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Abstract
To address the occlusion issues in person Re-Identification (ReID)
tasks, many methods have been proposed to extract part features
by introducing external spatial information. However, due to miss-
ing part appearance information caused by occlusion and
noisy spatial information from external model, these purely
vision-based approaches fail to correctly learn the features of hu-
man body parts from limited training data and struggle in accu-
rately locating body parts, ultimately leading to misaligned part
features. To tackle these challenges, we propose a Prompt-guided
Feature Disentangling method (ProFD), which leverages the rich
pre-trained knowledge in the textual modality facilitate model
to generate well-aligned part features. ProFD first designs part-
specific prompts and utilizes noisy segmentation mask to prelim-
inarily align visual and textual embedding, enabling the textual
prompts to have spatial awareness. Furthermore, to alleviate the
noise from external masks, ProFD adopts a hybrid-attention de-
coder, ensuring spatial and semantic consistency during the de-
coding process to minimize noise impact. Additionally, to avoid
catastrophic forgetting, we employ a self-distillation strategy, retain-
ing pre-trained knowledge of CLIP to mitigate over-fitting. Eval-
uation results on the Market1501, DukeMTMC-ReID, Occluded-
Duke, Occluded-ReID, and P-DukeMTMC datasets demonstrate
that ProFD achieves state-of-the-art results.
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Figure 1: Two crucial challenges of occluded person ReID.
(a) Missing Information caused by occlusion. (b) Noise in ex-
ternal spatial information. (c) Our proposed Prompt-guided
Feature Disentangling method (ProFD).

1 Introduction
Person Re-Identification (ReID) refers to finding images in a data-
base that match a given query image. However, in complex urban
environments, occlusions between people or between people and
objects often occur. These occlusions can lead to severe misalign-
ment, noise, and missing information issues, thereby significantly
degrading the identification performance [1]. Therefore, to address
this issue, researchers have actively engaged in the task of occluded
person re-identification. The existing solution aims to extract well-
aligned part features. They can be roughly divided into two cate-
gories: external-cue-based methods and attention-based methods.
External-cue-based methods [2–11] rely on external cues from off-
the-shelf models or additional supervision to provide spatial in-
formation for aiding in the locating and alignment of body parts.
Attention-based methods [12–20] address misalignment through
emphasizing salient regions and suppressing background noise
without utilizing external information.
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However, these aforementioned purely vision-based approaches
still face the following two key problems, depicted in Figure 1 (a)
and (b): (1) Missing part appearance information caused by
occlusion: Occlusion can cause the loss of visual information for
certain body parts in the training data, significantly reducing the fre-
quency of these parts’ appearance in the dataset. (2) Noisy spatial
information from external model: Due to the domain gap be-
tween the training data of the external model and the ReID datasets,
the pseudo-labels generated by the external model inevitably con-
tain errors, introducing noise into the pseudo-labels. As a result,
the model struggles to accurately locate part features of the human
body, ultimately leading to misaligned part features.

To reduce the impact brought by the missing information and
noisy label problems, we propose a Prompt-guided FeatureDisenta-
ngling framework (ProFD). By incorporating the rich pre-trained
knowledge of textual modality, our framework helps the model
accurately capture well-aligned part features of the human body, as
shown in Figure 1 (c) . Firstly, we design part-specific prompts for
different body parts, which are fed into the text encoder of CLIP to
initialize the decoder’s query embeddings. In this way, the model
can be trained with semantic priors, alleviating the issue of body
parts data scarcity and thus improving the model’s performance.
Additionally, we design an auxiliary segmentation task to aid in
the initial spatial-level alignment of text prompts and visual fea-
ture maps, enabling the prompts to have some spatial awareness.
Then, to mitigate the influence of the noise spatial information,
we propose a hybrid-attention decoder to generate well-aligned
part features. This decoder contains two types of attention mecha-
nisms: spatial-aware attention and semantic-aware attention. The
spatial-aware attention relies on external noisy spatial information
to ensure spatial consistency of part features. On the other hand,
the semantic-aware attention is derived from the text modality
information of the pre-trained CLIP model. Due to the generaliz-
ability of semantic information, it can serve as a complement to
spatial-aware attention to reduce the impact of noise. Furthermore,
to alleviate catastrophic forgetting during fine-tuning, we propose
a self-distillation strategy, using memory banks to store the pre-
trained knowledge of CLIP and guide the output features during
training.

This paper evaluates the efficacy of ProFD on two holistic
datasets: Market1501 [21] and DukeMTMC-ReID [22], and three
occluded datasets: Occluded-Duke [3], Occluded-ReID [23] and P-
DukeMTMC [22]. Experimental results demonstrate that ProFD
performs competitively with previous state-of-the-art methods.
Moreover, owing to introduce textual modality and self-distillation
strategy, ProFD demonstrates strong generalization capabilities,
significantly outperforming other methods on the Occluded-ReID
dataset [23], with improvements of at least 8.3% in mAP and 4.8%
in Rank-1 accuracy.

The key contributions of this paper are threefold:

• We introduce a novel framework ProFD to efficiently uti-
lize textual prompts to guide part feature disentangling for
occluded person re-identification.
• We propose a new self-distillation strategy for part features
to better preserve pre-trained Multi-modal knowledge and
alleviate overfitting.

• We conduct extensive experiments on the holistic datasets
Market1501 [21] and DukeMTMC-ReID [23], and the oc-
cluded datasets Occluded-Duke [3], Occluded-ReID [23] and
P-Duke-MTMC [22], which demonstrate that our method
surpasses lot of previous methods and sets state-of-the-art.

2 Related Work
2.1 Occluded Person Re-Identification
Compared to holistic person re-identification, occluded person re-
identification is more challenging due to information incomplete-
ness and spatial misalignment. To mitigate the spatial misalignment
issue, several approaches [24–27] adopt manual partitioning of the
input image and utilize part pooling to generate local feature rep-
resentations. However, hand-crafted cropping is impractical and
might introduce subjective bias. To solve those issues, other meth-
ods [3, 4, 28] utilize additional information for the localization of
human body parts, such as segmentation, pose estimation, or body
parsing. They leverage these auxiliary information in both training
and test phases. However, others [9, 10] only utilize that extra clues
to guide the learning process.

Currently, attention-based methods [12–19, 29] have gained con-
siderable interest from the ReID community, primarily driven by the
powerful feature extraction and disentangling capabilities of trans-
formers. He et al. [14] introduce TransReID, a transformer frame-
work, demonstrating its remarkable feature extraction capabilities
through experiments. Li et al. [29] pioneer the Part Aware Trans-
former (PAT) for occluded person ReID, showcasing its effectiveness
in robust human part disentanglement. While the aforementioned
methods partially address the occlusion issue, they all predomi-
nantly focus on visual modality to struggle with the challenges
brought by the missing information and noisy spatial information.

2.2 Vision-Language Learning
Vision-language models encompass diverse categories [30–35] in
the face of different research queries. In this work, we mainly fo-
cus on the representation models, which aim to learn common
embeddings for both images and texts. The idea of cross-modality
alignment is not new and has been studied with drastically differ-
ent technologies [36–39]. Recently, with the huge advancements
in vision-language pretrained model, the concurrent learning of
image and text encoders has been a notable development [40, 41]
An exemplary contribution in this domain is the contrastive vision-
language pre-training framework [42–44], denoted as CLIP [45],
which facilitates effective few-shot or even zero-shot classification
[46, 47] by pre-trained on 400 million text-image pairs.

Despite the considerable headway in CLIP, the effective adap-
tation of these pre-trained models to downstream tasks remains a
formidable challenge. Noteworthy endeavors in this realm include
Context Optimization (CoOp) [48] and Conditioned Context Opti-
mization (CoCoOp) [49], which employ learnable text embeddings
to assist with image classification. Similarly, CLIP-adaptor [50] and
TIPadaptor [51] utilize lightweight adaptors to better fine-tune on
few-shot downstream tasks with little trained parameters. Dense-
CLIP [52] introduces a language-guided fine-tuning approach for
semantic and instance segmentation tasks instead of image clas-
sification.The study by GLIP [53] delves into the deep fusion of
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semantic-rich image-text pairs to attain a unified formulation for
object detection and phrase grounding. Our approach leverages
CLIP to inject rich textual knowledge into occluded person ReID
task, aiding in the generation of well-aligned part features.

