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Abstract
Unsupervised visible-infrared person re-identification (USL-VI-ReID) endeavors to retrieve pedestrian images of the same
identity from different modalities without annotations. While prior work focuses on establishing cross-modality pseudo-
label associations to bridge the modality-gap, they ignore maintaining the instance-level homogeneous and heterogeneous
consistency between the feature space and the pseudo-label space, resulting in coarse associations. In response, we introduce
a Modality-Unified Label Transfer (MULT) module that simultaneously accounts for both homogeneous and heterogeneous
fine-grained instance-level structures, yielding high-quality cross-modality label associations. It models both homogeneous
and heterogeneous affinities, leveraging them to quantify the inconsistency between the pseudo-label space and the feature
space, subsequently minimizing it. The proposed MULT ensures that the generated pseudo-labels maintain alignment across
modalities while upholding structural consistency within intra-modality. Additionally, a straightforward plug-and-play Online
Cross-memory Label Refinement (OCLR) module is proposed to further mitigate the side effects of noisy pseudo-labels
while simultaneously aligning different modalities, coupled with an Alternative Modality-Invariant Representation Learning
(AMIRL) framework. Experiments demonstrate that our proposed method outperforms existing state-of-the-art USL-VI-
ReID methods, highlighting the superiority of our MULT in comparison to other cross-modality association methods. Code
is available at https://github.com/FranklinLingfeng/code_for_MULT.

Keywords Homogeneous and heterogeneous consistency · Label associations · Unsupervised visible-infrared person
re-identification

1 Introduction

Visible-infrared person re-identification (VI-ReID) Lin et al.
(2022); Zhang et al. (2021b); Wu et al. (2017); Ye et al.
(2021b, 2020); Wu and Ye (2023) aims at retrieving the
same person from a set of visible/infrared gallery images
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when given an image from another modality. It has gar-
nered growing interest due to its practical applications in
intelligent surveillance systems. Existing VI-ReID methods
have achieved remarkable performance with deep neural net-
works Pu et al. (2020); Jia et al. (2020); Hao et al. (2019);
Mao et al. (2017); Li et al. (2022b); Liu et al. (2022). How-
ever, these works are based on datasets with modality-shared
annotations, which are labor-intensive and time-consuming
to obtain in real-world scenarios. To relieve such issues, we
investigate the unsupervised solution for VI-ReID.

Although there are several unsupervised single-modality
ReID methods that have achieved excellent performance
(e.g., Cluster-Contrast Dai et al. (2023), ISE Zhang et
al. (2022b), PPLR Cho et al. (2022)), the direct appli-
cation of these methods to VI-ReID scenarios presents a
formidable challenge due to the substantial modality-gap.
Images of the same pedestrian from different modali-
ties cannot be assigned the same pseudo-label using con-
ventional clustering-based methods. Therefore, associating
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Fig. 1 Illustration of our idea. Different colors denote different modal-
ities, and different shapes denote different identities. The red lines
represent higher affinities and the gray lines represent lower affinities.
Our Modality-Unified Label Transfer takes into account instance-level
structures to establish homogeneous and heterogeneous structurally
consistent label associations and generate reliable modality-unified
pseudo-labels for network training

cross-modality pseudo-labels is necessary for unsupervised
VI-ReID. Several attempts Wang et al. (2022); Cheng et al.
(2023b, a); Wu and Ye (2023) have been made to associate
the cross-modality pseudo-labels. PGM Wu and Ye (2023)
and MBCCM Cheng et al. (2023a) adopt graph matching
to interlink cross-modality clusters from the global perspec-
tive. However, they overlook the complicated, fine-grained
structural information at the instance level, consequently
resulting in coarse associations. To utilize the instance-level
information, OTLA Wang et al. (2022) formulates the label
assignment between instance and cross-modality clusters as
anOptimal Transport (OT) problem.Nevertheless, it neglects
the homogeneous structural consistency, leading to a large
amount of intra-cluster instances in one modality being dis-
persed across multiple clusters in another modality. Based
on the above analysis, we utilize instance-level pairwise
relationships to establish reliable cross-modality label asso-
ciations that maintain both homogeneous and heterogeneous
structural consistency (as shown in Fig. 1).

Specifically, we propose a Modality-Unified Label Trans-
fer (MULT) module (Fig. 2a), which exploits the full
potential of both homogeneous and heterogeneous instance-
level structures to associate cross-modality pseudo-labels.
To begin, our MULT excavates homogeneous and heteroge-
neous structural information by modeling affinities derived
from pairwise instance relationships in feature space. These
affinities are then utilized to define both homogeneous and
heterogeneous inconsistency between the pseudo-label space
and the feature space from a global perspective. Subse-
quently, MULT transfers the pseudo-labels guided by the
calculated affinities, with the primary aim of minimizing

the inconsistency terms. During the label transfer process,
each instance communicates its pseudo-label information
with both its intra-modality and cross-modality counterparts.
Such transfer strategy leverages detailed instance-level rela-
tionships, facilitating more precise associations compared
to the direct associations of clusters. Simultaneously, the
pseudo-labels preserve the homogeneous structure in feature
space by minimizing the homogeneous inconsistency terms.
Furthermore, the transferred soft pseudo-labels involve infor-
mation between instances and multiple intra-modality and
cross-modality clusters and thus aremore suitable for mining
discriminative features compared to hard labels. Extensive
experiments indicate that our MULT provides more suitable
supervision signals for training compared to other cross-
association methods.

To achieve modality alignment based on pseudo-labels
derived fromMULT, we introduce an Online Cross-memory
Label Refinement (OCLR) module (Fig. 2c), complemented
by an Alternative Modality-Invariant Representation Learn-
ing (AMIRL) framework (Fig.2b). Specifically, our OCLR
module is a straightforward yet effective plug-and-play com-
ponent designed to alleviate the impact of the inevitable
noisy pseudo-labels while further reducing themodality-gap.
Specifically, it learns self-consistency among the predictions
from multi-memory prototypes. Our AMIRL framework
conducts contrastive learning based on both intra-modality
and cross-modality memory banks. Two auxiliary memory
banks are constructed to collaboratively learn the intra-
modality structure with the initial two intra-modality mem-
ory banks, which play a role in mutually correcting each
other. Furthermore, an alternative training scheme is pro-
posed tomultigate the influence of the inconsistency between
the pseudo-labels fromMULT in different directions. Exper-
imental results highlight the effectiveness of our OCLR,
showcasing its applicability in various cross-modality label
association methods. Our main contributions can be summa-
rized as follows:

– We propose a MULT module that considers instance-
level context structures to provide homogeneous and
heterogeneous consistent cross-modality pseudo-label
associations for network training. The generated pseudo-
labels exhibit cross-modality alignment while containing
rich intra-modality information.

– We design a straightforward plug-and-play OCLR mod-
ule for learning cross-memory self-consistency online,
coupled with an AMIRL framework that fully exploits
the supervision signals from MULT. The OCLR module
effectively alleviates the side-effects of the noisy labels
while mitigating the modality-gap.

– Extensive experimental results demonstrate the effective-
ness of the proposed method, showing higher-quality
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label associations across-modality instances, and supe-
rior recognition performances to state-of-the-art USL-
VI-ReIDmethods on SYSU-MM01 andRegDBdatasets.

2 RelatedWork

2.1 SupervisedVI-ReID

Supervised VI-ReID pays attention to retrieving pedestrian
images from both visible and infrared cameras. Existing
methods mainly focus on aligning two modalities at the
image-level and feature-level. Some methods Mao et al.
(2017); Dai et al. (2018); Choi et al. (2020) bridge the
modality-gap by transferring images from one modality to
the other basedonGenerativeAdversarialNetworks (GANs).
However, thesemethods face the issue of high computational
cost and the inevitable noise in generated images, thus degen-
erating themodel performance.CAYeet al. (2021a) proposes
a simple random channel argumentation for visible images
to bridge the gap between cross-modality images. For align-
ing modalities at feature-level, some methods design novel
network structures based on two-streamCNNwith deepmet-
ric learning Liu et al. (2022); Wu et al. (2021); Ye et al.
(2020); Zhang andWang (2023);Wu et al. (2023) to excavate
modality-invariant features. DDAG Ye et al. (2020) mines
both intra-modality part-level and cross-modality graph-level
contextual information through a dynamic dual-attention
aggregation learning method. MPANet Wu et al. (2021) pro-
poses a modality alleviation module and a pattern alignment
module to extract part-level discriminative features. Part-
Mix Kim et al. (2023) synthesizes positive and negative by
mixing the part descriptors across modalities to enhance
part-level feature learning. However, the aforementioned
methods rely heavily on human-annotated cross-modality
associations, which require expensive labor costs and are not
always available in real scenarios. Thus we focus on learning
modality-invariant features without human annotations.

