̂r
p ∈ R

K v×d are initialized by the cluster centroids of part
features fvv

p based on pseudo-labels ỹv . Similarly, another

two memory banks M̂v
p ∈ R

Kr×d and M̃r
p ∈ R

Kr×d are
initialized by the cluster centroids of part features frrp based

on pseudo-labels ỹr . The memory banks M̃v
p and M̂v

p store
the part features {fvv

p , frvp } aggregated from visible queries,
and vice versa. During training, a pair of semantic-aligned
features fvv

p and frvp , associated with the query qv
p, are super-

vised by the shared pseudo-labels of Fv
p in the visible label

space (i .e., ỹv[Fv
p] and ŷv[Fv

p]). The contrastive loss for fvv
p

can be formulated as follows:

Lvv1(p)
P = − 1

|Qvv |
∑

fvv
p ∈Qvv

log
exp(M̃v

p[ỹv[Fv
p]] · fvv

p
�/τ)

∑K v

j=1 exp(M̃
v
p[ j] · fvv

p
�/τ)

,

(12)

Lvv2(p)
P = − 1

|Qvv |
∑

fvv
p ∈Qvv

log
exp(M̂v

p[ŷv[Fv
p]] · fvv

p
�/τ)

∑K v

j=1 exp(M̂
v
p[ j] · fvv

p
�/τ)

,

(13)

where Qvv is the part feature set containing all fvv
p within

a mini-batch, and |Qvv| is the cardinality of Qvv . The con-
trastive loss Lrv1(p)

P and Lrv2(p)
P for frvp can be formulated

in the same manner. The total part-level contrastive loss for
pairwise semantic-aligned features fvv

p and frvp is obtained as
the sum of the above four terms:
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Lv(p)
P = Lvv1(p)

P + Lvv2(p)
P + Lrv1(p)

P + Lrv2(p)
P . (14)

Through the above loss terms, ỹv[Fv
p] and ŷv[Fv

p] in the
visible label space focus on optimizing the specific pat-
terns emphasized by the visible modality of instances in
twomodalities, thus achieving targetedfine-grained learning.
The contrastive loss Lr(p)

P for another pair of semantic-
aligned features frvp and frrp emphasized by the infrared
modality can be derived similarly based on pseudo-labels
ỹr and ŷr , and the corresponding memory banks M̂r

p and

M̃r
p. The total loss for the FGSAL module is formulated as

follows:

L f gsal = 1

Np

Np∑

p=1

(Lv(p)
P + Lr(p)

P ). (15)

During the backward propagation, the part-level memory
banks are updated by the input part features in the sameman-
ner as Eq.7.

3.4 Global-Part Collaborative Refinement

To alleviate the adverse effects of noisy pseudo-labels, we
propose GPCR, which dynamically discovers reliable pos-
itive samples of both global and part features and builds
up instance-level contrastive learning between input features
and positive samples. We devise a cross-modality strategy
and a mutual correction strategy for global features and
semantic-aligned part features, respectively. Such a dynamic
module adjusts the incorrect cluster-level structure intro-
duced by noisy pseudo-labels, thus functioning as an online
refinement for offline pseudo-labels.

Specifically, at each epoch, two global-level instance
memory banks, denoted as Mv

I ∈ R
N v×d and Mr

I ∈ R
Nr×d ,

are initialized by global features from two modalities. Addi-
tionally, two part-level instance memory banks Mvp

I ∈
R

N v×d and Mrp
I ∈ R

Nr×d for p-th part are initialized by
fvv
p and frrp extracted from the trainset. During training, a
potential positive pair with their global features fv and fr , and
their p-th semantic-aligned part features {fvv

p , frvp }, {fvrp , frrp }
serve as input to the GPCR module. We first introduce a
cross-modality intersection strategy for searching reliable
positive samples of global features. As illustrated in Fig.4(a),
for global feature pairs fv and fr , the intersection of their k-
nearest samples in memory banksMv

I andM
r
I is regarded as

their shared positive sample set:

Pv{fv} = Pv{fr } = N {fv,Mv
I , k} ∩ N {fr ,Mv

I , k}, (16)

Pr {fv} = Pr {fr } = N {fv,Mr
I , k} ∩ N {fr ,Mr

I , k}, (17)

Fig. 4 Illustration of the cross-modality intersection strategy (a) for
global features and the mutual correction strategy (b) for part features.
Circles with letters represent k-nearest neighbors of the input features.
Different letters indicate different instance indexes in instance memory
banks.

where N {fv,Mv
I , k} denotes the index set of the k-nearest

neighbor samples of fv in memory Mv
I . For visible global

feature fv , the instance-level contrastive learning loss is for-
mulated as follows:

Lvg1
I = − 1

|Qv |
∑

fv∈Qv

log

∑
i∈Pv{fv} exp(Mv

I [i] · fv�/τ)
∑N v

j=1 exp(M
v
I [ j] · fv�/τ)

,

(18)

Lvg2
I = − 1

|Qv |
∑

fv∈Qv

log

∑
i∈Pr {fv} exp(Mr

I [i] · fv�/τ)
∑Nr

j=1 exp(M
r
I [ j] · fv�/τ)

,

(19)

where Qv is the global feature set within a mini-batch. The
contrastive loss Lrg1

I and Lrg2
I for infrared global feature fr

can be formulated in a similar manner. The total loss for
global features in GPCR is formulated as follows:

Lg
I = Lvg1

I + Lvg2
I + Lrg1

I + Lrg2
I . (20)