3 Preliminary
Contrastive language-image pre-training. CLIP comprises

two encoders—a visual encoder (typically ViT [54] or ResNet [55])
and a text encoder (typically Transformer [56]). The objective of
CLIP is to align the embedding spaces of visual and language modal-
ities. And CLIP can be used for zero-shot classification in aligned
embedding space. The text is obtained by a predefined template,
such as “a photo of a {𝑐𝑙𝑎𝑠𝑠𝑖 }.”, where {𝑐𝑙𝑎𝑠𝑠𝑖 } represents the 𝑖-th
class name. This input text is then fed into the text encoder to gen-
erate {𝑤𝑖 }𝐾𝑖=1, a set of weight vectors, each representing different
category (a total of 𝐾 categories). Simultaneously, image features 𝑥
are generated by the image encoder. Then, compute similarities be-
tween the image vectors and the text vectors, followed by a softmax
operation to derive prediction probabilities, which is formulated as:

𝑝 (𝑦 |𝑥) =
exp(sim(𝑥,𝑤𝑦)/𝜏)∑𝐾
𝑖=1 exp(sim(𝑥,𝑤𝑖 )/𝜏)

, (1)

where sim(·, ·) denotes cosine similarity and 𝜏 is a learned temper-
ature parameter.

Prompt-based learning. To enhance the transfer capabilities
of the CLIP model and mitigate the need for prompt engineering,
the CoOp [48] approach is introduced. Instead of using “a photo
of ” as the context, CoOp introduces𝑀 learnable context vectors,
{𝑣1, 𝑣2, . . . , 𝑣𝑀 }, each having the same dimension with the word
embeddings. The prompt for the 𝑖-th class, denoted by 𝑇𝑖 , now
becomes:

𝑇𝑖 = {𝑣1, 𝑣2, . . . , 𝑣𝑀 , 𝑐𝑖 }, (2)
where 𝑐𝑖 is the word embedding for the class name. The context
vectors are shared among all classes. Let𝑔(·) denote the text encoder,
the prediction probability is formulated as:

𝑝 (𝑦 |𝑥) =
exp(sim(𝑥, 𝑔(𝑇𝑦))/𝜏)∑𝐾
𝑖=1 exp(sim(𝑥, 𝑔(𝑇𝑖 )/𝜏)

. (3)

where sim(·, ·) denotes cosine similarity and 𝜏 is a learned temper-
ature parameter. Notably, the base model of CLIP remains frozen
throughout the entire training process.

4 Methodology
We proposed a CLIP-based framework, named Prompt-guided
Feature Disentangling (ProFD). The overall framework of ProFD
is illustrated in Figure 2. It mainly consists of three components.
First, to reduce the effect of missing information, we design several
part-specific prompts contained with rich semantic priors from
CLIP and utilize external noisy segmentation masks as supervi-
sion to pre-align visual-textual modality in spatial level (Sec. 4.1).
Second, to alleviate the effect brought by the noisy mask, we pro-
pose a hybrid-attention decoder to generate better-aligned part
features. (Sec. 4.2). Third, to overcome the catastrophic forgetting
problem, we propose a self-distillation strategy to store pre-trained
knowledge of CLIP with memory banks. (Sec. 4.3).

4.1 Part-aware Knowledge Adaptation
4.1.1 Part-specific Text Prompts. To alleviate the missing informa-
tion problem brought by occlusion, we design a set of Part-specific
text prompts to introduce the pre-trained language knowledge of
CLIP about human body parts. In contrast to classification tasks,
human parsing focuses on identifying the locations of various body
regions in each image. Thus, it is difficult to manually design a set
of prompts that are optimal for the human parsing task. Moreover,
recent studies [48, 57, 58] have shown that learnable templates
are more beneficial for adapting to downstream tasks compared to
fixed and manually designed templates. Thus, we employ a train-
able template comprising 𝑀 learnable prefix tokens to create a
prompt template, as illustrated in Equation 2, which is better suited
for human parsing. And we substitute 𝑐𝑖 with the labels of distinct
human body parts 𝑝𝑛 , such as ‘head’,‘torso’,‘feet’,etc., to generate 𝑁
text prompts, i.e.,

𝑇𝑛 = {𝑣1, 𝑣2, . . . , 𝑣𝑀 , 𝑝𝑛}, (4)

where 𝑣𝑖 , 𝑖 ∈ {1, 2, ..., 𝑀} represents the learnable prefix tokens,
𝑝𝑛 represents the 𝑛-th body part name, and 𝑁 is the number of
parts. The 𝑁 text prompts are mapped to the shared embedding
space by using a pre-trained text encoder 𝐸𝑡 to get the prompt
embedding 𝐸𝑝𝑟𝑜 = 𝐸𝑡 (𝑇𝑛), 𝐸𝑝𝑟𝑜 ∈ R𝑁×𝑑 .

4.1.2 Spatial-level Alignment. Due to the lack of spatial-level align-
ment between text features and visual feature map 𝐹 ∈ R𝐻×𝑊 ×𝑑
during pre-training, it’s hard to locate body regions according to
textual instruction, as required for subsequent steps. Therefore,
we design an auxiliary semantic segmentation task to restore the
locality of feature map and realize spatial-level alignment.

Spatial-level alignment aims to establish dense connections be-
tween text prompts and image features, enabling text prompts to
have spatial awareness. Following normalization, the extracted
prompt embeddings and image features are employed to query the
presence probability of different regions through inner product
computation. Thus, the presence score at each spatial position is
achieved as:

𝑆𝑛𝑖 𝑗 = 𝐹𝑖 𝑗 · 𝐸
𝑛
𝑝𝑟𝑜 ,

𝑖 = 1, ...., 𝐻 ; 𝑗 = 1, ...,𝑊 ;𝑛 = 1, ..., 𝑁 ,
(5)

where 𝐹𝑖 𝑗 ∈ R1×𝑑 is the feature vector of 𝐹 at pixel (𝑖, 𝑗) , and 𝐸𝑛𝑝𝑟𝑜
is the 𝑛-th prompt embedding in 𝐸𝑝𝑟𝑜 ∈ R𝑁×𝑑 .

The estimated score map is suprevised by the target maskM ∈
R𝐻

′×𝑊 ′×𝑁 , which is obatinedwith the off-the-shelf model Pifpaf[59],
via the following spatial-level alignment loss:

𝐿𝑎𝑙𝑖𝑔𝑛 = CE(S,AP(M)), (6)

where S = {𝑆𝑛
𝑖 𝑗
}𝑁
𝑛=1,S ∈ R

𝐻×𝑊 ×𝑁 , CE(·) is the cross entropy loss,
AP(·) represents the average pooling function used to generate
patch labels M𝑝 . Its stride and kernel size are the same as the
setting used by patchifying the image.

4.2 Prompt-guided Part Feature Disentangling
4.2.1 Hybrid Attention Decoder. To reduce the impact of noisy
spatial information from off-the-shelf model, we introduce a hybrid
attention decoder, which utilizes a set of part-specific prompts 𝐸𝑝𝑟𝑜
as queries to incorporate relevant information into part features
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Figure 2: Illustration of our proposed ProFD framework. It mainly contains three components: (1) Part-aware Knowledge
Adaptation(left), (2) Prompt-guided Feature Disentangling(middle), (3) General Knowledge Preservation & Fine-tuning(right).
Part-aware Knowledge Adaptation aims to adapt CLIP to Occluded Person ReID task. Prompt-guided Feature Disentangling
employ hybrid-attention decoder to extract corresponding part features from holistic feature map based on textual prompt.
For a more detailed structure of hybrid-attention, please refer to Figure 3. General Knowledge Preservation utilize global and
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𝐹𝑝 = {𝑓 𝑖𝑝 }𝑁𝑖=1 ∈ R𝑁×𝑑 . The hybrid attention decoder consists of
multiple hybrid attention blocks with spatial-aware attention and
semantic-aware attention, as illustrated in Figure 3.