2.2 Unsupervised Single-Modality ReID

Unsupervised single-modality ReID aims to learn discrimi-
native representations for unannotated person images.Recent
unsupervised methods Lin et al. (2020); Wang and Zhang
(2020); Lin et al. (2019); Yu et al. (2019);Wang et al. (2021);
Li et al. (2022); Zhang et al. (2023); Dai et al. (2023); Zhang
et al. (2022b) follow a self-training pipeline that alternates
between generating pseudo-labels and training the network.
The mainstream methods for unsupervised ReID include
pseudo-label refinement-based methods and memory bank-
based methods. To alleviate the impact of noisy labels, MMT
Ge et al. (2020a) utilizes the Mean-Teacher Tarvainen and
Valpola (2017) model to revise pseudo-labels online. RLCC

Zhang et al. (2021a) propagates pseudo-labels between dif-
ferent iterations through cluster consensus and generates
temporally consistent pseudo-labels. PPLR Cho et al. (2022)
proposes refining the pseudo-labels of global features by
ensembling the predictions of part features based on the
global-part agreement score. Memory bank-based methods
establish memories capable of managing multi-prototypes
and facilitate contrastive learning during training. SPCL Ge
et al. (2020) constructs a hybrid memory that maintains
both instance-level and cluster-level prototypes with a self-
paced learning strategy. Cluster-Contrast Dai et al. (2023)
and ISE Zhang et al. (2022b) store a unique prototype for
each cluster to preserve the updating consistency. DCMIP
Zhou et al. (2023) manages discrepant cluster memories and
a multi-instance memory to excavate multifaceted informa-
tion within clusters.

Following thememory-basedmethods,we construct intra-
modality and cross-modality memory banks to perform
contrastive learning for heterogeneous features.

2.3 UnsupervisedVI-ReID

Unsupervised VI-ReID aims to learn modality-invariant and
identity-discriminative features for cross-modality images
without annotations. Existing methods Liang et al. (2021);
Yang et al. (2022); Cheng et al. (2023a, b); Wu and Ye
(2023) mainly focus on associating cross-modality pseudo-
labels. H2HLiang et al. (2021) proposes an ISML loss aimed
at enhancing alignment between reliable cross-modality
instances. ADCA Yang et al. (2022) identifies highly asso-
ciated cross-modality features and aggregates their corre-
sponding memory prototypes according to instance-level
pairwise similarities. To avoid biased label associations,
OTLA Wang et al. (2022) establishes an optimal transport
problem to assign cross-modality pseudo-labels uniformly
for instances. To model the cluster-level cross-modality rela-
tionships from a global perspective, PGMWu and Ye (2023)
andMBCCMCheng et al. (2023a) construct weighted bipar-
tite graphs to associate cross-modality clusters and assign
shared pseudo-labels for heterogeneous instances. CCLNet
Chen et al. (2023) leverages the powerful semantic infor-
mation from CLIP to provide richer supervision signals by
incorporating a prompt learning stage. GRU Yang et al.
(2023) proposes a CAE module to embed the information of
hierarchical domain memories while achieving remarkable
performance.

In contrast to the above-mentioned methods, our MULT
simultaneously utilizes the homogeneous and heterogeneous
instance-level structures to provide reliable cross-modality
label associations.
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Fig. 2 Framework of our proposed method. Different colors indicate
different modalities. Our method alternates pseudo-label generation
(Modality-Unified Label Transfer (MULT a, described in Sec.3.1)) and
network training (including Alternative Modality-Invariant Represen-
tation Learning (AMIRL b, described in Sec.3.2) and Online Cross-
memory Label Refinement (OCLR c, described in Sec.3.3)). MULT

provides homogeneous and heterogeneous consistent pseudo-labels as
supervision signals. During training, AMIRL leverages memory banks
to perform contrastive learning with an alternative scheme and OCLR
utilizes predictions from different memories to alleviate the effect of
the noisy labels

2.4 Affinity-Based Person ReID

In the personReID task, someworks Chen et al. (2018); Shen
et al. (2018b, a); Luo et al. (2019); Lu et al. (2020); Li et al.
(2022b); Ye et al. (2020) pay attention to the detailed rela-
tionships between pairwise instances. SSFTLuo et al. (2019)
proposes a feature transfer module to facilitate the optimiza-
tion of group-wise similarities for single-modality ReID.
cm-SSFT Lu et al. (2020) models both intra-modality and
cross-modality affinities to generate modality-shared fea-
tures from modality-specific features. CIFT Li et al. (2022b)
proposes a novel graph module to simulate the unbalanced
modality distribution.

Inspired by thewidely-usedGCNKipf andWelling (2016)
and the above affinity-based methods, we model affinities
in feature space to fully exploit instance-level relationships.
Then we aim to obtain pseudo-labels that preserve instance-
level contextual information.

3 Methodology

Given a visible-infrared dataset X = {X v,X r }, X v ={
xv
i |i = 1, 2, · · · , N v

}
and X r = {

xri |i = 1, 2, · · · , Nr
}

represents the visible and infrared datasets with N v and Nr

images, respectively. In the context of theUSL-VI-ReID task,
our objective is to train a deep neural network fθ (·) to project
an image xi from the dataset X into an embedding space Fθ

and derive a d-dimensionalmodality-invariant representation
fi = fθ (xi ) ∈ R

d .

We employ the two stream encoder fθ (·) (e.g., ResNet50
He et al. (2016)) as backbone to extract visible features{
fvi |i = 1, 2, · · · , N v

}
and infrared features

{
fri |i = 1, 2, · · · , Nr

}
.

In the initial training stage, following Yang et al. (2022);
Cheng et al. (2023a);Wu andYe (2023),we employ theDual-
Contrastive Learning (DCL) framework Yang et al. (2022) to
facilitate intra-modality contrastive learning as our baseline.

Our proposed method is employed during the second
training stage. The framework is illustrated in Fig. 2. Fol-
lowing the well-developed unsupervised methods Ge et al.
(2020); Dai et al. (2023); Zhang et al. (2022b); Yang et
al. (2022), we alternate between pseudo-label generation
and network training. During the pseudo-label generation
stage, following Yang et al. (2022); Wu and Ye (2023);
Cheng et al. (2023a), we first utilize DBSCAN Ester et
al. (1996) to cluster features. Two intra-modality memory
banks M̃v ∈ R

K v×d and M̃r ∈ R
Kr×d are initialized by the

cluster centroids of their corresponding modalities, where
K v and Kr denotes the number of clusters in the visible
modality and the infrared modality, respectively. Then the
proposed Modality-Unified Label Transfer (MULT, Fig. 2a)
establishes reliable cross-modality label associations and
generates soft modality-unified pseudo-labels for network
training. During the training stage, we propose an Alter-
native Modality-Invariant Representation learning (AMIRL,
Fig. 2b) framework to fully leverage the supervisory signals
from MULT through contrastive learning, coupled with an
alternative scheme. Additionally, an Online Cross-memory
Label refinement (OCLR, Fig. 2c) module is proposed to fur-
ther alleviate the influence of noisy labels while reducing the
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modality discrepancy. The entire framework includes two
training modes, i .e., V-based and R-based, where V-based
denotes we utilize pseudo-labels in the visible label space to
guide network training, and vice versa.

