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Abstract—Visible-infrared person re-identification (VI-ReID)
is a challenging image retrieval task that aims to match the same
identity pedestrian images across visible and infrared modalities.
Feature alignment is an effective method for identifying identical
entities across modalities, yet mainstream models tend to be
subject to rigid constraints during alignment, making them highly
susceptible to alignment failure and degrading model perfor-
mance. To address this issue, we propose a Multi-Scale Semantic
Feature based Relaxed Alignment Network (MSRANet). Firstly,
we propose a Multi-scale Semantic Correlation Enhancement
module to fuse high similarity features in adjacent layers to
obtain multi-scale semantic features, which can achieve better
discriminative ability by utilizing low-level fine-grained features
to enhance high-level semantic features. Secondly, by fusing
semantic features of pedestrians with the same identity across
different scenarios within a modality to enhance feature diversity,
we develop a relaxed alignment strategy that achieves coarse-
grained cross-modality feature alignment, thereby improving
the model’s adaptability. Finally, extensive experiments on two
public datasets (SYSU-MM01 and RegDB) demonstrate that
our MSRANet achieves state-of-the-art performance, significantly
outperforming multiple popular methods. Code is available at
https://github.com/poptopcan/MSRANet.

Index Terms—VI-ReID, Multi-scale, Relaxed Alignment

I. INTRODUCTION

Re-Identification (Re-ID) is capable of identifying pedes-
trians of interest from images captured by multiple cameras
[1], [2], [40]. Initial studies primarily concentrated on visi-
ble single-modality person re-identification, which is unable
to adapt to scenarios with substantial variations in lighting
conditions. To facilitate all-weather video surveillance, an
increasing number of studies have begun to employ both
visible and infrared cameras to capture pedestrian images. Due
to the significant disparities in visible and infrared modalities,
visible-infrared person re-identification(VI-ReID) [3]–[5] has
emerged as a highly challenging task.

To identify pedestrians across modalities, aligning features
from visible and infrared modalities is a widely adopted and
effective research approach. Many studies utilize the complete
features of pedestrians to perform feature alignment. Dai et
al. [6] use Generative Adversarial Networks (GAN) to perform
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pixel alignment and alleviate modality information asymmetry.
Pan et al. [7] adapt the conditional diffusion model to generate
cross-modal and middle-modal images to explicitly reduce the
modality discrepancy. Zhuang et al. [9] propose a Camera-
based Batch Normalization (BN) operator to ensure that the
input distribution is camera independent to realize feature
distribution alignment.

However, the methods of aligning complete pedestrian
features require matching an excessive number of features,
leading to overly rigid constraints and making the model
highly susceptible to interference, such as illumination changes
and viewpoint variations. To reduce the constraints during the
alignment, a partial alignment strategy can be developed by
using local features of pedestrians. Huang et al. [10] generate
mixed modality images by blending horizontal partial features
to reduce pixel-level modality differences. Wei et al. [11]
propose a flexible body partition (FBP) model to distinguish
part representations automatically. However, partial alignment
strategies usually select significant features, which may lead
to overly similar features of different pedestrians being chosen
and result in incorrect alignment decisions. Therefore, there is
growing emphasis on mining semantic information to enhance
the discriminative ability of pedestrian features. Zhang et al.
[13] explore the embedding subspace to generate embeddings
with multi-scale features to learn diverse information. Fang et
al. [14] utilize the similarity between pixel-wise features and
learnable prototypes to aggregate latent semantic part features
to realize more refined semantic alignment.

Although prior methods have advanced cross-modality per-
son re-identification, they heavily rely on local features,
which exhibit limited expressive capabilities and diversity.
This reliance imposes rigid constraints on models in com-
plex scenarios, thereby hampering adaptability. To address
these issues, we propose the Multi-scale Semantic Features
based Relaxed Alignment Network (MSRANet). MSRANet
computes feature similarity across adjacent layers and fuses
highly similar features, enriching high-level semantics with
fine-grained details to form multi-scale features that enhance
pedestrian representation. Additionally, it constructs cross-
modality relaxed patterns by fusing multi-scale features of the



same identity under different scenarios, improving feature di-
versity and relaxing alignment constraints for better flexibility
and adaptability.

