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Abstract
Visible-infrared person re-identification (VIReID)
retrieves pedestrian images with the same iden-
tity across different modalities. Existing methods
learn visual features solely from images, failing
to align them into the modality-invariant semantic
space. In this paper, we propose a novel frame-
work, termed Richer Semantics, Better Alignment
(RSBA), to align visual features with explicit and
enriched semantics. Specifically, we first develop
an Explicit Semantics-Guided Feature Alignment
(ESFA) module, which supplements textual de-
scriptions for cross-modality images and aligns
image-text pairs within each modality, alleviating
the distribution discrepancy of visual features. We
then devise a Consistent Similarity-Guided Indi-
rect Alignment (CSIA) module, which constrains
the similarity between intra-modality image-text
pairs to be consistent with that between inter-
modality text-text pairs, indirectly aligning visual
features with cross-modality semantics. Further-
more, we design a Cross-View Semantics Com-
pensation (CVSC) module, which integrates multi-
view texts and improves the image-text matching of
one-to-one in ESFA and CSIA to one-to-many, fur-
ther strengthening the alignment of visual features
within the semantic space. Extensive experimental
results on three public datasets demonstrate the ef-
fectiveness and superiority of our proposed RSBA.

1 Introduction
Person Re-Identification (ReID) [Ye et al., 2021b; Yan et al.,
2023a; Dong et al., 2024b] aims to match images of the same
individual across cameras, a critical component of intelli-
gent security with profound research implications. Despite
significant advancements [Li et al., 2021; Yan et al., 2022;
Gong et al., 2022; Dong et al., 2024a], most existing algo-
rithms focus solely on visible image retrieval, failing to meet
the demands of 24-hour surveillance systems, which must
also retrieve infrared images captured at night. To overcome
this limitation, visible-infrared person ReID (VIReID) [Wu

∗Corresponding author

Detailed Language Descriptions

The pedestrian in the image is 
a young woman wearing a 
blue skit, carrying a should 
bag and holding a parasol.

The pedestrian in the image is 
a woman with long legs. She 

is wearing a gray skit and 
carrying a shoulder bag.

Learnable Textual Prompts?

A photo of a [X1] [X2] [X3] 
[X4] person.

A photo of a [X1] [X2] [X3] 
[X4] person.

The pedestrian in the image is 
a young woman wearing a 
blue skit, carrying a should 
bag and holding a parasol.

The pedestrian in the image is 
a woman with long legs. She 

is wearing a gray skit and 
carrying a shoulder bag.

The pedestrian in the image is 
a woman with braided hair. 
She is wearing blue skit and 

carrying a should bag.

The pedestrian in the image is 
a woman with braided hair. 

She is wearing a gray skit and 
carrying a shoulder bag.

(a)

(b)

Figure 1: The core motivation of our RSBA framework: (i) Explicit
semantics (red) in language descriptions generated by LLaVA enable
the more effective alignment of visual features than learnable textual
prompts. (ii) The conflicting semantics (green) make the alignment
of images to inter-modality texts challenging. (iii) Multi-view texts
provide complementary semantics (blue) that play a positive role in
further enhancing the modality-invariance of visual features.

et al., 2017] has been proposed to retrieve visible images that
match the identity of a given infrared query, and vice versa.

The primary challenge in VIReID lies in aligning the
feature distribution of cross-modality images, for which
two main approaches have been developed. The first is
generative-based methods [Dai et al., 2018; Choi et al., 2020;
Miao et al., 2021], which transfer the style of images to an-
other modality. However, these algorithms often introduce
noise during the generation process, compromising feature
discriminability. The second approach, generative-free meth-
ods [Ling et al., 2021; Ye et al., 2021a; Li et al., 2022], fo-
cuses on optimizing network structures and metric functions.
Comparatively, the latter has demonstrated greater effective-
ness and currently stands as the predominant solution. How-
ever, the large modality discrepancy makes it challenging to
align heterogeneous features into a suitable common space.

To address this limitation, a recent study [Yu et al.,
2025] incorporates Contrastive Language-Image Pre-training
(CLIP) [Radford et al., 2021] into VIReID, demonstrating
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that semantics represented by language descriptions of het-
erogeneous images exhibit no modality gap, thus aligning vi-
sual features into the semantic space is beneficial for alle-
viating their distribution discrepancy. However, pedestrian
images typically lack accompanying language descriptions.
Learning textual prompts [Zhou et al., 2022] effectively ad-
dresses this issue, as illustrated in Figure 1(a), but it still
presents several drawbacks: 1) Uncertainty. The set train-
able words are unknown, raising questions about what the se-
mantic information they represent; 2) Coarseness. Pedestrian
images with the same identity share a common prompt, and
only four learnable tokens are allocated for identity depic-
tion, which is insufficient for the cross-view and fine-grained
nature of VIReID; 3) Cumbersomeness. Rather than end-to-
end, the paradigm of learnable prompts requires a meticu-
lously designed two-stage training process.

