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Abstract

Visible-Infrared Person Re-identification (VI-ReID) is a
challenging cross-modal pedestrian retrieval task, due to
significant intra-class variations and cross-modal discrep-
ancies among different cameras. Existing works mainly
focus on embedding images of different modalities into a
unified space to mine modality-shared features. They only
seek distinctive information within these shared features,
while ignoring the identity-aware useful information that is
implicit in the modality-specific features. To address this
issue, we propose a novel Implicit Discriminative Knowl-
edge Learning (IDKL) network to uncover and leverage
the implicit discriminative information contained within the
modality-specific. First, we extract modality-specific and
modality-shared features using a novel dual-stream net-
work. Then, the modality-specific features undergo purifi-
cation to reduce their modality style discrepancies while
preserving identity-aware discriminative knowledge. Sub-
sequently, this kind of implicit knowledge is distilled into
the modality-shared feature to enhance its distinctiveness.
Finally, an alignment loss is proposed to minimize modality
discrepancy on enhanced modality-shared features. Exten-
sive experiments on multiple public datasets demonstrate
the superiority of IDKL network over the state-of-the-art
methods. Code is available at https://github.com/
1KK077/IDKL.

1. Introduction

Visible-Infrared Person Re-Identification (VI-ReID)
aims to match pedestrian images across multiple non-
overlapping camera views and different modalities. Ad-
vanced surveillance systems today are capable of automat-
ically switching from visible to infrared mode at nightfall,
ensuring an ample supply of trainable data. However, the
unique modality of infrared images create significant do-
main discrepancies and a more complex environment. This
makes previous single-modality methods, which are based
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Figure 1. Previous methods focused on seeking discriminative in-
formation within modality-shared features, overlooking the fact
that there are discriminative clues implicit in modality-specific
features. It is worth considering utilization of the implicit discrim-
inative information to enhance shared invariant feature.

solely on visible images, less efficient for VI-ReID tasks.
Recently, numerous advanced methods have emerged

in the field of VI-ReID. In conclusion, these approaches
can generally be categorized into two types: the first aims
to learn modality-shared features directly from raw modal
data, and the second seeks to incorporate additional modal
information to refine the feature space or bridge the modal
gap, thereby facilitating the search for modality-shared fea-
tures. Raw modal data based method [2, 4, 7, 8, 17, 19,
33, 49] is to embed different modality images into the same
space and align them on feature-level so that model learn
modality invariant feature directly. Despite original images
based methods has achieved desirable results, they still re-
main a huge gap between different modalities in feature
space. In order to bridge the gap between visible and in-
frared modalities and construct a continuous space for better
learning modality-shared features, various methods based
on introducing extra information [14, 29, 30, 34, 38, 42, 45]
have emerged constantly.

Although significant improvements have been made in
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current VI-ReID methods, these models inevitably discard
some discriminative information that relies on modality-
specific features, which is not fully exploited and utilized
previously. These discriminative cues that exist in modality-
specific features can be referred to as implicit discrimi-
native information, as shown by the green area in Fig. 1,
such as color, grayscale spectrum, contrast, saturation, and
so on. Therefore, relying solely on modality-shared cues
can limit the upper boundary of the discrimination ability
of the feature representation. Utilizing implicit modality-
specific characteristics effectively is essential to enhance
the distinctiveness of modality-invariant features. How-
ever, we cannot directly use the modality-specific knowl-
edge due to the modality discrepancies it contains. In-
stead, we need to reduce these discrepancies while preserv-
ing the identity-aware discriminative information inherent
in the implicit knowledge. Meanwhile, traditional VI-ReID
methods involving distillation, alignment, and mutual learn-
ing typically rely on logits [35, 44, 47]. However, there is
no involvement of the classifier during the testing phase,
with matching performed only at the feature level. There-
fore, conducting discriminative information distillation at
the feature level is also essential.