Our contributions include:
• We propose a Multi-scale Semantic Features based Re-

laxed Alignment Network (MSRANet) for VI-ReID,
which compensates low-level fine-grained features for
high-level semantic features and realizes relaxed cross-
modality feature alignment, improving the recognition
ability and adaptability of the model.

• We introduce a Multi-scale Semantic Correlation En-
hancement (MSCE) module that fuses high-similarity
features across adjacent layers to extract multi-scale
semantic features, which enables better discriminative
ability by leveraging fine-grained low-level features to
boost high-level semantic representations.

• We propose a Relaxed Alignment (RA) strategy, which
enhances the representation diversity of semantic features
by fusing instance features of the same identity and im-
proves the adaptability of the model by relaxing the strict
constraints for cross-modality semantic feature alignment.

II. RELATED WORK

A. Visible-Infrared Person Re-ID

Visible-infrared person re-identification (VI-ReID) aims to
achieve cross-modality matching between visible images and
infrared images, having received considerable interest. To
bridge the modality gap, most VI-ReID methods project
features of both modalities into a common feature space to
mitigate cross-modality discrepancies. Wu et al. [15] first
propose a deep zero padding method for training single-
stream networks. Subsequently, image-level generation and
transformation methods [16], [34] are proposed. These meth-
ods mainly adopt generative adversarial networks to generate
heterogeneous modality images or features. In order to learn
both modality-shared features and modality-specific features
simultaneously, Yu et al. [8] dynamically model modality-
specific features and modality-shared features to alleviate both
cross-modality and intra-modality variations. Ren et al. [3]
exploit implicit discriminant information by purifying the
specific modality features and refined them into modality-
shared features to enhance the feature discriminant ability.

B. Feature Alignment

Feature alignment is one of the key techniques for cross-
modality person re-identification and has received continuous
and extensive research. Zhao et al. [18] jointly use color-
independent consistency learning and identity-aware modality
adaptive modules to align identity-level feature distributions.
Park et al. [19] enhance pixel-level cross-modality alignment
by establishing dense correspondences between cross-modality
images in a unified framework. Wang et al. [20] propose
a multi-patch modality alignment loss to balance modality
differences by mining difficult subspaces and discarding easy
subspaces. Wu et al. [21] devise a pattern alignment module,

splitting the feature map into multiple patterns to discover
subtle differences.

Most existing models use rigid alignment, limiting adapt-
ability to complex cases. To address this, we propose a relaxed
alignment strategy that fuses semantic features of the same
identity across diverse scenarios within a single modality,
thereby effectively enhancing feature diversity and improving
the adaptive capacity of the model.

C. Multi-scale Feature Learning

Multi-scale feature learning has been demonstrated to ben-
efit semantic segmentation [22], detection [23] and depth
estimation tasks [24]. Xu et al. [25] adopt a lightweight multi-
scale feature fusion module to discover the key parts of the
camouflaged object through the details, thereby enhancing
the detection capability. Han et al. [26] propose a Multi-
Scale Multi-Grained sequential network to generate ReID
representations robust to scale changes. Li et al. [27] introduce
a Multi-scale 3D convolution layer to capture complementary
temporal cues, demonstrating superior performance in video-
based person re-identification tasks compared to existing meth-
ods.

In VI-ReID, pedestrian features exhibit substantial cross-
modality discrepancies, while features extracted by existing
methods show limited discriminability, resulting in suboptimal
feature alignment. To mitigate this, we propose extracting and
fusing multi-scale semantic features from adjacent network
layers to enhance pedestrian feature representation and im-
prove feature discriminability.

III. METHODOLOGY

A. Overall Architecture

The overall architecture of our proposed MSRANet is
shown in Fig. 1, which contains a Multi-scale Semantic Corre-
lation Enhancement (MSCE) module and a Relaxed Alignment
(RA) module. MSRANet employs ResNet-50 as backbone,
embeds Semantic Correlation Enhancement (SCE) module to
extract multi-scale semantic features, and leverages RA to
realize cross-modality feature alignment.

In VI-ReID, the visible image set and the infrared image
set are usually denoted as V = {xvis

i |i = 1, 2, . . . , Nv} and
R = {xinf

j |j = 1, 2, . . . , Nr} respectively, where Nv and Nr

represent the quantity of visible images and infrared images
respectively.

