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Abstract. Lifelong Person Re-Identification (LReID) aims to train a
unified person retrieval model from a non-stationary data stream. Ex-
isting LReID methods mainly focus on scenarios where the clothing
of each person is consistent. Recently, the Cloth-Hybrid LReID (CH-
LReID) where cloth-consistent and cloth-changing data alternately oc-
cur, has emerged as a more practical and challenging scenario. Due to the
conflict between clothing-relevant and clothing-irrelevant knowledge, the
well-known catastrophic forgetting problem is significantly exacerbated
in this task. To address this issue, we propose a SubDistribution-aware
COllaborative Knowledge REinforcing (SCORE) framework, where our
key idea is explicitly modeling the intra-identity diversity to continu-
ally consolidate distinct cloth-consistent and cloth-changing knowledge.
Specifically, an Adaptive SubDistribution Modeling mechanism is devel-
oped, where a set of distributional subprototypes is assigned to each
identity to capture the intra-identity diversity, improving the compati-
bility between cloth-consistent and cloth-changing knowledge. Then, a
Distributional Knowledge Reinforcement scheme is introduced, where
the knowledge of old distributional subprototypes is retained in the new
ones by a collaborative aligning mechanism. Extensive experiments show
that our SCORE achieves the state-of-the-art performance. Our code is
available at https://github.com/zhoujiahuan1991/ECCV2026-SCORE.

Keywords: Cloth-Hybrid Lifelong Person Re-Identification · SubDistri-
bution Modeling · Knowledge Conflict

1 Introduction

Person Re-Identification (ReID) [5, 28] aims to match the same person across
cameras. Traditional ReID methods focus on static scenarios with stationary
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Fig. 1: (a) Previous LReID methods primarily focus on the cloth-consistent lifelong
person re-identification scenario. (b) This paper addresses a more practical and chal-
lenging cloth-hybrid lifelong person re-identification problem where the cloth-consistent
and cloth-changing training data occur alternatively.

cameras and environments [4,6,27,42]. Recently, Lifelong Person Re-Identification
(LReID) [23,31, 35, 47] has attracted increasing research interest by considering
that non-stationary data arrives continually, where the catastrophic forgetting of
past knowledge is the key challenge. However, existing LReID methods primarily
consider that the clothing of each person is consistent [1,12,33,37,43], as shown
in Fig. 1 (a). Since lifelong learning usually involves long-term data collection,
changes in people’s clothing inevitably occur from time to time, leading to a
practical Cloth-Hybrid LReID (CH-LReID) [2], as shown in Fig. 1 (b).

In CH-LReID, the catastrophic forgetting problem is further exacerbated
due to knowledge conflicts between training stages. As shown in Fig. 2 (a), at
stage t − 1, the model learns from a cloth-consistent dataset, in which clothing
cues help to identify people. However, when cloth-changing data is introduced
at stage t, the inter-cloth matching constraints cause the model to forget the
previously learned cloth-consistent knowledge. Later, at stage t+1, the model is
trained again on cloth-consistent data, causing the overwriting of cloth-changing
knowledge. In addition, the model’s performance on earlier domains remains
limited because some old knowledge cannot be reproduced due to domain gaps
across stages. This ongoing vanishment of cloth-consistent and cloth-changing
knowledge results in severe performance degradation across all past domains.

Although Cloth-Changing ReID methods [7,9,11] have been proposed in re-
cent years, the issues in Fig. 2 (a) persist when they are combined with LReID ap-
proaches. This is because these methods focus only on improving cloth-changing
knowledge acquisition, without addressing the inherent knowledge conflict prob-
lem. Moreover, most of them rely on auxiliary information such as clothing labels,
gait features, or body shape contours during training. However, obtaining these
auxiliary data requires substantial manual effort, which limits their practicality
in the lifelong learning scenario, which typically requires efficiency.
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Fig. 2: (a) Due to the optimization conflict between cloth-consistent and cloth-
changing scenarios, the catastrophic forgetting problem emerges as a critical challenge
in CH-LReID. (b)(c) We propose to explicitly model the intra-identity distribution
diversity, improving the compatibility between the cloth-consistent and cloth-changing
knowledge. Thereby, it significantly addresses the catastrophic forgetting problem .

To address these limitations, as shown in Fig. 2 (c), we propose to explic-
itly model the intra-identity distribution diversity, thereby enabling the model
to mine and store the cloth-consistent and cloth-changing knowledge simultane-
ously. As a consequence, inter-stage knowledge conflict can be effectively allevi-
ated, making the catastrophic forgetting problem largely mitigated (as shown in
Fig. 2 (b)).

