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Abstract
Person re-identification (Re-ID) is an important visual task related to surveillance security, aimed at enhancing the
tracking of the same individual across spatio-temporal regions. Traditional Re-ID methods predominantly depend
on extracting garment-dominated texture features from global appearance representations. This inherent clothing
bias leads to performance degradation in long-term spatio-temporal scenarios where appearance consistency
cannot be guaranteed (e.g., clothing changes). In recent years, research on clothing changes in long-term scenarios
has gained increasing attention. Although most existing methods for clothing changes Re-ID attempt to learn
distinctive identity features of individuals (e.g., posture features), they are still subject to interference from clothing
information. To mitigate this impact, this paper introduces a Multi-Level Pose-Guidance with Cross-Modality
Fusion (MPCF) framework for clothing changes person re-identification. The framework consists of three main
components: a Shape Embedding (SE) branch, a Cross-Modality Fusion (CMF) branch, and a Multi-Level Feature
Guidance (MLFG) branch. The MLFG branch, in conjunction with the SE branch, helps the CMF branch learn
more human pose information during the inference stage. We have demonstrated the effectiveness of this method
through extensive experiments and achieved excellent performance in several clothing changes Re-ID benchmark
tests.
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1. Introduction

Person re-identification (Re-ID) is an important automated person retrieval technology in video surveil-
lance systems. It aims to connect the movement trajectories of individuals across different spatio-
temporal regions, facilitating person tracking across time, locations, and devices. This technology holds
significant research value in the construction of public safety. Over the past decade, traditional person
Re-ID has been extensively researched, but few models have been deployed in practical applications.
This is because information in real-world spatio-temporal scenarios is complex and dynamic, and multi-
ple factors constrain model performance. One of the key factors affecting re-identification performance
is the change in person clothing.

In real-life scenarios, persons may change their clothes for various reasons, such as weather changes,
personal preferences, or specific occasion requirements. These changes not only alter the appearance
of persons but also increase the instability of their identity features, posing a significant challenge
to traditional appearance-based Re-ID systems. Traditional Re-ID methods typically rely on shallow
features such as color, texture, and shape; these features frequently exhibit instability and limited
robustness in long-term scenarios.

As shown in Fig. 1, the same person wearing different clothes across different spatiotemporal scenarios
exhibits significant appearance feature discrepancies. Conversely, different individuals dressed in
similar clothing show excessively similar texture information. Therefore, solely relying on appearance
information to address long-term problems is infeasible.
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To address the challenge of clothing changes in long-term scenarios, recent research focuses on
learning clothing-agn-
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Figure 1: clothing changes degrade person recognition accuracy: different outfits in same-identity samples
increase intra-class distance; similar outfits in different-identity samples reduce inter-class distance.

ostic identity features. While some methods [1, 2] directly decouple identity cues from raw images,
this often results in incomplete feature learning due to the absence of multi-modal guidance. Others
exploit biometric traits (e.g., body shape) as stable identity markers, yet their extraction from RGB
images remains non-trivial. Consequently, auxiliary modalities are widely adopted: pose estimation
[3, 4], gait recognition [2], and human keypoints/sketches [5] have been integrated to reduce clothing
dependency. However, two critical issues persist: (1) clothing interference remains non-negligible even
with multi-modal inputs, and (2) direct fusion of heterogeneous modalities risks information loss due
to feature discrepancies. To mitigate these limitations, we propose MPCF, a multi-level pose-guided
framework with cross-modal fusion for robust LT-ReID.

Specifically, the MPCF framework consists of three main branches: Shape Embedding (SE), Cross-
Modality Fusion (CMF), and Multi-Level Feature Guidance (MLFG). In the first two branches, SE uses a
weight-frozen pose extractor to extract body shape-related features, capturing structured information
related to identity. CMF then reduces information differences between modalities by cross-modal
aggregation of shape features and global appearance features, preserving more clothing-irrelevant
identity cues. To further minimize interference from residual clothing information in the aggregated
features, MLFG aligns the divergence between multi-level person appearance embeddings and SE’s shape
embeddings. This process not only helps extract pose information at different granularities from person
appearances but also guides CMF to focus more on pose information during cross-modal aggregation,
thereby better reducing the impact of clothing information. In summary, the main contributions of this
paper are as follows:

