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Abstract

Current lifelong person re-identification (LRelD) methods
predominantly rely on fully labeled data streams. How-
ever, in real-world scenarios where annotation resources
are limited, a vast amount of unlabeled data coexists with
scarce labeled samples, leading to the Semi-Supervised
LRelD (Semi-LRelD) problem where LRelID methods suffer
severe performance degradation. Existing LRelD methods,
even when combined with semi-supervised strategies, suf-
fer from limited long-term adaptation performance due to
struggling with the noisy knowledge occurring during unla-
beled data utilization. In this paper, we pioneer the investi-
gation of Semi-LRelD, introducing a novel Self-Reinforcing
PRototype Evolution with Dual-Knowledge Cooperation
framework (SPRED). Our key innovation lies in establish-
ing a self-reinforcing cycle between dynamic prototype-
guided pseudo-label generation and new-old knowledge
collaborative purification to enhance the utilization of un-
labeled data. Specifically, learnable identity prototypes are
introduced to dynamically capture the identity distributions
and generate high-quality pseudo-labels. Then, the dual-
knowledge cooperation scheme integrates current model
specialization and historical model generalization, refining
noisy pseudo-labels. Through this cyclic design, reliable
pseudo-labels are progressively mined to improve current-
stage learning and ensure positive knowledge propagation
over long-term learning. Experiments on the established
Semi-LRelD benchmarks show that our SPRED achieves
state-of-the-art performance. Our source code is available
at https://github.com/zhoujiahuan1991/ICCV2025-SPRED

1. Introduction

Person re-identification (RelD) [7, 15, 16, 69] has been ex-
tensively studied in stationary scenarios [12, 19, 25, 60].
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Figure 1. (a) In Semi-LRelD, the training data is continuously
obtained with partial labeling. (b) As the labeling rate decreases,
the performance of existing LReID methods suffers severe degra-
dation. (c) Our SPRED improves the knowledge acquisition of
unlabeled data significantly.

Since real-world applications often involve dynamic envi-
ronments where new data continuously arrives [13, 50, 56,
57, 64], lifelong person re-identification (LReID) [8, 52,
53] has emerged as a research frontier, where a significant
challenge is the issue of catastrophic forgetting [9, 54]. Tra-
ditional LReID methods typically assume that all training
samples are labeled [33, 52, 59], an assumption that is of-
ten impractical due to the high labor costs of RelD annota-
tion [12, 38, 61]. To address this limitation, we explore a
more realistic setting, semi-supervised lifelong person re-
identification (Semi-LRelID), where only a subset of the
data stream is labeled, as depicted in Fig. | (a). In such
a scenario, the scarcity of labeled samples leads to signif-
icant performance degradation in existing LReID methods,
as shown in Fig. 1 (b). Consequently, the core challenge in
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Figure 2. (a) Given the labeled and unlabeled data of the new do-
main, we aim to learn actual ID distributions. (b) SSL tends to
approximate ID distributions by emphasizing regions near the la-
beled data. (c) Old knowledge recognizes samples of the same
ID from historical experience (old model). (d) The proposed
dual-knowledge cooperation mechanism jointly utilizes the newly
learned and complementary historical knowledge to improve ID
assignment for unlabeled samples.

Semi-LReID is to effectively leverage the unlabeled data
while mitigating catastrophic forgetting during long-term
learning.

A typical approach to tackle Semi-LRelD is to adapt ex-
isting semi-supervised lifelong learning (SSLL) techniques.
However, current SSLL methods [10, 22, 46], usually
built on an existing semi-supervised learning baseline [41],
predominantly develop replay-based anti-forgetting mecha-
nisms. Given the privacy-sensitive nature of human images,
storing historical samples for replay is often impractical [33,
53]. Recently proposed replay-free SSLL methods [14] in-
tegrate self-supervised pre-training constraints to improve
unlabeled data utilization. However, since RelD is an
identity-level discrimination task where identity-irrelevant
visual cues dominate [29, 37], self-supervised pre-training
constraints often exhibit limited robustness [39].