Recently, LLaVA [Liu et al., 2023], a prominent large
language-vision model, has demonstrated exceptional capa-
bility in image captioning. As shown in Figure 1(a), it can
generate clear and detailed descriptions for pedestrian im-
ages, whose explicit semantics, such as age and gender, are
able to facilitate the effective alignment of visual features.
This inspires us to supplement specific texts with the as-
sistance of LLaVA and align image-text pairs within each
modality. Furthermore, the alignment of images to inter-
modality texts is also necessary as it can further alleviate the
distribution discrepancy between visual features. However,
descriptions of visible and infrared images may include con-
flicting semantics, such as color attributes, which makes the
direct alignment inappropriate. This motivates us to explore
an indirect alignment of images to inter-modality texts. In
addition, as shown in Figure 1(b), within each modality, the
descriptions corresponding to different images of the same
pedestrian contain complementary content. Integrating them
to acquire comprehensive semantics and accordingly guide
the alignment of visual features is beneficial for further en-
hancing their modality invariance. This prompts us to en-
rich pedestrian semantics with multi-view texts.

In this paper, we propose a novel framework termed
Richer Semantics, Better Alignment (RSBA), which aligns
visual features with explicit and enriched semantics for ef-
fective VIReID. As shown in Figure 2, it consists of Ex-
plicit Semantics-Guided Feature Alignment (ESFA), Con-
sistent Similarity-Guided Indirect Alignment (CSIA), and
Cross-View Semantics Compensation (CVSC). ESFA lever-
ages LLaVA to generate textual descriptions for visible and
infrared images, respectively, and maximizes the similarity
between visible (infrared) image-text pairs to align cross-
modality visual features into the semantic space. CSIA con-
strains the similarity between intra-modality image-text pairs
to be consistent with that between inter-modality text-text
pairs, achieving the indirect alignment of visible visual fea-
tures with infrared semantics as well as infrared visual fea-
tures with visible semantics. CVSC integrates text features
from another view into the current view and accordingly im-
proves the image-text matching in ESFA and CSIA from one-
to-one to one-to-many, thereby further advancing their align-
ment. Our RSBA is trained end-to-end, with only the visual
side used to extract cross-modality image features for testing.

Our main contributions are summarized as follows:

• We explore the advantages of explicit semantics in al-
leviating the modality gap between visible and infrared
images, and accordingly propose ESFA to align visual
features into the semantic space for effective VIReID.

• We realize the alignment of visual features with inter-
modality semantics, and accordingly present CSIA to
address the challenge of the direct alignment resulting
from conflicting semantics.

• We consider the comprehensiveness of multi-view se-
mantics, and develop CVSC to achieve the one-to-many
alignment between images and texts, further strengthen-
ing the modality invariance of visual features.

• Extensive experiments across three datasets demonstrate
that RSBA achieves new state-of-the-art performance,
with each component contributing effectively.

2 Related Work
2.1 Visible-Infrared Person Re-Identification
VIReID is a challenging task due to the significant modality
gap between visible and infrared images. An intuitive ap-
proach is to transfer images from one modality to the style of
another. For instance, JSIA [Wang et al., 2020] employed
feature decoupling and cycle generation to augment cross-
modality image pairs. Given the substantial gap between
heterogeneous data, MSA [Miao et al., 2021] designed a
style similarity constraint to ensure the quality of generated
images. To prevent identity information loss during trans-
fer, ACD [Pan et al., 2024] introduced conditional proba-
bility density to optimize the generation network. Although
generative-based methods are intuitive and effective, they are
prone to model collapse and susceptible to introducing noise.

Generative-free methods have recently attracted consid-
erable attention due to they circumvent the limitations of
generative-based approaches. These methods primarily fo-
cus on aligning cross-modality features by constructing ap-
propriate networks or metric functions. For instance, Zero-
Padding [Wu et al., 2017] evaluated the suitability of four
networks for VIReID and proposed a one-stream structure
with a zero-padding strategy. AGW [Ye et al., 2021b] de-
vised a weighted regularization triplet loss to optimize the
relative distance between positive and negative pairs in both
intra-modality and inter-modality. To learn informative repre-
sentations, DEEN [Zhang and Wang, 2023] designed an em-
bedding expansion network to extract diverse features. How-
ever, the large modality discrepancy still makes the feature
alignment challenging. In this paper, we explore a semantic-
guided approach to effectively align visual features.