To achieve this, we introduce a SubDistribution-aware COllaborative Knowl-
edge REinforcing (SCORE) framework. Firstly, an Adaptive SubDistribution
Modeling (ASD) mechanism is developed, where the learnable distributional
subprototypes are introduced to model the intra-identity subdistributions. Then,
three optimization paradigms, Prototype Separating, Instance Assembling, and
Distribution Purifying, are introduced to guide the prototypes to capture inter-
identity subdistributions. To mitigate the forgetting of abundant knowledge em-
bedded in subdistributions from historical stages, a Distributional Knowledge
Reinforcement (DKR) scheme is introduced to guide the new data distribution



4 Kunlun Xu et al.

modeling by exploiting historical subdistributions, where a novel subprototype-
level knowledge transfer loss is proposed to achieve interactive subdistribution
modeling. To better retain the knowledge within the cross-instance represen-
tational relations, an Instance-oriented Structural Knowledge Retention (ISK)
module is developed to further improve the overall anti-forgetting capacity. Ex-
tensive experimental results on the CH-LReID benchmark demonstrate that our
approach outperforms existing approaches by large margins. In summary, our
contributions are threefold:

(1) To address the cyclic knowledge conflict and amplified catastrophic forget-
ting in CH-LReID, we propose a novel approach SCORE that explicitly models
the intra-identity variations to enhance the compatibility of the cloth-consistent
and cloth-changing knowledge.

(2) An Adaptive SubDistribution Modeling mechanism is designed to au-
tomatically capture intra-identity subdistributions without relying on auxiliary
data. Besides, the Distributional Knowledge Reinforcement scheme is developed
to utilize historical subdistributional knowledge to guide new subdistribution
learning, effectively achieving knowledge integration.

(3) Extensive experiments demonstrate the superiority of our proposed method
in jointly consolidating the cloth-consistent and cloth-changing knowledge com-
pared to the state-of-the-art approaches.

2 Related Work

2.1 Lifelong Person Re-identification

Lifelong Person Re-Identification (LReID) aims to learn from non-stationary
data [16,23,26], where catastrophic forgetting [15,29,32] is the primary challenge.
Existing LReID approaches can be divided into two streams. Data replay-based
methods [31, 43] mitigate the forgetting of old knowledge by revisiting stored
historical data during the learning of new domains. Although this method has
achieved notable progress, growing concerns over data privacy [24,40] have drawn
increasing attention to non-exemplar-based approaches. Knowledge distillation-
based methods [24,29,34] reduce the discrepancy between old and new domains
by enforcing output consistency. Some methods, e.g., DKP [36], introduce iden-
tity prototypes to reserve historical information. The above LReID methods
typically focus on cloth-consistent scenarios where the cross-domain knowledge
shares similar semantic clues [23,37,40]. However, when applied to cloth-hybrid
settings where the cloth-consistent and cloth-changing data show up alternately,
the knowledge conflict caused by semantic clue change across domains would
further intensify the catastrophic forgetting issue [37].

2.2 Cloth-changing Person Re-identification

Cloth-changing ReID is a challenging task where the diversity in clothing styles
hinders the learning of robust knowledge. To address this issue, some methods
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focused on disentangling clothing features during inference. Specifically, [3, 41]
leverage clothing labels to force the model to rely less on clothing information.
Besides, [8, 19] employ a semantic segmentation model to mask clothing infor-
mation and introduce a consistency constraint between the original image and
the clothing-removed image during training. Alternatively, other methods utilize
information from additional modalities to learn clothes-irrelevant features, e.g.,
gait information [13] and silhouette information [39]. However, their reliance on
auxiliary information limits their application in practice. Recently, some meth-
ods have made notable advancements without introducing auxiliary information.
For example, methods [9, 20] employ data augmentation to diversify the colors
and textures of clothing in the dataset, thereby reducing the association be-
tween identity and specific clothing. However, when faced with datasets that
continuously come in a non-stationary manner, these methods suffer from catas-
trophic forgetting, where previously learned knowledge is overwritten, leading
to degraded overall performance on seen domains.