3.1 Modality-Unified Label Transfer

Motivated by the affinity-based ReID methods Luo et al.
(2019); Lu et al. (2020); Li et al. (2022b), Our MULT mod-
els instance-wise affinities to generate structurally consistent
pseudo-labels. In MULT, every instance holds two types of
pseudo-labels, i .e., the intra-modality label (labels from the
label space corresponding to the instance’s modality) and the
cross-modality label (labels from the label space correspond-
ing to another modality). Formally, We use ye = {ỹe, ŷe}
to denote the pseudo-labels, where ỹe denotes the intra-
modality labels and ŷe denotes the cross-modality labels.
e = {v, r} indicates visible and infrared modality, respec-
tively, and yei denotes the pseudo-label of i-th instance
in modality e. (e.g., ỹv denotes pseudo-labels for visible
instances in visible label space and ŷv denotes pseudo-labels
for visible instances in infrared label space).

Our MULT includes two directions, i .e., V2R and R2V.
The V2R MULT involves the transfer between visible intra-
modality labels ỹv and infrared cross-modality labels ŷr

within the visible label space, and verse vice. For conve-
nience, we only describe the V2R MULT in detail.
Affinity Modeling. To incorporate instance-level relation-
ships, we model the homogeneous and heterogeneous affini-
ties, denoted as Sho(e) and She. Sho(e) = {Sho(v),Sho(r)}
denotes the affinities within visible and infrared modalities,
respectively. To enhance the consistency between the homo-
geneous affinities and the clustering results, we employ the
Jaccard SimilarityZhong et al. (2017) for clustering tomodel
the homogeneous affinities:

Sho(v)
i j = |R(fvi , κ) ∩ R(fvj , κ)|

|R(fvi , κ) ∪ R(fvj , κ)| ,S
ho(v) ∈ R

N v×N v

, (1)

Sho(r)i j = |R(fri , κ) ∩ R(frj , κ)|
|R(fri , κ) ∪ R(frj , κ)| ,S

ho(r) ∈ R
Nr×Nr

, (2)

where R(fi , κ) is the κ-reciprocal nearest neighbors Zhong
et al. (2017) of fi , i .e.,R(fi , κ) = {gi|(gi ∈ N(fi , κ))∧ (fi ∈
N(gi, κ))}, and N(fi , κ)) denotes the κ-nearest neighbors of
the probe fi , | · | is the cardinality of a set. Shoi j can be regarded
as the affinity between homogeneous features fi and f j .

Due to the substantial modality discrepancy, it is inap-
propriate to directly model the heterogeneous affinity by the
Jaccard Similarities between cross-modality features as Eq.1
and Eq.2. It should take into account both the cross-modality

instance-level relationships and the misalignment between
distributions of the two modalities. Thus affinity model-
ing can be conceptualized as a transition process between
instances from two different distributions, which can be for-
mulated as an optimal transport problem. Each instance in the
dataset should be treated equally, meaning the marginal dis-
tributions of instances from both modalities follow uniform
distributions. Thus we model the heterogeneous affinites by
solving the Optimal Transport (OT) plan according to the
transport cost between cross-modality features, which can
be formulated as:

min
She

〈She,Che〉 + 1

λ
〈She,− log(She)〉.

s.t . She1 = 1 · 1

N v
,She

�
1 = 1 · 1

Nr
,

(3)

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

N v×Nr
denotes the transport plan.

Che ∈ R
N v×Nr

is the cost matrix constructed by comput-
ing the Euclidean distance of heterogeneous features, i .e.,
Che
i j = ‖fvi − frj ‖22. The first term in the objective func-

tion in Eq.3 indicates the total transport cost and the second
term is the Entropic Regularization Courty et al. (2016). The
constraints ensure that N v visible instances are uniformly
distributed to Nr infrared instances in the transport plan, and
verse vice. Actually, few instances in onemodality inherently
exhibit closer proximity to another modality compared to
other instances, and such an issue is avoidedby the above con-
straints. The optimal solutionShe

∗
of Eq.3 can be obtained by

the Sinkhorn-Knopp algorithm Cuturi (2013), and Shei j
∗
can

be regarded as the affinity between heterogeneous features
fvi and frj .

We then derive the visible-to-infrared affinity matrix
She(vr) = She

∗ ∈ R
N v×Nr

and the infrared-to-visible affinity

matrix She(rv) = She
∗� ∈ R

Nr×N v
from the heteroge-

neous affinities She
∗
. We perform row normalization on

the above affinities and obtain the final affinity matrices
S = {Sho(v),Sho(r),She(vr),She(rv)}, which are subsequently
employed to define the structural inconsistency.
Inconsistency Formulation. We leverage the above affini-
ties to define the inconsistency terms for pseudo-labels. A
minor degree of structural inconsistency implies that the
higher the affinity between two instances, the smaller the dis-
tance between their pseudo-labels. Consequently, we define
the product of the Euclidean distance between pseudo-labels
of pairwise instances and their affinity as their pairwise
structural inconsistency. From a global perspective, for all
instances in both modalities, the homogenous inconsistency
can be formulated as follows:
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Iv
ho(ỹ

v) =
N v∑

i=1

N v∑

j=1

Sho(v)
i j ‖ỹv

i − ỹv
j‖22, (4)

Ir
ho(ŷ

r ) =
Nr∑

i=1

Nr∑

j=1

Sho(r)i j ‖ŷri − ŷrj‖22. (5)

The above inconsistency term can be regarded as a weighted
sum of pairwise distances between the soft pseudo-labels.
The higher the affinities between two instances in feature
space, the more their pseudo-label distance contributes to
the computation of the inconsistency. The heterogeneous
inconsistency can be formulated in a similar manner:

Iv
he(ỹ

v) =
N v∑

i=1

Nr∑

j=1

She(vr)i j ‖ỹv
i − ŷrj‖22, (6)

Nonetheless, solely minimizing the above two inconsis-
tency terms can lead to a collapse, where all instances end
up with nearly identical labels. This is because these two
inconsistency statements do not consider the fact that pair-
wise instances with low affinities should have distinct labels.
Such a reduction in label diversity can negatively impact net-
work training. To avoid such collapse, a label initialization
approach that ensures the diversity of the pseudo-labels is
necessary.

Specifically, the intra-modality labels are initialized accord-
ing to the cluster centroids, and the cross-modality labels
are initialized by the widely-used OTLA Wang et al. (2022)
method. To fully utilize the relationships between instances
and each cluster centroid, we use the soft probability distri-
bution from the correspondingmemory bank as initial visible
intra-modality labels ỹv:

ỹv ∈ R
N v×K v

, ỹv
i (0) = P(fvi |M̃v, τ ) ∈ R

K v

, (7)

where P(f |M, τ ) denotes the probability distribution output
from memory bank M for feature f with the temperature
factor τ , which can be formulated as:

Pj (f |M, τ ) = exp
(
f�c j/τ

)

∑K
k=1 exp

(
f�ck/τ

) , (8)

P(f |M, τ ) = [P1(f |M, τ ), · · · , PK (f |M, τ )], (9)

where K denotes the number of prototypes in thememoryM,
c j and ck represents j-th and k-th cluster prototypes in M.
FollowingWang et al. (2022);Cheng et al. (2023b),we utilize
Optimal Transport Label Assignment (OTLA) to initialize
infrared cross-modality labels ŷr :

min
P

〈P,C〉 + 1

λ
〈P,− log(P)〉.

s.t . P1 = 1 · 1

Nr
, P�1 = 1 · 1

K v
, (10)

where Nr denotes the number of infrared instances, and K v

denotes the number of visible clusters. C ∈ R
Nr×K v

rep-
resents the cost matrix and P ∈ R

Nr×K v
represents the

transport plan. We utilize the Euclidean distance between
infrared instances and visible prototypes from M̃v to calcu-
late the cost, where Ci j = ‖fri − m̃v

j‖22. fri is the i-th feature
vector in training set and m̃v

j is the j-th prototype in memory

M̃v . The initialized ŷr (0) ∈ R
Nr×K v

is the one-hot encoding
formof the optimal solutionP∗ of Eq.10,which is formulated
as follows:

ŷrik(0) =
{
1, if k = argmax j P∗

i j
0, otherwise

, ŷri (0) ∈ R
K v

.

