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Mitigate Catastrophic Remembering via Continual
Self-Paced Dual-Knowledge Purification for Noisy
Lifelong Person Re-Identification

Kunlun Xu", Jiangmeng Li"”, Yufei Guo

Abstract—Current Lifelong Person Re-Identification (LReID)
methods focus on tackling the data streams with accurate labels.
When the data streams with noisy labels are given, their perfor-
mance is severely degraded since the model continually remembers
erroneous knowledge induced by the label noise. Moreover, the
well-known issue of catastrophic forgetting in LRelD is exacerbated
by noisy labels, which disrupt the retention of correct knowledge
from previous models. Such a practical Noisy LRelID task is impor-
tant but challenging, and few works have attempted to address
it. In this paper, we pioneer the investigation of Noisy LRelD
and propose a Continual Self-Paced Dual-Knowledge Purification
(CSDP) method to address the catastrophic remembering of er-
roneous knowledge, catastrophic forgetting of correct knowledge,
and limited acquisition capacity, simultaneously. Specifically, both
local distribution information and global classification results are
jointly leveraged to enhance the recognition and correction of noisy
labels. In addition, a self-paced learning paradigm is introduced
to facilitate the progressive accumulation of reliable knowledge.
Finally, a Noisy LReID benchmark is constructed to support re-
search on this task. Extensive experimental results demonstrate
that the proposed CSDP method, under comparable computational
overhead, outperforms state-of-the-art methods by a large margin.

Index Terms—Lifelong learning, person re-identification, label
noise learning, knowledge purification.

1. INTRODUCTION

ERSON re-identification (RelD) [2], [3], [4] aims to
match images of the same individual across different non-
overlapping camera views. Most existing RelD studies focus

Received 26 September 2025; revised 18 April 2026; accepted 9 May 2026.
Date of publication 15 May 2026; date of current version 4 September 2026. This
work was supported in part by the National Key R&D Program of China under
Grant 2024YFA 1410000, in part by the National Natural Science Foundation
of China under Grant 62376011, Grant 62525201, Grant 62132001, Grant
62432001, and Grant 62406313, in part by Beijing Natural Science Foundation
under Grant L.247006 and Grant L257005, and in part by the Postdoctoral
Fellowship Program of China Postdoctoral Science Foundation under Grant
YJB20250283. Recommended for acceptance by W. Zheng. (Kunlun Xu and
Jiangmeng Li contributed equally to this work.) (Corresponding author: Jiahuan
Zhou.)

Kunlun Xu, Yuxin Peng, and Jiahuan Zhou are with the Wangxuan Institute
of Computer Technology, Peking University, Beijing 100080, China (e-mail:
xkl@stu.pku.edu.cn; pengyuxin@pku.edu.cn; jiahuanzhou@pku.edu.cn).

Jiangmeng Li is with the Institute of Software, Chinese Academy of Sciences,
Beijing 100190, China (e-mail: jiangmeng2019 @iscas.ac.cn).

Yufei Guo is with Intelligent Science & Technology Academy of CASIC,
Beijing 100041, China (e-mail: yfguo@pku.edu.cn).

Our code is available at https://github.com/zhoujiahuan1991/TPAMI-CSDP

This article has supplementary downloadable material available at
https://doi.org/10.1109/TPAMI.2026.3693671, provided by the authors.

Digital Object Identifier 10.1109/TPAMI.2026.3693671

, Yuxin Peng

, Fellow, IEEE, and Jiahuan Zhou

on stationary settings, where the camera environments remain
unchanged [5], [6], [7]. Recently, lifelong person re-
identification (LReID) [8], [9], [10], [11] has attracted increasing
attention, as it aims to learn continuously from non-stationary
data streams, resembling the human learning process over time.
Despite this progress, most existing LReID methods assume
perfectly annotated training data [1], [12], [13]. In practice,
labels are often noisy due to inaccurate person detection or an-
notation errors [14], [15], and prior studies have shown that such
noise can significantly degrade RelD performance in stationary
scenarios [16], [17].

In the LRelD scenario, models are particularly vulnerable
to label noise. As illustrated in Fig. 1(a), traditional methods
are trained on clean data with correct labels, thereby learning
accurate affinity relationships. In contrast, in noisy data, label
noise (i.e., incorrect identity annotations) introduces erroneous
affinity. As shown in Fig. 1(b), when trained on noisy data,
the model learns incorrect identity affinities [17], resulting in
noticeable performance degradation on new data. Furthermore,
as illustrated in Fig. 1(c), even if correct knowledge has been
acquired from earlier stages, label noise in subsequent data
can inject erroneous information, causing the model to forget
previously learned correct affinity [18], [19]. This effect exacer-
bates catastrophic forgetting [20] and leads to degraded perfor-
mance on historical data. In addition, as shown in Fig. 1(d), the
model may accumulate erroneous affinity learned from earlier
noisy stages, which further hinders the acquisition of correct
knowledge in later stages, ultimately degrading the average test
performance. This phenomenon is denoted as catastrophic re-
membering. These issues substantially impair the effectiveness
of existing LRelD and continual learning methods [1], [9], [11],
[12], [21].

One straightforward solution for the Noisy LReID problem
is to incorporate the label noise learning (LNL) [14], [22]
approaches with the LReID methods. In LNL, filtering- and
rectification-based methods have demonstrated advanced per-
formance, particularly in ReID [17]. Most existing approaches
rely on Gaussian Mixture Models (GMM) [3], [17], [23] to
detect incorrect labels or adopt k-Means clustering [24], [25],
[26] to relabel noisy samples. Despite their success, as shown
in Fig. 2(a), GMM-based methods rely on classification loss
and often discard correct samples that deviate from the class
center. Meanwhile, as shown in Fig. 2(b), cluster-based methods
enforce a fixed number of clusters. However, in RelD, a single
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Fig. 1. (a) Visualization of the labeled data and the corresponding affinity
matrix, which represents the pairwise matching scores between instances. Noisy
data contains wrong labels that introduce erroneous inter-instance affinity knowl-
edge. During LRelD, noisy data not only (b) influences the knowledge learning
of new datasets but also (c¢) exacerbates the forgetting of correct historical
knowledge. Besides, (d) the learned erroneous knowledge is remembered by the
new model My which severely hinders the LReID performance. The experiment
results are obtained from the latest LReID method [1].

identity often exhibits substantial appearance variation due to
changes in viewpoint, pose, and background, while different
identities may share high similarity in these visual characteris-
tics [27], [28]. Therefore, these methods tend to mix samples
from different identities and generate incorrect labels, which
can constrain model performance. Consequently, when existing
LNL methods are directly applied to the Noisy LRelD scenario,
the challenges illustrated in Fig. 1(b), (c), and (d) persist.

In our conference version, we proposed CKP (Fig. 2(c)),
which exploits local relations to identify noisy labels by al-
lowing multiple adaptive local clusters within each identity,
thereby capturing intra-identity diversity. However, CKP still
faces two challenges: 1) Inevitable noise within local clusters
and neglected outliers during clustering, leading to limited data
utilization capacity. 2) After each data purification iteration,
newly identified hard samples are incorporated together with
easy samples for training. However, since these hard samples
often exhibit features that differ significantly from the current
model’s learned representations, directly optimizing on them
may corrupt the previously learned robust features and lead the
model to suboptimal solutions [29]. This, in turn, intensifies
catastrophic forgetting and disrupts the overall learning process.

To address the above challenges, we propose a novel
method named Continual Self-Paced Dual-Knowledge

IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. 48, NO. 10, OCTOBER 2026

-——

(@ Clean Data for Different IDs ‘\. .\ ,‘ Selected Training Data
* Classifier A Correct Label is @ but annotated as O

AO \\\ Cluster 1 AO

. @ @
% o © A
e SO o °°

OO(Q*‘/\,f A

@) AO\\.‘A_‘IQ @ @) l’ A .V
O 1 .
© © Cluster 2 1’ Cluster 3
(a) GMM-based (b) Cluster-based
Local Ril?tif\rlA A o Local g{ation AO
] =S, O Vs ~ O
[} & I ~
‘ ﬁ% © | | NG 00
Classifier \
% @i | | U2 A
A X @83 AN \
© Do A\ Rey | | © D4 \7?‘,
A - ’ S o LN
o o = ® o
(¢) Local Relation-based (CKP) (d) Dual-Knowledge-based (CSDP)

7/

Fig.2. Comparison of different noisy label filtering and rectification methods.