2.3 Distribution Learning

Existing distribution learning methods primarily focus on modeling data uncer-
tainty to address out-of-distribution (OOD) data [18, 21, 44, 46]. In the LReID
task, DKP [36] performs instance-level modeling for each sample and aggregates
them into prototype distributions, improving the model’s ability to acquire new
knowledge. In this paper, targeting the cloth-hybrid scenario, we model multiple
subdistributions within each identity to capture diverse discriminative knowledge
adaptively, where learnable subprototypes are introduced to model the subdistri-
butions. By collaboratively utilizing the different subdistributions learned from
both cloth-consistent and cloth-changing data across stages, we aim to reduce
knowledge conflicts and alleviate catastrophic forgetting.

3 The Proposed Method

3.1 Preliminary

In CH-LReID, a stream of T cloth-hybrid training datasets D = {Dt}Tt=1 is pro-
vided sequentially. Specifically, given a dataset Dt containing Nt identities, the
included data may be either cloth-consistent or cloth-changing, but the specific
type is unknown in advance. Besides, for each identity, it is also not known be-
forehand whether they appear in multiple outfits. Furthermore, previously seen
t− 1 datasets are not accessible at the training stage t.

3.2 Overview

As shown in Figure. 3, at the t-th training stage, given the new dataset Dt,
we introduce k learnable subprototypes in the feature space for each identity,
denoted as Pt = {(pti, yti)}

k×Nt
i=1 . Specifically, pti is a multi-dimensional Gaussian
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Fig. 3: The overview of our SCORE approach. (a) Adaptive SubDistribution Mod-
eling (ASD) captures intra-identity diversity and encodes it into distributional sub-
prototypes. (b) Distributional Knowledge Reinforcement (DKR) performs distribu-
tional alignment to guide new distribution learning with historical distribution. (c)
Instance-oriented Structural Knowledge Retention (ISK) integrates cross-instance re-
lational knowledge across domains to improve the old knowledge consolidation.

distribution, and yti is its corresponding identity label. The center of pti is denoted
as cti ∈ Rd, and vti ∈ Rd indicates the standard deviation vector derived from a
diagonal covariance matrix Σt

i ∈ Rd×d of pti. Besides, we define Ct = {cti}
k×Nt
i=1

and Vt = {vti}
k×Nt
i=1 as the overall center set and standard deviation set at stage

t, respectively.
The Adaptive SubDistribution Modeling (ASD) module aims to capture the

intra-identity subdistributions via an adaptive distributional subprototype op-
timization mechanism. Besides, the Distributional Knowledge Reinforcement
(DKR) module utilizes the preserved historical distributional information to
guide the new subdistribution learning. Furthermore, the Instance-oriented Struc-
tural Knowledge Retention (ISK) module integrates fine-grained cross-instance
relational knowledge from the previous stage into the new model to enhance the
historical knowledge consolidation capacity.

3.3 Adaptive SubDistribution Modeling

Given a batch of input data {(xi, yi)}Bi=1 ∈ Dt, where B denotes the batch size,
suppose there are n distinct identities in this batch, and let the corresponding
identity label set be Y = {yi}ni=1. The model backbone M t extracts visual
features from the inputs, producing a set of feature representations F = {fi}Bi=1.
To enhance the discriminative capability of the model, we employ the cross-
entropy loss Lce [37] and the triplet loss Ltri [29, 34] as the base supervision:
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
Lce−s = −

B∑
i=1

yi logρ(Wtfi)

Ltri−s = log

(
1 + exp

(∥∥∥f̃a − f̃p

∥∥∥2

2
−

∥∥∥f̃a − f̃n

∥∥∥2

2

)) , (1)

where Wt denotes the linear projection parameter to map the features to logits,
ρ represents the softmax function, f̃ is the L2-normalized version of the feature,
and <a, p, n> is a triplet set. Therefore, the basic loss function Lbase in LReID
is formulated as:

Lbase = Lce−s + Ltri−s. (2)

In the following, we introduce the mechanism of subdistribution Optimiza-
tion:

Prototype Separating: Prototype Separating aims to ensure the clustering
of subprototypes of the same identity and separate the subprototypes of differ-
ent identities. Specifically, for each input batch, we retrieve the corresponding
prototypes based on Y, denoted as P∗ = {(pti, yti)}

k×n
i=1 , where yti ∈ Y. To ensure

the coherence and the distinction among prototypes of the same and different
identities respectively, we apply the cross-entropy loss and the triplet loss to P∗,
obtaining a prototype separating loss:

Lp = Lce−p + Ltri−p, (3)