An alternative approach is to integrate semi-supervised
learning (SSL) techniques [37, 49, 67] into LReID frame-
works. While it can enhance unlabeled data exploitation
and alleviate catastrophic forgetting, the overall perfor-
mance remains limited. As shown in Fig. 2 (b), SSL meth-
ods tend to approximate identity distributions by overem-
phasizing regions near labeled samples, resulting in erro-
neous pseudo-labels [1, 41]. These noisy labels, in turn,
propagate errors during training and hinder the adapta-
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tion of the model to new data [52], ultimately diminishing
knowledge acquisition capacity in long-term learning.

To address these limitations, we propose a novel Semi-
LReID framework, Self-Reinforcing Prototype Evolution
with Dual-Knowledge Cooperation (SPRED). As shown
in Fig. 2 (b), our core idea is to jointly leverage newly
learned knowledge (Fig. 2 (b)) and complementary his-
torical knowledge (Fig. 2 (c)) to form a Dual-Knowledge
Cooperation mechanism (Fig. 2 (d)) that enhances reliable
pseudo-label generation. Specifically, SPRED comprises
two key components: Dual-Knowledge Cooperation-driven
Pseudo-label Purification (DKCP) and Self-Reinforcing
Prototype Evolution (SPE). SPE employs learnable identity
prototypes to dynamically model identity distributions from
pseudo-labels and limited ground-truth annotations. It in-
corporates a neighbor prototype labeling strategy where am-
biguous predictions are discarded and high-quality pseudo-
labels are generated. DKCP clusters new data using
both the current and historical models and selects reliable
pseudo-labels based on clustering consistency among un-
labeled samples. These selected pseudo-labels, in turn,
motivate the identity prototypes learning in SPE, forming
a self-reinforcing cycle that iteratively improves pseudo-
label quality and prototype learning. Besides, a prototype
structure-based knowledge distillation loss is developed to
mitigate catastrophic forgetting, further improving the long-
term knowledge consolidation capacity. Extensive experi-
ments on established Semi-LRelD benchmarks demonstrate
that SPRED significantly enhances unlabeled data utiliza-
tion and long-term knowledge accumulation compared to
existing solutions.

In summary, the contributions of this work are three-
fold: (1) We present a pioneering study on the Semi-LRelD
task, identifying the limitations of current methods in this
setting and introducing a dedicated Semi-LReID bench-
mark for future research. (2) A novel Semi-LRelID method,
SPRED, is proposed, forming a cyclically evolved unla-
beled data utilization mechanism. The learnable identity
prototypes are designed to dynamically enhance pseudo-
label generation, while the complementary knowledge from
the old model is integrated with new knowledge to purify
pseudo-labels. (3) Extensive experiments demonstrate the
effectiveness of SPRED in both unlabeled data utilization
and long-term knowledge accumulation within the chal-
lenging Semi-LRelD scenarios.

2. Related Work
2.1. Lifelong Person Re-Identification

Lifelong person re-identification [33, 50, 55] aims to de-
velop a person retrieval model capable of adapting to mul-
tiple domains by learning from non-stationary data. The
primary challenge in LRelD is the catastrophic forgetting
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Figure 3. The overview of our SPRED. Given a dataset D, two modules operate cyclically throughout each training epoch e. (a) The
DKCP mechanism refines the pseudo-labels assigned to unlabeled samples, which are initially generated by (b) the SPE scheme. This
scheme introduces learnable prototypes to facilitate LReID training using both artificial labels and pseudo-labels while leveraging the
updated prototypes to assign pseudo-labels in the subsequent epoch.

problem [34], where previously acquired discriminative
knowledge is overwritten as new data is introduced [35, 53,
54, 62]. Existing LReID methods typically assume access
to abundant labeled data during training. However, when
labeled data is limited, their performance deteriorates sig-
nificantly, highlighting the need for effective strategies to
leverage unlabeled data during lifelong learning.

