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Abstract

Lifelong person Re-IDentification (LReID) aims to match
the same person employing continuously collected individ-
ual data from different scenarios. To achieve continuous all-
day person matching across day and night, Visible-Infrared
Lifelong person Re-IDentification (VI-LReID) focuses on se-
quential training on data from visible and infrared modali-
ties and pursues average performance over all data. To this
end, existing methods typically exploit cross-modal knowl-
edge distillation to alleviate the catastrophic forgetting of
old knowledge. However, these methods ignore the mutual
interference of modality-specific knowledge acquisition and
modality-common knowledge anti-forgetting, where conflict-
ing knowledge leads to collaborative forgetting. To address
the above problems, this paper proposes a Cross-modality
Knowledge Disentanglement and Alignment method, called
CKDA, which explicitly separates and preserves modality-
specific knowledge and modality-common knowledge in a
balanced way. Specifically, a Modality-Common Prompting
(MCP) module and a Modality-Specific Prompting (MSP)
module are proposed to explicitly disentangle and purify dis-
criminative information that coexists and is specific to differ-
ent modalities, avoiding the mutual interference between both
knowledge. In addition, a Cross-modal Knowledge Align-
ment (CKA) module is designed to further align the disen-
tangled new knowledge with the old one in two mutually in-
dependent inter- and intra-modality feature spaces based on
dual-modality prototypes in a balanced manner. Extensive ex-
periments on four benchmark datasets verify the superiority
of our CKDA against state-of-the-art methods.

Code —
https://github.com/PKU-ICST-MIPL/CKDA-AAAI2026

Introduction
Lifelong person Re-IDentification (LReID) aims to em-
ploy sequentially collected data to match the same person
in all scenarios (Pu et al. 2021, 2023). Its core challenge
lies in mitigating catastrophic forgetting of old knowledge
learned in known scenarios while continuously acquiring
new knowledge from new scenarios (De Lange et al. 2021;
Masana et al. 2022; Xu, Zou, and Zhou 2024). To this end,
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Figure 1: Comparison of different LReID methods when
facing visible and infrared images. Existing methods suffer
from the conflict between the new modality-specific knowl-
edge acquisition and the old modality-common knowledge
preservation, while our CKDA achieves knowledge bal-
ancing by explicitly aligning the disentangled modality-
common and -specific knowledge.

existing LReID methods have demonstrated their effective-
ness in suppressing the forgetting of old knowledge through
data replay (Yu et al. 2023a; Ge et al. 2022) and knowl-
edge distillation (Sun and Mu 2022; Cui et al. 2024). De-
spite some progress in visible modality, these methods typ-
ically suffer from a more practical and challenging sce-
nario where both visible and infrared images are contin-
uously collected to match a person across day and night,
which is also called Visible-Infrared Lifelong person Re-
IDentification (VI-LReID) (Xing et al. 2024).

As a preliminary pioneer, Visible-Infrared person Re-
IDentification (VI-ReID) matches the same person cap-
tured by visible and infrared cameras by extracting dis-
criminative information against the discrepancy of hetero-
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geneous information within different modalities (Ye et al.
2020; Cui, Zhou, and Peng 2024). To this end, modality-
common representation-based methods (Wu et al. 2021; Yu
et al. 2023b) extract features from different modalities and
map them into a common feature space to align information
of the same person, while modality-specific representation-
based methods (Ren and Zhang 2024; Yu et al. 2023b) fo-
cus on extracting unique information from each modality to
further enrich the diversity and distinctiveness of individ-
ual representations. Therefore, some recent works attempt to
transfer the above methods to alleviate the knowledge for-
getting of both modalities in VI-LReID (Xing et al. 2024;
Luo et al. 2025). Among them, some existing methods fol-
low the data rehearsal paradigm and retain old knowledge
by inference task matching (Xing et al. 2024) and distill-
ing cross-modal knowledge (Luo et al. 2025) between old
visible and infrared data. Inspired by prompting technol-
ogy, the recent VI-LReID method (Zhu et al. 2025) in-
troduced a dynamic prompt selection mechanism to pre-
serve instance-level old knowledge while learning the most
relevant new knowledge for the current scenario from a
modality-common prompt pool.

