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Abstract

Lifelong person re-identification (LReID) is an important but
challenging task that suffers from catastrophic forgetting due
to significant domain gaps between training steps. Existing
LReID approaches typically rely on data replay and knowl-
edge distillation to mitigate this issue. However, data replay
methods compromise data privacy by storing historical exem-
plars, while knowledge distillation methods suffer from lim-
ited performance due to the cumulative forgetting of undis-
tilled knowledge. To overcome these challenges, we propose
a novel paradigm that models and rehearses the distribution of
the old domains to enhance knowledge consolidation during
the new data learning, possessing a strong anti-forgetting ca-
pacity without storing any exemplars. Specifically, we intro-
duce an exemplar-free LReID method called Distribution Re-
hearsing via Adaptive Style Kernel Learning (DASK). DASK
includes a Distribution Rehearser Learning mechanism that
learns to transform arbitrary distribution data into the current
data style at each learning step. To enhance the style transfer
capacity, an Adaptive Kernel Prediction network is explored
to achieve an instance-specific distribution adjustment. Addi-
tionally, we design a Distribution Rehearsing-driven LReID
Training module, which rehearses old distribution based on
the new data via the old AKPNet model, achieving effec-
tive knowledge accumulation. Experimental results show our
DASK outperforms the existing methods by 3.6%-6.8% and
4.5%-6.5% on seen and unseen domains, respectively.

Code — https://github.com/zhoujiahuan1991/AAAI2025-
LReID-DASK

Introduction
Person Re-identification (ReID) aims to identify a person of
interest across different camera viewpoints (Shi et al. 2023).
Extensive research has shown that ReID models trained on
a specific dataset often perform poorly when applied to new
datasets due to significant domain gaps (Zhao et al. 2021b;
Zhou, Su, and Wu 2022). This limitation has spurred a grow-
ing interest in the Lifelong Person Re-identification (LReID)
task, which focuses on training models with non-stationary
datasets step by step, to enhance their adaptability across
various domains (Pu et al. 2021). A primary challenge in
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Figure 1: (a) Cross-domain distribution gap entails knowl-
edge difference and catastrophic forgetting. (b) Knowledge
distillation suffers inadequate anti-forgetting capacity. (c)
Replay-based methods require an exemplar buffer, compro-
mising data privacy. (d) Our method rehearses old distribu-
tion via old-style data generation, possessing a strong anti-
forgetting capacity without storing historical exemplars.

LReID is catastrophic forgetting, where the model’s perfor-
mance on previously learned datasets deteriorates drastically
after being trained on new data (Li et al. 2024).

Recently, various LReID methods have emerged, which
can be broadly categorized into two main branches: data
replay-based and knowledge distillation-based. Data replay-
based methods (Yu et al. 2023) rely on storing historical
exemplars to rehearse old knowledge while training new
models (Fig. 1 (c)). Despite their promising anti-forgetting
capabilities, these methods pose significant challenges re-
garding data privacy and impose a substantial storage bur-
den, limiting their applicability in real-world scenarios (Pu
et al. 2022). On the other hand, knowledge distillation-based
methods (Pu et al. 2021) focus on maintaining feature con-
sistency between old and new models to preserve histori-
cal knowledge. However, due to the pronounced domain gap
between old and new data (Fig. 1 (a)), the features learned
from historical data may not be adequately represented in
the new data (Xu, Zou, and Zhou 2024). Consequently, the
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corresponding discriminative knowledge is often overwrit-
ten by the new model, resulting in insufficient anti-forgetting
capacity (Fig. 1 (b)). Additionally, as undistilled histori-
cal knowledge becomes inaccessible in subsequent training
steps, the forgetting effect accumulates over time, leading to
progressively degraded performance on older domains.

To harness the benefits of strong anti-forgetting capabil-
ities and privacy-friendliness from the above LReID solu-
tions, we propose a novel paradigm that regenerates histor-
ical data distributions for old knowledge rehearsal without
storing any exemplars. Our core motivation, illustrated in
Fig. 1 (d), is to develop a distribution rehearsing model capa-
ble of transforming data from the new domain to the old do-
main. Consequently, when new domain data is acquired, old-
style data can be synthesized, enabling the model to achieve
performance comparable to data replay-based methods.

