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Abstract

Person re-identification (re-ID) plays a pivotal role in many safety-critical and daily

applications such as intelligent video surveillance and human tracking. Despite

great effort, conventional appearance-based methods using images or videos are

usually computationally expensive and vulnerable to appearance and environmen-

tal variations. With the popularization of low-cost and accurate skeleton-tracking

sensors, person re-ID via skeleton data is becoming an important emerging topic

with prominent advantages. It focuses on modeling of unique body structure and

motion patterns based on key body-joint positions, which typically enjoys smaller

data inputs and model sizes, more robust performance under shape and view vari-

ations, as well as better privacy protection without using any visual appearances.

This thesis focuses on effectively modeling and learning discriminative body struc-

ture features and motion patterns from skeleton data for person re-ID. We design

deep neural network based AI models and frameworks to perform automatic skele-

ton representation learning for person re-ID, so as to address the primary limitation

of most previous methods that rely on hand-crafted skeleton descriptors and often

fail to capture latent features beyond domain knowledge. In particular, we con-

centrate on and address several key challenges in this area. Firstly, most existing

methods require massive skeleton labels for model training, while the collection of

skeletal annotations is usually labor-expensive and unavailable in practice. Such

label dependency decreases their applicability and generality in real-world open

scenarios. Secondly, existing endeavors typically learn skeleton features from a sin-

gle level (e.g., body joint level), while this intrinsically limits their ability to exploit

valuable hierarchical skeleton features and higher level patterns. It is still an open

challenge to model discriminative body structure and motion features at different

levels for person re-ID. The third challenge is exploiting latent relations between

different body joints or components to capture more recognizable patterns. The

way to model valuable body structural and actional relations from skeleton graph

representations remains to be an unresolved issue. Another crucial challenge is

x
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devising generic auxiliary tasks or techniques (e.g., feature re-ranking) that can be

flexibly applied to different models to enhance their person re-ID performance.

To this end, this thesis explores AI-empowered solutions to specifically address the

aforementioned challenges. Firstly, to learn effective skeleton representations with-

out labels, we propose a generic unsupervised Simple Masked Contrastive learning

(SimMC) framework for person re-ID. SimMC leverages randomly-masked skele-

ton subsequences to mine the most representative skeleton features (termed pro-

totypes), and capture valuable intra-sequence skeleton semantics via contrasting

motion continuity between subsequences. Empirical evaluations demonstrate effec-

tiveness, efficiency, and generality of SimMC on multiple benchmark datasets.

To solve the second challenge of multi-level skeleton modeling, we propose a Hierar-

chical skeleton Meta-Prototype Contrastive learning (Hi-MPC) approach. Hi-MPC

constructs coarse-to-fine body representations at different levels, and exploits them

to learn most typical skeleton features (termed meta-prototypes) from multiple con-

trastive representation spaces, which improves the robustness and consistency of

previous skeleton prototype learning. A hard skeleton mining mechanism is devised

to learn skeleton importance and more valuable patterns. Extensive experiments

on five datasets demonstrate its state-of-the-art performance and scalability.

To address the third problem to fully capture latent body relations, we pro-

pose a Transformer-based Skeleton Graph prototype contrastive learning (TranSG)

paradigm. We devise the skeleton graph transformer to simultaneously capture

structural and actional body relations, and propose the graph prototype contrastive

learning to capture more reliable prototypes and class-related semantics. The graph

structure-trajectory prompted reconstruction is proposed to learn general high-level

skeleton semantics. Extensive experiments on five benchmark datasets demonstrate

the effectiveness of TranSG and its high generality under different scenarios.

Lastly, to achieve general model enhancement, we propose a skeleton feature re-

ranking technique to improve different models. We devise the skeleton sequence

pooling to aggregate the most salient skeleton features. Then, both k-reciprocal

and Euclidean distance are fused to integrate neighbors’ context for more reliable

feature re-ranking. A context-based voting scheme is further proposed to better

select Rank-1 candidate for person re-ID. Empirical and qualitative evaluations on

multiple datasets show the efficacy and generality of the proposed technique.
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Chapter 1

Introduction

1.1 Background and Motivation

Person re-identification (re-ID) is a pattern recognition task of retrieving and

matching a certain pedestrian across different views, occasions, and scenarios.

When given a walking sequence such as a surveillance video containing the person-

of-interest, the target of person re-ID is to query (e.g., match and predict) the

correct identity of this person based on the existing records in the database [15].

Due to the increasing demand of public safety and emerging large-scale camera

networks, person re-ID has played a pivotal role in many daily and safe-critical

applications such as intelligent video surveillance, security authentication, human

tracking, healthcare monitoring, and robotics [16–20]. The estimated global market

size of this technology and its related domains (e.g., digital identity authentication)

was US$27.9 billion in 2022 and is expected to reach US$70.7 billion by 2027 [21],

highlighting its vast application prospects.

In the past few years, with the surging popularity of low-cost, non-intrusive, and

accurate skeleton-tracking sensors (e.g., Kinect [22]), person re-ID based on skele-

ton data has attracted increasing attention in both academia and industry [23–

26]. In the task of skeleton-based person re-ID, when given a skeleton sequence

(which is captured from sensors or estimated by models) containing the person-of-

the-interest, the target of model is to query the identity of this person from the

database (illustrated in Fig. 1.1). Compared with conventional image or video

based methods that typically rely on visual features such as human silhouettes and

1
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 Target: Use 3D skeleton data to retrieve and match/predict the identity of a pedestrian

 Research Focus: Utilize only consecutive human skeletons (i.e., 3D positions of key body joints) 

to extract discriminative structural features of body and motion/gait information of a person
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Figure 1.1: General process of skeleton-based person re-identification (re-ID).
The input skeleton data of pedestrians are captured from depth sensors or es-
timated by pose estimation AI models, while the main task (shown in the blue
box) is to learn effective representation of a skeleton sequence to query its iden-
tity (ID) via matching with existing sequences from the gallery set.

appearances (e.g., faces) for recognition [27–29], skeleton-based methods leverage

3D positions of key body joints to characterize discriminative structural and mo-

tion features of human body, which could enjoy many advantages: (1) Smaller

data inputs compared with image/video data; (2) Lighter models to process and

learn skeletons than image-based models; (3) Better privacy protection without us-

ing any visual appearances; (4) Higher robustness under variations of scales, views

or other external factors [30]. For example, many appearance-based methods and

their texture-based body representations are sensitive to environmental factors such

as background clutters, occlusion, and illumination [31], and usually require high-

quality (e.g., high-resolution) images for model leaning. Such image data often

contain large-scale pixels that are computationally expensive in practice. By con-

trast, based on highly concise skeletal body representations, the design of artificial

intelligence (AI) models (e.g., deep learning based architectures) for skeleton-based

person re-ID can be more efficient with significantly less parameters and compu-

tational complexity [5]. These advantages enable them to be potentially applied

to more real-world scenarios with lower deployment cost. For instance, the small

input data and low resource requirement allow skeleton-based person re-ID models

to be potentially integrated into different portable RGB-D devices including Intel

Realsense [32] and Apple Vision Pro to perform diverse identity-related pattern

recognition tasks. In healthcare areas, the 3D skeleton data can be potentially

applied to construct efficient human body representations to learn light-weight AI

models for different tasks such as identity-aware health monitoring, gait analysis,

disease diagnosis, etc [33].

To perform person re-ID via skeleton data, existing endeavors typically model
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skeleton features by two groups of methods: (1) Skeleton descriptor based meth-

ods [2, 23, 24, 34], which manually extract certain anthropometric, geometric,

and gait attributes of human body from skeleton data. However, these hand-

crafted methods usually require domain knowledge such as human anatomy [35],

and cannot fully mine underlying features beyond human cognition; (2) Deep neu-

ral network based methods [3, 4, 25], which usually leverage convolutional neural

networks (CNN) or long short-term memory (LSTM) [36] to learn skeleton rep-

resentations with sequences of raw body-joint positions or pose descriptors (e.g.,

motion angles). In practical terms, these methods usually require massive labeled

skeleton data of pre-defined classes to either train the model from scratch (e.g., su-

pervised models [7, 25]) or fine-tune the pre-trained skeleton representations (e.g.,

self-supervised models [3, 4, 8]) to classify the known identities. However, for exist-

ing supervised methods, they lack the flexibility to learn general and representative

skeleton features that can re-identify different pedestrians under the unavailability

of labels, which limits its application in many real-world scenarios. For existing

self-supervised models, their performance is often unsatisfactory, and they typically

necessitate more intricate design in terms of architectures and training process (e.g.,

two-stage training combined with label-based fine-tuning).

1.2 Research Problem and Challenges

The core research problem of this thesis can be summarized as “How to effec-

tively model and learn skeleton data to perform person re-ID?”, more specifically

and essentially, “How to effectively model and learn discriminative body structure

features and motion patterns based on 3D skeleton data to identify different per-

sons?”. To this end, the focused overall goal is to devise deep neural network

based AI models and frameworks to perform automatic effective skeleton rep-

resentation learning and progressively improve their performance. Conventional

skeleton-based methods [2, 23, 24, 34] manually design skeleton descriptors or pose

features for human recognition, while their performance are limited by existing

domain knowledge (e.g., human anatomy [35]) and may ignore some latent rep-

resentative features beyond human cognition. For example, there usually exist

implicit correlations between pose features (e.g., joint angles) of different skeletons
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Figure 1.2: Overview of overall target and four key challenges in skeleton-based
person re-ID. This thesis proposes AI-empowered solutions (SimMC, Hi-MPC,
TranSG, Skeleton Feature Re-Ranking) to respectively address these challenges,
and progressively improve the skeleton prototype learning method to achieve
more effective skeleton-based person re-ID.

or continuous gait cycles, which can be encoded by sequence-learning AI mod-

els such as LSTM to capture unique and recognizable walking patterns (i.e., gait

[37]). Thus, how to devise effective AI models, including neural network architec-

tures and objective functions, to automatically mine these valuable features is the

critical target of this area. On top of this goal, we further concentrate on four key

challenges to achieve more effective and efficient skeleton-based person re-ID as

outlined below (illustrated in Fig. 1.2):

The first challenge is learning effective skeleton representations in an unsuper-

vised manner (defined as “unlabeled skeleton learning”). Previous skeleton learning

paradigms often require manually-annotated skeleton data to train or fine-tune the

model [3, 7, 25], while this could reduce their generality for real-world scenarios,

as the collection of massive labels is usually labor-expensive and unavailable in

practice. In addition, using the pre-defined close-set classes weakens the flexibility

of the model to be applied to more open scenarios that contain unknown identities.

In this context, how to fully exploit unlabeled skeleton data to learn representa-

tive skeleton features and general skeleton semantics (e.g., motion patterns and

continuity) for person re-ID is a key research aspect of the thesis.

The second challenge is modeling body structure and motion features from differ-

ent levels (defined as “multi-level body modeling”), as a comprehensive and general

pre-modeling of skeleton data is often crucial for feature representation learning

and can facilitate model training [8, 38]. Existing methods typically learn skeleton
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features from a single level (e.g., body joint level [3, 4]). However, this intrinsically

limits their ability to exploit more valuable hierarchical features and high-level

patterns from skeleton data. Besides, since different-level skeleton representations

usually possess different contributions to the model performance, it is also cru-

cial to integrate their importance into skeleton modeling and model training. For

instance, some skeleton representations are more difficult to be classified to the

correct identity but can provide more informative clues for discriminating different

patterns [39], thus deserving more attention in skeleton learning.

The third challenge is capturing latent relations among different body joints or

components (defined as “body-joint relation learning”). Existing methods typi-

cally encode pairwise joint distances (e.g., limb lengths) or the trajectory of body-

joint positions into a feature vector for modeling skeleton dynamics. However,

they rarely explore latent relations between different body joints or components,

thus ignoring valuable structural and actional information of human body. Take

people’s walking for example, adjacent body joints such as “knee”, “foot”, and

collaborative limbs like “arm”, “leg”, usually exhibit different internal relational

patterns during movement, which could carry unique relational information and

recognizable walking patterns for person re-ID [37].

The fourth challenge is devising and combining generic auxiliary techniques or

tasks, such as features post-processing techniques (e.g., feature re-ranking) to im-

prove the person re-ID performance of different models (defined as “general model

enhancement”). As the skeleton-based person re-ID can be viewed as a retrieval

problem, and its performance could be influenced by different distance metrics

and the ranking results of feature representations [5], it is beneficial to devise fea-

ture re-ranking techniques to synergize different metrics and contexts to improve

the ranking quality and model performance. On the other hand, since capturing

general effective and discriminative skeleton semantics is a pivotal part of skeleton-

based pattern recognition models [4, 40], how to effectively exploit key properties

of skeleton sequences, such as motion consistency and pattern invariance [4, 5], to

learn general and identity-specific semantics is still an open challenge.
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1.3 Contributions

This section outlines the main contributions of the thesis, while the elaborated

contributions of each proposed skeleton-based person re-ID model or framework

will be presented in the respective chapters. Focusing on the four challenges (iden-

tified in Sec. 1.2) confronted by existing skeleton-based person re-ID methods, our

contributions can be summarized as follows:

• To address the first challenge of unlabeled skeleton learning, we propose a

generic unsupervised skeleton feature learning framework, named Simple

Masked Contrastive learning (SimMC) framework (see Chapter 4), which con-

trasts the typical features and inherent relationships of masked skeleton se-

quences to learn effective skeleton representations without using any label

for person re-ID. SimMC consists of two key components, masked prototype

contrastive learning (MPC) and masked intra-sequence contrastive learning

(MIC). MPC exploits the most representative features (termed prototypes)

of masked skeleton sequences to learn discriminative representations of un-

labeled skeleton data, and MIC performs intra-sequence feature learning by

contrasting different subsequences and their motion continuity to encour-

age more effective skeleton semantics learning for person re-ID. Empirical

evaluations demonstrate both effectiveness and efficiency of SimMC on mul-

tiple benchmark datasets under different scenarios. SimMC achieves highly

competitive performance with a lightweight Siamese architecture and also

possesses good theoretical interpretability. It can also serve as a generic con-

trastive paradigm to fine-tune and boost existing skeleton representations.

• To solve the second challenge of multi-level body modeling, we devise an

unsupervised Hierarchical skeleton Meta-Prototype Contrastive learning (Hi-

MPC) approach with a hard skeleton mining (HSM) mechanism (see Chap-

ter 5), which exploits unlabeled hierarchical skeleton representations (i.e.,

coarse-to-fine body structure and motion) of key informative skeletons

to contrast and learn the most typical skeleton features for person re-ID. Hi-

MPC mainly solves the second challenge by not only constructing different-

level skeleton representations to enhance skeletal structure and motion learn-

ing, but also jointly learning the most typical skeleton features (defined as

“meta-prototypes”) from multiple representation subspaces, which enhances



Chapter 1. Introduction 7

the robustness, consistency, and effectiveness of previous skeleton prototype

contrastive learning paradigms such as the first study SimMC. Moreover, it

for the first time explores the importance of each skeleton within a sequence

to better learn hard and easily-confused patterns. Extensive experiments on

five public benchmarks, including multi-view and RGB-based scenarios with

estimated skeletons, demonstrate that our approach outperforms most state-

of-the-art methods on person re-ID tasks. We further reveal the feasibility

of exploiting more concise and abstract skeleton representations to perform

person re-ID.

• To address the third problem to fully capture latent body relations, we present

a Transformer-based Skeleton Graph prototype contrastive learning (TranSG)

paradigm (see Chapter 6), which integrates different relational features of

skeleton graphs and contrasts representative graph features to learn discrimi-

native representations for person re-ID. To the best of our knowledge, TranSG

is the first transformer paradigm that unifies skeletal relation learning

and skeleton graph contrastive learning specifically for skeleton-based per-

son re-ID, which manly addresses third challenge in this thesis. We propose

the skeleton graph transformer (SGT) to concurrently capture structural and

actional body relations in skeleton graphs, and devise the graph prototype

contrastive learning (GPC) to contrast and learn representative graph fea-

tures and class-related semantics at both skeleton and sequence levels, which

further improves the reliability and effectiveness of prototype learning (e.g.,

in the second study Hi-MPC) by introducing label supervision. The proposed

graph structure-trajectory prompted reconstruction (STPR) is the first explo-

ration of graph prompts in terms of structure and trajectory contexts for gen-

eral skeleton semantics learning. Comprehensive experiments on five public

benchmarks demonstrate the effectiveness of TranSG and its high scalability

to be applied to different-level graph modeling, RGB-estimated or unlabeled

skeleton data.

• To tackle the fourth challenge and achieve general model enhancement, we

propose a generic re-ranking technique specifically for skeleton-based per-

son re-ID (see Chapter 7), which encodes the most salient features of skeleton

sequences based on k-reciprocal distance for feature re-ranking to enhance

performance of different models. In the method, the skeleton sequence pooling
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Figure 1.3: Overview of the hierarchical structure of the thesis.

(SSP) that combines average pooling and max pooling is proposed to aggre-

gate the most salient features of a skeleton sequence for better ranking. It ex-

ploits the fusion of both original Euclidean distance and k-reciprocal distance,

which integrates the context information of reciprocal nearest neighbors, for

skeleton representation re-ranking. Moreover, we devise the context-based

Rank-1 voting to jointly utilizes the local context (i.e., top-k candidates) of

gallery representations in both initial ranking list and re-ranking list to bet-

ter select the Rank-1 candidate for person re-ID. Experiments on different

benchmarks show that our method is highly effective on re-ranking various

state-of-the-art skeleton representations to improve their performance.

1.4 Thesis Organization

An overview for the structure of the thesis is presented in Fig. 1.3, which is

organized as follows:

• Chapter 1 introduces the background of skeleton-based person re-ID, high-

lights the significance and motivation to develop AI-empowered skeleton-

based person re-ID models, and overviews the existing methods in this area.

This chapter also identifies the core research problem of the thesis, limitations
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of previous methods, as well as the key challenges in skeleton-based person

re-ID. Finally, we provide a brief summary of our proposed AI models and

frameworks tailored for skeleton-based person re-ID under different scenarios.

• Chapter 2 provides a literature review of existing skeleton-based person re-

ID research, and summarizes the recent advances in related fields, including

contrastive learning and skeleton semantics learning. It also pinpoints the

shortcomings of conventional person re-ID models, and highlights the differ-

ences between the proposed approaches and existing methods.

• Chapter 3 offers technical preliminaries for subsequent sections by intro-

ducing the models or concepts used in the proposed approaches. It presents

the definitions and fundamental knowledge for the long short-term memory

(LSTM), transformer, multi-level skeleton graphs, and prompt learning.

• Chapter 4 presents a generic unsupervised framework SimMC to learn ef-

fective representations without using any label for person re-ID. We detail its

two technical components, masked prototype contrastive learning (MPC) and

masked intra-sequence contrastive learning (MIC), which are respectively de-

vised for unsupervised contrastive learning of the most representative features

(prototypes) within skeleton sequences, and the motion consistency contrast-

ing between subsequences. This chapter presents comprehensive quantitative

and qualitative assessments of the framework, encompassing empirical eval-

uations on different benchmarks, ablation studies, parameter analyses, and a

theoretical analysis of two pivotal components.

• Chapter 5 proposes an unsupervised Hi-MPC approach with a hard skele-

ton mining (HSM) mechanism to infer importance of skeletons and learn

hierarchical coarse-to-fine skeleton representations of key informative skele-

tons for person re-ID. This chapter elaborates on its three key components,

including hierarchical skeleton representations, hierarchical meta-prototype

contrastive learning (Hi-MPC), and HSM. A thorough comparison with ex-

isting hand-crafted, supervised, self-supervised, and unsupervised methods is

provided, while we conduct a systematic analysis of component effectiveness,

model generality, graph representation scalability, parameter sensitivity, and

theoretical interpretability in this chapter.
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• Chapter 6 presents a supervised TranSG paradigm to integrate relational

features of body and motion within skeletons and learn discriminative skele-

ton graph representations for person re-ID. This chapter illustrates its three

key modules, including skeleton graph transformer (SGT), graph prototype

contrastive learning (GPC), and graph structure-trajectory prompted recon-

struction (STPR), which respectively learn unified body-joint relations, dis-

criminative graph representations, and general skeleton semantics for person

re-ID. We conduct extensive experiments on five public benchmarks and com-

pare TranSG with existing hand-crafted, graph-based, and sequence learning

methods. A systematic analysis for the effects of each component and key

hyper-parameters is offered, while we further verify its generality under differ-

ent graph modeling, RGB-estimated skeletons, and unsupervised scenarios.

• Chapter 7 proposes a general k-reciprocal distance based skeleton feature re-

ranking method to improve the performance of skeleton-based person re-ID by

optimizing the ranking of skeleton representations in the gallery. This chapter

details the proposed mechanisms of skeleton sequence pooling (SSP), fused k-

reciprocal distance based re-ranking, and context-based Rank-1 voting, which

aim to aggregate the most salient features of a skeleton sequence and fully

exploit the local context information of nearest neighbors to better re-rank

skeleton features for person re-ID. We provide both empirical evaluation and

qualitative analysis to demonstrate the effectiveness and generality of the

proposed method when applied to existing state-of-the-art methods.

• Chapter 8 concludes this thesis by summarizing our research contributions,

future research directions, research impacts and potential applications.



Chapter 2

Literature Review

In this chapter, we first systematically review existing conventional RGB-based

person re-ID methods using images/videos (Sec. 2.1.1) and skeleton-based person

re-ID methods (Sec. 2.1.2). We also briefly summarize the person re-ID meth-

ods that utilize other modalities or/and their combinations (Sec. 2.1.3). Then,

we present the relevant works in the field of contrastive learning (Sec. 2.2), and

skeleton semantics learning (Sec. 2.3).

2.1 Person Re-Identification (Re-ID)

2.1.1 RGB-Based Person Re-ID

Person re-ID models based on RGB images and videos have been widely inves-

tigated and applied to many scenarios in the past decades [12, 41, 42]. Early

works typically focus on devising discriminative hand-crafted descriptors [12, 43, 44]

and/or robust distance metric learning paradigms [41, 45–47]. Recent years have

witnessed the great success of deep learning based architectures in improving the

person re-ID performance on widely-used image and video benchmarks such as

CUHK03 [48], Market-1501 [49], and MSMT17 [50]. The mainstream RGB-based

models using deep learning can be mainly grouped into supervised models and

unsupervised models. The supervised RGB-based methods typically exploit local

(e.g., part-based) features [51], data augmentation and synthesis [52], visual at-

tention mechanisms [53], or prior human semantics [54] to tackle the challenges of

11
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cluttered background, occlusion, viewpoint changes, and illumination variations in

image and video based scenarios. The unsupervised RGB-based methods either di-

rectly learn discriminative pedestrian representations without any external labeled

data [55–57], or use domain adaptation techniques [58–60] to transfer identity-

related knowledge from labeled source domain to unlabeled target domain. These

methods commonly adopt K-Nearest Neighbors (KNN) [59], clustering mechanisms

[55, 56], or graph-based strategies [57] to associate identities across cameras.

