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A B S T R A C T

Visible-infrared person re-identification (VI-ReID) is a crucial cross-modal matching task in computer vision.
Existing research typically relies on a single auxiliary modality to address the semantic gap in cross-modal
data, but this approach fails to fully exploit the information inherent in both modalities. To tackle this
issue, we propose a novel framework called Implicit Modality Knowledge Alignment (IMKA) and Uncertainty
Estimation (UE). This framework aims to enhance the robustness of the learned common embedding space
and improve the prediction accuracy of the VI-ReID model. The IMKA module is designed to extract valuable
supplementary information from the original modality data to generate implicit modality data. The SKA
module then aligns the distribution of significant knowledge learned from this generated implicit modality
data. Meanwhile, the UE strategy is implemented to mitigate the overconfidence in incorrect predictions.
The uncertainty of predicted probabilities is evaluated in a Dirichlet space, and the designed evidence loss
bolsters the confidence in uncertainty. This uncertain information can enhance retrieval performance. Extensive
experimental results on two publicly available VI-ReID datasets demonstrate that our IMKA-UE framework
significantly outperforms state-of-the-art methods. The code for our IMKA-UE framework is available at
https://github.com/SWU-CS-MediaLab/IMKA-UE.
1. Introduction

Person Re-identification (He et al., 2021; Li et al., 2022; Liu,
Zhang, Yu, Lu, & Yang, 2021c) is generally considered a retrieval task
in computer vision, aiming to search for specific pedestrians across
non-overlapping camera views (Liu, Zhang, Yu, Lu, & Yang, 2021a,
2021b; Wang, Zhang, Liang, Chen, & Zhou, 2021). Recently, significant
progress has been made in single-modality Person Re-identification due
to the high feature abstraction and representation learning capabili-
ties of Deep Neural Networks (DNNs) (Hong, Chen, Liang, & Zhou,
2021; Zhang, Wang, Liang, Chen, & Zhou, 2021). However, current
camera systems automatically switch to infrared mode when there is
insufficient light at night, resulting in a large amount of cross-modal
data. This has led to the emergence of the Visible-Infrared Person Re-
identification (VI-ReID) task (Fu et al., 2021; Zhao, Liu, Chu, Lu, & Yu,
2021), which aims to identify pedestrians in the underlying database
based on other modalities.

For the specific VI-ReID task, in addition to the intra- and inter-
class differences in single-modality Person Re-identification, VI-ReID
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must address the substantial semantic domain gap between visible
and infrared modalities. The visible and infrared modality data have
different spectral wavelengths due to their heterogeneous physical
properties (Pu, Chen, Liu, Bakker, & Lew, 2020). Therefore, unlike
the single-modality Re-ID task, the substantial semantic domain gap
makes VI-ReID more challenging. The key to VI-ReID lies in aligning
the semantic information of different modality data and transferring
them to a robust invariant feature common space that can bridge the
semantic gap in cross-modal data.

The heterogeneous physical properties between visible and infrared
modalities result in the loss of certain fundamental information in
joint embedding space learning. Additionally, information loss between
cross-modality data is unavoidable in the multi-modal learning process.
This inevitable information loss further results in uncertainty in the
final identity prediction. The recently proposed mechanism of implicit
sample learning could achieve information augmentation and has made
noticeable progress in VI-ReID. However, most existing implicit sample
learning (Li, Wei, Hong, & Gong, 2020) can be summarized as data
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Fig. 1. Illustration of the Implicit Modality Knowledge Alignment (IMKA) mechanism and the Uncertainty Estimation (UE) strategy. Different shapes represent different ground-truth
identities. As shown in Fig. 1(a), the blue and gray circles represent the original samples from the visible and infrared modes, respectively. The IMKA aims to effectively bridge
the semantic gap between the two modalities by augmenting the generated implicit modality data during training. As shown in Fig. 1(b), the misclassified circles in the box class
are intended to be re-clustered into the correct circle class using the UE strategy. UE helps models gain more evidence to support classification, which contributes to rectifying
misclassifications and improving performance.
augmentation to support additional information, often neglecting the
discovery of supplementary knowledge in each modality data to effec-
tively generate implicit samples and reduce the semantic domain gap
between disparate modalities (Wu, Yuan et al., 2024).

A straightforward solution for implicit sample generation is to gen-
erate data from one modality into another modality’s style through
generative adversarial networks (GANs) (Liu, Xiao, Lew, Gao, & Wu,
2024; Wang, Yang, Cheng, Chang, Liang et al., 2020). However, this
approach is costly, and in addition to the large number of GAN param-
eters, the quality of the generated data (Liu, Xiao et al., 2022; Wang
et al., 2020) cannot be guaranteed due to the lack of corresponding
cross-modal original data for supervision. Meanwhile, existing implicit
sample learning mainly focuses on the generation mechanisms for
different modality data (Wu, Shan et al., 2024), while ignoring the re-
dundant knowledge accumulation caused by extra implicit samples. To
address these limitations, we propose a novel Implicit Modality Knowl-
edge Alignment (IMKA) module. The IMKA module consists of an Im-
plicit Modality Generation (IMG) module and a Significant Knowledge
Alignment (SKA) module. The IMG module is a lightweight network
architecture that learns valuable supplementary information from the
original cross-modality data to generate identity-consistent high-quality
implicit samples. Unlike existing implicit sample generation solutions,
the designed IMG model utilizes progressive convolution to generate
implicit samples and uses the corresponding modality data to supervise
the style generation of the original modality. Thus, the IMG module has
the advantage of learning useful supplementary information from the
original modality to overcome the loss of fundamental information and
the accumulation of redundant information, reducing the significant
number of parameters in GANs and avoiding generation failures caused
by complex GANs. Furthermore, the designed IMG consists of only two
convolutional layers, which can replace GANs and play a role in solving
the cross-modal semantic gap.

As shown in Fig. 1(a), the generated implicit samples help narrow
the original semantic gap between visible light and infrared modali-
ties, which is beneficial for subsequent training to extract cross-modal
invariant semantic information. In Fig. 1(b), the generated implicit
samples correct misclassifications and enhance performance. Misclas-
sified blue circle samples can be clustered into the correct category
through training with their implicit samples.

Moreover, due to the sparse distribution of the generated implicit
modality data, which cannot bridge cross-modal data well, the SKA
2 
module is designed based on a novel distribution consistency loss. This
loss aims to ensure that the significant knowledge extracted from the
generated implicit samples aligns better in the learned latent com-
mon space. The distribution consistency loss guides and constrains
the distribution of extracted significant knowledge in the generated
implicit modalities to be consistent in the common latent space. Thus,
the IMKA module effectively avoids redundant knowledge from ex-
tra implicit modality data, facilitates the accumulation of significant
supplementary knowledge, and further enforces the alignment of signif-
icant supplementary knowledge in the learned latent embedding space.
Most current VI-ReID methods based on generating auxiliary modalities
use a single modality to assist in extracting cross-modality invariant
pedestrian semantics. Our work is pioneering in using dual auxiliary
modalities and achieves better performance with IMKA compared to
previous methods.