To achieve this, we propose a novel LReID method named
Distribution Rehearse via Adaptive Style Kernel Learning
(DASK), which decomposes the LReID learning process
into two key components: Distribution Rehearser Learning
(DRL) and Distribution Rehearsing-driven LReID Training
(DRRT). DRL aims to learn to transform data from arbitrary
distributions to the current data style in a self-supervised
manner. Considering that different instances possess unique
offsets from the target distribution, we propose predicting a
specific distribution transfer kernel for each instance utiliz-
ing an adaptive kernel prediction network (AKPNet). Then
this kernel is exploited to transform the input image into a
target domain style. DRRT aims to jointly utilize the new
data and the AKPNet model obtained in the previous learn-
ing step to consolidate the new and old knowledge into a
unified model. Specifically, an old AKPNet model is utilized
to transform real new data into old-style data. Then, a joint
knowledge consolidation module leverages the new and gen-
erated old-style data simultaneously, where a joint learning
loss is employed to accumulate knowledge from both kinds
of data. Extensive experimental results validate the superior-
ity of our DASK in knowledge consolidation performance,
compared to state-of-the-art exemplar-free LReID methods.

To summarize, the contributions of this paper are as fol-
lows: (1) We introduce a new LReID paradigm that re-
hearses the distribution of historical domains to mitigate
catastrophic forgetting. (2) A novel non-exemplar LReID
method named DASK is proposed, where an instance-
adaptive distribution adjustment mechanism is developed to
achieve high-quality old-style data generation, and a joint
knowledge consolidation module is designed to achieve ef-
fective knowledge accumulation. (3) Extensive experimental
results demonstrate that DASK achieves state-of-the-art per-
formance in both anti-forgetting and generalization capacity.

Related Work
Person Re-Identification
Previous person re-identification (ReID) works focused on
a closed setting where the test domain is identical to the
training domain (Shi et al. 2025; Yin et al. 2024). How-
ever, such a setting is often impractical since the domains are
variable due to the dynamic environment and camera view-

points (Zhou et al. 2017; Zou et al. 2020). To settle this is-
sue, some works investigated the Domain Adaptation (DA)
and Domain Generalization (DG) tasks (Zheng et al. 2021;
Shi et al. 2024). However, both DA and DG only consider
utilizing static training data, neglecting the training data oc-
curring gradually as time changes. Such a practical scenario
is denoted Lifelong Person Re-Identification (LReID).

Lifelong Person Re-Identification
The catastrophic forgetting problem (Liu, Peng, and Zhou
2024) is the main challenge of LReID. To settle this, existing
LReID works (Ge et al. 2022; Pu et al. 2023) focused on data
replay and knowledge distillation strategies.

The data reply strategy focuses on storing and replaying
exemplars from historical domains (Wu and Gong 2021;
Ge et al. 2022; Yu et al. 2023; Chen, Lagadec, and Bre-
mond 2022; Huang et al. 2022). Although promising anti-
forgetting capacity has been shown, such a strategy is im-
practical due to data privacy (Xu et al. 2024a; Li et al. 2024).
Therefore, in this paper, we investigate the scenario where
no historical exemplar is accessible.

Knowledge distillation (KD) (Pu et al. 2021; Sun and Mu
2022; Xu et al. 2024b; Cui et al. 2024) aims to mitigate
the semantic drift by constraining the output consistency be-
tween the new and old model (Yang et al. 2023; Xu, Zou,
and Zhou 2024). However, since the model output can only
reflect the shared features between the new and old domains,
and the unique features of the historical domains are in-
evitably forgotten as the model updates (Xu, Zou, and Zhou
2024), the anti-forgetting capacity of KD is usually limited.
In this paper, to address the drawbacks of KD, we propose
rehearsing the historical features from the input level.

Distribution Rehearsing
Existing distribution rehearsing works in ReID (Deng et al.
2018; Zhou et al. 2024; Nguyen et al. 2024) focused on do-
main adaptation and multi-domain generalization where the
data of multiple training domains are available at once (Li
et al. 2023; Tan et al. 2023; Wei et al. 2018). However, in
LReID, the datasets of different domains are provided step
by step. Therefore, the existing methods that rely on directly
utilizing multi-domain inputs are infeasible in LReID. In this
paper, we instead investigate transferring the data of arbi-
trary distributions to the known style, thereby the old distri-
bution can be rehearsed without storing historical exemplars.