Instance Assembling: Instance Assembling aims to assign each instance
to a subprototype and encourage the instance feature to approach the corre-
sponding prototype. Since different outfits of the same identity may vary signif-
icantly in clothing style, color, and appearance cues, the knowledge encoded by
each outfit can differ substantially. To capture this intra-identity diversity, each
subprototype is modeled as a distribution, enabling different subprototypes to
represent varying degrees of intra-identity variability. To measure how well an
instance feature matches each subprototype, we compute the maximum likeli-
hood of the instance feature under every subprototype. The resulting likelihood
matrixM∈ RB×kNt is formulated as:

Mi,j =
1

(2π)d/2|Σt
j |1/2

exp

(
−1

2
(fi − ctj)

T (Σt
j)

−1
(fi − ctj)

)
. (4)

where i ∈ [1, B] and j ∈ [1, kNt].
Then, we pull each instance feature toward the most similar subprototype of

the same identity. Accordingly, the instance assembling loss La is formulated as:

La =
1

B

B∑
i=1

(fi − c∗i )
2, (5)

where c∗i denotes the center of the most similar subprototype that shares the
same identity label with fi.
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Distribution Purifying: Distribution Purifying aims to ensure that each
subdistribution exclusively models instances belonging to its corresponding iden-
tity. To achieve this, we first obtain the likelihood of the most compatible sub-
prototypes from the likelihood matrixM for each instance, denoted as m ∈ RB .
A corresponding correctness indicator z ∈ {0, 1}B is also obtained which reflects
whether the matched subprototype shares the same identity label:mi = max

j
Mi,j

zi = I(yi = ytargmaxj Mi,j
)
, (6)

where I is an indicator function. Then, we design a distribution purifying loss
Ld which is computed as follows:

Ld = − 1

B

B∑
i=1

[zi log(ρ(mi)) + (1− zi) log(1− ρ(mi))] . (7)

Overall SubDistribution Optimization Loss: Prototype Separating, In-
stance Assembling, and Distribution Purifying mechanisms are complementary
to each other since they perform inter-prototype, instance-centric, and prototype-
centric SubDistribution evolution, respectively. Therefore, we compute the over-
all subdistribution optimization Loss as follows:

Lsub = Lp + La + Ld. (8)

By incorporating the above constraints, our method encodes intra-identity dif-
ferentiated knowledge in diverse subprototypes. Note that even for the cloth-
consistent dataset, the subdistributions are applicable since all the distributions
could be approximated as Gaussian mixtures [22].

3.4 Distributional Knowledge Reinforcement

In this section, we propose a collaborative aligning mechanism, which lever-
ages the accumulated discriminative knowledge from the previous stage to guide
the new subdistribution learning, thereby improving the coexistence of cloth-
consistent and cloth-changing knowledge.

Specifically, as shown in Figure. 3, when training in the new t-th stage, we
sample s subprototype features Gt−1 = {gt−1

i }N
t−1
s

i=1 from all subprototypes in the
Pt−1 based on the distribution N (ct−1

i , (vt−1
i )2), where N t−1

s = s × k × Nt−1.
It is worth noting that, compared to directly using the subprototype centers,
sampling from subdistributions allows for better utilization of the abundant
distributional knowledge learned by each subprototype.

For the Pt that are currently adaptively learnable, we only select the subpro-
totypes that can be correctly matched according to Equation. 6 and also sample s
subprototype features Gt = {gti}

Nt
s

i=1, where N t
s = s×nc and nc denotes the num-

ber of correctly matched subprototypes. This is because the correctly matched
subprototypes reflect the information that can currently accurately describe the
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identity, whereas the incorrectly matched subprototypes indicate confusion and
bias in the knowledge they represent.

We convert Gt−1 and Gt into matrix forms Gt−1 ∈ RNt−1
s ×d and Gt ∈ RNt

s×d,
respectively. Then, a knowledge shift matrix Ks ∈ RNt

s×Nt−1
s for the subproto-

types is obtained by:

Ks = ρ
(
GtG

⊤
t−1/λ1

)
, (9)

where the softmax function ρ is applied across each row, and λ1 serves as a
temperature parameter to adjust the sharpness of the matrix values. To re-
duce the knowledge conflict caused by cloth-consistent and cloth-changing data
across different stages, we perform distillation on the knowledge shift matrix
Ks to collaboratively leverage both new and old knowledge. Accordingly, the
subprototype-level knowledge transfer loss is defined as follows:

Lt = KL
(
ρ
(
KsK

⊤
s /λ2

)
∥ ρ

(
GtG

⊤
t /λ2

))
, (10)

where KL denotes the Kullback-Leibler (KL) divergence and λ2 is another tem-
perature parameter.