2.2. Semi-Supervised Learning

Semi-supervised learning (SSL) is widely applied in clas-
sification and person re-identification tasks where vast im-
ages are available, but only a small fraction of the samples
are labeled [37]. Pseudo-label methods aim to predict labels
for unannotated data, thereby expanding the labeled training
set [6, 37,43, 48, 49]. However, these methods are prone to
overfitting artificial labels, leading to noisy pseudo-labels.
Such noisy data can introduce erroneous knowledge, which
not only degrades the performance of new data but also
exacerbates catastrophic forgetting [52]. Self-supervised-
based methods employ both labeled and unlabeled data,
using supervised and self-supervised supervision, respec-
tively [11, 63]. These approaches typically require large-
scale datasets, making them less suitable for lifelong learn-
ing scenarios where training data is often limited [33]. Con-
sistency regularization methods enforce consistency in the
model’s predictions across different perturbations of the
same input [1, 24, 30, 36, 41]. These approaches focus on
intra-instance consistency but neglect inter-instance relation
learning. However, in Semi-LRelD, the inter-instance rela-
tions are crucial during testing. As a result, these methods
tend to yield sub-optimal results in Semi-LReID scenarios.
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2.3. Semi-Supervised Lifelong Learning

Semi-supervised Lifelong learning (SSLL) considers a
more realistic scenario where only a limited number of
samples are annotated in the continual data stream [10].
Thus, the new knowledge learning and catastrophic for-
getting problems are both challenging. Existing SSLL
works primarily focus on the classification [2, 32, 40, 45]
task. They usually exploit the SSL technique to learn from
new data and adopt a replay buffer to store historical ex-
emplars, which are used to mitigate forgetting [10, 22].
However, since human images are privacy-sensitive, these
technologies are impractical in real scenarios [59]. Re-
cently, a replay-free SSLL method, HDC [48], was pro-
posed, where the self-supervised pre-training constraints
are adopted to utilize unlabeled data. Since RelD is an
identity-specific discrimination task, and identity-irrelevant
visual cues usually dominate image information. Self-
supervised pre-training constraints often exhibit limited ro-
bustness [29, 37]. Therefore, in this paper, we provide a pi-
oneering investigation on the semi-supervised lifelong per-
son re-identification task and propose an exemplar-free so-
lution for realistic applications.

3. The Proposed Method

3.1. Problem Definition

In Semi-LRelD, a set of T datasets D = {D,}._, are given
in order. Each dataset D, contains an unlabeled subset X'
and a labeled subset (X!, Y}). The identity labels between
different training datasets are disjoint, i.e., Y;l N Ysl =0



when ¢ # s. During the ¢-th training step, only D; is avail-
able, the previous and later datasets are inaccessible. Be-
sides, a set of T test datasets D' = {D!*}_, is collected
to evaluate the long-term knowledge accumulation capacity
of the model. In addition, U datasets D" = {D¥"}V |
from novel domains are exploited to evaluate the generaliz-
ability of the model.

3.2. Overview

As shown in Fig. 3, the proposed SPRED method comprises
two main components: a Dual-Knowledge Cooperation-
driven Pseudo-label Purification (DKCP) mechanism and a
Self-Reinforcing Prototype Evolution (SPE) scheme. SPE
contains a Dynamic Prototype-guided LRelD Learning
module (DPL) and a Neighbor Prototype Labeling module
(NPL), which aim to conduct dynamic prototype modeling
and prototype-based pseudo-label generation, respectively.
DKCP consists of an Old Knowledge Aligning-based Clus-
tering module (OKAC) and a New Knowledge Clustering
module (NKC), which adopt the new and old models to
generate new sample clusters, respectively. The clustering
results are exploited to filter unreliable pseudo-labels.

3.3. Self-Reinforcing Prototype Evolution

In this section, we first present the learnable prototype mod-
eling process in the Semi-LRelID scenario, followed by a
detailed explanation of the prototype-based pseudo-label
generation strategy.