First,to further strengthen the semantic information of visual
features, we use reverse cross attention mechanism to absorb infor-
mation into patch tokens 𝐸𝑝𝑎𝑡 from 𝐸𝑝𝑟𝑜 .

𝐸′𝑝𝑎𝑡 = MHA(𝐸𝑝𝑎𝑡 , 𝐸𝑝𝑟𝑜 ), (7)

where MHA(·, ·) is the standard multi-head attention function, 𝐹 ′
represent the updated keys.

Then, feed the queries 𝐸𝑝𝑟𝑜 and keys 𝐸𝑝𝑎𝑡 into hybrid attention
module, which includes two kinds of attention. One of them is the
spatial-aware attention and the other is semantic-aware attention.
The spatial-aware attention branch obtains spatially perceived at-
tention through introducing external mask supervision, specifically
as follows:

𝑆𝑃𝐴(𝐸𝑝𝑟𝑜 , 𝐸𝑝𝑎𝑡 ) = softmax(
𝐸𝑝𝑟𝑜 (𝐸𝑝𝑎𝑡𝑊𝑘 )𝑇√

𝑑
)𝐸𝑝𝑎𝑡𝑊𝑣, (8)

where 𝐸𝑝𝑟𝑜 (𝐸𝑝𝑎𝑡𝑊𝑘 )𝑇 ∈ R𝑁×𝐻𝑊 is the affinity matrix between
prompts and patch tokens, (𝐸𝑝𝑎𝑡𝑊𝑘 ) and (𝐸𝑝𝑎𝑡𝑊𝑣) represents
queries and keys, respectively. The𝑊𝑘,𝑣 ∈ 𝑅𝑑×𝑑 are linear pro-
jection. The ideal cross attention distribution should emphasize
body part regions to suppress irrelevant noise, for which we use
external coarse and noisy patch labelsM𝑝 to supervise attention.

And the loss function is defined as:

𝐿𝑎𝑡𝑡𝑛 =
∑︁

softmax(M𝑇
𝑝 )log(softmax(

𝐸𝑝𝑟𝑜 (𝐸𝑝𝑎𝑡𝑊𝑘 )𝑇√
𝑑

)). (9)

To mitigate the influence of noise in spatial information on spatial-
aware attention, semantic-aware attention relies on the semantic
correlation between textual prompts and visual tokens, and it as-
signs more attention to patch tokens with similar semantics. The
specific formula is as follows:

𝑆𝐸𝐴(𝐸𝑝𝑟𝑜 , 𝐸𝑝𝑎𝑡 ) = MHA(𝐸𝑝𝑟𝑜 , 𝐸𝑝𝑎𝑡 ) . (10)

Finally, the output embedding of these two types of attention
are summed and sent into the feed-forward network to obtain the
final part features 𝐹𝑝 , which are as follows:

𝐹𝑝 = FNN(MHA(𝐸𝑠𝑝𝑎𝑝𝑟𝑜 + 𝐸𝑠𝑒𝑎𝑝𝑟𝑜 , 𝐸′𝑝𝑎𝑡 )), (11)

where FNN(·) represents the feed-forward network [56], which first
maps the feature from dimension 𝑑 to 4𝑑 linearly, applies GeLU
and Dropout, then maps back to dimension 𝑑 . 𝐸𝑠𝑝𝑎𝑝𝑟𝑜 and 𝐸𝑠𝑒𝑎𝑝𝑟𝑜 are
the outputs of the two attention mechanisms, respectively.

In addition, in order to reduce the redundancy between part
features, we apply diversity loss for the part features learning,
which is defined as follows:

𝐿𝑑𝑖𝑣 =
1

𝑁 (𝑁 − 1)
∑︁
𝑖

∑︁
𝑗

𝑑𝑖 𝑗 , 𝑖 < 𝑗, 𝑖, 𝑗 = 1, ..., 𝑁 (12)
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where 𝑑𝑖 𝑗 = |𝑐𝑜𝑠 (𝑓 𝑖𝑝 , 𝑓
𝑗
𝑝 ) |, 𝑓 𝑖𝑝 and 𝑓 𝑗𝑝 represent the any two part

features of 𝐹𝑝 ∈ R𝑁×𝑑 .

4.2.2 Body Part Visibility Estimation. To filter out the features of
occluded body parts, a visibility score 𝑣𝑖 for each feature should
be predicted, where 0/1 corresponds to invisible/visible parts, re-
spectively. The visibility scores are only used during the inference
phase, to alleviate the issue of feature misalignment. The holistic
features have visibility scores set to 1. i.e., 𝑣𝑔 = 1. For body part-
based features, visibility score 𝑣𝑖 with 𝑖 ∈ {1, ..., 𝑁 } are individually
predicted by different binary classifiers. And it is supervised by the
focal loss [60], as below formulation:

𝐿𝑣𝑖𝑠 =

{
−𝛼 (1 − 𝑣𝑖 )𝛾 𝑙𝑜𝑔(𝑣𝑖 ) if 𝑣𝑖 = 1,
−(1 − 𝛼)𝑣𝛾

𝑖
𝑙𝑜𝑔(1 − 𝑣𝑖 ) otherwise,

(13)

where 𝛼 and 𝛾 are hyperparameters that control the balance be-
tween positive and negative samples, and 𝑣𝑖 represents the target
visibility of part i, which is assigned a value of 1 if at least one pixel
of image is categorized as the i-th region.

In the inference stage, the distance between query and gallery
samples is defined as:

𝑑 =

∑𝑁
𝑖=1 (𝑣

𝑞

𝑖
· 𝑣𝑔
𝑖
)𝑑𝑛 + 𝑑𝑔∑𝑁

𝑖=1 (𝑣
𝑞

𝑖
· 𝑣𝑔
𝑖
) + 1

, (14)

where 𝑣𝑞
𝑖
and 𝑣𝑞

𝑖
represent the i-th part visibility score from query

and gallery sample, respectively. 𝑑𝑛 and 𝑑𝑔 indicate cosine distance
between the n-th part features and cosine distance between global
features, separately.

4.3 General Knowledge Preservation
The experimental results of CLIP-ReID [61] indicate that the pre-
trained knowledge preserved through prompt learning is beneficial
for the ReID task. However, the two-stage training process of CLIP-
ReID is overly complex and inefficient. Fortunately, it has been
demonstrated that prompt learning is not necessary for knowledge
preservation of CLIP [62]. Thus, we propose a new single-stage

training strategy for avoiding catastrophic forgetting for the oc-
cluded scenarios. Due to the different characteristics of global and
part features, we implement knowledge preservation from two
perspectives: global and local knowledge preservation.

4.3.1 Global Knowledge Preservation. To preserve pre-trained knowl-
edge of global features, an external memory bank K𝑔 ∈ R𝑑×𝐶 is
created to hold the feature centroids of all ID classes. Each centroid
is initialized by averaging the visual features of all images belonging
to that ID. During the fine-tuning of visual encoder, the centroid is
updated using momentum according to the following procedure:

K𝑔 [𝑦𝑖 ] ←−𝑚𝑔K𝑔 [𝑦𝑖 ] + (1 −𝑚𝑔)𝐹 𝑖𝑔, (15)

where𝑦𝑖 and 𝐹 𝑖𝑔 means the ID label of sample 𝑖 and its global feature,
separately, and𝑚𝑔 represents a momentum factor that governs the
speed of updates. The PCL loss [62] is defined as follows:

𝐿
𝑔

𝑝𝑐𝑙
= −log

exp(𝑠 (K𝑔 [𝑦𝑖 ], 𝐹 𝑖𝑔)/𝜏)∑𝐶
𝑗=1 exp(𝑠 (K𝑔 [ 𝑗], 𝐹 𝑖𝑔)/𝜏)

, (16)

where 𝑆 (·, ·) represents cosine similarity between vectors, K𝑔 [ 𝑗]
refers to the feature center of class j stored in a memory bank K𝑔 .

