Vision-Language Attribute Disentanglement and Reinforcement for Lifelong
Person Re-Identification

Supplementary Material

In our supplementary materials, we provide additional
ablation studies, implementation details, and visualization
results for the proposed Vision-Language Attribute Disen-
tanglement and Reinforcement (VLADR) approach. Fur-
thermore, we include additional quantitative and qualita-
tive results that demonstrate the effectiveness of our method
against the state-of-the-art approaches.

The supplementary materials are organized as follows:

» Ablation studies and implementation details of the local
attribute extraction module.

* Pseudo-code of the VLADR method and algorithm de-
scription.

e Comprehensive overview of the LReID benchmark
datasets and their configuration.

* Extensive quantitative comparisons under additional
LRelD benchmarks.

¢ Qualitative visualization of retrieval results.

1. Ablation Studies and Implementation De-
tails for Local Attribute Extraction

1.1. Ablation Studies on the Components of the Lo-
cal Attribute Queries

Table 1. Ablation study on different part query.

Seen-Avg UnSeen-Avg
mAP R@1 mAP R@1

70.1 79.5 77.6 72.0
70.1 795 77.8 719
70.0 794 777 T1.8
699 794 777 720
704 799 778 72.0
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In this paper, four general human body regions, i.e., the
head, upper body, lower body, and feet, are selected as the
candidate attributes. As shown in Table 1, incorporating all
four attributes achieves the best overall performance, while
removing any single attribute leads to performance degrada-
tion. This observation verifies that each body part provides
complementary and discriminative information that benefits
accurate person re-identification.

In addition, we experimented with introducing more
fine-grained regions, such as the knee, hand, and arm. How-
ever, these attempts resulted in degraded performance. The
primary reason is that such small parts are frequently oc-
cluded in the images, which introduces ambiguity and noise

into the learning process, ultimately hindering effective at-
tribute extraction.

1.2. Textual Attribute Prompts

To obtain accurate textual attributes for each person image,
we design attribute-specific prompts that guide the gener-
ation of discriminative textual descriptions for the corre-
sponding body regions. Table 2 summarizes the prompt
formulations and formatting templates used in our method,
where the prompt formulations correspond to the attribute-
specific questions, and the formatting templates provide
structured guidance for producing the textual responses
from the pretrained VLM.

2. VLADR Algorithm Description

The pseudo-code of the proposed VLADR framework is
provided in Algorithm 1. When the new domain data D,
is given, our method consists of two major processes: (1)
multi-grain text attribute disentanglement (MTAD) and (2)
inter-domain cross-modal attribute reinforcement (ICAR).

In MTAD, local textual attributes corresponding to dif-
ferent body parts are extracted, and a global textual repre-
sentation is optimized through learnable prompt refinement.
In ICAR, visual and textual attribute features are jointly op-
timized through multi-modal alignment. Besides, the inter-
domain alignment is conducted to achieve attribute knowl-
edge transfer. This design effectively mitigates catastrophic
forgetting and enables continuous accumulation of discrim-
inative attribute knowledge.

3. LReID Benchmark Dataset Configuration

The LReID benchmark [14] adopted in our main paper
incorporates 12 person re-identification datasets: Market-
1501 [26], LPW [24], CUHK-SYSU [19], MSMT17-
V2 [18], CUHKO3 [8], CUHKOI [7], CUHKO02 [6],
VIPeR [2], PRID [3], i-LIDS [l1], GRID [I3], and
SenseRelD [25].

To ensure a balanced and fair evaluation, we preprocess
the datasets as follows. CUHK-SYSU is originally designed
for person search. Following previous works [16, 21], we
adapt it for ReID by cropping person images using ground-
truth bounding boxes and retaining only identities with at
least four annotations. LPW [15] is a video-based person
re-identification dataset, which we adopt as a replacement
for DukeMTMC-relD, given that both originate from video
data. Following the protocol in [24], we convert LPW into a



Table 2. Prompts for generating local attribute descriptions from different body parts.

Local Parts Prompts

Formatting Template

Gender: What is the gender of the person?

Hair Color: What color is the person’s hair?

A {Gender} with {Hair Color},

Head Hair Length: How long is the person’s hair? {Hair Length} hair, wearing {Accessories}.
Accessories: What accessory is the person wearing?

Upper Clothing: What is the person wearing on the upper body?.

PP Color: What color is the upper body clothing? Wearing {Color} {Clothing}, {Movements}.
Body . .