Gaps and Limitations. The RGB-based methods often have complex network ar-

chitectures (e.g., deep CNN backbones) and require huge computational resources

to process the input image and video data, which possess much larger input size

than the skeleton data. Another unavoidable challenge is that these methods gen-

erally require disentangling high-quality appearances, colors or textures from unre-

lated or noisy environmental factors (e.g., cluttered background, occlusion, illumi-

nation, viewpoint) to recognize persons, while their performance could be unstable

under the changes of appearances and environments.

In contrast, AI-empowered person re-ID models based on skeleton data not only

have smaller network scales [5] but also are more robust to scale and view variations,

as they do not require any appearance information [30]. These advantages enable

them to be applied to more general scenarios with a protection of appearance-

related privacy.

2.1.2 Skeleton-Based Person Re-ID

2.1.2.1 Hand-Crafted Methods

Most previous skeleton-based methods manually extract 3D skeleton features from

anthropometric and gait aspects to depict human body and motion patterns [1,

2, 24, 34]. In [34], seven Euclidean distances between certain joints are integrated

into a learnable distance matrix for person re-ID. They are further extended into 13

(D13) and 16 skeleton descriptors (D16) in [1] and [2] respectively, which are learned

by different classifiers (k-nearest neighbor, support vector machine or Adaboost)

to perform person re-ID tasks.

Gaps and Limitations. These methods rely heavily on domain expertise such

as anatomy and kinematics [35] to model skeleton data, and lack the flexibility to
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Figure 2.1: Geodesic distances of human body extracted for person re-ID [34].

fully exploit latent features beyond human cognition. For example, they manually

extract joint distances or geodesic distances (shown in Fig. 2.1) from human body

as the feature descriptor for person re-ID. Due to the limited performance of exist-

ing descriptors and their inherent requirement of domain expertise, these methods

are usually combined with more efficient features such as 3D point clouds [23] or

face descriptors [2] to boost accuracy.

Unlike previous hand-crafted studies, the thesis mainly focuses on devising AI mod-

els and algorithms that can perform automatic skeleton representation learning for

person re-ID. The proposed methods do not require manual skeleton feature engi-

neering but adaptively learn optimized high-dimensional representations through

novel objective functions.

2.1.2.2 Deep Learning Based Methods

Recent years have witnessed the great success of deep learning in supervised and

self-supervised skeleton representation learning [3, 4, 7, 25]. A self-supervised skele-

ton encoding model (AGE) with locality-aware attention based LSTM [3] is devised

to encode discriminative gait patterns for person re-ID. The AGE model is shown

in Fig. 2.2. It leverages an LSTM-based encoder-decoder architecture to per-

form reverse skeleton sequence reconstruction, in which the model can adaptively

focus on the most important gait state to facilitate skeleton reconstruction and

semantics learning (e.g., discriminative patterns). However, this model is based on

the assumption of intra-sequence locality and can only capture the local relations

within a sequence, which limits its ability to mine valuable sequence-level features.

This problem is studied by Rao et al. [4], and they propose an extension model
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Figure 2.2: Overview of self-supervised Attention-based Gait Encoding (AGE)
model [3] based on skeleton data.

SGELA, which combines inter-sequence contrastive learning to further enhance the

relation learning between different sequences. The SGELA model also incorporates

diverse pretext tasks such as sorting and prediction into gait encoding process to

capture more effective skeleton features and high-level semantics for person re-ID.

However, this method requires manually devising semantic pretext tasks and sep-

arately training gait encoding models for different tasks, resulting in less model

generality and learning efficiency. Moreover, the inter-sequence contrastive learn-

ing only considers continuous sequences as positive pairs for similarity learning,

while it lacks the ability to capture global relations (e.g., class-associated feature

distribution) of different sequences.

In [25], a CNN-based architecture PoseGait is leveraged to learn pre-defined skele-

ton/pose features for supervised human recognition. In particular, the PoseGait

model extracts human body pose features (2D and 3D pose features) and spatio-

temporal features (joint angles, limb lengths, joint motion), totally 81 features

from skeleton sequences to learn effective gait representations. The used joint an-

gle information is visualized on the left side of Fig. 2.3. Most of these features are

manually selected based on domain knowledge as used in hand-crafted methods

[1, 2, 24], thus PoseGait can be viewed as a semi-AI model that combines both

prior knowledge and automatic representation learning architectures.

In [7], skeleton graphs are constructed based on the physical connections of body

joints or parts to learn skeletal relations (e.g., structural and collaborative rela-

tions) and high-level motion semantics for person re-ID. The SM-SGE framework

[8] further integrates multi-scale skeleton reconstruction and cross-scale skeleton
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Figure 2.3: Visual examples of body-joint angle features used in the PoseGait
model [25] (Left side) and multi-scale skeleton graph construction used in the
SM-SGE framework [8] (Right side).

inference into a graph encoding framework for self-supervised person re-ID. As

shown on the right side of Fig. 2.3, this framework not only designs coarse-to-fine

skeleton graphs (joint-scale, part-scale, and body-scale graphs) based on the orig-

inal skeleton, but also explores denser skeleton representations (hyper-joint-scale

graph) by applying linear interpolation. Compared with single-level skeleton rep-

resentations, the used multi-scale skeleton graphs is shown to benefit the skeleton

feature and relation learning for person re-ID tasks in [8]. In [61], an unsupervised

sequence-level skeleton prototype learning approach (SPC-MGR) that alternates

feature clustering and contrasting is incorporated with multi-level relation learning

[7] for person re-ID.

Comparison with Existing Methods. Unlike previous hand-crafted, super-

vised, and self-supervised models, the proposed models SimMC (see Chapter 4)

and Hi-MPC (see Chapter 5) require no pre-defined skeleton descriptors or pretext

design for skeleton representation learning. They can efficiently exploit unlabeled

3D skeleton data to mine the most representative features and contrast their inher-

ent relationships for person re-ID. To improve these models by generating skeleton

prototypes (i.e., representative skeleton features/clusters) more reliably, we fur-

ther propose TranSG (see Chapter 6) that exploits the graph feature centroid of

each ground-truth identity as prototypes, which are utilized to guide the skeleton

contrastive learning in a supervised manner for for person re-ID.

Comparison with Methods Combining Skeleton Data. The skeleton/pose

data are also utilized or combined in many image/video-based person re-ID meth-

ods to help extract pre-defined local/hierarchical body parts [62, 63], disentangle
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semantic components (e.g., bone locations) [64, 65] or generate pose augmented rep-

resentations [66]. The key differences between these methods and our approaches

are two-fold. First, they use skeleton data as auxiliary information to combine with

RGB images to boost the model performance, while our work exploits only skeleton

data without using any appearance-based features for person re-ID. Second, they

typically leverage the hierarchical structure of the original body skeletons to gener-

ate image-based body parts, while our approaches such as Hi-MPC (see Chapter 5)

and TranSG (see Chapter 6) can hierarchically or individually construct skeleton

representations at different levels, each of which corresponds to a new independent

body representation to learn discriminative pattern information for person re-ID.

2.1.3 Person Re-ID Using Other Modalities

Some existing works utilize other modalities such as depth images and 3D point

clouds or their combination (i.e., multi-modal data) to extract human body shapes,

silhouettes or motion trajectories for person re-ID. Sivapala et al. [67] extend the

Gait Energy Image (GEI) [68] to 3D domain and proposes Gait Energy Volume

(GEV) algorithm based on depth images to perform gait-based human recognition.

Munaro et al. [1] propose point cloud matching (PCM) to compute the distances of

multi-view point cloud sets, so as to discriminate different persons. Haque et al. [69]

adopt 3D LSTM to model motion dynamics of 3D point clouds for person Re-ID. As

to multi-modal methods, they usually combine skeleton-based features with extra

RGB or depth information (e.g., depth shape features based on point clouds [23, 70,

71]) to boost Re-ID performance. For example, some works combine RGB images

and skeleton data to learn auxiliary anthropometric attributes [72], body parts

correlations [65], and clothing-invariant features [73] to enhance their performance.

In [74], CNN-LSTM with reinforced temporal attention (RTA) is proposed for

person Re-ID based on a split-rate RGB-depth transfer approach. There also exist

some methods that re-identify persons across two different modalities or scenarios,

including text-to-image [75, 76], visible-to-infrared [77, 78] and cross-resolution

person re-ID [79, 80].
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2.2 Contrastive Learning

The aim of contrastive learning is to pull closer homogeneous or positive repre-

sentation pairs while pushing farther negative pairs in a certain feature space. It

has been broadly applied to various areas to learn effective feature representations

[29, 81–84]. Mainstream contrastive learning paradigms can be mainly grouped

into two categories, instance-wise contrastive learning [4, 81, 85, 86] and prototyp-

ical contrastive learning [29, 87–89]. We briefly review related works on these two

types of paradigms, and also offer an overview of hard negative mining mechanisms

designed for contrastive learning paradigms.

2.2.1 Instance-Wise Contrastive Learning

In the instance-wise contrastive learning (ICL), the model brings together repre-

sentations of different views (e.g., augmented samples) from the the same instance,

while pushing representations of different instances apart using instance-level con-

trastive losses. As a representative form of ICL, the instance discrimination method

with exemplar tasks and noise-contrastive estimation (NCE) [90] is proposed in [81]

for visual contrastive learning. The common practice in ICL is to utilize a large

batch size to generate positive and negative instance pairs [91, 92], or a queue-

based dictionary on the fly to update negative instances using momentum encoders

[93, 94]. A Siamese architecture is proposed in [95] to perform ICL based on a single

positive pair without using negative pairs or momentum encoders. A locality-aware

contrastive learning mechanism with consecutive skeleton sequences as instances is

devised in [4] for person re-ID. Chen et al. [85] and Wang et al. [86] further explore

the generalized ICL loss by enhancing the feature alignment of positive pairs and

the uniformity of normalized representations on the hyper-sphere.

2.2.2 Prototypical Contrastive Learning

A few studies focus on the contrastive learning with feature prototypes assigned by

clustering or pre-defined memory mechanisms. In [87], an online algorithm SwAV

is devised to enforce the consistency between cluster assignments of different aug-

mented views while predicting the code of a view from another-view representations
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for image classification. The momentum-based contrastive learning and k -means

clustering are combined in the PCL framework [88] to perform unsupervised vi-

sual learning. CLD [89] integrates between-instance similarity with the cross-level

discrimination between instances and local instance groups to achieve better invari-

ant mapping and contrastive learning. An offline prototype generation approach

(SPCL) with a hybrid memory mechanism is proposed in [29] for domain adaptive

objective re-ID tasks. Fundamentally different from previous studies that leverage

augmented samples of images as contrastive instances, we devise a new generic

meta-prototype contrastive learning paradigm for 3D skeleton data in Hi-MPC

(see Chapter 5), which exploits unlabeled hierarchical skeleton representations as

instances to mine the most representative and discriminative features (i.e., skeleton

meta-prototypes) for meta-prototype-instance contrastive learning.

2.2.3 Hard Negative Sample Mining and Contrasting

Hard negative sample mining aims to find more informative training samples that

are difficult to discriminate (e.g., easily-confused negatives), which has been widely

applied to various areas to accelerate network training and improve model perfor-

mance [39, 96, 97]. In contrastive learning, existing hard negative mining models

can be mainly grouped into (1) adversarial learning based methods [98, 99] that

generate hard negatives by adversarial optimization and (2) mixing based methods

[100–102] that mix the negative samples and positive samples in the feature space.

In [98], a representation network and its negative adversary are alternately trained

to generate the hardest negative samples for contrasting, while Wang et al. [99]

further introduce a diversity loss to generate diverse challenging negative samples

with different noise. A hard negative mixing strategy is proposed in [100] to mix

features of hardest negatives and its query to enhance contrastive learning. To im-

prove the difficulty of generated negatives, a diversity objective function is devised

in [102] to mix multiple samples with dynamic weights. Some recent works also

explore controllable hard negative mining with an importance sampling strategy

[96] or dynamic curriculum learning [97].



Chapter 2. Literature Review 19

Previous methods often require extra triplet constraint [39, 103], adversarial learn-

ing [98, 99] or sample mixing [100–102]. The proposed hard skeleton mining mech-

anism in Hi-MPC (see Chapter 5) can directly exploit the inherent similarity be-

tween skeleton representations and cluster-level representations to adaptively infer

the informative importance of skeletons at different skeleton levels and different fea-

ture subspaces, and mine both hard positive and negative skeleton samples from

sequences without using any labels.

2.3 Skeleton Semantics Learning

Learning general effective and discriminative skeleton semantics is pivotal to skeleton-

based person re-ID [3, 4, 7, 14] and other skeleton-related tasks (e.g., 3D action

recognition) [40, 104–107]. The attention-based reconstruction [3] and attention-

based contrastive learning [4] are devised to help learn semantics of motion conti-

nuity within skeletons. In [7], the multi-level skeleton sequence prediction (MSSP)

task is proposed to sequentially predict skeletons from multi-level graphs, while

Rao et al. [8] further devise the multi-scale skeleton reconstruction (MSR) to cap-

ture skeleton dynamics and cross-scale component correspondence. The masked

intra-sequence contrastive learning (MIC) is devised in [5] to learn motion continu-

ity and pattern invariance from different skeleton subsequences. In our proposed

model TranSG (see Chapter 6), a structure-trajectory prompted reconstruction

(STPR) task is employed to learn structural relations and pattern continuity of

body joints.

Existing skeleton semantics learning tasks usually rely on certain model architec-

tures or representations [3, 4, 7, 8] and can only perform sequence-level learning

without explicit spatial [3, 4] or temporal modeling [5]. In contrast, the proposed

STPR (see Fig. 6.2) is able to simultaneously model 3D skeletons in terms of spa-

tial (e.g., body structural positions) and temporal features (e.g., joint trajectory),

which could possess higher generality to be applied to different models.
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Figure 3.1: Schematic diagram of Long Short-Term Memory (LSTM). The
explanation for symbols and operations of LSTM are provided at the bottom.

Long Short-Term Memory (LSTM) [36] has been widely utilized to capture long-

term dependencies and dynamics in time series data such as 3D skeleton sequences

[3, 4, 7, 69]. In this thesis, we implement and compare different existing LSTM-

based models to validate the effectiveness of the proposed approaches. LSTM is

a special type of Recurrent Neural Network (RNN) variant designed to tackle the

20
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common challenge of standard RNNs, such as the vanishing gradient problem. The

core idea of LSTM is the cell state, which acts like a conveyor belt transferring

relevant information through the sequence processing, and three types of gates

(Forget Gate, Input Gate, Output Gate) that regulate the flow of information.

During the forward pass, the LSTM processes input data sequentially, updating its

internal state at each timestep based on the current input and the previous output.

The state updates are controlled by the gates, which are themselves updated based

on the input data and the recurrent connections. Based on this mechanism, the

LSTM can handle long-term dependencies by maintaining a cell state over time.

The gates of the LSTM modulate the cell state by selectively adding or removing

information, which helps the network to retain important information over long

sequences without the gradient either vanishing or exploding.

To better illustrate the structure and function of LSTM, we provide a visualization

for the LSTM unit (see Fig. 3.1), which is composed of three gates (input gate,

forget gate, output gate) and two states (hidden state and context state (also called

memory state)): (1) The input gate allows the input and previous hidden state to

alter the candidate context state and retain the crucial input information. (2)

The forget gate enables the previous context state to keep the most useful context

information by selectively forgetting the state information. (3) The output gate

can integrate the current context state to generate the current hidden state and

adjust its effect of on the rest of network. (4) The context state and hidden state

are used to store the crucial temporal information for the next encoding or output.

Formally, given an input vector xt at tth time step, the LSTM encodes xt and the

previous step’s hidden state ht−1 (note that at the first time step we use an all-

zero placeholder h0 = Z ∈ RK) into the current hidden state ht, with the internal

operations of different gates and states as below:

it = σ (W i[xt;ht−1] + bi) (3.1)

f t = σ (W f [xt;ht−1] + bf ) (3.2)

ĉt = δ (W c [xt;ht−1] + bc) (3.3)

ct = f t ⊙ ct−1 + it ⊙ ĉt (3.4)

ot = σ (W o[xt;ht−1] + bo) (3.5)
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ht = ot ⊙ δ (ct) (3.6)

where xt,ht, ĉt, ct are the input vector, hidden state vector, candidate context

state vector, and context state vector at time t respectively. it,f t,ot denote acti-

vation vectors output from the input gate, forget gate, and output gate at time t.

W i,W f ,W c,W o are weight matrices to be learned. bi, bf , bc, bo are bia vectors.

σ( · ) is the sigmoid function and δ is the tanh function. ⊙ represents the scalar

product of two vectors. In our work, the embedding size of ht, ĉt, and ct is set to

the same K. It should be noted that for convenience and clarity of presentation,

we adopt the commonly used denotations (e.g., x,h, c) in Eqs. 3.1-3.6, which are

NOT the formal definition used in other chapters.

3.2 Transformer

Transformer [108] is a widely-used paradigm in various fields of natural language

processing (NLP), computer vision (CV), speech recognition, etc [109–112]. In

this thesis, we explore a new transformer paradigm that unifies structural and

actional relation learning specifically for skeleton-based person re-ID in Chapter

6. The standard transformer leverages self-attention mechanisms to effectively

capture complex dependencies in data, making it powerful for tasks involving large

amounts of sequential data. We present the overview of a transformer paradigm in

Fig. 3.2. The process of transformer learning can be summarized as:

(1) Input Representations of Tokens : Each token in the input sequence, e.g., words

in a sentence, is converted into a numerical representation (termed as embedding),

like ht shown in Fig. 3.2. These embeddings are learnable during training to

achieve the model objective.

(2) Positional Encoding : The transformer does not inherently process data se-

quentially but parallelly, thus they require a mechanism to understand the order of

tokens. To this end, positional encodings are added to the input token embeddings

to inject context information about the position of each token in the sequence.

This helps the model to maintain awareness of the sequence order. Note that this

step is not required for some non-sequential tasks (e.g., static image classification),

and we do not show it in the paradigm for simplicity.
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(3) Self-Attention Mechanism: The self-attention mechanism allows the model to

weigh the importance of all other tokens in the sequence for each token. For each

token, the transformer calculates attention scores relative to every other token,

and determines which tokens are most relevant during processing. This is crucial

for tasks like understanding context in sentences or dependencies in data. The

computation of self-attention is often integrated into a single self-attention (SA)

head, and the transformer generally adopts multi-head attention mechanisms (e.g.,

H heads in Fig. 3.2) to concatenate features independently learned from different

SA heads.

(4) Layered Architecture: The transformer learns representations through multiple

layers of multi-head attention and feedforward neural networks. Each layer oper-

ates on the entire sequence simultaneously, enabling parallel processing and faster

computation times compared to LSTM (see Fig. 3.1). The outputs from each
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layer are sequentially passed to the next, which allows the model to build complex

representations.

(5) Output Sequence: After processing through multiple layers, the transformer

generates an output sequence that can be used for various downstream tasks like

translation, summarization, or classification. It is worth noting that each output

token is influenced by all input tokens, adjusted according to the learned attention

weights.

3.3 Multi-Level Skeleton Graphs

Human body can be generally segmented into numerous functional components

with diverse granularities (e.g., knee joint, thigh part, leg limb), each of which car-

ries different geometric or anthropometric attributes of body [7, 113, 114]. Inspired

by this fact, many works [7, 8, 61] regard body joints as the basic components, and

merge spatially nearby groups of joints to be a higher level body-component node

at the center of their positions.

As shown in Fig. 3.3, a common practice is to construct multi-level skeleton graphs

at three levels, namely joint-level, part-level, and body-level graphs for each skeleton

[7, 8]. More specifically shown in Fig. 3.4, for a skeleton with 20 body joints, we

pre-define the indices for each joint, and divide them into different parts based on

manual rules or domain knowledge. We averagely merge the positions of all joints

within a particular part to construct a new node, thereby building part-level graphs

(10 nodes) and body-level graphs (5 nodes). For joint-level graphs (20 nodes), we

keep each joint as a node to construct graphs.

Formally, the construction of multi-level skeleton graphs can be formulated as

follows: Each level graph Gm(Vm, Em) (m ∈ {0, 1, 2}) consists of nodes Vm =

{vm
1 ,v

m
2 , · · · ,vm

nm
} (vm

i ∈ RD, i ∈ {1, · · · , nm}) and edges Em = {emi,j |vm
i ,v

m
j ∈

Vm} (emi,j ∈ R). Here m denotes the index of graph level, and 0, 1, 2 respectively

indicate the original joint-level, part-level, and body-level graphs. Vm, Em denote

the set of nodes corresponding to different body components and the set of their

relations respectively, and nm is the number of nodes in the mth level graph Gm. We

use Am ∈ Rnm×nm to represent a graph’s adjacency matrix, where each element

Am
i,j is defined as the relational value between nodes i and j. Am is initialized
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Figure 3.3: Examples of three graph scales for a skeleton with 20 body joints.
We divide body into 10 and 5 parts to build part-level and body-level graphs,
and merge internal joints into graph nodes [7, 8].

based on the connections of adjacent body joints, which is learnable during model

training to capture dynamic relations and valuable skeleton patterns.