2.2 Large Language-Vision Models
Large language-vision models have emerged as a signifi-
cant research topic, bridging computer vision and natural
language processing. CLIP, a representative model, excels
in learning visual content with high-level semantic informa-
tion, showcasing exceptional potential across various down-
stream vision tasks [Wang et al., 2022; Zhao et al., 2022;
Yan et al., 2023b; Tang et al., 2024; Yan et al., 2024;
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carrying a shoulder bag.
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Figure 2: Overview of our RSBA. It acquires specific descriptions with LLaVA, integrates multi-view pedestrian semantics with CVSC,
aligns visual features into the semantic space with ESFA, and indirectly aligns visual features with inter-modality semantics with CSIA.

Shen et al., 2025]. In the field of ReID, CLIP-ReID [Li et
al., 2023] first introduced CLIP to advance this community.
To tackle the occlusion problem, RGANet [He et al., 2024]
employed CLIP to generate local textual prototypes for min-
ing discriminative part features. In VIReID, CSDN [Yu et al.,
2025] incorporated trainable textual prompts to acquire im-
plicit pedestrian descriptions, aligning visual features of visi-
ble and infrared images into the semantic space. However, the
semantics learned by CSDN are unknown and coarse, limit-
ing its alignment ability. In this paper, we propose ESFA to
address this limitation, and further develop CSIA and CVSC
to improve our RSBA framework for more efficient VIReID.

3 Methodology
3.1 Preliminaries
Formally, we define the visible and infrared image sets as
{xvis

i }Nv
i=1 and {xir

i }Nr
i=1, where Nv and Nr represent the sizes

of these two heterogeneous data, respectively. The label set
is denoted as {yi}

Np

i=1, with Np indicates the number of iden-
tities. In each mini-batch, N paired cross-modality images
{xvis

i , xir
i }Ni=1 are randomly sampled and their visual features

{fvis
i , f ir

i }Ni=1 ∈ RN×d are extracted, where d is the dimen-
sion of features. We employ identity loss and modality-shared
enhancement loss [Lu et al., 2023] to optimize the network:

Lid = − 1

N

N∑
i=1

qi log(p
vis
i )− 1

N

N∑
i=1

qi log(p
ir
i ), (1)

where qi is the one-hot vector of identity label yi. pvisi and piri
represent classification results of fvis

i and f ir
i , respectively.

The modality-shared enhancement loss constrains the av-
erage distance between positive pairs across modalities to be

equal to that between positive pairs under the intra-modality:

Lmse =
1

2PK

P∑
p=1

[
2K∑
k=1

(Dintra
k −Dacross

k )2], (2)

Dintra =
1

K − 1

K∑
k=1
k ̸=i

∥∥fvis
i − fvis

k

∥∥
2, (3)

Dacross =
1

K

K∑
k=1

∥∥fvis
i − f ir

k

∥∥
2
, (4)

where P and K denote P identities and K visible and K
infrared images of each identity randomly sampled in each
mini-batch. ∥·∥2 represents the Euclidean distance.

3.2 Explicit Semantics-Guided Feature Alignment
Most existing frameworks treat VIReID as a pure vision task,
lacking the ability to capture pedestrian semantics that is ben-
eficial for modality alignment. Although CSDN introduces
CLIP and CoOP to address this limitation, the uncertainty and
coarseness of implicit semantics hinder the alignment of vi-
sual features into the semantic space. To this end, we propose
ESFA, which leverages LLaVA to generate explicit textual
descriptions and aligns cross-modality images with them.

As illustrated in Figure 2, given a pedestrian image, we
send the request command ’Please describe the characteris-
tics of the pedestrian in the image’ to LLaVa. It responds
with a natural language description ’The pedestrian in the im-
age is a young woman wearing a blue skit, carrying a shoul-
der bag and holding a parasol’. This description provides
clearer and more detailed explicit semantics, such as age, gen-
der, and clothing, compared to the learnable textual prompt
’A photo of a [X1][X2][X3][X4] person’ in CSDN. Notably,
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LLaVA operates without requiring training and delivers re-
sponses quickly, taking approximately 1.2 seconds per image.