4.3.2 Local Knowledge Preservation. For part features, their simi-
larity is independent of ID labels, such as different people may have
similar part appearances. Due to the lack of annotations for part
features, the way to distill knowledge for part features differs from
global features.

To solve this problem, we establish a part memory bank K𝑝 ∈
R𝑁𝑑×𝐶 to store all ID centers of concatenated part features 𝐹𝑐 =

[𝑓 1𝑝 ; 𝑓 2𝑝 ; ...𝑓 𝑁𝑝 ], which can be regard as a type of ID-relevant global
feature. And the memory bank K𝑝 is updated with corresponding
concatenated features part 𝐹𝑐 and momentum 𝑚𝑝 . In the initial
stages of training, as the random-initialized decoder do not have
strong feature disentanglement capability, we utilize external seg-
mentation masks and weighted average pooling to extract part
features, used to initialize the memory. This process can be formu-
lated as follows:

Init. : K𝑝 [𝑦𝑖 ] := [WAP(𝐹,M1
𝑝 );WAP(𝐹,M2

𝑝 ); ...;WAP(𝐹,M𝑁
𝑝 )]

K𝑝 [𝑦𝑖 ] ←−𝑚𝑝K𝑝 [𝑦𝑖 ] + (1 −𝑚𝑝 )𝐹 𝑖𝑐 ,
(17)

where 𝐹 represents the feature map,M1
𝑝 ,M2

𝑝 , ...,M𝑁
𝑝 denote patch

labels of N body parts. And the other symbols maintain their previ-
ously defined meanings. The objective is formulated as:

𝐿
𝑝

𝑝𝑐𝑙
= −log

exp(𝑠 (K𝑝 [𝑦𝑖 ], 𝐹 𝑖𝑐 )/𝜏)∑𝐶
𝑗=1 exp(𝑠 (K𝑝 [ 𝑗], 𝐹 𝑖𝑐 )/𝜏)

. (18)

4.4 Overall Objective
During traning process, we use cross entropy loss and triplet loss
for global and part features. The formulation is as follows:

𝐿𝑡𝑜𝑡𝑎𝑙 =𝐿𝑖𝑑 (𝐹𝑔) + 𝐿𝑡𝑟𝑖 (𝐹𝑔) + 𝐿𝑖𝑑 (𝐹𝑐 ) + 𝐿𝑡𝑟𝑖 (𝐹𝑐 )

+ 𝐿𝑑𝑖𝑣 (𝐹𝑝 ) + 𝐿
𝑝

𝑝𝑐𝑙
(𝐹𝑐 ) + 𝐿𝑔𝑝𝑐𝑙 (𝐹𝑔) + 𝐿𝑎𝑙𝑖𝑔𝑛 + 𝐿𝑎𝑡𝑡𝑛 + 𝐿𝑣𝑖𝑠

(19)
where 𝐿𝑖𝑑 and 𝐿𝑡𝑟𝑖 represent cross entropy loss and triplet loss,
respectively, 𝐹𝑔 is global feature obtained from the visual encoder
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of CLIP, 𝐹𝑝 and 𝐹𝑐 represents the part features and the concatenate
part feature, respectively.

5 Experiments
5.1 Datasets and Metrics
Datasets. To highlight that our model maintains performance
on holistic datasets and demonstrates improvement on occluded
datasets, we selected the following datasets: holistic datasets, in-
cluding Market1501 [21] and DukeMTMC-ReID [22], as well as
occluded datasets, namely Occluded-Duke [3], Occluded-ReID [23],
and P-DukeMTMC [22]. The details are shown as follows:

• Market1501: Comprising 32,668 labeled images of 1,501
identities captured by 6 cameras, this dataset is divided into
a training set with 12,936 images representing 751 identities,
used exclusively for model pre-training.
• DukeMTMC-ReID: This dataset consists of 36,411 images
showcasing 1,404 identities from 8 camera. It includes 16,522
training images, 17,661 gallery images, and 2,228 queries.
• Occluded-Duke: Containing 15,618 training images, 2,210
occluded query images, and 17,661 gallery images, this dataset
is a subset of DukeMTMC-ReID, featuring occluded images
and excluding some overlapping ones.
• Occluded-ReID: Captured by mobile camera equipment
on campus, this dataset includes 2,000 annotated images
belonging to 200 identities. Each person in the dataset is
represented by 5 full-body images and 5 occluded images
with various types of occlusions.
• P-DukeMTMC:Derived from theDukeMTMC-ReID dataset,
this modified version comprises 12,927 images (665 identities)
in the training set, 2,163 images (634 identities) for querying,
and 9,053 images in the gallery set.

Evaluation Metrics. Following established conventions in the
ReID community, we assess performance using two standard met-
rics: the Cumulative Matching Characteristics (CMC) at Rank-1
and the Mean Average Precision (mAP). Evaluations are conducted
without employing re-ranking [63] in a single-query setting.

5.2 Implementation Details.
Model Architecture. We use ViT-based CLIP as our backbone,
which contains 12-layer 6-head transformer. As CLIP-ReID [61], we
use a linear projection to reduce the extracted feature dimension
from 762 to 512. Based on this backbone, it is further extended with
a 2-layer 8-head transformer to learn hybrid attention and extract
the important part features.
Training Details. The training procedure mainly follows the CLIP-
ReID’s setting [61]. During training and inference process, the input
images are resized to 256 × 128 and patch size is 16 × 16. During
the training phase, person images undergo data augmentation tech-
niques including random flipping, random erasing, and random
cropping, each applied with a probability of 50%. The batch size
is configured as 64, consisting of 4 images per person. The hyper-
parameters of focal loss𝛼 and𝛾 are set to 0.65 and 2. Themomentum
𝑚𝑔 and𝑚𝑝 are both set to 0.2. The temperature 𝜏 of PCL loss equals
to 0.05 The Adam optimizer is utilized with a weight decay factor of
0.0005. The learning rate starts at 5e-5 and is reduced by a factor of

Table 1: Performance comparison of the occluded ReID
problem on the Occluded-Duke, Occluded-ReID and P-
DukeMTMC.These previousmethods are classified into three
groups from top to bottom: holistic feature based, external
cues based, and attention based. ∗ indicates the back bone is
with an overlapping stride setting, stride size 𝑠𝑜 = 12.

Occluded-Duke Occluded-ReID P-DukeMTMCMethod
Rank-1 mAP Rank-1 mAP Rank-1 mAP

Part-Aligned [64] 28.8 20.2 - - - -
PCB [65] 42.6 33.7 41.3 38.9 - -
Adver Occluded [66] 44.5 32.2 - - - -
CLIP-ReID [61] 67.1 59.5 - - - -
CLIP-ReID* [61] 67.2 60.3 - - - -
PVPM [2] 47.0 37.7 70.4 61.2 51.5 29.2
PGFA [3] 51.4 37.3 - - 44.2 23.1
HOReID [4] 55.1 43.8 80.3 70.2 - -
GASM [5] - - 74.5 65.6 - -
VAN [6] 62.2 46.3 - - - -
OAMN [7] 62.6 46.1 - - - -
PGFL-KD [8] 63.0 54.1 80.7 70.3 81.1 64.2
BPBreID [9] 66.7 54.1 76.9 68.6 91.0 77.8
RGANet [10] 71.6 62.4 86.4 80.0 - -
PAT [12] 64.5 53.6 81.6 72.1 - -
DRL-Net [13] 65.8 53.9 - - - -
TransReID [14] 66.4 59.2 - - - -
MHSA [15] 59.7 44.8 - - 70.7 41.1
FED [16] 68.1 56.4 86.3 79.3 - -
MSDPA [17] 70.4 61.7 81.9 77.5 - -
FRT [18] 70.7 61.3 80.4 71.0 - -
DPM* [19] 71.4 61.8 85.5 79.7 - -
SAP* [11] 70.0 62.2 83.0 76.8 - -

ProFD (Ours) 70.8 62.8 91.1 88.5 91.7 83.7
ProFD* (Ours) 70.6 63.1 92.3 90.3 92.8 84.7

0.1 at the 30th and 50th epochs, respectively. And training process
terminates after 120 epochs. During both training and inference,
the CLIP text encoder remains frozen. We choose five human body
part categories that feed into the text encoder, which include ’head’,
’upper arms and torso’, ’lower arms and torso’, ’legs’, and ’feet’. All
training and experiments are performed with one NVIDIA V100
GPU.