In each mini-batch, the total number of images is denoted
as N = Nl × K, containing N/2 images for each modality,
where Nl represents the number of identities, K indicates the
number of images sampled from a single identity.

B. Multi-scale Semantic Correlation Enhancement Module

In VI-ReID tasks, traditional multi-layer convolutional neu-
ral networks (CNNs) are prone to losing fine-grained informa-
tion, resulting in limited discriminability of pedestrian features
and hindering cross-modality feature alignment. To handle this
issue, MSCE aims to progressively incorporates semantically
relevant fine-grained information from adjacent lower-level



(a) Multi-scale Sementic Feature Extraction (b) Relaxed Alignment Module
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Fig. 1. The overall architecture of the proposed Multi-scale Semantic Feature based Relaxed Alignment (MSRANet) model.

features, ultimately generating more discriminative multi-scale
semantic features.

As shown in Fig. 1(a), MSCE includes four SCE layers,
in which the low-level fine-grained features are contrapuntally
supplemented for high-level semantic features by computing
element-wise similarity of adjacent layer features.

For the i-th SCE, as shown in Fig. 1(c), input features
consist of the output Fi of the i-th layer (i = 1,2,3,4) and
that of the i− 1-th SCE module, F0,sce = F0.

Then, we project high-level semantic feature Fi into the
low-level feature space to obtain Fi,l:

Fi,l = δS,3×3(δT,3×3(Fi)), (1)

where δT,3×3 represents the transposed convolutional layer
with 3 × 3 kernel for upsampling, and δS,3×3 represents
the convolutional layer for smoothing the transition. Then,
we compute the feature similarity between Fi,l and Fi−1,sce

from both channel and spatial dimensions to generate the
channel complementary features MC and spatial complemen-
tary features MS . We propose a Association Fusion (AF)
strategy to fuse MC , Fi−1,sce and MS to obtain refined feature
representation Fi−1,af :

Fi−1,af = MC × Fi−1,sce ×MS , (2)

MC =
exp(Fi−1,sce × (Fi,l)

T )

∥ exp(Fi−1,sce × (Fi,l)T )∥1
, (3)

MS =
exp((Fi−1,sce)

T × Fi,l)

∥ exp((Fi−1,sce)T × Fi,l)∥1
, (4)

where exp(·) represents the exponential function, × repre-
sents matrix multiplication, ∥ · ∥1 represents L1 norm and
XT represents the transpose of X . As the AF operation
fuse semantic feature according to element-wise similarity,
SCE can dynamically enhance high-level semantic features by
contrapuntally supplementing low-level fine-grained features.

Finally, Fi−1,af is restored by an Anti-aliasing Block (AB)
which can mitigate the aliasing phenomenon, and fused with
the high-level semantic feature to perceive feature variations
and compensate for semantic information:

Fi,sce = Fi + δ1×1(δ3×3(δ1×1(Fi−1,af ))). (5)

F4,sce is the final multi-scale semantic feature denoted as
Fms.

C. Relaxed Alignment Module

Note that VI-ReID images are collected in complex con-
ditions, instance features have significant local feature dif-
ferences. Most existing models have limited adaptability and
still employ rigid alignment strategies, which inevitably lead
to alignment failures and constrain model performance. To
solve these issues, we propose dual-branch RA to realize cross-
modality semantic feature alignment, as illustrated in Fig. 1(b),



Firstly, we aggregate visible instances F vis and infrared
instances F inf of same identity by calibration module:

Fmod = δcali(fconcat(F
mod
ms )), (6)

where mod denotes the modality ( mod ∈ {vis, inf}),
fconcat(·) represents concatenating features along channel
dimension, δcali represents extracting internal features by a
convolutional layer with 1×1 kernel and reducing the number
of channels.

Secondly, as shown in Fig. 1(d), we generate relaxed
patterns by local semantic pattern perception module (LSPP):

Fmod
rp = IN(δP,1×1(RELU(δmod

1×1 (F
mod))), (7)

where RELU denotes the Relu function. δmod
1×1 and δP,1×1

represent the Conv1×1 layer with C channels, IN denotes
Instance Normalization.