3.5 Instance-oriented Structural Knowledge Retention

The DKR module facilitates the collaborative use of overall knowledge from
both the new and old stages from the perspective of distributions. However, it
lacks the integration of cross-instance fine-grained knowledge. To address this,
inspired by the existing works [37], we propose an Instance-oriented Structural
Knowledge Retention module. First, we use the old backbone ϕt−1(·), which
was already trained in the t − 1 stage, to extract features from the current
input batch, obtaining the representations in the old feature space denoted as
Fo ∈ RB×d. Then, to preserve fine-grained old knowledge, we maximize the
structural consistency of the input between the new and old feature spaces as
follows:

Ls = KL
(
ρ
(
FoF

⊤
o /λ2

)
∥ ρ

(
FF⊤/λ2

))
, (11)

where F ∈ RB×d is the matrix form of F . Note that ρ
(
FoF

⊤
o /λ2

)
and ρ

(
FF⊤/λ2

)
both reflect the cross-instance representational relations, preserving the struc-
tured knowledge in the feature space. By guiding the model to focus on this
structural consistency, the consolidation of fine-grained knowledge is significantly
improved.

3.6 Training and Inference

During training, the overall loss L for SCORE can be computed as follows:

L = Lbase + αLsub + β(Lt + Ls), (12)
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where α and β are hyperparameters. Since both Lt and Ls involves old knowl-
edge, they share the same weight for simplicity.

After training at the t-th stage, we fuse the newly learned model M t with
the old model M t−1 as a post-processing step following [36]:

M t ←
M t +M t−1

2
. (13)

During the inference phase, only the backbone is exploited to extract image
features for person retrieval.

4 Experiments

4.1 Datasets and Evaluation Protocol

Following previous works [2],we evaluate the effectiveness of our method on
the CH-LReID benchmark [2], which consists of three cloth-consistent datasets
(Market-1501 [45], MSMT17-V2 [30] and CUHK03 [17]), as well as two cloth-
changing datasets (LTCC [25]and PRCC [39]). Following the previous works [2],
we conduct training with two distinct dataset orders: (Order-1) Market → LTCC
→ PRCC → MSMT17 → CUHK03 and (Order-2) MSMT17 → PRCC → Market
→ CUHK03 → LTCC.

Following previous works [2, 23, 36], we adopt Rank-1 accuracy (R@1) and
mean Average Precision (mAP) as evaluation metrics. To comprehensively verify
the model’s performance, both cloth-consistent and cloth-changing setting are
evaluated.

4.2 Implementation Details

To ensure a fair comparison with existing methods [2,36,37], we adopt ResNet50 [10]
as the backbone network. For both training orders, the first dataset is trained
for 80 epochs, while each of the subsequent datasets is trained for 60 epochs.
We use a mini-batch size of 128, constructed by sampling 32 identities with
4 images per identity. Each image is resized to 256×128 during training. The
model is optimized using SGD with a learning rate of 0.008 and a weight decay
of 0.0001. Additionally, the temperature parameters λ1and λ2 are set to 0.8. All
experiments are conducted on a single NVIDIA 4090 GPU.

4.3 Comparison with State-Of-The-Art methods

We compare our proposed SCORE method against the current state-of-the-art
CH-LReID method DKC [2]. Besides, we also compare with LReID methods, in-
cluding LwF [14], AKA [23], PatchKD [29], LSTKC [37], USP [38], DKP [36] and
DASK [33]. In addition, we incorporate the state-of-the-art cloth-changing ReID
method DSIFLF [19], with the anti-forgetting strategy of LReID. The resulting
model is named DSIFLF†. Moreover, we include both sequential finetuning and
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Table 1: Performance comparison on Training Order-1: Market → LTCC → PRCC
→ MSMT17 → CUHK03.

