
COPE: Consistent Occlusion and Prompt Enhancement Network
for Occluded Person Re-identification

Siyi Sun1, Jinliang Lin1, Juanjuan Weng2, Zhihui Liu3, Shaozi Li1,4, Zhiming Luo1,4*

1 Department of Artificial Intelligence, Xiamen University, Xiamen, China
2 College of Information Science and Technology, Jinan University, Guangzhou, China

3 Truesight Technology Co. Ltd, Xiamen, China
4 Key Laboratory of Multimedia Trusted Perception and Efficient Computing,

Ministry of Education of China, Xiamen University, Xiamen, China

Abstract

Occlusion presents two critical challenges for person re-
identification (Re-ID): feature interference and informa-
tion loss. While existing efforts have explored occlusion-
aware data augmentation and feature reconstruction to mit-
igate these issues, the former often fails to address erro-
neous matches caused by similar occlusion patterns and
background distractions, whereas the latter typically intro-
duces significant computational overhead. To overcome
these limitations, we propose a Consistent Occlusion and
Prompt Enhancement (COPE) network. COPE incorpo-
rates a Cross-Identity Consistent Occlusion (CICO) mod-
ule that applies identical occlusions across different identi-
ties and encourages feature similarity in the same occluded
regions across different identities to reduce occlusion fea-
ture interference. A Prompt Background Filling (PBF) mod-
ule leverages vision-language alignment to generate fore-
ground heatmaps and performs random background filling,
enhancing feature robustness under varying backgrounds.
Additionally, a lightweight Prompt Similarity Scoring (PSS)
module refines retrieval similarity by utilizing prompt-
guided reliability scores. Extensive experiments on both
occluded and holistic Re-ID benchmarks demonstrate that
COPE consistently outperforms existing methods. Notably,
it achieves 82.4% Rank-1 accuracy and 76.4% mAP on the
challenging Occluded-Duke dataset. The code is available
at https://github.com/Cecoming/COPE.

1. Introduction

In practice, pedestrian images frequently suffer from oc-
clusions caused by surrounding objects, posing two major
challenges for accurate person Re-ID: 1) extracted features
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Figure 1. Existing challenges on Occluded-Duke dataset and our
solutions. (a) shows incorrect matches with similar occlusions for
CLIP-REID and clean correct matches for our COPE under occlu-
sion interference. (b) shows the attention map of the query with
different CICO settings. Without CICO, attention is scattered;
with data augmentation, attention on the occlusion decreases; with
feature loss, attention on the target person increases. (c) shows the
difficult matching problem caused by information loss, which we
address by using similar intermediate samples.

are easily disturbed by occlusions, and 2) significant por-
tions of discriminative information are lost. With the rapid
development of deep learning, the feature extraction of ex-
isting models has steadily improved. To enhance feature
alignment, some methods [12, 13] attempt to extract global
features, while others [9, 24, 34] leverage external cues to
extract part-based features. However, due to persistent in-
terference and missing information caused by occlusions,
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these methods have reached a performance bottleneck.
Recent works have explored two main directions to ad-

dress these issues: data augmentation and feature recon-
struction. Data augmentation-based methods [1, 21] sim-
ulate various occlusions to enhance model generalization,
while feature reconstruction-based methods [8, 32] restore
missing features using external cues or gallery neighbors.
However, these approaches overlook several important as-
pects. (1) Most augmentation methods emphasize diver-
sity but ignore the fact that similar occlusions often in-
duce misleading similarity. As shown in Figure 1(a), when
querying occluded samples, retrieval results of transformer-
based CLIP-REID [12] showed similar vehicle occlusions,
which proves the existence of similar occlusion interfer-
ence. (2) Most gallery images in occluded person Re-ID
remain holistic. For these images, simple occlusion sim-
ulation cannot fully resolve background distraction issues
in different environments. (3) Reconstruction-based meth-
ods typically entail high computational costs due to their
reliance on similar neighbor features for feature recovery,
resulting in high inference latency and poor scalability in
real-time deployment scenarios.