We subsequently design a mutual correction strategy for
part features. We claim that the cross-modality semantic-
aligned features fvv

p and frvp associated with a specific
query qv

p should encapsulate the modality-shared informa-
tion with the same semantics. Therefore, their corresponding
positive sample sets can be interchanged. Consequently,
we formulate a mutual correction object between pairwise
semantic-aligned features, in which the neighbor set of frvp
is utilized as the positive set of fvv

p , and vice versa. However,
the neighbor set of the part features is not reliable enough in
the initial training stage. To overcome this problem, we take
their intersection with the neighbor sets of global features to
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mine robust positive gallery sets, as shown in Fig.4(b). The
positive sets for fvv

p and frvp within Mvp
I can be formulated

as follows:

Pv{fvv
p } = N {fv,Mv

I , k} ∩ N {frvp ,Mvp
I , k}, (21)

Pv{frvp } = N {fv,Mv
I , k} ∩ N {fvv

p ,Mvp
I , k}. (22)

Following DCL framework Yang et al. (2022), for each vis-
ible image, we take its original form xv and its channel
augmentedYe et al. (2021a) formxa as inputs in amini-batch.
Therefore, we derive a triplet of semantic-aligned features
{fvv

p , fav
p , frvp } from query qv

p. f
av
p denotes the part feature

from xa by taking qv
p as query. We expand Eq.23 by the

neighbor sets within a triplet to explore additional potential
positive instances for contrastive learning:

Pv{fvv
p } = N {fv,Mv

I , k}∩
(N {fav

p ,Mvp
I , k} ∪ N {frvp ,Mvp

I , k}), (23)

The positive set of fvv
p is determined by the neighbor set of

fav
p and frvp jointly. Such a design avoids overfitting to hard
negatives while ensuring the sufficiency of the positive sam-
ples. Eq.22 can bewritten in an improved form similarly. The
corresponding part-level contrastive loss can be formulated
according to the positive sets:

Lvv1(p)
I =

− 1

|Qvv|
∑

fvv
p ∈Qvv

log

∑
i∈Pv{fvv

p } exp(M
vp
I [i] · fvv

p
�/τ)

∑N v

j=1 exp(M
vp
I [ j] · fvv

p
�/τ)

,

(24)

Lrv1(p)
I =

− 1

|Qrv|
∑

frvp ∈Qrv

log

∑
i∈Pv{frvp } exp(M

vp
I [i] · frvp �/τ)

∑N v

j=1 exp(M
vp
I [ j] · frvp �/τ)

.

(25)

The positive sets Pr {fvv
p } and Pr {frvp } for fvv

p and frvp
within Mrp

I can be obtained similarly. Then the contrastive

loss Lvv2(p)
I and Lrv2(p)

I based onMrp
I can be derived in the

similar way as Eq.24 and Eq.25. The total loss for semantic-
aligned feature pair fvv

p and frvp can be formulated as:

Lv(p)
I = Lvv1(p)

I + Lrv1(p)
I + Lvv2(p)

I + Lrv2(p)
I . (26)

The total loss Lr(p)
I of another semantic-aligned pair fvrp

and frrp holds a symmetric form of Eq.26. The total loss of

the GPCR module is obtained as follows:

Lgpcr = Lg
I + 1

Np

Np∑

p=1

(Lv(p)
I + Lr(p)

I ). (27)

3.5 Cross-Modality Feature Propagation

In this section, we introduce a simple yet effective CMFP
algorithm to enhance the association and retrieval stages.
At each epoch, the normalized features {fvi }N v

i=1 and {fri }N
r

i=1
are extracted from the backbone. For visible modality, we
construct both intra-modality and cross-modality similar-
ity matrices Svv ∈ R

N v×N v
and Svr ∈ R

N v×Nr
based

on pairwise cosine similarities, where Svv
i j = fvi f

v
j
� and

Svr
i j = fvi f

r
j
�. Srr and Srv are obtained similarly. We com-

bine the above four matrices to construct the global affinity
matrix:

Gtr =
[K(Svv, ktr ) K(Svr , ktr )

K(Srv, ktr ) K(Srr , ktr )

]
∈ R

(N v+Nr )×(N v+Nr ).

(28)

K(Svv, ktr ) denotes a ktr -nearest neighbor chosen opera-
tion, where K(Svv, ktr )i j = Svv

i j if fvj ∈ N (fvi , ktr ) and
Svv
i j > 0. N (fvi , ktr ) is the ktr -th nearest neighbor set of

fvi . (·) denotes the row normalize. It is noteworthy that the
four matrices are normalized separately, thus alleviating the
modality misalignment. We utilize the global affinity matrix
Gtr to propagate the original features:

[f̃v1 , · · · , f̃vN v , f̃r1 , · · · , f̃rNr ]� =
Gtr [fv1 , · · · , fvN v , fr1 , · · · , frNr ]�.

(29)

The propagated features {f̃vi }N v

i=1 and {f̃ri }N
r

i=1 are then utilized
cross-modality association according to Eq.4.

The propagation process can also be integrated into the
testing stage. The affinity matrix Gte can be constructed
based on the query set {qi }Nq

i=1 with Nq queries, the gallery
set {gi }Ng

i=1 with Ng galleries and the parameter kte for k-
nearest neighbor chosen. The propagated features {q̃i }Nq

i=1
and {g̃i }Ng

i=1 are utilized in the final retrieval.

3.6 optimization

The overall framework is trained by minimizing:

L = Ldagl + L f gsal + λLgpcr , (30)

where λ is a hyper-parameter to balance the loss terms. The
CMFP module works in both the dual association stage and
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the testing stage. The training process in one epoch is illus-
trated in Alg.1.