(11)

In the optimization process, we aim to ensure that the
transferred labels do not deviate too far from the initial labels,
thereby guaranteeing diversity in the transferred labels.
Therefore, we propose the self-inconsistency to constraint
the Euclidean distance between the transferred labels and
the initial coarse labels:

Iv
sel f (ỹ

v) =
N v∑

i=1

‖ỹv
i − ỹv

i (0)‖22. (12)

Ir
sel f (ŷ

r ) =
Nr∑

i=1

‖ŷri − ŷri (0)‖22. (13)

Weminimize the above three terms of inconsistency, aim-
ing to derive the pseudo-labels ỹv and ŷr with the lowest
inconsistency. This optimization can be formulated as fol-
lows:

min
ỹv

Ie
ho(ỹ

v) + αIe
sel f (ỹ

v) + (1 − α)Ie
he(ỹ

v), (14)

min
ŷr

Ie
ho(ŷ

r ) + αIe
sel f (ŷ

r ) + (1 − α)Ie
he(ŷ

r ), (15)

where α is a trade-off parameter.
Label Transfer. The above optimization problem can be
solved by the LGC algorithmZhou et al. (2003). Specifically,
the visible and infrared modality-unified labels are updated
alternately as Eq.16 and Eq.17 until convergence:
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ỹv(t + 1)∗ = (1 − α)She(vr) · ŷr (t) + αỹv(0),

ỹv(t + 1) = 1
2S

ho(v) · ỹv(t + 1)∗ + 1
2 ỹ

v(t + 1)∗,
(16)

ŷr (t + 1)∗ = (1 − α)She(rv) · ỹv(t) + αŷr (0),

ŷr (t + 1) = 1
2S

ho(r) · ŷr (t + 1)∗ + 1
2 ŷ

r (t + 1)∗, (17)

where ye(t) = {ỹv(t), ŷr (t)} denotes the labels in t − th iter-
ation during the optimization process. ye(t +1)∗ denotes the
intermediate variables during the update process in one itera-
tion. The upper terms in Eq.16 and Eq.17 can be regarded as a
cross-modality transfer process, while the lower terms stand
for a manner to further compensate the transferred pseudo-
labels utilizing intra-modality structural information.

In detail, take the pseudo-labels ỹv in visible modality,
the inconsistency formulation Eq.14 can be expressed in the
form of vectors and matrices:

I (̃yv) = αtr((̃yv − ỹv(0))�(̃yv − ỹv(0)))

+ (1 − α)tr((̃yv − She(vr) · ŷr )�(̃yv − She(vr) · ŷr ))
+ tr(̃yv�(IN v − Sho(v))̃yv), (18)

where IN v denotes the N v × N v identity matrix and tr(·)
denotes the trace of matrix. To minimize the inconsis-
tency I(ỹv) for visible pseudo-labels, we compute its partial
derivative with respect to ỹv and equate this partial derivative
to zero, where ∂I(ỹv)

∂ ỹv = 0 Then ỹv can be represented as:

ỹv = 1

2
Sho(v) · ỹv + 1

2

[
(1 − α)She(vr) · ŷr + αỹv(0)

]
. (19)

To enhance its convergence stability, we decompose Eq.19
into two steps, i .e., cross-modality transfer, and intra-
modality transfer, which is formulated as follows:

ỹv cross-modality transfer←−−−−−−−−−−−− (1 − α)She(vr) · ŷr + αỹv(0),

ỹv intra-modality transfer←−−−−−−−−−−−− 1

2
Sho(v) · ỹv + 1

2
ỹv.

(20)

During each iterative optimization process, the pseudo-labels
ỹv are updated by alternating iterations of fixed points, which
is formulated as Eq.16.

Nevertheless, the transferred pseudo-labels are exces-
sively smoothed,which is detrimental to the network’s ability
to learn predictions with low entropy. Therefore, we derive
the soft modality-unified labels by aggregating both hard

Algorithm 1: V2R MULT
Input: fv : Visible features; fr : Infrared features;
Output:
Visible intra-modality labels ỹv ;
Infrared cross-modality labels ŷr ;
Initialization:
Two intra-modality memory banks M̃v and M̃r ;
Intra-modality visible labels ỹv(0) (Eq.7);
Cross-modality infrared labels ŷr (0) (Eq.10);
Affinity Modeling:
Intra-modality affinity matrices Sv and Sr

(Eq.1 & Eq.2);
Cross-modality affinity matrices Svr and Srv (Eq.3);
Do Label Transfer (V2R):
t = 0; ε0 = 1e − 2; ε = 1e6;
while ε > ε0 do

Calculate ỹv(t + 1) according to Eq.16;
Calculate ŷr (t + 1) according to Eq.17;
ε ←
max(‖ỹv(t + 1) − ỹv(t)‖1, ‖ŷr (t + 1) − ŷr (t)‖1);
t ← t + 1;

Update labels ỹv ← ỹv(t); ŷr ← ŷr (t);
Return: Soft labels ỹv and ŷr (Eq.21).

labels and soft forms of the pseudo-labels, which can be for-
mulated as:

ye = β · yehard + (1 − β) · yesof t , (21)

where β is a parameter to control the smoothness of the
pseudo-label. yehard and yesof t denotes the hard one-hot
encoding pseudo-labels and the soft pseudo-labels obtained
from the transferred labels ye = {ỹv, ŷr }, respectively. The
one-hot form yehard is directly derived from the soft label
yesof t .

It is noteworthy that, the labels ỹv
i and ŷri have a same

dimension of K v . The detailed algorithm flow of our V2R
MULT is in Alg.1. The R2V MULT, which provides ỹr and
ŷv in infrared label space, holds a symmetrical form with
V2R MULT.

3.2 Alternative Modality-Invariant Representation
Learning

Guided by the modality-unified soft labels from the MULT
module, we lay emphasis on alleviating the cross-modality
discrepancy while keeping intra-modality consistency. We
concurrently execute intra-modality and cross-modality con-
trastive learning. Additionally, we design an alternative
scheme that alternates betweenV-based andR-based training
modes.

To be specific, for V-based training mode, we construct
a cross-modality memory bank Mc ∈ R

K v×d and an aux-
iliary memory bank M̂r ∈ R

K v×d , which are initialized in
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Fig. 3 Illustration of the role of the auxiliary memory. Different shapes
denote different identities and different edge colors denote different
cross-modality labels

the same manner as the visible intra-modality memory bank
M̃v . Mc is updated by instances from both modalities and
M̂r is updated by instances only from the infrared modality.
The auxiliary memory bank M̂r aims to learn the infrared
intra-modality structure depicted by its labels ŷr in visible
label space, thereby serving as a compensatory mechanism
for M̃r . In fact, instances from different identities are some-
times gathered in the same cluster with their intra-modality
labels (ỹr ), while they are distributed correctly into different
clusters with their cross-modality labels (ŷr ). Thus the aux-
iliary memory, which reflects the structure of ŷr , can assist
the intra-modality learning. As shown in Flg.3, compared to
utilizing prototypes solely from the intra-modality memory,
leveraging prototypes from the auxiliary memory of another
modality is advantageous for uncovering fine-grained struc-
tural details within clusters in both two modalities.

Following the widely-used memory-based methods Ge et
al. (2020); Dai et al. (2023); Yang et al. (2022); Cheng et al.
(2023), we carry out contrastive learning during forward-
propagation (FP) and update the memory banks during
backward-propagation (BP). The visible intra-modality con-
trastive loss can be formulated as:

Lv
I M = 1

B

B∑

i=1

Lce(P(fvi |M̃v, τ ), ỹv
i ), (22)

where Lce denotes the standard cross-entropy loss and B
denotes the input batch size. For infraredmodality inV-based
training, both ỹr and ŷr are utilized jointly during contrastive
learning with their corresponding memory M̃r and M̂r :

Lr
I M = 1

B

B∑

i=1

Lce(P(fri |M̃r , τ ), ỹri )

+ 1

B

B∑

i=1

Lce(P(fri |M̂r , τ ), ŷri ).