To address these challenges, we propose a novel frame-
work named Consistent Occlusion and Prompt Enhance-
ment Network (COPE). Specifically, to alleviate the in-
terference of recurrent occlusions across different pedestri-
ans, we propose the Cross-Identity Consistent Occlusion
(CICO) module. At the data level, CICO applies identical
occlusion group to different identities to simulate visually
misleading scenarios. At the feature level, Transformer-
based backbones rely on global self-attention between all
patch tokens. Without guidance, occlusion tokens may un-
desirably interact with foreground tokens, degrading feature
quality. To address this, we propose an occlusion consis-
tency loss that encourages feature similarity in the same oc-
cluded regions across different identities. This alignment
helps the model recognize occlusion-specific tokens and
suppress their impact during attention, thereby reducing oc-
clusion interference and shifting attention toward informa-
tive foreground regions. As shown in Fig. 1(b), after data
augmentation and feature constraints using CICO, the at-
tention to the occluded region is significantly reduced, and
the representation of the target region is further enhanced.

To alleviate background inference in holistic pedes-
trian images, we propose the Prompt Background Filling
(PBF) module. By leveraging vision-language alignment,
PBF generates foreground heatmaps that accurately local-
ize pedestrian regions. The remaining background areas
are then randomly filled to simulate diverse environmental
contexts. To ensure consistent foreground feature extraction
between the original and augmented images, a foreground
alignment loss is applied. This design encourages the model
to focus on identity-relevant foreground features while re-

ducing its reliance on background cues.
Moreover, to resolve information loss from severe occlu-

sion, we design a Prompt Similarity Scoring (PSS) mod-
ule. As shown in Fig. 1(c), direct matching becomes chal-
lenging when query regions are only partially visible. How-
ever, if a reliable reference is available, two low-similarity
samples can still be associated through shared visible parts
(e.g., lower body, backpack). To measure the reliability of
an instance, we compute its similarity to the class center, de-
fined as a prompt score. Since feature reliability is closely
related to foreground integrity, we use the PBF prompt
heatmaps to learn prompt scores. During retrieval, PSS
selects high-prompt-score gallery samples to refine query-
gallery similarity. Compared to common methods for mit-
igating information loss, our approach optimizes matching
using only neighbor feature similarity without feature re-
construction, greatly reducing inference cost.

The main contributions are summarized as follows:
• We propose the CICO module to simulate realistic occlu-

sion scenarios and enforce feature alignment in occluded
regions, effectively mitigating feature interference caused
by occlusion.

• We introduce the PBF module, a prompt-guided augmen-
tation strategy, which improves foreground feature ex-
traction consistency across diverse backgrounds.

• We design a lightweight PSS module that refines retrieval
results during inference using prompt-guided reliability
cues, achieving substantial performance improvements
with negligible inference overhead.

• Comprehensive experiments demonstrate that COPE
achieves state-of-the-art performance on both occluded
and holistic person Re-ID benchmarks.

2. Related Work

2.1. Occluded Person Re-Identification

To mitigate occlusion interference and information loss,
recent methods primarily explore data augmentation and
feature reconstruction. Data augmentation approaches
simulate occlusions at the input level via noise injec-
tion [1], pasting diverse obstacles cropped from external
datasets [21, 27], or transferring salient patches to new
backgrounds [25]. However, these methods often empha-
size occlusion diversity while overlooking the misleading
interference from similar occlusion patterns and the need to
augment full-body gallery images. Conversely, feature re-
construction methods focus on recovering missing features
post-extraction. Approaches like RFCnet [8], FRT [31], and
FPC [32] prune invalid regions and leverage external cues
or k-nearest gallery neighbors to restore semantic features.
This neighbor reliance typically introduces significant com-
putational overhead, limiting real-time scalability.
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Figure 2. The training of the proposed Consistent Occlusion and Prompt Enhancement (COPE) Network. First, the source image is passed
through the Visual Encoder to extract the original image features. Then, data augmentation is applied through the Cross-Identity Consistent
Occlusion (CICO) and Prompt Background Filling (PBF) modules, which introduce occlusion and background filling, respectively, to
extract corresponding enhanced features. Finally, in the Prompt Similarity Scoring module, the prompt scores are learned based on the
similarity between features instances and their corresponding prototypes center.