The Proposed Method
Problem Definition
In the LReID task, a stream of T training datasets D =
{Dt}Tt=1 is given step by step, where Dt = {(xi, yi)}nt

i=1
contains nt pairs of image xi and corresponding identity la-
bel yi. When Dt is given, the previous t − 1 datasets are
inaccessible (Xu et al. 2024b). After the t-th training step,
the trained model is denoted as Mt. The final model MT

is evaluated on T testing datasets Dte = {Dte
t }Tt=1 which

are collected form T training domains. Besides, additional
U datasets Dun = {Dun

t }Ut=1 collected from novel domains
are used to evaluate the generalization capacity MT .
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Figure 2: The overall components of our DASK method. At each training step, a new domain dataset Dt is given. (a) DRRT
scheme generates the old-style data to enhance knowledge consolidation as the LReID model Mt learns from Dt. (b) DRL
mechanism trains an Adaptive Kernel Prediction Network (AKPNet) to achieve instance-specific distribution adjustment, aim-
ing to transform the data of arbitrary domains to domain t, preparing for Dt-style data generation in subsequent training steps.

Overview
As shown in Fig. 2, the proposed method contains a Distri-
bution Rehearsing-driven LReID Training (DRRT) scheme
and an additional Distribution Rehearser Learning (DRL)
mechanism. DRRT aims to learn a ReID model Mt based
on the old model Mt−1, an new AKPNet model Ψt−1 and
the new data Dt. DRL aims to obtain an AKPNet model Ψt

of the current training step based on the new data Dt.

Distribution Rehearsing-driven LReID Training
The main function of DRRT is to generate old-style data and
jointly utilize the real new data and generated data to achieve
new knowledge learning and mitigate catastrophic forget-
ting. As shown in Fig. 2 (a), DRRT primarily contains a Dis-
tribution Rehearsing Module (DRM) and a Joint Knowledge
Consolidation Module (JKCM).

Distribution Rehearsing Module: Given the new data
Dt, DRM utilizes an AKPNet model Ψt−1 to generate a
distribution transfer kernel ki ∈ RC×C×k×k for each image
xi ∈ RW×H×C , i.e. ki = Ψt−1(xi), where H , W , and C
are the image height, width, and channel, respectively. ki is
actually a convolution kernel and k is the kernel size. Then,
ki is utilized to process xi by:

x∗
i = ki ⊛ xi, (1)

where ⊛ denotes the convolution process and x∗
i ∈

RW×H×C is a generated image that contains the distribution
information of the historical domain. Then, x∗

i is assigned
the same identity label yi with xi.

Joint Knowledge Consolidation Module: When the real
new data Dt and the generated data D∗

t are obtained, a

frozen old ReID model Mt−1 and a learnable new ReID
model Mt are utilized to process Dt and D∗

t , where the pa-
rameters of Mt are initialized with Mt−1.

For the new data Dt, given a batch of B input images
x = {xi}Bi=1, the ReID models transform each image into a
d-dimensional feature. Specifically, the features extracted by
Mt−1 and Mt are denoted as f t−1 = {f (i)

t−1 ∈ Rd}Bi=1 and
f t = {f (i)

t ∈ Rd}Bi=1, separately. Then, the cross-instance
similarity matrices St−1 ∈ RB×B and St ∈ RB×B are
calculated by :

St−1 =
Ft−1

||Ft−1||
·

F⊤
t−1

||F⊤
t−1||

St =
Ft

||Ft||
· F⊤

t

||F⊤
t ||

, (2)

where Ft−1 ∈ RB×d and Ft ∈ RB×d are the matrix forms
of f t−1 and f t, respectively. Ft−1

||Ft−1|| is a row-wise L2 nor-
malization process to facilitate model convergence (Xu et al.
2024b). Following (Xu, Zou, and Zhou 2024), the cross-
instance similarity knowledge distillation loss is adopted:

LSKD =
1

B

B∑
i=1

KL((St−1)i
∣∣∣∣(St)i), (3)

where (St)i denotes the i-th row of matrix St. LSKD is an
anti-forgetting loss that aims to maintain the predicted cross-
instance similarity between the old and new models.

To ensure the new knowledge learning, the classical ReID
loss LReID is adopted which consists of a Triplet loss
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LTri (He et al. 2021) and a Cross-Entropy loss LCE . Fol-
lowing the previous LReID works (Xu et al. 2024b), LReID

is calculated by:

LReID = LTri + LCE . (4)

Besides, for the generated data D∗
t , Mt−1 and Mt are

adopted to extract the features f∗
t−1 = {(f (i)

t−1)
∗ ∈ Rd}Bi=1

and f∗
t = {(f (i)

t )∗ ∈ Rd}Bi=1 from the input batch x∗ =
{x∗

i }Bi=1. Then, Eq. 2 and Eq. 3 are adopted to obtain re-
hearsed SKD loss L∗

SKD based on f∗
t and f∗

t−1. Then, the
rehearsed ReID loss L∗

ReID is calculated following Eq. 4.
Note that L∗

ReID ensures the new model Mt learns with
old-style data under accurate new identity labels, which not
only enhance historical discriminative knowledge consolida-
tion but also guide the model to mine the domain-irrelevant
knowledge, thus improving the model’s generalization ca-
pability. Besides, L∗