(23)

These two types of labels in two different label spaces play a
mutual corrective role and facilitate intra-modality training.
The total intra-modality contrastive loss can be formulated
as follows:

LI M = Lv
I M + Lr

I M . (24)

Besides, we perform cross-modality contrastive learning
to constrain the relationships between instances in different
modalities and their correspondingmodality-agnostic cluster
prototypes inMc in the feature space:

LCM = 1

B

B∑

i=1

Lce(P(fvi |Mc, τ ), ỹv
i )

+ 1

B

B∑

i=1

Lce(P(fri |Mc, τ ), ŷri ).

(25)

During the BP stage, the memory banks are updated with
the input features in a momentum strategy He et al. (2020);
Dai et al. (2023):

m̃v(ỹv
i ) ← μm̃v(ỹv

i ) + (1 − μ)f(ỹv
i ), f ∈ {fv1 , · · · , fvB}

m̃r (ỹri ) ← μm̃v(ỹri ) + (1 − μ)f(ỹri ), f ∈ {fr1 , · · · , frB}
mc(ỹv

i ) ← μmc(ỹv
i ) + (1 − μ)f(ỹv

i ), f ∈ {fv1 , · · · , fvB}
mc(ŷri ) ← μmc(ŷri ) + (1 − μ)f(ŷri ), f ∈ {fr1 , · · · , frB}
m̂r (ŷri ) ← μm̂r (ŷri ) + (1 − μ)f(ŷri ), f ∈ {fr1 , · · · , frB},

(26)

whereμ is the momentum updating factor.m(y) is the y− th
prototype in thememory bankM, and f(y) is the input feature
with label y in current mini-batch. Note that y = {ỹv

i , ỹri , ŷ
r
i }

for memory update is the hard label form of the soft labels
y = {ỹv

i , ỹ
r
i , ŷ

r
i }.

For R-based training, a cross-modality memory bank
Mc ∈ R

Kr×d is constructed according to labels ỹr and ŷv

from R2V MULT. Meanwhile an auxiliary memory bank
M̂v ∈ R

Kr×d is initialized in the same manner as M̃r . It
is updated by visible features based on ŷv in the infrared
label space. The loss functions for R-based training can be
written in a symmetric form in comparison to the V-based
training.

The entire training process is described in Alg.2. We
conduct an alternate scheme for the V-based training and
the R-based training as the epoch goes on: when epoch-id
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Algorithm 2: Training process in one epoch.
Input: epoch E ; 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: Clustering features and initialize two intra-modality memory
banks M̃v and M̃r based on the cluster centroids;
3: Do V2R MULT / R2V MULT according to Alg.1;
if E%2 == 0 : then

1: Initialize cross-modality memory Mc and auxiliary
memory M̂r according to the results from V2R MULT;
2: for t = T0 to Tt do

Do V-based training;

else if E%2 == 1 then
1: Initialize cross-modality memory Mc and auxiliary
memory M̂v according to the results from R2V MULT;
2: for t = T0 to Tt do

Do R-based training;

4: Output: updated network fθ .

E%2 == 0, the V-based training is conducted; other-
wise, the R-based training is conducted. In one epoch, the
model is supervised by labels from MULT of a specific
direction. In adjacent epochs, the model is supervised by
labels fromMULTof different directions. Such an alternative
scheme mitigates the inconsistency between pseudo-labels
from MULT of different directions (V2R / R2V).

3.3 Online Cross-memory Label Refinement

While the MULT module enables training under modality-
unified supervision, it is essential to consider that due to the
inherent noise in clustering and MULT, prolonged training
withfixed supervised signalsmay cause the network to overfit
incorrect labels.

To overcome this issue, we utilize the predictions from the
intra-modality memory banks to refine the predictions from
the cross-modality memory bank. Several reasons support
the adoption of such refinement strategies: (1) The intra-
modality memory banks are updated by features within their
respectivemodalities, this update occurs at a slower rate com-
pared to the cross-modality memory bank, resulting in more
stable predictions. (2) The intra-modality and cross-modality
memory banks are expected to output consistent predictions.
In the visible modality, we adopt mutual refinement between
the extracted features fvi from visible images and fai from
images with CA augmentation Ye et al. (2021a) to enhance
constraints on their self-consistency. CA is a widely-used
data augmentation strategy in VI-ReID Yang et al. (2022);
Cheng et al. (2023a); Wu and Ye (2023), which randomly
selects one channel in a visible image and expands it into
a three-channel gray image. The augmented images build
an intermediate modality between visible and infrared to
enhance training. The OCLR loss for visible modality in

V-based training mode can be formulated as follows:

Lv
OCLR = 1

B

B∑

i=1

Lce(P(fvi |Mc, τ ),P(fai |M̃v,
1

5
τ))

+ 1

B

B∑

i=1

Lce(P(fai |Mc, τ ),P(fvi |M̂r ,
1

5
τ)).

(27)

As in Caron et al. (2021); Nassar et al. (2023), we sharpen
the target prediction more than the source’s to encourage
entropy minimization. The setting of the sharpen ratio fol-
lows ProtoCon Nassar et al. (2023). The OCLR loss for
infrared modality Lr

OCLR in V-based mode can be formu-
lated similarly:

Lr
OCLR = 1

B

B∑

i=1

Lce(P(fri |Mc, τ ),P(fri |M̃v,
1

5
τ))

+ 1

B

B∑

i=1

Lce(P(fri |Mc, τ ),P(fri |M̂r ,
1

5
τ)).

(28)

3.4 The Overall Objective Function

The overall training loss can be formulated as follows:

L = LI M + LCM + Lv
OCLR + Lr

OCLR, (29)

whereLI M ,LCM ,Lv
OCLR andLr

OCLR are described in detail
in Sec.3.2 and Sec.3.3.

4 Experiments

4.1 Dataset and Evaluation Protocol

Datasets. Our proposed method is evaluated on two pub-
lic visible-infrared datasets, namely SYSU-MM01 Wu et al.
(2017) andRegDBNguyen et al. (2017). SYSU-MM01 com-
prises 395 identities, with 22258 visible and 11909 infrared
images captured by indoor and outdoor cameras. The dataset
is divided into the training set (296 IDs), the validation set
(99 IDs), and the test set (96 IDs). RegDB is a smaller dataset
obtained from a pair of aligned visible and infrared cameras
Nguyen et al. (2017). It contains 412 identities, where each
identity has 10 visible images and 10 infrared images.

EvaluationMetrics.All experiments follow the common
evaluationprotocols used forVI-ReIDYeet al. (2021b, 2020,
2021a). The evaluationmetrics includeCumulativeMatching
Characteristic (CMC), Mean Average Precision (mAP), and
Mean Inverse Negative Penalty (mINP Ye et al. (2021b)).
For the SYSU-MM01 dataset, following Wu et al. (2021);
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Lu et al. (2020); Mao et al. (2017), we evaluate the pro-
posed method under two search modes: the All-search mode
and the Indoor-search mode. In All-search mode, the gallery
set contains all visible images from both indoor and out-
door cameras, while in indoor-search mode, the gallery set
only contains images from indoor cameras. Additionally, we
conduct experiments under both single-shot and multi-shot
settings. We repeat the evaluation 10 times with the ran-
dom split of the query set and the gallery set and report the
average performance. As for the RegDB dataset, we eval-
uate our method on two testing modes: Visible-to-Infrared
and Infrared-to-Visible. The dataset is randomly split into
training (206 identities) and testing (206 identities) sets. We
randomly selected 206 identities for training and the remain-
ing 206 for testing.