Furthermore, most current VI-ReID methods calculate the probabil-
ity of a sample belonging to each identity (Farooq, Awais, Kittler, &
Khalid, 2022; Ge et al., 2022) using the Softmax function. For misclas-
sified samples, the Softmax function enforces an incorrect classification
probability, but the incorrect probability given by the network is still
considered correct. Thus, improving the accuracy and confidence of the
network’s predictions remains a challenge. To address this, we propose
a novel Uncertainty Estimation (UE) strategy to evaluate confidence
and an evidence loss to enhance the accuracy of each identity pre-
diction. Specifically, the output probability of the Softmax function is
treated as evidence to support the identity prediction, and uncertainty
is estimated by mapping the predicted values in the Dirichlet space.
Based on the estimated uncertainty for each prediction, an evidence
loss is constructed to enhance the quantified confidence of each epoch
during the optimization process. Thus, in VI-ReID performance, the UE
strategy can evaluate whether the model’s predictions are plausible,
effectively reduce the uncertainty of the prediction results, and achieve
higher accuracy. Additionally, the UE strategy allows us to identify
and exclude potentially corrupted or over-distributed data, thereby
improving the model’s robustness and generalization.

In summary, generating extra modality data, discovering and align-
ing significant knowledge of unseen domains as supplementary to the
original data, and correcting the predictions of the learned model are
the primary motivations of this paper.

In this paper, the main contributions of our proposed IMKA-UE-
based VI-ReID are outlined as follows:
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• We propose a novel Implicit Modality Knowledge Alignment
(IMKA) mechanism, which consists of an Implicit Modality Gen-
eration (IMG) module and a Significant Knowledge Alignment
(SKA) module. This mechanism effectively reduces the large se-
mantic domain gap between visible and infrared modality data in
the VI-ReID task. The IMG module aims to learn valuable supple-
mentary information from the original modality data to generate
implicit modality data. Meanwhile, the SKA module aims to con-
strain and align the distribution of significant knowledge learned
from the generated implicit samples using a designed distribution
consistency loss.

• We design an Uncertainty Estimation (UE) strategy for VI-ReID to
correct the predictions of the learned model. This strategy treats
the output probability of the Softmax function as evidence to
support identity prediction, and estimates uncertainty by map-
ping the predicted values in the Dirichlet space. The UE strategy
quantifies the confidence level of predicted probabilities in a
Dirichlet space and combines this with a designed evidence loss
to enhance quantified confidence, effectively reducing incorrect
prediction results.

• Our evaluation results show that the proposed IMKA mechanism,
together with the UE strategy, achieves state-of-the-art results
on two commonly used datasets. Both IMKA and UE are effec-
tive in enhancing high-performance VI-ReID. To the best of our
knowledge, this is the first application of the concepts of implicit
modality knowledge alignment and uncertainty estimation in the
VI-ReID task.

The structure of this paper is organized as follows: Section 2 reviews
elated work on visible-infrared person re-identification, organized by
he starting point of the method. describes the details of our proposed
MKA mechanism and UE strategy. Section 4 presents extensive exper-
ments where our method is compared with state-of-the-art methods
nd includes ablation experiments to validate the effectiveness of each
odule of our IMKA-UE. In Section 5, we discuss the strengths of our
ethod and why it works effectively. Finally, Section 6 summarizes our
ork.

. Related works

.1. Visible-infrared person re-identification

Existing VI-ReID methods all start by addressing the semantic gap
n cross-modal data. The first category focuses on learning mode-
hared feature representations and aggregating specific visible and
nfrared features for better performance. Recent deep neural networks
re designed to learn mode-aligned feature representations. Dual-level
iscrepancy Reduction Learning (𝐷2𝑅𝐿) (Wang, Wang, Zheng, Chuang,
Satoh, 2019) proposes a two-path network that enhances the model’s

ocus on cross-modal shared features through bi-directional double-
onstrained loss. Cross-Modal Align (cmAlign) (Park, Lee, Lee, & Ham,
021) uses dense alignment to obtain salient local cross-modal shared
eatures. Neural Feature Search (NFS) (Chen, Wan, Li, Jing, & Sun,
021) constructs a search space of shared features to find discriminative
ross-modal shared features. Structure-Aware Positional Transformer
SPOT) (Chen et al., 2022) learns semantic-aware shareable modal
eatures using structure and location information. Mixup and Invariant
ecomposition (MID) (Huang, Liu, Li, Zheng, & Zha, 2022) employs
daptive modal mixing and invariant decomposition to learn robust
ross-modal shared features. The second approach mainly compensates
or the lack of cross-modal information, such as GAN-based meth-
ds. Alignment Generative Adversarial Network (AlignGAN) (Wang
t al., 2020) uses GANs for style migration to compensate for missing
olor information in infrared modal images. Feature-level Modality
ompensation Network (FMCNet) (Zhang, Lai, Liu, Huang, & Han,

022) constructs a feature-specific level compensation strategy that t

3 
generates modally missing semantic information with modally shared
features to mitigate gaps between cross-modal data. The main purpose
of these approaches is to align the semantic information of cross-
modal data, alleviate the semantic gap, and facilitate the extraction of
semantic information invariant across modalities. Compared to these
approaches, the IMKA module in this paper aims to learn supplemen-
tary information to generate implicit samples, further enhance the
distribution consistency of the extracted discriminative knowledge in
the learned common embedding space, and significantly reduce the
complex parameters in GAN-based frameworks.

2.2. Uncertainty estimation

Uncertainty (Kendall & Gal, 2017) is an important concept in com-
puter vision, which can be divided into two categories: epistemic un-
certainty and aleatoric uncertainty. Epistemic uncertainty, also known
as model uncertainty, reflects the uncertainty of the parameters in
Bayesian inference. It can be reduced by collecting more data or using
better models. For example, different neural networks with different
weights may have different predictions for the same data, but they can
all perform well. This means that the learned deep models can have
different views of the data (Gal & Ghahramani, 2016). Epistemic un-
certainty can affect the confidence and reliability of model predictions,
especially in safety-critical applications such as autonomous driving or
medical diagnosis. On the other hand, aleatoric uncertainty evaluates
the uncertainty inherent in the data, such as noise or ambiguity in
the input (Kong, Sun, & Zhang, 2020). It can be further divided into
homoscedastic uncertainty, where all data have similar noise, and het-
eroscedastic uncertainty, where only some data have dissimilar noise.
Aleatoric uncertainty can affect the quality and diversity of the data,
and it may require more complex models to capture it.

Recently, some uncertainty estimation algorithms based on the
Dirichlet distribution have been proposed (Han, Zhang, Fu, & Zhou,
2021; Sensoy, Kaplan, & Kandemir, 2018), which use evidence net-
works to model subjective logic through the Dirichlet distribution. The
Dirichlet distribution (Kopetzki, Charpentier, Zügner, Giri, & Günne-
mann, 2020) is a generalization of the categorical distribution, which
can represent not only the probability of each class but also the uncer-
tainty of the probability. TMC (Han, Zhang, Fu, & Zhou, 2022) assesses
the uncertainty of the results by mapping the classification evidence to
the Dirichlet space and fusing the evidence to obtain a plausible clas-
sification result. The method of evidence fusion can combine multiple
sources of information and handle conflicting or incomplete evidence.
However, most existing methods of uncertainty estimation focus on ac-
curately measuring the uncertainty of classification without considering
how to use it for tasks. In this paper, we apply the measurement of
uncertainty to the task of VI-ReID, which aims to correct predictions to
improve the performance of matching person images across different
modalities (visible and infrared). VI-ReID is challenging due to the
large modality domain gap and intra-class variations. Thus, a specific
evidence loss is designed to guide the network to obtain more evidence,
enhancing the network’s discriminative ability and modality alignment.