2.2. Vision-Language Learning

Recent advances in vision-language models like CLIP [18]
have demonstrated robust cross-modal representation align-
ment, which is further enhanced by learnable [40] and
image-conditioned prompts [39]. In occluded Re-ID, lan-
guage cues have been effectively leveraged to guide body
region localization [7] and optimize feature representations
via prototype contrastive learning [10]. Building upon this
foundation of textual alignment and contrastive learning,
our approach further refines prompt-guided representations
to explicitly address the unique challenges of occlusion and
background interference in Re-ID scenarios.

3. Proposed Method

The proposed COPE consists of two stages: training (Fig. 2)
and inference (Fig. 3). The training stage mainly involves
three key modules: (1) Cross-Identity Consistent Occlu-
sion (CICO), (2) Prompt Background Filling (PBF), and
(3) Prompt Similarity Scoring (PSS). During inference,
the PSS module utilizes the learned prompt scores to refine
retrieval similarity and improve matching performance.

3.1. Baseline
We use the CLIP ViT [18] as the visual encoder. For an
input source image, it extracts a class token and patch to-
kens as the global feature F src

g ∈ RD and image feature
F src

pat ∈ RN×D, respectively. Similarly, augmented images
from CICO and PBF produce F cico

g , F cico
pat and F pbf

g , F pbf
pat .

Following PCL-CLIP [10], we adopt prototype-based con-
trastive learning (PCL) [11] to supervise feature learning.
The memory bank is initialized with global features from
source images and dynamically updated using both CICO
and source global features to balance optimization between
occluded and holistic conditions. The prototype-based con-
trastive learning are as follows:

Fg[i] = {F src
g [i],F cico

g [i]}, (1)

Lpcl = − log
exp

(
s(K[i], Fg[i])/τ

)∑C
j=1 exp

(
s(K[j], Fg[i])/τ

) , (2)

where F src
g [i] and F cico

g [i] are the i-th class global features
of source images and CICO images, K[i] is the i-th class
feature in the memory bank.
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3.2. Cross-Identity Consistent Occlusion
The Cross-Identity Consistent Occlusion (CICO) module is
designed to suppress the adverse effects of shared occlu-
sion patterns across identities. It operates by applying the
same occlusion group to different identities, simulating am-
biguous occlusion cases. Specifically, M random Gaussian-
shaped occlusions are pre-initialized. In each batch, N oc-
clusion types are sampled and applied to N identities, en-
suring each occlusion type is shared across different persons
while maintaining diversity for intra-class robustness.

In Transformer-based backbones, all image tokens par-
ticipate in global self-attention. Without constraint, occlu-
sion tokens may entangle with foreground tokens, introduc-
ing harmful interactions. To alleviate this, we introduce
an occlusion consistency loss to explicitly guide the model
to identify and downweight occlusion tokens. By enforc-
ing occlusion feature similarity across instances sharing the
same occlusion type, the model learns a consistent repre-
sentation for occluded regions, reducing their relevance to
identity cues and naturally shifting attention toward visi-
ble regions. Concretely, we extract the occlusion feature
via Global Weighted Average Pooling (GWAP). Given the
patch-level occlusion mask Opat ∈ RN×H×W , the occlu-
sion feature of the i-th image under the n-th occlusion is:

F cico
n (i) = GWAP(On, F

cico
pat )

=

∑fH
h

∑fW
w On(h,w)F

cico
pat (i, h, w)∑fH

h

∑fW
w On(h,w)

(3)

Then, we compute the mean pairwise MSE distance of
occlusion features within each occlusion type:

Loc =

N∑
n=1

1

|In|2
∑

i,j∈In

∥∥F cico
n (i)− F cico

n (j)
∥∥2 , (4)

where In denotes images augmented with the n-th occlu-
sion. This encourages consistent feature encoding of occlu-
sion tokens, implicitly suppressing their attention weights
and enhancing the foreground representation learning.