However, in addition to the privacy issue caused by the
data rehearsal (Ahmad et al. 2022), these methods typi-
cally ignore the conflict between modality-specific knowl-
edge acquisition and modality-common knowledge preser-
vation, making it difficult to balance the cross-modal knowl-
edge. Specifically, as shown in Figure 1, when learning on
new data, existing VI-LReID methods inevitably sacrifice
the old knowledge that coexists between modalities (e.g.,
body shape knowledge) due to accumulating new knowl-
edge that are specific to distinct modality (e.g., thermal ra-
diation knowledge in infrared modality, which is useless
or even harmful for matching thermal radiation informa-
tion that does not exist in the visible modality). As a re-
sult, the conflicting modality-specific knowledge acquisi-
tion and modality-common knowledge preservation typi-
cally lead to joint forgetting due to their mutual interfer-
ence, which further eliminates the discriminability of cross-
modality knowledge in both new and old scenarios.

To tackle the above issue, this paper proposes a
Cross-modality Knowledge Disentanglement and Align-
ment (CKDA) method for the VI-LReID task, which aims
to balance the conflicting cross-modality knowledge acqui-
sition and preservation. Specifically, to alleviate the mu-
tual interference between cross-modal knowledge, we first
proposed a Modality-Common Prompting (MCP) mod-
ule and a Modality-Specific Prompting (MSP) module to
disentangle both knowledge. The former aims to extract
modality-common knowledge that coexists in both modal-
ities, while the latter further purifies knowledge that only
exists in visible or infrared modality in a complementary
manner. In addition, a Cross-modality Knowledge Align-
ing (CKA) module is further designed to align the above
knowledge with the constructed inter- and intra-modality
feature space by employing identity-level prototypes of both
modalities, avoiding the rehearsing of old data. In sum-
mary, the main contributions of this paper are as follows: 1)
A Cross-modality Knowledge Disentanglement and Align-

ment (CKDA) method is proposed to tackle the Visible-
Infrared Lifelong person Re-IDentification challenge, which
alleviates catastrophic forgetting derived from the conflict
between cross-modality knowledge acquisition and preser-
vation. 2) A Modality-Common Prompting (MCP) module
and a Modality-Specific Prompting (MSP) module are de-
signed to disentangle and purify modality-common and -
specific knowledge, explicitly suppressing the mutual inter-
ference between both modalities. 3) A Cross-modal Knowl-
edge Alignment (CKA) module is designed to balance the
disentangled knowledge with a pair of symmetric inter- and
intra-modality feature spaces constructed by visible and in-
frared identity prototypes.

Related Work
Lifelong Person Re-identification
Other than ReID in pre-collected data (Cui et al. 2023), Life-
long person Re-IDentification (LReID) aims to employ se-
quentially collected data to match the same person in all sce-
narios (Pu et al. 2021). To this end, replay-based LReID
methods rehearse old data when learning on new data to
tackle the catastrophic forgetting challenge (Wu and Gong
2021; Ge et al. 2022; Yu et al. 2023b; Chen, Lagadec, and
Bremond 2022), which raises concerns about the data pri-
vacy issue. In contrast, non-replay methods are dedicated to
distilling from the old model to preserve old discriminative
knowledge (Xu, Zou, and Zhou 2024; Cui et al. 2024; Xu
et al. 2025a). In addition to the above works that rely on
well-labelled data, some recent efforts have also explored
lifelong person re-identification in more complex open sce-
narios, e.g., noisy (Xu et al. 2024a), semi-supervised (Xu
et al. 2025c) and unsupervised scenarios (Chen, Lagadec,
and Bremond 2022), further expanding its real significance.

However, existing LReID methods typically focus on
knowledge balancing within visible data, ignoring the re-
quirement of all-day pedestrian matching across day and
night with images captured by visible and infrared cameras,
respectively, which limits their applicability in practice.

Visible-Infrared Person Re-identification
Visible-Infrared Person Re-IDentification (VI-ReID) aims
to match the same person across images captured by both
infrared cameras and visible cameras (Wu et al. 2017).
To this end, modality-common representation-based meth-
ods (Cui, Zhou, and Peng 2024; Liang et al. 2023; Lu, Zou,
and Zhang 2023; Ye et al. 2020; Sun and Zhao 2023; Wu
et al. 2021; Park et al. 2021) extract and align common dis-
criminative information that coexists in different modalities,
while modality-specific representation-based methods (Ren
and Zhang 2024; Yu et al. 2023b; Li et al. 2022; Hu et al.
2022; Zhang et al. 2022; Jiang et al. 2022) focus on exploit-
ing and leveraging information that only exists in a specific
modality, achieving more comprehensive individual infor-
mation representation.