• We obtain clothing-agnostic human shape embeddings through a frozen pose estimator and
a shape encoder and interact these embeddings with pedestrian appearance in a cross-modal
manner to generate more robust fused features. To further reduce clothing-related interference



in appearance and highlight clothing-agnostic information in features, we use pose information
as supervision to extract fine-grained pose details from raw images;

• We propose a MLGF branch that leverages biological information as supervision. This branch
learns multi-granularity pose information from appearance features at three different levels,
guiding the model to focus more on clothing-agnostic information during cross-modal feature
aggregation and reducing clothing-related interference;

• The effectiveness of our method is demonstrated through extensive experiments on several
cloth-changing datasets test benchmarks;

2. Related Work

2.1. Person Re-Identification

Traditional person re-identification methods primarily target scenarios with short-term appearance
consistency, distinguishing individuals via visual feature extraction. These methods typically rely on
the color, texture, and shape of clothing to characterize persons [6, 7, 8]. In recent years, with the
advancement of deep learning, the field of person re-identification has made significant progress. Most
methods now use deep neural networks to extract both global and local features for precise individual
descriptions [9, 10, 11].

For example, Zheng et al. [10] employed a multi-class classification loss to learn discriminative global
features by treating each identity as a unique category. However, the abstraction of global features
weakens their sensitivity to subtle differences, particularly for visually similar individuals. To mitigate
this, local feature-driven approaches have emerged, enhancing detail capture through localized regions
or key points. For instance, Rigoll et al. [11] designed a multi-branch architecture that combines global
features with local body region features, improving recognition performance from multiple aspects.
Wang et al. [12] proposed a Multi-Granular Network (MGN) to integrate fine-grained local features
with global features. Additionally, some studies have focused on optimizing similarity measurement
functions [13, 14, 15] to reduce the distance between samples of the same class and increase the distance
between different classes, thereby improving recognition accuracy. However, since clothing often
occupies a large portion of person images, these traditional appearance-based methods overly rely on
extracting clothing information, resulting in significant performance degradation in scenarios involving
long-term clothing changes. This has spurred the rise of research in Long-Term person re-identification
(LT-ReID).

2.2. Long-Term Person Re-Identification

Unlike traditional person Re-ID, LT-ReID concentrates on scenarios where pedestrian appearances
change over long-term spatio-temporal cycles. Clothing, which is the main part of pedestrian appearance,
poses a significant challenge for identity recognition due to its variability. Many studies have attempted
to address the problems caused by clothing changes. They have tried to bring in biometric attributes
that are not related to clothing to enhance the representation of persons and minimize the interference
from clothing. These biometric attributes include body shape, gait information, and facial features. By
incorporating these attributes, they aim to provide a more comprehensive and stable representation of
individuals, which can help improve the accuracy of identity recognition in LT-ReID scenarios.

Yang et al. [16] demonstrated the superior reliability of body contour curves over color-based
appearance features under clothing variations. Their CC-ReID framework innovatively employs
contour sketches as auxiliary biometric descriptors, translating anatomical silhouettes into identity-
discriminative embeddings. Chen et al. [17] addressed clothing texture interference through 3D shape
reconstruction, leveraging volumetric human models to capture anthropometric invariants like torso
proportions and limb geometry. Wang et al. [18] developed a cross-modal fusion architecture that
synergizes holistic appearance features with kinematic pose embeddings. By aligning spatiotemporal
patterns of body joints with global representations, their method amplifies clothing-agnostic cues while



suppressing transient apparel artifacts. Liu et al. [19] pioneered feature disentanglement via 3D human
mesh estimation, isolating persistent identity markers (e.g., skeletal structure, joint topology) from
transient non-identity variables like garment shape and dynamic postures. Their dual-path learning
architecture enables parallel extraction of identity-sensitive features (from nude mesh models) and
apparel-dependent features (from clothed RGB inputs). Through adversarial training, the model jointly
optimizes both feature streams, achieving cross-apparel invariance by explicitly decoupling biological
signatures from sartorial noise. This bidirectional learning paradigm not only enhances discrimination
under clothing changes but also mitigates pose-induced feature distortions.