Movements: What is the person doing?
Lower Clothing: What is the person wearing on the lower body? . .
Body Color: What color is the lower body clothing? Wearing {Color} {Clothing}.
] . .
Foot Shoes: What shoes is the person wearing? Wearing {Color} {Shoes}.

Color: What is the color of the shoes?

static ReID format by sampling one frame every 15 frames.
To mitigate data imbalance, we uniformly select 500 identi-
ties from each dataset to construct the standard benchmark.
The detailed dataset statistics are summarized in Table 3.

4. Experiments

4.1. Additional LReID Benchmark

Considering that some existing works report their
results on the original LReID* benchmark, which
includes the DukeMTMC-relD dataset, we also pro-
vide comparisons on this benchmark. Specifically,
two dataset orders are adopted: Training Order-1:
Market—SYSU—DukeMTMC—MSMT17—CUHKO3,
and an alternative Training Order-2: DukeMTMC—
MSMT17—Market—SYSU—CUHKO3.

Evaluation metrics include mean Average Precision
(mAP) and Rank-1 accuracy (R@1), computed indepen-
dently on seen and unseen domains. Seen-Avg denotes the
average performance across all training domains, whereas
UnSeen-Avg measures the domain generalization capabil-
ity on unseen domains.

4.2. Results on Training Order-1

Under Training Order-1, VLADR achieves strong perfor-
mance and establishes new state-of-the-art results. In par-
ticular, VLADR attains the highest Seen-Avg scores among
all existing methods, surpassing the second-best approach
(PAEMAT) by 1.0% Seen-Avg mAP and 1.1% Seen-Avg
R@1. Regarding unseen-domain generalization, VLADR
further achieves at least 0.1% UnSeen-Avg mAP and 0.2%
UnSeen-Avg R@1 improvements over existing methods.
These results validate the effectiveness of the proposed at-
tribute disentanglement and reinforcement mechanism.

4.3. Results on Training Order-2

Results under Training Order-2 further verify the superior-
ity and robustness of VLADR. Under the seen domains,
VLADR surpasses the state-of-the-art DASK' by 3.4%
in Seen-Avg mAP and 2.7% in Seen-Avg R@1. For
unseen domains, VLADR achieves the highest UnSeen-
Avg performance, reaching 78.2% UnSeen-Avg mAP and
72.1% UnSeen-Avg R@1, and outperforming the state-of-
the-art DKUA by 1.7% in UnSeen-Avg mAP and 0.9% in
UnSeen-Avg R@1. These improvements indicate that the
proposed attribute disentanglement and inter-domain align-
ment schemes enable more effective cross-domain knowl-
edge accumulation, leading to stronger adaptation on seen
domains and superior generalization on unseen domains.
The consistent gains across both dataset orders highlight the
stability and practical applicability of VLADR in real-world
lifelong learning scenarios.

5. Person Retrieval Results

Figure | presents the qualitative comparison of person re-
trieval results produced by VLADR and the state-of-the-art
baseline DASK across both seen and unseen domains. For
each query, the retrieved results are ranked in descending
order of similarity scores from left to right, where green
boxes denote correct matches, red boxes indicate incor-
rect matches, and black boxes highlight the query images.
The visualization demonstrates that VLADR consistently
achieves more accurate retrieval under diverse challeng-
ing scenarios, including substantial pose variations, cross-
viewpoint changes, and complex illumination conditions.
Benefiting from the attribute-based reasoning mechanism,
VLADR captures more fine-grained and semantically dis-
criminative cues, leading to more robust feature learning
and noticeably improved matching accuracy compared to
DASKT.



Table 3. Detailed statistics of datasets used in the Lifelong Person Re-Identification benchmark.

Domain Type Dataset Name Original Configuration LReID Benchmark
Train Query Gallery Train Query Gallery

CUHKO3 [8] 767 700 700 500 700 700
Market-1501 [26] 751 750 751 500 751 751

Seen LPW [15] 875 876 876 500 876 876
CUHK-SYSU [19] 942 2900 2900 500 2900 2900
MSMT17-V2 [18] 1041 3060 3060 500 3060 3060
i-LIDS [1] 243 60 60 - 60 60
VIPeR [2] 316 316 316 - 316 316
GRID [13] 125 125 126 - 125 126

UnSeen PRID [3] 100 100 649 - 100 649
CUHKO1 [7] 485 486 486 - 486 486
CUHKO2 [6] 1677 239 239 - 239 239
SenseRelD [25] 1718 521 1718 - 521 1718

Table 4. Comparison of seen-domain anti-forgetting and unseen-domain generalization on Training Order-1 of LReID* benchmark.