To address the above limitations, in this paper, we
propose an Implicit Discriminative Knowledge Learning
(IDKL) framework that captures implicit invariant infor-
mation from modality-specific features and distills it into
modality-shared features to enhance their discriminative ca-
pability. We first extract modality-specific and modality-
shared features using the modality discriminator and modal-
ity confuser, respectively. The modality discriminator ef-
fectively distinguishes between different modal features,
endowing them with specific characteristics; whereas the
modality confuser is unable to differentiate between modal
features, thereby imparting shared characteristics to them.
Since the modality-specific feature after previous stage con-
tains substantial modality discrepancies, it is not suitable
for direct distillation into the shared feature. We initially
employ Instance Normalization to reduce domain discrep-
ancies. However, it is crucial to acknowledge that IN in-
evitably results in the loss of some discriminative features.
Therefore, we aim to reduce its modality style discrepancy
while preserving identity-aware discriminative knowledge.
Subsequently, we distill this implicit knowledge into the
modality-shared feature at both the feature-level through
feature graph structure, and the semantic-level through the
logit vector to enhance its distinctiveness. Finally, an align-
ment loss is proposed to minimize modality discrepancy on
enhanced modality-shared features.

The main contributions of this paper can be summarized
as follows:
• We propose the Implicit Discriminative Knowledge

Learning (IDKL) network to utilize the discriminative

knowledge implicit in the modality-specific features to
enhance the upper bound of discriminative power for the
modality-shared feature.

• To reduce the modality style discrepancy without losing
discriminative information of modality-specific informa-
tion, we propose an IN-guided Information Purifier (IP),
which is supervised by the discrimination enhancing loss
and discrepancy reducing loss.

• The novel TGSA loss is developed to distill the dis-
criminative modality-specific information into modality-
shared feature and mitigate inter-modality discrepancy
of modality-shared feature sufficiently. The substantial
experimental results demonstrate the superiority of our
method.

2. Related Work
Visible Modality Person ReID. Person ReID has re-

ceived increasing success in recent years, which aims to
implement pedestrian retrieval between visible images. It
has suffered huge challenges including various viewpoints,
illuminations, postures and so on. To solve these prob-
lems, most methodologies [24, 25, 39, 48] are designed
to obtain unified intra-class and discriminative inter-class
representation by training CNN network. To further en-
hance the distinguishability of features, Sun et al. [27] pro-
posed aligning part feature directly instead of using external
cues. He et al. [9] caught the hot spot of transformer and
first proposed the transformer variant applying on single-
modality person ReID. Simultaneously, person ReID has
developed some significant branches yet, such as Unsu-
pervised Domain Adaptive Person ReID (UDA-ReID) and
Domain Generalization Person ReID (DG-ReID) [41]. Al-
though existing methods have made wide progress in visible
modality person ReID, they suffer performance degradation
when applied to visible-infrared person ReID due to the se-
vere cross-modality discrepancy.

Visible-Infrared Person ReID (VI-ReID). VI-ReID is
a cross-modality person retrieval problem, which aims at
matching daytime visible and nighttime infrared images. It
not only faces difficulties encountered in traditional single-
motality person ReID task, but also the main challenge of
huge modality discrepancy which caused by different cam-
era spectra. To solve the these issues, numerous approaches
are proposed to search shared feature[1, 5, 18, 20, 32, 36,
39, 46]. Wu et al. [32] first formulated the VI-REID is-
sue and contributed a new cross-modality dataset SYSU-
MM01, which is of great significance to the following re-
search. Ye et al. [36] proposed a part-level feature in-
teraction and graph structure attention to enhance the dis-
crimination of invariant feature. Meanwhile, some work
begin to introduce additional modal information to jointly
search for invariant features [14, 21, 28, 30, 45]. Wang et
al. [30] combined RGB three channels feature and IR single
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Figure 2. Framework of the proposed Implicit Discriminative Knowledge Learning (IDKL) model. The dual one-stream network built by
resnet blocks first extracts the modality-specific F sp and modality shared feature F sh under the constraint of modality discriminator and
modality confuser accordingly, while the common ReID loss is used to optimize network basely. Then, the modality-specific feature is fed
into the information purifier to regulate the modality style discrepancy while preserving the implicit discriminative information and obtain
the purified modality-specific feature F̃ sp. Subsequently, this implicit knowledge is distilled into the modality-shared feature through
TGSA and CSA. Finally, the Lmdr is further proposed to minimize modality discrepancy within the enhanced modality-shared feature.

channel feature into united four channels feature to reduce
modal differences. Jiang et al. [14] employed a global pro-
totype to generate the missing modality counterpart through
transformer. However, these generation based compensa-
tion methods inevitably introduce much noise and most of
present methods aim to align modal discrepancy and extract
modality invariant feature. They ignored use of beneficial
style information contained in specific features to increase
distinctiveness.