SKD aims to maintain the cross-instance
similarity structure under the historical data style, improving
the structural knowledge transfer from Mt−1 to Mt, which
is complementary to the function of L∗

ReID.
ReID Model Training and Inference: When jointly uti-

lizing D∗
t and Dt to training the new model Mt, the overall

loss is calculated by:

LTotal = LReID + αLSKD + β(L∗
ReID + αL∗

SKD), (5)

where α and β are hyperparameters to balance the new
knowledge learning and historical knowledge forgetting. Be-
sides, following previous works (Li et al. 2024; Xu et al.
2024b), the Exponential Moving Average (EMA) strategy is
adopted to fuse the new and old model:

Mt ← λMt−1 + (1− λ)Mt, (6)

where λ is a weight to balance the new and old parameters.
During inference, only the final model MT is utilized

to extract image features for person matching. Thus our
method does not introduce additional computational over-
head beyond a feature extractor backbone at the test stage.

Distribution Rehearser Learning
Due to data privacy, the data of different domains can not
be obtained simultaneously, thus the existing style transfer
methods that rely on the data of multiple accessible domains
are infeasible (Deng et al. 2018; Zhou et al. 2024; Nguyen
et al. 2024). To settle this, in our DRL mechanism, we first
introduce a Distribution Augmentation strategy to gener-
ate random domain data for cross-domain distribution trans-
fer learning. Then, a Distribution Reconstruction design is
adopted to guide the model to learn to transfer the distribu-
tion augmented data into the current domain.

Distribution Augmentation: Firstly, given the new do-
main data Dt, we obtain the mean µi = {µr

i , µ
g
i , µ

b
i} and

standard deviation σi = {σr
i , σ

g
i , σ

b
i } of the R,G,B chan-

nels in each image xi. Then, the standard deviations of µi
and σi across the images in Dt are also obtained, which are
denoted as σµ = {σr

µ, σ
g
µ, σ

b
µ} and σσ = {σr

σ, σ
g
σ, σ

b
σ}, re-

spectively. Note that µi and σi reflect the instance-specific
color distribution, while σµ and σσ reflect the overall color
distribution within domain t.

Then, for an input image xi, its distribution is augmented
by Gaussian Sampling. Specifically, the augmented mean
µr
i
′ and standard deviation σr

i
′ of the R channel are sampled

according to µr
i
′ ∼ N (µr

i , σ
r
µ
2) and σr

i
′ ∼ N (σi, σ

r
σ
2),

respectively. Furthermore, the augmented R channel data
xr
i
′ ∈ RW×H of the image xi is obtained by:

(xr
i
′)m,n =

(xr
i )m,n − µr

i + µr
i
′

σr
i

· σr
i
′, (7)

where xr
i is the original R channel data of xi, (m,n) is the

coordinate of a pixel. Similarly, the augmented G channel
xg
i
′ and B channel xb

i
′ are generated. Once the color distri-

bution augmentation is applied, the random Gaussian blur is
also employed to further improve the texture diversity of the
augmented image xi

′.
Distribution Reconstruction: To address the factor that

different instances possess unique distribution drifts, we in-
troduce the adaptive kernel prediction network (AKPNet)
which consists of a lightweight CNN backbone and a linear
layer. Specifically, AKPNet generates a Distribution Trans-
fer Kernel ki for the input x′

i, as shown in Fig. 2 (b).
Then, ki serves as a convolution kernel to process x′

i and
the obtained reconstructed image is denoted as x′′

i . A self-
supervised reconstruction loss LReC is applied as follows:

LReC = ||xi − x′′
i ||, (8)

where x′′
i = Ψt(x

′
i)⊛x′

i. Therefore, Ψt is forced to recover
the original distribution of xi from the augmented data x′

i.
Thus when the new data Dt+1 from an arbitrary domain is
given, the distribution of Dt can be rehearsed.

Discussion and Analysis
In this section, we discuss the effectiveness of DASK in
learning to transform x′

i into the distribution of xi, in com-
parison with existing distribution rehearsing solutions.