While existing multi-modal approaches have mitigated clothing dependency in traditional person re-
identification (Re-ID), complete elimination of clothing bias remains a persistent challenge. To address
this limitation, we propose a multi-level pose-guided feature learning framework that synergistically
integrates pose estimation with Re-ID feature extraction. Beyond simply employing pose features as
auxiliary inputs, our hierarchical design establishes explicit guidance mechanisms through progressively
refined pose representations. This architecture compels the model to preserve discriminative non-
appearance attributes including body geometry and motion patterns, thereby achieving enhanced
robustness in long-term scenarios with clothing variations.
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Figure 2: The overview of our MPCF framework. It consists of three branches: the SE branch, the CMF
branch, and the MLFG branch. We use a frozen pose estimation model to introduce additional modal
human shape information, and through multi-level learning of human pose information, we guide the
model to retain more clothing-agnostic body shape semantic information when aggregating information
across modalities, and the final output is a more robust fusion feature.

3. Methodology

3.1. Overview

In this section, we introduce our proposed MPCF framework in detail. The framework is mainly
composed of three core branches: the Shape-Embedding (SE) branch, the Cross-Modality Fusion (CMF)
branch, and the Multi-Level Feature Guidance (MLFG) branch, as shown in Fig. 2.

Specifically, given the person image x ∈ R𝐻×𝑊×3, the SE branch extracts pose features from the
original image and generates embedding information to supervise the MLFG branch. We use ResNet-50
[20] as the backbone to extract the person’s global appearance features. These appearance features are



then aligned and aggregated with the pose features from the SE branch via CMF, producing robust
fused features. The MLFG branch extracts intermediate features from stages 3, 4, and 5 of the backbone
network. Through a series of projection operations, it generates multi-level appearance embeddings,
which are then aligned with the pose embeddings from SE. This alignment process helps guide the
CMF branch during training to focus more on clothing-irrelevant identity information. The following
sections will provide a detailed explanation of the specifics of each branch.

3.2. Shape-Embedding branch

To learn clothing-invariant discriminative features, we utilize the semantic information of human body
shape, attributed to its stable manifestation across spatio-temporal scenarios and minimal impact from
appearance changes. As shown in Fig. 2, the SE branch consists mainly of two modules: a pose estimator
and a shape encoder. For the pose estimator, we adopt the well-established OpenPose [21] framework
to extract pedestrian pose heatmaps.
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Figure 3: The Shape Encoder architecture outputs body shape embeddings f𝑠 for multi-level pose-guided
representations and pose features F𝑠 for cross-modal information aggregation.

For a given input image x, OpenPose can generate k pose heatmaps, each heatmap highlights a key
part of the human body (e.g., face, hands, feet). These heatmaps are then fed into the shape encoder
to produce features related to overall body posture f𝑠 ∈ R1×(𝐻/8)×(𝑊/8) and body semantic features
F𝑠 ∈ Rℎ×𝑤×𝐷 .

The structure of the Shape Encoder is depicted in Fig. 3 and includes two branches for processing
the input pose heatmaps. The upper branch transforms the human pose heatmap into a body shape
feature embedding f𝑠 ∈ R1×1152 through a global average pooling layer followed by a fully connected
layer. To enable body shape information to interact more effectively with appearance information in
the cross-modal fusion branch, the lower branch employs a method similar to CAMC [18] for shape
embedding. This branch consists of an image patch embedding module and a multi-head attention
module based on ViT [22]. The goal is to capture the relationships between different key points of the
human body. The image patch embedding module processes the heatmap of size h× 𝑤 by cutting it
into a series of overlapping patches using a sliding window. The stride is denoted as S, and the patch
size as P (e.g., 4), resulting in an overlap between adjacent patches of shape (𝑃 − 𝑆)× 𝑃 . In this way,
the entire heatmap is divided into N such patches.

𝑁 = 𝑁ℎ ×𝑁𝑤 = ⌊𝐻 + 𝑆 − 𝑃

𝑆
⌋ × ⌊𝑊 + 𝑆 − 𝑃

𝑆
⌋ (1)

Afterwards, through the self-attention mechanism, the patches are correlated with each other and
thus learn to obtain more robust semantic features of human shapes F𝑠 ∈ R288×2048.