Then, the cross-modality pattern alignment is performed
under the constraint of cross-modality pattern alignment loss
Lcpa:

Lcpa = avg(1−
F vis
rp · F inf

rp

∥F vis
rp ∥∥F inf

rp ∥
)

+avg(1−
F vis,T
rp · F inf,T

rp

∥F vis,T
rp ∥∥F inf,T

rp ∥
),

(8)

where avg(·) represents the mean of all elements. By maxi-
mizing the cosine similarity across both channel and spatial
dimensions of cross-modality features, the semantic consis-
tence can be enhanced in a more fine granularity manner.
Subsequently, F vis

rp and F inf
rp are fused as Fm

rp .
Thirdly, we maintain a cross-modality prototype bank to

assist generating relaxed patterns that can perceive feature
diversity. The prototype bank P = {pj ∈ RC×H×W |j =
1, 2, . . . ,M} is initialized by [29], where M represents the
number of prototypes, it is set to 30. For each p in P , we
randomly select an instance Fins to update p and select the
top-K samples closest to p (denoted as Fp) for aggregating
local semantic features with diversity:

p = r2 · Fp + (1− r2) · (r1 · Fins + (1− r1) · p), (9)

where r1 and r2 are the update rate, which are set to 0.1
and 0.2 respectively. It is worth noting that the features
Fms vary in each mini-batch. Equation (9) guarantees the
diversity and representational capabilities of prototype patterns
by introducing subtle random perturbations and aggregating
stable, similar local semantic features across multiple samples.

To form the identity-irrelevant semantic embedding Fnp, for
each sample, we selecte K nearest prototype patterns (denoted
as Fk) from the prototype based on pairwise distances:

Fnp = δ1×1(fconcat(Fk)), (10)

Fnp is then fed into LSPP to generate cross-modality relaxed
patterns F cm

rp . Then, we fuse Fms with relaxed patterns
through attention residual connection, generating identity-
aware feature Fia and diversity enhanced feature Fde:

Fia = Fms + Fms · Sigmoid(Fm
rp), (11)

Fde = Fms + Fms · Sigmoid(F cm
rp ), (12)

Fia and Fde are then converted into logitsia and logitsde via
batch normalization (BN) and separate classifiers.

Finally, we perform relaxed distillation alignment Lrda

across branches in RA to achieve feature distribution align-
ment, simultaneously enhancing feature diversity and feature
discrimination:

Lrda =

N∑
i=1

(
KL (A(logitsia),A(logitsde))

)
. (13)

where KL represents the Kullback-Leibler (KL) divergence,
A represents the attention module which contains spatial
attention and channel attention [41]. Lrda loss realizes mu-
tual knowledge distillation between branches and ensure the
extracted features are both discriminative and robust.

D. Overall Objective Function

In this paper, we adopt the widely-used loss Lreid as our
baseline loss functions. The Loss Lreid contains the identity
loss Lid and the triplet loss Ltriplet.

The total loss L of MSRANet is defined as

L = Lreid + λ · Lcpa + Lrda. (14)

In the formula, λ is the loss coefficient and is set to 0.8.

IV. EXPERIMENTS

A. Experimental Settings

Datasets: SYSU-MM01 is a large-scale dataset for VI-
ReID, which includes 491 identities collected by 4 visible
cameras and 2 near-infrared cameras. For test modes, all
camera images are used for the all-search mode, and the
images captured by 1st, 2nd, and 3rd cameras are used for
the indoor-search mode. The visible and infrared images are
serve as the gallery and query sets, respectively, in both test
modes. RegDB dataset is recorded by a dual-camera system,
in which visible images and infrared images are captured in
pairs. RegDB contains 412 identities, where 206 identities are
randomly selected for training, and the remaining for testing.

Evaluation metrics: The cumulative matching characteris-
tic (CMC), mean average precision (mAP), and mean inverse
negative penalty (mINP) are adopted as evaluation metrics.

Implementation details: All the experiments are imple-
mented on a single NVIDIA A6000 GPU. All input images
are resized to 384 × 144. The mini-batch size is set to 120,
including 12 random identities with 5 visible images and 5
infrared images. The Adam optimizer is used with an initial
learning rate of 3.5× 10−5.