5.3 Comparison with the State-of-the-Art

5.3.1 Evaluation on Occluded Person ReID Dataset. To demon-
strate the performance of our proposed method, we evaluate our
method on three public occluded Person ReID datasets, which specif-
ically consist of Occluded-Duke [3], Occluded-ReID [23], and P-
DukeMTMC [22]. The experimental results are shown in Table 1.
The recent state-of-the-art methods of ReID can be devided into
three groups: holistic feature based method [61, 64–66], external
cues based method [2–11] and attention based methods [12–19].

Our method significantly outperforms all other methods, achiev-
ing a rank-1 accuracy/mAP of 70.8%/62.8% on Occluded-Duke,
91.1%/88.5% on Occluded-ReID, and 91.7%/83.7% on P-DukeMTMC,
respectively. For instance, RGANet also employs CLIP as its back-
bone and utilizes external segmentation results as supervision to
extract aligned part features, which has achieved state-of-the-art
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Table 2: Performance comparison of the holistic ReID prob-
lem on the Market1501 and DukeMTMC-ReID. These SOTA
methods are divided into two groups from top to bottom:
holistic ReID method, Occluded ReID method. ∗ indicates
the back bone is with an overlapping stride setting, stride
size 𝑠𝑜 = 12.

Market1501 DukeMTMC-ReIDMethod
Rank-1 mAP Rank-1 mAP

MGN [67] 95.7 86.9 88.7 78.4
PCB [65] 92.3 77.4 81.7 66.1
PCB+RPP [65] 93.8 81.6 83.3 69.2
VPM [68] 93.0 80.8 83.6 72.6
Circle [69] 94.2 84.9 - -
ISP [70] 95.3 88.6 89.6 80.0
TransReID [14] 95.2 88.9 90.7 82.6
DC-Former* [71] 96.0 90.4 - -
CLIP-ReID [61] 95.5 89.6 90.0 82.5
CLIP-ReID* [61] 95.4 90.5 90.8 83.1
PCL-CLIP [62] 95.9 91.4 - -
PGFA [3] 91.2 76.8 82.6 65.5
PGFL-KD [8] 95.3 87.2 89.6 79.5
HOReID [4] 94.2 84.9 86.9 75.6
MHSA [15] 94.6 84.0 87.3 73.1
BPBreID [9] 95.1 87.0 89.6 78.3
RGANet [10] 95.5 89.8 - -
PAT [12] 94.2 84.9 88.8 78.2
FED [16] 95.0 86.3 89.4 78.0
DPM* [19] 95.5 89.7 91.0 82.6
FRT [18] 95.5 88.1 90.5 81.7
PFD* [72] 95.5 89.7 91.2 83.2
SAP* [11] 96.0 90.5 - -

ProFD (Ours) 95.1 90.0 91.7 83.2
ProFD* (Ours) 95.6 90.8 92.1 84.0

performance on Occluded-Duke and Occluded-ReID. Our ProFD
still outperforms it with improvements of +0.4% and +8.5% in mAP
on Occluded-Duke and Occluded-ReID, respectively. Furthermore,
on P-DukeMTMC, we also outperform previous state-of-the-art
methods by a significant margin, with improvements of at least
+0.7% in rank-1 accuracy and +4.9% in mAP.

Notably, Occluded-ReID, a challenging dataset characterized by
occlusions, demands robust domain adaptation capabilities, because
it does not provide training dataset. And our method achieves
significantly better results than other methods in this dataset, which
surpasses other occluded ReID methods by at least 4.7% in rank-1
accuracy and 8.5% in mAP, demonstrating that ProFD can maximize
the preservation of CLIP’s generalization ability.

5.3.2 Evaluation on Holistic Person ReID Datasets. While occluded
ReID methods have primarily concentrated on addressing the spe-
cific challenge of occluded ReID, they might encounter a decline in
performance in the original holistic ReID task. Thus, in this section,
we also assess the proposed ProFD on the holistic ReID datasets
Market1501 [21] and DukeMTMC-ReID [22]. For fair comparison,
we select 9 holistic ReID methods [14, 61, 62, 65, 67–71] and 12
Occluded ReID methods [3, 4, 8–12, 15, 16, 18, 19, 72].

The results are shown in Table2. In the Market1501 dataset,
ProFD gets 95.1% in rank1 accuracy and 90.0% in mAP. In the

Table 3: Performance of ProFDwith different attentionmech-
anism on Occluded-Duke.

AttentionType Index
SEA SPA

Rank-1 mAP

w/o attn 0 ✗ ✗ 70.1 62.4

w/ attn
1 ✓ ✗ 70.3 62.6
2 ✗ ✓ 70.5 62.8
3 ✓ ✓ 70.8 62.8

Table 4: Performance of ProFD with different combination
of self-distillation strategy on Occluded-Duke.

MemoryType Index
global local

Rank-1 mAP

w/o mem 0 ✗ ✗ 68.6 60.2

w/ mem
1 ✓ ✗ 70.7 62.9
2 ✗ ✓ 70.0 61.8
3 ✓ ✓ 70.8 62.8

DukeMTMC-ReID dataset, ProFD achieves 91.7% in rank1 accu-
racy and 83.2% in mAP. Clearly, ProFD demonstrates competitive
performance on both of these two holistic datasets. In particular,
ProFD significantly outperforms both holistic and occluded ReID
methods on the DukeMTMC-ReID dataset, and achieves competi-
tive performance on Market1501, although there still exists a slight
gap compared to most state-of-the-art methods. Overall, the results
above indicate that ProFD is a universal framework for preson ReID
and could not compromise performance on the holistic ReID task.

5.4 Ablation Study
The Effectiveness of the Hybrid Attention in ProFD. We con-

ducted detailed ablation studies on the Occluded-Duke dataset to
assess the effectiveness of hybrid attention for the ProFD, as shown
in Table 3. The baseline of our work without hybrid attention de-
coder is indicated in Line1, which only utilizes weighted average
pooling to extract part features based on human parsing prediction.
As evidenced by Line 2 and Line 3, both semantic-aware attention
and spatial-aware attention individually applied to the baseline
contribute to performance improvement. This improvement sug-
gests that both attention mechanisms guided by semantic or visual
information are more effective in extracting valuable information
compared to simply using average pooling. Furthermore, combining
the two types of attention, Line 4 achieves superior performance
in their individual experiments, indicating that these two types of
attention mechanisms complement each other.

The Effectiveness of General Knowledge Preservation in
ProFD. To verify the effect of the self-distillation strategy on ProFD,
we further conducted detailed comparative experiments by select-
ing different strategies. The experimental results are reported in
Table 4. From Line 1, it can be observed that not using a mem-
ory bank leads to inferior performance because direct fine-tuning
would cause CLIP to lose some generalization ability and overfit
to the target dataset. Accordding to Line 2 and Line 3, it is found
that using either the global memory bank or the local memory
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Table 5: Performance of ProFD with different combinations
of loss functions on Occluded-Duke.