3.3. Cross-Modality Fusion branch

In our approach, we utilize ResNet-50 as the backbone network and set the stride of its fifth convolutional
layer to 1. We extract the intermediate outputs from the third, fourth, and final layers to obtain multi-
scale feature representations. Within this branch, we flatten the output features from the fifth layer to
obtain the texture feature representation F𝑎 ∈ R𝐻𝑊×𝐷 . To prevent information loss when aggregating
texture features F𝑎 and body shape features F𝑎 from different modalities, we first use a feature alignment
module to concatenate the features from both modalities along the channel dimension, resulting in
F𝑐ℎ𝑎𝑛𝑛𝑒𝑙 = [F𝑎, F𝑠] ∈ R𝐻𝑊×2𝐷. Based on the channel attention mechanism [23], this module, which
consists of two fully connected layers forming a bottleneck structure, is used to model the inter-channel
relationships within F𝑐ℎ𝑎𝑛𝑛𝑒𝑙 and outputs weights of the same quantity as the input features. We
first reduce the feature dimension to one-fourth of the input (e.g., D/2), then pass it through a ReLU
activation, and then through a fully connected layer to restore the original dimension, followed by a
sigmoid to obtain normalized weight scores s. These weights s are then added to the channels of both
modal features and summed with their original features to obtain the aligned features F

′
𝑎 ∈ R𝐻𝑊×𝐷

and F
′
𝑠 ∈ R𝐻𝑊×𝐷 . The overall process can be represented as follows:

𝑠 = 𝑆𝑖𝑔𝑚𝑜𝑖𝑑(𝑊2𝑅𝑒𝐿𝑈(𝑊1𝐹𝑐ℎ𝑎𝑛𝑛𝑒𝑙 + 𝑏1) + 𝑏2) (2)

𝐹
′
𝑎 = 𝑠[:, 0 : 𝑁 ]⊗ 𝐹𝑎 + 𝐹𝑎 (3)

𝐹
′
𝑠 = 𝑠[:, 𝑁 : 2𝑁 ]⊗ 𝐹𝑠 + 𝐹𝑠 (4)

where W1 is the weight matrix of the first fully connected layer with dimensions R2𝐷×𝐷/2, b1 is
its bias vector with dimensions R𝐷/2. W2 ∈ R𝐷/2×2𝐷, and b2 ∈ R2𝐷. After aligning features from
both modalities, we use a multi-head cross-modal attention module for adaptive fusion of texture and
morphological semantic features. The queries, keys, and values in the attention block are represented
as:

𝑄/𝐾/𝑉 = 𝑇𝑟𝑎𝑛𝑠𝑝𝑜𝑠𝑒(1,2)(𝑅𝑒𝑠ℎ𝑎𝑝𝑒3𝐷(𝐹 )) (5)

where F represents the features from both modalities, and Reshape3𝐷 indicates reshaping F into a
three-dimensional feature map. To integrate information across different modalities, we use texture
features and body shape information as queries, with corresponding body shape features and appearance
features serving as keys and values:

𝐹𝑠→𝑎 = 𝐹
′
𝑎 +𝑅𝑒𝑠ℎ𝑎𝑝𝑒2𝐷(𝑀𝐻𝐴(𝑄𝑎,𝐾𝑠, 𝑉𝑠)) (6)

𝐹𝑎→𝑠 = 𝐹
′
𝑠 +𝑅𝑒𝑠ℎ𝑎𝑝𝑒2𝐷(𝑀𝐻𝐴(𝑄𝑠,𝐾𝑎, 𝑉𝑎)) (7)

This bidirectional access helps texture features to enhance shape features that are clothing-
independent, while body shape features incorporate necessary identity traits, minimizing the informa-
tion gap between modalities. The concatenated features 𝐹 will be utilized to compute the ID recognition
loss.