Interactive Learning. In knowledge distillation, a
teacher-student model is used to transfer the knowledge
learned by a larger complex teacher model to a smaller sim-
ple student model. Different from the one-way transfer be-
tween a teacher and a student, deep mutual learning [44]
is an ensemble of students which learns collaboratively and
teaches each other throughout the training process. Some
work applied this idea into VI-ReID for interactive learning
in different modalities. Zheng et al. [47] enhanced invari-
ant features learning by using interactive learning between
two modality. Ye et al. [35] employed multi-classifier to re-
duce modality discrepancy on logits-level. Wu et al. [33]
distilled RGB and IR knowledge mutually by four classifier
to achieve inter shared representation. However, they only
learn the knowledge within the semantic-level.

3. Methodology
In this section, we detail the proposed Implicit Discrim-

inative Knowledge Learning (IDKL) framework as shown
in Fig. 2. IDKL first distinguishes modality-specific fea-
tures from modality-shared features through two network
branches, which are constrained by modality discriminator

and modality confuser, respectively. Simultaneously, com-
mon ReID loss is used to endow feature with representa-
tion. Then, an Information Purifier (IP) is developed to re-
duce the impact of style variances while retaining identity-
aware and discriminative knowledge in modality-specific
features. Finally, we distill the implicit discriminative
knowledge across two branches into the modality-shared
feature through Triplet Graph Structure Alignment (TGSA)
at the feature-level and Class Semantic Alignment (CSA)
at the logit-level. Additionally, to reduce modality dis-
crepancy of shared feature, we proposed the Modality Dis-
crepancy Reduction (MDR) loss within the modality-shared
branch. As the discrminative information increases and
modality discrepancy decreases constantly, the enhanced
modality-shared feature can be obtained.

Formally, we represent visible and infrared images in a
dataset as V = {xV

i }
NV
i=1 and I = {xI

i }
NI
i=1, respectively.

Typically, the number of images sampled in a mini-batch is
equal across both modalities, i.e., NV = NI = N = P×K,
where NV and NI denote the number of images sampled
from the visible and infrared modalities, respectively. Here,
N represents the number of images from a single modal-
ity, 2N is the total number of images in a mini-batch, P is
the number of distinct person classes, and K is the num-
ber of images from each class within a single modality. We
can therefore represent the images and their corresponding
labels in a mini-batch as X = {xi|xi ∈ V ∪ I}2Ni=1 and
Y = {yi}

Np=P
i=1 , respectively. These images X are fed

into two separate network branches to extract the modality-
specific features F sp which contains F sp,V ,F sp,I and the
shared features F sh which contains F sh,V ,F sh,I as fol-
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lows:

F sp = Esp (x | Θ,Ψ) ,F sh = Esh (x | Θ,Φ) , (1)

where Esp and Esh denote the specific and the shared
feature extractor by employing ResNet-50, respectively.
Among the sturctures of ResNet-50, the global average
pooling replaced by Gem pooling[24, 39] which is a pooling
operation between maximum pooling and average pooling.
And Θ is the shallow layer parameters with the first three
blocks of ResNet-50, Ψ and Φ is the deep layer parameters
of different branches with the last two blocks of ResNet-50.

3.1. Modality Confuser and Discriminator

Modality Confuser. For each sample image xi, there
is a modality label ti ∈ {0, 1}. To learn modality-irrelated
shared information, similar to [6], our goal is to confuse dif-
ferent domains such that a domain classifier cannot distin-
guish the domain of origin for a sample. We employ an ad-
versarial modality classifier based on the Gradient Reversed
Layer (GRL) as the modality confuser. The constraint loss
for the modality confuser is given by:

LCj = − 1

2N

2N∑
i=1

ti · log p
(
Cj

(
GRL

(
F i

sh

)))
, (2)

where Cj represents the j-th modality confuser in the
modality-shared branch, p (·) is the prediction probability
obtained via the softmax function, and ti is the modality
label.

Modality Discriminator. To adequately learn modality-
related specific information, we employ a modality classi-
fier as the Modality Discriminator. This classifier, which
does not use GRL, is applied on the specific branch to ex-
tract modality-specific features. The classification loss is
formulated as follows:

LDj = − 1

2N

2N∑
i=1

ti · log p
(
Dj

(
F i

sp

))
, (3)

where Dj denotes the j-th modality discriminator in the
modality-specific branch.