Compared to Statistics Predicting-based Method: The
existing method, CoP (Gu et al. 2023) considers the reverse
process of Eq. 7, where the intensity of the R channel of a
pixel (xr

i )m,n can be represented as:

(xr
i )m,n =

σr
i

σr
i
′ (x

r
i
′)m,n + µr

i − µr
i
′, (9)

which is a hypothetical model that only involves the linear
transformation of pixels. However, directly predicting σr

i

σr
i
′

and µr
i − µr

i
′ lacks the content-level constraints, leading to

unrealistic reconstruction as shown in Fig. 5 (b). Instead, in
our DASK, the reconstruction for each pixel (xr

i )m,n can be
deduced as a neighborhood-weighting process:

(xr
i )m,n =

∑
j∈{r,g,b}

1∑
p=−1

1∑
q=−1

kj
i,p,q(x

r
i
′)m+p,n+q + bri , (10)

where kji,p,q is a weight element of ki, and bri is the bias of
channel R. Note that Eq. 9 is a special case of Eq. 10 when
kji,p,q=0, w.r.t. p ̸= 0, q ̸= 0. Thus, the proposed instance-
adaptive transfer kernel prediction can handle the instance-
specific linear hypothesis and model the adjacent relations
simultaneously, obtaining better reconstructions.
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Method Publication
Market-1501 CUHK-SYSU DukeMTMC MSMT17 CUHK03 Seen-Avg UnSeen-Avg
mAP R@1 mAP R@1 mAP R@1 mAP R@1 mAP R@1 mAP R@1 mAP R@1

JointTrain - 78.9 90.9 86.7 88.2 71.2 82.9 36.2 61.2 61.2 63.4 66.8 77.3 59.4 52.6

C
IL

LwF T-PAMI 2017 56.3 77.1 72.9 75.1 29.6 46.5 6.0 16.6 36.1 37.5 40.2 50.6 47.2 42.6
SPD ICCV 2019 35.6 61.2 61.7 64.0 27.5 47.1 5.2 15.5 42.2 44.3 34.4 46.4 40.4 36.6
PRD ICML 2023 7.3 18.0 33.5 35.6 3.7 7.6 0.8 2.4 33.8 33.8 15.8 19.5 23.0 17.7
PRAKA ICCV 2023 37.4 61.3 69.3 71.8 35.4 55.0 10.7 27.2 54.0 55.6 41.3 54.2 47.7 41.6
FCS CVPR 2024 58.3 78.5 75.1 76.2 42.6 59.8 10.2 24.3 35.3 34.9 44.3 54.7 52.1 44.2

L
R

eI
D

CRL WACV 2021 58.0 78.2 72.5 75.1 28.3 45.2 6.0 15.8 37.4 39.8 40.5 50.8 47.8 43.5
AKA CVPR 2021 51.2 72.0 47.5 45.1 18.7 33.1 16.4 37.6 27.7 27.6 32.3 43.1 44.3 40.4
PatchKD ACM MM 2022 68.5 85.7 75.6 78.6 33.8 50.4 6.5 17.0 34.1 36.8 43.7 53.7 49.1 45.4
MEGE T-PAMI 2023 39.0 61.6 73.3 76.6 16.9 30.3 4.6 13.4 36.4 37.1 34.0 43.8 47.7 44.0
ConRFL PR 2023 59.2 78.3 82.1 84.3 45.6 61.8 12.6 30.4 51.7 53.8 50.2 61.7 57.4 52.3
CKP ACM MM 2024 53.8 76.0 81.2 83.0 49.7 67.0 18.4 40.8 44.1 45.8 49.4 62.5 58.0 51.0
LSTKC AAAI 2024 54.7 76.0 81.1 83.4 49.4 66.2 20.0 43.2 44.7 46.5 50.0 63.1 57.0 49.9
DKP CVPR 2024 60.3 80.6 83.6 85.4 51.6 68.4 19.7 41.8 43.6 44.2 51.8 64.1 59.2 51.6
DASK This Paper 61.2 82.3 81.9 83.7 58.5 74.6 29.1 57.6 46.2 48.1 55.4 69.3 65.3 58.4

Table 1: Comparison results of Seen-domain anti-forgetting and UnSeen-domain generalization on Training Order-1.

Compared to Shared Generation Network-based
Methods: When training a shared generation network for
the images, if a shallow network is adopted, the parameter
kji,p,q in Eq. 10 is fixed across all inputs. Thus the reconstruc-
tion loss forces the model to learn an average style of the tar-
get domain (as the illustration of Shared Conv in Fig. 5 (b)).
While deep networks can model more complex distributions,
they demand large amounts of training data, which is im-
practical for lifelong learning (Wang et al. 2020). Besides,
deep generation networks introduce higher computational
overhead (Wang et al. 2023) compared to our lightweight
AKPNet. Therefore, our approach offers an effective and ef-
ficient means to achieve high-quality reconstruction.