3. The proposed method

3.1. Problem definition and overview

The variables 𝑥𝑉 𝑖𝑠 and 𝑥𝐼𝑛 denote original samples from the visible
nd infrared modalities, respectively, with their respective ground truth
abels 𝑦𝑉 𝑖𝑠 and 𝑦𝐼𝑛. During the training process, cross-modal data with

the same identity are fed into the network architecture. The training
set is defined as 𝑋𝑡𝑟𝑎𝑖𝑛 =

{(

𝑥𝑉 𝑖𝑠
𝑖 , 𝑦𝑉 𝑖𝑠

𝑖
)

;
(

𝑥𝐼𝑛𝑖 , 𝑦𝐼𝑛𝑖
)}𝑁

𝑖=1, where 𝑦𝑉 𝑖𝑠
𝑖 = 𝑦𝐼𝑛𝑖 .

ere, 𝑁 represents the batch size.
The structure of our proposed IMKA-UE framework is illustrated

n Fig. 2. It consists of four main phases: implicit modality genera-

ion (IMG), feature extraction, significant knowledge alignment (SKA),
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Fig. 2. Our proposed framework of IMKA-UE consists of a two-stream backbone network 𝐹 (⋅), two Implicit Modality Generators (IMG) 𝐺(⋅), a Significant Knowledge Alignment
(SKA), and an Uncertainty Estimation (UE) with a classifier 𝐶(⋅). The implicit modality samples of two different modalities are generated via IMG. As the feature extractor,
ResNet50 (He, Zhang, Ren, & Sun, 2016) is used to extract the modality-special features of the two modalities with their respective modalities in Conv-0 and learn modality-sharing
features in the remaining stages.
and uncertainty estimation (UE). In the implicit modality generation
phase, the IMG module generates implicit samples for each of the
two modalities. The backbone for the feature extractor is based on
ResNet-50. Mode-specific features are extracted in the ConV-0 phase.
The remaining convolutional blocks of the network extract cross-modal
shared features with weight sharing. In the significant knowledge align-
ment phase, the distribution of the extracted significant knowledge
representations is aligned using the distribution consistency loss. The
uncertainty estimation module treats the output prediction probability
of the network classifier as classification evidence. It maps the evidence
to the Dirichlet space to quantify uncertainty and evaluate the accuracy
of the classification results.

3.2. Implicit modality knowledge alignment

3.2.1. Implicit modality generation
It is a fact that heterogeneous physical properties between visible

and infrared modalities result in losing fundamental information in the
common embedding space learning, and certain lost fundamental infor-
mation can enhance the discrimination and robustness of the learned
common embedding space. Thus, the Implicit Modality Learning mech-
anism is designed to accumulate certain lost important information
in the training process to generate implicit samples. The generated
implicit samples can be used as beneficial supplementary information
to the original modality data to supervise the optimization process and
can also be used as an effective data augmentation way to robust the
learning process.

The details of the designed Implicit Modality Generator (IMG) are
shown in Fig. 3. It consists of a progressive convolution in which
the significant supplementary information to the original samples can
be extracted, and the implicit samples are generated based on this
supplementary information to supervise the shared embedding space
learning. For each original sample 𝑥𝑖, the corresponding implicit sample
is generated by IMG 𝐺(⋅). The implicit samples can be obtained as
follows,

𝑥𝑖𝑉 𝑖𝑠
𝑖 = 𝐺1(𝑥𝑣𝑖𝑠𝑖 ); 𝑥𝑖𝐼𝑛𝑖 = 𝐺2(𝑥𝑖𝑛𝑖 ) (1)

Here 𝐺1 and 𝐺2 are two IMGs. 𝑥𝑖𝑉 𝑖𝑠
𝑖 and 𝑥𝑖𝐼𝑛𝑖 are implicit samples

for the visible and infrared modality original samples, respectively.
The generated implicit samples are used as supplementary information
to the original samples to complement the knowledge accumulation
of the backbone network. Compared with the GAN-based pixel-level
4 
Fig. 3. This is the detailed architecture of the Implicit Modality Generator (IMG).
Implicit modality samples are generated by progressive convolution.

image generation process, Our method does not have a complex gen-
erator discriminator, and all the generation process consists of only
two convolutional layers. IMG generates implicit samples in a more
lightweight way and easily preserves the identity information of the
original samples. Based on the generated implicit samples, the training
set can be further represented as follows,

𝑋𝑡𝑟𝑎𝑖𝑛 = 𝑐𝑎𝑡
{

𝑋𝑉 𝑖𝑠
𝑖 , 𝑋𝑖𝑉 𝑖𝑠

𝑖 , 𝑋𝐼𝑛
𝑖 , 𝑋𝑖𝐼𝑛

𝑖
}

(2)

𝑦𝑉 𝑖𝑠
𝑖 = 𝑦𝑖𝑉 𝑖𝑠

𝑖 = 𝑦𝐼𝑛𝑖 = 𝑦𝑖𝐼𝑛𝑖 (3)

Here 𝑦𝑖 denotes the labels of their corresponding samples. For each
modality and their corresponding implicit samples, cross-entropy loss
𝐿𝑐𝑒 is applied to supervise the network so that it fits the information
about the identity attributes of the pedestrians,

𝑐𝑒(𝑝𝑖) = −1
𝑛

𝑛
∑

𝑖=1
log

(

𝑝
(

𝑦𝑚𝑖 ∣ 𝐶(𝐹 (𝑥𝑚𝑖 ))
))

(4)

where 𝑚𝜖 {𝑉 𝑖𝑠, 𝑖𝑉 𝑖𝑠, 𝐼𝑛, 𝑖𝐼𝑛} and 𝑛 represents the number of training
samples in a mini-batch, 𝐹 (⋅) and 𝐶(⋅) are the feature extractor and
the classifier. 𝑝𝑖 and 𝑝(𝑦𝑚𝑖 |𝐶(𝐹 (𝑥𝑚𝑖 ))) denotes the probability of the
sample 𝑥𝑚𝑖 being assigned to the ground truth class 𝑦𝑚𝑖 . Also, considering
the semantic gap between visible and infrared modalities, cross-modal
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Fig. 4. This is a detailed illustration of the SKA. The distribution of learned significant knowledge in the generated implicit modality samples by the IMG will be enforced to be
aligned by the distribution consistency loss.
triplet loss 𝑇 𝑟𝑖 is used as an inter-modal constraint.

𝑡𝑟𝑖
(

𝑚𝑗 , 𝑛𝑘
)

=
𝑁
∑

𝑖=1

[

𝑝 + max
𝑦𝑖=𝑦𝑘

‖

‖

‖

𝑥𝑖 − 𝑚𝑗
‖

‖

‖2

− min
𝑦𝑖≠𝑦𝑘

‖

‖

𝑥𝑖 − 𝑛𝑘‖‖2

]

+

(5)

𝑇 𝑟𝑖 = 𝑡𝑟𝑖
(

𝑥𝑉 𝑖𝑠, 𝑥𝐼𝑛
)

+ 𝑡𝑟𝑖
(

𝑥𝑉 𝑖𝑠, 𝑥𝑖𝐼𝑛
)

+𝑡𝑟𝑖
(

𝑥𝑖𝐼𝑛, 𝑥𝑖𝑉 𝑖𝑠) + 𝑡𝑟𝑖
(

𝑥𝑖𝑉 𝑖𝑠, 𝑥𝐼𝑛
) (6)

here 𝑝 is a margin parameter. 𝑚𝑗 and 𝑛𝑘 denote the positive and
negative samples of sample 𝑥𝑖, respectively.