The combined loss from the modality confuser and dis-
criminator is given by:

LC =

K∑
j=1

LCj , LD =

K∑
j=1

LDj . (4)

To efficiently extract both modality-specific and
modality-shared features, we combine these modality
classifier losses with the standard ReID loss Lreid, which
includes cross-entropy and hard triplet loss. These are
applied to both the modality-specific and modality-shared
branches as follows:

Lsp = Lreid

(
fsp

)
+ LD,Lsh = Lreid (fsh) + LC , (5)

where f ∈ RB×C is the pooling feature corresponding to
F ∈ RB×C×H×W .

Thus, the base loss for our model is formulated as:

Lb = Lsh + Lsp. (6)

3.2. Information Purifier

The Information Purifier (IP) is designed to minimize
the impact of style variances while retaining identity-aware
and discriminative knowledge in modality-specific features.
The IP integrates Instance Normalization (IN), which is
known to reduce domain discrepancies [13, 23, 48]. How-
ever, it is important to recognize that IN inevitably leads to
the loss of some discriminative features [11, 15], potentially
hindering the high performance of ReID.

To overcome the aforementioned issues, we have de-
signed a dual-mask network guided by Instance Normal-
ization (IN) to alleviate modality style discrepancies while
preserving implicit discriminative knowledge. Firstly, we
apply IN on the modality-specific feature to obtain the nor-
malized feature F̂ sp by:

F̂ sp = IN (F sp) =
F sp − E [F sp]√
Var [F sp] + ϵ

, (7)

where the ϵ represents a safety factor to ensure the denom-
inator is not zero. The mean E[·] and variance Var[·] are
calculated along each channel.

Following the approach of SE-Net [10], we generate two
channel-wise masks me and mr by:

me = σ (W2δ (W1g(F sp))) ,mr = σ(W4δ(W3g(F̂ sp))),
(8)

where g(·) denotes the pooling operation, W1,W3 ∈ R c
r×c

and W2,W4 ∈ Rc× c
r are learnable parameters in the

four fully-connected (FC) layers which are followed by the
ReLU activation function δ(·) and the sigmoid activation
function σ(·). To balance the calculate consumption, the
dimension reduction ratio r is set to 16.

The channel-wise masks me and mr indicate enhance-
ment of discriminative characteristics and reduction of dis-
crepancies attention mask, respectively. So we can obtain
the stronger distinctiveness F d+

sp and the smaller modality

differences F̂
m−
sp by:

F d+
sp = me ⊙ F sp, F̂

m−
sp = mr ⊙ F̂ sp. (9)

Subsequently, the discrimination enhancing loss Le and
the discrepancy reducing loss Lr are calculated to supervise
me and mr respectively as:

Le = Softplus
(
h
(
Csp

(
fd+
sp

))
− h(Csp(fsp))

)
, (10)

Lr = Softplus
(
d
(
f̂
m−
sp,V , f̂

m−
sp,I

)
− d

(
f̂sp,V , f̂sp,I

))
.

(11)
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Here, Le aims to imbue the generated Fd+
sp with greater

semantic distinctiveness compared to Fsp, while Lr seeks
to ensure that F̂m−

sp exhibit smaller modality differences
than F̂sp. And Softplus(·) = ln(1 + exp(·)) is a function
with monotonic increase, designed to alleviate optimization
challenges by circumventing negative values in loss.

Finally, an alternating integration strategy is employed to
extract the distinctive information from F̂m−

sp by applying
me and the invariant information from Fd+

sp by applying
mr. Thus, The two sets of features extracted in this way
both demonstrate smaller modality differences and stronger
implicit discriminative information. By integrating them,
we derive the purified modality-specific feature F̃ sp as:

F̃ sp = me ⊙ F̂
m−
sp +mr ⊙ F d+

sp . (12)

Intuitively, the pooling feature f̃sp of implicit feature
F̃ sp is also constraint with ReID loss. So the information
purify loss Lip of this section is summerized as:

Lip = Le + Lr + Lreid

(
f̃sp

)
. (13)

3.3. Implicit Knowledge Distillation

To ensure that the modality-shared feature comprehen-
sively learns and integrates implicit information, we per-
form distillation from both the feature-level through TGSA
and logit-level through CSA.