Despite some progress, these methods typically suffer
from severe performance degradation when new data is con-
tinuously learned in a streaming manner. Inspired by recent
advancements in VI-ReID, some works (Xing et al. 2024;
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Figure 2: Overview of our Cross-modality Knowledge Disentanglement and Alignment (CKDA) method, where the Modality-
Common Prompting (MCP) module and the Modality-Specific Prompting (MSP) module aim to generate the prompted image
tokens, while the Cross-modality Knowledge Aligning (CKA) module aligns two kinds of cross-modality knowledge.

Luo et al. 2025) began to focus on a practical and chal-
lenging task, called Visible-Infrared Lifelong Person Re-
IDentification (VI-LReID), which aims to avoid the catas-
trophic forgetting of cross-modality knowledge when learn-
ing from streaming data sequentially collected by visible and
infrared cameras. Among them, TTQK (Xing et al. 2024)
learns a specific token for each domain, and matches the
most appropriate inference token for each query sample to
preserve old knowledge. In order to avoid the additional
query token selection overhead, DMM (Luo et al. 2025) al-
leviate the catastrophic forgetting problem by distilling the
similarity between samples of different modalities. Inspired
by recent advances in visual prompting (Yao et al. 2025;
Zhou et al. 2025; Ai et al. 2025b,a), PP-IPG (Zhu et al. 2025)
further exploited fine-grained information of each modality
at the instance level through a prompt pool. However, in ad-
dition to the privacy issue derived from the heavy reliance
on old data, these methods typically suffer from the mutual
interference of modality-specific knowledge acquisition and
modality-common knowledge anti-forgetting, which limits
their capacity to balance the cross-modal knowledge.

Different from these methods, we propose a Cross-
modality Knowledge Disentanglement and Alignment
(CKDA) method for VI-LReID, which avoids mutual in-
terference between different knowledge by explicitly dis-
entangling and adaptive balancing cross-modal knowledge
through dual knowledge alignment.

Method
Preliminary
This paper focuses on Visible-Infrared Lifelong person Re-
IDentification (VI-LReID) task. Formally, given a sequen-

tially collected data stream D = {D1, D2, ...,DS} with S
stages, where each dataset Ds consists of a visible image
set Dv

s and an infrared image set Dt
s. When sequentially

learning on Ds, the previous s− 1 datasets are inapplicable
due to the data privacy issue. For inference, the overall re-
identification performance of each dataset between different
modalities is employed for evaluation.

Overview of CKDA
The pipeline of our CKDA is shown in Figure 2, which con-
sists of a Modality-Common Prompting (MCP) module, a
Modality-Specific Prompting (MSP) module and a Cross-
modality Knowledge Aligning (CKA) module. Then, we
will elaborate on them in the following sections.
Baseline. Inspired by existing LReID methods (Xu, Zou,
and Zhou 2024; Xu et al. 2024b), given a batch of input im-
ages with identities {xi,yi}Bi=1 ∈ Ds at stage s, we input
each xi into a backbone network ϕs(·) with a batch normal-
ization (Ioffe and Szegedy 2015) layer to extract the deep
feature zi. Then, an identity classifier ψs(·) is exploit to pre-
dict the identity probability y′

i for each image xi.
To facilitate the acquisition of new knowledge, we intro-

duce a classification loss Lce (Luo et al. 2019) and a triplet
loss Ltrip (Hermans, Beyer, and Leibe 2017) to improve the
discriminability of each person. Therefore, the overall opti-
mization objective of our baseline is formulated as:

Lbase = Lce + Ltrip. (1)

Besides, we adopt the Exponential Moving Average
(EMA) strategy, which is widely used in existing LReID
methods (Xu et al. 2024b, 2025a) to initially avoid the
forgetting of old knowledge caused by drastic parameter
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changes after each training stage as follows:

ϕs = λ · ϕs−1 + (1− λ) · ϕ∗
s, (2)

where ϕ∗s denotes the backbone trained after stage s, λ de-
notes the balance factor between old and new knowledge.