Purification (CSDP). Specifically, we design a Local-Global
Collaborative Purification (LGCP) mechanism that jointly
leverages the global knowledge within classification scores and
local relations to discard noisy labels while retaining as many
correct ones as possible, as illustrated in Fig. 2(d). Then, to
improve new knowledge acquisition and handle catastrophic
remembering (Fig. 1(d)) during model training, we introduce
a Self-Paced Noisy Knowledge Evolution scheme (SNKE),
where the purified data are divided into subsets of increasing
hardness, upon which a self-paced learning mechanism is
built to progressively incorporate harder samples to enhance
model learning. In addition, an Erroneous Knowledge Filtering
algorithm (EKF) is proposed, which estimates the correctness
of historical model outputs and selectively transfers correct
knowledge while excluding erroneous ones. Moreover, instead
of permanently dropping mislabeled samples, we design an
Iterative Label Rectification (ILR) scheme that continuously
refines their labels during training. These rectified samples
can be reintroduced into LGCP for reuse, thereby improving
both data efficiency and model robustness. Therefore, the
above modules work collaboratively to continually purify
the new and historical knowledge under the lifelong noisy
learning scenario. Finally, we construct a new Noisy LReID
Benchmark (NLReID), which contains 5 training domains and
12 testing domains. It includes 2,500 training identities and
over 40,000 images in total. Experimental results demonstrate
that CSDP outperforms state-of-the-art methods across diverse
noisy conditions. In particular, CSDP achieves over 10.0%
improvement when the proportion of noisy labels reaches 30%.

Authorized licensed use limited to: Peking University. Downloaded on October 22,2026 at 11:38:54 UTC from IEEE Xplore. Restrictions apply.



XU et al.: MITIGATE CATASTROPHIC REMEMBERING VIA CSDP FOR NOISY LREID

In summary, our contributions are fourfold: 1) We pioneer the
study of the Noisy LReID problem and construct a comprehen-
sive Noisy LRelID benchmark (NLRelID) to facilitate evaluation.
In addition, we propose a novel CSDP framework to address the
critical issues of catastrophic forgetting and remembering under
label noise. 2) A Local-Global Collaborative Purification mech-
anism is developed to jointly exploit complementary knowledge
from classification scores and local relations, enabling more ac-
curate new knowledge learning while mitigating the acquisition
of erroneous knowledge. 3) A Self-Paced Noisy Knowledge
Evolution scheme is introduced, which incorporates self-paced
noisy model optimization and erroneous knowledge filtering
algorithms to improve learning stability and mitigate catas-
trophic remembering. 4) Extensive experiments under diverse
noise settings demonstrate the effectiveness and superiority of
the proposed CSDP framework compared to state-of-the-art
methods.

This manuscript extends our previous conference paper [30]
with substantial improvements in methodology, analysis, and
experiments: 1) To address the limitations of noisy clustering
and overlooked outliers, we propose a Local-Global Collabora-
tive Purification mechanism that jointly exploits complementary
knowledge from classification scores and local relations, thereby
enhancing correct knowledge acquisition and mitigating the
influence of erroneous labels. 2) To alleviate model instability
caused by directly utilizing all purified data, we introduce a
Self-Paced Noisy Knowledge Evolution scheme that progres-
sively incorporates samples of increasing difficulty, improving
model robustness and learning capacity. 3) Comprehensive the-
oretical justifications are provided in Section IV to validate the
effectiveness and rationality of our method. 4) More ablation
studies and detailed analyses, including ablation studies on
module effectiveness and ablation studies on different baselines.
5) More quantitative and visualization results on the model learn-
ing process, including data purification results, model learning
trends, and training/testing feature distributions as presented in
Section V.

II. RELATED WORK
A. Lifelong Person Re-Identification

Lifelong person re-identification (LRelID) [8], [9], [10], [31],
[32] aims to continuously train a ReID model on non-stationary
data, enhancing its adaptability to diverse environments. Several
research groups [1], [9], [14] have made significant contributions
to the LRelID field, forming a solid foundation for this line of
research. A major challenge in LRelD is catastrophic forget-
ting [33], where performance on previously learned domains
deteriorates sharply when adapting to new ones [32], [34],
[35]. A straightforward solution is to store and replay historical
exemplars [8], [36]. However, preserving human images raises
privacy concerns and increases storage costs. Consequently,
existing LReID methods primarily pursue exemplar-free strate-
gies, such as knowledge distillation, prototype-based learning,
and style transfer. For instance, LSTKC [1] and PatchKD [11]
employ distillation losses to preserve historical representations,
while DKP [12] leverages distributional prototypes for better
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historical information retention. DASK [37] further introduces
an input-level rehearsal mechanism that transforms new data
into historical styles, thereby mitigating forgetting.

Despite these advances, prior works [8], [9], [13], [37], [38],
[39] generally assume access to perfectly annotated training
data. In real-world scenarios, labels are often noisy due to imper-
fect person detection or annotation errors [14], [15], [17], [40],
[41]. This Noisy LRelD setting introduces additional challenges:
i) Noisy labels inject incorrect information into the learning pro-
cess. They can overwrite previously learned correct knowledge
and exacerbate catastrophic forgetting. ii) The accumulation of
erroneous knowledge across historical domains may impair the
model’s generalization capacity, leading to the phenomenon of
catastrophic remembering [42], [43]. iii) The noisy labels can
disturb the acquisition of correct new knowledge, resulting in re-
duced learning capacity. Furthermore, under a higher noise ratio,
these methods suffer from increased performance degradation.
In this work, we present a pioneering systematic investigation
of the Noisy LReID problem and propose an effective baseline
to address this challenging setting.

B. Label Noise Learning

Label Noise Learning (LNL) aims to improve the robust-
ness of models against noisy annotations [44], [45], [46], [47],
[48], [49]. Existing approaches can be broadly categorized
into data modification [23], [50] and loss regularization [51],
[52], [53].

Data modification methods attempt to filter or rectify noisy
data to enhance correct knowledge learning. Most of these meth-
ods rely on the small-loss trick to identify clean samples. For ex-
ample, LCNL [17] and TCL [23] adopt Gaussian Mixture Mod-
els (GMM) to filter noisy data, while DivideMix [54] integrates
GMM with semi-supervised learning (e.g., MixMatch [55]) to
relabel noisy data. Although effective under moderate noise,
their performance deteriorates under high noise due to error
accumulation in pseudo-labeling. Recently, clustering-based
strategies have been explored. PNAL [48] and STC [25] rectify
labels using clustering results, and HOC [56] estimates the label
noise transition matrix based on clusterability. Benefiting from
the robustness of cluster parameters and extracted local rela-
tions, these methods achieved improved noise recognition and
correction capacity [56], [57] in the classification task. However,
person re-identification is a fine-grained, instance-level task,
suffering from large intra-identity diversity [58], [59]. In this
setting, clustering results are often noisy themselves, making it
unreliable to depend solely on clustering.

Loss regularization methods instead modify the training ob-
jective to reduce noise sensitivity. Forward and backward cor-
rection strategies leverage noise transition matrices to main-
tain statistical consistency [60], [61], while methods such as
CORE [14] introduce regularization terms to suppress label bias
in high-confidence predictions [62], [63]. However, these ap-
proaches remain vulnerable to memorization effects when fitting
hard-noise samples. Moreover, noisy samples near distribution
boundaries often exhibit regularization effects similar to clean
samples, leading to weakened noise robustness [30].
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TABLE I
SUMMARY OF THE KEY NOTATIONS IN THIS PAPER

Notation  Description

e The index of model training epoch

T The index of framework cycle round

t The index of the current training step

T The number of training datasets

d; The label distance of an instance x;

Si The data confidence score of an instance x;
sf‘. The label confidence score of an instance x;
wy The knowledge distillation weight

Dy The current training dataset

Dy The updated training dataset after r-th round
Dy~ The clean subset of D}

M The current model trained after r-th round
M1 The final model obtain by the previous training step

Motivated by these limitations, we propose to exploit local
relations to capture fine-grained cues under large inter-identity
diversity. Furthermore, we integrate model predictions with
local relations to improve noisy-label filtering and maximize
the utilization of clean data.

C. Lifelong Learning With Label Noise

The problem of Lifelong Learning with Label Noise has
received limited attention, and existing research mainly focuses
on classification tasks [64], [65], [66], [67]. Most methods
rely on filtering and storing historical exemplars to alleviate
catastrophic forgetting. For example, SPR [64] observed that
replaying noisy data may aggravate forgetting and thus designed
a self-purified replay strategy that stores only clean samples.
Similarly, CNLL [65] maintains separate replay buffers for clean
and noisy data, enabling a joint utilization of both reliable and
unreliable data.

However, in practice, human images are highly privacy-
sensitive [12], making exemplar retention infeasible in many
real-world applications [9], [11]. This limitation renders existing
exemplar-based solutions impractical for lifelong person re-
identification [1], [37]. Besides, these methods typically require
linearly increasing storage and training overhead over time. This
further limits their application in real scenes.

To address this gap, we present a pioneer systematic study of
Noisy LRelD, where catastrophic forgetting of correct knowl-
edge and catastrophic remembering of erroneous knowledge are
simultaneously investigated in an exemplar-free manner.

III. THE PROPOSED METHOD
A. Problem Definition and Formulation

The key notations of this paper are summarized in Table 1.
Specifically, noisy lifelong person re-identification (Noisy
LRelD) aims to continuously learn from a stream of 7" RelD
datasets D" = {D,}]_,, where each dataset contains a certain
proportion of noisy labels. The final model is evaluated on
the corresponding clean test sets D' = {D{¢}L | to measure
both new knowledge acquisition and anti-forgetting ability. In
addition, a set of U extra clean test sets D" = {Dy"}V | is
used to assess the model’s generalization to unseen domains.
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In this paper, the obtained model by training on dataset D, is
denoted as M;. Moreover, the training process on each dataset is
divided into a set of rounds, where the intermediate model after
the r-th round on D is denoted as M.