3.2.2. Significant knowledge alignment
The excessive discrete distribution of the generated implicit sample

may weaken the knowledge supplementary to the original sample. As
shown in Fig. 4, to prevent the IMG model from accumulating redun-
dant and useless knowledge and to better mediate the distribution of
learned significant knowledge representations in the generated implicit
samples corresponding to the original modalities, a distribution consis-
tency loss 𝑑𝑐𝑜𝑛 is imposed between the feature representations of the
learned significant knowledge in the generated implicit samples. It is
applied to control the distribution of the learned significant knowledge
representations of two generated implicit sample modalities and better
bridge the semantic information between visible and infrared modal-
ities. 𝑑𝑐𝑜𝑛 enforce the centroids of the cross-modal implicit sample
significant knowledge representations close to each other, meanwhile
ensuring significant knowledge representations in the generated im-
plicit samples corresponding to the original modality data are better
distributed in the learned latent space, which facilitates the training
process of supplementary knowledge accumulation. 𝑑𝑐𝑜𝑛 is defined as
follows:

𝑑𝑐𝑜𝑛 =
𝐾
∑

𝑖=1

‖

‖

‖

‖

‖

‖

1
𝑀

𝑀
∑

𝑚=1
𝐹 (𝑥𝑖𝑉 𝑖𝑠

𝑗 ) − 1
𝑁

𝑁
∑

𝑛=1
𝐹 (𝑥𝑖𝐼𝑛𝑗 )

‖

‖

‖

‖

‖

‖2

(7)

here 𝐾 denotes the number of total classes. 𝑀 and 𝑁 denote the
number of visible and infrared modality classes, respectively. 𝐹 (.) and
∥∶∥2 function feature extractor and L2-norm to measure the distance of
samples.
5 
3.3. Uncertainty estimation

Considering the VI-ReID as a K-classification problem, a general
classification model will follow a classifier based on the Softmax func-
tion to obtain the prediction probability of each person’s identity. A
disadvantage of this process is that the network’s classification prob-
ability for identity is considered correct and reasonable even if the
prediction results do not match the label. For this reason, the certainty
of the network about the classification probability is quantified by
introducing an uncertainty estimation mechanism and an evidence loss,
which aims to quantify the network’s confidence in the classification
results.

The output of the classifier is represented as evidence, which repre-
sented by 𝑒𝑣 =

{

𝑒1,… , 𝑒𝐾
}

. 𝐾 denotes the total number of categories of
the identity samples, and 𝑒𝑖 is the evidence supporting that the sample
belongs to the 𝑖𝑡ℎ identity class. Refer to the EDL (Sensoy et al., 2018)
approach of inferring the Dirichlet distribution 𝑎𝑣 from the evidence 𝑒𝑣,
where 𝑎𝑣 is designed by 𝑎𝑣 = 𝑒𝑣 + 1. Thus the classification probability
𝑏𝑖 and uncertainty for the probability 𝑢𝑖 can be obtained as follow,

𝑏𝑖 =
𝑒𝑖
𝑆𝑣

(8)

𝑢𝑖 = 1 −
𝑁
∑

𝑖=1
𝑏𝑖 =

𝐾
𝑆𝑣

(9)

Where 𝑆𝑣 =
∑𝐾

𝑣=1 𝑎𝑣 =
∑𝐾

𝑣=1
(

𝑒𝑣 + 1
)

, and 𝑏𝑖 represents the probabil-
ity of the classification result. 𝐾 is the number of classes. 𝑢𝑖 represents
our uncertainty about this classification result. Thus, the certainty
of the predictions result of the network output can be effectively
quantified.

A typical example under a triple classification task is provided to
explain the uncertainty estimation mechina. It is assumed that the
evidence for the sample obtained by the model classifier is 𝑒 = {20, 1, 1},
so that the corresponding Dirichlet distribution can be denoted as
𝑎 = {21, 2, 2}. Based on Eq. (8), the probability of a sample being
in the first class 𝑏1 = 20

25 can be calculated, and the probability of a
sample being in the second and third class are 𝑏2 = 1

25 and 𝑏3 = 1
25 ,

respectively. Network’s uncertainty of this classification result is 𝑢1 =
3
25 , whcih can be obtained by Eq. (9). As shown in Fig. 5(a), a sharp
distribution centered on one corner of the triangle’s base is obtained.
This distribution suggests that we have sufficient evidence to support
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Fig. 5. This is an illustration of Dirichlet distribution. The probability density function of the Dirichlet distribution within an equilateral triangle is plotted. (a) represents the
category where the evidence is mainly concentrated in the lower right corner; thus, it is a well-documented Dirichlet distribution with low uncertainty. (b) indicates that the
evidence supporting the classification is evenly distributed in the three corners; thus, it is a Dirichlet distribution with high uncertainty and no clear evidence that the sample
belongs to the definite class.
that the sample belongs to the first category, and we are confident
about this classification result.

In contrast, let us assume that we have evidence 𝑒 = {0.1, 0.1, 0.1}.
This evidence is microscopic evidence for classification. Therefore, the
Dirichlet distribution parameter 𝑎 = {1.1, 1.1, 1.1} can be obtained, and
the uncertainty 𝑢 ≈ 1 for this classification can be calculated. Fig. 5(b)
shows us a uniform evidence distribution over the three classes. By
estimating the uncertainty 𝑢, it can be noted that we are unsure about
the result of this classification, and little evidence can be obtained
to support the classification. In this case, we cannot determine which
category the sample belongs to, so it needs to be further optimized in
the feature learning stage to obtain more classification evidence.

To sum up, we introduced the Dirichlet distribution and obtained
the uncertainty of each classification without changing the classifica-
tion results in the above way. Uncertainty is used for further optimiza-
tion to help the model obtain more evidence supporting classification
in order to ensure the accuracy of classification, thus helping VI-ReID
solve the semantic gap.