Suppose the generated language bases for visible and in-
frared images are {lvisi }Nv

i=1 and {liri }Nr
i=1. In each mini-batch,

we sample {lvisi , liri }Ni=1 corresponding to {xvis
i , xir

i }Ni=1
and input them into the textual encoder to extract fea-
tures {tvisi , tiri }Ni=1 ∈ RN×d. To align {fvis

i , f ir
i }Ni=1 with

{tvisi , tiri }Ni=1, we maximize the similarity between them:

Lcon = Li2t + Lt2i, (5)

where

Li2t =− 1

N

N∑
i=1

log
exp(s(fvis

i , tvisi ))∑N
j=1 exp(s(f

vis
i , tvisj ))

− 1

N

N∑
i=1

log
exp(s(f ir

i , tiri ))∑N
j=1 exp(s(f

ir
i , tirj ))

,

(6)

Lt2i =− 1

N

N∑
i=1

log
exp(s(tvisi , fvis

i ))∑N
j=1 exp(s(t

vis
i , fvis

j ))

− 1

N

N∑
i=1

log
exp(s(tiri , f ir

i ))∑N
j=1 exp(s(t

ir
i , f ir

j ))
,

(7)

where s(·) represents the cosine similarity.

3.3 Consistent Similarity-Guided Indirect
Alignment

ESFA achieves the alignment of images and texts in each
modality; however, it ignores the alignment of images and
inter-modality texts. A straightforward approach is to max-
imize the similarity between them similar to the above pro-
cess. However, cross-modality texts describe the same object
with conflicting attributes due to visual ambiguity. For exam-
ple, the clothing exhibits ’blue’ in the visible text while being
seen as ’gray’ in the infrared one. Forcing the maximization
of similarity between images and inter-modality texts may
disrupt the expressiveness of semantics. To this end, we de-
velop CSIA to explore the indirect alignment between them.

As illustrated in Figure 2, for the visible visual feature fvis
i ,

CSIA constrains its similarity with the visible text feature tvisi
to be equal to the similarity between the infrared text feature
tiri and visible text feature tvisi , thereby indirectly establishing
the alignment relationship between fvis

i and tiri . Similarly,
infrared visual features f ir

i and visible text features tvisi are
indirectly aligned by constraining the similarity between f ir

i
and tiri to be consistent with that between tvisi and tiri :

Lsc =
1

N

N∑
i=1

(s(fvis
i , tvisi )− s(tiri , tvisi ))2

+
1

N

N∑
i=1

(s(f ir
i , tiri )− s(tvisi , tiri ))2.

(8)

This similarity consistency loss not only achieves the align-
ment of images with inter-modality texts but also indirectly
maximizes the similarity between infrared and visible texts,
which helps alleviate cross-modality semantic discrepancy,
thus facilitating more effective alignment of visual features.

3.4 Cross-View Semantics Compensation
The above two alignments are based on the one-to-one match-
ing between image and text. However, within each modality,
variations in camera views result in descriptions for different
images of the same pedestrian emphasizing distinct objects.
For example, the description for a front-facing image may
highlight age and gender, while that for a rear-facing image is
more likely to focus on hairstyle and backpack. As a result,
semantics derived solely from single-view text are one-sided
and contribute limited to the robustness of visual features. To
address this limitation, we design CVSC to explore the one-
to-many correspondence between images and texts.

As illustrated in Figure 2, we introduce an attention fu-
sion module to integrate information in the textual feature
from another view into the textual feature of the current view.
Specifically, for the visible textual feature tvisi , we randomly
select a textual feature tvisa that shares the same identity with
tvisi while from different views. We compute the similarity
between tvisi and tvisa to derive the attention weight avisi :

avisi = softmax

(
Wq(t

vis
i )(Wk(t

vis
a ))T√

d

)
, (9)

where Wq and Wk are two linear projection layers. We mul-
tiply avisi and tvisa to determine the contribution of tvisa , and
add the the resulting weighted feature to tvisi :

tvism,i = tvisi +Wa(a
vis
i Wv(t

vis
a )), (10)

where Wa and Wv are also linear projection layers. tvism,i rep-
resents the multi-view textual feature corresponding to lvisi ,
which contains richer pedestrian semantics as it compensates
for the missing cross-view information in tvisi . Similarly, we
can acquire the multi-view infrared textual feature tirm,i.