3.3. Prompt Background Filling
In addition to simulating occlusion scenarios, we en-
hance the model’s foreground feature extraction through
the Prompt Background Filling (PBF) module. Given
CLIP’s powerful localization capabilities in various oc-
cluded pedestrian ReID methods [2, 7], we incorporate
a frozen Text Encoder, with text descriptions that guide
the model to the foreground region. Specifically, we use
{v, person} as the text input, where v = {v1, v2, v3, v4}
are learnable tokens. Then, the image feature F src

g is com-
bined with the learnable prompt to generate enhanced text
descriptions D = {v′, person} following CoCoOp [39],

where v′ = MLP(F src
g ) + v. The Text Encoder T (·) then

produces text feature T = T (D), which is compared with
the foreground patch features of the image using cosine sim-
ilarity to yield a prompt heatmap H = T · F src

pat .
Next, we introduce human parsing labels Ĥ [20] and ap-

ply the segmentation loss Lseg to supervise the prompted
heatmap as follows:

Lseg =

H∑
h

W∑
w

1∑
j=0

I
[
Ĥ(x,y) = j

]
logUp(H)

(h,w)
j , (5)

where Up(·) indicates up-sampling the heatmap from the
patch level to the pixel level.

Once the foreground position is identified, we fill the
background with random colors, simulating images of
pedestrians in different environments. To ensure that the
model accurately extracts foreground features under vari-
ous environmental disturbances, we introduce a foreground
alignment loss Lalign. For the invariant foreground re-
gions in both the input and augmented images, we use the
prompted heatmap as a weighting mask for global weighted
average pooling of the foreground regions. We then align
the foreground features by MSE loss, denoted as:

Lalign =
∥∥GWAP(H, f src

pat )− GWAP(H, f rbf
pat ))

∥∥2 . (6)

3.4. Prompt Similarity Scoring
Despite the improvements introduced by CICO and PBF,
severe occlusions still lead to retrieval failures due to mis-
aligned or severely limited visible regions. To address this,
we propose a Prompt Similarity Scoring (PSS) strategy.
For human images, the integrity of the foreground area is
highly correlated with recognition reliability. More visible
parts generally enable more reliable matching. To capture
this, we transform the visual foreground probability from
the prompted heatmap produced by PBF into a prompt score
P ∈ R1 by a multi-layer perceptron (MLP):

P = σ(MLP(σ(H))). (7)

where σ denotes the sigmoid activation.
Meanwhile, the reliability of features is reflected by their

similarity to corresponding class centers. During training,
we compute the cosine similarity between each instance
feature and its corresponding class center using a memory
bank. Then, the prompt score is supervised by minimizing
its discrepancy with this similarity score via a MSE loss:

S[i] = Cos(Fg[i],K[i]), (8)

Lsim = ∥P − S∥2 , (9)

where S[i] is the cosine similarity between the i-th class
feature center and the corresponding image feature.
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3.5. Inference
In inference, following standard Re-ID settings [16], the
Euclidean distance between the query feature FQ and each
gallery feature FG is first computed. The distances are then
converted into gallery similarities:

SG =
1

1 +D(FQ, FG)
. (10)

To incorporate occlusion-awareness, we further weigh each
gallery similarity with its corresponding prompt score P as
illustrated in Fig. 3, resulting in the prompt similarity:

SP = SG · P. (11)

We select the top-K1 samples from SG as candidate gallery
samples, with features denoted as F1, and the top-K2 sam-
ples from SP as intermediate reference samples, with fea-
tures denoted as F2. Similarly, we compute intermediate
similarities between candidate and intermediate samples.
Multiplying the intermediate similarity by the previous top-
K2 prompt similarities SK2

P yields the similarity increment:

Sinter =
1

1 +D(F1, F2)
. (12)

∆ =
1

K2
(Sinter × SK2

P ) (13)

where division by K2 is to reduce the influence of the num-
ber of intermediate samples. The final similarity score for
each candidate is refined as:

Si = Si
G +∆i, for i = 1, . . . ,K1. (14)

We retain only the updated similarity vector S ∈ RK1 for
subsequent ranking. These values are converted back to dis-
tances via D′ = 1

S − 1, to remain compatible with standard
retrieval procedures.