3.4. Multi-Level Feature Guidance branch

Furthermore, to fully leverage the body semantic information embedded in a person’s appearance and
reduce the interference of clothing information, we opt to use pose information as guidance on top of
cross-modal aggregated appearance features and body semantic features. This approach aims to steer
the model’s focus towards regions closely related to posture, thereby enhancing recognition accuracy.
Specifically, we align the body shape embeddings f𝑠 obtained from the shape embedding branch with
person feature embeddings. Without compromising other essential information, this highlights the



pose information within person representations, allowing for the retention of more posture-related
details during cross-modal feature aggregation. To capture richer original body shape information from
images, we extract three levels of person appearance feature maps f𝑟𝑒𝑠3, f𝑟𝑒𝑠4, f𝑟𝑒𝑠5 from intermediate
layers of the backbone network. These feature maps are then passed through a feature projection layer,
which maps them into a feature space identical to the body shape embeddings f𝑠 without significantly
harming the original information, forming implicit multi-level person feature embeddings f3, f4, f5.
The projection layer is designed with linear projection, Transformer encoder, global pooling, and a
normalization layer to ensure effective feature transformation and integration.

Ultimately, the person feature embeddings 𝑓𝑖 (where 𝑖 = 3, 4, 5) obtained will be combined with the
body shape embeddings 𝑓𝑠 to jointly compute the guidance loss. To ensure the alignment of information
between the two and to emphasize the pose information within the person feature embeddings, we use
the Kullback-Leible (KL) divergence as the guidance loss 𝐿guide to consistently measure the similarity
between the appearance embeddings 𝑓𝑖 and the body shape embeddings 𝑓𝑠. The lower the value of
𝐿guide, the more semantically consistent information the model has learned, meaning it can better
capture features related to posture. The specific formulation of the overall loss function is as follows:

𝐿𝑡𝑜𝑡𝑎𝑙 = (1− 𝜆)𝐿𝐼𝐷 + 𝜆𝐿𝑔𝑢𝑖𝑑𝑒 (8)

where 𝐿ID represents the identification loss function based on cross-entropy, with inputs being the
cross-modal aggregated features 𝐹 and the identity labels 𝑦𝑖, and 𝜆 is a fixed value. The 𝐿guide function
can be specifically expressed as:

𝐾𝐿(𝑝|𝑞) =
∑︁
𝑘

𝑝𝑘𝑙𝑜𝑔(𝑝𝑘/𝑞𝑘) (9)

𝐿𝑔𝑖 =
1

2
𝐾𝐿(𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓𝑠), 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓𝑖)), 𝑖 ∈ 3, 4, 5 (10)

Table 1
Statistics of the LT-ReID datasets.

Dataset #Identities #Images #Cams

LTCC [5] 152 17,119 12
PRCC [16] 221 33,698 3
Celeb-reID [24] 1,052 34,186 -

𝐿𝑔𝑢𝑖𝑑𝑒 = 𝐿𝑔3 + 𝐿𝑔4 + 𝐿𝑔5 (11)

In the calculation of KL divergence, 𝑝 and 𝑞 represent two probability distributions, where 𝑝𝑘 and 𝑞𝑘
are the probabilities of these distributions for the 𝑘-th category, respectively. We obtain probability
vectors for the person feature embeddings and body shape embeddings through normalization, and
then compute the difference between them. The divergence value is divided by 2 to balance the scale of
the loss function.

4. Experiment

4.1. Experimental Setup

Datasets. As shown in Table 1. To evaluate the effectiveness of our proposed MPCF framework,
we conducted assessments primarily on three widely-used long-term clothing-change person Re-ID
datasets: LTCC [5], PRCC [16], and Celeb-reID [24]. LTCC comprises 17,119 images of different
individuals, covering 152 distinct identities and 416 different outfits, with an average of 5 varying outfits
per person, and the number of outfit changes ranging from 2 to 14. PRCC includes 33,698 images of 221



Table 2
Our MPCF’s performance is compared with other competitors on the clothing-change dataset LTCC, with
CAMC as the baseline model. Red bold denotes the best performance, and black bold denotes the second-best
performance.