Modality-Common Prompting
To explicitly disentangle the modality-common knowledge,
we design a Modality-Common Prompting (MCP) module
to capture the discriminative information that co-exists in
visible and infrared modalities. Therefore, MCP adaptively
incorporates the features after modality discrepancies elimi-
nation to purify modality-common information.

Specifically, given an input image x ∈ RH×W×C , we first
divide it into M image tokens h = {hi}Mi=1 ∈ Rps×ps×pc

of the same size, where H,W are the height and width of
image x, ps is the size of each image token, C and pc is
the channel number of x and h. Each image token is then
embedded into a d-dimension latent feature as follows:

h′ = Ed(h), (3)

where Ed(·) denotes the embedding layer of the image to-
ken. Then, we rearrange h′ to form a feature map xori ∈
RH×W×C for knowledge purification.

To purify the modality-common knowledge, we use the
Instance Normalization (Ulyanov, Vedaldi, and Lempitsky
2016) to alleviate the style discrepancy of different modali-
ties, avoiding the derived loss of discriminative information.
Thus, the normalized features xin is obtained as follows:

xin =
xori − E[xori]√
Var[xori] + ϵ

, (4)

where the parameter ϵ is applied to avoid division by zero
errors, E[·] and Var[·] denote the channel-wise mean and
the variance, respectively. Then, we evaluate the modality-
common knowledge distribution of xori and xin by gener-
ating two channel-wise masks eo and ei as follows:{

eo = σ(W o
2 · δ(W o

1 · xori))

ei = σ(W i
2 · δ(W i

1 · xin))
, (5)

where σ(·), δ(·) denote the ReLU and the Sigmoid function,
W o

1 ,W
i
1 ∈ R d

r×d and W o
2 ,W

i
2 ∈ Rd× d

r denote two learn-
able parameters. Due to the balance between complexity and
efficiency, the dimension reduction r is set to 4. To balance
the discriminability and discrepancy of modality-common
knowledge, MCP adaptively fuses xori and xin as follows:

xcom = eo · xori + (1− eo)(ei · xin), (6)

where ei denotes the importance of modality-common
knowledge, while (1−eo) dynamically supplements the dis-
crimination after suppressing the modality discrepancy ac-
cording to the importance of the modality-common knowl-
edge in the original feature xori.

Finally, we align the common prompting xcom with the
original feature map to generate the common prompt kcom

by restoring the input dimension based on the feature token
h′′, which is obtained by token division of xcom as follows:

kcom = Epc(δ(h′′)), (7)

where Epc(·) denotes the embedding restoration layer. In this
way, the modality-common knowledge can be dynamically
purified in the unified common prompt, alleviating the mu-
tual interference of both modalities.

Modality-Specific Prompting
Although the Modality-Common Prompting module disen-
tangles and purifies the common knowledge between differ-
ent modalities, it is still limited by the insufficient preser-
vation of modality-specific knowledge, which further sup-
presses the balance of cross-modal knowledge. Therefore,
we further propose a Modality-Specific Prompting (MSP)
module to further disentangle the modality-specific discrim-
inative information that only exists in a distinct modality.

To this end, a pair of light-weight modality-specific
prompt generation networks is designed for visible and in-
frared modalities, respectively. Specifically, given an image
token hm of a specific modality, where m ∈ {v, t} rep-
resents the visible or the infrared modality. The modality-
specific prompt kspe can be calculated as follows:

km
spe = ξ(Wm

2 · θ(Wm
1 · hm)), (8)

where ξ(·) denotes the dropout layer, Wm
1 ∈ R d

r×d, Wm
2 ∈

Rd× d
r denote the learnable parameters of the linear layer,

θ(·) denotes the Batch Normalization layer. Consequently,
the modality-specific prompting is encouraged to further
stimulate the difference between modalities with batch-
wise regularization, thereby facilitating the model to extract
modality-specific information in distinct modalities under
explicit modality discrepancies.
Optimization of Modality-Com and MSP module. To al-
leviate the catastrophic forgetting of the disentangled cross-
modality knowledge, we align the generated prompting of
the current stage (Stage s) with that of the previous stage
(Stage s− 1th). Let km,(s)

p = k
m,(s)
spe + k

(s)
com denote the im-

age prompt at Stage sth, the optimization can be achieved
by minimizing the prompting loss Lp as follows:

Lp = |km,(s)
p − km,(s−1)

p |. (9)

Finally, we can get the prompted image km by merging
the original image xm and km

p at the current stage, which is
then fed into the backbone network for feature extraction.