3.6. Objective Function
Following the standard ReID settings [16], we leverage a
cross-entropy loss Lce to supervise the global features: F src

g ,
F cico
g , and F rbf

g . The overall training loss is:

L = Lce + Lpcl + Loc + Lseg + Lalign + Lsim. (15)

4. Experiment
4.1. Datasets and Experimental Setting
Datasets. We evaluate our method on two holistic and
four occluded ReID datasets. The holistic datasets in-
clude: Market-1501 [35] and MSMT17 [29]. The oc-
cluded datasets include: Occluded-Duke [17], P-Duke-
REID [19], Occluded-ReID [41], and Partial-REID [36].
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Figure 3. During inference, the Prompt Similarity Scoring module
uses prompt scores to further refine final similarity.

Following prior works [4, 23, 24], we train on Market-1501
and test on Occluded-ReID and Partial-REID.

Evaluation Protocol. To ensure a fair comparison
with other methods, we adopt the widely used Cumulative
Matching Characteristics (CMC) and mean Average Preci-
sion (mAP) as evaluation metrics, following the evaluation
settings provided by existing occluded Re-ID methods.

Implementation Details. We follow the setup in CLIP-
ReID [12], using a ViT-based CLIP backbone. The original
and reduced features are concatenated as retrieval features.
Input images are resized to 256×128, with patch size 16×16
and sampling strides of 16 and 12. During training, images
undergo random flipping and cropping. The batch size is
64, with 4 images per identity. We use the SGD with an ini-
tial learning rate of 3.5e-4, which is reduced by 0.1 at 30%,
50%, and 70% of the training cycle. For cross-domain train-
ing, Occluded-REID and Partial-REID training continues
for 60 epochs, while other datasets continue for 100 epochs.
The PCL loss temperature τ is set to 0.05 following PCL-
CLIP [10]. The CLIP text encoder and the image encoder
embedding layer are frozen during both training and infer-
ence. In CICO, M and N are set to 20 and 2, respectively.
The PBF module is pre-trained for 60 epochs with the seg-
mentation loss. In PSS, K1 and K2 are set to 200 and 5. All
experiments are conducted on one NVIDIA V100 GPU.

4.2. Comparison with the State of the Arts

We categorize existing occluded person ReID methods into
four groups based on their backbones. All comparison
methods use input images with the same resolution of
256×128. As shown in Tab. 1, Transformer-based ap-
proaches consistently outperform ResNet-50-based meth-
ods. CLIP-ViT-based models achieve comparable perfor-
mance to ViT-based models on occluded datasets, while
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Table 1. Comparison with state-of-the-art methods on occluded and holistic person re-identification benchmarks. Bold and underline
indicate optimal and sub-optimal results, respectively. ∗ indicates that the backbone network uses an overlapping sliding window setting
with a stride size of 12 or less. † indicates results reproduced by us.

Type Occluded Holistic
Datasets Occ-DUKE Occ-REID P-Duke P-REID Market1501 MSMT17

Methods Source Backbone R-1 mAP R-1 mAP R-1 mAP R-1 mAP R-1 mAP R-1 mAP
PCB[22] ECCV 18 42.6 33.7 41.3 38.9 - - 66.3 63.8 93.8 81.6 40.4 68.2
PVPM[4] CVPR 20 47.0 37.7 70.4 61.2 51.5 29.2 78.3 72.3 94.0 82.5 - -

HOReID[26] CVPR 20 55.1 43.8 80.3 70.2 - - 85.3 80.3 94.2 84.9 - -
OAMN[1] ICCV 21 62.6 46.1 - - - - 86.0 77.4 93.2 79.8 - -

BPBreID[20] WACV 23

ResNet-50

66.7 54.1 76.9 68.6 91.0 77.8 - - 95.1 87.0 - -
PAT[13] CVPR 21 64.5 53.6 81.6 72.1 - - 88.0 - 95.4 88.0 - -

TransReID*[6] CVPR 21 66.4 59.2 81.3 72.2 - - 83.0 77.5 95.2 88.9 85.3 67.4
FED[28] CVPR 22 68.1 56.4 86.3 79.3 - - 84.6 82.3 95.0 86.9 - -

FODN*[15] MM 23 72.6 61.9 87.1 80.8 - - - - 95.6 89.0 - -
ADP*[30] AAAI 24 74.5 63.8 89.2 85.1 - - - - 95.9 89.6 - -
FPC*[32] AAAI 24