B. Comparison with State-of-the-art Methods

We compare the proposed MSRANet model with state-of-
the-art VI-ReID methods on two public datasets SYSU-MM01
and RegDB. The comparison results of SYSU-MM01 and
RegDB in terms of CMC, mAP, and mINP are listed in Table I
and Table II, respectively.



TABLE I
COMPARISON OF CMC (%), MAP (%) AND MINP (%) PERFORMANCES WITH THE STATE-OF-THE-ART METHODS ON SYSU-MM01 DATASET. BEST

RESULTS ARE HIGHLIGHTED IN BOLD, AND SECOND-BEST RESULTS ARE UNDERLINED.

Method Publish
All-Search Indoor-Search

Single-Shot Multi-Shot Single-Shot Multi-Shot

R=1 mAP mINP R=1 mAP mINP R=1 mAP mINP R=1 mAP mINP

Zero-Pad [15] ICCV 17 14.80 15.95 - 19.13 10.89 - 20.58 26.92 - 24.43 18.64 -
BDTR [33] IJCAI 18 17.01 19.66 - - - - - - - - - -
D2RL [34] CVPR 19 28.90 29.20 - - - - - - - - - -
AlignGAN [17] ICCV 19 42.40 40.70 - 51.50 33.90 - 45.90 54.30 - 57.10 45.30 -
Hi-CMD [16] CVPR 20 34.94 35.94 - - - - - - - - - -
MPANet [21] CVPR 21 70.58 68.24 - 75.58 62.91 - 76.74 80.95 - 84.22 75.11 -
CMT [35] ECCV 22 71.88 68.57 - 80.23 63.13 - 76.9 79.91 - 84.87 74.11 -
DEEN [13] CVPR 23 74.70 71.80 - - - - 80.30 83.30 - - - -
MUN [8] ICCV 23 76.24 73.81 - - - - 79.42 82.06 - - - -
PartMix [12] CVPR 23 77.78 74.62 - 80.54 69.84 - 81.52 84.38 - 87.99 79.95 -
CAJ [36] TPAMI 24 71.48 68.15 54.57 - - - 78.36 81.98 78.44 - - -
DMA [28] TIFS 24 74.57 70.41 - - - - 80.30 83.30 - - - -
HOS-Net [37] AAAI 24 75.60 74.20 - - - - 84.20 86.70 - - - -
IDKL [3] CVPR 24 81.42 79.85 - 84.34 78.22 - 87.14 89.37 - 94.30 88.75 -
MIP [38] TCSVT 25 76.92 75.84 - 78.59 68.55 - 83.53 85.88 - 87.04 80.85 -
STAR [30] TIFS 25 82.93 80.47 - - - - 88.04 89.58 - - - -
MDANet [32] TMM 25 79.46 77.03 63.50 89.21 70.40 - 86.71 91.62 80.03 93.37 81.20 -

MSRANet (ours) 84.61 82.48 73.28 87.00 79.43 38.52 91.72 92.30 90.05 96.41 91.52 67.27

Comparisons on SYSU-MM01. The results of the com-
parative experiments are shown in Table I. The results show
that the MSRANet is superior to most existing cutting-edge
methods. Specifically, MSRANet achieves an accuracy of
84.61% in Rank-1 and 82.48% in mAP in the all-search mode.
Meanwhile, for indoor-search mode, the accuracy of Rank-1
at 91.72% and mAP at 92.30% are achieved.

Comparisons on the RegDB. As shown in the Table II,
we evaluate MSRANet on RegDB dataset. Compared with the
existing methods, MSRANet achieves the best performance in
terms of Rank-1, mAP, and mINP in both the V2I and I2V
modes. In the V2I mode, MSRANet achieves the accuracy of
96.50% Rank-1 and 92.32% mAP. In the I2V mode, MSRANet
achieves the accuracy of 95.49% Rank-1 and 92.11% mAP.

C. Ablation Study

In this section, we conduct ablation experiments to evaluate
the performance of each module.