Algorithm 1: Training process in one epoch.
Input: network fθ ; iteration number from T0 to Tt in one epoch;
batch size B;
1: Extract visible features

{
fvi |i = 1, 2, · · · , N v

}
and infrared

features
{
fri |i = 1, 2, · · · , Nr

}
;

2: Cluster features by DBSCAN and obtain the intra-modality
pseudo-labels

{
ỹv
i |i = 1, 2, · · · , N v

}
and{

ỹri |i = 1, 2, · · · , Nr
}
;

3: Initialize the global-level and part-level memory banks by
cluster centroids;
4: Do CMFP as Eq.28 and Eq.29 obtain the propagated features
{f̃vi |i = 1, 2, · · · , N v} and {f̃ri |i = 1, 2, · · · , Nr };
5: Derive modality-unified pseudo-labels

{
ŷv
i |i = 1, 2, · · · , N v

}

and
{
ŷri |i = 1, 2, · · · , Nr

}
by dual associations as Eq.4;

6: for t = T0 to Tt do
1: Extract feature maps and global features for each instance
in a mini-batch;
2: Obtain semantic-aligned features from feature maps Fv and
Fr of cross-modality positive pairs as Eq.9, Eq.10 and Eq.11 ;
3: Compute part contrastive loss L f gsal as Eq.15;
4: Search reliable positive samples for global and part
features and compute Lgpcr as Eq.27;
5: Compute global contrastive loss Ldagl as Eq.8;
6: Compute total loss as Eq.30;

7: Update network fθ and update prototypes in memory banks as
Eq.7.

4 Experiments

4.1 Datasets and Evaluation Protocol

Datasets. We evaluate the proposed method on two pub-
lic visible-infrared ReID datasets, namely SYSU-MM01Wu
et al. (2017) and RegDB Nguyen et al. (2017). The train-
set of SYSU-MM01 contains 395 identities, with 22258
visible images and 11909 infrared images captured from
four visible cameras and two infrared cameras. The test-
ing set of SYSU-MM01 contains 95 identities, with 3803
infrared query images and 301 visible gallery images. We
adoptAll-Search and Indoor-Searchmodes under single-shot
and multi-shot settings. In All-Search mode, the gallery set
contains all visible images from both indoor and outdoor
cameras, while in Indoor-Search mode, the gallery set only
contains images captured from the indoor environment. We
strictly follow existing methods with 10 randomly gallery set
selections Ye et al. (2021a), and report the average perfor-
mance.

RegDB is a smaller-scale dataset captured from a pair of
aligned visible and infrared cameras Nguyen et al. (2017). It
contains 412 identities, where each identity holds 10 visible

images and 10 infrared images. Following Ye et al. (2021a),
we randomly select 206 identities for training and the remain-
ing identities for testing. This procedure is repeated 10
times and the average performance is reported. The model is
evaluated under twomodes:Visible-to-Infrared and Infrared-
to-Visible.

Evaluation Metrics. All experiments follow the com-
mon evaluation protocols used in USL-VI-ReID Wu and Ye
(2023); Cheng et al. (2023a); Yang et al. (2023c). The eval-
uation metrics include Cumulative Matching Characteristic
(CMC), Mean Average Precision (mAP), and Mean Inverse
Negative Penalty (mINP Ye et al. (2021b)).

4.2 Implementation Details

The proposed method is implemented using PyTorch. The
two-stream ResNet He et al. (2016) is employed as the back-
bone, which is pretrained on ImageNet Deng et al. (2009).
The model is trained for a total of 80 epochs. The Adam
Optimizer is adopted with a weight decay of 5e-4. The initial
learning rate is 3.5e-4 anddecays 10 times at the 20-th and60-
th epochs. In the first 40 epochs, themodel is trained under the
DCL framework Yang et al. (2022), and our SALCR frame-
work is executed in another 40 epochs. All the images are
resized into 288× 144. Random horizontal flipping, random
erasing, random cropping, random color jitter, and random
channel augmentation Ye et al. (2021a) are utilized as data
augmentations following Wu and Ye (2023). Additionally,
the LTG Tan et al. (2023) is adopted in the DCL training
stage to promote learning color-irrelevant features. During
DCL training, We sample 12 identities from both modali-
ties and 12 images for each identity in a mini-batch. While
training with our SALCR, we sample 8 pseudo-labels with 4
visible images and 4 infrared images for each label in a mini-
batch. Following Dai et al. (2022); Wu and Ye (2023); Yang
et al. (2022), the momentum factor μ and the temperature
factor τ are set to 0.1 and 0.05, the maximum distance for
DBSCAN is set to 0.6 for SYSU-MM01 and 0.3 for RegDB.
The hyper-parameter λot for the dual association is set to 5.
The number of parts Np in FGSAL is set to 3 and k for near-
est neighbor search in GPCR is set to 30. The ktr and kte
in CMFP during training and testing are both 30 for SYSU-
MM01 and 8 for RegDB. The trade-off parameter λ for the
loss terms is set to 0.5.

4.3 Comparison with State-of-the-Art Methods

We compare the proposedmethodwith state-of-the-art meth-
ods on SYSU-MM01 and RegDB datasets under three
relevant settings, i .e., supervised VI-ReID, semi-supervised
VI-ReID, and unsupervised VI-ReID. The results are shown
in Tab.1 and Tab.2. “CMFP(te)” in Tab.1 and Tab.2 cor-
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Table 2 Comparison with the
state-of-the-art methods under
the Multi-shot setting on
SYSU-MM01. The best results
are in bold, and the second best
results are underlined.