Methods
Cloth-Changing Standard

Rank-1 mAP Rank-1 mAP

PCB [25] 23.5 10.0 61.8 27.5
CESD [5] 25.2 12.4 71.4 34.4
FSAM [26] 38.5 16.2 73.2 35.4
GI-ReID [2] 23.7 10.4 63.2 29.4
MBUNet [27] 40.3 15.0 67.6 34.8
ACID [28] 29.1 14.5 65.1 30.6
LDF [29] 32.9 15.4 73.4 36.9
CPC [30] 21.9 12.8 - -

CAMC [18] 35.9 15.4 73.2 35.3
Ours 40.5 15.7 75.4 37.3

individuals captured from three camera views. The training set consists of 150 individuals, while the
test set comprises the remaining 71. During training, 25% of the images from the training set are used as
a validation set. Celeb-reID utilizes street photos of celebrities to address long-term clothing changes.
The dataset contains 34,186 images of 1,052 identities, each with unique clothing, thus presenting a
greater challenge in clothing changes scenarios compared to the previous two datasets.
Implementation details. Our model is constructed on the PyTorch framework. We utilized a

pre-trained ResNet-50 from ImageNet [31] as the backbone network to extract texture features of
persons. The dimensions of the multi-level features extracted by the backbone network are 512, 1024,
and 2048, respectively. All training was conducted on

Table 3
We evaluate MPCF against state-of-the-art methods on the PRCC clothing-change dataset, using CAMC as the
baseline. Top and second-best results are highlighted in red and black bold, respectively. Results marked with †
denote those reproduced from original implementations.

Methods
Cloth-Changing Standard

Rank-1 mAP Rank-1 mAP

PCB [25] 41.8 38.7 99.8 97.0
IANet [32] 46.3 45.9 99.4 98.3
SAGE [16] 34.4 - 64.2 -
RCSANet [33] 50.2 48.6 97.2 100
AFD-Net [34] 42.8 - 95.7 -
GI-ReID [2] 33.3 - 86.0 -
UCAD [35] 45.3 - 96.5 -
CPC [30] 40.8 - - -

CAMC [18] 47.0† 46.7† 99.7† 97.3†

Ours 51.1 50.4 99.9 99.0

a single NVIDIA RTX 3090 GPU. During both training and testing phases, images were resized to
a uniform size of 384x192. Data augmentation included color jittering, random horizontal flipping,
padding, random cropping, and random erasing [36]. We employed the Adam optimizer [37] for model
optimization and performed 150 training epochs, with a warm-up strategy applied in the first 10 epochs,
gradually increasing the learning rate from 3e-5 to 3e-4. The learning rate was reduced by 1/10 at
epochs 40 and 80. For the PRCC and Celeb-reID datasets, the batch size was set to 48, while for the



LTCC dataset, it was set to 32, with each identity ID having 4 images. For pose estimation, we used
the OpenPose model pre-trained on the COCO dataset [38], generating 18 heatmaps, and we froze its
weights during the training process.

Evaluation metrics. We employed the two standard metrics commonly used in most clothing-
change Re-ID literature: mean Average Precision (mAP) and Cumulative Matching Characteristic (CMC).
To ensure a fair comparison with existing studies, we evaluated LTCC and PRCC under both standard
and clothing-change settings. Under standard settings, the test set included both consistent and varied
clothing samples. In clothing-change settings, the test set exclusively contained samples with varied
outfits.

4.2. Performance Comparisons

Performance on the LTCC dataset. We evaluated our proposed method on the LTCC dataset and
compared it with baseline models and other state-of-the-art clothing-change person re-identification
approaches, as shown in Table 2. Compared to the baseline model, our model achieved improvements
of +2.0% in mAP and +2.2% in R1 under standard settings. In clothing-change settings, compared to
FSAM [26], although our method slightly underperformed in the mAP metric, it achieved a significant
+2.0% improvement in the R1 metric. Moreover, compared to the second-best performing method LDF
[29], our approach outperformed in both mAP and R1 metrics under both settings. It also surpassed the
MBUNet [27] method, which had the second-best R1 performance in the clothing-change setting.

Performance on the PRCC dataset. We also assessed our proposed method on the PRCC dataset,
with results shown in Table 3. It is noteworthy that the original baseline

Table 4
In the performance comparison on the clothing-change dataset Celeb-reID, our MPCF was tested against other
competitors, with CAMC serving as the baseline model. Red bold indicates the best performance, while black
bold denotes the second-best performance.