Dynamic Prototype-guided LReID Learning: At
training step ¢, given L, identities, a set of learnable pro-
totypes P, = {pi iL:tl is adopted, where each p! € R? is
a d-dimensional vector corresponding to a specific identity.
Additionally, we exploit a set of valid pseudo labels, de-
noted Y7*°, with an associated image set X7*°. At the e-th
epoch, a new LReID model My is trained on these data.
The final LReID model learned from D; is denoted as M.

New Knowledge Learning: Given an input image x
which is sampled from X} U X?*°, M is adopted to extract
the feature f7. Then a prototype-orient identity learning
loss is introduced, which is calculated as follows:

e<Jfipi>

Ly <fe pi>’
>t e<Iop

L, =—log (1)
where pf denotes the prototype sharing the same label as x.
As illustrated in Fig. 3 (b), Eq. (1) encourages the instance
feature to align more closely with its corresponding iden-
tity prototype while distancing itself from other prototypes.
Since both P; and MY are learnable, the prototypes and
model parameters are updated dynamically during training.

To further enhance feature learning in LRelID, we also
integrate the widely-used Triplet loss L7,; [54]. The total
loss for new knowledge learning is thus formulated as:

£base = ﬁp + ET’I‘i' (2)
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Old Knowledge Non-Forgetting: Since £, guides the
model to learn one-instance vs. all-prototype similarity
structures, we aim to preserve the structural knowledge
learned by the old model to mitigate catastrophic forgetting.
Specifically, let f;_; € R? denote the feature extracted by
M, _ ;. The prototype-based old structure is represented as:

S(fe—1,Pi—1) = [9(fr—1,Pe—1,1), ., g(fe—1, Pe—1, Nt—1)]
3

e<ft71 ypjt;l >
represents

where g(fi—1,Pi-1,j) =

Li—1 <fr_1,pi_1>
2is1 e ’

the affinity between input image x and each prototype le
according to the old knowledge.

Similarly,  the prototype-based new  structure
S(f¢,Pi—1) could be obtained.  Then, to alleviate
structural drift as the new model evolves, we introduce a
prototype-guided feature structure maintaining loss:

Ls=Lrr(S(fim1, Pe—1)|IS(ff, Pi=1)),

where L is the Kullback Leibler divergence [20].

Neighbor Prototype Labeling: Existing pseudo-label
generation methods generally rely on classification scores
and a threshold to create pseudo-labels [5, 11], where the
correct prediction score is susceptible to multiple neighbor
classes, causing many informative samples to be discarded.

To address this issue, we propose to focus on the top-2
nearest classes to obtain the pseudo-labels and ignore the
less-related classes, as shown in Fig. 3 (b). Specifically,
given the image feature f; 1 ¢ R? extracted by Mffl,
we obtain the top-2 nearest prototypes, where the nearest
and the second nearest prototypes are represented as p 4 and
pB, respectively. The classification score of the p4 class is
obtained by:

“)

6<ffflva>

®)

SA = - — .
e<FiThpa> 4 o<fipe>

Then, we select the unlabeled samples with a threshold 7},.
Therefore, the predicted label I; of a sample x; can be ob-
tained by:

x; € Xg

la  xi ¢ Xlsa>T,,
NJ/A z;¢ Xl 54 < T,

Yi

l; (6)

where y; denotes the artificial label of z;, [ 4 represents the
corresponding label of p4, and N/A means the pseudo-
label is unavailable according to the prototypes.

3.4. Dual-Knowledge Cooperation-driven Pseudo-
label Purification

The pseudo-labels generated in Sec. 3.3 are inevitably noisy
due to the prototypes overfitting the labeled data, which can



misguide model training and exacerbate catastrophic forget-
ting [52]. To settle this, we propose to leverage both new
and old knowledge from the current and previous models to
filter noisy pseudo-labels, thereby enhancing the effective
utilization of unlabeled samples.

Old Knowledge Aligning-based Clustering: Due to
the domain shift across training steps, directly applying
M, _; to process D, leads to suboptimal results. To settle
this, we employ a distribution alignment network (DANet)
®;_; to map the new data D, to the distribution of D;_;.
The transformed data are denoted as D} = {z}}"*,, where
ng is the number of images in D;. The architecture and
training protocol for DANet is based on [18], with addi-
tional details available in our Supplementary Material.