By introducing the theory of uncertainty estimation, the evidence
loss 𝑒𝑣𝑖 is designed to reduce the uncertainty of the network pre-
diction, which, thus, can help the network to address the problem of
overconfidence about the wrong classification results and obtain more
evidence supporting the classification. The 𝑒𝑣𝑖 is designed as follow:

𝑒𝑣𝑖 =
𝑛
∑

𝑖=1

(

1 −
𝑒𝑣

∑𝐾
𝑣=1

(

𝑒𝑣 + 1
)

)

=
𝑛
∑

𝑖=1
𝑢𝑖 (10)

𝑖𝑑 (𝑏𝑖) = −1
𝑛

𝑛
∑

𝑖=1
log

(

𝑒𝑣
∑𝐾

𝑣=1
(

𝑒𝑣 + 1
)

)

(11)

𝑖𝑑 uses the sample classification probability evaluated by the un-
certainty estimation mechanism. The evidence loss 𝑒𝑣𝑖 is used to guide
the optimization of the network prediction values. By the optimization
of 𝑖𝑑 and 𝑒𝑣𝑖, it can be ensured that the classification results are
more accurate and that higher confidence can be obtained in the
classification results. The gradient of 𝑒𝑣𝑖 during back-propagation is
as follows,

𝜕𝑒𝑣𝑖
𝜕𝑒𝑣

=
𝑛
∑

𝑖=1

𝜕𝑢𝑖
𝜕𝑒𝑣

=
𝑛
∑

𝑖=1

𝜕
𝜕𝑒𝑣

(

1 −
𝑒𝑣

∑𝐾
𝑣=1(𝑒𝑣 + 1)

)

= −
𝑛
∑

𝑖=1

∑𝐾
𝑣=1(𝑒𝑣 + 1) − 𝑒𝑣
(
∑𝐾

𝑣=1(𝑒𝑣 + 1))2

(12)

We can conclude that an increase in 𝑒𝑣 will cause a decrease in 𝑒𝑣𝑖
and vice versa. Therefore, when optimizing 𝑒𝑣𝑖, we can obtain more
sufficient evidence for judging the identity of pedestrians.
6 
Algorithm 1 Algorithm of our IMKA-UE method
Input: Visible data 𝑥𝑉 𝑖𝑠

𝑖 and infrared data 𝑥𝐼𝑛𝑖 with their labels 𝑦𝑉 𝑖𝑠
𝑖 and

𝑦𝐼𝑛𝑖 ;
Output: The trained feature extractor 𝐹 (⋅);
Initialization: The backbone ResNet-50 (He et al., 2016) with pre-
trained weights on ImageNet serves as feature extractor 𝐹 (⋅), totally
iterations 𝐸 and penalty factors 𝜆1, 𝜆2 and 𝜆3 for the overall loss
function Eq. (13).
For 𝑖 = 1 to 𝑊 do

• 1. The IMG module generates implicit modality samples 𝑥𝑖𝑉 𝑖𝑠 and
𝑥𝑖𝐼𝑛 by Eq. (1);

• 2. The ConV-0 of the feature extractor extracts specific features
of the two modalities;

• 3. The remaining phase of the feature extractor extracts the
shared features;

• 4. The SKA module aligns the significant knowledge distribution
of generated implicit modality samples;

• 5. Classifier 𝐶(⋅) obtains classification evidence;
• 6. Uncertainty estimation is evaluated according to Eq. (9);
• 7. Update the parameters of the network with SGD according to

Eq. (13);

End For
Return: The trained feature extractor 𝐹 (⋅);

3.4. Overall training

The overall training loss 𝑎𝑙𝑙 is as follows:

𝑎𝑙𝑙 = 𝑏𝑎𝑠𝑒 + 𝜆1𝑑𝑐𝑜𝑛 + 𝜆2𝑒𝑣𝑖 (13)

where 𝜆1 is the weight of the loss function. 𝐿𝑏𝑎𝑠𝑒 is the baseline loss
function, which contains 𝐿𝑖𝑑 and 𝐿𝑇 𝑟𝑖. The algorithm of our method is
given in Algorithm 1.

4. Experiments

4.1. Datasets and settings

4.1.1. Datasets
We use two public Visible-Infrared datasets, SYSU-MM01 (Wu,

Zheng, Yu, Gong, & Lai, 2017) and RegDB (Dat, Hong, Ki, & Kang,
2017), to evaluate the proposed IMKA-UE. These datasets are widely
used for the VI-ReID task and present different characteristics and
challenges. We introduce them as follows:

• SYSU-MM01: This dataset was captured by six cameras in both
indoor and outdoor scenes, including two indoor visible cameras,
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Fig. 6. Performance impact of different penalty factors of Eq. (13).
Fig. 7. GPU occupancy changes as the epoch progresses. As the GPU occupancy changes periodically with epoch, we take epoch iteration 𝑡 to 𝑡+ 1 as an illustration to show the
change of GPU occupancy.
two outdoor visible cameras, and two infrared cameras. It is a
large-scale VI-ReID dataset containing a total of 491 pedestrian
identities. Each identity has an average of 49.6 visible images
and 24.3 infrared images. The dataset provides two test modes:
all search and indoor search. In the all search mode, all the
images from the six cameras are used as the gallery, while in
the indoor search mode, only the images from the four indoor
cameras are used as the gallery. The query set contains 2900
visible images and 2900 infrared images in both test modes. The
training set contains 395 identities with 22,258 visible images and
11,909 infrared images. The remaining 96 identities are used for
evaluation.

• RegDB: This dataset was acquired using a switchable mode cam-
era that can capture both visible and infrared images. Ten photos
were collected for each pedestrian in both modes under different
illumination conditions and backgrounds. It contains a total of
412 pedestrian identities with 2060 visible images and 2060
infrared images. We randomly selected 206 identities to form the
training set with 1030 visible images and 1030 infrared images.
The remaining 206 identities were used for testing with another
1030 visible images and 1030 infrared images. Two test modes
were adopted: Visible to Infrared and Infrared to Visible. In the
Visible to Infrared mode, the visible images were used as queries
and the infrared images were used as the gallery. In the Infrared
to Visible mode, the infrared images were used as queries and the
visible images were used as the gallery.
7 
4.1.2. Experiments setting
The proposed method is implemented using PyTorch. The initial

learning rate is set to 0.1, and the training epoch iteration 𝑡 is set
to 80. In the first ten epochs, the learning rate decreases gradually.
From 10 to 20 epochs, the learning rate remains constant. From 20
to 50 epochs, it decreases to one-tenth, and from 50 to 80 epochs, it
decreases to one percent. We use SGD for optimization, with 𝑝 from
Eq. (5) set to 0.3. The original samples and the corresponding implicit
samples were trained on NVIDIA 3090 GPU in a collaborative training
fashion. Training the SYSU-MM01 dataset took 35 h, while the RegDB
dataset took 20 h. We show the change in GPU occupancy as epochs
proceed in Fig. 7. We use the SGD optimizer with a weight decay of
5𝑒−4. The batch size is set to 8 for each modality, and the training epoch
is set to 80. During training, each image is resized to a length of 384
and a width of 192. For data augmentation, channel random erasing,
random horizontal flipping, and random cropping are implemented.
The 𝑟𝑎𝑛𝑘 − 𝑘 accuracy, mAP, and a new evaluation criterion mINP are
utilized to evaluate the performance of our IMKA-UE and the compared
methods. As depicted in Fig. 6, we demonstrate the difference in model
performance with different weights. We can see that when the weights
of the overall loss 𝑎𝑙𝑙 in Eq. (13) are set to 𝜆1 = 𝜆2 = 1, the
performance on both datasets is optimal.

4.1.3. Evaluation protocol
We follow the evaluation protocol described in Ye, Shen et al.

(2021), which adopts three metrics to evaluate the performance of
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Table 1
Comparison with the state-of-the-art methods on SYSU-MM01 dataset. The best results are highlighted in bold and sub-optimal results are underlined.