It worth noting that body partitions in the above three-level skeleton graphs are

pre-defined based on human prior knowledge and previous common practice, which

theoretically can be extended to arbitrary number of levels and diverse topological

structures [114]. The low-level skeleton representations such as joint-level graphs

contain detailed local body structure and positional information, while the high-

level skeleton representations such as body-level graphs can be viewed as to further

abstract the human body to focus on more global features of four body limbs and

torso. Therefore, the multi-level skeleton graphs essentially help models to char-

acterize coarse-to-fine (e.g., global-to-local) body and motion features to jointly

learn more discriminative person re-ID representations. In this thesis, we construct

different-level skeleton graphs in Chapters 5 and 6 to evaluate the effectiveness and

generality of Hi-MPC and TranSG methods when applied to skeleton graphs with

varying scales.
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Figure 3.4: Node indices for joint-level (20 nodes), part-level (10 nodes),
and body-level (5 nodes) graph representations of skeletons from IAS, BIWI
and KGBD datasets. The indices correspond to the following joint names:
(0) “SpineBase”, (1) “SpineMid”, (2) “Neck”, (3) “Head”, (4) “LeftShoul-
der”, (5) “LeftElbow”, (6) “LeftWrist”, (7) “LeftHand”, (8) “RightShoul-
der”, (9) “RightElbow”, (10) “RightWrist”, (11) “RightHand”, (12) “LeftHip”,
(13) “LeftKnee”, (14) “LeftAnkle”, (15) “LeftFoot”, (16) “RightHip”, (17)
“RightKnee”, (18) “RightAnkle”, (19) “RightFoot”.

3.4 Prompt Learning

Prompt learning is originally defined by [115] as “fill-in-the-blank” cloze tests for

knowledge probing, which has been widely applied to various areas including vision-

language representation learning [83, 84, 116]. The function of prompts is to provide

additional knowledge, instruction, or context for the input of models, such that they

can be prompted to give more reliable outputs for different tasks [84, 115, 117, 118].

In [83], CLIP leverages language-based prompts to generalize the pre-trained vi-

sual representations to many tasks. CoOp [116] is further devised to automatically

model task-relevant prompts with continuous representations to improve the down-

stream task performance. As far as we know, the proposed TranSG (see Chapter

6) for the first time explores graph prompts (defined as structure and trajectory

contexts) for skeleton graph reconstruction, so as to encourage capturing more key

features and graph semantics (e.g., pattern continuity) for person re-ID.



Chapter 4

Skeleton-Based Person Re-ID

with Unlabeled Skeleton Learning

4.1 Introduction

In the past few years, person re-ID via 3D skeletons has drawn growing interests

from both academia and industry [2, 23–25]. Despite the progress in this area, ex-

isting endeavors require either extracting hand-crafted features (e.g., anthropomet-

ric attributes) [2, 24, 34] or learning skeleton representations with the supervision

of labels [3, 7, 25]. These methods usually require a specific pre-modeling of 3D

skeletons (e.g., skeleton graphs [7]), and rely on massive manually-annotated data

to train or fine-tune models, which is labor-expensive and unable to learn general

pedestrian representations under the unavailability of labels. In other words, these

previous methods lack the ability to perform automatic unsupervised skeleton rep-

resentation learning with AI architectures (corresponding to the first challenge in

Sec 1.2).

To address these challenges, we present a generic Simple Masked Contrastive learn-

ing (SimMC) framework with masked prototype and intra-sequence contrastive

This chapter has been published as: Haocong Rao and Chunyan Miao, “SimMC: Sim-
ple Masked Contrastive Learning of Skeleton Representations for Unsupervised Person Re-
Identification,” In Proceedings of the 31st International Joint Conference on Artificial Intelligence
(IJCAI), 2022 [5]. DOI: 10.24963/ijcai.2022/180.

27
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Figure 4.1: Simplified process of our approach: It clusters the randomly
masked (RM) skeleton sequences, and contrasts their features with the most
typical ones to learn discriminative skeleton representations for person re-ID.
The overview of SimMC framework is provided in Fig. 4.2.

learning1. As shown in Fig. 4.1, SimMC contrasts the typical features and inher-

ent relationships of randomly-masked (RM) skeleton sequences to learn effective

skeleton representations without using any label for person re-ID. Specifically, to

fully utilize unique features within skeleton sequences, we first devise a masked

prototype contrastive learning (MPC) scheme to cluster subsequence repre-

sentations (referred as skeleton instances) randomly masked from raw sequences,

and contrast the inherent similarity between them and the most typical features

(referred as skeleton prototypes) to learn discriminative skeleton representations.

By pulling closer skeleton instances belonging to the same prototype and push-

ing apart instances of different prototypes with the instance-prototype contrastive

learning, MPC enables the model to capture discriminative skeleton features and

high-level semantics (e.g., intra-class skeleton similarity) from unlabeled skeleton

sequences for the person re-ID task. Then, motivated by the nature of motion con-

tinuity that typically endows different subsequences with strong correlations (e.g.,

motion similarity), we propose the masked intra-sequence contrastive learn-

ing (MIC) to learn the intra-sequence similarity between subsequences of the

same skeleton sequence, which encourages capturing the pattern consistency within

sequences to learn more effective representations of skeletons for person re-ID. Em-

pirical evaluations show that SimMC significantly outperforms most state-of-the-

art skeleton-based methods on four benchmark datasets, and can be exploited to

fine-tune existing skeleton representations and boost their performance with up to

28.2% mAP gains.

1Our codes are publicly available at https://github.com/Kali-Hac/SimMC.

https://github.com/Kali-Hac/SimMC
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Figure 4.2: Schematic diagram of our framework with prototype contrastive
learning and intra-sequence contrastive learning (described in Sec. 4.2.2).

Advantages. The proposed SimMC framework enjoys merits in terms of archi-

tectures, performance, and scalability. Firstly, SimMC is primarily built by multi-

layer perceptron (MLP) networks with small model complexity, which can directly

learn effective representations from raw skeleton sequences without any prior mod-

eling. Secondly, the proposed unsupervised framework outperforms most existing

self-supervised and supervised skeleton-based methods that utilize extra label in-

formation, and can also be efficiently applied to 3D skeleton data estimated from

RGB-based scenes. Lastly, our framework can serve as a generic contrastive learn-

ing paradigm to fine-tune skeleton features learned from existing models, which

benefits learning better skeleton representations for the task of person re-ID.

With this chapter, we make the following contributions:

• We present a simple masked contrastive learning (SimMC) framework that

exploits typical features and relationships of masked unlabeled skeleton se-

quences to learn discriminative representations for person re-ID.
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• We devise a novel masked prototype contrastive learning (MPC) scheme to

fully contrast most representative features and learn high-level semantics from

subsequence representations masked from skeleton sequences.

• We propose the masked intra-sequence contrastive learning (MIC) to learn

inherent similarity and pattern consistency between subsequences, so as to

encourage learning more effective representations for person re-ID.

• Empirical evaluations show that SimMC significantly outperforms most state-

of-the-art skeleton-based methods on four benchmark datasets, and can be

exploited to fine-tune existing skeleton representations and boost their per-

formance with up to 28.2% mAP gains.

4.2 The Proposed SimMC Framework

4.2.1 Problem Definition

Suppose that a 3D skeleton sequence S1:f =(S1, · · · ,Sf ) ∈ Rf×K , where St ∈ RK

is the tth skeleton with 3D coordinates of J body joints and K = J × 3. Each

skeleton sequence S1:f belongs to an identity y, where y ∈ {1, · · · , I} and I is

the number of different identities. The training set ΦT =
{
ST ,i

1:f

}N1

i=1
, probe set

ΦP =
{
SP,i

1:f

}N2

i=1
, and gallery set ΦG =

{
SG,i

1:f

}N3

i=1
contain N1, N2, and N3 skeleton

sequences of different persons in different views and scenes. Our framework aims

at learning an encoder (denoted as ψ( · )) built with neural networks to encode

ΦP and ΦG into effective skeleton representations {vP
i }

N2
i=1 and {vG

j }
N3
j=1, such that

the representation vP
i in probe set can match the representation vG

j of the same

identity in gallery set. The overview of our framework is presented in Fig. 4.2.

4.2.2 Overview of SimMC

The schematic diagram of SimMC is shown in Fig. 4.2: Firstly, in the part of

skeleton subsequence generation, we randomly mask each input skeleton sequence

to sample ith and jth subsequences. These skeleton subsequences are then encoded
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into skeleton instances v(i) and v(j) (see Sec. 4.2.3). Secondly, in the part of pro-

totype contrastive learning, we cluster corresponding instance sets V(i) and V(j)

individually to generate skeleton prototypes, and then enhance the similarity be-

tween instances of same prototype while maximizing the dissimilarity between dif-

ferent ones by minimizing the proposed masked prototype contrastive learning loss

LMPC (detailed in Sec. 4.2.3). Meanwhile, in the part of intra-sequence contrastive

learning, a Siamese architecture is exploited to learn inherent intra-sequence simi-

larity between v(i) and v(j) by minimizing the proposed intra-sequence contrastive

learning loss LMIC (detailed in Sec. 4.2.4).

4.2.3 Masked Prototype Contrastive Learning

Each person’s skeletons typically possess unique features (e.g., anthropometric at-

tributes), while their corresponding sequences could carry recognizable and highly

consistent walking patterns [37]. Naturally, we expect the model to exploit the

most representative skeleton patterns and traits within each sequence for person

re-ID. A näıve solution is to cluster skeleton sequences to learn the representative

features by direct inter-sequence contrastive learning, while it could overlook some

valuable intra-sequence representations (e.g., subsequences) that might contain key

patterns. To encourage the model to fully mine intra-sequence skeleton features

and high-level semantics (e.g., identity-related patterns) from skeleton sequences,

we propose a masked prototype contrastive learning (MPC) scheme to

jointly focus on the most typical features (skeleton prototypes) of different sub-

sequence representations (skeleton instances) randomly masked from original

sequences, and exploit the instance-prototype similarity and dissimilarity to learn

discriminative skeleton representations.

Given an input skeleton sequence S1:f = (S1, · · · ,Sf ), we exploit an MLP encoder

with one hidden layer to encode each skeleton as:

hj = ψ (Sj) = W2σ
(
W1Sj

)
, (4.1)

where ψ( · ) represents the encoder function, W1 ∈ RH×K and W2 ∈ RH×H denote

the learnable weight matrices to encode the jth skeleton Sj ∈ RK into a latent fea-

ture representation hj ∈ RH , and σ( · ) is a ReLU non-linear activation function.
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Then, to sample subsequence representations from the encoded sequence represen-

tation (h1, · · · ,hf ) of S1:f , we utilize a masking functionM to randomly produce

x masks, i.e., zero-masking positions, for each skeleton sequence of length f with:

M(f, x) = (m1, · · · ,mf ), (4.2)

where mj ∈ {0, 1} is the mask status for the jth position of a sequence and∑f
j=1mj = f −x. We apply the generated random masks to S1:f and its cor-

responding skeleton representations (h1, · · · ,hf ) (see Eq. (4.1)), which are then

integrated into a subsequence representation as (see Fig. 4.2):

v(i) =
1

f − x

f∑
j=1

m(i),jwjhj, (4.3)

where v(i) ∈ RH (i ∈ {1, · · · , q}) denotes the feature representation of ith subse-

quence sampled from S1:f using x random masks, q is the number of subsequence

sampling, m(i),j denotes the mask status of the jth position at the ith sampling, while

wj represents the importance of jth skeleton representation hj. Here each skeleton

is assumed to equally contribute to representing sequence features, i.e., wj = 1.

For clarity, we use V(i) = {v(i),j}N1
j=1 to denote all subsequence representations in

the ith subsequence sampling of the training set ΦT . Note that we sample one ran-

dom subsequence for each training sequence at each sampling. V(i) = {v(i),j}N1
j=1

are exploited as skeleton instances for the MPC scheme.

To group feature-similar skeleton instances and discover semantic clusters with

arbitrary shapes, we leverage the DBSCAN algorithm [6] to perform clustering

individually on the ith instance set V(i) corresponding to ith subsequence sampling,

as shown in Fig. 4.2, and generate clusters Vc

(i) = {vc
(i),j}

Nc
j=1, c ∈ {1, · · · , C}, where

C is the number of clusters (i.e., pseudo classes), and each cluster Vc

(i) contains

Nc instances belonging to the cth pseudo class. We averagely aggregate instance

features of the same cluster to generate the corresponding skeleton prototype as:

pc
(i) =

1

Nc

Nc∑
j=1

vc
(i),j , (4.4)

where pc
(i) ∈ RH denotes the skeleton prototype of the cth cluster Vc

(i). To jointly
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focus on the representative skeleton features in all instance sets and encourage cap-

turing high-level skeleton semantics from different prototypes, we exploit a masked

prototype contrastive (MPC) loss to enhance the similarity of each skeleton instance

to the corresponding prototype and maximize its dissimilarity to other prototypes

by:

LMPC =
1

N

q∑
i=1

Ci∑
c=1

Nc∑
j=1

− log
exp

(
vc
(i),j ·pc

(i)/τ
)

∑Ci

k=1 exp
(
vc
(i),j ·pk

(i)/τ
) , (4.5)

where N represents the number of all skeleton instances, Ci denotes the number

of skeleton prototypes generated from the ith instance set V(i), Nc is the num-

ber of instances belonging to the cth prototype pc
(i) in V(i), and τ represents the

temperature for contrastive learning. It is worth noting that the näıve prototype

contrastive learning (denoted as NPC) using original sequences is a special case of

the proposed MPC scheme when q = 1 and x = 0 (see Eqs. (4.2) and (4.3)). The

MPC scheme can be viewed as to perform finer prototype learning with different

subsequences, and allow the model to jointly attend to key skeleton patterns from

different representation subspaces of the original sequences.

4.2.4 Masked Intra-Sequence Contrastive Learning

The continuity of human motion typically results in very little variation of pos-

es/skeletons within a small temporal interval [4]. Due to this nature, subsequences

of the same skeleton sequence usually possess strong inherent correlations. For

example, they could locally share similar skeletons and partial sequences with con-

sistent walking patterns. To exploit such intra-sequence relationships and inherent

consistency (e.g., pattern invariance) within sequences to learn better skeleton

representations, we propose the masked intra-sequence contrastive learning

(MIC) below.

Given two skeleton instances (i.e., subsequence representations), v(i) and v(j),

of the same sequence, we first map them into a contrasting space RH with a

fully-connected (FC) layer Fc( · ) by: Fc

(
v(i)

)
= z(i) and Fc

(
v(j)

)
= z(j), where

z(i), z(j) ∈ RH . Inspired by [95], we leverage a Siamese architecture to contrast

one instance in the original feature space with the other one in the new contrasting

space, so as to symmetrically learn their inherent similarity. To this end, we exploit

a masked intra-sequence contrastive learning (MIC) loss to minimize the negative



34 4.3. Experiments

cosine similarity between two instances of the same sequence by:

LMIC = −α
z(i)∥∥z(i)

∥∥
2

·
v(j)∥∥v(j)

∥∥
2

− β
z(j)∥∥z(j)

∥∥
2

·
v(i)∥∥v(i)

∥∥
2

, (4.6)

where ∥ · ∥2 denotes ℓ2-norm, α and β are weights for contrastive learning of rep-

resentation pairs (z(i),v(j)) and (z(j),v(i)), respectively. Here LMIC is defined for

two subsequence representations of a skeleton sequence and the total loss is aver-

aged over all sequences. To enable more stable and better contrastive learning, we

employ a symmetrized loss with equal weights for two contrastive representation

pairs, i.e., α = β = 0.5, and adopt an alternating stop-gradient operation following

[95] when contrasting each pair, as shown in Fig. 4.2 (Note that we only visualize

one contrastive pair for conciseness).

4.2.5 Objective Function of SimMC

The proposed SimMC combines both MPC loss (see Eq. (4.5)) and MIC loss (see

Eq. (4.6)) to perform unsupervised contrastive learning of skeleton representations

with:

L = λLMIC + (1− λ)LMPC, (4.7)

where λ is the weight coefficient to trade off the importance of different contrastive

learning. For convenience, here we use LMIC to denote the total MIC loss averag-

ing over all training skeleton sequences. To facilitate training and generate more

reliable clusters, we optimize our model by alternating clustering and contrastive

representation learning. For the person re-ID task, we exploit the encoder ψ( · )

learned by our framework to encode each skeleton sequence of the probe set ΦP

into corresponding representations, {vP
i }

N2
i=1, which are matched with the represen-

tations, {vG
j }

N3
j=1, of the same identity in the gallery set ΦG based on the Euclidean

distance.
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Figure 4.3: Examples of 3D skeletons in KGBD (left of 1st row), KS20 (right
of 1st row), IAS (2nd row), BIWI (3rd row), and CASIA-B (4th row). We display
both skeleton and RGB samples for RGBD datasets (IAS, BIWI).

Table 4.1: Overview of datasets.

KS20 KGBD IAS BIWI CASIA-B
# Train IDs 20 164 11 50 124
# Train

Skeletons
35,976 188,742 88,986 205,764 706,480

# Gallery IDs 20 164 11 28 62

# Gallery
Skeletons

3,252 188,700
A: 6,978
B: 7,764

W: 4,932
S: 3,186

N: 162,080
C: 54,400
B: 53,880

# Probe IDs 20 164 11 28 62

# Probe
Skeletons

3,306 94,146
A: 6,978
B: 7,764

W: 4,932
S: 3,186

N: 162,080
C: 54,400
B: 53,880

4.3 Experiments

4.3.1 Experimental Settings

4.3.1.1 Datasets

• KS20 VisLab Multi-View Kinect Skeleton Dataset (KS20)2 [119],

which contains multi-view Kinect skeleton (KS) sequences collected from 20

walking subjects using Kinect V2, in the context of long-term person re-

identification using biometrics. Multiple walking sequences along five differ-

ent directions i.e., Left lateral (LL at 0◦), Left diagonal (LD at 30◦), Frontal

2Public Link of KS20 Dataset

https://vislab.isr.tecnico.ulisboa.pt/vislab_multiview_ks20
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(F at 90◦), Right diagonal (RD at 130◦) and Right lateral (RL at 180◦) are

collected. Altogether it has 300 skeleton sequences comprising 20 subjects (3

video sequences per person in a particular viewpoint) in the aforementioned

directions.

• Kinect Gait Biometry Dataset (KGBD)3 [24], which contains skeleton

sequences from 164 subjects extracted using a Kinect sensor. Each subject

walked at least once over a semi-circular path and the sensor followed the

movement using a spinning dish. All walks were performed indoors with

uncontrolled artificial lighting conditions.

• IAS-Lab RGBD-ID Dataset (IAS)4 [120], which is a RGB-D dataset of

people targeted to long-term people re-identification from RGB-D cameras.

It contains 11 training and 22 testing sequences RGB images, depth images,

and 3D skeletons) of 11 different people. For every subject, we recorded three

sequences, where the person rotates on himself and performs some walks. The

first (IAS training set) and the second sequences (IAS-A testing set) were

acquired with people wearing different clothes, while the third one (IAS-B

testing set) was collected in a different room, but with the same clothes as

in the first sequence. These two different testing sets allow to validate both

short-term and long-term re-identification techniques on this dataset.

• BIWI RGBD-ID Dataset (BIWI)5 [1], which contains 50 training and

56 testing sequences (RGB images, depth images, and 3D skeletons) of 50

different people. 28 people out of 50 present in the training set have been

recorded also in two testing videos each. These testing sequences have been

collected in a different day and in a different location with respect to the

training dataset, therefore most subjects are dressed differently. For every

person in the testing set, a Still sequence and a Walking sequence have been

collected. In the Still video (BIWI-Still), every person is still or slightly

moving in place, while in the Walking video (BIWI-Walking), every person

performs two walks frontally and two other walks diagonally with respect to

the Kinect. Note that our model only uses the 3D skeleton data in IAS and

BIWI for training.

3Public Link of KGBD Dataset
4Public Link of IAS Dataset Link
5Public Link of BIWI Dataset Link

https://www.researchgate.net/profile/Ricardo-Araujo-9/publication/275023745_Kinect_Gait_Biometry_Dataset_-_data_from_164_individuals_walking_in_front_of_a_X-Box_360_Kinect_Sensor/data/552ed5a20cf22d437170c269/kinect-gait-raw-dataset-Andersson-Araujo.zip
http://robotics.dei.unipd.it/reid/index.php/8-dataset/5-overview-iaslab
http://robotics.dei.unipd.it/reid/index.php/8-dataset/2-overview-biwi
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• CASIA-B6 [121], which is a large multi-view gait database containing walk-

ing sequences (RGB videos) of 124 subjects captured from 11 views (0◦, 18◦,

..., 180◦) and and 3 conditions—pedestrians wearing a bag (“Bags”), wearing

a coat (“Clothes”), and without any coat or bag (“Normal”). Three varia-

tions, namely view angle, clothing and carrying condition changes, are sepa-

rately considered. Besides the video files, this dataset also provides human

silhouettes extracted from video files. The original CASIA-B dataset does

not contain 3D skeleton data, and we follow [25] to exploit pre-trained pose

estimation models to extract 3D skeletons from RGB videos of CASIA-B, so

as to evaluate the performance of our approach on RGB-estimated skeletons.

4.3.1.2 Probe and Gallery Settings

For the BIWI and IAS datasets, as different testing sets are non-overlapped and

contain all pedestrians under different scenes, we evaluate our approach on each

testing set by setting it as the probe while the other one is adopted as the gallery.

The KGBD dataset contains different skeleton videos (i.e., long skeleton sequences)

of each pedestrian with varying numbers of walking rounds. Since no training/test-

ing splits are given, we randomly choose one skeleton video of each person to split

skeleton sequences and construct the probe set, and equally divide the remaining

videos to build the training set and gallery set. The KS20 dataset collects skele-

ton data of pedestrians from five different viewpoints, including 0◦, 30◦, 90◦, 130◦,

and 180◦. We randomly take one skeleton sequence from each view as the probe

sequence and use one half of the remaining sequences for training and the other

half as the gallery. The CASIA-B dataset contains sequences of 124 individuals

under 11 different views and 3 conditions—pedestrians wearing a bag (“Bags”),

wearing a coat (“Clothes”), and without any coat or bag (“Normal”). We follow

the person re-ID protocols in [13] (detailed in Sec. 4.3.1.3) to evaluate the proposed

skeleton-based approach on CASIA-B. Experiments with each setup are repeated

for multiple times and the average performance is reported in this work.

6Public Link of CASIA-B Dataset Link

http://www.cbsr.ia.ac.cn/english/Gait%20Databases.asp
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4.3.1.3 Evaluation Settings of CASIA-B

The 3D skeleton data in existing skeleton-based person re-ID benchmarks (KS20,

KGBD, IAS, and BIWI) are collected with Kinect [22]. To evaluate the effec-

tiveness of our approach when 3D skeleton data are directly estimated from RGB

videos rather than depth sensors such as Kinect, we use a large-scale RGB video

based dataset, CASIA-B [121], which contains walking sequences of 124 individu-

als under 11 different views and 3 conditions—pedestrians wearing a bag (“Bags”),

wearing a coat (“Clothes”), and without any coat or bag (“Normal”). We follow

the evaluation setup in [13], which is frequently used in the literature: First, we

randomly choose half of the individuals for training and use the rest for testing.