Then, the old model M;_; is exploited to extract im-

age features F;* | = { ft(i)l* } LZ‘I‘ from the transformed data
Dy . Subsequently, the DBSCAN clustering algorithm [18]
is applied to F}" ;, resulting in Ntcf1 clusters, denoted as
Ciq = {C’f_l,C’é_l,...,C’j\;ll}. Each cluster C/~*
represents a group of instances cexhibiting similar patterns
based on the knowledge encoded in My_1.

New Knowledge Clustering: Given the new data Dy,
the new model Mf_l is utilized to extract features Ff~' =
{ ft(i)’efl}fvztl. Next, the clustering algorithm is also ap-
plied to process F¥~! and a set of Néleil clusters ;"
{ce C’:j*l, ey C;;,le,l} is obtained. Here, each cluster

C

C’f_l is composed of instances whose features extracted by
the new model are highly similar to each other.

Noisy Pseudo-Label Filtering: As shown in Fig. 3 (a),
we aim to utilize the clustering results generated by new
and old models to filter the noisy pseudo-labels. Firstly,
to bridge the clustering results and pseudo-labels, we split
the new samples into sets according to the pseudo-labels
generated in Sec. 3.3, resulting in a collection S¢~! =
{55,857, ..., 871}, where each subset S5 ' = {x; :
z; € X!/ U X 1; = i} is set of samples with the same
pseudo-label.

For an unlabeled instance z, pseudo-label set S and clus-
tering result C, we define the set-based label confidence
score LCs(x, S, C) which is calculated by

Sz NGy

S, uC,’

where S, and C,, are the elements of S and C respectively,
which both contain z.

Given the new knowledge clustering result Cf_l and an
unlabelled sample x, a threshold 7T, is adopted to obtain
P (g a € XY)

LCy(x,8,C) @)

the purified pseudo-label set Y.,
where y7*¢ is obtained by

{

; LC,(z;, 871, C67h > T
NJ/A LCy(x;, 81, Ce71) < T.

pse  _
Yie—1 =

®)
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Similarly, given the old knowledge clustering result
Ci—1, we can obtain another purified pseudo-label set
YT = {y}i5, ¢+ @ € X[} by introducing a threshold
T,,, where y}';° | is obtained following Eq. (8).

Compared to using a purified pseudo-label set alone or
using their intersection, we experimentally found that using
Y2*7 and Y;”°] results in the highest performance, i.e., the
pseudo label for LReID model training is obtained by

S Ot ©
This underscores that the new and old model clustering re-
sults are complementary to each other.

3.5. Training and Inference

When training on the first dataset, only L is exploited as
the supervision. When training on the subsequent datasets,
the overall loss is calculated by:

L= Ebase + a‘csa (10)

where « is a hyperparameter to balance the new knowledge
learning and old knowledge forgetting.

During inference, following the previous works [44, 53],
the image features extracted by the final model My are
adopted for person retrieval.

4. Experiments

4.1. Datasets and Evaluation Metrics

In this section, we present a new and large-scale Semi-
LReID benchmark for comprehensive model evaluation:

Datasets: 12 RelD datasets are adopted to com-
pose our Semi-LReID benchmark, 5 of which are set as
training domains (Market1501 [66], LPW [42], CUHK-
SYSU [51], MSMT17-V2 [47], and CUHKO3 [28]), and
the other 7 smaller datasets are set as test-only domains
(CUHKO1 [27], CUHKO2 [26], VIPeR [17], PRID [21], i-
LIDS [3], GRID [31], and SenseRelD [65]). More details of
the datasets are provided in our Supplementary Materials.

Label Rate: Following the previous semi-supervised
learning settings [4, 37, 67], diverse labeling rates (10%,
20%, 50%) are adopted to evaluate the effectiveness of the
methods under different scenarios, where the labeled data
are sampled randomly.