Experiment
Datasets and Evaluation Metrics
Datasets: All the experiments are conducted on the LReID
benchmark (Pu et al. 2021), which contains five training
subsets (Market-1501 (Zheng et al. 2015), DukeMTMC-
reID (Ristani et al. 2016), CUHK-SYSU (Xiao et al.
2016), MSMT17-V2 (Wei et al. 2018), and CUHK03 (Li
et al. 2014)) and seven novel subsets (CUHK01 (Li,
Zhao, and Wang 2012), CUHK02 (Li and Wang 2013),
VIPeR (Gray and Tao 2008), PRID (Hirzer et al. 2011), i-
LIDS (Branch 2006), GRID (Loy, Xiang, and Gong 2010),
and SenseReID (Zhao et al. 2017)). The training and novel
subsets are used for anti-forgetting and generalization eval-
uation, respectively. Following the previous works (Sun and
Mu 2022), two training orders are adopted to imitate varying
domain gaps 1 2.

Evaluation Metrics: Following previous LReID works
(Pu et al. 2021; Sun and Mu 2022), the mean Average Preci-
sion (mAP) and Rank@1 (R@1) accuracy are calculated on

1(Order-1) Market-1501→CUHK-SYSU→DukeMTMC-reID
→ MSMT17→CUHK03

2(Order-2) DukeMTMC-reID→MSMT17→Market-1501→
CUHK-SYSU →CUHK03

the subsets to show the model’s adaptation to each domain.
Besides, the average mAP and R@1 are also calculated to
evaluate the overall anti-forgetting and generalization capac-
ity on the training (Seen) and novel (Unseen) domains.

Implementation Details
To ensure a fair comparison with previous works (Xu et al.
2024b), we adopt ResNet-50 as the backbone of our ReID
model. The backbone of the AKPNet is the Mobilenet-
v3 (Howard et al. 2019). When training the ReID model,
the first dataset D1 is trained for 80 epochs and the subse-
quent t − 1 datasets are trained for 60 epochs. As for the
distribution rehearsing learning, each dataset is trained for
50 epochs. The input images are resized to 256 × 128 with
random cropping, erasing, and horizontal flipping augmen-
tation. The hyperparameters α, β, and λ are set to 1.0, 4.5,
and 0.5 respectively. The training pipeline shown in Fig. 2
(a) DRRT and (b) DRL are conducted independently. To pre-
vent the continuous growth of storage overhead, only one
old AKPNet model, Ψt−1, is retained for DRRT at the t-
th training step. All experiments are conducted on a single
NVIDIA 3090 GPU.

Compared Methods
We compare the proposed method with two streams of meth-
ods: Class Incremental Learning (CIL) methods (LwF (Li
and Hoiem 2017), SPD (Tung and Mori 2019), PRAKA (Shi
and Ye 2023), and FCS (Li, Peng, and Zhou 2024)) and
Non-exemplar LReID methods (CRL (Zhao et al. 2021a),
AKA (Pu et al. 2021), PatchKD (Sun and Mu 2022),
ConRFL (Huang et al. 2023), MEGE (Pu et al. 2023),
LSTKC (Xu, Zou, and Zhou 2024), CKP (Xu et al. 2024a)
and DKP (Xu et al. 2024b)). CIL is the most popular life-
long learning task and the CIL methods can be directly ap-
plied to the LReID task. Besides, the JointTrain that indi-
cates collecting the training data of all seen domains to train
the model is also reported, which is commonly regarded as
the upper bound of LReID methods (Pu et al. 2023). All
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Method Publication
DukeMTMC MSMT17 Market-1501 CUHK-SYSU CUHK03 Seen-Avg UnSeen-Avg
mAP R@1 mAP R@1 mAP R@1 mAP R@1 mAP R@1 mAP R@1 mAP R@1

JointTrain - 71.2 82.9 36.2 61.2 78.9 90.9 86.7 88.2 61.2 63.4 66.8 77.3 59.4 52.6

C
IL

LwF T-PAMI 2017 42.7 61.7 5.1 14.3 34.4 58.6 69.9 73.0 34.1 34.1 37.2 48.4 44.0 40.1
SPD ICCV 2019 28.5 48.5 3.7 11.5 32.3 57.4 62.1 65.0 43.0 45.2 33.9 45.5 39.8 36.3
PRD ICML 2023 3.6 8.2 0.6 1.8 8.9 22.3 34.6 36.1 35.4 35.3 16.6 20.7 20.7 15.0
PRAKA ICCV 2023 31.2 48.7 6.6 19.1 47.8 69.8 70.4 73.0 54.9 56.6 42.2 53.4 48.4 41.1
FCS CVPR 2024 53.6 70.0 9.5 23.5 48.7 69.9 76.2 78.2 37.1 38.4 45.0 56.0 52.7 45.1