Method Venue SYSU-MM01 (Multi-shot)
All-search Indoor-search
R1 mAP R1 mAP

Supervised VI-ReID methods

Zero-Pad Wu et al. (2017) ICCV-17 19.13 10.89 24.43 18.86

cmGAN Dai et al. (2018) IJCAI-18 31.49 22.27 37.00 32.76

AlignGAN Mao et al. (2017) ICCV-19 51.50 33.90 57.10 45.30

cm-SSFT Lu et al. (2020) CVPR-20 63.40 62.00 73.00 72.40

MPANet Wu et al. (2021) CVPR-21 75.58 62.91 84.22 75.11

CMT Jiang et al. (2022) ECCV-22 80.23 63.13 84.87 74.11

CIFT Li et al. (2022) ECCV-22 79.74 75.56 88.32 86.42

PartMix Kim et al. (2023) CVPR-23 80.54 69.84 87.99 79.95

SAAI Fang et al. (2023) ICCV-23 82.86 82.39 90.73 91.30

CAL Wu et al. (2023) ICCV-23 77.05 64.86 86.97 78.51

IDKL Ren and Zhang (2024) CVPR-24 84.34 78.22 94.30 88.75

Unsupervised VI-ReID methods

H2H Liang et al. (2021) TIP-21 30.31 19.12 - -

DFC Si et al. (2023) IPM-23 44.12 28.36 - -

MBCCM Cheng et al. (2023a) MM-23 57.73 39.78 62.87 52.80

CHCR Pang et al. (2023) T-CSVT-23 50.12 42.17 - -

MULT He et al. (2024) IJCV-24 71.35 52.18 76.99 64.03

SALCR (ours) - 72.09 53.79 77.49 65.36

SALCR w/ CMFP(te) (ours) - 80.95 74.60 86.72 83.52

responds to the performance of conducting CMFP as a
re-ranking stage after feature extraction during testing.

(a) Comparison with Unsupervised Methods:As reported
in Tab.1, our method outperforms the state-of-the-art GUR∗
Yang et al. (2023c) by a margin of 3.45% mAP and 3.49%
Rank1 on SYSU-MM01 (All-Search), and 13.64% mAP
and 16.67% Rank1 on RegDB (Visible-to-Infrared). Addi-
tionally, with the incorporation of CMFP during testing,
our method achieves the surprising performance of 74.08%
mAP and 78.29% Rank1, exhibiting superior improvement
compared to existing methods. As reported in Tab.2, our
methods surpass CHCR Pang et al. (2023) by a considerable
margin of 11.62% mAP and 21.97% Rank1 on SYSU-
MM01 (All-Search) under the multi-shot setting. Existing
methods Wu and Ye (2023); Cheng et al. (2023a); Yang
et al. (2023c) mainly focus on learning modality-unified
global representations, while neglecting complicated part-
level cross-modality interactions. Our method explores part-
level semantic-aligned cross-modality pairs and builds up
optimization objectives for learning fine-grained modality-
shared information. Such a learning paradigm fully exploits
the complementary pseudo-label spaces and promotes dis-
covering more abundant intra-cluster details.

(b) Comparison with Semi-Supervised Methods: The pro-
posed method outperforms the state-of-the-art DPIS Shi et
al. (2023) by 4.84% mAP and 6.04% Rank1. In the semi-

supervised setting, visible ground-truth labels are accessible
for training. The results demonstrate the potential of purely
unsupervised methods, which do not require any annotation
and are more data-friendly in real scenarios.

(c) Comparison with Supervised Methods: We addition-
ally provide results of 17well-known supervisedmethods for
reference in Tab.1. Our method surpasses several supervised
methods including Zero-Pad Wu et al. (2017), AlignGAN
Mao et al. (2017), cm-SSFT Lu et al. (2020), DDAG Ye et
al. (2020), AGWYe et al. (2021b) andVCD+VMLTian et al.
(2021) on SYSU-MM01 (All-Search). For the easier dataset
RegDB, our method achieves a surprising performance that
approaches some of the latest methods (e.g., DEEN Zhang
et al. (2023) and PartMix Kim et al. (2023)). However, there
is still a significant margin compared to SOTAs.

4.4 Ablation Study

To demonstrate the effectiveness of each component of our
method, we conduct ablation experiments on SYSU-MM01
and RegDB. The results are shown in Tab.3. “CMFP(tr)"
indicates we apply CMFP for features extracted from the
trainset before the cross-modality association. “B" denotes
our intra-modality DCL baseline Sec.3.1, which achieves
39.65% mAP on SYSU-MM01.
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(a) The Effectiveness of DAGL: The DAGL module
improves performance by 14.13% mAP on SYSU-MM01
(All-Search) compared to the baseline, indicating the supe-
riority of integrating such an OTLA-based dual association
approach into the memory-based framework. OTLA utilizes
detailed instance-cluster relationships for associations, thus
attaining better performance compared to several existing
methods (i .e., PGMWu and Ye (2023) and MBCCM Cheng
et al. (2023a)) that only consider cluster-level relationships.
We further compare our DAGL with uni-directional OTLA
designs, as shown in Tab.4. “Visible branch” denotes only
pseudo-labels assigned from the visible modality {ŷri }N

r

i=1 are
involved in the cross-modality interaction learning, and vice
versa. The results demonstrate the effectiveness of the dual
association. Compared to the uni-directional method, our
dual association incorporates more implicit potential asso-
ciations into training, which could effectively multigate the
side-effects raised from some insufficient label associations.