Cross-modality Knowledge Aligning
Although the above modules eliminate the mutual interfer-
ence between different knowledge by disentanglement, it is
still challenging to simultaneously alleviate two conflicting
knowledge in a unified feature space. Therefore, we fur-
ther propose a Cross-modality Knowledge Aligning (CKA)
module, which aims to align modality-specific knowledge
in an intra-modality feature space while aligning modality
common knowledge in a dual inter-modality feature space.

To this end, we employ the feature prototype as the ba-
sis of the old feature space to measure and align cross-
modal knowledge. Specifically, given a pair of visible pro-
totypes Pv

s−1 = {pvi }
Ns−1

i=1 and infrared prototypes Pt
s−1 =

{pti}
Ns−1

i=1 , where Ns−1 denote the identity number of the
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Method Publication Backbone RegDB SYSU-MM01 LLCM VCM Average
mAP R1 mAP R1 mAP R1 mAP R1 mAP R1

JointTrain - ViT-B/16 74.8 79.4 55.8 59.4 60.2 56.3 19.1 33.4 52.5 57.1
SFT - ViT-B/16 6.8 5.7 21.0 21.5 26.4 21.3 17.1 29.0 17.8 19.4

R
ep

la
y

LwF (Li and Hoiem 2017) T-PAMI ViT-B/16 26.9 26.1 30.9 30.3 39.1 34.5 18.2 30.0 28.8 30.2
iCaRL (Rebuffi et al. 2017) CVPR ViT-B/16 42.4 41.3 32.4 32.4 41.9 36.8 18.5 30.7 33.8 35.3
BiC (Wu et al. 2019) CVPR ViT-B/16 40.9 39.3 22.8 21.9 43.3 37.5 16.4 27.4 30.9 31.5
WA (Zhao et al. 2020) CVPR ViT-B/16 44.9 43.9 34.6 34.4 44.1 38.7 18.7 29.3 35.6 36.6
PTKP (Ge et al. 2022) AAAI ViT-B/16 50.3 47.9 26.6 25.8 43.2 36.5 17.9 27.4 34.5 34.4
TTQK (Xing et al. 2024) ICMR ViT-B/16 60.3 58.3 33.6 30.9 45.8 39.6 19.4 32.2 39.8 40.2
PP-IPG (Luo et al. 2025) ICMR ViT-B/16 59.0 58.8 32.7 35.2 44.4 50.8 35.3 23.3 42.8 42.0

N
on

-R
ep

la
y

LwF (Li and Hoiem 2017) T-PAMI ResNet 23.4 23.0 9.5 9.7 17.8 13.6 6.8 11.6 14.4 14.6
AKA (Pu et al. 2021) CVPR ResNet 26.2 23.9 11.0 10.0 17.2 12.9 7.4 13.0 15.5 15.1
PatchKD (Sun and Mu 2022) MM ResNet 52.2 55.2 9.6 7.9 18.5 13.7 3.9 5.9 21.1 20.8
LSTKC (Xu, Zou, and Zhou 2024) AAAI ResNet 15.9 13.5 15.1 13.4 22.1 17.4 16.0 26.8 17.3 17.8
DKP (Xu et al. 2024b) CVPR ResNet 34.1 33.5 26.4 27.1 32.8 27.9 15.3 26.4 27.2 28.7
DASK (Xu et al. 2025a) AAAI ResNet 17.3 15.4 23.6 22.0 29.1 24.1 18.1 25.9 22.0 21.8
LSTKC++ (Xu et al. 2025b) T-PAMI ResNet 36.1 38.1 35.7 37.0 29.3 24.9 16.3 26.6 29.4 31.6
LSTKC (Xu, Zou, and Zhou 2024) AAAI ViT-B/16 35.0 35.4 32.7 34.3 39.6 35.1 15.1 25.3 30.6 32.5
DKP (Xu et al. 2024b) CVPR ViT-B/16 30.3 32.7 30.9 32.8 37.3 32.2 15.2 26.3 28.4 31.0
TTQK (Xing et al. 2024) CVPR ViT-B/16 8.1 6.5 20.8 18.6 19.2 14.9 20.8 32.6 17.2 18.2
DASK (Xu et al. 2025a) AAAI ViT-B/16 21.6 25.6 28.1 32.3 39.6 36.2 14.1 27.4 25.9 30.4
LSTKC++ (Xu et al. 2025b) T-PAMI ViT-B/16 19.2 19.0 27.1 30.3 32.9 29.2 16.1 29.2 23.8 26.9
Ours This Paper ViT-B/16 57.0 60.4 34.7 37.3 37.8 31.5 15.6 28.2 36.3 39.4