Then, to evaluate our approach under single-condition and cross-condition set-

tings, we divide the testing sequences by the three conditions (“Bags”, “Clothes”,

“Normal”) to construct gallery or probe sets. Specifically, for the single-condition

setting, both gallery and probe sets use the testing sequences with the same con-

dition (i.e., gallery and probe sets are the same), and we match each sequence of

the probe set with the most similar sequence from the gallery set that excludes the

original sequence. In the cross-condition setting, we adopt the testing sequences

under bags (“Bags”) or clothes condition (“Clothes”) as the probe set, and use the

testing sequences under normal condition (“Normal”) as the gallery set. Follow-

ing [25], we exploit pre-trained pose estimation models [122, 123] to extract 3D

skeletons from RGB videos of CASIA-B. We first extract eighteen 2D joints from

each person in videos using the OpenPose model [123]. Then, we follow the same

configuration of estimation in [25] and average the positions of “Nose”, “Reye”,

“LEye”, “Rear” and “Lear” as the position of “Head” to construct fourteen 2D

joints, which are fed into the pose estimation method [122] to estimate correspond-

ing 3D body joints. Thus, J is 14 for CASIA-B, and all joints in each skeleton are

normalized by subtracting the neck joint.

4.3.1.4 Implementation Details

Dataset Preprocessing Setups. To avoid ineffective skeleton recording, we

discard the first and last 10 skeleton frames of each original skeleton sequence. For

KS20, KGBD, BIWI, and IAS datasets, all skeleton sequences are normalized by

subtracting the spine joint position from each joint of the same skeleton so that
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the skeleton is translation invariant [124]. Then, we spilt all normalized skeleton

sequences in the training sets into multiple shorter skeleton sequences (i.e., S1:f )

with length f by a step of f
2
, which aims to obtain as many 3D skeleton sequences

as possible to train our approach. We split all skeleton sequences in the gallery

and probe sets into shorter and non-overlapping sequences with length f . Unless

explicitly specified, the skeleton sequence S1:f in our work refers to those split and

normalized sequences used in learning, rather than those original skeleton sequences

provided by datasets. We follow the data augmentation strategy used in [4, 7, 8]

to sample more sequences for different identities in the training set, and train our

approach with randomly shuffled and unlabeled skeleton sequences.

Model Parameter Setups. The dimension of each input skeleton is K = J × 3

as we concatenate all 3D coordinates of J body joints in order. The skeleton se-

quence length f on four skeleton-based datasets (IAS, KS20, BIWI, KGBD) is

set to 6 following [4] for a fair comparison with existing methods. We empiri-

cally employ x = 2 random masks for subsequence sampling, which achieves best

performance in average among different settings. As to CASIA-B, it is a large-

scale dataset with roughly estimated skeleton data from RGB frames, which is

intrinsically different from previous datasets. We adopt a longer sequence length

f = 40, and empirically set x = 10 random masks for subsequence sampling in

this dataset. The number of random subsequence sampling is q = 2 and the em-

bedding size for skeleton representations is H = 256 for all datasets. It should be

noted that we set q = 2 to generate the instance (i.e., subsequence representation)

pair for the MIC scheme, while q = 1 is equivalent to q = 2 in the MPC scheme

as the masking process is random. For DBSCAN clustering in the MPC scheme,

we empirically set maximum distance ϵ = 0.6 (KGBD, BIWI-S), ϵ = 0.8 (KS20,

IAS-A, IAS-B, BIWI-W), ϵ = 0.75 (CASIA-B), and adopt minimum amount of

samples amin = 4 for KGBD and amin = 2 for other datasets. We follow [29, 125]

to construct the commonly used Jaccard distance matrix to perform clustering,

and discard all outliers in different clustered instance sets, i.e., discard the union

of all outliers, to perform contrastive learning. We set the temperature τ to 0.06

(KGBD), 0.075 (CASIA-B), 0.07 (BIWI), 0.08 (KS20, IAS) for MPC learning.

The similarity weights α, β are equally set to 0.5 in the symmetrized MIC loss,

while the weight coefficient λ is empirically set to 0.5 (IAS-B, KGBD, CASIA-B),

0.75 (IAS-A), and 0.25 (BIWI). We employ Adam optimizer with learning rate

3.5 × 10−4 for all datasets. The batch size is set to 256 for all datasets. To avoid
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over-fitting and achieve better generalization performance, we adopt Early Stop-

ping [126] with a patience of 100 epochs (i.e., stop the training of model after no

improvement in 100 continuous epochs). Interested readers can access our source

codes at https://github.com/Kali-Hac/SimMC to get more details.

Method Comparison Setups. For all methods compared in our experiments,

we select optimal model parameters for training, and use their pre-defined skele-

ton descriptors or pre-trained skeleton representations for person re-ID. It is worth

noting that our re-implementations of some existing models get performance with

slight variations, and the results are basically the same or even better than that

presented in the original papers under different random model initializations. For

direct supervised fine-tuning (DF) of existing models, we attach an MLP network

with one hidden layer to the end of original models, and train the MLP network

on the frozen pre-trained representations with the supervision of labels. Then the

feature representations before the last fully-connected layer are extracted for per-

son re-ID. To perform unsupervised fine-tuning with SimMC, we train SimMC on

the unlabeled and frozen skeleton representations pre-trained by original models,

and exploit the skeleton representations learned by SimMC for person re-ID. Our

framework is trained with only unlabeled skeleton data without using any post-

processing technique, e.g., re-ranking [127] or multi-query fusion [49]. To perform

person re-ID, we exploit the framework to encode each original skeleton sequence

without masking (i.e., x = 0) of the probe set ΦP into corresponding representa-

tions, {vP
i }

N2
i=1, and match it with representations, {vG

j }
N3
j=1, of the same identity in

the gallery set ΦG using Euclidean distance. In ablation study, we use the concate-

nation of raw skeleton sequences (i.e., normalized 3D coordinates of body joints)

as the baseline.

4.3.1.5 Evaluation Metrics

We compute the Cumulative Matching Characteristics (CMC) curve and adopt

top-1 accuracy (i.e., Rank-1 accuracy), top-5 accuracy, and top-10 accuracy as

performance metrics. The top-1 accuracy, top-5 accuracy, and top-10 accuracy are

computed as the ratios of probe sequences matching the gallery sequences with

correct identities when the candidate gallery sequences are the top 1, top 1 to

5, and top 1 to 10 most similar sequences to the probe sequence. Mean Average

https://github.com/Kali-Hac/SimMC
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Table 4.2: Performance comparison with existing state-of-the-art skeleton-
based methods on KS20, KGBD, and IAS-A. “+ DF” denotes direct supervised
fine-tuning. Bold refers to the best cases among self-supervised/unsupervised
methods, while italics indicate achieving higher performance when exploiting
SimMC (“+ SimMC”) to fine-tune corresponding pre-trained representations.

KS20 KGBD IAS-A

Types Methods # Params GFLOPs top-1 top-5 top-10 mAP top-1 top-5 top-10 mAP top-1 top-5 top-10 mAP

Hand-crafted
D13 [1] — — 39.4 71.7 81.7 18.9 17.0 34.4 44.2 1.9 40.0 58.7 67.6 24.5

D16 [2] — — 51.7 77.1 86.9 24.0 31.2 50.9 59.8 4.0 42.7 62.9 70.7 25.2

Supervised

PoseGait [25] 8.93M 121.60 49.4 80.9 90.2 23.5 50.6 67.0 72.6 13.9 28.4 55.7 69.2 17.5

SGELA [4] + DF 9.09M 7.48 49.7 67.0 77.1 22.2 43.7 58.7 65.0 7.1 18.0 32.1 46.2 13.5

MG-SCR [7] 0.35M 6.60 46.3 75.4 84.0 10.4 44.0 58.7 64.6 6.9 36.4 59.6 69.5 14.1

SM-SGE [8] + DF 6.25M 23.92 49.8 78.1 85.2 11.7 43.2 58.6 64.6 7.5 38.5 63.2 73.9 15.0

Self-supervised

/Unsupervised

AGE [3] 7.15M 37.37 43.2 70.1 80.0 8.9 2.9 5.6 7.5 0.9 31.1 54.8 67.4 13.4

SGELA [4] 8.47M 7.47 45.0 65.0 75.1 21.2 38.1 53.5 60.0 4.5 16.7 30.2 44.0 13.2

SM-SGE [8] 5.58M 22.61 45.9 71.9 81.2 9.5 38.2 54.2 60.7 4.4 34.0 60.5 71.6 13.6

SimMC (Ours) 0.15M 0.99 66.4 80.7 87.0 22.3 54.9 66.2 70.6 11.7 44.8 65.3 72.9 18.7

Unsupervised

Fine-tuinig

SGELA + SimMC 8.80M 10.10 47.3 69.7 79.3 20.1 51.7 62.7 67.9 15.1 16.8 33.3 48.7 12.0

MG-SCR + SimMC 0.53M 7.88 71.1 83.6 89.1 22.7 47.4 59.3 64.9 11.0 47.2 69.0 77.3 22.4

SM-SGE + SimMC 5.89M 25.10 67.2 82.2 88.5 23.0 47.1 59.2 64.9 10.8 51.3 69.9 75.6 27.3

Precision (mAP) [49] is also used to quantitatively evaluate the overall performance

of our approach.

4.3.2 Comparison with State-of-the-Art Methods

We compare our framework with existing state-of-the-art self-supervised and unsu-

pervised skeleton-based methods on KS20, KGBD, IAS, and BIWI in Table 4.2 and

4.3. We also include the latest supervised skeleton-based methods and represen-

tative hand-crafted methods as a performance reference. The amount of network

parameters (million (M)) and computational complexity (giga floating-point oper-

ations (GFLOPs)) for different deep learning based methods are reported in Table

4.2.

4.3.2.1 Comparison with Self-supervised and Unsupervised Methods

Our framework shows evident advantages in terms of performance and efficiency

over existing state-of-the-art self-supervised and unsupervised methods. As re-

ported in Table 4.2 and 4.3, SimMC significantly outperforms AGE [3] and SM-

SGE [8] that manually design pretext tasks based on pre-defined skeleton mod-

eling such as skeleton graphs by a large margin of 7.4-52.0% top-1 accuracy and

2.2-13.4% mAP on all datasets. Compared with the SGELA model [4] using direct
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Table 4.3: Performance comparison on IAS-B, BIWI-W, BIWI-S. Bold refers
to the best cases among self-supervised/unsupervised methods, while italics in-
dicate achieving higher performance with the fine-tuning of SimMC.

IAS-B BIWI-W BIWI-S

Types Methods top-1 top-5 top-10 mAP top-1 top-5 top-10 mAP top-1 top-5 top-10 mAP

Hand-crafted
D13 [1] 43.7 68.6 76.7 23.7 14.2 20.6 23.7 17.2 28.3 53.1 65.9 13.1

D16 [2] 44.5 69.1 80.2 24.5 17.0 25.3 29.6 18.8 32.6 55.7 68.3 16.7

Supervised

PoseGait [25] 28.9 51.6 62.9 20.8 8.8 23.0 31.2 11.1 14.0 40.7 56.7 9.9

SGELA [4] + DF 23.6 42.9 51.9 14.8 13.9 15.3 16.7 22.9 29.2 65.2 73.8 23.5

MG-SCR [7] 32.4 56.5 69.4 12.9 10.8 20.3 29.4 11.9 20.1 46.9 64.1 7.6

SM-SGE [8] + DF 44.3 68.2 77.5 14.9 16.7 31.0 40.2 18.7 34.8 60.6 71.5 12.8

Self-supervised

/Unsupervised

AGE [3] 31.1 52.3 64.2 12.8 11.7 21.4 27.3 12.6 25.1 43.1 61.6 8.9

SGELA [4] 22.2 40.8 50.2 14.0 11.7 14.0 14.7 19.0 25.8 51.8 64.4 15.1

SM-SGE [8] 38.9 64.1 75.8 13.3 13.2 25.8 33.5 15.2 31.3 56.3 69.1 10.1

SimMC (Ours) 46.3 68.1 77.0 22.9 24.5 36.7 44.5 19.9 41.7 66.6 76.8 12.3

Unsupervised

Fine-tuinig

SGELA + SimMC 21.2 39.1 48.8 14.0 18.4 23.1 25.0 28.7 51.8 71.3 74.4 43.3

MG-SCR + SimMC 52.4 72.0 78.8 29.1 25.1 37.5 46.4 20.3 28.3 51.6 64.8 10.9

SM-SGE + SimMC 55.3 72.6 80.3 34.1 25.9 39.2 45.2 22.4 42.6 64.8 76.2 15.4

inter-sequence contrastive learning, our framework achieves remarkably better per-

formance on five out of six testing sets (KS20, KGBD, IAS-A, IAS-B, BIWI-W) by

up to 28.1% top-1 accuracy and 8.9% mAP, which demonstrates that the proposed

SimMC combining both prototype (MPC) and intra-sequence contrastive learning

(MIC) can capture more discriminative features within skeleton sequences for per-

son re-ID on different datasets. Notably, SimMC also enjoys the smallest model

size (only 0.15M) for skeleton representation learning among all approaches shown

in Table 4.2, which suggests its higher model efficiency for person re-ID tasks.

By applying the proposed framework to fine-tuning SGELA and SM-SGE models,

we can further improve their performance with an average gain of 16.9% and 8.1%

top-1 accuracy respectively on all datasets. Such results demonstrate both effec-

tiveness and scalability of proposed masked contrastive learning, which is compat-

ible with existing models and can fully exploit their pre-trained features to achieve

higher-quality skeleton representations for person re-ID.

4.3.2.2 Comparison with Hand-crafted and Supervised Methods

In contrast to hand-crafted methods (D13 and D16) that rely on geometric joint

distances and anthropometric descriptors, our approach obtains similar perfor-

mance on IAS testing sets, while it achieves a distinct improvement of 7.5-37.9%

top-1 accuracy on BIWI, KS20, and KGBD datasets that contain more views and

individuals. Despite utilizing unlabeled skeleton data as the sole input, the pro-

posed SimMC still performs better than the latest supervised models PoseGait and
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MG-SCR in most cases. Interestingly, applying SimMC to SM-SGE achieves signif-

icantly higher performance gains than direct supervised fine-tuing (DF) in terms of

top-1 accuracy (3.9-17.4%), top-5 accuracy (0.6-6.7%), top-10 accuracy (0.3-5.0%),

and mAP (3.3-19.2%) on all datasets. With highly efficient performance and strong

scalability, the proposed unsupervised SimMC can be a more general framework

for skeleton-based person re-ID and related tasks.

4.4 Further Analysis

4.4.1 Ablation Study

We conduct ablation study to demonstrate the contribution of each component in

our framework, including masked prototype contrastive learning (MPC) scheme,

and masked intra-sequence contrastive learning (MIC), and compare them with

Näıve prototype contrastive learning (NPC) using only original sequences. We

adopt 3D coordinates of raw skeleton sequences as the baseline representation for

person re-ID. As reported in Table 4.4, the model exploiting NPC significantly

outperforms the baseline by 9.8-47.8% top-1 accuracy and 2.0-11.0% mAP. Con-

sidering that NPC is a special case of the proposed MPC scheme (see Sec. 4.2.3),

such results verify the effectiveness of the skeleton prototype contrastive learning in

MPC, which can capture highly discriminative features within unlabeled skeleton

sequences for the task of person re-ID. Employing the standard MPC scheme with

randomly sampled subsequences consistently improves the model performance by

up to 3.9% top-1 accuracy and 1.2% mAP on all datasets, which demonstrates that

MPC is able to mine more representative key features from skeleton subsequences

to perform person re-ID. Finally, incorporating MIC into MPC further improves

model performance with 0.8-2.5% top-1 accuracy and 0.2%-1.2% mAP gains on

different datasets. This justifies our claim that capturing inherent intra-sequence

similarity and pattern consistency within sequences could facilitate learning better

representations of skeleton sequences for person re-ID.
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Table 4.4: Ablation study of SimMC framework with different configura-
tions: Näıve prototype contrastive learning (NPC) using only original sequences,
masked prototype contrastive learning (MPC) scheme and corresponding masked
intra-sequence contrastive learning (MIC).

IAS-A IAS-B BIWI-S BIWI-W KS20 KGBD

Configurations top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP

Baseline 29.4 13.8 30.2 13.3 24.8 9.3 10.9 14.1 17.0 9.5 34.5 6.4

NPC 39.2 17.8 40.7 21.5 38.1 11.3 21.2 18.3 64.8 20.5 53.0 11.0

MPC 43.1 18.5 43.8 22.3 40.1 11.7 23.7 19.5 65.6 21.1 53.6 11.0

MPC + MIC 44.8 18.7 46.3 22.9 41.7 12.3 24.5 19.9 66.4 22.3 54.9 11.7

Table 4.5: Comparison with appearance-based and skeleton-based methods on
CASIA-B. “Bg-Nm” represents the probe set with “Bags (Bg)” condition and
gallery set with “Normal (Nm)” condition. “—” indicates no published result.

Probe-Gallery Nm-Nm Bg-Bg Cl-Cl Cl-Nm Bg-Nm

Methods top-1 top-5 top-10mAP top-1 top-5 top-10mAP top-1 top-5 top-10mAP top-1 top-5 top-10mAP top-1 top-5 top-10mAP

LMNN [9] 3.9 22.7 36.1 — 18.3 38.6 49.2 — 17.4 35.7 45.8 — 11.6 12.6 17.8 — 23.1 37.1 44.4 —

ITML [10] 7.5 22.2 34.2 — 19.5 26.0 33.7 — 20.1 34.4 43.3 — 10.3 24.5 36.1 — 21.8 30.4 36.3 —

ELF [11] 12.3 35.6 50.3 — 5.8 25.5 37.6 — 19.9 43.9 56.7 — 5.6 16.0 26.3 — 17.1 30.0 37.9 —

SDALF [12] 4.9 27.0 41.6 — 10.2 33.5 47.2 — 16.7 42.0 56.7 — 11.6 19.4 27.6 — 22.9 30.1 36.1 —

Score-based MLR [13] 13.6 48.7 63.7 — 13.6 48.7 63.7 — 13.5 48.6 63.9 — 9.7 27.8 45.1 — 14.7 32.6 50.2 —

Feature-based MLR [13] 16.3 43.4 60.8 — 18.9 44.8 59.4 — 25.4 53.3 68.9 — 20.3 42.6 56.9 — 31.8 53.6 64.1 —

AGE [3] 20.8 29.3 34.2 3.5 37.1 56.2 67.0 9.8 35.5 54.3 65.3 9.6 14.6 33.0 42.7 3.0 32.4 51.2 60.1 3.9

SM-SGE [8] 50.2 73.5 81.9 6.6 26.6 49.0 59.4 9.3 27.2 51.4 63.2 9.7 10.6 26.3 35.9 3.0 16.6 36.8 47.5 3.5

SGELA [4] 71.8 87.5 91.4 9.8 48.1 69.5 77.7 16.5 51.2 73.8 81.5 7.1 15.9 30.8 40.6 4.7 36.4 57.1 64.6 6.7

SimMC (Ours) 84.8 92.3 93.7 10.8 69.1 86.6 91.3 16.5 68.0 88.1 93.0 15.7 25.6 43.8 54.0 5.4 42.0 59.8 68.9 7.1

4.4.2 Evaluation on RGB-Estimated Skeletons

To verify the effectiveness of SimMC when applied to RGB-based scenes with

model-estimated 3D skeletons, we utilize pre-trained pose estimation models to

extract skeleton data from RGB videos of CASIA-B, and compare the performance

of SimMC with representative appearance-based and skeleton-based methods. As

reported in Table 4.5, the proposed SimMC remarkably outperforms state-of-the-

art skeleton-based models SM-SGE and SGELA by a distinct margin of 5.6% to

42.5% top-1 accuracy and 0.4% to 8.6% mAP in different conditions, which suggests

the stronger ability of our framework on capturing discriminative features from

estimated skeleton data for person re-ID. Compared with appearance-based ELF

and MLR models that utilize visual features (e.g., colors, textures, and silhouettes)

with extra label information, the skeleton-based SimMC also achieves superior

performance in all conditions of CASIA-B, which demonstrates its great applicable

value and potential for person re-ID under large-scale RGB-based scenarios and

more general settings.
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(a) AGE (b) SM-SGE (c) SimMC (Ours)

Figure 4.4: t-SNE visualization of representations learned by AGE (a), SM-
SGE (b), and SimMC (c) for first ten classes in BIWI. Different colors denote
skeleton representations of different classes.

Table 4.6: Performance of SimMC framework on different datasets when set-
ting different weight coefficients (λ = 0.00, 0.25, 0.50, 0.75, 1.00)

KS20 KGBD IAS-A IAS-B BIWI-W BIWI-S

λ top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP

0.00 65.6 21.1 53.6 11.0 43.1 18.5 43.8 22.3 23.7 19.5 40.1 11.7

0.25 67.0 21.4 55.7 11.6 43.3 18.0 44.6 21.7 24.5 19.9 41.7 12.3

0.50 66.4 22.3 54.9 11.7 43.3 18.4 46.3 22.9 25.1 20.4 39.7 11.5

0.75 66.2 22.1 54.7 11.7 44.8 18.7 45.7 22.2 25.5 19.6 41.0 12.2

1.00 51.4 11.3 46.8 4.9 37.5 17.1 39.9 16.2 16.6 15.0 34.8 9.1

4.4.3 Feature Visualization

As shown in Fig. 4.4, we conduct a t-SNE visualization [128] of skeleton represen-

tations learned by AGE [3], SM-SGE [8], and the proposed SimMC. The skeleton

representations learned by our framework are clustered with higher inter-class sep-

aration than AGE and SM-SGE, which suggests that SimMC may learn richer

class-related semantics and lower-entropy skeleton representations.

4.4.4 Analysis of Hyperparameters

We intuitively show effects of different hyperparameters on SimMC in Fig. 4.5.