B. Overview

As shown in Fig. 3, given a noisy training dataset D; at
training step ¢, our approach iteratively generates a rectified
dataset Dy at training round r, where D? is initialized as the
original noisy dataset D;. The proposed Continual Self-Paced
Dual-Knowledge Purification (CSDP) framework consists of
three key components: Local-Global Collaborative Purification
(LGCP), Self-Paced Noisy Knowledge Evolution (SNKE), and
Iterative Label Rectification (ILR). Specifically, LGCP uses two
sources of information: local relationships between instances
and global classification results. Based on these, it estimates
how confident the label of each instance is. Then it builds a
clean and reliable subset, denoted as Dj*. This subset helps
guide the model to learn new data accurately. Building upon
this, SNKE introduces a self-paced learning mechanism that
gradually incorporates hard samples, enhancing model learning
stability and robustness. In addition, an Erroneous Knowledge
Filtering mechanism within SNKE evaluates the correctness of
knowledge of previous models, enabling the active forgetting of
erroneous knowledge while consolidating correct knowledge.
Finally, at the end of the r-th round, the ILR scheme rectifies
noisy labels by integrating model predictions with original label
information, producing an updated rectified dataset D} ™' for
subsequent training.

C. Local-Global Collaborative Purification

Given the noisy dataset D,, we iteratively update the labels of
the images as introduced in Section III-E. The updated dataset
after r-thround is denoted as D . Asis shownin Fig. 3, atthe r-th
round, D} ! and M/ ! is used to process the images and obtain
the features F} = {f}} f\gl. Then, to utilize the complementary
information between local distribution and global view, we
introduce a local-global collaborative paradigm to purify the
noisy labels. Specifically, a Cluster-aware Label Scoring (CLS)
module and a Dual-Knowledge Guided Purification mechanism
are exploited as introduced in the following.

1) Cluster-Aware Label Scoring: To mine the local relation
across instances, we propose to utilize the density-based clus-
tering [68] to adaptively gather instances with shared charac-
teristics, based on which to achieve label confidence estima-
tion. Specifically, given the noisy dataset { (z;,y;)}\, with N,
images x; and corresponding labels y;, the extracted features
are { fi}ivztl. Then, the density-based clustering algorithm (e.g.,
DBSCAN [68]) is adopted to generate N. non-overlapping
clusters, where N, is automatically determined. Each instance
is assigned a cluster-aware label according to its cluster, i.e.
¥i € {1,2,..., N.}. Note that the outliers during the clustering
process are collected as an extra cluster whose cluster label is
set to N, + 1. Then, we generate one-hot embedding I; € R™e
for all instances.
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Given the noisy dataset Dy, our CSDP updates the rectified dataset D} and model M, along the module process rounds 7. The LGCP module aims to

obtain a clean subset D} * for M/ learning. Besides, the SNKE module introduces a self-paced learning paradigm to motivate robust learning within each round
and exploits an Erroneous Knowledge Filtering mechanism to filter the features containing erroneous old knowledge, mitigating catastrophic remembering. Finally,
ILR rectifies the noise labels by fusing the learned knowledge in M/ and label information to further improve the utilization of noisy data.

Then, to bridge the connection between the annotated label
and the geneirated cluster label, an annotation-aware average
cluster label [; for each instance x; is obtained by

N
- 1
ti

where n¢ = Zjv;l d(yi,y;), and 6(y;, y;) is a sign function that
outputs 1 and O when y; = y; and y; # y; respectively. Equation
(1) indicates that given x; with annotated label y;, obtain the
average cluster label of all instances x; that possess the same
annotated label as y;. Therefore, 1, is consistent across instances
with the same annotated label, representing the aggregate value
of each annotated label in the cluster label space.

To quantify the confidence of each instance x;, the label
distance d; is defined as the squared L2 norm between [/; and

l;, represented as:

di = ||l; = 1|13, 2)

where d; measures the disparity between the cluster label y;
and the annotated identity centers. Note that d; € [0,2) (the
justification of this range is provided in Section IV-A). Besides,
the d; values of outliers during clustering are adjusted to 2.
This adjustment is made because the outliers exhibit minimal
resemblance to other instances and thus possess the lowest
confidence. Then the data confidence score s; is calculated by

si=(2—d;)/2, 3)

where s; € [0, 1] with higher values indicating greater trustwor-
thiness of the annotation.

2) Dual-Knowledge Guided Purification: Relying solely on
local relations can be misguided by the noisy clustering results

and neglect the utilization of outlier samples, as shown in
Fig. 2(c). To overcome this issue, we jointly utilize the local
relation score s; extracted by CLS and the classification results
that contain the identity-level global clue. To achieve this, we
generate the label confidence score s! of each instance x; by

“

where w,. is a hyperparameter to balance the weight of local
and global knowledge and g:*l is the identity-wise confidence
vector generated by M/ 1.

Then, we remove the data of low-confidence labels with a
confidence threshold 7, and obtain the clean subset D} *:

Dy = {(zi,y:) }ith, (5)

where each instance z; in D}* has the s! higher than 7. and N}
is the retained instance number.

sézsi*wc+@: yi] * (1 — w,),

D. Self-Paced Noisy Knowledge Evolution

After each round of data purification along the training pro-
cess, LGCP continually introduces more samples as the model
converges, some of which are hard ones and disturb the clean
knowledge learning in earlier rounds. Besides, the old model
inevitably contains erroneous knowledge as shown in Fig. 1(d),
resulting in erroneous knowledge accumulation and disturbing
the learning of correct knowledge. To address these problems,
we introduce a Self-Paced Robust Model Learning scheme and
an Erroneous Knowledge Filtering mechanism as follows.

1) Self-Paced Robust Model Learning: To enhance the learn-
ing stability and inspired by the learning principle of humans,
we introduce a self-paced learning paradigm that gradually
introduces hard samples within each round. Specifically, we first

Authorized licensed use limited to: Peking University. Downloaded on October 22,2026 at 11:38:54 UTC from IEEE Xplore. Restrictions apply.



11872

rank the samples in DJ* from high label confidence score s! to
low. For the e-th epoch within a round, the proportion of data
used for training is

7“6:7“0+6*(1—’)"0)/E, (6)

where 1 is the base data rate, which is set to 0.7 by default. £
indicates the total epoch number within each round. The selected
training data is denoted as S7. With the above mechanism, the
model consolidates the knowledge learned from previous rounds
first and gradually extends to more challenging samples, which
stabilizes training by reducing parameter perturbations.

2) Erroneous Knowledge Filtering: In this section, we aim
to filter the features of samples that reflect the learned correct
knowledge of the old model M;_; and discard the features that
contain erroneous knowledge contained in M;_;. Specifically,
given the clean subset Dy* generated by LGCP, we utilize M;_;
to process the D§* and the generated features { f; ; }fvztl are fed
into the CLS (introduced in Section III-C1), where the obtained
scores of each instance is named feature confidence s7. Then,
a knowledge distillation weight wy is assigned to each instance
x; by

0 <
w? = {0 si<To (7)

1 s¢>T,’

2

where T, is the hyperparameter serving as the threshold of
s¢. Notably, wy = 0 indicates that the old knowledge can not
correctly process the instance z;, thus f} ; primarily contains
erroneous old knowledge and should be discarded during knowl-
edge distillation.

Then we proposed a selective knowledge distillation loss
Lk p to ensure correct old knowledge transfer and active erro-
neous old knowledge forgetting. Specifically, given a batch of
instances 3, a maximum subset 3, where each instance with
wy = 11is selected to calculate the inter-instance relation loss as
follows:

Lskp =Lip (0 (M1 (B,), M (B,))), (®)

where 6,. is a relation evaluation function [1] and Lxp is a
relation knowledge distillation loss [11].

E. Iterative Label Rectification

Although the above LGCP and SNKE modules could guide
the model to learn the correct knowledge, the wrongly labeled
data, which can contain abundant information, are discarded.
To address this drawback, we propose to rectify the annotated
data iteratively along the model learning epochs, ensuring the
correct knowledge learning and enhancing informative data
utilization simultaneously. Specifically, the label rectification is
accomplished by

C))

where y € R™ is a one-hot annotated label embedding and IV,
is the annotated person identity number. The label rectification
weight w; aims to fuse the information of annotation and pre-
diction. §; € R*» is the identity prediction vector generated by
M. y; is utilized to replace y in D} ! to obtain new dataset
Dy.

y; = argmax{y x w; + gy * (1 —w;)},
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Model Training: During training, our framework can be in-
tegrated with existing LReID and LNL methods by introduc-
ing their noisy data learning loss Lgr.;p and our weighted
knowledge distillation loss L4k p. Therefore, the overall loss
is calculated by:

L=Lgerp+ Lskb. (10

Model Inference: We follow existing methods [1], [9], [11]
to use the feature generated by the final model My for person
matching.