We reformulate Equations (5), (6), and (7) as the following
Equations (11), (12), and (13), which maximize the similari-
ties between fvis

i and tvism,i, as well as between f ir
i and tirm,i:

Lo2m
con = Lo2m

i2t + Lo2m
t2i , (11)

Lo2m
i2t =− 1

N

N∑
i=1

log
exp(s(fvis

i , tvism,i))∑N
j=1 exp(s(f

vis
i , tvism,j))

− 1

N

N∑
i=1

log
exp(s(f ir

i , tirm,i))∑N
j=1 exp(s(f

ir
i , tirm,j))

,

(12)

Lo2m
t2i =− 1

N

N∑
i=1

log
exp(s(tvism,i, f

vis
i ))∑N

j=1 exp(s(t
vis
m,i, f

vis
j ))

− 1

N

N∑
i=1

log
exp(s(tirm,i, f

ir
i ))∑N

j=1 exp(s(t
ir
m,i, f

ir
j ))

.

(13)

This process achieves the one-to-many alignment between
images and texts within each modality. In addition, we also
redefine the Equation (8) to the following Equation (14), indi-
rectly aligning images with multi-view inter-modality texts:

Lo2m
sc =

1

N

N∑
i=1

(s(fvis
i , tvism,i)− s(tiri , tvism,i))

2

+
1

N

N∑
i=1

(s(f ir
i , tirm,i)− s(tvisi , tirm,i))

2.

(14)
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3.5 Training and Inference
The proposed RSBA is trained in an end-to-end manner, with
the total loss expressed as:

Ltotal = Lid + Lmse + λ1L
o2m
con + λ2L

o2m
sc , (15)

where λ1 and λ2 are two hyper-parameters used to balance
the relative importance of Lo2m

con and Lo2m
sc , respectively.

Notably, the generation of language descriptions is only
performed in the training phase, ensuring the practicality of
our framework. During inference, the textual encoder and
attention fusion module are not required, reducing the model
complexity and inference time of our framework.

4 Experiments
4.1 Datasets and Evaluation Metrics
Datasets. SYSU-MM01 [Wu et al., 2017] contains 30,071
visible images captured by 4 RGB cameras and 15,792 in-
frared images captured by 2 IR cameras. The training set
includes 22,258 visible images and 11,909 infrared images
corresponding to 395 identities. The testing set comprises
3,803 infrared images of 96 identities and either 301 or 3,010
randomly sampled visible images for single-shot or multi-
shot settings, respectively. RegDB [Nguyen et al., 2017] is
a small-scale VIReID dataset with 4,120 visible images and
4,120 infrared images from 412 pedestrians. Following the
standard protocol, 2,060 visible and 2,060 infrared images of
206 identities are allocated for training, while the remaining
images are used for testing. LLCM [Zhang and Wang, 2023]
is a recently released challenging VIReID dataset collected
under low-light conditions. Its training set includes 16,946
visible images and 13,975 infrared images of 713 identities,
and its testing set consists of 8,680 visible images and 7,166
infrared images corresponding to 351 identities.
Evaluation Metrics. We assess the retrieval performance
using the general indicators named mean Average Precision
(mAP) and Cumulative Matching Characteristics (CMC).

4.2 Implementation Details
We conduct experiments using the PyTorch library on a sin-
gle RTX 4090 GPU. The proposed RSBA framework incor-
porates a training-free LLaVA, a CLIP model comprising a
visual encoder and a textual encoder, with ResNet50 [He et
al., 2016] serving as the backbone for the visual encoder, and
an attention fusion module consisting of four linear projection
layers. Following AGW [Ye et al., 2021b], we train two par-
allel first convolutional layers of ResNet50 for each modality
while sharing the parameters of the subsequent four blocks.
During training, we randomly sample 8 identities, each with
4 visible and 4 infrared images. All input images are resized
to 288×144 and subjected to data augmentation techniques,
including random padding, cropping, and flipping. The train-
ing process spans 120 epochs, with the initial learning rate set
to 3e-4 for the visual encoder and 1e-6 for the textual encoder
and attention fusion module, decaying by a factor of 0.1 at the
40th and 70th epochs, respectively. The hyper-parameters are
configured as λ1 = 0.25 and λ2 = 0.2.