Implementation Details.Our proposed method is imple-
mented using PyTorch. we adopt two-stream ResNet50 He
et al. (2016) pretrained on ImageNet Deng et al. (2009) as
our backbone. In a mini-batch, the number of classes P and
instances for each class K are both 12. All the input images
are resized to 288 × 144. The augmentations for images are
followingYang et al. (2022). Besides, Linear TransformGen-
erator (LTG Tan et al. (2023)) and ColorJitter augmentations
are adopted in the DCL training stage to promote the encoder
to extract color-independent features. We train for a total of
90 epochs. The DCL framework is trained in the first 40
epochs, while our proposed framework is trained in the other
50 epochs.We use theAdam optimizer for training themodel
withweight decay 5e-4. The initial learning rate is set to 3.5e-
4 and decays 10 times at the 20th, 60th, and 80th epochs.
Following Cheng et al. (2023a); Yang et al. (2022); Wu and
Ye (2023), the momentum factor μ is 0.1, and the tempera-
ture τ is 0.05, while the maximum distance for DBSCAN is
set to 0.6 on SYSU-MM01 and 0.3 on RegDB. The parame-
ter κ for κ-reciprocal nearest neighbors in Eq.1 and Eq.2 is
set to 30 following Zhong et al. (2017). The hyper-parameter
λ in Eq.10 for OT is set to 25. The trade-off parameter α in
Eq.14 and Eq.15 is set to 0.2 and β in Eq.21 is set to 0.7.

4.2 Comparison with State-of-the-Art Methods

To demonstrate the efficiency of our proposed methods, we
compare our method with state-of-the-art methods under
three relevant settings on SYSU-MM01 andRegDBdatasets,
i .e., supervised VI-ReID methods, unsupervised single-
modality ReID methods, and unsupervised VI-ReID meth-
ods. The results are shown in Tab.1 and Tab.2.

Comparison with Supervised VI-ReID Methods. Our
proposed method achieves competitive performance with
supervised method VCD+VML Tian et al. (2021) on SYSU-
MM01, and outperform several supervised methods includ-
ing Zero-PadWu et al. (2017), AlignGANMao et al. (2017),
cm-SSFTMaoet al. (2017),DDAGYeet al. (2020) andAGW

Table 2 Comparison with the state-of-the-art methods under theMulti-
shot setting on SYSU-MM01.

Method SYSU-MM01 (Multi-shot)
All-search Indoor-search

R1 mAP R1 mAP

Supervised VI-ReID methods

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

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

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

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

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

FMCNet Zhang et al. (2022a) 73.44 56.06 78.86 63.82

CIFT Li et al. (2022b) 79.74 75.56 88.32 86.42

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

Unsupervised VI-ReID methods

H2H Liang et al. (2021) 30.31 19.12 – –

DFC Si et al. (2023) 44.12 28.36 – –

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

CHCR Pang et al. (2023) 50.12 42.17 – –

Ours 71.35 52.18 76.99 64.03

The results of our method are in bold, and the second best results are
underlined.

Ye et al. (2021b). Our method surpasses most supervised
VI-ReID methods on the RegDB dataset and demonstrates
excellent performance close to state-of-the-art methods. The
results reveal the significant developmental potential of
unsupervised VI-ReID, yet there remains a considerable per-
formance gap compared to the state-of-the-art supervised
VI-ReID methods.

Comparison with Conventional Unsupervised Single-
Modality ReID Methods. The results in Tab.1 indicate that
unsupervised single-modality methods cannot effectively
address the large modality-gap in cross-modality scenarios
Our method outperforms the state-of-the-art unsupervised
single-modality ReID method Cluster-Contrast Dai et al.
(2023) by a large margin of 37.23%mAP and 44.61% Rank-
1 on SYSU-MM01, emphasizing the necessity of proposing
cross-modality label association strategies for VI-ReID.

Comparison with Unsupervised VI-ReID Methods.
As reported in Tab.1, our method outperforms the state-
of-the-art GUR Yang et al. (2023) by 2.24% mAP, 3.82%
Rank-1 on SYSU-MM01 (All-search) under the single-
shot setting, and 11.86% mAP, 16.04% Rank-1 on RegDB
(Visible-to-infrared). As shown in Tab.2, our method show-
cases remarkable performance, surpassing the state-of-the-
art CHCR Pang et al. (2023) by 10.01% mAP and 21.23%
Rank-1 on SYSU-MM01 under the multi-shot setting (All-
search). (Note that PGMWu and Ye (2023), GRUYang et al.
(2023), among others, do not provide results for the multi-
shot setting on SYSU-MM01.) The proposed method has
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Table 3 Ablation study on individual components of our method on SYSU-MM01 and RegDB.

Index Method SYSU-MM01 RegDB

All-search Indoor-search Visible-to-Infrared Visible-to-Infrared

R1 mAP mINP R1 mAP mINP R1 mAP mINP R1 mAP mINP

1 Baseline 41.76 38.57 24.32 45.83 54.44 50.00 50.58 48.78 35.62 51.17 47.24 33.80

The following methods are all based on the MULT module

2 Baseline + LCM 60.02 54.92 39.18 60.66 66.92 62.24 83.74 75.55 58.26 85.29 75.08 55.50

3 Baseline + LI M + LCM 60.18 55.52 39.86 60.48 67.39 62.94 85.87 76.08 58.05 84.13 74.36 55.03

4 Baseline + LOCLR 54.34 51.03 36.21 55.85 62.68 58.12 85.87 78.72 65.41 87.86 79.48 61.70

5 Baseline + LI M + LOCLR 62.35 58.22 43.10 64.77 70.89 66.38 88.40 81.20 67.08 88.93 80.27 62.73

6 Baseline + LCM + LOCLR 62.70 58.25 43.11 64.06 70.50 66.11 87.77 80.07 66.40 88.16 79.31 62.68

7 Baseline + LI M + LCM + LOCLR 64.77 59.23 43.46 65.34 71.46 67.83 89.95 82.09 67.29 90.78 82.25 65.38

three main advantages: (1) Unlike H2H Liang et al. (2021)
and OTLA Wang et al. (2022), our method does not require
additional datasets or camera labels for training. (2) Our
MULT associates cross-modality labels from a novel struc-
tural consistency perspective and can be applied to other
unsupervised cross-domain tasks. (3) Our OCLR is a plug-
and-play module that can be employed in other unsupervised
memory-based methods to handle label noise.

4.3 Ablation Study

To validate the effectiveness of each component of our
method, we conduct ablation experiments on SYSU-MM01
andRegDBdatasets, as shown inTab.3.Our baseline consists
of a two-stream ResNet trained under the DCL framework
Yang et al. (2022). All experiments are conducted with our
MULTmodule.We do not perform an ablation study onLI M

as it does not address the problem of modality discrepancy.
Effectiveness of MULT. The MULT module delivers

a +16.35% mAP and +18.26% Rank-1 improvement by
directly incorporating LCM (see 1st row and 2nd row in
Tab.3) and achieves +20.66% mAP and +23.01% Rank-1
improvement when trained within our entire AMIRL frame-
work on SYSU-MM01 (see 1st row and 7th row in Tab.3).
To further evaluate the effectiveness of MULT, we compare
MULT with other cross-modality label association methods
in Tab.4, including PGMWu andYe (2023),MBCCMCheng
et al. (2023a), CLU Yang et al. (2023) and DOTLA Cheng
et al. (2023b). Specifically, we integrate the above methods
into our AMIRL framework. The results demonstrate our
MULT provides higher-quality associations than other meth-
ods, achieving performance exceeding DOTLA Cheng et al.
(2023b) by 4.19% mAP without OCLR, and 3.88% mAP
by integrating our OCLR module. The core effectiveness of
our MULT lies in the generated soft pseudo-labels contain-
ing richer contextual structural informationwithin the feature

space, which promotes the network’s learning of shared fine-
grained features both within clusters and across clusters.