The results indicate that the use of random masks (x > 0) is the key to the

proposed masked contrastive learning, regardless of adopting unified or non-unified

mask numbers, while an appropriate fusion (λ > 0) of MIC and MPC facilitates

better skeleton representation learning for person re-ID. Our framework with the

optimal parameter setting is not sensitive to changes of some parameters such

as temperatures τ . We systematically analyze the effects of hyper-parameters as

follows.
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Figure 4.5: Top-1 accuracy on IAS-A/B showing effects of hyper-parameters.
“Non-unified Mask Number (x1 = 2)” denotes using different mask numbers
including x = 2 for subsequence sampling.

Table 4.7: Performance of SimMC framework on different datasets when set-
ting different numbers of masks (x = 0, 1, 2, 3, 4)

KS20 KGBD IAS-A IAS-B BIWI-W BIWI-S

x top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP

0 65.8 20.8 54.3 10.9 40.2 17.3 40.6 21.3 23.4 18.7 39.8 11.6

1 66.2 20.7 54.9 11.0 43.8 18.2 43.7 21.5 23.6 20.1 41.5 12.2

2 66.4 22.3 54.9 11.7 44.8 18.7 46.3 22.9 24.5 19.9 41.7 12.3

3 66.6 21.6 54.9 11.3 44.3 17.8 44.8 22.1 24.9 18.8 41.0 12.1

4 63.9 22.0 54.7 12.0 42.4 17.1 41.3 17.3 20.7 16.8 41.2 11.7

Table 4.8: Performance of SimMC framework on different datasets when
setting different minimum amounts of samples for the DBSCAN algorithm
(amin = 1, 2, 3, 4).

KS20 KGBD IAS-A IAS-B BIWI-W BIWI-S

amin top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP

1 66.3 22.4 56.4 11.4 43.0 18.7 46.6 22.5 24.7 19.8 41.6 12.0

2 66.4 22.3 55.8 11.7 44.8 18.7 46.3 22.9 24.5 19.9 41.7 12.3

3 67.4 22.3 54.7 11.9 44.4 18.3 47.9 22.9 24.6 19.9 42.2 11.6

4 65.6 21.3 54.9 11.7 44.8 19.9 47.0 23.7 25.4 20.4 42.6 12.3

Table 4.9: Performance of SimMC framework on different datasets when set-
ting different maximum distances (ϵ = 0.4, 0.6, 0.8, 1.0).

KS20 KGBD IAS-A IAS-B BIWI-W BIWI-S

ϵ top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP

0.4 65.8 22.9 52.1 9.2 44.5 20.2 47.4 25.6 17.5 16.3 39.8 11.2

0.6 67.0 22.5 54.9 11.7 43.3 19.6 46.2 23.7 23.2 18.5 41.7 12.3

0.8 66.4 22.3 48.5 5.3 44.8 18.7 46.3 22.9 24.5 19.9 40.5 12.1

1.0 66.8 21.6 44.6 5.0 42.6 18.5 43.6 22.3 20.2 17.3 24.8 7.1

4.4.4.1 Coefficient Settings for Contrastive Learning

We evaluate the performance of our framework with different weight coefficients

(λ = 0.00, 0.25, 0.50, 0.75, 1.00) for combining MPC and MIC. As shown in Table

4.6, the proposed SimMC combining MPC and MIC achieves higher performance
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Table 4.10: Performance of SimMC framework on different datasets when
setting different numbers of hidden layers for the MLP encoder.

KS20 KGBD IAS-A IAS-B BIWI-W BIWI-S

Hidden

Layers
top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP

1 66.4 22.3 54.9 11.7 44.8 18.7 46.3 22.9 24.5 19.9 41.7 12.3

2 64.8 21.4 52.2 11.0 41.6 18.8 46.2 23.0 23.2 18.9 40.4 11.6

3 64.7 21.7 48.4 9.9 40.4 18.1 42.8 22.3 22.8 19.5 38.3 12.0

4 62.7 22.0 46.2 9.3 39.8 18.9 40.9 22.7 19.5 15.6 34.2 12.6

Table 4.11: Performance of SimMC framework on different datasets when
adopting different types of predictor head (fully-connected layer (FC) or multi-
layer perceptron (MLP)).

KS20 KGBD IAS-A IAS-B BIWI-W BIWI-S

Predictor

Head
top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP

FC 66.4 22.3 54.9 11.7 44.8 18.7 46.3 22.9 24.5 19.9 41.7 12.3

MLP 66.6 21.9 55.8 11.2 44.7 19.1 48.1 24.9 24.6 20.7 42.7 11.9

than solely employing MPC (λ = 0.00) or MIC (λ = 1.00). Since skeleton sequences

of different datasets are typically captured or estimated in different conditions (e.g.,

capturing frequency), the properties of sequences and their inherent relationships

might be very different between two datasets, leading to a specific requirement of

λ for masked intra-sequence contrastive learning. It can also be inferred that the

MPC (λ = 0.00) contributes more than MIC (λ = 1.00) to the proposed SimMC, as

using only MIC (λ = 1.00) cannot achieve satisfactory performance on all datasets,

while incorporating them can maximize the performance gains. We employ λ = 0.5

for KS20, KGBD and IAS-B, λ = 0.75 for IAS-A, λ = 0.25 for BIWI-W and BIWI-

S, which achieves the best performance among different settings.

4.4.4.2 Mask Settings for Subsequence Sampling

We evaluate the performance of SimMC when setting different numbers of masks

(x = 0, 1, 2, 3, 4) for sampling random subsequences. As shown in Table 4.7, apply-

ing masked contrastive learning (x > 0) can encourage the model to learn better

skeleton representations and achieve higher performance in average than directly

performing contrastive learning with original sequences (x = 0) and MIC. How-

ever, too many masks (e.g., x > 3) could hurt the overall model performance on

all datasets. Considering that the sequence length of the original sequence is 6,

when x > 3, more than half of the skeleton sequence and corresponding pattern

information are masked and discarded in the training, which could result in a large

loss of valuable skeleton features in clustering/contrastive learning and negatively
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influence the quality of learned skeleton representations for person re-ID. In our

framework, we empirically set a relatively small value x = 2 for all datasets.

4.4.4.3 Different Settings of DBSCAN

We provide the performance results of our framework when setting different mini-

mum sample amounts (amin = 1, 2, 3, 4) and maximum distances (ϵ = 0.4, 0.6, 0.8, 1.0)

in Table 4.8 and Table 4.9, respectively. Note that we adjust a specific parame-

ter while keeping other parameters unchanged. Our framework is robust to the

change of amin, while it is more sensitive to the parameter ϵ. Too high ϵ (e.g.,

ϵ = 1.0) is shown to reduce the overall performance on five of six testing sets

(KGBD, IAS-A, IAS-B, BIWI-W, BIWI-S), while adopting relatively small ϵ (e.g.,

ϵ = 0.6), i.e., reducing the connectedness of skeleton instances in clusters and im-

proving the amount of prototypes, can facilitate person re-ID performance in most

cases. Such results suggest that performing masked contrastive learning with more

diverse skeleton prototypes could encourage mining richer discriminative features

from unlabeled skeletons of different datasets.

4.4.4.4 Different Hidden Layers and Predictor Heads

We show the performance of our framework when exploiting the MLP encoder with

different numbers of hidden layers (1, 2, 3, 4) in Table 4.10. It is observed that the

addition of hidden layers does not bring extra performance gains to our framework,

and it could even lead to an evident performance degradation. Different from [95]

that employs two hidden layers with up to 2048-d embedding size to learn large-

scale image data, our framework can learn better skeleton representations with

simpler network structure on relatively limited training data (Note that ImageNet

data used in [95] are much larger than skeleton data and require deeper neural

networks to sufficiently learn patterns). Based on this observation, we exploit the

MLP encoder with one hidden layer for masked contrastive learning. Likewise,

in the Siamese architecture of MIC, we construct a simpler predictor head with

fully-connected (FC) layer instead of MLP (see Sec. 4.5.2). As shown in Table

4.11, the predictor head using FC or MLP can achieve highly similar performance

on different datasets, while FC can enjoy lower complexity than MLP to construct

more efficient framework.
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Table 4.12: Performance of SimMC framework on different datasets when
setting different temperatures for the MPC scheme (τ = 0.06, 0.07, 0.08, 0.1, 0.5).

KS20 KGBD IAS-A IAS-B BIWI-W BIWI-S

τ top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP

0.06 67.4 21.8 54.9 11.7 44.1 18.6 46.3 21.8 25.1 20.9 41.6 11.9

0.07 66.6 22.2 55.1 12.1 44.8 18.5 47.3 22.2 24.5 19.9 41.7 12.3

0.08 66.4 22.3 55.9 12.4 44.8 18.7 46.3 22.9 24.6 19.8 41.8 10.7

0.1 65.8 21.8 55.3 11.8 44.0 18.3 47.5 23.8 24.1 19.5 41.4 11.2

0.5 67.6 21.4 55.4 12.1 43.9 18.7 48.6 25.1 24.7 19.6 42.0 11.5

Table 4.13: Performance of SimMC framework on different datasets when
setting different sequence length (f = 2, 4, 6, 8).

KS20 KGBD IAS-A IAS-B BIWI-W BIWI-S

f top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP

4 62.6 19.0 53.9 10.9 43.2 19.2 46.5 20.5 21.2 16.9 38.4 11.1

6 66.4 22.3 54.9 11.7 44.8 18.7 46.3 22.9 24.5 19.9 41.7 12.3

8 69.9 28.0 55.9 12.9 44.4 24.1 47.7 26.7 24.4 27.6 42.6 14.9

10 69.5 24.8 55.5 12.3 43.2 19.5 44.2 30.0 28.9 23.1 37.7 16.5

Table 4.14: Performance of SimMC framework on different datasets
when setting different embedding sizes for skeleton representations (H =
64, 128, 256, 512).

KS20 KGBD IAS-A IAS-B BIWI-W BIWI-S

H top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP top-1 mAP

64 65.4 20.7 51.8 11.2 44.6 18.5 46.7 22.1 15.9 15.9 42.1 12.6

128 67.0 19.8 53.6 11.4 43.7 18.8 47.3 23.2 25.0 20.4 43.0 11.3

256 66.4 22.3 54.9 11.7 44.8 18.7 46.3 22.9 24.5 19.9 41.7 12.3

512 66.2 22.1 56.0 12.1 43.5 18.8 46.5 23.1 25.0 20.6 41.6 11.8

4.4.4.5 Other Hyper-Parameters

Temperature Setting for Contrastive Learning. As shown in Table 4.12,

our framework is not sensitive to the changes of temperatures and can achieve

comparable performance in the range of 0.06 to 0.5. In practice, we empirically

select an appropriate temperature for each dataset to achieve more balanced and

better model performance.

Different Sequence Lengths. We provide the performance results of our frame-

work when using different sequence length (f = 4, 6, 8, 10) in Table 4.13. In our

work, we evaluate all compared methods under the same sequence length (f = 6).

Different Embedding Sizes. We evaluate the performance of SimMC when

using different embedding sizes (H = 64, 128, 256, 512) in Table 4.14. Too small

embedding size (H = 64) is shown to obtain lower performance in most cases, while

larger sizes (H > 256) cannot further improve the performance. This suggests

that too high-dimensional feature space might be hard to optimize and contain
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Figure 4.6: Total training losses (L = λLMIC + (1 − λ)LMPC) of masked
contrastive learning on different datasets.

more redundant information, which cannot benefit learning a compact and effective

representation.

4.4.5 Analysis of Training Process

We visualize the total training loss, MPC training loss, and MIC training losses in

Fig. 4.6, Fig. 4.7, and Fig. 4.8 respectively, which show that the training of our

framework can converge very fast in the first 50 optimization epochs. To provide

a further analysis of the learned skeleton representations, we follow the method in

[129] to estimate the mutual information between the skeleton instance features

and the ground-truth class labels, as shown in Fig. 4.9. The results show that

the training of our framework rapidly and significantly improves the mutual infor-

mation w.r.t. skeleton representations, i.e., similarity between the pseudo classes

generated by SimMC and ground-truth class labels, which demonstrates that the

proposed masked contrastive learning can encourage the model to capture class-

related semantics (e.g., inter-class differences) to learn more discriminative skeleton

representations. Besides, we evaluate the uniformity of the representation distri-

butions on the output unit hypersphere, which is one of the key properties related

to contrastive learning and can indicate the quality of learned features. We follow

[86] to compute the uniform loss in the training process. As shown in Fig. 4.10, the

training of SimMC evidently improves the feature uniformity (i.e., lower uniform

loss) on different datasets, which suggests that the proposed masked contrastive

learning could effectively mine more useful features and enhance the expressiveness

of skeleton representations to [130].
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Figure 4.7: Training losses (LMPC) of masked prototype contrastive (MPC)
learning on different datasets.
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Figure 4.8: Training losses (LMIC) of masked intra-sequence contrastive (MIC)
learning on different datasets.
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Figure 4.9: Mutual information (MI) between the clusters/pseudo classes gen-
erated by SimMC and ground-truth class labels on the training sets of different
datasets.

4.4.6 Analysis of Confusion Matrix

In Fig. 4.11, we show the confusion matrices of our framework when performing

person re-ID with the Rank-1 matching (i.e., predicting the identity of each probe

sequence using the top-1 gallery sequence that has the smallest Euclidean distance)

on all testing sets (probe sets). Note that abscissa and ordinate in Fig. 4.11 denote

the predicted and ground-truth identities, respectively. The position in the ath row

and bth column indicates that the testing samples belonging to the ath identity is

predicted as the bth identity, while the corresponding value is the proportion of such

samples to the same-class samples in the testing set. As presented in Fig. 4.11

(a)-(f), the numbers of classes with high accuracy (i.e., number of red grids on the
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Figure 4.10: Uniform loss curves on the training sets of different datasets.
Lower uniform loss indicates higher uniformity of feature distributions on the
output unit hypersphere, which could suggest the higher quality of the learned
representations (see Sec. 4.4.5).

diagonal line) in KS20, KGBD, IAS-A, IAS-B, and BIWI-Still are larger than that

in BIWI-Walking. Intuitively, the larger numbers of white and red grids diffused

around the diagonal lines, which represent the higher proportions of false matches,

on the matrix of BIWI-Walking (see Fig. 4.11 (f)) imply that our model tends

to confuse skeleton sequences of more different identities on this dataset. These

results are consistent with the performance results shown in Sec. 4.3.2.
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(a) Confusion Matrix on KS20
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(b) Confusion Matrix on KGBD
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(c) Confusion Matrix on IAS-A
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(d) Confusion Matrix on IAS-B
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(e) Confusion Matrix on BIWI-Still
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Figure 4.11: Visualization of confusion matrices on KS20 (a), KGBD (b), IAS-
A (c), IAS-B (d), BIWI-Still (e), and BIWI-Walking (f) when using the top-1
matching.
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4.5 Theoretical Hypotheses and Analyses

The proposed masked prototype contrastive learning (MPC) and masked intra-

sequence contrastive learning (MIC) can be formulated as Expectation-Maximization

(EM) solutions. In this section, we provide a theoretical EM modeling for each

component of the proposed framework to prove its effectiveness and convergence.

4.5.1 MPC Modeled as Expectation-Maximization Algo-

rithm

Preliminaries. For clarity and convenience, we adopt a more general notation

here, which is different from those used in the previous sections. Suppose that a

training set X = {xi}Ni=1 contains N skeleton sequences, where xi ∈ Rf×K , the

objective of unsupervised skeleton representation learning is to learn an embed-

ding/encoder function fθ (realized via θ-parameterized neural networks) that maps

X to V = {vi}Ni=1, where vi ∈ RH , by vi = fθ (xi) without using any label, such

that vi can effectively represent features of xi to perform person re-identification.

Formally, the goal is to find the network parameter θ that maximizes the log-

likelihood function of the observed N skeleton sequences as follows:

θ∗ = arg max
θ

L(x1, · · · ,xN ; θ)

= arg max
θ

N∏
i=1

p (xi; θ) ⇐⇒ arg max
θ

N∑
i=1

log p (xi; θ) , (1)

where L(x1, · · · ,xN ; θ) denotes the likelihood function of the observed skeleton

sequences {xi}Ni=1 w.r.t θ, and each skeleton sequence xi is hypothetically related

to a certain skeleton prototype cj ∈ RH and cj ∈ {cj}Kj=1. Under this assumption,

we can re-formulate the objective in Eq. (1) as:

θ∗ =arg max
θ

N∑
i=1

log p (xi; θ)

=arg max
θ

N∑
i=1

log
K∑
j=1

p (xi, cj; θ) , (2)
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Directly optimizing this function is intractable, thus we consider a lower-bound by

using a surrogate function as:

N∑
i=1

log
K∑
j=1

p (xi, cj; θ) =
N∑
i=1

log
K∑
j=1

Q (cj)
p (xi, cj; θ)

Q (cj)

≥
N∑
i=1

K∑
j=1

Q (cj) log
p (xi, cj; θ)

Q (cj)
, (3)

where Q (cj) represents some distribution over {cj}Kj=1 and
∑K

j=1Q (cj) = 1. We

apply Jensen’s inequality to derive the last step, where equality can be achieved

under the condition that
p(xi,cj ;θ)

Q(cj)
is a constant. To realize this equality, we have:

Q (cj) =
p (xi, cj; θ)∑K
j=1 p (xi, cj; θ)

=
p (xi, cj; θ)

p (xi; θ)
= p (cj;xi, θ) , (4)

where Q (cj) is a posterior probability related to cj,xi, and θ. When θ is fixed at

the Expectation step, the distribution of representations (xi) and corresponding

prototypes (cj) can be estimated as a result of clustering, thus we can get the

constant value of Q (cj) = p (cj;xi, θ) based on the result. We can re-write Eq.

(3) as:

N∑
i=1

K∑
j=1

(Q (cj) log p (xi, cj; θ)−Q (cj) logQ (cj)) , (5)

where the constant −
∑N

i=1

∑K
j=1Q (cj) logQ (cj) can be ignored and we need to

maximize:

N∑
i=1

K∑
j=1

Q (cj) log p (xi, cj; θ) (6)

For the Expectation (E)-step, we aim to estimate p (cj;xi, θ) (see Eq. (4)).

In our framework, we run the DBSCAN algorithm on the features vi = fθ (xi)

given by the encoder to obtain K clusters {Cj}Kj=1. We generate corresponding

skeleton prototype cj, which is the centroid of the jth cluster Cj. Then, we compute

p (cj;xi, θ) = 1 (xi ∈ Cj), where 1 (xi ∈ Cj) = 1 if xi belongs to the jth cluster

Cj (i.e., corresponding to skeleton prototype cj); otherwise 1 (xi ∈ Cj) = 0.
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Assumption 4.1. Prototype-Cluster Consistency. The global distribution of

prototypes is consistent with the distribution of cluster centroids, i.e., each cluster

explicitly corresponds to the group of instances that belong to the same prototype.

In the E-step, we adopt this commonly-used assumption [5, 88] to generate skeleton

prototypes and derive p (cj;xi, θ) = 1 (xi ∈ Cj).

In the Maximization (M)-step, we combine Eq. (4) to maximize the lower-

bound in Eq. (6) after the E-step:

N∑
i=1

K∑
j=1

Q (cj) log p (xi, cj; θ)

=
N∑
i=1

K∑
j=1

p (cj;xi, θ) log p (xi, cj; θ)

=
N∑
i=1

K∑
j=1

1 (xi ∈ Cj) log p (xi, cj; θ) (7)

Each cluster centroid cj is assumed to have a uniform prior probability p (cj; θ) = 1
K

since we are not provided any samples. We have:

p (xi, cj; θ) = p (xi; cj, θ) p (cj; θ) =
1

K
· p (xi; cj, θ) , (8)

where the distribution of samples around each prototype is assumed as an isotropic

Gaussian, leading to:

p (xi; cj, θ) =
exp

(
−(vi−cp)

2

2σ2
p

)
∑K

j=1 exp
(

−(vi−cj)
2

2σ2
j

) , (9)

where vi = fθ (xi) and cp is the prototype for the cluster Cp containing xi, i.e.,

xi ∈ Cp. We apply ℓ2-normalization to both v and c to have (v− c)2 = 2− 2v · c.

Then combining this with Eqs. (2), (3), (6), (7), (8), and (9), we can get the

maximum log-likelihood estimation with:

θ∗ = arg min
θ

N∑
i=1

− log
exp (vi · cp/τp)∑K
j=1 exp (vi · cj/τj)

⇐⇒ θ∗ = arg min
θ

K∑
k=1

Nk∑
i=1

− log
exp

(
vk
i · ck/τk

)∑K
j=1 exp

(
vk
i · cj/τj

) , (10)



Chapter 4. SimMC 57

where vk
i denotes the representation of ith sample (i.e., skeleton sequence) belonging

to the kth prototype ck, Nk is the number of samples in the kth cluster, and τ is

related to the distribution of features around different prototypes.

Assumption 4.2. Maximum Homogeneous Similarity. The homogeneous

instances, which are defined as instances within the same cluster, should share

higher inherent similarity than heterogeneous instances between different clusters.

In other words, the prototype of each cluster can represent a unique skeleton con-

cept or attribute of a certain identity, and the same cluster’s instances possess

the homogeneity of features corresponding to this prototype [131]. According to

Assumption 4.1, it can be equivalent to the objective that each instance should be

maximally similar to the corresponding prototype and be minimally similar to other

prototypes. In the M-step, we maximize the probability that each instance belongs

to its unique prototype (see Eq. (9)) based on this assumption. The equivalent

formulation of this objective in Eq. (10) after applying feature ℓ2-normalization

can be further interpreted as to maximize the dot-product based similarity be-

tween instances and their prototypes while maximizing the dissimilarity to other

prototypes.

Relations to Existing Contrastive Losses: (1) The InfoNCE loss [132] used

or re-formulated in MoCo [94] and SimCLR [91] can be interpreted as special cases

of the maximum log-likelihood estimation in Eq. (10), where the prototype cp for a

feature vi is replaced by the augmented feature v′
i generated from different views

of augmentation of the same instance (i.e., cp = v′
i) and τ is fixed as a temperature

for contrastive learning. (2) The ProtoNCE loss used in PCL [88] has a similar

form as Eq. (10), where τ is estimated with the assumption that the distribution of

feature representations around each prototype varies in different clusters. However,

PCL estimates the feature distribution under the Euclidean distance metric used

in the k-means clustering. Such estimation could be inapplicable (e.g., can not be

generalized) to models that employ different clustering algorithms (e.g., density-

based DBSCAN [6]) or/and different distance metrics (e.g., Jaccard metric), thus

failing to getting satisfactory performance in practice [5].