Market SYSU LPW MSMT17 CUHKO3 Seen-Avg UnSeen-Avg

Net. Method Pub.
mAP R@1 mAP R@1 mAP R@1 mAP R@1 mAP R@1 mAP R@1 mAP R@1
LwF[9] rrami2017 40.6 70.8 66.2 69.7 553 73.2 123 325 27.6 26.6 404 54.6 52.5 45.1
DKP[20] cver2024 60.3 80.6 83.6 854 71.2 789 19.7 41.8 43.6 442 557 66.2 59.2 51.6
o LSTKC[21] Aaar2024 547 76.0 81.1 834 685 753 20.0 43.2 447 465 53.8 649 570 499
% DKP++[27] TPaM12025 63.9 83.6 83.7 853 72.1 794 265 52.6 465 47.6 58.5 71.1 65.7 58.5
A LSTKC++[23] 7rrami202s 65.3 83.2 85.8 87.5 732 80.1 21.0 435 47.7 489 586 70.0 63.2 56.3
DASK][22] AAAr2025 61.2 823 819 83.7 70.5 76.2 29.1 57.6 46.2 48.1 57.8 70.0 653 58.4
PrR[17] arxiv2025  67.1 849 84.1 852 753 81.5 329 612 572 593 63.3 746 745 652
PAEMA[4] wcvo24 689 71.7 91.3 90.0 79.1 823 55.3 314 50.8 50.0 69.1 75.1 72.7 61.8
= DREJ[11] TNNLS 2025 69.4 852 85.6 86.8 72.5 79.6 21.5 43.7 547 58.1 60.7 71.9 742 62.5
” DCRJ[10] resvr202s 759 857 87.3 88.5 76.2 81.4 253 50.1 60.5 61.3 67.0 754 76.3 69.2
DKUA[12] arxiv2025 825 91.3 90.1 91.5 78.9 84.7 259 514 61.2 628 71.7 80.7 774 703
LwF[9] TPAMI2017 63.4 822 794 814 70.2 76.5 15.5 35.7 419 426 54.1 63.7 58.5 51.6
DKPT[20] cvpr2024 79.3 90.3 89.5 90.6 74.8 81.2 369 62.7 59.0 60.1 70.1 783 729 65.1
LSTKC'[21] AAAI2024 79.1 91.5 92.0 92.7 754 82.6 383 642 60.7 62.5 71.0 80.6 74.8 68.0
a. PAEMAT[4] wevzoz4 811 917 922 92.8 77.5 842 454 71.0 61.7 63.6 71.7 82.1 772 71.2
8 DKP++f[27] TPAMI2025 77.5 89.1 87.0 87.8 72.6 80.3 372 63.1 57.9 59.1 684 772 733 66.7
LSTKC++T[23] rpami2025 69.4 859 90.1 91.4 76.8 83.5 389 650 70.0 72.1 69.0 80.5 740 67.9
DASK[22] Aaar2025 7577 883 90.5 91.1 743 81.7 40.0 66.2 63.3 66.1 70.8 80.7 74.9 68.2
VLADR This Paper  79.7 909 91.9 92.6 782 85.1 460 71.6 67.6 699 72.7 832 775 71.4

Net. denotes the visual encoder architecture. { indicates integration with CLIP-ReID [5].

6. Key Findings and Insights

The comprehensive experimental analysis across multiple

dataset orders, visual encoders, and baseline methods re- 2

veals several important insights about our VLADR ap-

proach:

1. Effective Attribute Disentanglement: By systemati-
cally decomposing person representations into comple-
mentary local body part attributes and holistic global fea-

tures, VLADR captures both fine-grained discriminative
details and global semantic consistency, leading to more
robust and interpretable representations.

. Superior Cross-Modal Alignment: Joint optimization

of vision-language features enforces semantic consis-
tency across modalities, resulting in more stable and
generalizable representations compared to vision-only
approaches. This cross-modal alignment mechanism
significantly enhances both anti-forgetting on seen do-



Table 5. Comparison results on Training Order-2 of LReID* benchmark.