LossIndex
𝐿𝑎𝑙𝑖𝑔𝑛 L𝑑𝑖𝑣

Rank-1 Rank-5 mAP

0 ✗ ✗ 68.9 82.1 61.5
1 ✓ ✗ 69.9 82.6 62.2
2 ✗ ✓ 70.7 82.3 62.4
3 ✓ ✓ 70.8 83.3 62.8
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Figure 4: Evaluation of the perfomance with different mo-
mentum𝑚𝑔 and𝑚𝑝 on Occluded-Duke.

bank alone improves the model’s performance, indicating that us-
ing memory bank benefits discriminativeness and representiveness
of both global and features. Moreover, from Line 4, we can find that
simultaneously using both memory banks can fully retain CLIP’s
pretraining knowledge and enhance the model’s performance.

The Combinations of Loss Function in ProFD. As described
in section 4.1.2, the spatial-level alignment loss is responsible for
restoring the locality of spatial features, aiding downstream tasks
in extracting corresponding semantic local features. Meanwhile,
the diverse loss aims to reduce redundancy between part features,
further pushing the decoder to focus on different body regions.
Therefore, comparative experiments were conducted in this part
to demonstrate the performance of different combinations of loss
functions. The experimental results are presented in Table 5.

From Table 5, we observe that individually adding the align-
ment loss contributes to improving both rank-1 accuracy and mAP
slightly, as it enhances the locality of spatial features generated
by CLIP. However, it does not reduce the correlation between part
features. And solely adding the diverse loss can significantly en-
hance the model’s performance, as it reduces the redundancy of
local features. It provides more informative part features, which
can be combined with global features to form a stronger repre-
sentation. Additionally, using both loss functions together yields
better performance compared to using them individually, indicating
their complementary nature. The former focuses on enhancing the
semantic information of part features, while the latter emphasizes
enhancing the diversity of part features.

Parameters Analysis. As depicted in Equation 15, the momen-
tum value𝑚𝑔 and𝑚𝑝 govern the update speed of memory bank. A
higher momentum value corresponds to a slower update of class
center. We conducted experiments on the Occluded-Duke dataset to
investigate the impact of various𝑚𝑔 and𝑚𝑝 values on our method.
As illustrated in Figure 4, the method performs satisfactorily when

Image part1 part2 part3 part4 part5 Image part1 part2 part3 part4 part5

(a) (b)

Figure 5: Visualization of spatial-aware attention. (a) Unoc-
cluded case. (b) Occluded case. Ourmethod accurately focuses
on the sepcified body regions following textual prompts in
both cases.

𝑚𝑔 and𝑚𝑝 are less than 0.9. However, when𝑚𝑔 and𝑚𝑝 becomes
excessively large (e.g., 0.99), the accuracy significantly decreases.
And compared with𝑚𝑔 , the influence of𝑚𝑝 on the model’s per-
formance is smaller, which suggests that the global memory bank
plays a more crucial role during the training process. The optimal
performance is attained with𝑚𝑔 = 0.2 and𝑚𝑝 = 0.2.

5.5 Visualization
In addition, we present visualization of the decoder’s attention in
Figure 5 for qualitative analysis. Figures (a) and (b) show some
examples with no/slight occlusion and severe occlusion, respec-
tively. We can observe that our method successfully and accurately
locates and focuses on the sepcified body regions following textual
prompts in both cases. For some occluded regions, the attention can
be observed to be scattered throughout the entire image. This is a
resonable phenomenon because those regions are occluded, which
indicates that our method can accurately perceive occluded parts.

6 Conclusion
In this paper, we propose a novel CLIP-based framework named
Prompt-guided Feature Disentangling (ProFD), which aims to ad-
dress the challenges of occluded person re-identification (ReID).
To mitigate missing part appearance information caused by occlu-
sion and noisy spatial information from external model, ProFD
effectively generates well-aligned part features by leveraging the
pre-trained knowledge of textual modality. Furthermore, to avoid
the catastrophic forgetting of model, we propose a self-distillation
strategy with memory banks to preserve CLIP’s pre-trained knowl-
edge. Extensive experiments on multiple datasets demonstrate that
ProFD achieves competitive performance, establishing new state-
of-the-art results in occluded person ReID. We believe that our
work opens up promising avenues for further advancements in the
community of occluded person re-identification.



ProFD: Prompt-Guided Feature Disentangling for Occluded Person Re-Identification MM ’24, October 28-November 1, 2024, Melbourne, VIC, Australia

Acknowledgments
This work was supported by the National Science and Technology
Innovation 2030 - Major Project (Grant No. 2022ZD0208800), and
NSFC General Program (Grant No. 62176215).

References
[1] Yunjie Peng, Jinlin Wu, Boqiang Xu, Chunshui Cao, Xu Liu, Zhenan Sun, and

Zhiqiang He. Deep learning based occluded person re-identification: A survey.
ACM Transactions on Multimedia Computing, Communications and Applications,
20(3):1–27, 2023.

[2] Shang Gao, Jingya Wang, Huchuan Lu, and Zimo Liu. Pose-guided visible part
matching for occluded person reid. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, pages 11744–11752, 2020.

[3] Jiaxu Miao, Yu Wu, Ping Liu, Yuhang Ding, and Yi Yang. Pose-guided feature
alignment for occluded person re-identification. In Proceedings of the IEEE/CVF
International Conference on Computer Vision, pages 542–551, 2019.

[4] Guan’an Wang, Shuo Yang, Huanyu Liu, Zhicheng Wang, Yang Yang, Shuliang
Wang, Gang Yu, Erjin Zhou, and Jian Sun. High-order information matters: Learn-
ing relation and topology for occluded person re-identification. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pages
6449–6458, 2020.

[5] Lingxiao He and Wu Liu. Guided saliency feature learning for person re-
identification in crowded scenes. In Proceedings of the European Conference
on Computer Vision, pages 357–373. Springer, 2020.

[6] Jinrui Yang, Jiawei Zhang, Fufu Yu, Xinyang Jiang, Mengdan Zhang, Xing Sun,
Ying-Cong Chen, andWei-Shi Zheng. Learning to knowwhere to see: A visibility-
aware approach for occluded person re-identification. In Proceedings of the
IEEE/CVF International Conference on Computer Vision, pages 11885–11894, 2021.

[7] Peixian Chen, Wenfeng Liu, Pingyang Dai, Jianzhuang Liu, Qixiang Ye, Mingliang
Xu, Qi’an Chen, and Rongrong Ji. Occlude them all: Occlusion-aware attention
network for occluded person re-id. In Proceedings of the IEEE/CVF International
Conference on Computer Vision, pages 11833–11842, 2021.

[8] Kecheng Zheng, Cuiling Lan, Wenjun Zeng, Jiawei Liu, Zhizheng Zhang, and
Zheng-Jun Zha. Pose-guided feature learning with knowledge distillation for
occluded person re-identification. In Proceedings of the ACM International Con-
ference on Multimedia, pages 4537–4545, 2021.

[9] Vladimir Somers, Christophe De Vleeschouwer, and Alexandre Alahi. Body
part-based representation learning for occluded person re-identification. In
Proceedings of the IEEE/CVF Winter Conference on Applications of Computer Vision,
pages 1613–1623, 2023.

[10] Shuting He, Weihua Chen, Kai Wang, Hao Luo, Fan Wang, Wei Jiang, and
Henghui Ding. Region generation and assessment network for occluded person
re-identification. IEEE Transactions on Information Forensics and Security, 2023.

[11] Mengxi Jia, Yifan Sun, Yunpeng Zhai, Xinhua Cheng, Yi Yang, and Ying Li. Semi-
attention partition for occluded person re-identification. In Proceedings of the
AAAI Conference on Artificial Intelligence, volume 37, pages 998–1006, 2023.

[12] Yulin Li, Jianfeng He, Tianzhu Zhang, Xiang Liu, Yongdong Zhang, and Feng
Wu. Diverse part discovery: Occluded person re-identification with part-aware
transformer. In Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pages 2898–2907, 2021.

[13] Mengxi Jia, Xinhua Cheng, Shijian Lu, and Jian Zhang. Learning disentangled
representation implicitly via transformer for occluded person re-identification.
IEEE Transactions on Multimedia, 25:1294–1305, 2022.