In our work, we adopt a generic form following InfoNCE loss, i.e., setting a global

temperature τ , for the proposed SimMC framework. By assuming a uniform feature

distribution around each instance (i.e., τ = τk = τj), we select an appropriate τ

to encourage the framework to learn representations with higher global uniformity,
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which could improve the quality of contrastive representation learning as proved

in [86, 130]. This is consistent with the results shown in Sec. 4.4.5.

In the proposed framework, we sample q subsequences of length (f − x) by ap-

plying x random masks to each input skeleton sequence. Specifically, we generate

q sets of subsequences for the whole training set by randomly sampling one sub-

sequence for each training sequence at each round of q sampling rounds, which

are encoded into corresponding skeleton instance sets by the embedding/encoder

function fθ ( · ). Then we independently perform clustering on each instance set

to obtain corresponding skeleton prototypes. The random subsequence sampling

and multiple individual clustering encourage a more stable probability estimation

of skeleton prototypes and facilitate mining more valuable intra-sequence skeleton

features and high-level semantics (e.g., class-related semantics) within skeleton se-

quences. We can formulate the proposed masked prototype contrastive (MPC) loss

based on Eq. (10) as:

LMPC =
1

N

q∑
i=1

Ki∑
k=1

Nk∑
j=1

− log
exp

(
vk
(i),j · ck(i)/τ

)
∑Ki

u=1 exp
(
vk
(i),j · cu(i)/τ

) , (11)

where N represents the number of all training instances, Ki denotes the number of

skeleton prototypes generated from the ith set of subsequence representations, Nk

is the number of skeleton instances belonging to the kth prototype ck(i) (equivalent

to pk
(i) in Sec. 4.2.3), and τ represents the global temperature for contrastive

learning. When we utilize the original sequences without sampled subsequences

for skeleton prototype learning, i.e., q = 1 and x = 0 (see Eq. (3.2) and (3.3)

in Sec. 4.2.3), the objective of Eq. (11) has exactly the same form as Eq. (10),

which is defined as näıve prototype contrastive learning (denoted as NPC) in our

work. Therefore, the proposed MPC scheme could be viewed as performing finer

prototype contrastive learning with different subsequences (i.e., NPC using original

sequences is a special case of MPC), and allows the model to jointly attend to key

skeleton patterns from different representation subspaces of the original sequences,

which facilitates learning more discriminative skeleton representations for person

re-ID, as demonstrated in our work.
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4.5.1.1 Convergence Proof

We provide the proof for the convergence of the proposed MPC under modeling

the maximum log-likelihood estimation (see Eq. (10)). Recall Eqs. (2) and (3)

and let

ℓ(θ) =
N∑
i=1

log p (xi; θ) =
N∑
i=1

log
K∑
j=1

p (xi, cj; θ)

=
N∑
i=1

log
K∑
j=1

Q (cj)
p (xi, cj; θ)

Q (cj)

≥
N∑
i=1

K∑
j=1

Q (cj) log
p (xi, cj; θ)

Q (cj)
(12)

The above inequality holds with equality when Q (cj) = p (cj;xi, θ) is a constant

(see Eq. (4)).

In the tth E-step, we have estimated the constant value Q(t) (cj) = p
(
cj;xi, θ

(t)
)
.

Then we have:

ℓ
(
θ(t)
)

=
N∑
i=1

K∑
j=1

Q(t) (cj) log
p
(
xi, cj; θ

(t)
)

Q(t) (cj)
(13)

For the tth M-step, we fix Q(t) (cj) = p
(
cj;xi, θ

(t)
)

and train model parameters θ

to maximize Eq. (13). In this way, we can always have:

ℓ
(
θ(t+1)

)
≥

N∑
i=1

K∑
j=1

Q(t) (cj) log
p
(
xi, cj; θ

(t+1)
)

Q(t) (cj)

≥
N∑
i=1

K∑
j=1

Q(t) (cj) log
p
(
xi, cj; θ

(t)
)

Q(t) (cj)
= ℓ

(
θ(t)
)

(14)

The above result that ℓ
(
θ(t)
)

monotonically increases with more iterations suggests

the convergence of the algorithm.
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4.5.2 MICModeled as Expectation-Maximization Algorithm

The proposed masked intra-sequence contrastive learning (MIC) can also be mod-

eled as an Expectation-Maximization (EM) like algorithm, which is similar to the

EM formulation in Sec. 4.5.1. Specifically, the MIC implicitly involves two sets of

variables, and solves two underlying sub-problems. The MIC loss function can be

formulated as:

L MIC(θ, η) = Ex,M
[
∥fθ(M(x))− ηx∥22

]
, (15)

where fθ( · ) is the embedding/encoder function parameterized by θ. M( · ) is a

random masking function, which could be viewed as an augmentation strategy to

produce augmented instances (i.e., subsequences) of the same skeleton sequence.

For convenience, we simplify M( · ) with x as the only input. x is the input

skeleton sequence. η denotes the set of variables related to representations of

samples, and the subscript x means using the index of sample to access a sub-

vector of η. Intuitively, ηx can be interpreted as the representation of the skeleton

sequence x. The expectation E[ · ] is over the distribution of skeleton sequences

and mask-based augmentation. The mean square error ∥ · ∥22 is equivalent to the

cosine similarity as the vectors are all ℓ2-normalized.

The objective of MIC is to minimize the mean square loss between the encoded rep-

resentations of augmented skeleton instances and the representation of the skeleton

instance. For the ease of analysis, we model MIC as an optimization problem by:

min
θ,η
L(θ, η) (16)

Analogous to the masked prototype contrastive learning (see Sec. 4.5.1.1), the

problem in formula (16) can be solved by an alternating algorithm. Formally, we

can alternate between solving these two sub-problems:

η(t) ← arg min
η
L
(
θ(t), η

)
, (17)

θ(t+1) ← arg min
θ
L
(
θ, η(t)

)
, (18)

where t is the index of alternation and ← denotes assigning.
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In the tth E-step (see Eq. (17)), the sub-problem is to minimize EM
[
∥fθ(t)(M(x))− ηx∥22

]
for each skeleton sequence x given the fixed θ(t). Recalling the nature of the mean

square error, it can be solved by:

η(t)x ← EM [fθ(t)(M(x))] , (19)

where ηx is assigned with the average representation of x over the distribution of

mask-based augmentation.

For the tth M-step (see Eq. (18)), the η(t) is naturally fixed as the gradient does not

back-propagate to η(t), which is a constant in this sub-problem. We train model

parameters θ to maximize the inherent similarity, i.e., minimizing the mean square

loss, between fθ(M(x)) and η
(t)
x to get θ(t+1).

4.5.2.1 Hypothesis for Effectiveness of Siamese Architectures

The proposed MIC can be approximated by one-step alternation between Eqs.

(17) and (18). In particular, we approximate Eq. (19) by sampling the mask-based

augmentation only once, denoted as M′, and ignoring EM [ · ]:

η(t)x ← fθ(t) (M′(x)) (20)

By inserting it into the sub-problem (see Eq. (18)) and combining Eq. (15), we

can have:

θ(t+1) ← arg min
θ

Ex,M

[
∥fθ(M(x))− fθ(t) (M′(x))∥22

]
, (21)

where θ(t) is a constant in this sub-problem, andM′ implies another random view

generated by the proposed mask-based augmentation (i.e., random subsequence

sampling). The formulation in Eq. (21) exhibits a Siamese architecture naturally

with stop-gradient applied, which leads to the hypothesis that the Siamese network

matches the proposed EM modeling and is efficient for the optimization. This

hypothesis is also theoretically and empirically proved in SimSiam [95].
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4.5.2.2 Hypothesis for Effectiveness of Fully-Connected Layer

The predictor head attached on one side of the Siamese architecture is a commonly-

adopted architecture in contrastive learning models [91, 95]. In our framework, we

adopt a fully-connected (FC) layer (denoted as Fc( · )) rather than an MLP network

as the predictor head. Here we hypothesize that Fc is beneficial for the approxi-

mation of Eq. (20). Specifically, the predictor head Fc( · ) is expected to minimize

Ev

[
∥Fc (v1)− v2∥22

]
, where v1 = fθ(M(x1)),v2 = fθ(M(x2)). Therefore, the op-

timal solution to Fc should satisfy: Fc (v1) = Ev [v2] = EM[fθ(M(x))] for any

instance of skeleton sequence x. This term is similar to the one in Eq. (19). Since

the expectation EM is ignored in the approximation of Eq. (20), the hypothesis is

that the application of Fc( · ) could fill this gap. Considering that directly comput-

ing the expectation EM is intractable and the masking function M that samples

random subsequences can be viewed as to linearly combine different skeletons of

the same sequence, EM[fθ(M(x))] is assumed to be a linear transformation of

skeleton features in the latent space, thus we exploit a linear FC layer Fc( · ) to

learn to predict the expectation, under the condition that the sampling of M is

implicitly distributed across multiple epochs. Theoretically, an MLP network is

also feasible to approximate such expectation. In practice, using the FC layer or

MLP can achieve similar performance on different datasets (see Sec. 4.4.4), and

the FC layer is adopted to enjoy smaller parameter size and lower computational

complexity.

4.6 Summary

In this chapter, we propose a simple masked contrastive learning (SimMC) frame-

work to efficiently learn representations of unlabeled skeleton sequences for un-

supervised person re-ID. A novel masked prototype contrastive learning (MPC)

scheme is devised to cluster the most typical skeleton features of subsequences

randomly masked from original sequences, so as to contrast their inherent simi-

larity to learn a discriminative skeleton representation from unlabeled skeletons.

To fully exploit inherent relationships between subsequences, we propose a masked

intra-sequence contrastive learning (MIC) to learn their similarity and pattern

consistency within the sequence for more effective skeleton representations. Our
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framework outperforms most state-of-the-art skeleton-based methods and also en-

joys high scalability and efficiency to be applied to different models and scenes.

Furthermore, we theoretically model our framework as expectation-maximization

(EM) solutions to prove its effectiveness and convergence.



Chapter 5

Skeleton-Based Person Re-ID

with Multi-Level Body Modeling

5.1 Introduction

Traditional skeleton-based methods [2, 23, 24, 34] typically extract hand-crafted

features like skeleton descriptors in terms of pre-defined anthropometric and gait

attributes of body, and recent mainstream methods [3, 8, 25] resort to deep neural

networks (DNNs) to perform skeleton representation learning. Despite the great

efforts, they usually require manually-annotated skeleton data to train or fine-tune

models, which is labor-expensive and could reduce their general applicability in

practice. Therefore, how to fully exploit unlabeled skeleton data to learn general

effective skeleton representations for person re-ID is a key challenge in this area.

Although a few works such as the proposed SimMC framework [5] (see Chapter

4) have explored unsupervised skeleton learning, they typically rely on clustering

and contrastive learning in a single feature space, where the inherent randomness

of feature initialization or clustering [88] could induce unstable feature distribu-

tion estimation and impede the skeleton representation learning (e.g., prototype

learning) (detailed in Sec. 5.2.1). Another crucial shortcoming of existing methods

is that they typically learn skeleton features from a single level (e.g., body joint

This chapter has been published as: Haocong Rao, Cyril Leung, and Chunyan Miao, “Hier-
archical Skeleton Meta-Prototype Contrastive Learning with Hard Skeleton Mining for Unsuper-
vised Person Re-Identification,” International Journal of Computer Vision (IJCV), 2023 [133].
DOI: 10.1007/s11263-023-01864-0.
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Skeleton Importance

Skeleton Clusters

Contrastive Learning

Figure 5.1: Overview of Hi-MPC approach: It hierarchically clusters skeleton
representations to infer their inherent importance, and contrasts the key clus-
tered features with the most typical ones to learn effective representations for
person re-ID.

level [3, 4]) and assume that each skeleton is equally important in representing

the patterns of a person [4, 5]. This intrinsically limits their ability to exploit key

features of more informative skeletons. For instance, there usually exist skeletons

that are either harder to be recognized as the same identity (i.e., large intra-class

variations) or easier to be misidentified among different individuals (i.e., small

inter-class variations), both of which should be given greater attention for learning

more effective skeleton representations. In summary, previous methods typically

lack the ability to automatically learn effective skeleton representations from un-

labeled skeleton data (corresponding to the first challenge in Sec. 1.2), and cannot

mine valuable hierarchical (i.e., different level) body and motion features from

skeleton data (corresponding to the second challenge in Sec. 1.2).

To solve the aforementioned challenges, we propose a generic Hierarchical skeleton

Meta-Prototype Contrastive learning (Hi-MPC) approach with a Hard Skeleton

Mining (HSM) mechanism1. As shown in Fig. 5.1, the proposed approach exploits

unlabeled hierarchical representations of key informative skeletons (i.e., with higher

importance inferred) to contrast and learn the most typical skeleton features for

person re-ID. Firstly, we construct a hierarchical representation for each skeleton

with coarse-to-fine body partitions, which enables the model to explore body struc-

tures and pattern information from different levels. Secondly, a Hierarchical skele-

ton Meta-Prototype Contrastive learning (Hi-MPC) approach is devised to cluster

and contrast the most representative skeleton features (defined as “prototypes”)

1Our codes are publicly available at https://github.com/Kali-Hac/Hi-MPC.

https://github.com/Kali-Hac/Hi-MPC
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from different-level skeleton representations (defined as “instances”). To encour-

age learning more consistent and representative skeleton prototypes, we propose to

transform original instances into multiple homogeneous meta-instances, and maxi-

mize their inherent similarity to corresponding meta-prototypes while maximizing

their dissimilarity to others, so as to capture discriminative skeleton features and

class-related semantics (e.g., intra-class similarity) from various levels of unlabeled

skeletons. Thirdly, considering that different skeletons usually possess varying in-

formative value, e.g., some skeletons are more difficult to be classified to the correct

identity (defined as “hard skeletons”) but can provide more informative clues for

model learning [39], we for the first time devise a Hard Skeleton Mining (HSM)

mechanism to adaptively infer the importance of each skeleton in learning hard

and easily-confused patterns. In this way, HSM enables our model to mine and

focus on hard skeletons in Hi-MPC to encourage more effective skeleton represen-

tation learning. Lastly, we propose to construct the novel Multi-level Skeleton

Meta-Representation (MSMR) that combines skeleton features learned from differ-

ent levels as the final representation for person re-ID. Extensive experiments on five

public benchmarks demonstrate that our approach outperforms most state-of-the-

art methods on person re-ID tasks. We further show that our method is generally

effective in multi-view and RGB-based scenarios with estimated skeletons. As a

byproduct of our approach, we also reveal the feasibility of exploiting more concise

and abstract skeleton representations to perform person re-ID.

With this chapter, we make the following contributions:

• We devise hierarchical representations of 3D skeletons and propose a novel hi-

erarchical skeleton meta-prototype contrastive learning approach with a hard

skeleton mining mechanism to learn effective representations from unlabeled

skeleton sequences for person re-ID.

• We propose the Hierarchical skeleton Meta-Prototype Contrastive learning

(Hi-MPC) that hierarchically contrasts representative features and inherent

similarity of different-level skeleton representations to learn discriminative

features and high-level semantics for person re-ID.

• We devise a Hard Skeleton Mining (HSM) mechanism to adaptively infer in-

formative importance of skeletons within each sequence to encourage learning

more effective skeleton representations from harder skeletons.
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• We empirically validate the effectiveness of each level skeleton representation

learned from the proposed approach, and combine them to construct the

novel Multi-level Skeleton Meta-Representation (MSMR) for person re-ID.

• Extensive experiments on five public benchmarks demonstrate that our ap-

proach outperforms most state-of-the-art methods on person re-ID tasks. We

further show that our method is generally effective in multi-view and RGB-

based scenarios with estimated skeletons.

5.2 The Proposed Hi-MPC Approach

The goal of our approach is to perform unsupervised person re-identification with

unlabeled 3D skeleton sequences. Formally, we denote a sequence of 3D skeletons

as S1:F = (S1, · · · ,SF ) ∈ RF×K , where Si ∈ RK is the ith skeleton with 3D

positions of J body joints and K = 3 × J . The training set ΦT =
{
ST ,i

1:F

}N1

i=1
,

probe set ΦP =
{
SP,i

1:F

}N2

i=1
, and gallery set ΦG =

{
SG,i

1:F

}N3

i=1
contain N1, N2, and

N3 skeleton sequences of different persons in varying views or occasions. Each

skeleton sequence S1:F corresponds to a unique identity y ∈ {1, · · · , I} where I

is the number of different identities. Our approach aims at learning to encode

ΦP and ΦG into effective skeleton representations {V P
i }

N2
i=1 and {V G

j }
N3
j=1 without

using any label, such that the representation V P
i in the probe set can match the

representation V G
j of the same identity in the gallery set.

The overview of our approach is presented in Fig. 5.2. Firstly, each skeleton se-

quence S1,S2, · · · ,SF is hierarchically represented at joint-level (top), component-

level (middle), and limb-level (bottom). Secondly, we perform temporal average

pooling (TAP) on the encoded skeleton representations of each level to generate

skeleton instances, and cluster them to find prototypes, which are then transformed

into meta-instances and meta-prototypes in different contrastive subspaces. Lastly,

a hard skeleton mining mechanism (illustrated in Fig. 5.3) is employed to infer in-

formative importance of skeletons within each sequence, which is integrated into

the contrastive loss LHi-MPCh to enhance the similarity of key meta-instances be-

longing to the same meta-prototype while maximizing their dissimilarity to other

meta-prototypes. The meta-instances learned from different levels are combined to
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Figure 5.2: Schematics of our approach with hierarchical skeleton representa-
tions, hierarchical skeleton meta-prototype contrastive learning, and hard skele-
ton mining mechanism (detailed in Fig. 5.3).

construct multi-level skeleton meta-representation (MSMR) for the person re-ID

task. We detail each technical component below.

5.2.1 Hierarchical Skeleton Representations

The human body can be naturally modeled with several key functional regions at

different levels (e.g., joints, limbs) [7, 113], which could hierarchically characterize

different anthropometric or kinetic features of the body. Inspired by this fact, we

spatially divide each human skeleton into various non-overlapping partitions, each

of which corresponds to a certain body part at the level of joints, body components

(e.g., hands) or limbs (e.g., upper limbs). Then we generate the position of each

body part by computing the centroid of body joints within the corresponding par-

tition. As presented in Fig. 5.2, we build hierarchical skeleton representations for

each skeleton S from three levels, namely joint-level, component-level, and limb-

level skeleton representations, which can correspondingly contain low, middle, and

high level body structures and pattern information of a skeleton. Formally, the

lth level representation Ŝ
l ∈ R3×nl (l ∈ {1, 2, 3}) consists of 3D positions of nl

body partitions, where n1 = J , n2 = 10, n3 = 5 correspond to joint-level (Ŝ
1
),

component-level (Ŝ
2
), limb-level skeleton representations (Ŝ

3
), respectively. We

denote the hierarchical representations of each input skeleton sequence S1:F as

Ŝ
1

1:F ∈ RF×3n1 , Ŝ
2

1:F ∈ RF×3n2 , and Ŝ
3

1:F ∈ RF×3n3 .
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5.2.2 Hierarchical Skeleton Meta-Prototype Contrastive Learn-

ing

As each pedestrian’s skeletons typically possess unique identity-associated features

in terms of anthropometric attributes (e.g., body part lengths) and walking pat-

terns [37], it is desirable to exploit the most typical skeleton features (“prototypes”)

from skeleton sequences (“instances”) to differentiate a given person from others.

A straightforward solution is to find the skeleton prototypes by clustering skele-

ton instances for direct prototype-instance contrastive learning in a single feature

space [5]. However, the inherent randomness of feature initialization or cluster-

ing [88] could induce unstable prototype estimation and inconsistent relational

distributions (e.g., prototype-instance relations) when representation spaces vary.

Based on the assumption that the global distribution of prototypes should be con-

sistent with the distribution of cluster centroids (referred to as “prototype-cluster

consistency”, see Assumption 5.1), we propose to construct different contrastive

subspaces that inherit from the original feature space of prototypes to enhance

contrastive learning. In particular, we perform prototype-instance contrasting in

each individual contrastive subspace, which are combined based on the prototype-

cluster consistency to encourage more robust probability estimation of prototypes

and more consistent contrastive learning. To this end, we devise the hierarchi-

cal skeleton meta-prototype contrastive learning (Hi-MPC) to homoge-

neously transform original prototypes and instances into meta-prototypes and

meta-instances at each skeleton level, and contrast their inherent similarity in

different transformed contrastive subspaces to jointly learn representative discrim-

inative skeleton features for person re-ID.

Given the lth level skeleton representations Ŝ
l

1, · · · , Ŝ
l

F of an input skeleton se-

quence, we first encode them and apply temporal average pooling (TAP) to obtain

a sequence-level skeleton representation, i.e., instance (shown in Fig. 5.2) as:

vl,(i) =
1

F

F∑
j=1

ψl
(
Ŝ

l,(i)

j

)
=

1

F

F∑
j=1

z
l,(i)
j , (5.1)

where ψl( · ) is the lth level encoder built by a multi-layer perceptron (MLP) network

with one hidden layer, z
l,(i)
j ∈ Rh1 denotes the encoded features of the lth level

representation of jth skeleton in the ith training skeleton sequence, and vl,(i) ∈
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Rh1 denotes the encoded lth level representation of ith training skeleton sequence

Ŝ
l,(i)

1:F , i ∈ {1, · · · , N1}. Here we adopt TAP to average the temporal dynamics of

all skeletons to represent the features of a sequence [5]. It is worth noting that

TAP also keeps the consistency of feature dimensions between skeleton-level and

sequence-level representations. This allows us to directly compute their inherent

similarity by dot products without extra dimension transformation (see Sec. 5.2.3).

Then, to mine the original skeleton prototypes, we exploit the encoded sequence-

level representations Vl = {vl,(1), · · · ,vl,(N1)} as skeleton instances, and leverage

the DBSCAN algorithm [6] to cluster instances of similar features and semantics.