3.3.1 Triplet Graph Structure Alignment (TGSA)

To endow the shared feature with discriminative infor-
mation and reduce modality discrepancy at the feature level,
we develop a triplet feature graph structure alignment loss.
This approach is motivated by the fact that the feature graph
structure contains abundant information about the relation-
ships and distribution between features, such as inter-class
distinctiveness and intra-class diversity. These character-
istics are utilized to unearth potential feature relationships
and enhance the feature representation in [17, 36]. The
graph structure affinity matrix which indicates the relation-
ships between features is calculated by:

αij =
exp

(
L
([
l (f i) ∥l

(
f j

)]
·w

))∑
k∈Ni

exp (L ([l (f i) ∥l (fk)] ·w))
, (14)

where the L denote LeakyReLU activation function, [·∥·]
denote concatenate operation and Ni denotes the neighbor
samples which are used to normalize for the ith sample. l (·)
is feature dimension transformation layer and w is the full
connection layer to calculate scores in a pair features. The
affinity matrix is acquired making these scores through soft-
max function normalization.

KL

align

( ; )a a
A ( ; )b b

A

( ; )a b
A

a b

Figure 3. Illustration of the proposed TGSA loss: ’a’ and ’b’
denote two different types of features. ’A’ represents the graph
structure affinity matrix. After aligning the three affinity matri-
ces, the discrepancy in the graph structure distribution between
features ’a’ and features ’b’ will be eliminated.

Due to we utilize graph structure to align and distill
knowledge, instead of augmenting the feature, and the Eu-
clidean space distribution is more interesting for features,
thus we replace the linear transformation with Euclidean
distance to compute attention scores and redefine the graph
structure expression for two groups of features as follows:

A(a;b) = {αij}i,j∈N =
exp

(
D

(
f i
a,f

j
b

))
∑

k∈N exp
(
D

(
f i
a,f

k
b

)) ,
(15)

where αij denotes the element of the affinity matrix, N cor-
responds to the entirety of samples within one modality, a
and b represent two modalities, D (·) means Euclidean dis-
tance.

Specifically, the triplet graph structure alignment loss
Ltgsa is developed for cross modality ReID to align two
different modality types, enabling them to conform to the
same graph structure distribution and reduce modality dis-
crepancy. This loss encompasses two self-modal affinity
matrices and one cross-modal affinity matrix, with the lat-
ter ensuring the overall consistency of the graph structure’s
distribution as shown in Fig. 3. These three matrices are
aligned pairwise through the utilization of the Kullback-
Leibler (KL) divergence. Therefore, the alignment loss
Ltgsa of two distinct modality types is defined as:

L(a;b)
tgsa =

P∑
p=1

K∑
k=1

(
KL

(
Apk

(a;a),A
pk

(b;b)

)
+ KL

(
Apk

(a;a),A
pk

(a;b)

)
+ KL

(
Apk

(a;b),A
pk

(b;b)

))
.

(16)
Here, Apk represents the graph structure distribution of

the k-th sample in the p-th class, where P is the number
of person classes, and K denotes the number of images for
each class within a single modality.

In order to convey the discriminative implicit modality-
specific knowledge to shared feature on feature-level, the
distillation loss across two branches on homogeneous fea-
tures through TGSA can be formulated as:

Ltgsa = L(sp,V ;sh,V )
tgsa + L(sp,I;sh,I)

tgsa . (17)
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3.3.2 Class Sementic Alignment (CSA)

CSA is used to distill the semantic information of im-
plicit modality-specific knowledge into the modality-shared
branch for enhancing the feature representation of shared
features. CSA operates on homogeneous features between
two branches at logit-level. The logit matrix behind the
classifier can be formulated as:

Zsp = Csp

(
fsp

)
,Zsh = Csh (fsh) , (18)

where Csp and Csh is the modality-specific and modality-
shared classifier separately. And the logit Zsp and Zsh ∈
R2N×C of specific and shared branch both contain visible
modality and infrared modality, C is the total number of
train dataset identities.

For learning the implicit discriminative modality-
specific knowledge on semantic-level, the CSA loss is im-
plemented on the same modality logit between the two
branches, which is formulated as:

Lcsa =

N∑
i=1

(
KL

(
Zi

sh,V ,Z
i
sp,V

)
+ KL

(
Zi

sh,I ,Z
i
sp,I

))
.