[14] Shuting He, Hao Luo, Pichao Wang, Fan Wang, Hao Li, and Wei Jiang. Tran-
sreid: Transformer-based object re-identification. In Proceedings of the IEEE/CVF
International Conference on Computer Vision, pages 15013–15022, 2021.

[15] Hongchen Tan, Xiuping Liu, Baocai Yin, and Xin Li. Mhsa-net: Multihead self-
attention network for occluded person re-identification. IEEE Transactions on
Neural Networks and Learning Systems, 2022.

[16] Zhikang Wang, Feng Zhu, Shixiang Tang, Rui Zhao, Lihuo He, and Jiangning
Song. Feature erasing and diffusion network for occluded person re-identification.
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition, pages 4754–4763, 2022.

[17] Xinhua Cheng, Mengxi Jia, Qian Wang, and Jian Zhang. More is better: Multi-
source dynamic parsing attention for occluded person re-identification. In Pro-
ceedings of the ACM International Conference on Multimedia, pages 6840–6849,
2022.

[18] Boqiang Xu, Lingxiao He, Jian Liang, and Zhenan Sun. Learning feature recovery
transformer for occluded person re-identification. IEEE Transactions on Image
Processing, 31:4651–4662, 2022.

[19] Lei Tan, Pingyang Dai, Rongrong Ji, and Yongjian Wu. Dynamic prototype mask
for occluded person re-identification. In Proceedings of the ACM International
Conference on Multimedia, pages 531–540, 2022.

[20] Jiaer Xia, Lei Tan, Pingyang Dai, Mingbo Zhao, Yongjian Wu, and Liujuan Cao.
Attention disturbance and dual-path constraint network for occluded person

re-identification. In Proceedings of the AAAI Conference on Artificial Intelligence,
volume 38, pages 6198–6206, 2024.

[21] Hugo Masson, Amran Bhuiyan, Le Thanh Nguyen-Meidine, Mehrsan Javan,
Parthipan Siva, Ismail Ben Ayed, and Eric Granger. A survey of pruning
methods for efficient person re-identification across domains. arXiv preprint
arXiv:1907.02547, 2019.

[22] Zhimeng Zhang, Jianan Wu, Xuan Zhang, and Chi Zhang. Multi-target, multi-
camera tracking by hierarchical clustering: Recent progress on dukemtmc project.
arXiv preprint arXiv:1712.09531, 2017.

[23] Jiaxuan Zhuo, Zeyu Chen, Jianhuang Lai, and GuangcongWang. Occluded person
re-identification. Proceedings of the IEEE International Conference on Multimedia
and Expo, pages 1–6, 2018.

[24] Yifan Sun, Liang Zheng, Yi Yang, Qi Tian, and Shengjin Wang. Beyond part
models: Person retrieval with refined part pooling (and a strong convolutional
baseline). In Proceedings of the European Conference on Computer Vision, Septem-
ber 2018.

[25] Yifan Sun, Qin Xu, Yali Li, Chi Zhang, Yikang Li, Shengjin Wang, and Jian Sun.
Perceive where to focus: Learning visibility-aware part-level features for partial
person re-identification. In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, June 2019.

[26] Mengxi Jia, Xinhua Cheng, Yunpeng Zhai, Shijian Lu, Siwei Ma, Yonghong Tian,
and Jian Zhang. Matching on sets: Conquer occluded person re-identification
without alignment. In Proceedings of the AAAI Conference on Artificial Intelligence,
volume 35, pages 1673–1681, 2021.

[27] Hao Ni, Yuke Li, Lianli Gao, Heng Tao Shen, and Jingkuan Song. Part-aware
transformer for generalizable person re-identification. In Proceedings of the
IEEE/CVF International Conference on Computer Vision, pages 11280–11289, 2023.

[28] Shang Gao, Jingya Wang, Huchuan Lu, and Zimo Liu. Pose-guided visible part
matching for occluded person reid. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, June 2020.

[29] Yulin Li, Jianfeng He, Tianzhu Zhang, Xiang Liu, Yongdong Zhang, and Feng
Wu. Diverse part discovery: Occluded person re-identification with part-aware
transformer. In Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pages 2898–2907, June 2021.

[30] Xiuye Gu, Tsung-Yi Lin, Weicheng Kuo, and Yin Cui. Open-vocabulary object
detection via vision and language knowledge distillation. In Proceedings of the
International Conference on Learning Representations, 2021.

[31] Golnaz Ghiasi, Xiuye Gu, Yin Cui, and Tsung-Yi Lin. Open-vocabulary image
segmentation. arXiv preprint arXiv:2112.12143, 2021.

[32] Chao Jia, Yinfei Yang, Ye Xia, Yi-Ting Chen, Zarana Parekh, Hieu Pham, Quoc V.
Le, Yun-Hsuan Sung, Zhen Li, and Tom Duerig. Scaling up visual and vision-
language representation learning with noisy text supervision. In Proceedings of
the International Conference on Machine Learning, 2021.

[33] Han Zhao, Min Zhang, Wei Zhao, Pengxiang Ding, Siteng Huang, and Donglin
Wang. Cobra: Extendingmamba tomulti-modal large languagemodel for efficient
inference. arXiv preprint arXiv:2403.14520, 2024.

[34] Wenxuan Song, Han Zhao, Pengxiang Ding, Can Cui, Shangke Lyu, Yaning Fan,
and Donglin Wang. Germ: A generalist robotic model with mixture-of-experts
for quadruped robot. arXiv preprint arXiv:2403.13358, 2024.

[35] PengxiangDing, Han Zhao, ZhitaoWang, ZhenyuWei, Shangke Lyu, andDonglin
Wang. Quar-vla: Vision-language-action model for quadruped robots. arXiv
preprint arXiv:2312.14457, 2023.

[36] Mohamed Elhoseiny, Babak Saleh, and A. Elgammal. Write a classifier: Zero-
shot learning using purely textual descriptions. Proceedings of the IEEE/CVF
International Conference on Computer Vision, pages 2584–2591, 2013.

[37] Richard Socher, Milind Ganjoo, Christopher D. Manning, and A. Ng. Zero-shot
learning through cross-modal transfer. In Proceedings of the Advances in Neural
Information Processing Systems, 2013.

[38] JimmyBa, Kevin Swersky, Sanja Fidler, and Ruslan Salakhutdinov. Predicting deep
zero-shot convolutional neural networks using textual descriptions. Proceedings
of the IEEE/CVF International Conference on Computer Vision, pages 4247–4255,
2015.

[39] Ang Li, A. Jabri, Armand Joulin, and Laurens van der Maaten. Learning visual
n-grams from web data. Proceedings of the IEEE/CVF International Conference on
Computer Vision, pages 4193–4202, 2016.

[40] Andreas Furst, Elisabeth Rumetshofer, Viet-Hung Tran, Hubert Ramsauer, Fei
Tang, Johannes Lehner, David P. Kreil, Michael Kopp, Günter Klambauer, Angela
Bitto-Nemling, and Sepp Hochreiter. Cloob: Modern hopfield networks with
infoloob outperform clip. arXiv preprint arXiv:2110.11316, 2021.

[41] Yangguang Li, Feng Liang, Lichen Zhao, Yufeng Cui, Wanli Ouyang, Jing Shao,
Fengwei Yu, and Junjie Yan. Supervision exists everywhere: A data efficient con-
trastive language-image pre-training paradigm. arXiv preprint arXiv:2110.05208,
2021.

[42] Ting Chen, Simon Kornblith, Mohammad Norouzi, and Geoffrey E. Hinton. A
simple framework for contrastive learning of visual representations. arXiv
preprint arXiv:2002.05709, 2020.

[43] Kaiming He, Haoqi Fan, YuxinWu, Saining Xie, and Ross B. Girshick. Momentum
contrast for unsupervised visual representation learning. Proceedings of the



MM ’24, October 28-November 1, 2024, Melbourne, VIC, Australia Can Cui et al.

IEEE/CVF Conference on Computer Vision and Pattern Recognition, pages 9726–
9735, 2019.