Method
Cloth-Consistent Cloth-Changing Overall

Market LTCC PRCC MSMT17 CUHK03 Average LTCC PRCC Average Average
mAPR@1mAPR@1mAPR@1mAPR@1mAP R@1 mAPR@1mAPR@1mAPR@1mAPR@1mAPR@1

JointTrain 64.1 82.5 42.6 62.1 94.6 98.7 18.4 40.8 44.4 46.4 52.8 66.1 10.1 23.0 32.7 33.8 21.4 28.4 43.8 55.3
SFT 28.5 52.0 28.5 49.3 92.5 97.3 7.0 19.6 44.0 45.6 40.1 52.8 6.9 15.3 21.8 21.2 14.4 18.3 32.7 42.9
LwF [14] 44.5 65.8 21.6 40.0 87.4 91.3 4.0 11.6 25.5 25.0 36.6 46.7 5.9 12.5 25.9 26.7 15.9 19.6 30.7 39.0
AKA [23] 48.0 69.5 25.4 45.1 88.1 93.3 4.2 12.0 31.2 31.2 39.4 50.2 6.5 12.8 26.5 26.7 16.5 19.8 32.8 41.5
PatchKD [29] 68.085.5 30.8 54.7 93.5 96.5 5.7 15.6 33.2 32.9 46.2 57.0 7.2 17.9 26.1 26.0 16.7 22.0 37.8 47.0
LSTKC [37] 39.9 63.4 39.6 65.4 95.9 98.9 11.5 29.2 48.1 50.1 47.0 61.4 8.3 19.4 24.0 22.9 16.2 21.2 38.2 49.9
USP [38] 66.3 74.9 37.2 49.6 88.8 92.6 6.6 14.6 38.7 33.9 47.5 53.1 7.8 17.3 25.7 23.6 16.8 20.5 38.7 43.8
DKP [36] 51.3 73.0 44.2 68.6 98.4 99.4 13.5 31.6 39.5 40.6 49.4 62.6 9.3 21.4 35.5 34.8 22.4 28.1 41.7 52.8
DASK [33] 56.8 78.6 32.7 72.4 98.5 99.4 25.552.8 42.4 44.4 51.2 69.5 11.326.5 33.6 31.6 22.5 29.0 43.0 57.9
DSIFLF† [19] 47.5 69.2 42.1 65.5 97.0 97.8 11.0 26.4 39.7 41.6 47.5 60.1 8.9 17.9 34.0 31.7 21.5 24.8 40.0 50.0
DKC [2] 57.9 78.5 49.2 72.4 98.6 99.5 16.2 36.7 40.7 42.4 52.5 65.9 10.1 25.5 36.9 35.5 23.5 30.5 44.2 55.8
SCORE 63.1 82.9 58.278.498.799.5 23.5 50.2 44.0 45.2 57.571.2 11.0 25.8 36.2 36.423.631.1 47.859.7

Table 2: Performance comparison on Training Order-2: MSMT17 → PRCC → Market-
1501 → CUHK03 → LTCC.

Method
Cloth-Consistent Cloth-Changing Overall

MSMT17 PRCC Market CUHK03 LTCC Average PRCC LTCC Average Average
mAPR@1mAPR@1mAPR@1mAPR@1mAPR@1mAPR@1mAPR@1mAPR@1mAPR@1mAPR@1

JointTrain 18.4 40.8 94.6 98.7 64.1 82.5 44.4 46.4 42.6 62.1 52.8 66.1 32.7 33.8 10.1 23.0 21.4 28.4 43.8 55.3
SFT 2.4 9.1 84.5 95.9 16.9 37.2 8.2 8.8 37.9 57.6 30.0 41.7 21.9 24.3 9.1 20.9 15.5 22.6 25.8 36.3
LwF [14] 12.7 28.8 91.3 95.5 25.2 49.0 8.6 8.0 41.9 63.3 35.9 48.9 27.9 28.3 8.7 18.4 18.3 23.4 30.9 41.6
AKA [23] 15.0 32.4 93.0 97.0 26.6 51.0 13.4 11.6 43.4 64.0 38.3 51.2 28.2 27.7 8.4 15.8 18.3 21.8 32.6 42.8
PatchKD [29] 22.6 47.9 95.0 98.5 38.2 64.2 21.8 23.1 45.8 70.0 44.7 60.7 28.1 27.6 9.3 21.7 18.7 24.7 37.3 50.4
LSTKC [37] 6.9 20.4 92.8 97.0 39.8 64.3 25.2 26.0 51.1 65.5 43.2 54.6 27.3 27.0 10.9 22.4 19.1 24.7 36.3 46.1
USP [38] 22.7 37.2 92.5 95.9 37.8 53.5 17.3 14.6 63.5 72.4 46.8 54.7 28.7 29.4 11.9 26.0 20.3 27.7 39.2 47.0
DKP [36] 11.8 29.0 96.7 98.8 46.0 69.8 29.9 30.9 55.8 75.8 48.0 60.9 34.1 34.6 11.6 24.2 22.9 29.4 40.8 51.9
DASK [33] 13.3 35.0 98.2 99.4 51.3 74.3 26.1 25.5 35.3 72.4 44.8 61.3 34.8 31.9 13.5 27.8 24.1 29.8 38.9 52.3
DSIFLF† [19] 8.6 22.4 96.7 97.2 50.0 71.4 25.8 25.7 57.4 74.8 47.7 58.3 32.8 30.3 12.8 23.2 22.8 26.8 40.6 49.3
DKC [2] 15.4 35.3 98.1 99.0 51.8 72.7 31.9 32.1 57.2 77.9 50.9 63.4 38.2 37.9 13.0 27.0 25.6 32.5 43.7 54.6
SCORE 19.9 44.5 98.9 99.5 55.3 77.3 34.5 35.1 65.0 81.1 54.7 67.5 36.5 35.4 14.4 32.7 25.4 34.0 46.4 57.9