Method Reference All Search Indoor Search

Rank-1 Rank-10 Rank-20 mAP mINP Rank-1 Rank-10 Rank-20 mAP mINP

SSFT (Lu et al., 2020) CVPR20 47.7 – – 54.1 – – – – – –
Hi-CMD (Choi, Lee, Kim, Kim, & Kim, 2020) CVPR20 34.9 77.6 – 35.9 – – – – – –
X-Modal (Li et al., 2020) AAAI20 49.9 89.8 96.0 50.7 – – – – – –
DDAG (Ye, Shen, Crandall, Shao, & Luo, 2020) ECCV20 54.75 90.39 95.81 53.02 39.62 61.02 94.06 98.40 67.98 62.61
AGW (Ye, Shen et al., 2021) TAPMI21 47.50 84.39 62.14 47.65 35.30 54.17 91.14 95.98 62.97 59.23
CICL (Zhao et al., 2021) AAAI21 57.2 94.3 98.4 59.3 – 66.7 95.2 99.7 74.7 –
cmAlign (Park et al., 2021) ICCV21 55.41 – – 54.14 – 58.46 – – 66.33 –
NFS (Chen et al., 2021) CVPR21 56.90 91.30 96.50 55.50 – 62.80 96.50 99.10 69.80 –
KDEM (Shan, Xiong, Yuan, & Wu, 2022) ICANN22 58.09 91.19 96.63 55.52 40.69 62.18 94.38 98.64 68.30 64.11
MID (Huang et al., 2022) AAAI22 60.27 92.90 – 59.40 – 64.86 96.12 – 70.12 –
SPOT (Chen et al., 2022) TIP22 65.34 92.73 97.04 62.25 – 69.42 96.22 99.12 74.63 –
DART (Yang et al., 2022) CVPR22 68.72 96.39 98.96 66.29 53.26 72.52 97.84 99.46 78.17 74.94
FMCNet (Zhang et al., 2022) CVPR22 66.34 – – 62.51 – 68.15 – – 74.09 –
DCLNet (Sun et al., 2022) ACM MM22 70.79 – – 65.18 – 73.51 – – 76.80 –
DMiR (Hu, Liu, Zeng, Hou, & Hu, 2022) TCSVT22 48.63 87.34 94.47 47.79 – 53.56 91.87 96.94 62.10 –
DMiR∗ (Hu et al., 2022) TCSVT22 50.54 88.12 94.86 49.29 – 53.92 92.50 97.09 62.49 –
CmCen (Xu, Liu, Zhang, Xiao, & Wu, 2022) KBS22 50.09 86.94 93.29 49.76 – 56.84 93.04 97.69 63.55 –
TSME (Liu, Wang et al., 2022) TCSVT22 64.23 95.19 98.73 61.21 – 64.80 96.92 99.31 71.53 –
PMT (Lu, Zou, & Zhang, 2023) AAAI23 67.53 95.36 98.64 64.98 51.86 71.66 96.73 99.25 76.52 72.74

IMKA-UE ours 71.94 96.78 99.21 67.69 53.81 75.82 97.86 99.57 79.58 75.71
cross-modal person Re-ID methods: Cumulative Matching Characteris-
tic (CMC), mean Average Precision (mAP), and mean Inverse Negative
Penalty (mINP). The CMC curve measures the probability that a cor-
rect match appears in the top-k ranked list for a given query image,
reflecting the top retrieval accuracy of the cross-modal person Re-
ID method. The mAP score calculates the average precision for each
query image and then averages them over all queries, reflecting the
overall retrieval quality of the cross-modal person Re-ID method by
considering both precision and recall at different ranks. A higher CMC
or mAP value indicates better performance of the cross-modal person
Re-ID method. However, both CMC and mAP are biased towards easy
queries and ignore hard queries, which may not reflect the robustness
of the cross-modal person Re-ID method. Therefore, we also employ
the mINP metric, a new evaluation metric for visible-infrared person
re-identification (VI-ReID) that measures the cost of finding all the
correct matches for a given query image. The mINP metric (Ye, Shen
et al., 2021) considers both the rank and the number of true positives
and false positives at different ranks, penalizing more for missing hard
matches than easy matches. A higher mINP value indicates better
performance and robustness of the VI-ReID method.

4.2. Comparison with state-of-the-art methods

Mean average precision (mAP) (%), Rank-1, 10, 20 accuracy (%)
and mean Inverse Negative Penalty (mINP)(%) on RegDB and SYSU-
MM01 are reported in Tables 1 and 2. Comprehensive comparison
results with the state-of-the-art methods are shown in Tables 1 and 2,
which include AlignGAN (Wang et al., 2020), SSFT (Lu et al., 2020),
Hi-CMD (Choi et al., 2020), X-Modal (Li et al., 2020), DDAG (Ye
et al., 2020), AGW (Ye, Shen et al., 2021), CICL (Zhao et al., 2021),
cmAlign (Park et al., 2021), NFS (Chen et al., 2021), KDEM (Shan et al.,
2022), MID (Huang et al., 2022), SPOT (Chen et al., 2022), DART (Yang
et al., 2022),FMCNet (Zhang et al., 2022), DCLNet (Sun et al., 2022),
DMiR (Hu et al., 2022), DMiR∗ (Hu et al., 2022), CmCen (Xu et al.,
022), TSME (Liu, Wang et al., 2022) and PMT (Lu et al., 2023).
ere, DMiR uses an image size of (128, 256), and DMiR∗ uses an

image size of (144, 288). It is clear that our proposed framework of
IMKA-UE advances the performance of VI-ReID to a new benchmark.
The experimental comparison results with the state-of-the-art methods
illustrate that IMKA-UE has significant advantages in reducing the large
semantic domain gap between visible and infrared modality data in the
task of VI-ReID.
8 
4.2.1. Results of SYSU-MM01 analysis
SYSU-MM01 is the first standard dataset for cross-modality person

re-identification and is considered the authoritative dataset for VI-
ReID. The results of IMKA-UE on the SYSU-MM01 dataset are shown
in Table 1, where it achieves a new state-of-the-art performance in
both all search and indoor search modes. In both test modes, IMKA-
UE outperforms the previous best method, DCLNet (Sun et al., 2022),
by 1.15% and 2.31% in terms of Rank-1 accuracy, respectively. For
the mAP metric, which measures overall retrieval quality, IMKA-UE
also surpasses the best-performing DART (Yang et al., 2022) by 1.40%
and 1.41% in both test modes, respectively. Additionally, our IMKA-
UE demonstrates state-of-the-art performance in both test modes for
the mINP metric, reflecting the robustness of the retrieval system.
Compared to the current state-of-the-art DART (Yang et al., 2022),
the improvement is 0.55% and 0.77%, respectively. It is clear that
IMKA-UE achieved a new state-of-the-art performance in both all search
and indoor search modes on the SYSU-MM01 dataset, surpassing the
previous best methods, DCLNet and DART.

4.2.2. Results of RegDB analysis
The performance of IMKA-UE on the RegDB dataset is presented in

Table 2, where it achieves the best performance compared to state-of-
the-art methods in any test mode with significant improvement. In the
Visible to Infrared test mode, which uses visible images as queries and
infrared images as the gallery, the performance of our IMKA-UE sur-
passes the previous best method, FMCNet, by 3.47% in terms of Rank-1
accuracy, indicating the top retrieval accuracy. Moreover, for the mAP
metric, which evaluates overall retrieval quality, IMKA-UE improves by
4.22% over the second-best MID. Additionally, IMKA-UE outperformed
DART (Yang et al., 2022) by 5.19% under the mINP metric, reflecting
the robustness of the IMKA-UE-based retrieval system. In the Infrared
to Visible test mode, which uses infrared images as queries and visible
images as the gallery, IMKA-UE also shows superior performance over
other methods. Compared to the second-best FMCNet in this test mode,
IMKA-UE achieves performance improvements of 3.00% and 2.43% in
Rank-1 and mAP metrics, respectively. For the mINP metric, compared
to the current state-of-the-art DART, the improvement of IMKA-UE is
7.85%. These results demonstrate the effectiveness and superiority of
our proposed IMKA-UE for cross-modal person re-identification.