ViT

76.7 72.8 86.3 84.6 - - 86.3 86.5 95.1 91.4 - -
RGANet[7] TIFS 23 71.6 62.4 86.4 80.0 - - 87.2 - 95.5 89.8 88.1 72.3

CLIP-ReID*[12] AAAI 23 67.2 60.3 - - - - - - 95.4 90.5 89.7 75.8
PCL-CLIP[10]† arXiv 23 70.4 63.3 86.5 85.0 91.9 84.8 85.0 84.4 95.7 91.4 88.5 73.9

ProFD*[2] MM 24 70.6 63.1 92.3 90.3 92.8 84.7 - - 95.6 90.8 - -
SGFNet*[14] TIFS 25

CLIP ViT

76.5 67.2 93.0 90.3 94.1 86.3 - - 96.2 91.1 90.0 74.4
KPR[21] ECCV 24 Swin 79.8 67.1 85.4 79.1 - - 86.0 - 95.9 89.6 - -

COPE 82.1 75.4 88.7 88.2 93.3 88.4 88.0 88.7 96.2 93.0 89.0 76.4
COPE* Ours CLIP ViT 82.4 76.4 90.9 90.7 94.3 89.5 87.0 87.4 96.3 93.3 89.5 77.2

showing superior performance on holistic datasets. No-
tably, the recent Swin-Tranformer-based KPR method [21]
achieves strong performance.

Occluded ReID Datasets. Our COPE achieves SOTA
results on most occluded datasets. Specifically, it surpasses
previous leading methods by +2.6%/+3.6% on Occluded-
Duke and +0.2%/+3.2% on P-Duke-REID in Rank-1/mAP.
The COPE’s effectiveness stems from two key advantages:
(1) It incorporates occlusion-aware and background-aware
augmentations at the data level, and employs loss func-
tions that encourage robust and discriminative learning in
feature level, even under similar occlusions and random
backgrounds. (2) It adopts a prompt-guided re-ranking
strategy, which refines retrieval results by leveraging high
prompt scores, thereby mitigating occlusion effects more
effectively than methods FED [28] and FPC [32] that also
utilize k-nearest neighbors information. On cross-domain
benchmarks, COPE ranks second in Rank-1 on Occluded-
REID while achieving the best performance on all other
metrics, confirming its strong generalization ability. This
is attributed to the use of external cue-based enhancement,
enabling the model to focus on foreground features even
under domain shifts.

Holistic ReID Datasets. COPE achieves SOTA perfor-
mance on holistic datasets. On Market-1501, it surpasses

previous best methods by +0.1%/+1.9% in Rank-1/mAP, in-
dicating that its robustness extends beyond occluded scenar-
ios. On the more challenging MSMT17, COPE outperforms
other methods in mAP, further validating its effectiveness.

4.3. Ablation Study and Analysis

Analysis of proposed components. The results on the
Occluded-Duke are shown in Tab. 2. Compared to the
CLIP-based baseline in Index-1, CICO improves Rank-
1/mAP by +4.6%/+7.6% in Index-2, indicating that CICO
enhances the model’s robustness to similar occlusion pat-
terns. Next, from Index-3, PBF further improves per-
formance by enabling the model to better localize and
extract foreground features under complex backgrounds,
leading to stronger discriminative representation and im-
proved retrieval performance. Finally, comparing Index-3
and Index-4, PSS module contributes an additional gain
of +5.3%/+6.6% in Rank-1/mAP. By leveraging foreground
localization cues from PBF, PSS refines retrieval results
through post-processing, helping the model make better
use of global image information to identify more accurate
matches.

Analysis of proposed loss functions. As shown in
Tab. 3, Index-2 removes the occlusion consistency loss and
leads to a 2.9% Rank-1 and 2.8% mAP drop, showing that
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Table 2. Ablation study of the proposed components in COPE on
Occluded-Duke dataset.

Index CICO PBF PSS Rank-1 mAP
1 70.2 60.3
2 ✓ 74.8(+4.6) 67.9(+7.6)
3 ✓ ✓ 76.8(+2.0) 68.9(+1.0)
4 ✓ ✓ ✓ 82.1(+5.3) 75.4(+6.5)

Table 3. Ablation study of the proposed loss functions in COPE
on Occluded-Duke dataset.