joint training settings. The best and second-best results are highlighted in bold
and underline, respectively.

Compared on the Cloth-Consistent data: As shown in Table. 1 and Ta-
ble. 2, our SCORE outperforms all existing methods under the Cloth-Consistent.
Specifically, on Training Order-1, SCORE surpasses the state-of-the-art DASK
and DKC with 5.0% and 1.7% Average mAP and R@1 improvements, respec-
tively. Furthermore, on Training Order-2, SCORE outperforms the state-of-the-
art DKC with 3.8%/4.1% Average mAP/R@1 improvements. These results
demonstrate the effectiveness of our method in the CH-LReID scenario, where it
can distinguish individuals by effectively integrating both clothing-related and
clothing-irrelevant knowledge learned across different training stages, rather than
suppressing the use of clothing information.

These advantages arise from our SubDistribution-aware Collaborative Knowl-
edge Reinforcing mechanism, which effectively alleviates the conflict between
cloth-changing and cloth-consistent knowledge, thereby improving the cross-
domain knowledge accumulation capacity. In contrast, existing LReID works,
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Fig. 4: Performance tendency at different training stages.

e.g., DASK, suffer from performance limitations as they discard clothing in-
formation in the feature space for each identity, which inevitably hinders the
effective use of valuable clothing-related cues. The existing CH-LReID method,
DKC, though considered estimating the subdistributions, it only exploited the
statistical distribution and neglected the dynamic modeling subdistributions.
Thus, it suffered from limited representation and utilization of inter-identity
diversity.

Compared on the Cloth-Changing data: As shown in Table. 1, SCORE
outperforms state-of-the-art DKC by 0.1%/0.6% under Average mAP/R1 on
the Cloth-Changing data under Training-Order-1. Besides, under Training-Order-
2, our SCORE surpasses DKC by 1.5% Average R@1 and obtains comparable
performance on Average mAP. This indicates that, for cloth-changing data, our
approach effectively captures and preserves the identity-specific differentiated
knowledge introduced by variations in clothing. By collaboratively leveraging
diverse discriminative knowledge, it mitigates the conflict induced by data type
switching.

Compared on the Overall Performance: As shown in Table. 1 and Ta-
ble. 2, our SCORE achieves state-of-the-art overall performance compared to
the existing approaches. Specifically, SCORE outperforms the existing meth-
ods by a minimal improvement of 3.6%/1.8% and 2.7%/3.3% under Training
Order-1 and Training-Order-2, respectively. These results arise from the pro-
posed SubDistribution-aware Collaborative Knowledge Reinforcing paradigm
that effectively improves the compatibility between the Cloth-Changing and
Cloth-Consistent knowledge.

Performance Tendency in Cloth-Hybrid Scenario: Figure.4 illustrates
the overall performance tendency of different methods on seen domains. The re-
sults show that our SCORE, although exhibiting comparable performance with
existing methods, shows a consistent improvement over existing approaches. This
highlights that our method is capable of consistent learning in cloth-hybrid sce-
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Table 3: Ablation study of different components.