Evaluation Metrics: Following the standard LReID
protocols [33, 54], mean Average Precision (mAP) and
Rank-1 (R@1) accuracy are adopted to evaluate model per-
formance on each RelD dataset. Moreover, the average
mAP and R@1 across datasets are calculated to assess the
overall performance on diverse domains.

4.2. Implementation Details

Following the previous works [44, 54], the ResNet-50 is
set as the LReID backbone. The model is initially trained



Market-1501 CUHK-SYSU LPW MSMT17 CUHKO3 Seen-Avg UnSeen-Avg

r Type Method mAP R@I mAP R@1 mAP R@I mAP R@1 mAP R@I mAP R@l mAP R@I
A PalchKD [44] 658 845 73.0 759 257 344 53 147 193 197 37.8 458 403 341

S DKP[53] 495 739 80.7 832 354 476 144 339 266 263 413 53.0 52.8 46.6

3 LSTKC[54] 484 714 808 834 393 520 167 382 37.0 38.1 444 56.6 533 457

~ CDMADT [23] 420 705 776 807 219 354 74 234 145 151 327 450 474 403

. 3 ShinkMI[53] 519 759 775 80.6 426 575 217 493 377 394 463 605 57.9 50.6
S O SImMV2i[68] 346 593 632 659 280 411 115 303 29.6 314 334 456 469 403
2 DPIST[37] 499 721 820 844 408 537 17.2 388 355 356 451 569 553 485

A HDCI[48] 518 752 797 822 435 57.0 222 49.1 40.1 423 475 612 582 50.6

z SPRED 508 797 828 846 497 602 174 382 406 413 50.1 608 57.8 503

8 SPRED! 594 807 79.6 815 473 602 21.6 473 484 494 513 63.8 607 53.9

~ PatchKD [44] 436 657 67.1 705 100 158 3.0 88 7.0 62 261 334 304 248

T DKP[53] 304 558 735 761 215 310 88 241 83 7.0 285 388 408 348

3 LSTKC[54] 348 586 77.1 800 282 404 122 297 19.4 182 343 454 47.0 40.1

~ CDMAD' [23] 298 569 740 775 191 311 60 199 95 86 277 388 436 37.0

o © ShinkMI[S8] 417 680 733 764 348 492 175 429 228 224 380 518 530 458
S 2 SimMV2i[68] 345 59.1 651 684 261 381 105 286 190 192 310 427 457 383
1 DPIS[37] 348 593 779 811 293 41.1 125 308 185 168 34.6 458 477 407

% HDCT[48] 399 655 753 785 31.8 448 164 403 253 241 377 50.6 525 457

z SPRED 547 757 811 830 450 569 161 363 358 354 465 57.5 557 484

3 SPRED! 546 77.1 785 80.5 449 589 213 475 386 382 47.6 60.4 589 51.5

~ PachKD [44] 206 390 585 624 35 61 1.1 37 30 23 173 227 208 165
T DKP[53] 179 395 675 703 125 190 57 174 49 32 217 299 329 27.1

S LSTKC[54] 240 467 728 768 200 296 7.6 204 142 121 277 371 395 327

~ CDMAD'[23] 230 498 722 759 166 264 58 193 78 69 251 357 427 371

. 3 ShinkMI[58] 322 581 702 740 277 421 130 351 185 179 323 454 480 412
S 2 SimMV2f[68] 202 541 643 680 205 320 85 244 149 141 275 385 423 352
T 2 DPIST[37] 254 481 740 774 209 306 86 223 140 122 286 38.1 414 342
% HDCI[48] 260 488 702 739 208 297 81 23.1 124 109 275 373 456 392

Z SPRED 459 694 793 816 400 511 142 33.0 367 37.1 432 54.4 517 44.6

8 SPRED! 495 740 765 79.1 409 554 194 453 37.5 384 44.8 584 559 487

Table 1. Results comparison under different label rate . T indicates the state-of-the-art SSL method is integrated with the anti-forgetting
designs of LSTKC. * represents adopting the data augmentation strategy of ShrinkM.