Effectiveness of OCLR. The OCLR module provides a
performance gain of +12.46% mAP and +12.58% Rank-1
when directly adding it to our baseline (see 1st row and 4th

row in Tab.3). When used in conjunction with our AMIRL
framework, the OCLR further improves the performance of
+3.71% mAP and +4.59% Rank-1 (see 3rd row and 7th

row in Tab.3). The OCLR module significantly mitigates the
impact of pseudo-label noise while narrowing the modal-
ity discrepancy. OCLR utilizes ever-evolving prototypes for
online refinement, avoiding overfitting static noisy labels.We
also integrate our OCLR into other methods (see upper and
lower in Tab.4) based on our AMIRL framework. The results
indicate that our OCLR improves performance when collab-
orating with other cross-modality association methods. The
proposed OCLR has the following advantages compared to
the unsupervised single-modality ReID method MMT Ge et
al. (2020a): (1) MMT focuses on consistency in predictions
from different augmentations of the same instance, which
does not consider the cross-modality interactions. Con-
versely, our OCLR emphasizes consistency in relationships
between instances and multi-modality prototypes, which
enhances cross-modality interactions and prompts learn-
ing modality-shared information. Therefore, the proposed
OCLR is more suitable for the USL-VI-ReID task. (2) MMT
refines predictions using the moving average model, while
OCLR conducts refinement across multi-memories without
storing past models, significantly reducing GPU memory
consumption.

Effectiveness of AMIRL. Our AMIRL achieves +0.60%
mAP improvement without OCLR (see 2nd row and 3rd row
in Tab.3) and achieves +2.41% mAP with OCLR (see 6th

row and 7th row in Tab.3) compared to leveraging LCM

alone. The results illustrate the importance of incorporat-
ing intra-modality contrastive loss LI M into our framework,
especially when training with our OCLRmodule. Moreover,
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Table 4 Comparison with other
cross-modality label association
methods for unsupervised
VI-ReID on SYSU-MM01. All
experiments are based on our
AMIRL framework (Sec.3.2).

Method Venue All-search Indoor-search

R1 mAP mINP R1 mAP mINP

Baseline – 41.76 38.57 24.32 45.83 54.43 50.00

AMIRL (Sec. 3.2) w/o OCLR (Sec. 3.3)

w/ PGM Wu and Ye (2023) CVPR-23 50.85 45.50 30.64 51.31 59.73 55.34

w/ BCCM Cheng et al. (2023a) MM-23 51.35 46.61 31.97 53.44 61.28 56.66

w/ CLU Yang et al. (2023) ICCV-23 57.09 48.96 31.88 57.11 64.51 60.32

w/ DOTLA Cheng et al. (2023b) MM-23 57.17 51.33 36.07 55.16 62.53 57.87

w/ MULT (Ours) – 60.18 55.52 39.86 60.48 67.39 62.94

AMIRL (Sec. 3.2) w/ OCLR (Sec. 3.3)

w/ PGM Wu and Ye (2023) CVPR-23 56.43 52.31 37.00 59.28 66.04 61.55

w/ BCCM Cheng et al. (2023a) MM-23 58.46 53.69 37.99 58.84 66.56 62.25

w/ CLU Yang et al. (2023) ICCV-23 61.40 54.18 38.11 62.91 68.32 64.08

w/ DOTLA Cheng et al. (2023b) MM-23 61.53 55.35 39.96 60.82 67.60 63.06

w/ MULT (Ours) – 64.77 59.23 43.46 65.34 71.46 67.83

Table 5 Ablation study for the
auxiliary memory

Method All-search Indoor-search

R1 mAP mINP R1 mAP

w/ Intra 63.77 58.61 43.04 64.54 71.38

w/ Aux 63.06 58.20 42.65 65.06 71.07

Intra & Aux 64.77 59.23 43.46 65.34 71.46

Table 6 Ablation study for the
alternative scheme

Method All-search Indoor-search

R1 mAP mINP R1 mAP

w/ MIRL 64.05 58.44 43.06 64.86 70.90

w/ AMIRL 64.77 59.23 43.46 65.34 71.46

we conduct the ablation experiment for the auxiliary intra-
modality memory and the alternative training scheme, as
shown in Tab.5 and Tab.6. In Tab.5, “w/ Intra" denotes only
intra-modality memory banks M̃v and M̃r are involved in
LI M during training, and “w/ Aux" denotes only auxiliary
memory banks M̂r and M̂v are utilized. The results indicate
that the cross-modality pseudo-labels also contribute to intra-
modality learning.The improvement is attributed to these two
types of pseudo-labels revealing two distinct intra-modality
structures in feature space, thus correcting each other mutu-
ally. In Tab.6, “MIRL" denotes the contrastive learning

framework without the alternative scheme (AMIRL) for V-
based training and R-based training. The results demonstrate
that the alternative scheme further enhances the performance.
This is achieved by alternating the utilization of labels from a
single-directional MULT (V2R or R2V) to supervise model
training across different epochs, thereby effectively mitigat-
ing the issue of pseudo-label inconsistency between V2R
and R2V MULT. Compared to a basic framework, MSMA
Cheng et al. (2023a), we construct an auxiliary memory
bank to learn the structure of cross-modality pseudo-labels,
this strategy fully exploits the pseudo-labels from MULT.

Table 7 Comparison with
various designs for modeling
She.

Method SYSU-MM01 (All-search) SYSU-MM01 (Indoor-search)

R1 mAP mINP R1 mAP mINP

Jaccrad 61.08 55.69 39.20 62.63 68.49 63.78

Cosine (k=20) 62.19 57.97 42.38 64.54 70.88 66.57

Cosine (k=30) 61.73 57.66 41.91 64.65 70.59 66.08

OT problem 64.77 59.23 43.46 66.67 71.87 67.20
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Fig. 4 Parameter analysis of α and β on SYSU-MM01

Furthermore, we propose to alternateV-based training andR-
based training. Such an alternative training schememitigates
the side-effects of noisy labels from the inconsistent pseudo-
labels output of the V2R / R2V MULT. our AMIRL makes
more effective utilizationof the cross-modality pseudo-labels
ỹv and ỹr , thus is more suitable for our MULT label associ-
ation algorithm.

4.4 Further Analysis

Analysis for heterogeneous affinities modeling. The Opti-
mal Transport (OT) problem in Eq.3 is formulated to model
heterogeneous affinities She from the perspective of the tran-
sition between instances from twodifferent distributions. The
constraint in Eq.3 ensures that N v visible instances’ affini-
ties are uniformly distributed to Nr infrared instances in
the transport plan, and vice versa. This design, compared
to other alternative designs, prevents degenerated solutions
where few infrared instances hold extremely high affinities
with the majority of visible instances. We conducted a com-
parative analysis of various designs for modeling She, as
shown inTab.7. “Jaccard” denotes the cross-modality Jaccard
Similarity-based affinities and “Cosine (k=K)” denotes the
cosine-similarity-based knn-affinities, K denotes the num-
ber of knn-neighbors for constructing knn-graph. The results
confirmed the rationality of our choice.

Parameter Analysis. The proposed method includes two
parameters in MULT, i .e., α in Eq.14 and β in Eq.21. α is a
trade-off parameter between the self-consistency terms and
the heterogeneous consistency terms. β is the parameter to
control the smoothness of the soft pseudo-labels fromMULT.
To investigate the impact of these two parameters, we varied
their values, as depicted in Figure 4. We find when 0.15 ≤
α ≤ 0.3 and 0.6 ≤ β ≤ 0.7, the model achieves relatively
outstanding performance.We set α = 0.2 and β = 0.7 based
on the experiments.

Pseudo-label Accuracy Analysis. To quantify the qual-
ity of the pseudo-labels, we calculate the accuracy/recall of
positive instance pairs found by the pseudo-labels during

training, as shown in Fig. 5 and Fig. 6.We denote the ground-
truth hard labels as ye(gt), where e = {v, r} indicates the
visible and infrared modality, respectively. We utilize the
hard form ye = {ỹv, ỹr , ŷv, ŷr } of the soft pseudo-labels
from MULT when quantifying the quality. In Fig. 5, ‘Intra-
modality visible label accuracy’ (I ntraAccv) indicates the
accuracy of the visible intra-modality positive pairs found by
the cross-modality visible labels ŷv . This can be achieved by
computing the proportion of the ground-truth positive pairs
within all instance pairs that share the same pseudo-label:

I ntraAccv =
∑N v

i=1
∑N v

j=1 1(ŷ
v
i = ŷv

j )1(y
v
i (gt) = yv

j (gt))
∑N v

i=1
∑N v

j=1 1(ŷ
v
i = ŷv

j )
.