IV. THEORETICAL ANALYSIS AND JUSTIFICATIONS
A. Rationality of Data Confidence Score Generation

In our Cluster-based Label Scoring (CLS) strategy, given N,
image-label pairs {(z;,;)},, the features are extracted by
the model, and the DBSCAN clustering algorithm is adopted to
obtain clusters, where the outliers are also gathered as an extra
cluster.

Then, according to the clustering results, each image x; is
assigned a cluster-aware label g; € {1,2,..., N.} where N, is
the cluster number.

Subsequently, we generate one-hot embedding I; € R™- for
each x; according to y;. Therefore, l; satisfies:

N
S =1
j=1

()

where ;" is the j-th element of [;, and for arbitrary j €
{1,2,... N 0<1Y <1,

Besides, according to (1), we obtain the annotation-aware
average cluster label

(1)

Ny
- 1
e (12)
t

l = - ZM@/uyj)lj,

Jj=1

where 0 < L(k) (ke{l,2,...,N.})and §(y;, y,)is a sign func-
tion that outputs 1 and O when y; = y; and y; # y; respectively.
ni indicates the number of images that are annotated with the
same label as x;.

Specifically, n} is obtained by

Ny
ng =Y (i ys), (13)
j=1

where n{ > 1since §(y;,y;) > 0and 6(y;,y;) = 1 wheni = j.
Then, the label distance d; calculation process in (2) of the
main paper could be derived as follows:

di = ||l — L3
2
1
= ||l; — 725(%,%’)13'
ne =
2
nt: —1 1
= [Tl — > 0y il
it L )
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< —L7) Y =D 0w )i
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n 1 2 N. 1 2 N. Ny 2
- k k
() S () S S st
i k=1 M/ S \GAE
ni 1 2 / N. ) 2 1 2 Ny Ne¢ *)
t k k
<(M) () () (D s
t k=1 t j#i k=1
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-
= ; + () 3(yiry;5)
() +Gy) (3500w
; 2 2
ni—1 1 PR
( n > +<nz> (= 1)
; 2
i1
— (”ti ) . (14)
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Therefore, d; € [0,2) and simply s; = (2 — d;)/2 could convert
the label distance d; into label confidence s; € [0, 1] (the d; of
the outliers during clustering are set to 2, thereby allowing the
possibility of s; = 0).

B. Bounded Error Analysis Across Training Rounds

In this section, we analyze the error propagation behavior of
the proposed Continual Self-Paced Dual-Knowledge Purifica-
tion framework and show that the accumulated error remains
bounded across training rounds.

We define the round-level model error at training round r as

Epr = P$~Dt (g;(l’) 7é y*(m)) 5

where y*(x) denotes the ground-truth identity label and ¢} (z)
is the prediction of ILR module. Here, x ~ D, denotes that x is
sampled from the data distribution defined by the dataset D,.
Theorem 1 (Bounded Error Propagation): Assume that:
i) the Local-Global Collaborative Purification (LGCP) module
ensures that the probability p, of selecting an incorrectly labeled
sample into the purified set satisfies p, < c;e, with0 < ¢ < 1;
ii) the Self-Paced Noisy Knowledge Evolution (SNKE) strat-
egy introduces samples with ratio 7, € (0, 1] at round r; and
iii) the Erroneous Knowledge Filtering (EKF) mechanism limits
the probability of distilling erroneous historical knowledge to at
most 6 < 1. Then, the model error across rounds satisfies

(15)

erp1 < ae.+ 5, witha <1, (16)

where &« =1 —n,(1 —¢1)+ 6, and 3 denotes an irreducible
error term induced by intrinsic label noise. Consequently,

B

_a'

limsupe, <
T—00 1

a7
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Proof Sketch: At round r + 1, the error originates from
residual noisy supervision and propagated historical knowledge.
LGCP bounds the noise level of the purified training set, while
SNKE limits the influence of uncertain samples. Meanwhile,
EKEF suppresses erroneous historical knowledge during distilla-
tion. Combining these effects yields the contractive recursion
in (16), which guarantees bounded error accumulation. The
detailed derivation of the conditions and conclusions of Theorem
1 is provided in the supplementary material. (|

V. EXPERIMENTS
A. Benchmark

In this paper, following the existing LReID [9] and Noisy
RelD [14] works, we establish a new Noisy LReID benchmark
(NLRelID) as described below.

Datasets: NLRelD contains 12 RelID datasets. Among them,
5 datasets are used for lifelong training (Market1501 [74],
DukeMTMC-relD [75], CUHK-SYSU [76], MSMT17-V2 [77],
and CUHKO3 [78]), and the other 7 test datasets are used eval-
uate model’s generalizability (CUHKO!1 [79], CUHKO2 [80],
VIPeR [81], PRID [82], i-LIDS [83], GRID [84], and
SenseRelD [85]). The identity configurations of all datasets
follow the settings established in LReID [9]. Detailed dataset
statistics, including the numbers of identities and images in the
training, gallery, and query splits, are visualized in Fig. 4.

Label noise generation: We follow the settings in [14] and
consider two types of noisy annotations:

1) Random noise. A certain percentage (10%, 20%, 30%)
of training samples are randomly reassigned to other identities.
This setting simulates label corruption caused by arbitrary an-
notation errors.

2) Patterned noise. A certain proportion (10%, 20%, 30%) of
training images are mislabeled by assigning them the identity
of their most similar instances from other identities. For each
dataset (i.e., Market-1501, CUHK-SYSU, and DukeMTMC),
an individual ReID model is trained using all clean labels. Then,
this model was employed to measure sample similarity. This
setting is designed to simulate realistic annotation errors that
occur when instances from different identities exhibit highly
similar semantic patterns.

Evaluation Metrics: Following existing LReID works [9],
[11], [36], we adopt mean Average Precision (mAP) and Rank-1
accuracy (R@1) to evaluate model performance on each seen
and unseen dataset. To further assess both lifelong learning abil-
ity and cross-domain generalization, we also report the average
mAP and R@1 across all seen domains and across all unseen
domains, respectively. These are denoted as Seen-Avg mAP,
Seen-Avg R@1, Unseen-Avg mAP, and Unseen-Avg R@1.

B. Implementation Details

Our method is built based on LSTKC [1]. During training,
the first dataset is trained for 80 epochs, and the subsequent
datasets are trained for 60 epochs. 32 identities with 4 images
for each identity are sampled as a mini-batch. The learning rate
and weight decay are set as 0.008 and 0.0001, respectively,
and an SGD optimizer is adopted. The hyperparameters 7, 75,
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(a) ID number of Seen domains

Fig. 4.

(b) Image number of Seen domains (c) ID number of UnSeen domains (d) Image number of UnSeen domains

The statistics of identity (ID) and image numbers for seen and unseen domains in the NLReID benchmark. The varying scales across domains follow the

LReID benchmark convention [9] to mimic dynamic data volumes in practical applications. Noisy-label ratios (10%, 20%, 30%) are described in Section V and

evaluated in Tables II and III.

wy, and w, are set to 0.5, 0.3, 0.3, and 0.5, respectively. For
the DBSCAN algorithm, the parameter € [68] and minimum
samples are set to 0.5 and 3, respectively. All the experiments
are conducted on a single NVIDIA GPU using the PyTorch
framework. Unless otherwise stated, results are reported under
the benchmark setting with 30% random label noise.

C. The Comparison Methods

To comprehensively evaluate our method, extensive state-
of-the-art LRelD approaches (PatchKD [11], KRKC [73],
LSTKC [1], DKP [12], DASK [37] and LSTKC++ [38]) are
compared. Besides, the recent continual learning (CL) methods
LwF [69], LKD [70], LEAD [71], and PASS++ [72] are also
included. In addition, we combine the efficient and state-of-the-
art LReID method, LSTKC, with the latest noisy label learning
methods (LCNL [17], DICS [53], CORE [14], PNET [51] and
SELF [14]) to adapt them to the Noisy LRelD scenario. For
fairness, all methods are implemented using their official code-
bases, and a consistent ResNet-50 backbone, data noise ratio,
and noise type are adopted across all comparisons.

D. Comparison With State-of-The-Art Methods

Tables II and III visualize the results on the NLReID bench-
mark under random and patterned noise, respectively. The best
results in each setting are highlighted in RED, and the second-
best in BLUE.

Compared to CL Methods: As shown in Tables II and III,
continual learning (CL) approaches exhibit inferior performance
compared to state-of-the-art LReID, LNL, and Noisy LReID
methods. This performance gap arises because most CL meth-
ods are originally designed for image classification with clean
labels. In Noisy LRelD scenarios, the supervision conditions are
naturally noisy and fine-grained. As a result, their ability to gain
new knowledge and remember old knowledge is greatly limited.

Compared to LRelID Methods: As shown in Tables II and III,
our CKP and CSDP both achieve substantially better average
performance on both seen and unseen domains compared to
existing LReID methods. Specifically, when the random noise

ratio increases from 10% to 30%, state-of-the-art LReID meth-
ods suffer severe performance drops, with average mAP and
R@1 degradation of 12%-24%. In contrast, CKP and CSDP
experience at most 6.1% and 2.6% degradation, respectively.
The robustness of CKP results from its local relation-based data
purification and erroneous knowledge filtering designs, while
CSDP further improves performance by incorporating global
classification clues that improve clean data utilization and a
self-paced learning mechanism that stabilizes model training.