on the first dataset for 80 epochs, with subsequent datasets
trained for 60 epochs each. For optimization, an SGD op-
timizer with an initial learning rate of 8 x 1073 is used.
To ensure fair comparisons with existing LReID methods,
standard LRelD data augmentations [53], including random
cropping, erasing, and horizontal flipping, are applied to
obtain the SPRED model. Additionally, we observed that
the strong-weak augmentation strategy commonly used in
SSL [58], can boost generalization in Semi-LReID. There-
fore, we incorporate this SSL. augmentation strategy, with
further details provided in the supplementary material, to
obtain SPRED?*. The experiments are conducted on the la-
bel rate r=10% by default.

4.3. Compared Methods

We compare the proposed method with two categories of
approaches: A. LReID methods, including PatchKD [44],

LSTKC [54], and DKP [53]. B. SSL methods, including
SSL-Classification methods, CDMAD [23], ShrinkM [58],
SimMV2 [68] and SSL-RelD methods, DPIS [37],
HDC [48]. Since SSL methods do not incorporate an anti-
forgetting mechanism, the anti-forgetting strategy of the
state-of-the-art LReID method (LSTKC [54]) is integrated
into these SSL approaches. The resulting methods are re-
ferred to as SSL+LRelD approaches. All experimental re-
sults are obtained using the official implementation or fol-
lowing the official paper, with a parameter grid search con-
ducted to ensure optimal performance.

The performance of different methods on each seen do-
main is shown in Tab. 1. Besides, we also report the av-
erage performance across all seen domains (Seen-Avg) and
unseen domains (UnSeen-Avg). The best and second best
results are highlighted in Red and Blue, separately.
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Figure 4. Seen domain performance curves under 10% label rate.

4.4. Seen-Domain Performance Evaluation

Compared to LReID Methods: In Tab. I, our SPRED
consistently outperforms existing LReID methods in terms
of Seen-Avg mAP/R@1 across different labeling rates.
Specifically, compared to the state-of-the-art LSTKC,
SPRED achieves notable improvements of 5.7%/4.2%,
12.2%/12.1% and 15.5%/17.3% in Seen-Avg mAP/R@1
as the labeling rate decreases from 50% to 10%. These re-
sults verify the effectiveness of SPRED in label-limited set-
tings, primarily due to its dynamic prototype learning and
dual-knowledge cooperation mechanisms, which enhance
the utilization of unlabeled data.

Compared to SSL+LReID Methods: As shown in
Tab. 1, our SPRED surpasses existing SSL+LRelID ap-
proaches, achieving at least 8.5%/5.7% and 10.9%/9.0 %
improvements in Seen-Avg mAP/R@1 under 20% and 10%
labeling rates, respectively. Under a 50% labeling rate,
SPRED demonstrates a 2.6% increase in Seen-Avg mAP
but a 0.4% decrease in Seen-Avg R@1 compared to HDC.
This higher R@1 performance by HDC primarily stems
from its data augmentation strategy, which enhances input
data diversity to facilitate LReID training.

By incorporating the widely used data augmentation
strategy of SSL [58], our enhanced SPRED* model sur-
passes all SSL+LReID methods in Seen-Avg mAP/R@1
metrics across different labeling rates. Specifically, we
observe improvements of 3.8%/2.6%, 9.6%/8.6% and
12.5%/13.0% in Seen-Avg mAP/R@1 at 50%, 20%, and
10% label rates, respectively. This superior performance is
attributed to our self-reinforcing prototype evolution frame-
work, which enhances pseudo-label quality and boosts the
capacity of the model for new knowledge acquisition.

Seen Domain Performance Tendency: In Fig. 4, we
evaluate model performance on already encountered do-
mains after each training step. The results indicate that
both SPRED and SPRED? consistently outperform all exist-
ing methods. This advantage is attributed to our prototype-
based anti-forgetting loss and effective pseudo-label purifi-
cation mechanisms, which enhance knowledge consolida-
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Figure 5. Generalization curves under 10% label rate.