(30)

Similarly, ‘Cross-modality visible label accuracy’ (Cross Accv)
indicates the accuracy of the cross-modality positive pairs
found by ỹv and ŷr from the V2R MULT. It can be similarly
formulated as follows:

Cross Accv =
∑N v

i=1
∑Nr

j=1 1(ỹ
v
i = ŷrj )1(y

v
i (gt) = yrj (gt))

∑N v

i=1
∑Nr

j=1 1(ỹ
v
i = ŷrj )

.

(31)

The recall in Fig. 6 can be obtained similarly by comput-
ing the proportion of pairs that share the same pseudo-label
within all ground-truth positive pairs.Wecompare ourMULT
with DOTLA Cheng et al. (2023b), and the results demon-
strate that our MULT significantly facilitates the quality of
pseudo labels. Simultaneously, the results indicate that as
MULT and network training alternate, the network can con-
tinuously correct erroneous pseudo-labels.

To further measure the reliability of pseudo-labels derived
from our MULT, we employ Fowlkes-Mallows Index (FMI)
and Adjusted Rand Index (ARI) metrics to evaluate the
pseudo-labels across various association methods, as shown
in Tab.8. The FMI score indicates the geometric mean of
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Table 8 Comparison with other
methods on FMI/ARI

Method FMI metric (%) ARI metric (%)

RGB (ỹv) IR (ỹr ) ỹv&ŷr ŷv&ỹr RGB (ỹv) IR (ỹr ) ỹv&ŷr ŷv&ỹr

PGM (CVPR23) 53.57 82.03 56.51 52.05 51.20 81.84 56.30 50.34

BCCM (MM23) 51.99 83.33 60.20 52.61 50.03 83.20 52.29 44.92

OTLA (ECCV22) 58.39 84.40 55.57 51.77 56.40 84.08 55.21 49.29

MULT (Ours) 65.86 86.61 69.32 62.87 63.74 86.48 69.18 61.07

Table 9 Ablation study on CA
Ye et al. (2021a) in the proposed
OCLR on SYSU-MM01

SYSU-MM01 (All-search) SYSU-MM01 (Indoor-search)

R1 mAP mINP R1 mAP mINP

Ours w/o OCLR 60.18 55.52 39.18 60.66 66.92 62.24

Ours w/ OCLR (w/o CA) 61.98 57.44 42.05 63.01 69.62 65.42

Ours w/ OCLR (w/ CA) 64.77 59.23 43.46 65.34 71.46 67.83

Table 10 Ablation study on
LTG Tan et al. (2023) on
SYSU-MM01

Method RegDB (Visible-to-Infrared) SYSU-MM01 (All-search)

R1 mAP mINP R1 mAP mINP

GUR∗(ICCV23,SOTA) 73.91 70.23 58.88 60.95 56.99 41.85

Ours w/o LTG 88.20 81.21 66.24 62.57 57.90 42.25

Ours w/ LTG 89.95 82.09 67.29 64.77 59.23 43.46

Fig. 5 Accuracy of intra-modality and cross-modality positive pairs
found by pseudo-labels on SYSU-MM01

the accuracy and recall, while the ARI score reflects the
degree of overlap between the ground-truth label space and
the pseudo-label space. The results illustrate the superiority
of our MULT.

Distribution Visualization. We visualize the Euclidean
distance distribution of randomly selected 50000 positive
and negative visible-infrared pairs, as shown in Fig. 7. By
sequentially integrating the modules (i .e., MULT, AMIRL,
and OCLR) into the training framework, we observe a con-
vergence of cross-modality positive pairs and a divergence of
negative pairs, demonstrating the effectiveness of each com-
ponent in our framework to address themodality discrepancy.
We further visualize the distribution by integrating DOTLA
into our framework in Fig. 7d, the results illustrate the supe-

Fig. 6 Recall of intra-modality and cross-modality positive pairs found
by pseudo-labels on SYSU-MM01

riority of MULT in comparison with DOTLA Cheng et al.
(2023b).

T-SNE Visualization. We visualize the t-SNE Van der
Maaten and Hinton (2008) map of 7 randomly selected iden-
tities, as shown in Fig. 9. In Fig. 9a and b, it is evident that,
owing to the precise label associations from MULT, cross-
modality positive pairs exhibit increased proximity within
the embedding space. Figure 9c and d provide a compara-
tive analysis between our MULT and DOTLA Cheng et al.
(2023b). The results reveal the issue of homogeneous incon-
sistency in DOTLA, where images of the same identities are
distributed into distinct clusters within the embedding space
(black circles in Fig. 9d). Our MULT effectively addresses
this problem (black circles in Fig. 9c) by generating pseudo-
labels with low homogeneous consistency. The effectiveness
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Fig. 7 The visualization of Euclidean distance distribution of randomly
selected cross-modality positive and negative pairs

of our OCLR is demonstrated when comparing Fig. 9b and
c. Without OCLR, the network struggles to learn compact
and discriminative representations due to the inevitable noisy
labels (red dotted circles in Fig. 9b). With OCLR, it shows
more discriminative features that are well-distributed around
the edge of the clusters (green dotted circles in Fig. 9c). The
results indicate that our OCLR module is robust to noise
while facilitating modality alignment.

Analysis of the data augmentation strategies in the
proposed method. Data augmentations are widely-used in
VI-ReID, we conduct ablation studies for the data aug-
mentations included in our framework, i .e., CA Ye et al.
(2021a) and LTG Tan et al. (2023). CA Ye et al. (2021a)
is a commonly-used technology in existing USL-VI-ReID
baselines Cheng et al. (2023a); Wu and Ye (2023); Yang
et al. (2022); Cheng et al. (2023b); Yang et al. (2023). We
conduct ablation studies of the CA augmentation utilized in
OCLR, as shown in Tab.9. As shown in Tab.9, the OCLR
module is still effective when removing CA, which outper-
forms the framework without OCLR by 1.92% mAP and
1.8%Rank1.When incorporating the CA-augmented images
into our OCLR, the performance further improves by 1.79%
mAP and 2.79%Rank1. It can be attributed to the integration
of CA bridges different modalities and promotes the model
to better learn modality-shared features.We further study the
improvement brought by the LTG augmentation, as shown in
Tab.10. The results show a slight drop in performance after
removing LTG, but it still outperforms the state-of-the-art
GUR∗. The results also show that LTG further improves the
model performance.

Visualization of Ranking List. We visualize some of
the ranking lists on the SYSU-MM01 dataset, as shown in
Fig. 8. We compare our method with the baseline pretrained
under the DCL framework Yang et al. (2022). The results
demonstrate the effectiveness of our method in generating
high-quality cross-modality supervision signals for training.

Fig. 8 Visualization of the ranking lists on the SYSU-MM01 dataset. 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
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Fig. 9 The t-SNE Van der Maaten and Hinton (2008) visualization
of the feature of 7 randomly selected identities. Different colors mean
different identities. Circle means the visible modality and cross means
the infrared modality

5 Conclusion

In this paper, we propose the Modality-Unified Label Trans-
fer module to establish high-quality cross-modality pseudo-
label associations for training from a novel structural consis-
tency perspective. Our MULT lays emphasis on preserving
both homogeneous and heterogeneous structure information
in pseudo-label space by instance-wise affinities-guided label
transfer. To fully exploit the soft pseudo-labels from MULT,
an Alternative Modality-Invariant Representation Learning
framework is proposed based on both intra-modality and
cross-modality contrastive learning. Furthermore, we intro-
duce a straightforward yet effective plug-and-play Online
Cross-memory Label Refinement module, which simulta-
neously mitigates the negative effects of noisy labels and
facilitates modality alignment. Extensive experiments have
demonstrated that our framework outperforms prior state-of-
the-artmethods. In the future, wewill investigatemore robust
cross-modality label association methods based on our pro-
posed MULT, which is the core issue of the unsupervised
VI-ReID task.
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