(19)

3.4. Modality Discrepancy Reduction (MDR)

At this part, to guarantee the invariant representation
of modality-shared feature, the TGSA and CSA are fur-
ther used to reduce modality discrepancy within modality-
shared branch as follow:

Lmdr = L(sh,V ;sh,I)
tgsa +

N∑
i=1

KL
(
Zi

sh,V ,Z
i
sh,I

)
. (20)

In this way, the visible feature and infrared feature in
modality-shared branch can achieve mutual learning from
feature-level and semantic-level. It makes two modalities
feature aligning information each other, while alleviating
modal gap and maintaining the invariant of modality-shared
feature.

3.5. Optimization

Ultimately, by continuously distilling implicit dis-
criminative knowledge from the modality-specific feature
and consistently reducing modality discrepancies in the
modality-shared feature, we can achieve a more discrimi-
native and invariant modality-shared feature.

The total loss of the model IDKL is defined as:

Ltotal = Lb + λ1Lip + λ2Ltgsa + λ3Lcsa + Lmdr,

(21)

where λ1, λ2 and λ3 are hype-parameters to balance the
contribution of individual loss term.

V
is

ib
le

In
fr

ar
ed

origin sh sp(im) enhanced

Figure 4. Observation the implicit discriminative information
by Grad-CAM. And ’sh’ and ’sp(im)’ present the modality-
shared feature and the modality-specific feature of trained IDKL
w/o knowledge distillation, respectively; ’enhanced’ denotes the
modality-shared feature of IDKL w/ knowledge distillation.

4. Experiments

4.1. Datasets and Experimental Settings

Datasets. Three public VI-ReID datasets SYSU-MM01
[28], LLCM [43] and RegDB [22] are employed to evaluate
our model. SYSU-MM01 is a popular large-scale dataset
collected by four visible cameras and two near-infrared
cameras, including indoor and outdoor environments. And
the test protocols consist of all-search and indoor-search.
LLCM dataset is a large-scale and low-light cross-modality
dataset, which is divided into training and testing sets at a
2:1 ratio. RegDB is collected using dual-camera systems,
where visible and infrared images are captured in pairs.
Both LLCM and RegDB contain visible to infraed and in-
frared to visible two search modes.

Evaluation metrics. The standard rank-k matching ac-
curacy and mean Average Precision (mAP) are adopted as
the evaluation metrics. All the reported results are the aver-
age of 10 trials.

Implementation details. The proposed method and all
experiments are implemented on a single NVIDIA GeForce
3090 GPU with PyTorch framework. The baseline model
adopts the ResNet-50 pre-trained on ImageNet with the Lb.
The input images are resized to 3 × 384 × 128. The train
mini-batch size is set as 120, which contains 12 random
identities and 10 images for every identity. Adam optimizer
with an initial learning rate 3×10−5 is exploited, which de-
cays at the 60th and 100th epoch with a decay factor of 0.1.
The hype-parameters λ1, λ2 and λ3 are set to 0.1, 0.6 and
0.8. During the testing phase, only modality-shared feature
is used to evaluate performance.
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Table 1. Comparison of CMC (%) and mAP (%) performances with the state-of-the-art methods on SYSU-MM01 dataset.

Methods
All-search Indoor-search

Single-shot Multi-shot Single-shot Multi-shot
r=1 r=10 r=20 map r=1 r=10 r=20 map r=1 r=10 r=20 map r=1 r=10 r=20 map