Table 1: Performance Comparison on training order: RegDB→SYSU-MM01→LLCM→VCM.

(s−1)th stage, pvi and pti denote the visible and infrared fea-
ture center of old data extracted by ϕs−1(·), we use the cur-
rent visible instance features {ovi }

Ns
i=1 and infrared instance

features {oti}
Ns
i=1 extracted by ϕs−1(·) to represent the old

inter-modality feature space O as follows (taking visible-to-
infrared as an example):

Ovt(i, j) =
exp(cos(ov

i ,p
t
j)/τ)∑Ns−1

k=1 exp(cos(ot
i,p

v
k)/τ)

, (10)

where cos(·) denotes the cosine similarity, τ is a temperature
parameter set as 0.1. Thus, the intra-modality feature space
can be represented by Ovv and Ott, which is employed to
measure the modality-common knowledge distribution un-
der the old intra-modality feature space. Similarly, we can
further exploit the visible features {zvi }

Ns
i=1 and infrared fea-

tures {zti}
Ns
i=1 extracted by the current model to represent the

new distribution Z after the new knowledge acquisition:

Zvt(i, j) =
exp(cos(zv

i ,p
t
j)/τ)∑Ns−1

k=1 exp(cos(zt
i ,p

v
k)/τ)

. (11)

Then, to alleviate the catastrophic forgetting of inter- and
intra-modality knowledge, we align the inter- and intra-
affinity of each feature with the proposed knowledge bal-
ancing loss Linter and Lintra as follows:

Linter = LKL(Y
o
v,t||Y z

v,t) + LKL(Y
o
t,v||Y z

t,v), (12)

Lintra = LKL(Y
o
v,v||Y z

v,v) + LKL(Y
o
t,t||Y z

t,t), (13)

Y o
v,t = ρ(OvtO

⊤
vt/τ), Y

z
v,t = ρ(ZvtZ

⊤
vt/τ), (14)

where LKL is the Kullback-Leibler (KL) divergence, and
ρ(·) is the softmax function. In summary, the CKA mod-
ule employs the old prototype as the old feature space to

alleviate the cross-modal knowledge shift derived by the ac-
quisition of new knowledge via dual knowledge alignment,
thereby balancing the discriminative information between
and within visible and infrared modalities.

Overall Optimization
The overall optimization objective for our CDKA can be for-
malized as follows:

L = Lbase + αLp + β(µLinter + (1− µ)Lintra), (15)

where α and β denote two hyperparameters when train-
ing the model, µ denotes a scaling factor to balance the
modality-specific and -common knowledge preservation.

Experiments
Datasets and Evaluation Metrics
Datasets. To verify the effectiveness of our CKDA, we fol-
low the most popular VI-LReID benchmark in (Xing et al.
2024), which consists of 4 widely-used visible-infrared per-
son re-identification datasets, including RegDB (Nguyen
et al. 2017), SYSU-MM01 (Wu et al. 2017), LLCM (Zhang
and Wang 2023), and HITSZ-VCM (VCM) (Lin et al. 2022).
To perform fairly comparison in the real lifelong scenario,
we also follow (Xing et al. 2024) and sequentially conduct
the above datasets as the training order: RegDB→SYSU-
MM01→LLCM→VCM. For the video dataset VCM, we
follow the preprocessing strategy in (Xing et al. 2024).
Evaluation Metrics. To compare our CKDA with existing
methods, three popular metrics, including Rank-1 accuracy
(R1) (Moon and Phillips 2001), mean Average Precision
(mAP) (Zheng et al. 2015) with their Average Forgetting
(AF) (Chaudhry et al. 2018), are employed to verify the
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Method TTQK DASK DKP LSTKC LSTKC++ Ours
AF(mAP) 36.5 15.1 12.1 8.7 8.5 5.1
AF(R1) 35.5 12.1 12.2 7.7 6.9 4.9

Table 2: AF comparison to non-replay methods.