4.3 Comparison with State-of-the-Art Methods
SYSU-MM01. Table 1 presents the comparison results with
the state-of-the-art methods on the SYSU-MM01 dataset,
showing that RSBA consistently outperforms them across
all settings. Specifically, in the all-search testing mode,
our Rank-1 accuracy and mAP surpass those of the best
generative-based method, ACD, by 4.0% (4.2%) and 3.7%
(3.1%), respectively, while in the indoor-search mode, the
improvements are 8.8% (6.3%) and 5.1% (5.2%). These
gains are attributed to our approach aligning modalities at
the feature level, which circumvents performance limitations
imposed by the generated low-quality images. Compared
to generative-free methods, under the single-shot mode, our
Rank-1 accuracy exceeds that of CycleTrans by 1.9% (0.5%),
and our mAP surpasses HOS-Net by 0.6% (2.1%). This ad-
vantage arises from the proposed RSBA aligns visual features
with the semantic space, which are beneficial for alleviating
the modality gap. Furthermore, our RSBA also outperforms
CSDN across all settings, benefiting from its ability to capture
clear, detailed, and rich semantics, as opposed to the coarse
and ambiguous semantics learned by CSDN.
RegDB. We further evaluate the performance of RSBA on
the RegDB dataset, with the quantitative results summarized
in Table 2. Our method achieves superior recognition rates
compared to existing generative-based approaches. For in-
stance, in the visible-to-infrared testing mode, RSBA outper-
forms TSME in Rank-1 accuracy by 7.9% and surpasses ACD
in mAP by 7.6%. Similarly, our method exhibits significant
performance advantages over state-of-the-art generative-free
methods, such as MBCE and HOS-Net. In comparison with
CSDN, RSBA improves the Rank-1 and mAP by 2.1% and
4.0% in the visible-to-infrared testing mode.
LLCM. We also evaluate the proposed RSBA on the chal-
lenging LLCM dataset to provide a comprehensive assess-
ment. As detailed in Table 3, in the visible-to-infrared testing
mode, RSBA achieves a Rank-1 accuracy and mAP that are
1.1% and 0.9% higher, respectively, than those of the state-
of-the-art HOS-Net. Similarly, in the infrared-to-visible test-
ing mode, RSBA outperforms HOS-Net with improvements
of 0.9% in Rank-1 accuracy and 1.0% in mAP. These results
further highlight the superiority of our approach.

4.4 Ablation Studies
We evaluate the effectiveness of each component in our pro-
posed RSBA, with the results presented in Table 4. The Rank-
1 and mAP of Baseline (’0’) are 71.9% and 67.6% under the
single-shot and 80.0% and 61.9% under the multi-shot.
Effectiveness of ESFA. ESFA aims to introduce explicit se-
mantics to guide the alignment of cross-modality visual fea-
tures. As shown in Table 4, it improves the Rank-1 and mAP
by 4.4% and 5.0% under the single-shot mode, which vali-
dates that aligning visual features into the semantic space is
reasonable and effective for mitigating the modality gap.
Effectiveness of CSIA. CSIA constrains the consistent sim-
ilarity between intra-modality image-text pairs and inter-
modality text-text pairs to establish the correspondence be-
tween images and cross-modality texts. As detailed in Table
4, under the single-shot test mode, it improves the Rank-1 ac-
curacy from 76.3% to 77.4%, which indicates that the align-

Proceedings of the Thirty-Fourth International Joint Conference on Artificial Intelligence (IJCAI-25)

931



All-Search Indoor-Search
Methods Ref Single-Shot Multi-Shot Single-Shot Multi-Shot

R1 mAP R1 mAP R1 mAP R1 mAP
cmGAN [Dai et al., 2018] IJCAI’18 26.9 27.8 31.4 22.2 31.6 42.1 37.0 32.7

Hi-CMD [Choi et al., 2020] CVPR’20 34.9 35.9 - - - - - -
JSIA [Wang et al., 2020] AAAI’20 38.1 36.9 45.1 29.5 43.8 52.9 52.7 42.7
MSA [Miao et al., 2021] IJCAI’21 63.1 59.2 - - 67.1 72.7 - -
TSME [Liu et al., 2022b] TCSVT’22 64.2 61.2 70.3 54.3 64.8 71.5 76.8 65.0

ACD [Pan et al., 2024] TIFS’24 74.4 71.1 80.4 66.9 78.9 82.7 86.0 78.6
AGW [Ye et al., 2021b] TPAMI’21 47.5 47.6 - - 54.1 62.9 - -

MCSL [Ling et al., 2021] IJCAI’21 64.8 60.8 68.0 51.4 - - - -
CAJ [Ye et al., 2021a] ICCV’21 69.8 66.8 - - 76.2 76.7 - -

MMN [Zhang et al., 2021] MM’21 70.6 66.9 - - 76.2 79.6 - -
MAUM [Liu et al., 2022a] CVPR’22 71.6 68.7 - - 76.9 81.9 - -