Zero-Padding [32] 14.80 54.12 71.33 15.95 19.13 61.40 78.41 10.89 20.58 68.38 85.79 26.92 24.43 75.86 91.32 18.86
D-HSME [8] 20.68 62.74 77.95 23.12 - - - - - - - - - - - -
AlignGAN [28] 42.40 85.00 93.70 40.70 51.50 89.40 95.70 33.90 45.90 87.60 94.40 54.30 57.10 92.70 97.40 45.30
DDAG [36] 54.75 90.39 95.81 53.02 - - - - 61.02 94.06 98.41 67.98 - - - -
NFS [2] 56.91 91.34 96.52 55.45 63.51 94.42 97.81 48.56 62.79 96.53 99.07 69.79 70.03 97.70 99.51 61.45
PIC [47] 57.51 89.35 95.03 55.14 - - - - 60.40 - - 67.70 - - - -
MID [12] 60.27 92.90 - 59.40 - - - - 64.86 96.12 - 70.12 - - - -
cm-SSFT [21] 61.60 89.20 93.90 63.20 63.40 91.20 95.70 62.00 70.50 94.90 97.70 72.60 73.00 96.30 99.10 72.40
MCLNet [7] 65.40 93.33 97.14 61.98 - - - - 72.56 96.98 99.20 76.58 - - - -
FMCNet [42] 66.34 - - 62.51 73.44 - - 56.06 68.15 - - 74.09 78.86 - - 63.82
SMCL [31] 67.39 92.87 96.76 61.78 72.15 90.66 94.32 54.93 68.84 96.55 98.77 75.56 79.57 95.33 98.00 66.57
CAJ [37] 69.88 95.71 98.4 66.89 - - - - 76.26 97.88 99.49 80.37 - - - -
MPANet [33] 70.58 96.21 98.80 68.24 75.58 97.91 99.43 62.91 76.74 98.21 99.57 80.95 84.22 99.66 99.96 75.11
CMT [14] 71.88 96.45 98.87 68.57 80.23 97.91 99.53 63.13 76.9 97.68 99.64 79.91 84.87 99.41 99.97 74.11
DEEN [43] 74.7 97.6 99.2 71.8 - - - - 80.3 99.0 99.8 83.3 - - - -
SAAI [3] 75.90 - - 77.03 82.8 - - 82.39 83.20 - - 88.01 90.73 - - 91.30
MUN [40] 76.24 97.84 - 73.81 - - - - 79.42 98.09 - 82.06 - - - -
MSCLNet [45] 76.99 97.63 99.18 71.64 - - - - 78.49 99.32 99.91 81.17 - - - -
PartMix [16] 77.78 - - 74.62 80.54 - - 69.84 81.52 - - 84.38 87.99 - - 79.95
IDKL(Ours) 81.42 97.38 98.89 79.85 84.34 98.89 99.73 78.22 87.14 98.28 99.26 89.37 94.30 99.71 99.93 88.75

Figure 5. Ablation analysis of hyper-parameter λ1 and λ2, λ3 for
Lip, Ltgsa, and Lcsa respectively on SYSU-MM01 dataset.

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

We compare our IDKL model with the state-of-the-art
VI-ReID methods published recent years on public VI-
ReID datasets SYSU-MM01, RegDB and LLCM.

Comparison on SYSU-MM01 dataset. The compari-
son experimental results is shown in Tab. 1 which displays
the proposed IDKL method outperforms existing cutting-
edge methods. Specifically, the IDKL method achieves the
accuracy of 81.42% rank-1 and 79.85% map with single-
shot all search protocol , while the accuracy of 87.14%
rank-1 and 89.37% map with single-shot indoor search pro-
tocol. The compared SOTAs include various base meth-
ods, i.e., for the methods of learning the shared feature
through network and loss function immediately, which con-
tain D-HSME [8], NFS [2] , CMT [14], DEEN[43] and
MCLNet [7]. Based on graph structure augment method
DDAG [36] and the mutual learning by logits skill (PIC [47]
and MPANet [33]). Comparing with several other based
modality-specific methods cm-SSFT[21] , MUN[40] and
MSCLNet[45], our results outperform them by a margin.

Comparison on RegDB dataset. We also evaluate
IDKL on a small-scale dataset RegDB as shown in Tab. 2.
There is strong performance IDKL showed and outperforms
the existing solutions. Specifically, we achieve rank-1 ac-

curacy of 94.72% in visible to infrared mode, and rank-1
accuracy of 94.22% in infrared to visible mode.

Comparison on LLCM dataset. The IDKL model
achieves significant improvements on the large and complex
LLCM dataset as shown in Tab. 3, demonstrating excellent
rank-1 accuracy of 72.2% and 70.7% on two modes, respec-
tively. This indicates that the IDKL model exhibits strong
robustness in complex and multimodal scenarios.

Table 2. Comparison of the CMC (%) and mAP (%) performances
with state-of-the-art methods on RegDB dataset.

Methods Visible to infrared Infrared to visible
rank-1 map rank-1 map

Zero-Padding [32] 17.8 18.9 16.7 17.9
AlignGAN [28] 57.9 53.6 56.3 53.4
DDAG [36] 69.34 63.46 68.06 61.80
cm-SSFT [21] 72.3 72.9 71.0 71.7
MCLNet [7] 80.31 73.07 75.93 69.49
PIC [47] 83.6 79.6 79.5 77.4
MPANet [33] 83.7 80.9 82.8 80.7
SMCL [31] 83.93 79.83 83.05 78.57
MSCLNet [45] 84.17 80.99 83.86 78.31
CAJ [37] 85.03 77.82 84.75 77.82
MID [12] 87.45 84.85 84.29 81.41
FMCNet [42] 89.12 84.43 88.38 83.86
SAAI [3] 91.07 91.45 92.09 92.01
DEEN [43] 91.1 85.1 89.5 83.4
CMT [14] 95.17 87.3 91.97 84.46
MUN [40] 95.19 87.15 91.86 85.01
IDKL(Ours) 94.72 90.19 94.22 90.43