As shown in Fig. 5.2, we generate clusters as V̂l
c = {vl

c,k}
nc
k=1, c ∈ {1, · · · , C},

where C denotes the number of different clusters, i.e., pseudo classes, and the cth

cluster V̂l
c contains nc instances. Note that we perform clustering individually on

each level of hierarchical skeleton representations to better capture different level

semantics and retain coarse-to-fine skeleton features. The instance features of the

same cluster are averaged as the corresponding skeleton prototype with:

pl
c =

1

nc

nc∑
k=1

vl
c,k , (5.2)

where pl
c ∈ Rh1 denotes the original skeleton prototype of the cth cluster V̂l

c gen-

erated from the lth level skeleton instances. Given the original prototypes and

instances, our model converts them into meta-prototypes and meta-instances with

multiple meta-transformation heads by:

(v̂l
c,k)m = Hl,m

1 vl
c,k , (5.3)

(p̂l
c)

m = Hl,m
2 pl

c , (5.4)

where (v̂l
c,k)m, (p̂l

c)
m ∈ Rh2 denote the mth meta-instance and meta-prototype

transformed from vl
c,k and pl

c. Here Hl,m
1 ,Hl,m

2 ∈ Rh2×h1 are corresponding learn-

able weight matrices of the mth transformation head. m ∈ {1, · · · ,M} and M

denotes the number of different transformation heads. Considering that both

original instances and prototypes come from the same domain, i.e., being rep-

resented in the homogeneous feature space of the same dimension [134], it is nat-

ural to employ homogeneous feature mapping for each pair of heads (defined as
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“meta-transformation heads”) with Hl,m
1 = Hl,m

2 and h = h1 = h2. The meta-

transformation heads map both instances and prototypes into the same mth new

feature space, which can be viewed as the mth subspace linearly transformed from

the original contrastive feature space, to generate homogeneous meta-instances and

meta-prototypes. It should be noted that we do NOT use heterogeneous feature

mapping (i.e., Hl,m
1 ̸= Hl,m

2 ), as it separately maps instances and prototypes into

two different feature subspaces with domain shifts [135] and degrades the model

performance (see Sec. 5.4.7.5).

To jointly focus on representative skeleton features of all meta-prototypes and

capture different-level skeleton semantics (e.g., class-related patterns) from diverse

contrastive feature subspaces, we propose the Hi-MPC loss below:

LHi-MPC =
3∑

l=1

Il∑
i=1

M∑
m=1

− log
exp

(
(v̂l,(i))m · (p̂l

+)m/τ
)

∑C
c=1 exp

(
(v̂l,(i))m · (p̂l

c)
m/τ

) , (5.5)

where Il denotes the number of instances in all clusters generated from the lth level

skeleton representations, (v̂l,(i))m denotes the mth transformed meta-instance of ith

instance belonging to its corresponding meta-prototype (p̂l
+)m, (p̂l

c)
m is the meta-

prototype of the cth cluster at the lth level, and τ is the temperature for contrastive

learning. We set τ =
√
h to scale the dot products to improve the stability of

contrastive learning [108]. Note that LHi-MPC is averaged over all meta-instances

for training. The Hi-MPC approach combining both hierarchical skeleton cluster-

ing (see Eqs. (5.1) and (5.2)) and multiple meta-transformations (see Eqs. (5.3)

and (5.4)) enables our model to perform a coarse-to-fine skeleton prototype estima-

tion and mine different-level skeleton semantics (e.g., identity-specific semantics),

and also encourages more consistent prototype learning by jointly attending to key

meta-prototypes in different representation subspaces. However, Hi-MPC only con-

siders sequence-level skeleton representations, i.e., instances with averaged skeleton

features (see Eq. (5.1)), and cannot fully exploit key skeletons with higher impor-

tance in each sequence for contrastive learning, which motivates us to propose the

hard skeleton mining mechanism below.
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Figure 5.3: Overview and computation flow of hard skeleton mining (HSM)
mechanism. The similarity between skeleton representations ẑ1, · · · , ẑF and
the meta-prototype (ŷ) predicted by the meta-instance v̂ is first queried. The
informative importance is then inferred based on the true or false matching of
the cluster label ĉ.

5.2.3 Hard Skeleton Mining Mechanism

Different skeletons within the same sequence could possess different importance (re-

ferred to as “informative importance”) in mining hard (e.g., easily-confused)

patterns of a person. In particular, similar-looking skeletons and patterns shared

among different persons (referred to as “hard negatives”), or wildly different poses

of the same person (referred to as “hard positives”), are typically harder to be

distinguished while they can provide more informative clues for models to com-

prehend the full concept of “same person” [39]. To achieve this goal, we propose

the hard skeleton mining (HSM) mechanism to encourage the model to

focus on skeleton representations with higher informative importance from hard

negatives and hard positives in Hi-MPC.

As shown in Fig. 5.3, given the skeleton sequence representation v̂ that belongs

to the ĉth cluster, we first predict its label by querying the dot product based

similarity with meta-prototypes in the mth contrastive feature subspace by:

ŷm = arg max
i

((v̂)m · (p̂i)
m) . (5.6)
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In Eq. (5.6), ŷm ∈ {1, · · · , C} is the predicted cluster label, (v̂)m and (p̂i)
m

denote the meta-instance and the ith meta-prototype generated by the mth meta-

transformation head. It is worth noting that the cluster label (denoted as ĉ) gen-

erated by DBSCAN algorithm is adopted as the ground-truth label since the real

label is not available. We use the label of the cluster centroid (i.e., meta-prototype)

that has the maximum similarity with (v̂)m as the predicted cluster label of (v̂)m

in the mth contrastive feature subspace. For convenience, in Eq. (5.6) we omit

the superscripts of levels and use Ŝ1:F , (v̂)m, and (p̂i)
m to denote the lth level rep-

resentation Ŝ
l

1:F , (v̂l)m, and (p̂l
i)
m, while ŷm corresponds to the predicted cluster

label of the meta-instance (v̂)m.

Algorithm 1 Main Algorithm of Hi-MPC with HSM

Input: Unlabeled training skeleton sequences ΦT =
{
S

T ,(i)
1:F

}N1

i=1
, initialized en-

coder function ψ( · ), initialized M meta-transformation heads Metam( · ), tem-
perature τ

Output: Encoder ψ( · ), meta-transformation head Metam( · )

1: Ŝ
1,(i)

1:F , Ŝ
2,(i)

1:F , Ŝ
3,(i)

1:F = Hier
(
S

T ,(i)
1:F

)
▷ Hierarchical skeleton representations at joint/component/limb-level

2: repeat

3: vl,(i) = TAP
(
ψ(Ŝ

l,(i)

1:F )
)

= TAP
(
z
l,(i)
1 , · · · , zl,(i)

F

)
▷ Encode hierarchical skeleton sequences into instances

4: {V̂l
c}Cc=1 = DBSCAN

(
{vl,(i)}N1

i=1

)
▷ Find clusters and discard outliers

5: pl
c = Proto

(
V̂l

c

)
▷ Generate skeleton prototypes with Eq.(5.2)

6:
(
(v̂l

c,k)m, (p̂l
c)

m
)

= Metam
(
vl
c,k,p

l
c

)
▷ Perform the mth meta-transformation with Eq.(5.3), (5.4)

7: ŷm = Pred
(
(ẑl)m

)
= Pred

(
(v̂l)m

)
▷ Predict cluster label for (v̂l)m and its skeletons with Eq.(5.6)

8: Use predicted meta-prototype (p̂ŷm)m to infer importance δ
(
(ẑl)m

)
of each

skeleton with Eq. (5.8)
9: LHi-MPCh

(
δ
(
(ẑl

j)
m
)
, (ẑl

j)
m, {(p̂l

c)
m}Cc=1, τ

)
▷ Compute importance-weighted contrastive loss with Eq.(5.9)

10: Update parameters of ψ( · ) and Metam( · ) to minimize LHi-MPCh

11: until MaxEpoch or MaxPatience

Having obtained encoded features z1, · · · , zF of F skeletons in Ŝ1:F , where zj =

ψ
(
Ŝj

)
and j ∈ {1, · · · , F} (see Eq. (5.1)), we assign the cluster label ŷm predicted

by their sequence-level representation (v̂)m to each of them. As illustrated in

Fig. 5.3, we compute the inherent similarity of each skeleton representation to the
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predicted cluster using:

δ((ẑj)
m) =

exp
(
(ẑj)

m · (p̂ŷm)m
)∑F

t=1 exp
(
(ẑt)m · (p̂ŷm)m

) . (5.7)

In Eq. (5.7), δ((ẑj)
m) ∈ (0, 1) represents the normalized similarity between the

representation of jth skeleton and the meta-prototype corresponding to the pre-

dicted ŷm cluster in the mth contrastive subspace. For clarity and consistency, we

use (ẑj)
m to represent the jth skeleton representation transformed by the mth head

corresponding to Eq. (5.3). δ((ẑj)
m) can be interpreted as the the degree of cer-

tainty that the jth skeleton within the sequence is classified to ŷm in the mth feature

subspace, while higher certainty indicates that the skeleton is easier for learning to

realize correct classification. Hence, the informative importance of each skeleton

in the same sequence can be inferred by:

δ((ẑj)
m) =

exp
(
I(ŷm, ĉ)

(
(ẑj)

m · (p̂ŷm)m
))∑F

t=1 exp
(
I(ŷm, ĉ)

(
(ẑt)m · (p̂ŷm)m

)) , (5.8)

where δ((ẑj)
m) ∈ (0, 1) represents the informative importance of the jth skeleton in

the sequence Ŝ1:F when being represented in the mth contrastive feature subspace,

and I(ŷm, ĉ) = −1 if the predicted label ŷm of (ẑj)
m is ĉ otherwise I(ŷm, ĉ) = 1.

Intuitively, when the label prediction is true, i.e., ŷm = ĉ, the hardest positive is

the skeleton with the lowest certainty δ( · ), which is more likely to contain diverse

patterns of the same person and possesses higher informative importance, thus we

have I(ŷm, ĉ) = −1 and δ( · ) ∝ 1
δ( · ) . When the model fails to predict correctly, i.e.,

ŷm ̸= ĉ, the hardest negative is the most certain skeleton being classified to the

false label, while it contains more similar information that needs to be carefully

distinguished. In this case, we have δ( · ) ∝ δ( · ), which is naturally achieved with

I(ŷm, ĉ) = 1. To facilitate coarse-to-fine pattern learning, the proposed HSM is

performed on each level of skeleton hierarchical representations.

To fully exploit skeletons within each sequence and focus on harder skeletons with

higher informative importance for Hi-MPC training, we integrate the skeleton im-

portance into contrastive learning by proposing the Hi-MPCh loss as follows:

LHi-MPCh =
3∑

l=1

Il∑
i=1

F∑
j=1

M∑
m=1

δ
(

(ẑ
l,(i)
j )m

)
Softmaxj

(
(ẑ

l,(i)
j )m · (p̂l

+)m/τ
)
, (5.9)
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where Softmaxj

(
(ẑ

l,(i)
j )m · (p̂l

+)m/τ
)

= − log
exp

(
(ẑ

l,(i)
j )m · (p̂l

+)m/τ
)

∑C
c=1 exp

(
(ẑ

l,(i)
j )m · (p̂l

c)
m/τ

) . The pro-

posed LHi-MPCh in Eq. (5.9) inherits from LHi-MPC (see Eq. (5.5)) and combines

the proposed HSM mechanism to adaptively infer the informative importance δ( · )

of F skeletons in each sequence to enhance the proposed hierarchical skeleton meta-

prototype contrastive learning. Instead of directly leveraging sequence-level skele-

ton representations vl,(i) for Hi-MPC (see Sec. 5.2.2), the proposed LHi-MPCh can

take advantage of finer-grained pattern information contained in each key skele-

ton and corresponding hierarchical representations to mine more discriminative

skeleton features for person re-ID tasks.

5.2.4 Multi-Level Skeleton Meta-Representation

To combine different-level body and motion semantics embedded in hierarchical

skeleton representations and aggregate typical skeleton features learned from dif-

ferent meta-transformed subspaces, we propose to construct multi-level skeleton

meta-representation (MSMR) as the final skeleton representation with:

V = [V 1;V 2;V 3] = [
1

M

M∑
m=1

(v̂1)m;
1

M

M∑
m=1

(v̂2)m;
1

M

M∑
m=1

(v̂3)m]. (5.10)

In Eq. (5.10), V l ∈ Rh denotes the lth level skeleton meta-representation that ag-

gregates features of skeleton meta-instances (v̂l)m learned fromM meta-transformed

subspaces, [; ; ] represents feature concatenation, and V ∈ R3h is the proposed

MSMR that combines different-level skeleton meta-representations for person re-

ID.

5.2.5 Workflow Overview of Hi-MPC

The computation flow of our approach can be summarized as: S → Ŝ (Sec. 5.2.1)

→ v (Sec. 5.2.2) → v̂ → p̂ → ŷm (Sec. 5.2.3) → δ((ẑj)
m) → LHi-MPCh . As illus-

trated in Algorithm 1, we perform hierarchical skeleton meta-prototype contrastive

learning by minimizing LHi-MPCh , so as to optimize the encoder ψ( · ) and meta-

transformation heads to learn effective skeleton representations in an unsupervised

manner. During the optimization process, clustering and contrastive learning are
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alternated to encourage better skeleton representation learning with more reliable

clusters. For the person re-ID task, we encode the probe set ΦP into MSMR,

{V P
i }

N2
i=1, and match it with corresponding representations, {V G

j }
N3
j=1, of the same

identity in the gallery set ΦG using Euclidean distance.

5.3 Experiments

5.3.1 Experimental Setups

5.3.1.1 Datasets

We validated the effectiveness of our approach on four skeleton-based person re-

ID benchmarks: Kinect Gait Biometry Dataset (KGBD) [24], BIWI RGBD-ID

Dataset (BIWI) [1], KS20 VisLab Multi-View Kinect Skeleton Dataset (KS20)

[119], IAS-Lab RGBD-ID Dataset (IAS) [120], and a large-scale RGB video based

multi-view gait dataset: CASIA-B [121]. The original CASIA-B dataset does not

contain 3D skeleton data, and we follow [25] to exploit pre-trained pose estimation

models to extract 3D skeletons from RGB videos of CASIA-B, so as to evaluate the

performance of our approach on RGB-estimated skeletons. As detailed in Table

4.1, these five datasets contain skeleton data of 164, 50, 20, 11, and 124 differ-

ent identities, respectively. The full description and visual samples of datasets are

provided in Sec. 4.3.1.1.

5.3.1.2 Probe and Gallery Settings

We follow the commonly-used settings of probe and gallery in the literature [5]: For

the BIWI and IAS datasets, as different testing sets are non-overlapped and contain

all pedestrians under different scenes, we evaluate our approach on each testing set

by setting it as the probe while the other one is adopted as the gallery. The KGBD

dataset contains different skeleton videos (i.e., long skeleton sequences) of each

pedestrian with varying numbers of walking rounds. Since no training/testing

splits are given, we randomly choose one skeleton video of each person to split

skeleton sequences and construct the probe set, and equally divide the remaining

videos to build the training set and gallery set. The KS20 dataset collects skeleton
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data of pedestrians from five different viewpoints, including 0◦, 30◦, 90◦, 130◦, and

180◦. We employ different splitting setups to evaluate the multi-view person re-ID

performance of our approach. For Random View Evaluation (RVE), one sequence

is randomly selected from each viewpoint as the probe sequence and the remaining

skeleton sequences are equally divided into gallery and training sequences. In

Cross-View Evaluation (CVE) setup, we match persons across views, i.e., matching

between two different views that are not involved in training. We set sequences

from two different viewpoints as the probe set and gallery set, respectively, while

adopting sequences from the remaining viewpoints as the training set. The CASIA-

B dataset contains sequences of 124 individuals under 11 different views and 3

conditions—pedestrians wearing a bag (“Bags”), wearing a coat (“Clothes”), and

without any coat or bag (“Normal”). We follow the person re-ID protocols in

[5, 13] (detailed in Sec. 4.3.1.3) to evaluate the proposed skeleton-based approach

on CASIA-B. Experiments with each setup are repeated for multiple times and the

average performance is reported in this work.

5.3.1.3 Implementation Details

Dataset Preprocessing Setups. To avoid ineffective skeleton recording, we

discard the first and last 10 skeleton frames of each original skeleton sequence. For

KS20, KGBD, BIWI, and IAS datasets, all skeleton sequences are normalized by

subtracting the spine joint position from each joint of the same skeleton so that

the skeleton is translation invariant [124]. Then, we spilt all normalized skeleton

sequences in the training sets into multiple shorter skeleton sequences (i.e., S1:f )

with length f by a step of f
2
, which aims to obtain as many 3D skeleton sequences

as possible to train our approach. We split all skeleton sequences in the gallery

and probe sets into shorter and non-overlapping sequences with length f . Unless

explicitly specified, the skeleton sequence S1:f in our work refers to those split and

normalized sequences used in learning, rather than those original skeleton sequences

provided by datasets. We follow the data augmentation strategy used in [4, 7, 8]

to sample more sequences for different identities in the training set, and train our

approach with randomly shuffled and unlabeled skeleton sequences.

Model Parameter Setups. As shown in Fig. 5.4, Fig. 5.5 and Fig. 5.6, the

numbers of nodes in the three level skeleton representations are J (joint-level), 10

(component-level), and 5 (limb-level). We concatenate 3D coordinates of all nodes
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Figure 5.4: Node indices for joint-level (20 joints), component-level (10 nodes),
and limb-level (5 nodes) representations of skeletons in IAS, BIWI and KGBD
datasets. We spatially group body joints to be a more abstract body component
in their central position (i.e., the average position of all body joints in a group).
The corresponding hierarchical skeleton representations are shown in the bottom
row.

at each level. The skeleton sequence length F on four skeleton-based datasets

(IAS, KS20, BIWI, KGBD) is set to 6 following [4] for a fair comparison with ex-

isting methods. As to CASIA-B, it is a large-scale dataset with roughly estimated

skeleton data from RGB frames, which is intrinsically different from the previous

datasets. We adopt a longer sequence length F = 40. The embedding size for skele-

ton representations is h = h1 = h2 = 256 for all datasets. We follow [5] to employ

the DBSCAN algorithm [6] for clustering, as it can group feature-similar skeleton

instances and discover semantic clusters with arbitrary shapes while not requiring

pre-defined cluster number. We empirically set maximum distance ϵ = 0.6 (KGBD,

BIWI-S), ϵ = 0.8 (KS20, IAS, BIWI-W), ϵ = 0.75 (CASIA-B), and adopt mini-

mum amount of samples amin = 4 for KGBD and amin = 2 for the other datasets.

We follow [29, 125] to construct the commonly used Jaccard distance matrix to

perform clustering, and discard all outliers in different clustered instance sets, i.e.,
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Figure 5.5: Node indices for joint-level (25 joints), component-level (10 nodes),
and limb-level (5 nodes) representations of skeletons in KS20 dataset.
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Figure 5.6: Node indices for joint-level (14 joints), component-level (10 nodes),
and limb-level (5 nodes) representations of skeletons in CASIA-B dataset.

discard the union of all outliers, to perform contrastive learning. We employ the

Adam optimizer with learning rate 0.00035 for all datasets. The batch size is set

to 256 for all datasets. To avoid over-fitting and achieve better generalization per-

formance, we adopt Early Stopping [126] with a patience of 50 epochs (i.e., stop

the training of model after no improvement in 50 continuous epochs). Interested

readers can access our source codes at https://github.com/Kali-Hac/Hi-MPC to

get more details.

Method Comparison Setups. For all methods compared in our experiments,

we select optimal model parameters for training, and use their pre-defined skele-

ton descriptors or pre-trained skeleton representations for person re-ID. It is worth

noting that our re-implementations of some existing models get performance with

https://github.com/Kali-Hac/Hi-MPC
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slight variations, and the results are basically the same or even better than that

presented in the original papers under different random model initializations. For

a fair comparison, we follow [4, 5] to report the average performance of all meth-

ods. For the supervised fine-tuning of existing models, we attach an MLP network

with one hidden layer to the end of original models, and train the MLP network

on the frozen pre-trained representations with the supervision of labels. Then

the feature representations before the last fully-connected layer are extracted for

person re-ID. Our approach is trained with only unlabeled skeleton data without

using any post-processing technique, e.g., re-ranking [127] or multi-query fusion

[49]. To perform person re-ID, we exploit the approach to encode hierarchical

representations of each original skeleton sequence of the probe set ΦP into corre-

sponding multi-level skeleton meta-representation (MSMR), {V P
i }

N2
i=1, and match

it with representations, {V G
j }

N3
j=1, of the same identity in the gallery set ΦG using

Euclidean distance. In the ablation study, we use the concatenation of raw skeleton

sequences (i.e., normalized 3D coordinates of body joints) as the baseline.

5.3.1.4 Evaluation Metrics

We compute the Cumulative Matching Characteristics (CMC) curve and adopt

Rank-1 accuracy (R1), Rank-5 accuracy (R5), and Rank-10 accuracy (R10) as per-

formance metrics [5]. R1, R5, and R10 are computed as the ratios of probe sequences

matching the gallery sequences with correct identities when the candidate gallery

sequences are the top 1, top 1 to 5, and top 1 to 10 most similar sequences to the

probe sequence. Mean Average Precision (mAP) [49] is also used to quantitatively

evaluate the overall performance of our approach.

5.3.2 Empirical Evaluation

We compare our approach with state-of-the-art self-supervised and unsupervised

skeleton-based person re-ID methods on BIWI, IAS, KGBD, and KS20 datasets,

as shown in Tables 5.1 and 5.2. The latest supervised skeleton-based person re-ID

methods [7, 25] and representative hand-crafted person re-ID methods [1, 2] are

also included to provide a comprehensive comparison.
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Table 5.1: Performance comparison with state-of-the-art skeleton-based meth-
ods on BIWI-S, BIWI-W, and IAS-A. ‡ indicates employing supervised fine-
tuning and Bold denotes the best cases among self-supervised/unsupervised
methods.