Methods
Celeb-reID

Rank-1 Rank-5 mAP

CESD [5] 50.9 66.3 9.8
RCSANet [33] 55.6 - 11.9
SirNet [39] 56.0 70.3 14.2
CT-Net [40] 60.2 74.2 13.7
ACID [28] 52.5 - 11.4
3DInvarReID [19] 61.2 - 15.2
MCSC [41] 57.8 - 13.0

CAMC [18] 57.5 71.5 12.3
Ours 62.7 77.3 16.1

model was not evaluated on this dataset. We faithfully reproduced the experimental results by strictly
adhering to the implementation protocols outlined in the original paper. It can be observed that under
the clothing changes setting, our method significantly outperforms the baseline model on both the R1
and mAP metrics, with improvements of +4.1% and +3.7% respectively. Although the baseline model
integrates clothing-agnostic pose information into person identity representation and minimizes the
information discrepancy between appearance texture and pose features as much as possible, it is still
inevitably affected by clothing information. Our method, however, with multi-level pose information
supervision, can further reduce clothing noise. Other comparative results indicate that our method
achieves comparable results with other advanced approaches.

Performance on the Celeb-reID dataset. Compared to the first two datasets, Celeb-reID is larger
and more challenging, with images captured from uncontrolled street snapshots without any clothing
annotations.



As shown in Table 4, all advanced methods perform relatively poorly. Competitors such as FSAM
[26] and MBUNet [27] have not reported results in this area. Our method, MPCF, achieved notable per-
formance improvements of 62.7%, 77.3%, and 16.1% in R1, R5, and mAP metrics, respectively. Compared
to the baseline model, our method significantly improved by +5.2% in R1 and +3.8% in mAP. When
compared to the second-best performing method, 3DInvarReID [19], our method improved by +0.9% in
mAP and +1.5% in R1.

The performance results across the three datasets demonstrate that our approach helps person
re-identification models prioritize pose information over clothing during training, effectively addressing
the challenge of clothing changes.

4.3. Ablation Study

Component Analysis. To demonstrate the effectiveness of our approach, we evaluated the multi-level
pose guidance and the effectiveness of the two branches, SE and CMF, on the LTCC dataset under the
standard Settings and compared them with the baseline model. The results are shown in Table 5.

In single-level guidance, the pose guidance at stage 5 showed the most significant improvement over
the baseline model. The guidance at stages 3 and 4 resulted in slight

Table 5
Ablation studies in the standard setting of the LTCC dataset. The effect of different levels of pose guidance
pairings on model performance, with the best performance marked by red bolding and black bolding indicating
the second best performance.

Methods Rank-1 Rank-5 mAP

CAMC(baseline) 73.2 81.9 35.3

Ours+res3 73.2(+0.0) 82.1(+0.2) 36.0(+0.7)
Ours+res4 72.8(-0.4) 81.3(-0.6) 36.1(+0.8)
Ours+res5 75.0(+1.8) 83.7(+1.8) 36.4(+1.1)

Ours+res3+res4 72.4(-0.8) 81.7(-0.2) 36.4(+1.1)
Ours+res3+res5 72.0(-1.2) 80.7(-1.2) 35.8(+0.5)
Ours+res4+res5 73.6(+0.4) 82.3(+0.4) 36.4(+1.1)

backbone(ResNet-50) 69.1(-4.1) - 33.1(-2.2)
Ours w/o CMF 72.2(-1.0) 81.3(-0.6) 34.5(-0.8)
MPCF 75.4(+2.2) 83.5(+1.6) 37.3(+2.0)

increases in mAP, but there was no noticeable improvement in the Rank metrics, and even a decrease
was observed. When combining two levels of guidance, the joint pose guidance at stages 4 and 5
performed the best, while the other two methods improved mAP but did not perform well on the Rank
metrics. Ultimately, our method integrated guidance across three levels, and after experimentation, the
optimal weight ratio for the three levels in the guidance loss was found to be 5:3:2, achieving the best
overall performance. Compared to other methods, our approach achieved the best results in both R1 and
mAP metrics. This also confirms the effectiveness of using multi-level guidance for pose information.

To show our framework is effective, we did ablation studies on its branches. Since all branches use
pedestrian pose features, removing the SE branch leaves only the ResNet-50 backbone working. This
leads to much worse performance on the LTCC dataset, as shown in Table 5. If we remove the CMF
branch, the model loses key info due to the difference between pose and appearance features, harming
performance. The final MPCF results prove the CMF branch’s cross - modal fusion is necessary.
Computational Complexity Analysis. We systematically evaluated the impact of adding three

levels of pose guidance components on the model under the PRCC dataset’s cloth-changing setting,
focusing on changes in computational cost and performance improvements. The results are shown in
Table 6.