Base DPL NPL DKCP rf:;“'gv@gl ilflfe"l;g {”
v 277 371 395 327
v oV 288 382 417 342
o vV 380 498 474 405
v v v v 432 544 517 446

Table 2. Ablation study of different components.

tion and mitigate the catastrophic forgetting of historical
correct knowledge caused by noisy pseudo-labels.

4.5. Unseen-Domain Generalization Evaluation

Compared to LReID and SSL+LReID Methods: As
shown in Tab. 1, our SPRED outperforms all LReID
methods on the UnSeen-Avg mAP/R@1 performance. Be-
sides, our SPRED? surpasses SSL+LRelID approaches with
2.5%/3.3%, 5.9%/5.7%, and 7.9%/7.5% UnSeen-Avg
mAP/R@1 across label rate form 50% to 10%. These re-
sults underscore our method’s effectiveness in accumulating
generalizable knowledge, which is attributed to an efficient
pseudo-label generation mechanism that reduces overfitting
to the limited labeled data.

UnSeen Domain Performance Tendency: In Fig. 5, we
assess the model’s performance on unseen domains after
each training step. The results show that our SPRED and
SPRED? achieve leading performance consistently, primar-
ily due to enhanced utilization of unlabeled data, which in-
tegrates more generalizable knowledge into the model.

4.6. Ablation Studies

Ablations on model components. In Tab. 2, we adopt
LSTKC as the Base model and progressively integrate the
proposed DPL, NPL, and DKCP modules. The results show
that each component substantially enhances model perfor-
mance. When all components are incorporated, our method
surpasses the Base model by 15.5%/17.3% Seen-Avg
mAP/R@1 and 12.2%/11.9% UnSeen-Avg mAP/R@1.
Ablations on hyperparameters. We investigate the ef-
fects of the hyperparameters «, T, T,,, and T},, on the model
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Figure 7. T-SNE visualization of labeled and unlabeled features in
the training dataset MSMT17.

in Fig. 6. The results indicate that model performance is
relatively robust to changes in these hyperparameters. In
practice, we set «, T¢,, T, and T}, to 4.0, 0.1, 0.6, and 0.7
by default, respectively.

4.7. Visualization Results

Feature Distribution Visualization: In Fig. 7, we visualize
the training data features of different identities (colors) in
comparison with existing approaches. The results demon-
strate that our method achieves a more cohesive grouping
of labeled and unlabeled features while existing methods
exhibit substantial labeled-unlabeled feature disparity and
limited discriminative ability between identities. These re-
sults highlight our superiority in mining knowledge from
unlabeled data and boosting the LReID performance.
Identity Prediction Visualization: To demonstrate the
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knowledge acquisition capacity of different methods, we vi-
sualize the identity prediction accuracy on the challenging
Market-1501 and MSMT17 datasets in Fig. 8. Unlike exist-
ing methods, whose accuracy plateaus after 25 epochs, our
SPRED method continues to improve, ultimately achiev-
ing significantly higher final accuracy. These results con-
firm the effectiveness of our cyclically evolved unlabeled
data utilization mechanism, in which pseudo-label predic-
tion and purification iteratively enhance each other.

5. Conclusion

In this paper, a practical Semi-LRelD task is investigated,
aiming to learn from a data stream with a vast amount of un-
labeled data alongside scarce labeled samples. To support
further research, a new large-scale Semi-LRelD benchmark
is introduced. Additionally, a novel Semi-LRelID approach,
SPRED, is proposed. Specifically, a self-reinforcing cy-
cle is established, wherein the learnable prototype is intro-
duced to dynamically model identity distribution and gener-
ate high-quality pseudo-labels. Besides, a dual-knowledge
collaborative purification mechanism is designed to filter
the underlying unreliable pseudo-labels by exploiting the
new knowledge and the complementary old knowledge. Ex-
tensive experiments demonstrate that the proposed method
significantly outperforms existing approaches, particularly
under conditions with limited labeled data.
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