(b) The Effectiveness of FGSAL: Our FGSAL achieves
an improvement of 3.34% mAP without CMFP(tr) and
3.10% mAP with CMFP(tr) on SYSU-MM01 (All-Search)
when directly applied to our DAGL module. It further
improves performance by 3.03% mAP without CMFP(tr)
and by 4.08% mAP with CMFP(tr) when collaborating
with the GPCR module. The FGSAL module exploits
the complementary nature of label spaces and formulates
optimization for modality-related semantic-aligned part fea-
tures, significantly boosting the performance. It facilitates
complicated cross-modality interactions between part-level
features, enabling the model to explore muti-faceted intra-
cluster information and richer details about cluster bound-
aries.

(c) The Effectiveness of GPCR: GPCR further enhances
mAP by 1.43% without CMFP(tr) and by 1.96% with
CMFP(tr) when working together with FGSAL. The cluster-
level prototypes are not reliable enough due to the inevitable
label noise during the early training stage. Our dynamic
GPCR module addresses this issue by adjusting incorrect
structure information from noisy labels through the online
discovery of positive sets, which can be regarded as a refine-
ment for offline pseudo-labels. Moreover, our GPCR designs
specific strategies for identifying positive samples of global
and part features, preventing overfitting to easy instances
and enhancing the learning of instance-level relationships.
We further conduct ablation studies for loss terms LI

g and

LI
p (LI

v(p) & LI
r(p)) designed for global and part features in

GPCR, the results are shown in Tab.7. The results indicate
that the two loss terms both improve model performance and
mutually reinforce each other.

(d) The Effectiveness of CMFP: From the comparison
between the upper section and lower section of Tab.3, we
observe that blending CMFP(tr) into cross-modality associ-

Table 4 Comparison with uni-directional association on SYSU-
MM01.

Method All-Search Indoor-Search
R1 mAP mINP R1 mAP mINP

Visible branch 53.17 47.61 30.68 54.36 61.64 56.92

Infrared branch 55.67 51.90 36.47 57.61 64.81 60.31

Dual 58.89 53.87 37.50 59.87 66.17 61.55

ations significantly gains performance on SYSU-MM01. It
achieves an improvement of 1.51%mAPwith our DAGI and
1.80%mAPwhen applied to the entire SALCRframeworkon
SYSU-MM01. However, the performance gain of CMFP(tr)
on RegDB is limited. This can be attributed to fewer vari-
ations in poses and illumination in RegDB, enabling the
model to learn compact intra-cluster representations. Such
representations are robust enough for the direct instance-
cluster associations. To demonstrate the efficacy of CMFP
during testing, we further compare our CMFP with existing
re-ranking methods for VI-ReID, including CMRR Liang et
al. (2021) and AIM Fang et al. (2023) on SYSU-MM01 and
RegDB.We report the performance of CMRR under two dif-
ferent hyper-parameter settings on each dataset, while the
hyper-parameter setting for AIM follows Fang et al. (2023).
The average time of various re-ranking algorithms on SYSU-
MM01 (All-Search) and RegDB (Visible-to-Infrared) are
also reported. The results are shown in Tab.5 and Tab.6. Our
CMFP exhibits impressive performance that outperforms
existing re-ranking methods by a large margin on SYSU-
MM01. While on RegDB, CMFP achieves performance
approaching CMRR Liang et al. (2021) but significantly less
time consumption compared to CMRR. Furthermore, our
CMFP involves only one hyper-parameter kte during testing,
which is more friendly for hyper-parameter tuning in real
applications. We also integrate CMFP as a post-processing
approach into existing USL-VI-ReID frameworks, including
CNN-based methods PGMWu and Ye (2023) andMULTHe
et al. (2024), as well as the ViT-based method SDCL Yang
et al. (2024). The results are shown in Tab8.

We further provide a theoretical analysis of the efficiency
of our CMFP. For simplicity, we assume that the testing set
contains N visible images and N infrared images, respec-
tively. Specifically, we analyze the computational cost of
the three following steps in CMFP: (a) Computing pairwise
similarities between testing images:O(N 2d); (b) Sorting the
similarity values for N rows and retaining the top-Kte entries
for each row: O(N 2 log N ) + O(N 2); (c) The feature prop-
agation process based on pairwise similarities and original
features: O(N 2d). d represents the dimensional of image
features. Since log N � d, we can derive the overall compu-
tational complexity of our CMFP:O(N 2d)+O(N 2 log N )+
O(N 2) + O(N 2d) ≈ O(N 2d). Furthermore, our proposed
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Table 5 Comparison with other
re-ranking methods on
SYSU-MM01.

Method Venue All-search Indoor-search Time
R1 mAP R1 mAP

None - 64.44 60.44 67.17 72.88 -

CMRR (k=15) TIP-21 72.10 69.14 71.85 73.26 12.260s

CMRR (k=25) TIP-21 70.83 67.89 70.31 75.87 19.247s

AIM ICCV-23 64.80 64.23 67.51 74.40 0.053s

CMFP(te) (Ours) - 78.29 74.08 79.64 82.75 0.241s

Table 6 Comparison with other
re-ranking methods on RegDB.