DukeMTMC MSMTI17  Market SYSU CUHKO3 Seen-Avg UnSeen-Avg

Net. Method Pub.
mAP R@1 mAP R@1 mAP R@1 mAP R@1 mAP R@1 mAP R@1 mAP R@1
LwF[9] eAmi2017 542 72.8 103 28.2 47.1 717 779 804 288 27.8 43.7 56.2 533 459
DKP[20] cvpr2024 53.4  70.5 145 333 60.6 81.0 83.0 84.9 45.0 46.1 51.3 63.2 51.3 478
o LSTKC[21] AAAT2024 49.9 67.6 14.6 34.0 55.1 76.7 82.3 83.8 46.3 48.1 496 62.1 57.6 49.6
% DKP++[27] TPAMI 2025 55.7 73.9 222 478 659 856 844 865 49.5 517 555 69.1 649 57.9
& LSTKC++[23] rramrz02s 553 70.6 15.7 345 65.6 82.7 863 88.0 47.1 47.6 540 64.0 62.1 54.7
DASK][22] AAAT2025 557 744 252 519 71.6 877 84.8 862 48.4 49.8 57.1 70.0 655 57.9
PrR[17] arxiv2025 559 733 292 57.8 71.7 872 85.0 86.5 555 57.7 594 72.8 713 62.8
PAEMA[4] ev2oz4 79.8 672 494 26.0 85.8 69.8 91.0 89.9 49.7 493 625 694 71.1 60.4
= DRE[11] TNNLS 2025 59.7 742 18.7 34.8 654 82.7 84.8 86.7 51.9 53.2 56.1 66.3 74.0 63.5
~ DCR[10] resvr2o2s 641 772 254 449 70.6 845 86.1 882 542 58.7 60.1 70.7 75.8 70.1
DKUA[12] arxiv2025 69.5 81.8 31.8 57.6 73.7 879 87.6 88.1 59.5 60.9 644 753 76.5 71.2
LwF[9] reAmI2017 594 75.1 123 30.0 57.9 77.5 81.5 83.3 39.7 409 502 61.3 57.1 49.1
DKP1[20] cvpr2024 71.0 83.8 334 593 77.2 89.8 89.7 90.4 60.2 62.6 66.3 77.2 752 68.9
LSTKCT[21] AAAI2024 69.8 829 335 594 72.1 872 92.1 93.0 60.6 62.6 65.6 77.0 73.5 66.7
a. PAEMAT[4] uevoze 7177 84.0 422 68.5 80.5 917 929 934 627 64.1 66.8 77.8 74.0 66.9
5 DKP++1[27] rramI 2025 67.5 80.3 32.6 584 73.6 885 86.8 877 556 576 632 746 73.0 66.1

LSTKC++1[23] 7pamrz025 60.5 75.5 32.0 56.8 71.4 86.3 92.0 93.0 702 72.6 652 769 75.6 69.4
DASK[22] AaAr2025 68.8 823 384 64.8 75.1 88.4 904 90.8 63.7 659 67.3 784 747 67.7

VLADR This Paper - 69.7  82.6  41.6 68.0 80.4 91.2 92.8 933 688 704 70.7 81.1 782 72.1

Net. denotes the visual encoder architecture. | indicates integration with CLIP-RelID [5].
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Figure 1. Visualization of person retrieval results. Green boxes indicate correct matches, red boxes indicate incorrect matches, and black
boxes denote query images.

mains and generalization on unseen domains. long person re-identification scenarios where data from
3. Strong Improvement of Knowledge Consolidation: new domains may lack training samples.
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Algorithm 1 VLADR: Vision-Language Attribute Disen-
tanglement and Reinforcement

Input: Current batch D; = {(z;,y;)};",, Previous
Model M;_1, Query qml, Parameters 0;_1.

Output: Updated model M;, Updated query g’ ,,, Up-
dated parameters 0

# Stage 1: Multi-grain Text Attribute Disentanglement
= {B(mi,TjQ)}jyz‘ll; # Extract local textual at-

tributes

Fl = T(Aphotoofa [X]1[X]z- -

Global textual features

Optimize prompt parameters {[X];}}, with loss

(XIar™); #

['prompt;

# Stage 2: Inter-domain Cross-modal Attribute Rein-
forcement
Initialize M} = M1, ¢;, = a3, 07 = 6,1
for e = 1 to Npocr, do

# Coarse-grained Global Representation Learning
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glls = [CLS] (token from visual features);
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loss
1 B
-B iz log
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Fl = 05 (g, £ £1); # Visual local ar-
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Fity =T(Ta):

exp(s(F F lea)) .
ZK lcxp( (fvzs’ tewt))

£global =

# Textual local attributes

Laravign = ]\}a Z “ LP s # Multi-modal

alignment loss

# Inter-domain Attribute Knowledge Transfer
Féfs V=0, (gt fio Fio1);  # Historical

attributes
R} = (")) and Ry, =
(Pt (P t= 1) T, # Relation matrices

LpAtign = ~- Z LY. #Domain alignment
loss

end for
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end for
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