Index Setting Rank-1 mAP
1 COPE(Full) 82.1 75.4
2 1 - Loc 79.3 (-2.9) 72.7 (-2.7)
3 1 - Lalign 80.9 (-1.2) 75.0 (-0.4)
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(b) Impact of number of occlusions
per batch N

Figure 4. Sensitivity analysis of hyperparameters M and N in
CICO module on Occluded-Duke dataset.

Table 4. Sensitivity analysis of hyperparameters K1 and K2 in
PSS on Occluded-Duke dataset. Inf-Time represents the inference
time for all images.

Index Setting Rank-1 mAP Inf-Time
1 K1 = 50,K2 = 5 82.0 73.7 51.09s
2 K1 = 500,K2 = 5 82.1 75.6 51.61s
3 K1 = 200,K2 = 5 82.1 75.4 51.42s
4 K1 = 200,K2 = 1 76.5 68.9 50.65s
5 K1 = 200,K2 = 20 80.7 73.6 51.57s

CICO alone cannot ensure feature-level consistency. The
occlusion consistency loss explicitly pulls together features
from the same occluded regions, helping the model focus
on visible regions under misleading occlusion patterns. In
Index-3, removing the foreground alignment loss leads to a
1.2% drop in Rank-1, showing that preserving foreground
consistency is also essential under background variation.

Hyperparameters of occlusion diversity and fre-
quency in CICO. As shown in Fig. 4, increasing the num-
ber of predefined occlusion types M and the number of
occlusion instances per batch N initially improves perfor-
mance, as more diverse and frequent occlusions enhance

Table 5. Comparison with other occlusion augmentation methods
in CICO module on Occluded-Duke dataset.

Methods ViT ViT+SPT ViT+ADM ViT+CICO
Rank-1 63.5 68.6 66.2 67.4
mAP 53.1 57.4 57.7 57.8

Table 6. Ablation study on the origin of the prompt heatmap in
PBF module on Occluded-Duke dataset.

Index Setting Rank-1 mAP
1 Human parsing label 80.2 74.6
2 “A photo of a person.” 81.3 74.8
3 “[learnable tokens] person.” 82.1 75.4

the model’s robustness. However, performance saturates
or slightly drops when M > 20 or N becomes too large.
This suggests that while moderate occlusion augmentation
helps the model learn to handle occlusions, excessive occlu-
sions may lead to overfitting to specific patterns or hinder
the learning of complete pedestrian features. Empirically,
using two occlusion types and covering two instances per
ID (occupying 50% of a batch) achieves the best trade-off.

Hyperparameters of top-K number in PSS. As shown
in Tab. 4, varying K1 values in Index 1 to Index 3, Rank-
1 accuracy remains stable, but mAP increases with K1 and
reach stabilization (k1 > 200), indicating that most rele-
vant matches are among the top 200 results. Scoring lower-
ranked samples has minimal impact on performance. Com-
paring Index 3 to Index 5, different K2 values significantly
impact performance. A small K2 relies too much on few
high prompt score samples, leading to poor outcomes, while
a larger K2 introduces occluded samples with lower prompt
scores, degrading retrieval quality. We find that K2 = 5 of-
fers the best balance. Moreover, the inference time remains
largely unchanged across different parameter settings, indi-
cating the stability of our method.

Comparison with occlusion augmentation methods.
We compare CICO with the SOTA augmentation methods
SPT [25] and ADM [30] on the ViT [3] backbone, as shown
in Tab. 5. SPT merges salient and non-salient regions across
images to synthesize new samples, while ADM employs
attack-based masks to simulate realistic occlusion distur-
bances. Both methods improve performance by diversifying
occluded appearances. In contrast, our approach focuses on
mitigating similar occlusions to enhance matching reliabil-
ity. CICO achieves comparable performance, demonstrat-
ing that robust occlusion handling can be attained without
relying on data diversity expansion.