Method Venue V-to-I I-to-V Time
R1 mAP R1 mAP

None - 90.58 83.87 88.69 82.66 -

CMRR (k=8) TIP-21 95.39 95.72 95.73 95.62 8.73s

CMRR (k=15) TIP-21 91.07 92.35 90.00 91.46 12.016s

AIM ICCV-23 89.71 89.50 89.85 89.49 0.053s

CMFP(te) (Ours) - 93.01 93.16 94.08 93.46 0.488s

Fig. 5 Parameter analysis of λ and k for GPCR on SYSU-MM01
dataset.

CMFP framework relies exclusively on matrix multiplica-
tions,which inherently support parallel operations and ensure
computational efficiency.

Fig. 6 Parameter analysis of λ and k for GPCR on RegDB.

4.5 Hyper-Parameter Analysis

(a) Hyper-Parameters of FGSAL and GPCR: Our FGSAL
and GPCR involve three hyper-parameters: the number of
parts Np, the trade-off parameter λ for loss terms and the
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Fig. 7 Pseudo-label quality analysis over different epochs on SYSU-
MM01.

Fig. 8 Comparison of the cluster centroid distribution before and after
CMFP during dual association.

number of neighbors k for searching positive sets. We anal-
ysis these hyper-parameters on SYSU-MM01 and RegDB
to study how they behave across different datasets. Tab.9
and shows the effect of Np in FGSAL. An appropriate Np

strikes a trade-off between capturing sufficient fine-grained
part information andpreserving the semantic integrity of each
part.When Np = 3, themodel achieves the best performance
on SYSU-MM01 andRegDB.We consider Np = 3 a general
solution for most ReID datasets, as dividing the human body
into three parts (head, upper body, and lower body) is an intu-
itive and reasonable strategy. The effect of λ and k in GPCR
is illustrated in Fig.5 and Fig.6. When λ = 0, the GPCR
module is disabled, resulting in unsatisfied performance. The
best performance appears when λ = 0.5, where the offline

Table 7 Ablation study on loss terms LI
g and LI

p in GPCR on SYSU-
MM01.

Method All-Search Indoor-Search
R1 mAP mINP R1 mAP mINP

w/o GPCR 62.07 58.48 43.40 64.29 71.30 67.47

+ LI
g 63.67 59.71 44.88 66.39 72.34 68.35

+ LI
p 62.83 58.97 44.34 65.78 71.85 68.01

+ Lgpcr 64.44 60.44 45.19 67.17 72.88 68.73

cluster-guided learning and the online instance-guided learn-
ing attain a balance and promote each other. Notably, too
large λ (λ = 2.0 in Fig.6) may result in a slight performance
degradation on RegDB. It can be attributed to the sufficiently
accurate offline pseudo-labels in RegDB, where an excessive
reliance on instance-level constraints may result in less com-
pact cluster-level representations. The k is utilized to search
neighbor sets in the instance memory. Too small k leads to
discarding valuable contextual information in the embedding
space, while too large k will excessively introduce hard neg-
atives into contrastive learning. We set k = 30 based on the
experiment results.

(b) Hyper-Parameters of CMFP: The CMFP module
involve two hyper-parameters ktr and kte, corresponding to
its employment during training and testing. The effect of ktr
and kte are shown in Tab.11, Tab.12, Tab.13 and Tab.14. The
larger value of ktr or kte may introduce an excessive number
of negative instances while the smaller value cannot fully
exploit the neighborhood relationships. When 20 ≤ ktr ≤
50, the model achieves satisfactory results on SYSU-MM01,
while the optimal range on RegDB is 8 ≤ ktr ≤ 20. The
optimal values of ktr and kte are influenced by the dataset
scale. For a larger dataset, it is preferable to select relatively
larger values for these two hyperparameters. Based on the
results, we set ktr = 30, kte = 30 for SYSU-MM01 and
ktr = 8, kte = 8 for RegDB. Notably, the gallery set con-
tains only 301 images for retrieval on SYSU-MM01, with an
average of 3 images per identity. When kte is larger than 3,
the CMFP inevitably incorporates negative features into the
propagation process. However, as shown in Tab.13, the per-
formance is robust when kte varies from 10 to 30, indicating
that the structural information brought by negative instances
also advances the retrieval performance. The results further
demonstrate the robustness and applicability of the proposed
CMFP.

4.6 Further Analysis

(a) Analysis of the quality of the pseudo-labels: We employ
four clustering quality metrics to evaluate the quality of the
pseudo-labels of our method following Zhang et al. (2022b),
namelyAdjustedRand Index (ARI), Fowlkes-Mallows Index
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Table 8 The effectiveness of
CMFP when applied to different
USL-VI-ReID methods on
SYSU-MM01. “SDCL∗”
denotes our reproduced results
of SDCL Yang et al. (2024).

Method All-Search Indoor-Search
R1 mAP mINP R1 mAP mINP

PGM 56.30 51.35 35.06 57.96 64.90 60.73

PGM w/ CMFP 65.58 60.95 46.27 69.89 74.20 70.84

MULT 64.77 59.23 43.46 65.34 71.46 67.83

MULT w/ CMFP 75.71 72.16 59.65 77.98 81.06 77.60

SDCL∗ 65.24 63.64 50.84 70.92 76.77 73.35

SDCL∗ w/ CMFP 78.37 76.11 66.07 82.16 85.69 83.73

Fig. 9 The visualization of distance distribution from randomly selected cross-modality positive and negative pairs.

Table 9 Parameter analysis of Np for FGSALonSYSU-MM01dataset.

Value of Np All-Search Indoor-Search
R1 mAP mINP R1 mAP mINP

Np = 2 64.48 59.90 44.36 68.41 73.59 69.21

Np = 3 64.44 60.44 45.19 67.17 72.88 68.73

Np = 4 62.76 59.56 44.55 65.75 71.93 67.69

Table 10 Parameter analysis of Np for FGSAL on RegDB dataset.