4.3. Ablation Study

In this subsection, we conduct the ablation experiment to
evaluate our proposed model exhaustively.
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Table 3. Comparison of the CMC (%) and mAP (%) performances
with state-of-the-art methods on LLCM dataset.

Methods Visible to infrared Infrared to visible
rank-1 map rank-1 map

DDAG [36] 40.3 48.4 48.0 52.3
CAJ [37] 56.5 59.8 48.8 56.6
DEEN [43] 62.5 65.8 54.9 62.9
IDKL(Ours) 72.22 66.43 70.72 65.19

Table 4. Evaluation the impact of different components in terms
of rank-1 (%) and mAP (%) on SYSU-MM01 dataset.

Lb Lip Ltgsa Lcsa Lmdr
SYSU-MM01

rank1 map

✓ × × × × 67.60 66.47
✓ × ✓ × × 68.38 67.30
✓ ✓ ✓ × × 76.40 74.83
✓ ✓ × ✓ × 76.28 74.34
✓ ✓ × × ✓ 77.04 75.66
✓ ✓ ✓ ✓ ✓ 81.42 79.85

Effectiveness of each component. We evaluate the
effectiveness of each component on the SYSU-MM01
dataset under all search single-shot mode. Each compo-
nent is added independently to reveal its the performance
as Tab. 4. This indicates that each component is highly use-
ful, with Lmdr achieving significant performance improve-
ments. This further suggests the effectiveness of TGSA and
CSA in reducing modality discrepancies. Comparing the
second row with the third row demonstrates the necessity of
purifying implicit modality-specific information, and also
proves the effectiveness of our Information Purifier module.

Hyper-parameters analysis of IP, TGSA and CSA. In
this part, we present a line chart to examine the detail in-
fluence of IP, TGSA and CSA by gradually increasing the
value of hyperparameters. As depicted in Fig. 5, the max-
imum contributions of IP, TGSA and CSA are reached at
0.1, 0.6 and 0.8, respectively. The upward trend of the curve
demonstrates the effectiveness of each module.

4.4. Visualization Analysis

Attention maps Visualization. To further illustrate the
effectiveness of IDKL, Grad-CAM [26] is utilized for a vi-
sual examination of different feature heatmaps. In Fig. 4,
the areas of focus for implicit discriminative information
typically differ from those of the shared feature, indicating
that effectively and judiciously utilizing this information to
strengthen the shared feature can be highly beneficial.

Feature Distribution Visualization. We utilize t-SNE
[22] feature map visualization to observe the impact of
the IDKL model and TGSA on the model. As shown in
Fig. 6, each color represents a different identity, while the
shapes of circles and triangles indicate the visible and in-
frared modality information, respectively. From Fig. 6(a),

Figure 6. Visualization of learned features by t-SNE. Where ”a”
means the pre-training resnet50 on ImageNet; ”b” represents the
baseline; ”c” is the IDKL model w/o TGSA; ”d” is IDKL model
w/ TGSA.

a significant discrepancy between the two modalities is ev-
ident. Fig. 6(b) shows a reduction in modality discrepancy
and the model exhibiting some discriminative capabilities.
Comparing Fig. 6(b) with Fig. 6(c), it is observable that the
IDKL model has a smaller intra-class discrepancy and bet-
ter inter-class discrimination. In Fig. 6(d), the dark blue
class appears more scattered than in Fig. 6(c), and the graph
structures of the two modalities are more similar and closely
aligned, demonstrating the effectiveness of TGSA in reduc-
ing modality discrepancies.

5. Conclusion
This paper harnesses the implicit discriminative infor-

mation within modality-specific features and introduces a
robust model IDKL to exploit the potential discrimination
of heterogeneous-related features and enhance the shared
feature. The IDKL model comprises a dual one-stream net-
work, a novel IN-guided information purifier, a triplet graph
structure alignment solution, and refined distillation on log-
its. Collectively, these components demonstrate exceptional
effectiveness and contribute to improved results.
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