L
R

eI
D

CRL WACV 2021 43.5 63.1 4.8 13.7 35.0 59.8 70.0 72.8 34.5 36.8 37.6 49.2 45.3 41.4
AKA CVPR 2021 32.5 49.7 - - - - - - - - - - 40.8 37.2
PatchKD ACM MM 2022 58.3 74.1 6.4 17.4 43.2 67.4 74.5 76.9 33.7 34.8 43.2 54.1 48.6 44.1
MEGE T-PAMI 2023 21.6 35.5 3.0 9.3 25.0 49.8 69.9 73.1 34.7 35.1 30.8 40.6 44.3 41.1
ConRFL PR 2023 34.4 51.3 7.6 20.1 61.6 80.4 82.8 85.1 49.0 50.1 47.1 57.4 57.9 53.4
CKP ACM MM 2024 49.4 67.0 14.5 33.8 56.0 77.6 83.2 84.9 45.3 47.1 49.7 62.1 57.2 50.0
LSTKC AAAI 2024 49.9 67.6 14.6 34.0 55.1 76.7 82.3 83.8 46.3 48.1 49.6 62.1 57.6 49.6
DKP CVPR 2024 53.4 70.5 14.5 33.3 60.6 81.0 83.0 84.9 45.0 46.1 51.3 63.2 59.0 51.6
DASK This Paper 55.7 74.4 25.2 51.9 71.6 87.7 84.8 86.2 48.4 49.8 57.1 70.0 65.5 57.9

Table 2: Comparison results of Seen-domain anti-forgetting and UnSeen-domain generalization on Training Order-2.

Figure 3: Anti-forgetting tendency on seen domains.

experimental results are reported following the official pub-
lications or implemented with the official codes.

We present the performance of different methods on each
seen domain, and the average performance across all seen
domains (Seen-Avg) and unseen domains (UnSeen-Avg) in
Tab. 1 and Tab. 2, corresponding to Training Order-1 and
Training Order-2 respectively. The best and second best re-
sults are highlighted in Red and Blue, separately.

Seen-Domain Performance Evaluation
Compared to CIL Methods: In Tab. 1 and Tab. 2, our
DASK outperforms all CIL methods on the first four sub-
sets, obtaining 11.1%/14.6% and 12.1%/14.0% Seen-Avg
mAP/R@1 improvements on two training orders. This is
because CIL methods focus on improving the recognition
capacity of known classes, whereas the identity classes of
the test data are usually unseen during training. DASK ob-
tains inferior results compared to PRAKA on the last sub-
set CUHK03 due to the anti-forgetting designs of DASK
partly limiting the learning of new data. The significantly
superior average performance of DASK underscores that the
proposed distribution rehearsing design can boost the model

Figure 4: Generalization tendency on unseen domains.

to achieve a better balance between learning and forgetting.
Compared to LReID Methods: In Tab. 1 and Tab. 2,

our DASK achieves leading performance on most subsets,
with 3.6%/5.2% and 5.8%/6.8% Seen-Avg mAP/R@1 im-
provements compared to the state-of-the-art DKP. DASK
achieves competitive results compared to PatchKD and Con-
RFL on the initial and last subsets, respectively. This is be-
cause PatchKD adopts strong anti-forgetting constraints and
ConRFL adopts looser ones, resulting in over-emphasized
performance on the first and last domains. In contrast, our
method achieves a better balance between acquisition and
forgetting under the proposed distribution rehearsing mech-
anism. As a result, significantly superior results on the mid-
dle subsets and Seen-Avg metrics are obtained.

Seen Domain Performance Tendency: Fig. 3 shows the
seen domain evaluation results across the training steps. Our
DASK achieves similar performance with existing methods
initially and consistently outperforms them from the second
training step. These results arise because DASK adopts the
same baseline as existing methods but the distribution re-
hearing design improves the knowledge consolidation ca-
pacity of our model during subsequent learning steps.
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Seen-Avg UnSeen-Avg
Method mAP R@1 mAP R@1
Baseline 48.7 60.7 55.5 48.2
Style Augmentation 48.6 63.1 59.9 52.3
Shared Convolution 48.6 61.2 55.7 48.8
Statistical Prediction (CoP) 51.2 65.1 61.3 53.9
DASK 55.4 69.3 65.3 58.4

Table 3: Ablation on the input training data of ReID model.