Value of Np Visible-to-Infrared Infrared-to-Visible
R1 mAP mINP R1 mAP mINP

Np = 2 88.98 82.39 69.59 87.29 81.03 65.55

Np = 3 90.58 83.87 70.76 88.69 82.66 66.89

Np = 4 89.27 83.49 71.39 88.26 82.70 66.87

Table 11 Parameter analysis of ktr on SYSU-MM01 dataset.

Value of ktr All-Search Indoor-Search
R1 mAP mINP R1 mAP mINP

ktr = 10 62.87 58.62 42.94 64.90 70.47 65.95

ktr = 20 63.38 59.37 44.05 65.97 72.34 68.39

ktr = 30 64.44 60.44 45.19 67.17 72.88 68.73

ktr = 40 63.42 59.79 44.70 66.60 72.37 68.21

ktr = 50 63.21 59.60 44.66 67.32 72.86 68.72

(FMI), Adjusted Mutual Info Score (AMI) and V-measure
score, as shown in Fig.7. The larger score represents the
better alignment between the pseudo-labels and the ground-

Table 12 Parameter analysis of ktr on RegDB dataset.

Value of ktr Visible-to-Infrared Infrared-to-Visible
R1 mAP mINP R1 mAP mINP

ktr = 4 88.93 82.81 69.43 88.79 82.19 65.82

ktr = 8 90.58 83.87 70.76 88.69 82.66 66.89

ktr = 15 90.30 83.83 71.30 88.06 82.81 67.13

ktr = 20 90.15 83.67 70.92 87.96 82.52 66.80

ktr = 25 88.74 82.45 69.30 87.53 81.43 65.39

Table 13 Parameter analysis of kte on SYSU-MM01 dataset.

Value of kte All-Search Indoor-Search
R1 mAP mINP R1 mAP mINP

kte = 10 76.56 73.10 60.51 78.05 81.58 78.48

kte = 20 78.00 73.94 60.67 79.14 82.44 79.29

kte = 30 78.29 74.08 60.68 79.64 82.75 79.65

kte = 40 77.57 73.39 59.88 79.50 82.54 79.36

kte = 50 76.56 72.34 58.68 78.59 81.79 78.47

Table 14 Parameter analysis of kte on RegDB dataset.

Value of kte Visible-to-Infrared Infrared-to-Visible
R1 mAP mINP R1 mAP mINP

kte = 4 92.77 93.01 91.44 92.82 92.84 90.88

kte = 8 93.01 93.16 91.04 94.08 93.46 90.73

kte = 15 92.18 92.01 89.26 92.28 92.15 89.37

kte = 20 90.53 89.09 84.15 90.78 89.51 84.61

kte = 25 88.69 86.49 80.80 89.37 87.45 80.96
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Fig. 10 The t-SNE visualization of randomly selected identities. Dif-
ferent colors denote different identities. Circles represent instances from
the visible modality and crosses represent instances from the infrared
modality.

Fig. 11 The visualization of attention maps from DAGL and SALCR.

truth labels, signifying the better quality of the pseudo-labels.
We compare our entire SALCR framework with DAGL in
Sec3.2, which solely relies on global features for contrastive
learning. In Fig.7, “visible pseudo-labels” represents themet-
ric score between the pseudo-labels for both visible and
infrared instances in visible space {ỹv

i }N v

i=1 ∪ {ŷri }N
r

i=1 and the
ground-truth labels. The results highlight the improvement of
our method in the quality of the pseudo-labels. The improve-
ment in the early training stages is mainly brought by the
CMFP module, which integrates structural information into
the embedding space, thereby enhancing the accuracy of dual
association. As the training process goes on, our FGSAL and
GPCRmodules progressively enhance the pseudo-label qual-

ity by learning fine-grained modality-shared information at
both the cluster and instance levels.

(b) Analysis of the effectiveness of CMFP: We visual-
ize the T-SNE map Van der Maaten and Hinton (2008) of
the cluster centroids at the 40-th epoch on SYSU-MM01
before and after applying CMFP, as shown in Fig.8. Due to
the substantial modality discrepancy, instances from differ-
ent modalities tend to be distributed in distinct manifolds.
Thus the performance of the conventional association meth-
ods is limited. As illustrated by the green circles in Fig. 8(a),
the centroids of different clusters within the same modal-
ity appear to be gathered together, resulting in unreliable
distance metrics for the association. Such a modality mis-
alignment issue is alleviated when incorporating our CMFP.
As illustrated in Fig. 8(b), clusters from different modalities
are relatively uniformly distributed in the embedding space.
The results demonstrate the efficacy of CMFP in bridging the
modality gap.

(c) Visualization of the modality discrepancy. To illus-
trate the effectiveness of our method in alleviating the
modality gap, we visualize the distribution of Euclidean
Distance between randomly selected 60,000 positive and
negative cross-modality pairs, as shown in Fig.9. With the
integration of components in our methods (i .e., FGSAL,
GPCR, and CMFP), the peak of the distance distribution
for positive pairs gradually shifts leftwards, while the gap
between the peak corresponding to positive pairs and that
to negative pairs gradually increases. We further visual-
ize the t-SNE Van der Maaten and Hinton (2008) map of
randomly selected 11 identities, as shown in Fig.10.We com-
pare our SALCR with DAGL (Sec.3.2) to demonstrate the
effectiveness of part-level information for learningmodality-
invariant features. The results indicate that DAGL can learn
compact cross-modality features for certain identities with
global features, while there are still mismatches in Fig.10.
Our SALCR further narrows the gap between intra-identity
features fromdifferentmodalities,while adjusting someerro-
neous matches.