CIFT [Li et al., 2022] ECCV’22 71.7 67.6 78.0 62.4 78.6 82.1 86.9 77.0
MBCE [Cheng et al., 2023] AAAI’23 74.7 72.0 78.3 65.7 83.4 86.0 88.4 80.6

DEEN [Zhang and Wang, 2023] CVPR’23 74.7 71.8 - - 80.3 83.3 - -
SEFL [Feng et al., 2023] CVPR’23 75.1 70.1 - - 78.4 81.2 - -

HOS-Net [Qiu et al., 2024] AAAI’24 75.6 74.2 - - 84.2 86.7 - -
CSCL [Liu et al., 2025] TMM’24 75.7 72.0 - - 80.8 83.5 - -

CycleTans [Wu et al., 2025] TNNLS’24 76.5 72.6 82.8 68.5 87.2 84.9 91.2 81.4
CSDN [Yu et al., 2025] TMM’25 76.7 73.0 83.5 67.9 84.5 86.8 91.3 82.2

Ours (RSBA) IJCAI’25 78.4 74.8 84.6 70.0 87.7 87.8 92.3 83.8

Table 1: Performance comparison with state-of-the-art methods on SYSU-MM01. ’-’ denotes that no reported result is available.

Methods Visible to Infrared Infrared to Visible
R1 mAP R1 mAP

Hi-CMD 70.9 66.0 - -
JSIA 48.1 48.9 48.5 49.3
MSA 84.8 82.1 - -

TSME 87.3 76.9 86.4 75.7
ACD 84.7 83.2 87.1 84.7
AGW 70.0 66.4 - -
MCSL 93.8 87.5 91.5 85.2
CAJ 85.0 65.3 84.7 61.5

MMN 91.6 84.1 87.5 80.5
MAUM 87.8 85.0 86.9 84.3

CIFT 92.1 86.9 90.1 84.8
MBCE 93.1 88.3 93.4 87.9
DEEN 91.1 85.1 89.5 83.4
SEFL 91.0 85.2 92.1 86.5

HOS-Net 94.7 90.4 93.3 89.2
CSCL 92.1 84.2 89.6 85.0

CycleTrans 90.6 85.6 81.8 87.0
CSDN 95.4 87.7 92.3 85.5

Ours (RSBA) 95.2 90.8 94.4 89.5

Table 2: Performance comparison on RegDB.

ment of inter-modality image-text pairs plays a positive role
in the further effective alignment of visual features.
Effectiveness of CVSC. CVSC integrates multi-view texts to
capture comprehensive semantics that are beneficial for im-
proving the alignment in ESFA and CSIA. As illustrated in
Table 4, when it is equipped with ESFA, the Rank-1 accuracy
is improved by 1.3% and 1.0% under the two test modes, re-
spectively. In addition, when incorporating it with both ESFA

Methods Visible to Infrared Infrared to Visible
R1 mAP R1 mAP

AGW 51.5 55.3 43.6 51.8
CAJ 56.5 59.8 48.8 56.6

MMN 59.9 62.7 52.5 58.9
DEEN 62.5 65.8 54.9 62.9

HOS-Net 64.9 67.9 56.4 63.2
Ours (RSBA) 66.0 68.8 57.3 64.2

Table 3: Performance comparison on LLCM.

ESFA CSIA CVSC
Single-Shot Multi-Shot
R1 mAP R1 mAP

0 71.9 67.6 80.0 61.9
1 ✓ 76.3 72.6 82.1 66.5
2 ✓ ✓ 77.4 73.2 82.7 68.2
3 ✓ ✓ 77.6 73.7 83.1 68.8
4 ✓ ✓ ✓ 78.4 74.8 84.6 70.0

Table 4: Ablation studies of our RSBA.

and CSIA, the recognition performance reaches a peak. These
results fully demonstrate the reasonableness of motivation be-
hind CVSC and the effectiveness of its technology.

4.5 Parameters Analysis
We introduce the hyper-parameters λ1 and λ2 to regulate the
relative importance of the loss terms Lo2m

con and Lo2m
sc . The

former optimizes the model to align image-text pairs within
each modality, while the latter drives the model to mine the
correspondence between image-text pairs across modalities.
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Figure 3: Parameters analysis of λ1 and λ2.

As shown in Figure 3, the optimal values for λ1 and λ2 are
0.25 and 0.2. In addition, excessively large values diminish
the contributions of the identity loss and modality-shared en-
hancement loss, while overly small values result in insuffi-
cient alignment, both leading to performance degradation.

4.6 Further Discussions
In this section, we further discuss each proposed module,
with the experimental results presented in Table 5.