Base MCP MSP CKA mAP R1
✓ - - - 31.8 33.9
✓ ✓ - - 33.4 35.2
✓ ✓ ✓ - 34.6 37.4
✓ - - ✓ 34.9 37.9
✓ ✓ ✓ ✓ 36.3 39.4

Table 3: Ablation study of each module in CKDA.

overall performance on all datasets. The former two met-
rics evaluate the ReID performance, while the last metric
describes their forgetting rate via the drop value.

Implementation Details
We implement our CKDA on NVIDIA A40 GPU for
both training and inference. During the training phase,
ViT-B/16 (Dosovitskiy et al. 2020) pre-trained on Ima-
geNet (Russakovsky et al. 2015) is employed as the initial
backbone network. For each dataset, we randomly sample
500 identities and train the model for 50 epochs, where in-
adequate datasets sample all identities. The batch size is set
to 64, where each identity has 4 visible images and 4 in-
frared images. The learning rate is set to 3× 10−4 and a co-
sine decay schedule (Chen et al. 2020; Loshchilov and Hut-
ter 2016) to optimize the whole model. During the inference
phase, following (Xing et al. 2024), we perform visible-to-
infrared re-identification on the RegDB datasets, and per-
form infrared-to-visible re-identification on the others.

Comparison with State-of-the-arts Methods
We start by compare our proposed CKDA to multiple SOTA
methods on both LReID and VI-LReID tasks, including
LwF (Li and Hoiem 2017), iCaRL (Rebuffi et al. 2017),
BiC (Wu et al. 2019), WA (Zhao et al. 2020), PTKP (Ge
et al. 2022), TTQK (Xing et al. 2024), PP-IPG (Luo et al.
2025), AKA (Pu et al. 2021), PatchKD (Sun and Mu 2022),
LSTKC (Xu, Zou, and Zhou 2024), DKP (Xu et al. 2024b),
DASK (Xu et al. 2025a), and LSTKC++ (Xu et al. 2025b).
Note that the best results are marked in red, while the sub-
optimal results are marked in blue.

As shown in Table 1, our CKDA achieves 36.3%/39.4%
on the average mAP/R1 accuracy, which outperforms the
existing non-replay SOTA method LSTKC (Xu, Zou, and
Zhou 2024) by 5.7%/6.9%. This is because our CKDA
disentangles modality-specific knowledge from modality-
common knowledge and thus eliminates their mutual in-
terference. Besides, our method achieves effective dual
preservation of both disentangled knowledge by dynami-
cally aligning them in the modality-inter and -intra feature
space in a balanced manner, thereby significantly outper-
forming the state-of-the-art methods.

Besides, Table 2 reports the forgetting degree of our
method, which achieves the best average anti-forgetting

(a) The weight for α (b) The weight for β

(c) The weight for µ (d) The weight for d

Figure 3: The influence of hyperparameters in our CKDA.

performance for 5.1%/4.9% on the average AF(mAP/R1)
performance. It implies that our proposed dual modal-
ity prompting splits the originally entangled cross-modal
knowledge in an explicit way, and further preserves the
discriminability of old knowledge through a pair of sym-
metric inter- and intra-modality distillations. Therefore, our
method effectively alleviates the catastrophic forgetting de-
rived from conflicting cross-modal knowledge.