Experiments show that the introduction of a single level pose guidance component leads to a signifi-



cant increase in the training parameters (Params) of the model, but the increase in the computational
time complexity (FLOPs) of the model is small. This is mainly because the projection module in the
MLFG branch uses fully connected layers and Transformer encoders, which add parameters but have
relatively low computational complexity. Furthermore, our MPCF framework integrates all three levels
of pose guidance components. Compared to the baseline model, while Params increased by 25%, the per-
formance metrics showed significant improvements: Rank-1 improved by +4.1%, and mAP improved by
+3.7%. Meanwhile, the increase in FLOPs remained small, indicating that the computational complexity
did not rise significantly.

This design shows that our method can achieve significant performance improvements with limited
computational cost, proving that these additions are worthwhile.

Table 6
Compared to the baseline under the cloth-changing setting of the PRCC dataset, we assessed the
impact of gradually adding three levels of guidance components on the model’s computational cost and
performance. MPCF represents the method that includes all levels of guidance components. Results
marked with "†" are reproduced by us based on the original implementation.

Methods
Computational Cost Metrics

Params(M)↓ FLOPs(G)↓ Rank-1↑ mAP↑

CAMC [18] 62.33 20.2 47.0† 46.7†

Our+res3 68.39(+6.06) 20.3(+0.1) 47.6(+0.6) 49.2(+2.5)
Our+res3+res4 73.47(+11.14) 20.39(+0.19) 48.7(+1.7) 48.7(+2.0)
MPCF 78.26(+15.63) 20.48(+0.28) 51.1(+4.1) 50.4(+3.7)

Rank 1 Rank 10

Query

Query

(a)

(b)

Figure 4: Visualization of retrieval results. The left side of (a) and (b) is the input query image. For the
right side, the first and the second row are the ordered matching results obtained by using the baseline
model and MPCF, respectively. Images with green borders and red borders indicate correct and error
matching results, respectively.



4.4. Visualization of retrieval results

Our proposed method integrates multi-modal feature fusion and multi-level pose guidance to better
address the challenges of person re-identification in long-term clothing changes scenarios. To visually
demonstrate this conclusion, we visualized the top-10 retrieval results of the baseline model CAMC and
our method on the LTCC dataset under clothing changes settings, as shown in Fig. 4.

Our proposed model significantly reduces the dependency on clothing information during the
identification process. As shown in the first row of Fig. 4(a), the baseline model’s matching results
mostly display persons with similar clothing but different identities compared to the query image. In
contrast, as depicted in the second row of Fig. 4(a), our method’s matching results can still effectively
identify the correct person identities even in clothing changes scenarios where there may be similarities
between samples of different categories. Additionally, as demonstrated in the results of Fig. 4(b), due
to the interference of clothing information, the top retrieval results in the first row are images with
similar clothing textures and colors. However, thanks to the multi-level pose guidance in our approach,
the model focuses more on body shape information that is independent of clothing. Consequently, in
the second row of results shows that even when the queried person is wearing different clothing, our
model can still achieve more robust person identity representations.

5. Conclusion

To mitigate information interference caused by long-term and cross-scenario appearance variations in
persons, this paper proposes a Multi-Level Pose-Guidance with Cross-Modality Fusion for Long-Term
Spatio-Temporal Re-ID (MPCF). Specifically, we introduce additional modality human pose feature
embeddings through a SE branch, supplementing identity information independent of clothing. Then,
a CMF branch reduces the modality gap between person appearance features and pose features, pre-
venting the loss of key information across modalities when aggregating clothing-independent features.
Furthermore, to further reduce the model’s focus on clothing information during the aggregation pro-
cess, we propose a MLFG branch that uses multi-level person pose embeddings as guidance, compelling
the model to concentrate attention on clothing-independent information areas, ensuring that aggregated
features include more clothing-independent, distinctive identity information. Our proposed method
has been extensively tested on multiple datasets, validating its effectiveness.
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