Modules
Single-Shot Multi-Shot

R1 R10 mAP R1 R10 mAP

ESFA
1 74.1 95.0 69.9 80.9 96.5 64.3
2 76.3 96.8 72.6 82.1 98.1 66.5

CSIA
1 75.6 95.9 72.1 80.9 97.5 65.6
2 77.4 97.9 73.2 82.7 98.3 68.2

CVSC
1 78.4 98.6 74.8 84.6 99.0 70.0
2 77.8 98.1 74.3 83.5 98.2 68.9
3 76.7 96.9 72.9 81.8 97.6 67.1

Table 5: Further discussions of each proposed module.

The superiority of explicit semantics
Different from the implicit semantics in CSDN [Yu et al.,
2025], our ESFA acquires explicit pedestrian semantics to
align cross-modality visual features. In contrast, the latter is
more representative and thus guides the more efficient align-
ment. As shown in Table 5, the recognition performance
achieved by ESFA (2) is higher than that achieved based on
implicit semantic alignment (1), with improvements of 2.1%
in Rank-1 accuracy and 2.7% in mAP under the single-shot
test mode. Notably, we observe that the descriptions gener-
ated by LLaVA follow the fixed sentence structure of ‘The
pedestrian in the image is a [age group] [gender] wearing
[clothing], carrying [accessory]’, which may cause the model
to overfit to the non-differentiated semantic pattern, limiting
the effect of alignment. This motivates us to explore acquir-
ing diverse pedestrian semantics in the future.

The advantage of indirect alignment
(1) Why align visual features with inter-modality semantics?
The proposed ESFA achieves alignment of visible visual fea-
tures and visible semantics, as well as infrared visual fea-
tures and infrared semantics. If we further align visible vi-
sual features and infrared semantics, as well as infrared vi-
sual features and visible semantics, the distribution discrep-
ancy between visual features of visible and infrared can be

further reduced. (2) Why indirectly align them? Different
from image-text pairs within each modality, which naturally
correspond to each other, images and inter-modality texts are
not completely matched. Therefore, aligning them directly by
maximizing the similarity between them may destroy the ex-
pressiveness of semantics, thereby weakening the alignment
between intra-modality image-text pairs. As shown in Ta-
ble 5, the direct alignment (1) reduces the Rank-1 accuracy
and mAP of ESFA from 76.3% to 75.6% and from 72.6% to
72.1%. In contrast, our designed indirect alignment strategy
(2) improves the Rank-1 and mAP by 1.1% and 0.6%. This
proves the rationality and effectiveness of the approach.

The number of cross-view texts
The proposed CVSC aims to enrich pedestrian semantics with
multi-view texts, and we achieve this by integrating text with
that from an additional view. It is also feasible to integrate it
with texts from multiple additional views. However, we ob-
serve that the recognition performance degrades as the num-
ber of views increases (2 and 3). This is because the generated
descriptions may contain some inaccurate content, amplify-
ing the noisy semantics during the information integration.
In addition, CVSC is achieved through the attention fusion
network, which requires more parameters as the number of
views increases, making model optimization challenging.

4.7 Limitations

This paper acquires explicit and enriched semantics to effec-
tively alleviate the modality gap between visible and infrared
pedestrian images. However, as we discussed above, on the
one hand, the rigid semantic pattern weakens the effect of
alignment. On the other hand, this paper initially explores
the enrichment of pedestrian semantics with multi-view texts,
while we ignore the quality of texts, the number of cross-view
texts, and the strategy of text fusion, which all affect the rich-
ness of the semantics. These limitations motivate us to ex-
plore the semantics of diversity and richness more deeply.

5 Conclusion

In this paper, we propose a novel Richer Semantics, Better
Alignment (RSBA) framework for effective VIReID. It fo-
cuses on aligning visible and infrared visual features with
explicit and enriched semantics and achieves this through
Explicit Semantics-Guided Feature Alignment (ESFA), Con-
sistent Similarity-Guided Indirect Alignment (CSIA), and
Cross-View Semantics Compensation (CVSC). ESFA supple-
ments language descriptions for pedestrian images and builds
the correspondence of image-text pairs, aligning visual fea-
tures into the semantic space. CSIA introduces the similarity
consistency constraint to indirectly align visual features with
inter-modality semantics, further alleviating the distribution
discrepancy of visual features. CVSC mines comprehensive-
ness semantics to further facilitate ESFA and CSIA. Exper-
imental results highlight the advancements RSBA achieves
over state-of-the-art methods. In the future, we will further
explore the assistance of semantic information for VIReID.
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