4.2.3. Rank list of IMKA-UE
The VI-ReID task is a cross-modal retrieval task that uses pedestrian
images in one modality as a query to retrieve pedestrian sequences
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Table 2
Comparison with the state-of-the-art methods on RegDB dataset. The best results are highlighted in bold and sub-optimal results are underlined.

Method Reference Visible to Infrared Infrared to Visible

Rank-1 mAP mINP Rank-1 mAP mINP

SSFT (Lu et al., 2020) CVPR20 65.4 65.6 – 63.8 64.2 –
Hi-CMD (Choi et al., 2020) CVPR20 70.9 66.0 – – – –
X-Modal (Li et al., 2020) AAAI20 62.2 60.2 – – – –
DDAG (Ye et al., 2020) ECCV20 69.34 63.46 49.24 68.06 61.80 49.24
AGW (Ye, Shen et al., 2021) TAPMI21 70.05 66.37 50.19 70.04 65.90 50.19
cmAlign (Park et al., 2021) ICCV21 74.17 67.64 – 72.43 65.40 –
NFS (Chen et al., 2021) CVPR21 80.50 72.10 – 78.00 69.80 –
CICL (Zhao et al., 2021) AAAI21 78.8 69.4 – 77.9 69.4 –
CAJ (Ye, Ruan et al., 2021) AAAI21 78.8 69.4 – 77.9 69.4 –
KDEM (Shan et al., 2022) ICANN22 77.33 70.32 56.08 76.26 67.77 52.38
MID (Huang et al., 2022) AAAI21 87.45 84.85 – 84.29 81.41 –
SPOT (Chen et al., 2022) TIP22 80.35 72.46 – 79.37 72.26 –
DART (Yang et al., 2022) CVPR22 83.6 75.67 60.6 81.97 73.78 56.7
FMCNet (Zhang et al., 2022) CVPR22 89.12 84.43 – 88.38 83.86 –
DCLNet (Sun et al., 2022) ACM MM22 81.2 74.3 – 78.0 70.6 –
DMiR (Hu et al., 2022) TCSVT22 74.50 69.18 – 73.17 67.50 –
DMiR∗ (Hu et al., 2022) TCSVT22 75.79 69.97 – 73.93 68.22 –
CmCen (Xu et al., 2022) KBS22 74.03 67.52 – 74.22 67.36 –
TSME (Liu, Wang et al., 2022) TCSVT22 87.35 76.94 – 86.41 75.70 –
PMT (Lu et al., 2023) AAAI23 84.83 76.55 – 84.16 75.13 –

IMKA-UE ours 92.59 88.67 65.79 91.38 86.29 64.55
Fig. 8. Rank list visualization of IMKA-UE. Including yellow boxes that indicate the queries, green boxes that represent correctly retrieved images, and red boxes that refer to
misclassified images.
in another modality. The IMKA-UE visual search sequence is shown
in Fig. 8, arranged from top to bottom. The sequence corresponds to
visible-to-infrared and infrared-to-visible test modes on RegDB, as well
as All Search and Indoor Search on SYSU-MM01. This figure demon-
strates that IMKA-UE achieves a high level of correctness, indicating its
excellent retrieval capabilities in cross-modal person re-identification.
Specifically, we achieved a perfect retrieval sequence for the small-scale
RegDB dataset, with no retrieval errors in either query mode. However,
for the SYSU-MM01 dataset, some retrieval errors still occurred. For
example, in the third type, we retrieved two pictures of the same person
9 
wearing blue jeans with similar postures. These two pictures are similar
in posture and clothing, leading to mismatches. In the fourth indoor
search mode, the system mistakenly matched two pictures of women
with similar clothing styles and body shapes, causing misjudgments.

4.3. Ablation study

4.3.1. Ablation study of IMKA-UE
The ablation experiments were evaluated on the SYSU-MM01 and

RegDB datasets. Rank-K accuracy (%) and mAP (%) are reported in
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Fig. 9. The distribution of feature embeddings in 2D feature space, where circles and triangles denote visible and infrared modalities. Different colors represent different categories.
Table 3
Ablation experiments on the SYSU-MM01(All Search).

Setting Rank-1 mAP mINP

Baseline 63.41 59.54 41.34
Baseline + 𝑥𝑖𝑉 𝑖𝑠 67.55 62.25 46.54
Baseline + 𝑥𝑖𝐼𝑛 66.16 62.18 46.42
Baseline + 𝑥𝑖𝑉 𝑖𝑠 + 𝑥𝑖𝐼𝑛 68.36 64.58 49.87
Baseline + 𝑥𝑖𝑉 𝑖𝑠 + 𝑥𝑖𝐼𝑛 + 𝑑𝑐𝑜𝑛 69.84 66.11 51.58
Baseline + 𝑥𝑖𝑉 𝑖𝑠 + 𝑥𝑖𝐼𝑛 + 𝑑𝑐𝑜𝑛 + 𝑒𝑣𝑖 71.94 67.69 53.81

Tables 3 and 4. Experimental results demonstrate the effectiveness of
the IMG module, the SKA module based on the distribution consis-
tency loss, and the UE strategy based on the evidence loss. Firstly,
the performance of VI-ReID is significantly improved based on the
supervision from the generated implicit samples by the IMG module. It
can be inferred that through the learning of implicit samples, the model
accumulates valuable supplementary knowledge of the unseen domain
to compensate for the loss of basic information in the embedding
space caused by the natural differences between visible and infrared
modalities, thus narrowing the semantic gap between modalities.

The SKA module, based on the distribution consistency loss 𝑑𝑐𝑙,
effectively constrains the distribution of learned significant knowledge
in the generated implicit samples to align in the learned latent common
embedding space. Promising experimental results illustrate that the
implicit samples are concentrated as much as possible in the embedding
space, improving the quality of visible and infrared modality clustering.
Moreover, the UE strategy based on the evidence loss provides more
evidence to support classification. With the evidence loss 𝑒𝑣𝑖, it can
be effectively ensured that the model is more confident about each
classification result. This eliminates situations where the model makes
a high-confidence error due to missing classification evidence.
10 
Fig. 10. This is the visualization of generated implicit modality samples. Images of
each row are from the same identity. The left image in the box is the original modality
sample, and the right one is generated implicit modality sample by IMG.

To further validate the effectiveness of our method, we implemented
our algorithm on the VI-ReID method AGW using global features (Ye,
Shen et al., 2021). The results on RegDB (Dat et al., 2017) are shown
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Fig. 11. This is the visualization of class activation mapping of our trained IMAK-UE-based model, and images of each row are from the same identity.
Table 4
Ablation experiments on the RegDB(Visible to Infrared).