(d) Visualization of the part features: We visualize the
feature map utilizing the Grad-Cam Selvaraju et al. (2017)
algorithm, as shown in 11. Specifically, we take the prob-
ability prediction from the memory bank constructed by
ground-truth labels as input and derive the attention map
of the last layer in ResNet-50. “O” denotes the original
images. “G (DAGL)” denotes the attention maps of global
features extracted from our OTLA-based baseline model and
“G (SALCR)” denotes the maps of global features from our
SALCR. “P1”, “P2”, “P3” denotes the attention maps from
corresponding part features. The results indicate that our
method enables the global features to focus on richer fine-
grained information, while each part feature concentrates on
distinct regions.
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Fig. 12 Visualization of the ranking lists on the SYSU-MM01 and RegDB datasets. The query images are marked with black boxes. The persons
who are different from the query persons are marked with red boxes, while those who are the same as the query are marked with green boxes.

Table 15 Analysis of the
parameter count and
computational overhead.

Models Params (M) Flops (GMac) SYSU-MM01
R1 mAP mINP

ResNet-50 25.57(+0.00) 5.19(+0.00) 60.12 55.38 42.64

FGSAL (Np = 3) 25.92 (+0.35) 5.20(+0.01) 64.44 60.44 45.19

(e) Visualization of Ranking List: We visualize the rank-
ing lists of several query images on SYSU-MM01 and
RegDB, as shown in Fig.12. We compare our SALCR and
SALCR w/ CMFP(te) with the baseline trained under the
DCL framework Yang et al. (2022). The results demonstrate
the effectiveness of our SALCR framework for learning fine-
grainedmodality-shared information during training, and our
CMFP for leveraging neighborhood information during test-
ing.

(f) Analysis of Parameter Count and Computational Over-
head: We analyze the additional number of parameters and
the computational overhead introduced by the part fea-
ture generation, and the results are shown in Tab.15. Our
part feature generation process adds only 0.35M (1.36%)
in additional parameters and 0.01 GMac in extra FLOPs.
However, it results in a performance improvement of 5.04%
mAP compared to the approach using only global features
(DAGL+CMFP(tr), Idx 6 in Tab.3). The results demonstrate
that our part feature significantly improves model perfor-
mance with almost no additional computational overhead.

(h) Analysis of the model generalizability: To further
investigate the generalizability of our framework, we com-
bine the training sets of two USL-VI-ReID datasets (i .e.,
SYSU-MM01 and RegDB) to train a unified model and eval-
uate it separately on the corresponding test sets of the two
datasets. Specifically, the unified training set consists of the
training set of SYSU-MM01 and the training set split from

Table 16 The performance of models trained on different datasets

Dataset SYSU-MM01 RegDB (seed=1)
R1 mAP mINP R1 mAP mINP

SYSU-MM01 64.44 60.44 45.19 7.86 8.40 4.96

RegDB (seed=1) 3.83 5.57 2.29 90.97 85.02 72.90

Unified dataset 52.46 50.09 35.92 94.22 76.29 50.90

RegDBwith random seed 1.We compare the performance of
the unified model with models individually trained on each
dataset. The results, presented in Tab.16, reveal that mod-
els trained on a single dataset perform poorly when tested
on the other dataset. This performance drop is largely due to
the significant domain gap between the two datasets. Surpris-
ingly, the globalmodel trained on the unified dataset achieves
competitive performance on both test domains, despite the
large domain differences. These findings further highlight the
scalability and generalizability of our framework. We also
analyze the effectiveness of CMFP on the unified model, as
shown in Tab.17. The results reveal that CMFP continues to
significantly improve the performance of the unified model
across different test domains.
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Table 17 Parameter analysis of
kte with the unified model.

Value of kte SYSU-MM01 RegDB
R1 mAP mINP R1 mAP mINP

kte = 0 (w/o CMFP(te)) 52.46 50.09 35.92 94.22 76.29 50.90

kte = 5 59.04 58.15 45.84 95.31 89.35 78.95

kte = 10 60.23 59.05 46.32 95.53 88.40 76.57

kte = 20 61.26 59.14 46.63 93.64 79.87 60.66

kte = 30 60.30 58.33 45.07 91.70 74.04 50.33

4.7 Conclusion

In this paper, we propose a Semantic-Aligned Learning with
Collaborative Refinement (SALCR) framework for USL-VI-
ReID. Specifically, we first introduce a Dual Association
with Global Learning (DAGL) module, which establishes
bi-directional cross-modality label associations and con-
structs a contrastive learning framework for global features.
Then we devise a Fine-Grained Semantic-Aligned Learn-
ing (FGSAL) module to learn fine-grained modality-shared
information from semantic-aligned pairs, thereby achieving
complementarity between label distributions across different
modalities. To mitigate the side-effects of noisy pseudo-
labels, we propose a Global-Part Collaborative Refinement
(GPCR) module, which dynamically mines positive sam-
ple sets for global and part features. Moreover, we propose
a Cross-Modality Feature Propagation (CMFP) module to
enhance the cross-modality relationships during training
and testing, achieving a trade-off between efficiency and
effectiveness. Extensive experiments demonstrate the effec-
tiveness of our proposed method, pushing USL-VI-ReID to
real applications.
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