Cloth-Consist. Cloth-Chang.
Base ASD ISK DKR mAP R@1 mAP R@1
✓ 40.1 52.8 14.4 18.3
✓ ✓ 50.1 63.9 22.3 27.6
✓ ✓ ✓ 52.8 66.3 23.0 29.6
✓ ✓ ✓ ✓ 57.5 71.2 23.6 31.1

narios, and achieves superior anti-forgetting performance by integrating diverse
discriminative knowledge to alleviate knowledge conflicts.

4.4 Ablation Study

Ablations on model components. As shown in Table. 3, we adopt Sequential
Finetuning (SFT) as the baseline and incrementally incorporate the ASD, ISK,
and DKR modules. When ASD is adopted, the model achieves 10.0%/11.1%
and 7.9%/9.3% improvements in mAP/R@1 on Cloth-Consistent and Cloth-
Changing data, respectively. This improvement is attributed to the SubDistri-
bution modeling mechanism, which enhances the compatibility between Cloth-
Consistent and Cloth-Changing knowledge, thereby mitigating the catastrophic
forgetting issue. Furthermore, as ISK is introduced, additional 2.7%/2.4% and
0.7%/2.0% improvements under mAP/R@1 metrics on Cloth-Consistent and
Cloth-Changing data are achieved. This is because ISK transfers the inter-
instance structure knowledge, which is complementary to the clothing knowl-
edge. Finally, incorporating DKR yields additional gains of 4.7%/4.9% and
0.6%/1.5%, resulting in total improvements of 17.4%/18.4% and 9.2%/12.8%.
These gains stem from explicitly leveraging historical distributions to guide new
model learning, further alleviating conflicts between Cloth-Consistent and Cloth-
Changing knowledge.

Fig. 5: Ablation studies on
feature sample number s.

Note that the performance improvement of
the Cloth-Changing data is less significant on the
Cloth-Consistent data. This is because the Cloth-
Changing scenario is inherently more challeng-
ing, making performance gains more difficult to
achieve.

Ablations on hyperparameters. We in-
vestigate the influence of the hyperparameters
α, β, s, k, and present the results in Figure. 6 and
Figure. 5. α and β are the loss weights to em-
phasize the subdistribution modeling and histori-
cal knowledge utilization, respectively. The proper
α and β can facilitate model learning, while too
large values can lead to overfitting and limited robustness. Similarly, a proper
predefined subdistribution number per class k and instance sample number s
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(a) The weight of Lsub (b) The weight of Lt + Ls (c) SubDistribution per ID k

Fig. 6: Ablation studies on hyperparameters under training Order-1. The default values
are highlighted by the dashed lines.

(a) Comparsion on MSMT17

Cloth-Consistent Features of Different Identities Cloth-Changing Data Features of Different Identities

DKC SCORE (Ours)

(b) Comparsion on LTCC

DKC SCORE (Ours)

Fig. 7: The t-SNE visualization of cloth-consistent and cloth-changing training data.

can promote model learning, while a too large k and s can cause optimization
instability and overfitting. In this paper, we empirically set α, β, k, s to 0.75,
0.50, 5 and 1 by default.

4.5 Visualization Results

We visualize the features of Cloth-Consistent data (MSMT17) and Cloth-Changing
data (LTCC) in comparison with the state-of-the-art DKC method, as shown in
Figure. 7. The results indicate that our approach achieves better feature separa-
tion across identities on both types of data. The results arise because DKC adopts
unlearnable distributions, suffering from limited knowledge representation ca-
pacity. In contrast, our SCORE model introduces an adaptive subdistribution
learning and reinforcement paradigm, effectively enhancing the consolidation of
Cloth-Consistent and Cloth-Changing knowledge.

5 Conclusion

In this paper, we focus on the challenging Cloth-Hybrid Lifelong Person Re-
Identification (CH-LReID) task and introduce a novel SubDistribution-aware
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COllaborative Knowledge REinforcing (SCORE) approach. To address the dete-
riorated forgetting caused by the cloth-consistent and cloth-changing knowledge
conflict, we propose to explicitly model the intra-identity diversity to improve the
compatibility of both knowledge. To achieve this, an Adaptive SubDistribution
Modeling mechanism is developed, where a set of distributional subprototypes is
assigned to each identity to capture the intra-identity diversity. Besides, a Distri-
butional Knowledge Reinforcement scheme is introduced, where the knowledge
of old distributional subprototypes is retained in the new ones by a collabora-
tive aligning mechanism. Extensive experiments demonstrate that our SCORE
achieves the state-of-the-art performance. Our approach underscores the po-
tential of automatic subdistribution modeling in improving conflict knowledge
integration.
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