Compared to LNL Methods: Tables IT and III further show that
CKP and CSDP consistently outperform state-of-the-art LNL
approaches (CORE, DICS, SELF, PNET). Under 30% random
noise, CKP improves average mAP/R@1 by 12.9%/14.2% on
seen domains and 10.0%/8.9% on unseen domains. Under
30% patterned noise, CKP yields improvements of 9.0%/9.1 %
and 6.1%/5.7%, respectively. Our enhanced CSDP achieves
even larger gains: 17.6%/19.6 % and 13.3%/15.4% under 30%
random noise, and 12.8%/13.1% and 9.4%/8.9% under 30%
patterned noise. These results highlight that LNL methods,
while effective in static settings, fail to address catastrophic
forgetting in continual learning, whereas our framework ex-
plicitly mitigates both forgetting and erroneous knowledge
accumulation.

Compared to Noisy LRelD Methods: We incorporate the
anti-forgetting strategy from the LReID method LSTKC into
LNL methods, resulting in the Noisy LReID variants DICS',
CORE', and LCNL!. Among them, CORE' achieves the best
average performance across different settings. As shown in
TableII, compared to CORE' under random noise, CKP achieves
improvements of 1.3%/0.9%, 5.0%/5.9%, and 11.3%/13.3%
in average mAP/R@1 on seen domains under noise ratios of
10%, 20%, and 30%, respectively. Similarly, CSDP achieves
improvements of 2.2%/1.8%, 8.3%/9.6 %, and 16.0%/18.7 %
under the same settings. Moreover, CKP and CSDP achieve
3.1%-9.7% and 3.4%-13.0% gains, respectively, on unseen
domains as the noise ratio increases from 10% to 30%. As
shown in Table III, under patterned noise, both CKP and CSDP
demonstrate progressively larger performance gains as the noise
ratio increases. These improvements can be primarily attributed
to their ability to leverage local relational information, which
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TABLE II
RESULTS UNDER THE RANDOM NOISE. T INDICATES THAT THE STATE-OF-THE-ART LNL METHOD IS COMBINED WITH THE STEE-OF-THE-ART ANTI-FORGETTING
STRATEGY OF LREID.

Market-1501 CUHK-SYSU DukeMTMC MSMT17 CUHKO3 Seen-Avg Unseen-Avg
Metric Type Method 10% 20% 30% 10% 20% 30% 10% 20% 30% 10% 20% 30% 10% 20% 30% 10% 20% 30% 10% 20% 30%
LwF [69] 492 29.1 192 662 53.7 47.7 190 98 75 3.6 19 13 173 89 6.1 31.1 207 164 354 256 202
1 LKD [70] 485 352 248 773 725 682 324 198 145 7.8 52 39 146 72 47 36.1 280 232 44.6 362 322
O LEAD [71] 415 287 175 777 714 664 32.6 17.0 109 92 50 32 158 6.7 42 354 257 204 454 352 30.1
PASS++ [72] 529 363 237 65.1 582 540 123 7.0 51 26 18 13 39 15 1.1 274 21.0 17.0 28.7 223 199
PatchKD [11] 51.0 30.6 239 66.8 58.0 52.6 193 11.9 84 3.6 21 15 181 103 64 31.8 22.6 18.6 350 273 2338
KRKC [73] 204 20.1 148 71.7 653 592 233 153 103 5.1 3.1 22 353 209 127 33.0 249 19.8 42.5 354 29.0
% DKP [12] 432 28.1 204 784 71.0 66.7 34.8 225 154 12.8 7.7 55 212 107 6.6 38.1 28.0 229 474 37.6 325
& LSTKC [1] 414 35.1 258 78.7 742 674 397 194 93 148 52 26 278 153 69 405 29.8 224 472 37.0 30.0
DASK [1] 421 259 199 713 63.2 63.6 43.5 260 204 167 93 7.6 31.1 129 69 409 27.5 23.7 53.7 389 36.0
LSTKC++ [38] 50.4 26.6 19.2 81.6 73.8 69.2 425 19.0 129 113 64 3.8 300 2.1 14 432 256 213 524 34.6 284
a9

g CORE [14] 355 294 237 757 737 69.2 363 304 22.1 125 99 65 41.8 352 249 404 357 293 51.1 47.3 404
= DICS [53] 340 23.1 157 721 70.1 63.6 348 223 13.1 122 73 45 355 185 93 377 283 212 48.0 388 322
4 SELF [14] 323 240 156 71.5 69.1 62.8 34.1 21.2 11.8 106 7.2 3.8 444 300 162 386 303 22.1 49.8 412 318
PNET [51] 232 19.0 127 69.2 655 585 21.0 146 86 68 47 25 382 294 19.8 31.7 26.6 204 43.0 36.4 30.0
DICST [53] 383 383 294 734 734 674 37.1 37.1 140 88 88 32 13.1 131 64 341 341 241 415 415 327
~ COREf [14] 489 452 37.8 81.6 802 74.7 462 37.1 213 182 105 5.5 355 239 153 46.1 394 309 529 472 40.7
S LONLT[17] 289 235 162 69.2 67.9 63.1 29.4 200 11.6 9.7 6.8 43 381 27.8 186 351 292 22.8 451 384 338
=  PNET' [51]  46.8 30.7 235 78.6 69.7 662 183 69 56 54 21 16 124 64 50 323 232 204 403 30.8 263
& SELFT [14] 467 417 333 79.8 77.7 713 444 299 128 177 82 3.6 345 202 103 447 355 262 52.9 435 344

o
Z  CKP (Ours) 48.7 44.5 422 80.8 80.3 78.6 47.3 444 42.1 18.1 164 14.6 42.0 363 335 47.4 444 422 56.0 51.4 50.4
CSDP (Ours) 51.6 50.2 48.1 80.7 80.9 80.0 47.6 46.6 462 18.0 18.1 182 43.5 42.8 420 48.3 47.7 46.9 56.3 55.4 53.7
LwF [69] 742 559 430 69.9 574 514 355 203 179 113 67 50 174 86 55 417 298 246 289 205 155
1 LKD [70] 71.5 59.1 47.1 80.3 75.8 71.6 485 32.1 258 21.2 151 118 12.6 54 3.6 468 375 32.0 382 30.5 27.6
O LEAD [71] 65.2 52.7 38.0 81.2 75.0 70.1 49.9 29.5 21.5 254 153 10.5 13.6 53 3.5 47.1 355 287 39.5 29.6 25.6
PASS++ [72]  75.5 627 49.0 69.1 62.0 57.4 237 17.1 131 96 68 53 38 1.0 0.7 363 299 251 234 166 1438
PatchKD [11] 74.2 569 49.5 70.5 61.7 56.0 34.1 23.1 18.1 11.0 72 55 172 98 59 414 31.7 27.0 29.6 21.7 189
KRKC [73] 540 42.0 344 75.1 68.8 634 384 280 19.8 149 98 7.5 37.1 19.6 11.1 439 33.6 272 369 294 243
% DKP [12] 68.7 543 457 81.1 74.8 704 539 39.5 304 325 233 182 204 99 55 513 404 340 41.0 320 26.8
& LSTKC [1] 66.8 60.5 50.2 813 77.6 70.9 59.3 34.0 19.5 355 162 88 27.7 146 62 541 40.6 31.1 403 30.7 25.0
DASK [37] 67.9 55.0 46.8 73.8 67.6 684 65.1 485 40.0 423 31.7 273 323 13.6 6.1 563 433 37.7 47.0 328 30.6
LSTKC++ [38] 73.5 52.4 429 839 77.2 732 61.0 333 243 293 19.6 13.1 305 1.5 09 556 36.8 30.9 455 29.4 2238

-

® CORE [14] 63.0 55.8 49.8 78.7 77.0 72.6 56.7 48.9 38.8 32.9 269 19.0 43.1 362 24.1 549 49.0 40.9 447 41.7 345
M 4 DICS [53] 58.6 48.5 382 749 742 67.9 557 40.6 272 33.1 23.0 16.6 363 183 8.6 51.7 409 31.7 42.0 334 273
4 SELF [14] 58.7 49.6 36.8 747 73.2 66.5 53.3 37.0 25.1 29.5 21.7 13.5 47.9 30.1 159 52.8 423 31.6 43.7 358 265
PNET [51] 472 413 30.1 729 69.1 623 36.5 27.3 188 19.9 14.6 88 40.9 30.8 19.4 43.5 36.6 27.9 37.1 30.7 24.7
DICST [53] 65.6 65.6 564 76.8 76.8 70.9 57.3 57.3 28.1 267 267 124 12.8 128 62 47.8 47.8 348 349 349 273
~ COREf [14]  72.6 69.9 62.8 839 83.0 77.4 63.8 555 37.5 41.0 27.1 16.8 36.4 229 147 59.5 51.7 41.8 46.0 409 353
S LONLT [17] 553 488 37.6 727 718 669 49.1 363 23.1 27.6 21.0 147 39.7 29.4 189 489 415 322 384 32.6 285
= PNETT [51] 704 558 465 81.4 73.0 69.6 31.7 162 13.6 153 69 54 123 54 44 422 315 279 339 25.1 20.5
& SELFf [14] 717 66.6 59.0 824 804 749 63.5 483 263 40.6 22.6 12.1 356 197 9.0 588 47.5 362 46.0 37.4 29.1

o
Z CKP (Ours) 71.8 68.1 66.9 832 83.0 81.0 64.7 62.1 58.9 40.1 37.5 34.7 424 37.1 34.1 60.4 57.6 55.1 49.5 44.6 43.4
CSDP (Ours) 732 72.5 71.6 829 83.0 819 65.7 658 64.0 404 40.6 40.9 44.1 44.6 439 61.3 61.3 60.5 49.5 47.8 46.9

effectively discriminates between noisy and clean labels. As a
result, correct knowledge is more accurately mined, while the
retention of erroneous knowledge is mitigated in highly noisy
scenarios.