Effectiveness of each component. We evaluate the effec-
tiveness of the proposed modules on the SYSU-MM01 dataset.
As shown in Table III, when MSCE is integrated into the
baseline, the Rank-1, mAP, mINP accuracy of the model are
improved by 8.83%, 11.28% and 11.89%. Furthermore, when
Lcpa and Lrda are incorporated alongside the baseline, the
model’s Rank-1, mAP, and mINP performance is improved
by 17.66%, 21.35% and 25.36%.

D. Visualization Analysis

To further illustrate the validity of MSRANet, visual com-
parison results are presented in this section. In Fig. 2, by com-
paring the attention heatmaps of the baseline and MSRANet,
it can be observed that our model finds more person semantic
cues and can identify more localized discriminative regions.

TABLE II
COMPARISON OF CMC (%), MAP (%) AND MINP (%) PERFORMANCES

WITH THE STATE-OF-THE-ART METHODS ON REGDB DATASET.

Method Publish V2I I2V

R=1 mAP R=1 mAP

Zero-Pad [15] ICCV 17 17.75 18.90 16.63 17.82
D2RL [34] CVPR 19 43.40 44.10 - -
AlignGAN [17] ICCV 19 57.90 53.60 56.30 53.40
Hi-CMD [16] CVPR 20 70.93 66.04 - -
MPANet [21] CVPR 21 83.70 80.90 82.80 80.70
CMT [35] ECCV 22 95.17 87.30 91.97 84.46
SAAI [14] ICCV 23 91.07 91.45 92.09 92.01
CAL [39] ICCV 23 94.51 88.67 93.64 87.61
MUN [8] ICCV 23 95.19 87.15 91.86 85.01
DMA [28] TIFS 24 93.30 88.34 91.50 86.80
HOS-Net [37] AAAI 24 94.70 90.40 93.30 89.20
IDKL [3] CVPR 24 94.72 90.19 94.22 90.43
STAR [30] TIFS 25 90.48 91.77 91.89 93.31
MDANet [32] TMM 25 90.52 81.74 92.37 82.16
MIP [38] TCSVT 25 90.32 87.59 91.98 88.11
DSAF [31] TMM 25 92.62 86.37 93.25 87.17

ours 96.50 92.32 95.49 92.11

In addition, Fig. 3(a) shows that there are significant modality
discrepancies between different instances of the same identity
in the baseline. Fig. 3(b) shows the reduction of the modality
gap and cluster area, which is realized by the proposed RA
strategy.

V. CONCLUSION

This paper provides a novel relaxed alignment network
based on multi-scale semantic features. Firstly, the proposed
MSCE module aims to obtain powerful multi-scale semantic
features for robust feature representation. By compensating



TABLE III
ABLATION STUDIES OF THE PROPOSED MSRANET ON THE SYSU-MM01

DATASET. RANK-1 (%), MAP (%), AND MINP (%) ARE REPORTED. W/O
AF MEANS WITHOUT THE ASSOCIATION FUSION MODULE.

Settings ALL-Search Indoor-Search

w/oAF MSCE Lcpa Lrda R=1 mAP mINP R=1 mAP mINP
66.88 61.13 47.45 69.91 73.88 67.57√ √
74.06 69.12 56.20 80.39 82.04 78.11√
75.71 72.41 59.34 82.37 85.14 81.23√
83.73 81.99 71.85 90.36 91.00 88.52√ √
84.54 82.41 72.81 91.13 91.53 89.11√ √ √
84.61 82.48 73.28 91.72 92.30 90.05

Origin Baseline Ours Origin Baseline OursOrigin Baseline Ours Origin Baseline Ours

Fig. 2. Visualization of GradCAM on the SYSU-MM01 dataset.

low-level fine-grained features for high-level semantic fea-
tures, MSCE can fully utilize the advantages of low-level fine-
grained features and high-level semantic features to construct
multi-scale semantic features, achieving better discriminative
capability. Secondly, the proposed RA module attempts to
perform feature alignment in a more flexible, coarse-grained
manner. By constructing the cross-modality relaxed pattern
from multi-scenario instances of the same identity within a
single modality, RA can implicitly utilize multiple pedestrian
samples to relax rigid constraints to realize relax feature align-
ment, thereby effectively enhancing the model’s adaptability.
The performance improvement on two benchmark datasets
validates our method’s effectiveness.
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