Seen-Avg UnSeen-Avg
Baseline L∗

ReID L∗
SKD mAP R@1 mAP R@1

✓ ✗ ✗ 48.7 60.7 55.5 48.2
✓ ✓ ✗ 55.0 68.8 63.4 56.0
✓ ✗ ✓ 49.9 61.5 56.3 49.2
✓ ✓ ✓ 55.4 69.3 65.3 58.4

Table 4: Ablation on the rehearsing-guided loss components.

Unseen-Domain Generalization Evaluation
Compared to CIL and LReID Methods: As shown in the
UnSeen-Avg terms in Tab. 1 and Tab. 2, our DASK outper-
forms all CIL and LReID methods by at least 6.1%/6.1%
and 6.5%/4.5% mAP/R@1 on two training orders, which is
a more significant improvement compared to the seen do-
mains. This can be attributed to the distribution rehears-
ing design that enriches the data domains at each train-
ing step, guiding the model to learn both intra-domain and
inter-domain discriminative knowledge, thus improving the
model’s generalization capacity to unknown conditions.

UnSeen Domain Performance Tendency: In Fig. 4, our
DASK gradually demonstrates significant superiority in un-
seen domain performance compared to existing methods as
the training steps increase. This is because our distribution
rehearsing design enables the model to jointly learn from
multiple seen domains to mine generalizable knowledge.

Ablation Studies
We conduct ablation studies on the proposed components
under Training Order-1 of the LReID benchmark as follows.

Ablation on Distribution Rehearsing Strategy: In
Tab. 3, additional distribution rehearsing choices are com-
pared with our DASK: (1) Baseline denotes using only
the new data for training. (2) Style Augmentation denotes
adopting the distribution-augmented data in Fig. 2 (b). (3)
Shared Convolution denotes using a shared convolution ker-
nel for all images. (4) Statistical Prediction indicates predict-
ing only the mean and standard deviation of the transferred
image, as conducted by CoP (Gu et al. 2023). The results
show our DASK significantly outperforms the other solu-
tions. Note that Style Augmentation can generate unreason-
ably hard samples that disturb model learning, Shared Con-
volution applies the same transformation to all images, ne-
glecting instance-level distribution alignment, and Statisti-
cal Prediction ignores informative contextual clues. As a re-
sult, the distribution rehearsing strategy of DASK generates
higher-quality old-style data and improves lifelong learning
due to the adaptive distribution transfer kernel design.

Target

D
om

ain 1
D

om
ain 2

Input OursShared
Conv

CoP Input OursShared
Conv

CoP

New Domain Feature Old Domain Feature Rehearsed Domain Feature

MSMT17 DukeMTMC DukeMTMC CUHK-SYSU CUHK03     DukeMTMC
(a) Effect on feature distribution

(b) Effect on generated images

Figure 5: Visualization of distribution rehearsing effects.

Effectiveness of Rehearsing-guided Loss Components:
In Tab. 4, Baseline denotes training with LReID and LSKD.
By progressively incorporating the L∗

ReID and L∗
SKD, the

results demonstrate marked improvements in LReID perfor-
mance. Specifically, L∗

ReID facilitates the network in rein-
forcing discriminative features from old domains. Concur-
rently, L∗

SKD enhances structural consistency, which miti-
gates the forgetting caused by parameter overwriting.

Visualization results: Fig. 5 (a) is the t-SNE visualization
of the features of the new, old, and rehearsed (transferred
from new) domains. There are obvious gaps between new
and old feature distributions, while the distributions of re-
hearsed features and old features overlap significantly. These
results demonstrate that our domain rehearsing strategy can
effectively generate old-style data. Besides, Fig. 5 (b) visual-
izes generated images of Shared Convolution, CoP and ours.
It is evident that our generations more closely resemble the
styles of various target domains, supporting the analysis in
Sec. Ablation on Distribution Rehearsing Strategy.

Conclusion
In this paper, we propose DASK, a novel exemplar-free
LReID method. The key idea is a paradigm that models and
rehearses the distribution of the old domains to enhance life-
long knowledge consolidation. To achieve this, a Distribu-
tion Rehearser Learning mechanism is introduced, where an
adaptive kernel prediction network (AKPNet) is designed to
generate an instance-specific domain transfer kernel, achiev-
ing a fine-grained style adjustment. Besides, a Distribution
Rehearsing-driven LReID Training scheme is introduced to
accomplish new knowledge learning and old knowledge ac-
cumulation. Our results underscore that the input distribu-
tion is closely relevant to the learned knowledge in LReID,
and the image level distribution rehearsing is effective for
addressing catastrophic forgetting. In future work, we will
investigate extending our distribution rehearing design to
more lifelong learning tasks.
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