Setting Rank-1 mAP mINP

Baseline 76.99 69.98 53.22
Baseline + 𝑥𝑖𝑉 𝑖𝑠 84.47 80.56 58.40
Baseline + 𝑥𝑖𝐼𝑛 82.18 79.12 58.21
Baseline + 𝑥𝑖𝑉 𝑖𝑠 + 𝑥𝑖𝐼𝑛 87.52 82.22 63.44
Baseline + 𝑥𝑖𝑉 𝑖𝑠 + 𝑥𝑖𝐼𝑛 + 𝑑𝑐𝑜𝑛 91.70 86.15 64.56
Baseline + 𝑥𝑖𝑉 𝑖𝑠 + 𝑥𝑖𝐼𝑛 + 𝑑𝑐𝑜𝑛 + 𝑒𝑣𝑖 92.59 88.67 65.79

Table 5
IMKA-UE performance on the AGW.

Setting Rank-1 mAP mINP

AGW 70.05 66.37 50.19
AGW + 𝑥𝑖𝑉 𝑖𝑠 76.94 67.25 51.64
AGW + 𝑥𝑖𝐼𝑛 74.81 67.50 53.00
AGW + 𝑥𝑖𝑉 𝑖𝑠 + 𝑥𝑖𝐼𝑛 78.98 71.19 56.68
AGW + 𝑥𝑖𝑉 𝑖𝑠 + 𝑥𝑖𝐼𝑛 + 𝑑𝑐𝑜𝑛 82.18 73.12 57.08
AGW + 𝑥𝑖𝑉 𝑖𝑠 + 𝑥𝑖𝐼𝑛 + 𝑑𝑐𝑜𝑛 + 𝑒𝑣𝑖 84.09 77.35 59.45

in Table 5. Both IMKA and UE work well and demonstrate their
effectiveness. Experimental results show that our method has good
generalizability. In Fig. 9, we use the T-SNE (Laurens & Hinton, 2008)
technique to show the feature distribution in 2D space. T-SNE (Laurens
11 
& Hinton, 2008) is a non-linear dimensionality reduction technique
that maps high-dimensional data to a low-dimensional space while
preserving the similarity between data points. The left side of the figure
shows the baseline network, and the right side shows the proposed
IMKA-UE. We mark significant improvements over the baseline with
dashed black lines. It can be seen that the samples of the two modalities
that were originally clustered far apart are clustered together based on
IMKA-UE (see Fig. 9).

5. Discussion

5.1. Implicit modality learning analysis

The IMG module is a lightweight generator whose encoder–decoder
is performed by a 1 × 1 convolution. The encoder convolves the three-
channel image into a single channel, and the decoder reconstructs it
into a three-channel image. The quality of the images generated by IMG
is shown in Fig. 10. It can be seen that the implicit sample is consistent
with the original sample in terms of identity. The crux of VI-ReID lies
in extracting the common semantic information of two modalities. The
difference in the inherent physical information of the two modalities
makes it difficult to extract this common semantic information. Visible
modality data has rich color information, while infrared modality data
only has pedestrian texture information. The starting point of our paper
is to bridge the inherent gap between the two modalities by learning
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Table 6
Impact of metric methods.

Setting Rank-1 Rank-10 Rank-20 mAP mINP

L1-Norm 91.76 97.89 98.86 86.71 61.87
L2-Norm 92.59 98.29 99.24 88.67 65.79
cos-similarly 92.13 98.00 99.13 87.96 62.25

the implicit modalities generated by IMG. The model learns significant
knowledge from both visible and infrared modalities, supplemented by
knowledge from implicit modalities. Implicit modalities can be inserted
between the cross-modal data as supplementary information, bridging
the semantic gap between visible and infrared modalities to enhance
the learned common embedding space.

5.2. Impact of metric methods

The distribution consistency loss 𝑑𝑐𝑜𝑛 ensures the significant
nowledge in the implicit modality distribution. Concentrated distri-
utions of implicit modalities can better bridge visible and infrared
odalities. Its role is to prevent the generated implicit modalities from

eing redundant, which is conducive to the process of model knowledge
ccumulation during training. This subsection evaluates the impact of
sing different metrics in the consistency loss 𝑑𝑐𝑜𝑛 on performance.
s shown in Table 6, the impact of L1-Norm, L2-Norm, and Cosine
imilarity is presented. According to the experimental results, L2-Norm
xhibits better results.

.3. Class activation mapping analysis

Extracting robust pedestrian features that are invariant across
odalities is the top priority of VI-ReID. We further demonstrate

hat IMKA-UE focuses on the discriminative and significant areas in
ifferent pedestrian modality data using the Grad-CAM technique.
rad-CAM (Selvaraju, Cogswell, Das, Vedantam, Parikh et al., 2017)

s a technique for generating visual interpretations of deep neural
etworks that can highlight regions in an image that are important
or predicting object classes. It uses the gradient information of the
orrect target category to assign weights to each neuron in the last
onvolutional layer, then multiplies these weights with the feature map
o obtain a heat map.

The class activation mapping of the learned model is shown in
ig. 11. The discriminative and significant areas in different pedestrian
odality data focused on by IMKA-UE are shown for various acquisition
odes on two datasets. It is clear that the attention regions of the two
atasets are significantly different. For the RegDB dataset, the facial
nformation of the image is missing. In this case, IMKA-UE mainly fo-
uses on pedestrians’ gait and silhouette information. These are used as
emantic information for identifying pedestrian identities during cross-
odal retrieval, which will not change under cross-modal settings. For

he SYSU-MM01 dataset, we show the heatmap regions of images in
hree acquisition modes: visible light, infrared, and outdoor acquisition
odes. We can see that for the SYSU-MM01 dataset, IMKA-UE uses

acial information as an important area for identifying pedestrians
hile also paying attention to gait information. Additionally, we can
bserve that IMKA-UE uses the logo information on shoe styles and
lothing logos as discrimination areas. This information can determine
he identity of a pedestrian in both modes.

.4. Methodological limitations and future prospects

Our starting point is to design a lightweight generator to replace the
omplex GAN generation network. It generates suitable latent samples
o fill in the missing parts between cross-modal data. Through experi-
ents, we can see that using two convolutional layers instead of GAN to

enerate samples improves performance. Like all generation methods,
12 
e generate additional samples, which undoubtedly increases training
ime. This is a common problem for all generation methods, but our
ethod uses two convolutional layers to complete the generation pro-

ess, greatly simplifying the generation complexity. Furthermore, while
nsuring that the generated samples are conducive to solving the cross-
odal semantics of VI-ReID, the lightweight IMG generation method

educes generation complexity, which is beneficial for the development
nd practical application of VI-ReID.

. Conclusion

In this paper, we proposed a novel framework called IMKA-UE
or high-performance VI-ReID. The experimental results demonstrated
hat our IMKA-UE achieves a new state-of-the-art performance on two
enchmark datasets, surpassing existing methods by a large margin.
he IMKA mechanism effectively bridges the semantic domain gap
etween visible and infrared modality data. Specifically, the IMG mod-
le excels at extracting valuable supplementary information from the
riginal modality data to generate implicit modality data. The distri-
ution of significant knowledge learned from the generated implicit
odality data is effectively aligned by the SKA module, which is based

n distribution consistency loss. Moreover, the UE strategy is powerful
n evaluating the confidence level of the predicted probability in the
irichlet space. Using the designed evidence loss, the UE strategy can

earn valuable evidence to correct incorrect classifications, resulting in
ore accurate and credible predictions. Our extensive experiments and

isualization analyses demonstrate the effectiveness and superiority of
ur proposed IMKA-UE for VI-ReID.
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