Discussion on the origin of prompt heatmaps. Accu-
rate prompt heatmaps are crucial for enhancing data qual-
ity in PBF and ensuring reliable prompt scores in PSS. As
shown in Tab. 6, we compare two generation strategies:
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Table 7. Comparison with re-ranking and FPC on Occluded-Duke
dataset. † indicates results reproduced by us.

Index Setting Rank-1 mAP Inf-Time
1 COPE(w/o PSS) 76.8 68.9 42.30s
2 1 + PSS(COPE) 82.1 75.4 51.42s
3 1 + re-rank 81.1 81.6 173.75s
4 COPE+re-rank 84.0 82.4 180.35s
5 FPC 76.7 72.8 95.71s†
6 FPC+re-rank 78.6 78.3 221.38s†

directly using human parsing labels and vision–language
guided variants. In Index-1, automatically generated pars-
ing masks from BPBReID [20] and KPR [21] are directly
used as heatmaps, making the model highly dependent on
annotation quality and label availability during inference.
In contrast, Index-2 employs a fixed textual prompt to align
image–text features, enabling automatic foreground local-
ization and improving Rank-1 accuracy by 1.1%. Building
on this, Index-3 adopts a CoCoOp-based adaptive prompt,
where text embeddings are conditioned on visual features
to more precisely focus on pedestrian foregrounds, yielding
further gains of +0.7%/+0.8% in Rank-1/mAP.

Comparison with post-processing and feature recon-
struction methods. We compare PSS against the widely
used re-ranking [37] in Tab. 7. Index-1 shows results
without PSS. Index-2 and Index-3 incorporate PSS and
re-ranking, respectively. Our PSS method is 121 seconds
faster than re-ranking while achieving a Rank-1 improve-
ment of over 1.0%. Furthermore, Index-4 indicates that
PSS and re-ranking are compatible and can further enhance
retrieval accuracy. Lastly, we introduce the SOTA feature
reconstruction method FPC [32] for comparison. Compar-
ing Index-2 and Index-5, our method outperforms FPC by
+5.4%/+8.8% in Rank-1/mAP while only taking 54% of
the time. Comparing Index-4 and Index-6, the COPE+re-
ranking outperforms FPC+re-ranking by a large margin,
further demonstrating the superiority of our method.

Visualization. Fig. 5(a) shows the results under partial
occlusion. The baseline suffers from irrelevant occlusions
(e.g., vehicles), leading to feature confusion. With CICO
and PBF, interference is reduced and matches align bet-
ter in the visible regions. Adding PSS further improves
ranking by leveraging prompt scores to highlight correct
matches. In Fig. 5(b), under heavy occlusion, the baseline
fails to retrieve relevant images. CICO and PBF retrieve
partial matches, but similar backgrounds still cause confu-
sion. Notably, prompt scores for heavily occluded queries
(e.g., 0.73 and 0.82) are lower than those for fully visible
ones (e.g., 0.91 and 0.92), indicating diminished feature re-
liability. Our PSS effectively compensates for this by refin-
ing the retrieval process based on high-confidence samples.
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Figure 5. Visualization of retrieval rankings for two types of
queries under different modules. Green/red borders indicate cor-
rect/incorrect matches. P is the prompt score.�����������	�
���
��������
Figure 6. Visualization of attention maps on the test set from the
Occluded-Duke dataset in the baseline and our COPE.

In Fig. 6, we further visualize the attention maps of oc-
cluded test images. The baseline shows scattered and inac-
curate attention, reflecting hallucination [33] in CLIP-ViT,
where focus drifts to occluded or irrelevant regions. In con-
trast, our COPE suppresses attention on occlusions and en-
hances it on visible parts, leading to better localization and
utilization of body parts for the final retrieval.

5. Conclusion
This paper proposes the COPE for occluded person re-
identification. To handle strong interference from simi-
lar occlusions, the CICO module applies identical occlu-
sions across identities and aligns their features, enhanc-
ing robustness under similar occlusion patterns. The PBF
module simulates background disturbance and aligns fore-
ground features to improve foreground localization and ex-
traction. Additionally, a lightweight PSS module refines
retrieval results by leveraging prompt-guided completeness
scores. Extensive experiments show that COPE achieves
SOTA performance on both occluded and holistic bench-
marks while maintaining high efficiency.
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