Statistical comparison: To further verify the statistical sig-
nificance of our method, we evaluate CKP and CSDP with
the state-of-the-art methods DASK and CORE' over three in-
dependent runs, and report the mean and standard deviation
in Fig. 5. The results show that CKP and CSDP consistently
outperform the existing methods. In particular, CSDP achieves
improvements of 1.0%-2.8%, 5.1 %-10.0%, and 6.7 %-18.1 %
under noise ratios of 10%, 20%, and 30%, respectively. These
results verify the robustness of our proposed continual self-paced
dual-knowledge purification mechanism.

E. Ablation Studies

In this section, we evaluate and discuss the effectiveness of the
proposed model components. All the experiments are conducted
under 30% random noise setting by default.

Ablations on Model Components: In Table IV, we provide
the ablation studies on the key components of our CSDP model.
Specifically, we start with a CORE' baseline and progressively
integrate the proposed LGCP, SNKE, and ILR modules. Specif-
ically, LGCP aims to filter noisy samples, SNKE focuses on
suppressing noisy historical features, and ILR is designed to
rectify erroneous labels. The results show that each module inde-
pendently contributes to performance improvement, while their
joint integration further boosts overall results. Notably, LGCP
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, TABLE III
RESULTS UNDER THE PATTERNED NOISE. | INDICATES THAT THE STATE-OF-THE-ART LNL METHOD IS COMBINED WITH THE STEE-OF-THE-ART
ANTI-FORGETTING STRATEGY OF LREID.
Market-1501 CUHK-SYSU DukeMTMC MSMT17 CUHKO3 Seen-Avg Unseen-Avg

Metric Method 10% 20% 30% 10% 20% 30% 10% 20% 30% 10% 20% 30% 10% 20% 30% 10% 20% 30% 10% 20% 30%
LwF [69] 478 332 174 60.8 47.3 325 226 11.6 59 44 20 1.0 119 57 33 29.5 20.0 12.0 354 238 19.0
1 LKD [70] 53.0 44.1 36.3 78.1 76.0 73.1 35.6 265 21.1 9.1 6.6 52 166 10.2 8.6 385 32.7 289 472 414 39.0
O LEAD [71] 443 348 273 755 71.5 67.1 339 224 155 104 6.1 43 174 104 69 363 29.0 242 46.8 39.0 35.6
PASS++ [72] 624 51.7 433 68.5 645 609 154 113 84 35 25 19 53 38 26 310 268 234 335 282 262
PatchKD [11] 50.6 34.2 189 62.1 482 347 22.1 121 59 45 22 1.1 114 55 29 30.1 204 12.7 35.1 255 18.5
A KRKC [73] 31.9 223 18.0 73.1 66.7 63.5 27.1 162 104 57 34 26 39.1 248 16.1 354 26.7 22.1 454 369 319
E DKP [12] 46.1 33.7 274 80.3 73.8 70.1 37.4 26.1 203 142 92 7.2 248 149 9.3 40.6 31.5 269 50.5 41.2 36.7
— LSTKC [1] 40.3 36.0 332 783 754 71.6 383 30.6 18.0 152 8.0 44 30.2 20.0 132 40.5 34.0 28.1 50.8 42.2 379
DASK [37] 47.5 346 238 73.1 64.8 672 445 319 244 18.1 10.8 84 31.8 23.2 8.8 43.0 33.0 26.5 55.0 45.2 39.6
LSTKC++ [38] 57.1 48.9 36.5 80.9 75.7 73.3 443 354 243 126 6.7 4.6 349 11.1 28 46.0 356 283 57.0 424 35.6

-9
E CORE [14] 357 334 30.1 75.8 74.8 73.3 369 309 29.2 135 11.1 93 424 37.7 31.5 409 37.6 34.7 522 46.5 45.0
El DICS [53] 32.3 26.1 19.1 69.3 713 67.3 342 266 16.1 10.8 9.5 5.7 358 23.6 13.2 36.5 314 243 459 43.7 358
S SELF [14] 33.5 29.6 23.6 71.3 71.2 67.8 33.2 285 184 114 93 63 440 354 247 38.7 34.8 282 48.7 44.0 383
PNET [51] 239 19.2 18.3 69.4 66.6 63.3 192 16.1 124 6.5 50 3.6 37.8 314 24.6 314 27.7 244 43.1 38.7 34.7
DICST [53] 40.5 39.5 314 774 750 68.1 40.1 39.5 338 164 9.0 6.9 33.7 21.1 164 41.6 36.8 31.3 52.7 474 41.1
% CORET [14] 49.0 49.6 454 80.8 80.0 79.0 46.4 422 387 192 9.2 10.8 39.5 32.2 21.7 47.0 42.6 39.1 55.8 48.6 47.6
5 LCNLT [17] 29.6 259 21.1 684 67.6 656 29.2 230 196 9.7 7.6 62 385 31.5 23.6 35.1 31.1 27.2 45.1 40.7 38.0
= PNETT [51] 493 35.8 285 80.0 73.2 682 246 98 6.6 66 25 17 123 7.6 85 34.6 258 22.7 43.4 325 30.8
'g SELF' [14] 46.0 414 42.0 79.1 78.3 76.6 45.0 40.1 339 18.0 13.8 8.4 38.7 27.0 17.5 454 40.1 35.7 52.8 47.1 444
CKP (Ours) 50.1 46.9 44.1 81.0 79.9 78.9 472 452 43.1 183 17.1 157 419 399 36.6 47.7 458 43.7 57.3 544 51.1
CSDP (Ours) 51.5 50.0 509 81.4 80.4 80.4 473 46.5 46.3 182 18.0 17.9 44.0 43.1 42.1 48.5 47.6 47.5 56.5 56.1 54.4
LwF [69] 72.0 59.8 37.5 63.8 49.3 32.7 42.1 25.0 145 145 7.0 44 128 6.7 3.8 41.0 29.6 18.6 283 17.8 13.7
1 LKD [70] 748 66.1 58.7 80.6 78.8 76.6 524 40.6 34.6 24.0 183 14.6 153 87 7.1 494 425 383 40.2 350 325
© LEAD [71] 68.3 582 50.0 78.8 75.6 71.3 52.8 369 29.2 283 18.5 13.5 16,6 99 57 49.0 39.8 33.9 40.7 33.4 29.8
PASS++ [72] 81.5 74.1 67.8 72.1 67.6 64.7 287 233 17.5 11.8 87 69 45 3.1 19 39.7 354 31.8 26.7 22.1 20.6
PatchKD [11] 74.6 60.2 40.8 64.7 509 36.4 40.8 268 157 142 7.7 46 11.6 6.1 32 412 303 20.1 28.9 20.1 13.1
KRKC [73] 57.5 447 38.5 76.5 704 67.0 434 28.6 20.0 162 109 8.6 40.3 239 159 46.8 357 30.0 38.5 322 27.0
% DKP [12] 71.1 60.2 53.8 829 77.2 74.1 554 42.8 36.8 34.8 259 21.5 248 143 7.6 53.8 44.1 38.8 43.4 359 30.7
5 LSTKC [1] 65.2 59.9 58.1 80.8 78.0 74.8 56.3 48.6 32.4 36.8 22.5 13.6 31.3 20.5 129 54.1 459 384 443 36.1 32.2
DASK [37] 734 612 51.1 757 679 71.2 654 545 45.1 443 33.7 289 33.6 234 7.1 585 48.1 40.7 48.5 38.3 33.5
LSTKC++ [38] 77.5 71.7 61.2 82.6 782 77.1 62.8 53.8 40.5 31.7 20.8 15.1 35.8 103 22 58.1 47.0 39.2 50.5 36.2 30.1