[44] Olivier J. Hénaff, A. Srinivas, Jeffrey De Fauw, Ali Razavi, Carl Doersch, S. M. Ali
Eslami, and Aäron van den Oord. Data-efficient image recognition with con-
trastive predictive coding. arXiv preprint arXiv:1905.09272, 2019.

[45] Alec Radford, JongWook Kim, Chris Hallacy, A. Ramesh, Gabriel Goh, Sandhini
Agarwal, Girish Sastry, Askell Amanda, Pamela Mishkin, Jack Clark, Gretchen
Krueger, and Ilya Sutskever. Learning transferable visual models from natural
language supervision. Feb 2021.

[46] Min Zhang, Siteng Huang, Wenbin Li, and Donglin Wang. Tree structure-aware
few-shot image classification via hierarchical aggregation. In Proceedings of the
European Conference on Computer Vision, pages 453–470. Springer, 2022.

[47] Min Zhang, Siteng Huang, and Donglin Wang. Domain generalized few-shot
image classification via meta regularization network. In Proceedings of the IEEE
International Conference on Acoustics, Speech, and Signal Processing, pages 3748–
3752. IEEE, 2022.

[48] Kaiyang Zhou, Jingkang Yang, Chen Change Loy, and Ziwei Liu. Learning to
prompt for vision-language models. International Journal of Computer Vision,
130:2337 – 2348, 2021.

[49] Kaiyang Zhou, Jingkang Yang, Chen Change Loy, and Ziwei Liu. Conditional
prompt learning for vision-language models. Proceedings of the IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition, pages 16795–16804, 2022.

[50] Peng Gao, Shijie Geng, Renrui Zhang, Teli Ma, Rongyao Fang, Yongfeng Zhang,
Hongsheng Li, and Yu Jiao Qiao. Clip-adapter: Better vision-language models
with feature adapters. arXiv preprint arXiv:2110.04544, 2021.

[51] Renrui Zhang, Rongyao Fang, Wei Zhang, Peng Gao, Kunchang Li, Jifeng Dai,
Yu Jiao Qiao, and Hongsheng Li. Tip-adapter: Training-free clip-adapter for
better vision-language modeling. arXiv preprint arXiv:2111.03930, 2021.

[52] Yongming Rao, Wenliang Zhao, Guangyi Chen, Yansong Tang, Zheng Zhu, Guan
Huang, Jie Zhou, and Jiwen Lu. Denseclip: Language-guided dense prediction
with context-aware prompting. Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition, pages 18061–18070, 2021.

[53] Liunian Harold Li, Pengchuan Zhang, Haotian Zhang, Jianwei Yang, Chunyuan
Li, Yiwu Zhong, Lijuan Wang, Lu Yuan, Lei Zhang, Jenq-Neng Hwang, Kai-Wei
Chang, and Jianfeng Gao. Grounded language-image pre-training. Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pages
10955–10965, 2021.

[54] Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xi-
aohua Zhai, Thomas Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg
Heigold, Sylvain Gelly, Jakob Uszkoreit, and Neil Houlsby. An image is worth
16x16 words: Transformers for image recognition at scale. arXiv preprint
arXiv:2010.11929, 2020.

[55] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning
for image recognition. In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pages 770–778, 2016.

[56] Ashish Vaswani, Noam M. Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones,
Aidan N. Gomez, Lukasz Kaiser, and Illia Polosukhin. Attention is all you need.
In Proceedings of the Advances in Neural Information Processing Systems, 2017.

[57] Xu Zhang, Wen Wang, Zhe Chen, Yufei Xu, Jing Zhang, and Dacheng Tao.
Clamp: Prompt-based contrastive learning for connecting language and animal
pose. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 23272–23281, 2023.

[58] Shengnan Hu, Ce Zheng, Zixiang Zhou, Chen Chen, and Gita Sukthankar. Lamp:
Leveraging language prompts for multi-person pose estimation. In 2023 IEEE/RSJ
International Conference on Intelligent Robots and Systems (IROS), pages 3759–3766.
IEEE, 2023.

[59] Sven Kreiss, Lorenzo Bertoni, and Alexandre Alahi. Pifpaf: Composite fields for
human pose estimation. In Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition, pages 11977–11986, 2019.

[60] Tsung-Yi Lin, Priya Goyal, Ross Girshick, Kaiming He, and Piotr Dollár. Focal loss
for dense object detection. In Proceedings of the IEEE/CVF International Conference
on Computer Vision, pages 2980–2988, 2017.

[61] Siyuan Li, Li Sun, and Qingli Li. Clip-reid: exploiting vision-language model for
image re-identification without concrete text labels. In Proceedings of the AAAI
Conference on Artificial Intelligence, volume 37, pages 1405–1413, 2023.

[62] Jiachen Li and Xiaojin Gong. Prototypical contrastive learning-based clip fine-
tuning for object re-identification. arXiv preprint arXiv:2310.17218, 2023.

[63] Zhun Zhong, Liang Zheng, Donglin Cao, and Shaozi Li. Re-ranking person
re-identification with k-reciprocal encoding. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, pages 1318–1327, 2017.

[64] Liming Zhao, Xi Li, Yueting Zhuang, and Jingdong Wang. Deeply-learned part-
aligned representations for person re-identification. In Proceedings of the IEEE
international conference on computer vision, pages 3219–3228, 2017.

[65] Yifan Sun, Liang Zheng, Yi Yang, Qi Tian, and Shengjin Wang. Beyond part
models: Person retrieval with refined part pooling (and a strong convolutional
baseline). In Proceedings of the European Conference on Computer Vision, pages
480–496, 2018.

[66] Houjing Huang, Dangwei Li, Zhang Zhang, Xiaotang Chen, and Kaiqi Huang.
Adversarially occluded samples for person re-identification. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, pages 5098–
5107, 2018.

[67] Guanshuo Wang, Yufeng Yuan, Xiong Chen, Jiwei Li, and Xi Zhou. Learning
discriminative features with multiple granularities for person re-identification.
In Proceedings of the ACM International Conference on Multimedia, pages 274–282,
2018.

[68] Yifan Sun, Qin Xu, Yali Li, Chi Zhang, Yikang Li, Shengjin Wang, and Jian Sun.
Perceive where to focus: Learning visibility-aware part-level features for partial
person re-identification. In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pages 393–402, 2019.

[69] Yifan Sun, Changmao Cheng, Yuhan Zhang, Chi Zhang, Liang Zheng, Zhongdao
Wang, and Yichen Wei. Circle loss: A unified perspective of pair similarity
optimization. In Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pages 6398–6407, 2020.

[70] Kuan Zhu, Haiyun Guo, Zhiwei Liu, Ming Tang, and Jinqiao Wang. Identity-
guided human semantic parsing for person re-identification. In Proceedings of
the European Conference on Computer Vision, pages 346–363. Springer, 2020.

[71] Wen Li, Cheng Zou, Meng Wang, Furong Xu, Jianan Zhao, Ruobing Zheng, Yuan
Cheng, and Wei Chu. Dc-former: Diverse and compact transformer for person
re-identification. In Proceedings of the AAAI Conference on Artificial Intelligence,
volume 37, pages 1415–1423, 2023.

[72] TaoWang, Hong Liu, Pinhao Song, Tianyu Guo, andWei Shi. Pose-guided feature
disentangling for occluded person re-identification based on transformer. In
Proceedings of the AAAI Conference on Artificial Intelligence, volume 36, pages
2540–2549, 2022.


	Abstract
	1 Introduction
	2 Related Work
	2.1 Occluded Person Re-Identification
	2.2 Vision-Language Learning

	3 Preliminary
	4 Methodology
	4.1 Part-aware Knowledge Adaptation
	4.2 Prompt-guided Part Feature Disentangling
	4.3 General Knowledge Preservation
	4.4 Overall Objective

	5 Experiments
	5.1 Datasets and Metrics
	5.2 Implementation Details.
	5.3 Comparison with the State-of-the-Art
	5.4 Ablation Study
	5.5 Visualization

	6 Conclusion
	Acknowledgments
	References