Ablation Studies
In this section, we conduct ablation studies to verify the ef-
fectiveness of each CKDA component.
Effectiveness of the MCP module. Table 3 reports that
MCP module brings 1.6%/1.3% on average mAP and R1
accuracy compared to base method. It indicates that our
approach effectively purifies the discriminative information
that coexists in visible and infrared images by suppress-
ing the discrepancy derived from distinct modality styles,
thereby improving the adaptability of modality-common
knowledge to both modalities.
Effectiveness of the MSP module. Different from the MCP
module, the MSP module focuses on extracting discrimi-
native information that only exists in distinct modalities.
As shown in Table 3, MSP further improves mAP/R1 by
1.2%/2.2%, which supports its further separation and com-
plements the modality-specific discriminative information
missing from the MCP module. Nevertheless, MSP does
not sacrifice the modality-common knowledge introduced
by MCP through encouraging distinct discriminative knowl-
edge after amplifying the discrepancies between modal-
ities, thus achieving disentanglement and purification of
modality-common and -specific knowledge.
Effectiveness of the CKA module. The introduction of
CKA brings 3.1%/4.0% on mAP/R1 performance improve-
ment, which is further enhanced to 4.5%/5.5% when utiliz-
ing MCP and MSP modules together. It implies that aligning
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the disentangled cross-modal knowledge in two independent
inter- and intra-modality feature spaces can effectively pre-
serve the discriminability of multiple knowledge in a con-
trollable manner. Thus, the originally conflicting modality-
common and -specific knowledge can coexist in the lifelong
process, alleviating the catastrophic forgetting derived from
their mutual interference.
Hyperparameter Analysis. Our proposed CKDA intro-
duces 4 hyper-parameters: α, β, µ in Eq. 15, and d in Eq. 3.
Thus, we evaluate their effects as shown in Figure 3. For α
and β, our CKDA achieves the highest performance when
both are set to 1. This is because an excessively large α
prevents the separation between the modality-common and -
specific knowledge, while an excessively large β over-aligns
the new and old knowledge, suppressing the discriminabil-
ity of the new knowledge. Similarly, µ controls the align-
ment degree of modality-common and -specific knowledge,
where the best performance is achieved at 0.5. This suggests
a balance of equal importance between cross-modal knowl-
edge, which further verifies that our CKDA can effectively
separate the above knowledge in a balanced manner. Finally,
when d = 8, our CKDA achieves the best performance, in-
dicating the trade-off between the redundancy and difficulty
of cross-modal knowledge. Therefore, the hyperparameters
α, β, µ, and d are set as 1, 1, 0.5 and 8, respectively.

Visualization
Intuitively, we further visualize the modality-common and
-specific prompts with corresponding heatmaps in Figure 4.
It reveals that the common prompt tends to focus on the

(a) LSTKC (ViT-B/16)

(b) OURS

…

…

RegDB

Stage 1 Stage 4 Stage 4

Stage 1 Stage 4 Stage 4

RegDB VCM

RegDB RegDB VCM

Figure 5: The t-SNE visualization of different training
stages, where different colours represent different identities
and ⃝,△ represent features of infrared and visible modali-
ties, respectively.

contour and body shape information that coexist in both
modalities, while the specific prompt focuses on modality-
specific knowledge that only exists in distinct modalities,
e.g., clothing color in visible images. As a result, the com-
bined prompt provides various perceptions in a complemen-
tary manner. In addition, Figure 5 visualizes the feature dis-
tribution extracted by our CKDA and LSTKC (Xu, Zou,
and Zhou 2024) at different stages, including the old dataset
RegDB and the new dataset VCM. Limited by mutual inter-
ference, LSTKC fail to alleviate the conflict between various
knowledge, thus leading to severe dual knowledge forget-
ting. While our CKDA not only promotes the purification
of cross-modality knowledge by explicit disentangling, but
also facilitates old knowledge retention by aligning it in a
balanced way, achieving leadership in both new knowledge
acquisition and old knowledge retention.

Conclusion

In this paper, we focus on a practical and challeng-
ing problem called Visible-Infrared Lifelong person Re-
IDentification (VI-LReID), which requires retrieving the
same person based on sequentially collected cloth-consistent
and cloth-changing data. To tackle the above issue, we pro-
pose a Modality-Common Prompting (MCP) module to bal-
ance cloth-relevant and cloth-irrelevant knowledge. Specifi-
cally, a Modality-Specific Prompting (MSP) module is de-
signed to dynamically exploit differentiated new knowl-
edge while eliminating the derived domain shift of old
knowledge. Besides, a Cross-modality Knowledge Aligning
(CKA) module is designed to alleviate the knowledge con-
flict between differentiated knowledge by aligning their dis-
tribution at different levels. Extensive experimental results
illustrate that our CKDA outperforms existing methods in
the challenging VI-LReID task.
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