o
® CORE [14] 634 60.1 57.1 78.7 77.9 76.7 57.3 50.7 46.7 34.1 29.6 25.6 43.8 38.2 32.4 555 51.3 47.7 459 40.1 389
~ El DICS [53] 57.3 519 432 725 750 71.3 55.1 445 31.2 29.7 284 19.3 364 24.1 13.0 50.2 44.8 35.6 38.7 37.3 30.3
5 SELF [14] 61.0 56.0 48.1 743 743 719 53.9 47.1 33.7 30.6 27.5 19.5 44.6 37.0 25.7 529 484 39.8 41.6 38.3 329
PNET [51] 48.7 41.1 402 729 70.3 672 349 29.6 24.0 19.7 155 12.1 389 31.5 254 43.0 37.6 33.8 37.8 33.1 29.1
DICST [53] 65.7 64.5 58.9 79.5 78.0 71.9 58.8 59.2 54.8 40.1 26.8 229 35.1 21.6 164 55.8 50.0 45.0 46.5 409 35.0
% CORET [14] 72.6 72.8 69.9 82.8 82.3 81.6 65.0 59.0 56.3 43.4 24.6 28.1 40.5 31.9 21.2 609 54.1 514 487 42.1 40.8
5 LCNLT [17] 55.8 51.6 47.0 71.5 71.1 69.5 49.2 41.1 357 27.2 23.0 19.4 39.6 333 24.6 48.7 44.0 39.2 384 349 323
~. PNETT [51] 722 59.8 514 82.6 76.5 72.0 40.6 19.8 15.1 184 83 6.0 11.1 72 7.3 450 343 304 36.8 27.1 25.0
§ SELF' [14] 71.0 66.1 67.0 81.3 81.1 79.9 649 59.3 53.5 41.5 34.7 239 409 269 169 59.9 53.6 48.2 459 40.8 38.5
CKP (Ours) 732 70.8 67.5 82.7 82.3 814 658 62.5 61.2 41.0 38.9 36.7 42.7 40.8 37.0 61.1 59.1 56.8 50.1 47.5 44.6
CSDP (Ours) 74.0 73.4 73.7 833 824 82.8 644 64.0 63.9 403 40.7 404 456 44.5 434 61.5 61.0 60.8 49.8 49.4 47.8

provides the most significant gain, highlighting the importance
of improving data reliability in mitigating the effects of label
noise.

We further conduct ablation studies on the conference ver-
sion CKP, which comprises Cluster-aware Data Purification
(CDP), Erroneous Knowledge Filtering (EKF), and Iterative
Label Rectification (ILR). The results are shown in Fig. 6.
When replacing CDP and EKF with the improved LGCP and
SNKE modules, our method shows consistent improvements
on both seen and unseen domains. The improvement brought
by LGCP stems from its local-global information utilization
mechanism, which enhances noisy data recognition. Mean-
while, by leveraging a self-paced learning paradigm, SNKE
improves training stability and accelerates correct knowledge

accumulation. Moreover, LGCP and SNKE are complemen-
tary, and their joint integration yields further improvements of
4.7%15.4% Seen-Avg mAP/R@1 and 3.3%/3.5% UnSeen-Avg
mAP/R@1, forming our CSDP.

Ablations on Hyperparameters: We analyze the effects of
hyperparameters T, T,, w;, and w,. in Fig. 7. Fig. 7(a) shows
that a relatively large 7. improves overall performance. This
is because a larger 7, results in higher data purity, thus re-
ducing the influence of noisy labels. However, a larger 7,
also results in fewer clean labels, thus degrading the acquisi-
tion capacity. Overall, T, = 0.5 achieves the best balance. In
Fig. 7(b), an optimal 7T}, is relatively small. This is because some
features simultaneously encode correct and erroneous knowl-
edge. A larger T, helps new knowledge learning but intensifies
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TABLE IV
ABLATION STUDY OF DIFFERENT COMPONENTS IN OUR CSDP. LGCP IS THE
LOCAL-GLOBAL COLLABORATIVE PURIFICATION MODULE. SNKE IS THE
SELF-PACED NOISY KNOWLEDGE EVOLUTION MODULE. ILR IS THE ITERATIVE
LABEL RECTIFICATION MODULE.

Baseline LGCP SNKE ILR mi";“";%] Ezslfe“;‘é%
v 309 418 407 353
v v 406 524 479 413
v v 377 505 458 392
v /345 457 435 374
v v v 435 547 492 431
v v v /469 605 537 469

forgetting. T, = 0.3 provides the best balance between new
and old knowledge. Fig. 7(c) indicates that a relatively low
w; is optimal for label rectification. This is because model
predictions are generally more reliable than annotated labels,

while annotated labels still contain useful cues that comple-
ment imperfect predictions. Finally, w; = 0.3 achieves the best
balance. In Fig. 7(d), w. = 0 and w. = 1 correspond to using
only global or local relations, respectively. The results show
that w. = 0.5 achieves the best performance. This is because
relying solely on either source is limited, and the complementary
semantics between local and global information are essential
for effective noisy data purification. Besides, the choice of r
has been discussed in our conference version CKP. Specifically,
when r¢ < 5, the model performance remains relatively stable,
as clustering is performed before the model fully converges. In
contrast, when ro > 5, performance gradually degrades because
the model begins to overfit noisy labels. Therefore, setting ro =
5 achieves the best trade-off between stability and robustness.
Ablations on Parameters of DBSCAN: We further conduct a
sensitivity analysis of the DBSCAN algorithm’s key parame-
ters. As illustrated in Fig. 8, ¢ denotes the maximum distance
within which two samples are considered neighbors. The results
indicate that model performance remains relatively stable for
€ €[0.3,0.7]. When € < 0.3 or € > 0.7, the performance drops
sharply. This is because a larger € can introduce more clustering
noise. While a smaller e results in more outliers and reduces
the utilization of training samples. Additionally, ‘Min sample’
represents the minimum number of points required to form a
cluster. ‘Min sample’ exhibits minimal impact on performance,
suggesting that the model is robust to variations in this parameter.
Ablations on Clustering Algorithms: As shown in Fig. 9, we
conduct ablation studies on the clustering algorithms adopted in
the proposed CSDP framework. The evaluated methods include
DBSCAN [68], HDBSCAN [87], and Spectral Clustering [88].
The results demonstrate that all three clustering algorithms con-
sistently improve performance, which verifies the robustness of
our framework with respect to the choice of clustering strategy.
Among them, DBSCAN achieves slightly superior performance
compared to HDBSCAN and Spectral Clustering. This advan-
tage can be attributed to DBSCAN’s ability to effectively capture
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Fig. 9. Ablation studies on different clustering algorithms.

local neighborhood relationships, which are complementary to
the global discriminative cues provided by the classification
head. In contrast, HDBSCAN and Spectral Clustering place
more emphasis on global data structures, which may limit their
capacity to exploit fine-grained local relations.

Evaluation of Training Cost: As shown in Table V, we com-
pare the training costs of CKP and CSDP with state-of-the-art
methods. Overall, both CKP and CSDP incur comparable com-
putational overhead to existing approaches, e.g., DKP, DASK,
and CORE'. In particular, compared to our default baseline
CORE' , CSDP requires an additional 1.3 hours of training time

(b) Feature Confidence Threshold
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TABLE V
COMPUTING EFFICIENCY COMPARISON WITH EXISTING LREID METHODS
Method Train Time | Params | Model Memory | GPU Memory | Seen-Avg
! M) MB){ MB)| mAP 7
LSTKC 2.5 28.65 109.55 10998 224
DKP 3.1 97.89 389.42 33518 229
DASK 9.5 29.75 113.94 11358 23.7
CORET 3.6 57.30 219.10 20250 30.9
(Baseline)
CKP 5.1 57.30 219.10 21402 422
CSDP 4.9 57.30 219.10 21402 46.9

and 1152MB of GPU memory (only a5.7% increase). Moreover,
our method introduces no additional parameters (Params) or
model memory overhead compared to the CORE! baseline.
Despite this, CSDP achieves significantly superior performance,
with an improvement of 16.0% (51.78% relative improvements)
in Seen-Avg mAP under 30% random noise. These results
demonstrate that our proposed methods achieve a more favorable
trade-off between training overhead and performance.

Complexity analysis: Since only the backbone network is used
during inference, the proposed method does not introduce any
additional inference overhead. Regarding training, the additional
computational cost primarily arises from the DBSCAN cluster-
ing algorithm. Specifically, given n samples and m identities,
DBSCAN has a time complexity of O(n?), while the remaining
modules in our framework incur only linear complexity of
n 4+ m. As n > m in practice, the overall time complexity is
dominated by O(n?).

In practice, however, DBSCAN is well-optimized in modern
implementations, and its computational overhead is manageable.
As aresult, the overall training cost of our method is comparable
to that of state-of-the-art approaches that introduce additional
auxiliary network modules.

Ablations on Different Baselines: Our framework introduces
a noisy data-aware correct knowledge accumulation paradigm
that is compatible with various LReID approaches originally
designed for clean data. In addition, it can be integrated
with regularization-based methods such as CORE. To verify
the effectiveness, as shown in Fig. 10, we adapt CKP and
CSDP to multiple baselines, including LwF [69], LSTKC [1],
LSTKC++[38], DKP[12], DASK [37], the LNL method CORE,

Authorized licensed use limited to: Peking University. Downloaded on October 22,2026 at 11:38:54 UTC from IEEE Xplore. Restrictions apply.



XU et al.: MITIGATE CATASTROPHIC REMEMBERING VIA CSDP FOR NOISY LREID

50

11879

[ Baseline 1 ]
45 CKP (Ours) 55 147 | 68
[ CSDP (Ours) 150 R | 1
340 |- 48 | : 16.0 |
= 13.4 i ! : 25.0
£ 351 i 22.6 25.1 1 H
S 1 1 ' 1 i
5 30 ' i i i
2 : : :
5} 1 1 1
o 254 1 1
\ 1
201
151 ; ; : i i !
CORE LSTKC LSTKC++ DKP COREf DASK
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Fig. 12. Comparison of label purification capacity. (a) Identity prediction
accuracy curves illustrate the accuracy of the predicted identity labels generated
by our ILR module over training. (b) Label correctness estimation curves are
the Precision—Recall curves of the estimated label confidence.

and the LNL+LReID method CORE! [14]. The results show
that CKP and CSDP consistently outperform different baselines
by large margins. Specifically, CSDP achieves 13.4%-25.1%
improvements across seven baselines and 4.5%-8.0% gains
over the conference version CKP. These improvements are at-
tributed to the proposed local—global collaborative purification
mechanism, which effectively alleviates the influence of erro-
neous labels. Furthermore, the self-paced learning and erroneous

Average s;

0 10 20 30 40 50

Epoch
DukeMTMC

——Market-1501 CUHK-SYSU ——MSMT17 ——CUHKO03

Fig. 13.  Visualization of average s; scores across all training samples during
the training of each domain.

knowledge filtering—driven noisy knowledge evolution scheme
enhances learning stability, mitigates catastrophic remembering
of noisy knowledge, and improves the robustness of the learned
model.

Furthermore, we compare our approach with state-of-the-art
replay-based continual learning methods and the results are
reported in Table VI. The results show that CSDP consistently
outperforms AER [86] and SPR [64], achieving improvements
of at least 18.6%/23.7% and 22.1%/21.1% under Seen-Avg
mAP/R@1 and Unseen-Avg mAP/R@]1, respectively. These
gains can be attributed to the fact that CSDP actively rectifies
noisy labels, thereby improving the model’s ability to acquire
reliable new knowledge.

We further evaluate a hybrid variant that integrates CSDP with
AER [86]. Although CSDP+AER enhances anti-forgetting per-
formance on the initial domain, its performance on subsequent
domains degrades noticeably compared to CSDP alone. Overall,
CSDP+AER yields 7.0%/8.8% and 3.7%/3.1% lower perfor-
mance than CSDP under Seen-Avg mAP/R@ 1 and Unseen-Avg
mAP/R@ 1. This degradation occurs because retaining historical
exemplars during new-model training constrains the model’s
adaptability to new data distributions, which in turn reduces the
accuracy of data purification and limits performance in later
domains. These results indicate that CSDP achieves a more
favorable balance between knowledge acquisition and forgetting
without relying on exemplar storage.
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Update

Fig. 14.  Visualization of the erroneous label filtering and rectification. Each box color (green, orange, blue, red) indicates an identity label.
TABLE VI
ABLATION ON INCORPORATING OUR CSDP WITH REPLAY-BASED BASELINE
Market-1501 CUHK-SYSU DukeMTMC MSMT17 CUHKO03 Seen-Avg Unseen-Avg
Method Replay —7Ap  R@l mAP R@I mAP R@I mAP R@I mAP R@I mAP R@I mAP R@I
SPR [64] v 41.1 61.9 65.0 69.6 14.2 279 3.8 14.5 6.4 55 26.1 359 30.3 25.0
AER [86] v 46.5 69.2 68.5 71.6 16.1 27.4 33 9.6 7.2 6.3 28.3 36.8 31.6 25.8
CSDP X 48.1 71.6 80.0 81.9 46.2 64.0 18.2 40.9 42.0 439 46.9 60.5 53.7 46.9
CSDP+AER [86] v 55.4 78.4 76.7 79.1 37.2 56.0 9.9 26.3 20.1 18.8 39.9 51.7 50.0 438

F. Visualization Results

Tendency of Generalizable Knowledge Accumulation: We
visualize the average performance on unseen domains across
lifelong training steps in Fig. 11. Compared with existing meth-
ods, both CKP and CSDP achieve higher performance starting
from the first dataset and continue to demonstrate superior
results as training progresses. This indicates that our method
consistently consolidates correct knowledge while learning from
noisy data. The improvement on the first dataset is mainly
attributed to the robust learning capacity provided by the local
relation-based purification mechanism. Subsequent increasing
advantages stem from the erroneous knowledge filtering design,
which effectively reduces the retention of misleading informa-
tion. Moreover, CSDP consistently outperforms CKP across
all domains, benefiting from the joint local-global knowledge
utilization and the self-paced learning paradigm that enhances
the model’s learning capacity.

Visualization of Label Purification Capacity: To assess the
effectiveness of our data purification designs, we experimentally
compare them against the Gaussian Mixture Model (GMM)-
based strategy, which is widely adopted in noisy person re-
identification works [3], [16], [17]. As shown in Fig. 12(a),
all methods initially improve identity prediction accuracy in
the early epochs. However, performance soon degrades due to
overfitting to noisy data. Later, CKP and CSDP recover and
achieve steady improvements, while the GMM-based method
shows only marginal gains. Eventually, CKP and CSDP exceed
GMM by more than 10% in accuracy, confirming the superi-
ority of our local relation-based and local-global collaborative
purification mechanisms.

In Fig. 12(b), we further present the Precision—Recall curves
for label correctness estimation. The results show that CSDP
achieves the best performance, followed by CKP, both signif-
icantly outperforming the GMM-based approach. The inferior
performance of GMM arises from its reliance on distances to
class centers, which is problematic in RelD scenarios where
intra-identity variance is often large and inter-identity variance

small (see Fig. 2(c)). In contrast, CKP improves label correct-
ness estimation by capturing local relations that better exploit
inter-identity similarity. Furthermore, CSDP jointly leverages
local and global knowledge, yielding superior label correctness
estimation and thereby enhancing erroneous label filtering while
retaining correct labels.

In Fig. 13, we additionally visualize the average s; (3) over all
samples within each domain across training epochs. The results
reveal a consistent upward trend for our CSDP, indicating that
the model progressively increases label confidence during train-
ing. This observation verifies that CSDP is able to continually
purify noisy labels as learning proceeds.

Visualization of Erroneous Label Filtering and Rectification:
As illustrated in Fig. 14, given a noisy dataset containing
both correct and incorrect labels, the LGCP module lever-
ages local and global cues to filter erroneous labels, while the
correct labels are preserved for model training. Subsequently,
the ILR module refines the remaining noisy labels by com-
bining model predictions with label information. The recti-
fied labels are then fed back to update the dataset, forming a
loop that enables the model to gradually accumulate correct
knowledge.

Although ILR can successfully rectify most incorrect labels,
it may fail in extremely challenging cases, such as the example
in the red box of Fig. 14, where the sample is assigned a wrong
identity (371). This difficulty arises because the person appears
in an abnormal position, making it hard for the model to extract
discriminative features based on prior knowledge. Nevertheless,
ILR remains valuable since it improves the utilization of wrongly
labeled data, instead of discarding them outright.

Feature Distribution Visualization: To evaluate the training
data utilization capacity, we visualize the feature distributions of
different identities (represented by colors) in Fig. 15, comparing
our method with existing approaches. Specifically, both LSTKC
and CORE! exhibit significant inter-identity overlap due to their
limited adaptivity to noisy labels. In contrast, CKP produces
more cohesive clusters of clean and wrongly labeled samples,
while CSDP achieves even clearer separation between identities.
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These results highlight the superiority of our method in mining
correct inter-instance coherence under noisy label conditions.

We further visualize testing features in Fig. 16. The features
extracted by CKP and CSDP form tighter and more distinct
clusters than those produced by LSTKC and CORE'. This
improvement stems from the proposed purification mechanisms
and erroneous knowledge filtering, which enhance robustness
against label noise. Moreover, the dual-knowledge utilization
and self-paced learning paradigms further refine the feature
space, yielding more accurate identity separation, as illustrated
in Fig. 16(d).

VI. CONCLUSION

In this paper, we present a pioneering investigation into a
practical and challenging task named Noisy Lifelong Person
Re-Identification (Noisy LReID), which suffers not only from
exacerbated catastrophic forgetting of correct knowledge but
also from catastrophic remembering of erroneous knowledge.
To facilitate future research in this area, we introduce a new
benchmark, namely NLRelID. Furthermore, we propose a novel
and effective Continual Self-Paced Dual-Knowledge Purifica-
tion (CSDP) framework, which collaboratively integrates a
Local-Global Collaborative Purification mechanism, a Self-
Paced Noisy Knowledge Evolution scheme, and an Iterative
Label Rectification module. When used together, these compo-
nents enable the purification of both new and historical knowl-
edge. Extensive experimental results demonstrate that CSDP
exhibits a superior capability in identifying and purifying noisy
data compared with existing LReID, LNL, and their combined
methods. While our study highlights that jointly leveraging local
and global cues is an effective strategy for handling label noise
in lifelong learning, such a process inevitably incurs additional
computational and storage overhead. In the future, developing
more efficient Noisy LReID frameworks remains a promising
direction to further improve practical applicability.
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