BIWI-S BIWI-W IAS-A

Types Methods R1 R5 R10 mAP R1 R5 R10 mAP R1 R5 R10 mAP

Hand-crafted
D13 [1] 28.3 53.1 65.9 13.1 14.2 20.6 23.7 17.2 40.0 58.7 67.6 24.5

D16 [2] 32.6 55.7 68.3 16.7 17.0 25.3 29.6 18.8 42.7 62.9 70.7 25.2

Supervised

PoseGait [25] 14.0 40.7 56.7 9.9 8.8 23.0 31.2 11.1 28.4 55.7 69.2 17.5
‡SGELA [4] 29.2 65.2 73.8 23.5 13.9 15.3 16.7 22.9 18.0 32.1 46.2 13.5

MG-SCR [7] 20.1 46.9 64.1 7.6 10.8 20.3 29.4 11.9 36.4 59.6 69.5 14.1
‡SM-SGE [8] 34.8 60.6 71.5 12.8 16.7 31.0 40.2 18.7 38.5 63.2 73.9 15.0

Self-supervised

/Unsupervised

AGE [3] 25.1 43.1 61.6 8.9 11.7 21.4 27.3 12.6 31.1 54.8 67.4 13.4

SGELA [4] 25.8 51.8 64.4 15.1 11.7 14.0 14.7 19.0 16.7 30.2 44.0 13.2

SM-SGE [8] 31.3 56.3 69.1 10.1 13.2 25.8 33.5 15.2 34.0 60.5 71.6 13.6

SimMC [5] 41.7 66.6 76.8 12.3 24.5 36.7 44.5 19.9 44.8 65.3 72.9 18.7

Hi-MPCh (Ours) 47.5 70.3 78.6 17.4 27.3 40.3 48.8 22.6 45.6 67.3 75.4 23.2

Table 5.2: Performance comparison with state-of-the-art skeleton-based meth-
ods on IAS-B, KGBD,, and KS20. ‡ indicates employing supervised fine-tuning
and Bold denotes the best cases among self-supervised/unsupervised methods.

IAS-B KGBD KS20

Types Methods R1 R5 R10 mAP R1 R5 R10 mAP R1 R5 R10 mAP

Hand-crafted
D13 [1] 43.7 68.6 76.7 23.7 17.0 34.4 44.2 1.9 39.4 71.7 81.7 18.9

D16 [2] 44.5 69.1 80.2 24.5 31.2 50.9 59.8 4.0 51.7 77.1 86.9 24.0

Supervised

PoseGait [25] 28.9 51.6 62.9 20.8 50.6 67.0 72.6 13.9 49.4 80.9 90.2 23.5
‡SGELA [4] 23.6 42.9 51.9 14.8 43.7 58.7 65.0 7.1 49.7 67.0 77.1 22.2

MG-SCR [7] 32.4 56.5 69.4 12.9 44.0 58.7 64.6 6.9 46.3 75.4 84.0 10.4
‡SM-SGE [8] 44.3 68.2 77.5 14.9 43.2 58.6 64.6 7.5 49.8 78.1 85.2 11.7

Self-supervised

/Unsupervised

AGE [3] 31.1 52.3 64.2 12.8 2.9 5.6 7.5 0.9 43.2 70.1 80.0 8.9

SGELA [4] 22.2 40.8 50.2 14.0 38.1 53.5 60.0 4.5 45.0 65.0 75.1 21.2

SM-SGE [8] 38.9 64.1 75.8 13.3 38.2 54.2 60.7 4.4 45.9 71.9 81.2 9.5

SimMC [5] 46.3 68.1 77.0 22.9 54.9 66.2 70.6 11.7 66.4 80.7 87.0 22.3

Hi-MPCh (Ours) 48.2 70.2 77.8 25.3 56.9 70.2 75.1 10.2 69.6 83.5 87.1 22.0

5.3.2.1 Comparison with Self-Supervised and Unsupervised State-of-

the-Art Methods

The proposed approach shows significant performance improvements over existing

self-supervised and unsupervised methods on different datasets. Compared with

AGE [3] and SGELA [4] that learn skeleton features from only joint-level represen-

tations, our approach achieves higher person re-ID performance on all datasets with

an improvement of 14.5-54.0% for Rank-1 accuracy, 12.5-64.6% for Rank-5 accu-

racy, 7.1-67.6% for Rank-10 accuracy, and 0.8-13.1% for mAP. These improvements

indicate that the proposed approach can capture more discriminative features from

multiple skeleton levels for person re-ID. By mining key skeletons and exploiting

more informative patterns of different levels with the proposed HSM mechanism,

our approach significantly outperforms the SM-SGE framework [8] that directly
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Table 5.3: Cross-view person re-ID performance comparison with state-of-
the-art self-supervised and unsupervised methods with CVE setup of KS20.
0◦, 30◦, 90◦, 130◦, and 180◦ denote different views of probe or gallery sets.

Gallery Views 0◦ 30◦ 90◦ 130◦ 180◦

Probe Views R1 R5 R10 mAP R1 R5 R10 mAP R1 R5 R10 mAP R1 R5 R10 mAP R1 R5 R10 mAP

0◦

AGE [3] 46.7 74.2 83.5 22.5 11.0 35.7 47.5 10.0 8.1 29.9 47.5 9.2 7.5 26.7 43.5 8.4 7.0 23.0 37.4 8.2

SGELA [4] 76.2 89.6 92.8 37.1 15.1 27.3 35.1 19.9 10.1 27.5 40.9 18.2 10.7 21.5 29.3 18.0 15.4 25.8 38.0 12.6

SM-SGE [8] 58.4 84.7 92.2 27.7 17.2 50.0 63.3 10.8 7.2 21.9 39.1 10.5 4.4 19.4 34.7 9.3 10.0 23.8 33.1 9.4

SimMC [5] 84.4 97.3 99.2 61.2 37.9 59.4 67.6 24.8 28.9 50.8 62.9 27.1 23.3 43.0 52.9 20.3 15.2 29.3 45.7 14.5

Hi-MPCh (Ours) 92.2 98.4 99.6 66.9 35.6 61.7 72.7 27.3 36.7 58.6 73.1 25.9 24.6 41.8 53.5 16.4 17.2 30.1 43.8 13.2

30◦

AGE 10.1 42.8 57.8 8.8 52.3 82.7 91.5 25.0 15.0 35.6 58.5 8.8 10.1 24.2 41.8 8.1 7.8 24.2 34.3 8.3

SGELA 13.1 19.6 22.6 19.4 70.9 88.2 91.8 40.5 11.8 24.5 36.3 16.5 6.9 22.6 31.7 15.4 9.2 15.4 22.9 13.9

SM-SGE 18.1 48.4 65.0 11.5 60.2 82.0 89.8 28.2 12.5 27.2 35.3 10.7 7.5 23.4 33.8 10.6 8.8 27.2 39.1 10.5

SimMC 30.8 66.2 74.6 20.7 91.8 97.4 98.2 67.8 36.8 55.1 67.6 29.9 16.4 30.5 40.2 20.4 16.2 36.7 56.6 12.7

Hi-MPCh (Ours) 33.2 66.4 75.8 24.4 93.8 97.7 98.8 66.5 37.5 62.1 71.5 25.1 19.5 34.8 50.0 17.8 16.8 37.5 47.7 14.3

90◦

AGE 7.5 27.3 43.2 8.7 9.0 28.5 44.1 9.3 57.4 81.4 90.7 19.2 13.8 41.1 57.1 9.0 7.8 30.0 46.0 8.3

SGELA 9.6 19.8 29.7 16.4 10.8 15.6 20.4 17.5 48.4 75.7 86.5 31.6 17.1 35.7 43.0 22.0 13.5 23.4 31.8 21.3

SM-SGE 19.1 33.1 48.1 12.4 23.1 40.6 57.4 11.5 72.2 89.1 92.8 24.9 20.9 48.4 69.4 12.8 19.4 36.9 51.6 11.3

SimMC 26.2 44.9 50.8 11.9 41.4 64.1 75.4 27.3 96.7 100 100 73.1 60.9 81.6 88.7 45.0 25.8 48.4 64.5 15.4

Hi-MPCh (Ours) 26.2 47.7 62.1 23.0 50.8 71.5 83.2 34.0 97.3 100 100 73.9 61.7 80.5 84.8 42.2 33.2 65.2 80.1 23.1

130◦

AGE 6.7 21.3 34.7 8.2 7.9 23.4 38.9 8.9 15.2 35.9 54.4 9.2 45.3 70.5 82.1 18.7 11.3 37.1 50.2 8.9

SGELA 5.8 18.8 28.0 14.2 11.6 15.5 20.7 16.8 17.6 47.1 53.2 24.5 59.6 81.5 89.1 36.8 17.0 29.8 32.5 23.0

SM-SGE 8.4 24.4 37.8 10.4 12.9 26.6 36.3 10.9 24.1 53.4 66.3 12.9 64.4 85.9 95.0 25.5 17.8 40.9 59.1 12.1

SimMC 18.0 32.4 48.8 14.2 24.2 44.9 59.4 15.7 60.2 78.1 86.7 45.2 92.5 98.8 99.2 71.5 30.1 55.1 66.8 18.8

Hi-MPCh (Ours) 19.9 39.1 55.1 20.3 20.7 50.8 68.4 21.9 62.1 80.5 87.5 45.8 93.4 99.2 99.2 72.8 36.3 61.3 75.8 26.3

180◦

AGE 7.9 17.7 32.6 8.1 5.2 22.4 33.4 8.3 10.5 25.6 34.0 8.2 11.6 33.1 52.9 8.8 47.1 72.4 82.6 22.6

SGELA 14.0 29.1 39.2 21.3 11.9 20.6 25.9 17.3 18.6 37.8 49.7 19.4 22.7 45.9 55.2 20.7 74.5 92.7 95.1 38.3

SM-SGE 5.6 20.0 30.6 8.5 6.6 22.7 31.6 8.6 13.8 34.1 45.6 9.4 10.3 37.5 56.6 10.4 51.9 79.7 87.8 25.6

SimMC 19.1 39.5 48.8 15.3 14.1 28.1 40.6 14.0 25.8 44.1 53.5 29.8 36.9 61.3 74.6 32.0 91.0 97.7 98.4 59.5

Hi-MPCh (Ours) 16.8 34.4 47.6 15.6 14.8 30.9 44.5 14.8 30.9 55.5 68.0 25.8 37.1 62.5 79.3 29.5 93.0 97.3 98.8 58.0

combines four-scale skeletons by 9.3-23.7% for Rank-1 accuracy and 5.8-12.5% for

mAP on different datasets. Note that we follow [4, 5] to report the average per-

formance of all methods for a fair comparison while there exist slight performance

variations in practice. In this context, the proposed approach is still superior to the

latest skeleton contrastive learning framework SimMC [5] in most cases, as shown

in Tables 5.1 and 5.2. Although SimMC obtains slightly higher mAP on KS20 and

KGBD, our approach can achieve better overall performance in terms of Rank-

1, Rank-5, Rank-10, and mAP on the datasets that contain frequent changes of

appearances or scenes (BIWI-S, BIWI-W, IAS-A, IAS-B). Considering that these

changes could induce more random perturbations or noises in the collection of

skeletons, the results suggest that our approach is more robust than SimMC for

learning effective skeleton representations under different conditions. Moreover,

our approach is more efficient than most skeleton-based person re-ID methods in

terms of the model size and computational complexity (see Sec. 5.4.6).

Our approach is also evaluated on the cross-view person re-ID scenarios (i.e., CVE

setup) of KS20. As presented in Table 5.3, the proposed Hi-MPCh outperforms

state-of-the-art self-supervised and unsupervised counterparts by an average mar-

gin of 6.4 to 44.4% for Rank-1 accuracy and 3.0 to 48.7% for mAP on all views,
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Table 5.4: Ablation study with different configurations: Direct prototype con-
trastive learning (DPC), meta-prototype contrastive learning (MPC), and hard
skeleton mining mechanism (HSM). “Hi” denotes adopting hierarchical skeleton
representations and exploiting the proposed MSMR for person re-ID. “+” indi-
cates using the corresponding component.

ID Configurations
BIWI-S BIWI-W IAS-A IAS-B KGBD KS20

R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP

1 Baseline 24.8 9.3 10.9 14.1 29.4 13.8 30.2 13.3 20.5 4.4 17.0 9.5

2 + DPC 38.3 10.7 19.9 19.7 35.4 16.3 35.4 16.6 53.7 8.5 63.3 17.6

3 + MPC 39.8 13.1 22.4 19.3 38.4 17.0 37.3 14.4 53.2 8.1 63.9 18.5

4 + Hi + MPC 40.4 12.8 24.2 21.1 42.2 19.4 38.2 18.9 55.3 8.7 66.4 18.6

5 + MPC + HSM 44.9 14.2 23.7 21.0 40.0 17.8 42.8 23.1 55.8 9.5 66.2 19.0

6 + Hi + MPC + HSM 47.5 17.4 27.3 22.6 45.6 23.2 48.2 25.3 56.9 10.2 69.6 22.0

and also surpasses the latest SimMC framework [5] in most probe-gallery matching

views. This suggests that our model is more effective on learning generalized (i.e.,

view-independent) skeleton representations with higher robustness to viewpoint

changes for cross-view person re-ID.

5.3.2.2 Comparison with Hand-Crafted and Supervised State-of-the-

Art Methods

The results in Tables 5.1 and 5.2 show that our model achieves better person re-

ID performance than the representative hand-crafted methods D13 [1] and D16 [2]

that utilize numerous anthropometric skeleton descriptors by 3.7-39.9% for Rank-1

accuracy and 0.7-8.3% for mAP on four of the six testing sets (BIWI-S, BIWI-W,

IAS-B, KGBD). Although they achieve competitive mAP on datasets with frequent

appearance and viewpoint changes (IAS-A, KS20), our approach can obtain higher

overall performance in terms of Rank-1 accuracy (2.9-30.2%), Rank-5 accuracy (4.4-

11.8%), and Rank-10 accuracy (0.2-7.8%). Notably, the proposed unsupervised

approach markedly outperforms supervised state-of-the-art models PoseGait [25]

and MG-SCR [7] on almost all datasets. Interestingly, with extra labels to fine-

tune SGELA [4] and SM-SGE [8], those methods still perform poorly on many

datasets. In contrast, our approach achieves better and more stable performance on

all datasets without using any skeletal annotation. This shows that Hi-MPCh has

good generality with greater potential for use in practical person re-ID scenarios.
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5.4 Further Analysis

5.4.1 Ablation Study

We conduct ablation study to demonstrate the contribution of each component in

our approach. The raw skeleton sequences, i.e., concatenation of 3D coordinates of

body joints, are adopted as the baseline for comparison. As reported in Table 5.4,

employing direct skeleton prototype contrastive (DPC) learning (ID = 2) signifi-

cantly improves the person re-ID performance of the baseline especially on more

challenging datasets such as KGBD (up to 33.2% for Rank-1 accuracy) and KS20

(up to 46.3% for Rank-1 accuracy). This suggests that prototypes are indeed more

representative skeleton features than raw 3D skeletons and DPC plays a crucial

role in exploiting such discriminative features from different individuals. The pro-

posed meta-prototype contrastive (MPC) learning (ID = 3) performs better than

DPC (ID = 2) in almost all cases when applied to joint-level skeleton represen-

tations. Combining hierarchical skeleton representations for multi-level clustering

and meta-prototype contrastive learning (ID = 4) achieves better performance than

joint-level DPC (ID = 2) by up to 6.8% for Rank-1 accuracy and 3.1% for mAP on

different datasets. Such results verify the effectiveness of the proposed Hi-MPC,

as it can capture richer body and motion patterns via exploiting the most typical

skeleton features from various levels. The effects of different level skeleton repre-

sentations will be also discussed in Sec. 5.4.3. The proposed approach (Hi-MPCh)

employing the hard skeleton mining (HSM) mechanism (ID = 6) achieves consis-

tent performance improvement of 1.6-10.0% for Rank-1 accuracy and 1.2-6.4% for

mAP compared with näıve Hi-MPC (ID = 4) on all datasets. Adding HSM (ID

= 5) also improves the performance of MPC (ID = 3), which suggests the general

validity of HSM for both single-level and hierarchical skeleton contrastive learning.

These results further suggest that HSM can facilitate mining key skeletons to learn

highly informative and valuable skeletal patterns during skeleton meta-prototype

contrastive learning for person re-ID. Further visualization and analysis of the HSM

mechanism are provided in Sec. 5.4.8.
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Table 5.5: Performance comparison with appearance-based and skeleton-
based methods on CASIA-B. “Clothes-Normal” represents the probe set un-
der “Clothes” condition and gallery set under “Normal” condition. ♣ refers
to appearance-based methods and ‡ represents requiring label information for
training. “—” indicates no published result.

Probe-Gallery Normal-Normal Bags-Bags Clothes-Clothes Clothes-Normal Bags-Normal

Methods R1 R5 R10 mAP R1 R5 R10 mAP R1 R5 R10 mAP R1 R5 R10 mAP R1 R5 R10 mAP
‡LMNN♣ [9] 3.9 22.7 36.1 — 18.3 38.6 49.2 — 17.4 35.7 45.8 — 11.6 12.6 17.8 — 23.1 37.1 44.4 —
‡ITML♣ [10] 7.5 22.2 34.2 — 19.5 26.0 33.7 — 20.1 34.4 43.3 — 10.3 24.5 36.1 — 21.8 30.4 36.3 —
‡ELF♣ [11] 12.3 35.6 50.3 — 5.8 25.5 37.6 — 19.9 43.9 56.7 — 5.6 16.0 26.3 — 17.1 30.0 37.9 —

SDALF♣ [12] 4.9 27.0 41.6 — 10.2 33.5 47.2 — 16.7 42.0 56.7 — 11.6 19.4 27.6 — 22.9 30.1 36.1 —
‡Score-based MLR♣ [13] 13.6 48.7 63.7 — 13.6 48.7 63.7 — 13.5 48.6 63.9 — 9.7 27.8 45.1 — 14.7 32.6 50.2 —
‡Feature-based MLR♣ [13] 16.3 43.4 60.8 — 18.9 44.8 59.4 — 25.4 53.3 68.9 — 20.3 42.6 56.9 — 31.8 53.6 64.1 —

AGE [3] 20.8 29.3 34.2 3.5 37.1 56.2 67.0 9.8 35.5 54.3 65.3 9.6 14.6 33.0 42.7 3.0 32.4 51.2 60.1 3.9

SM-SGE [8] 50.2 73.5 81.9 6.6 26.6 49.0 59.4 9.3 27.2 51.4 63.2 9.7 10.6 26.3 35.9 3.0 16.6 36.8 47.5 3.5

SGELA [4] 71.8 87.5 91.4 9.8 48.1 69.5 77.7 16.5 51.2 73.8 81.5 7.1 15.9 30.8 40.6 4.7 36.4 57.1 64.6 6.7

SimMC [5] 80.8 92.3 93.7 10.8 69.1 86.6 91.3 16.5 68.0 88.1 93.0 15.7 25.6 43.8 54.0 5.4 42.0 59.8 68.9 7.1

Hi-MPCh (Ours) 85.5 94.9 95.8 11.2 71.2 87.5 92.1 17.0 70.2 88.5 92.6 14.1 27.2 45.0 54.9 4.9 50.1 65.5 72.1 7.5

5.4.2 Evaluation on Model-Estimated Skeletons

In this section, we verify the generality of our skeleton-based approach under the

large-scale RGB scenarios (CASIA-B). We leverage pre-trained pose estimation

models [122, 123] to extract 3D skeleton data from RGB videos of CASIA-B, and

evaluate the performance of our approach with the estimated skeleton data. As

shown in Table 5.5, our approach achieves superior performance to most state-of-

the-art skeleton-based methods (AGE [3], SM-SGE [8], SGELA [4]) with a signif-

icant margin of 11.3 to 64.7% for Rank-1 accuracy and 0.2 to 7.7% for mAP in

different evaluation conditions of CASIA-B. Compared with the latest contrastive

learning framework SimMC [5], our model performs better in most conditions,

which justifies its effectiveness on learning more discriminative skeleton representa-

tions when applied to model-estimated skeleton data. Our skeleton-based approach

also outperforms different representative classical appearance-based methods that

employ visual metric learning with RGB-based appearances and textures (LMNN

[9], ITML [10], ELF [11], SDALF [12]) or leverage both gait energy images and

appearance features (MLR [13]) on different conditions. The highly competitive

performance of the proposed approach on RGB-estimated skeletons demonstrates

its generality and value for person re-ID under large-scale RGB-based scenarios.
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Table 5.6: Performance of our approach with different level representations
(joint-level, component-level, limb-level) and their combination (multi-level) on
different datasets. The multi-level graph method SM-SGE is compared under
the same setting of skeleton levels. Note: The joint-level, component-level (10
components), and limb-level (5 limbs) skeleton representations correspond to
joint-scale, part-scale (10 parts), and body-scale (5 limbs) skeleton graphs in
SM-SGE.

Levels Methods
BIWI-S BIWI-W IAS-A IAS-B KS20 KGBD

R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP

Multi-Level
SM-SGE 31.3 10.1 13.2 15.2 34.0 13.6 38.9 13.3 45.9 9.5 42.3 4.4

Hi-MPCh 47.5 17.4 27.3 22.6 45.6 23.2 48.2 25.3 69.6 22.0 56.9 10.2

Joint-Level
SM-SGE 33.0 10.0 12.9 14.9 37.8 14.7 39.4 13.9 44.7 10.2 40.2 4.3

Hi-MPCh 44.9 14.2 23.7 21.0 40.0 17.8 41.7 20.1 65.4 18.9 55.8 9.5

Component-Level
SM-SGE 32.8 11.1 14.5 16.5 41.6 15.2 45.9 15.8 43.2 9.8 33.0 4.1

Hi-MPCh 41.8 15.1 22.3 18.9 41.7 18.1 44.6 21.5 66.0 18.8 52.3 7.9

Limb-Level
SM-SGE 27.5 10.0 12.6 13.8 31.9 13.8 35.5 13.5 37.3 9.3 31.5 4.4

Hi-MPCh 36.9 12.4 17.5 16.3 35.5 17.7 40.1 19.3 64.1 17.9 44.3 5.7

Table 5.7: Performance of our approach on different datasets when solely ex-
ploiting limb-level (L), component-level (C), joint-level skeleton representations
(J) or MSMR that combines all level skeleton representations for person re-ID.
We compare our approach and the näıve Hi-MPC without using HSM. “✓” in-
dicates using the corresponding configurations.

ID L C J HSM
BIWI-S BIWI-W IAS-A IAS-B KGBD KS20

R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP

1 ✓ 35.7 12.1 18.0 16.8 35.2 16.1 38.0 18.3 42.5 5.5 59.2 15.6

2 ✓ 38.9 12.2 21.8 18.1 36.9 16.0 38.0 19.8 50.0 7.0 59.8 16.4

3 ✓ 39.3 12.3 22.4 19.3 38.4 17.0 37.3 14.4 51.5 7.7 61.8 16.5

4 ✓ ✓ ✓ 40.4 12.8 24.2 21.1 42.2 19.4 38.2 18.9 55.3 8.7 65.4 18.2

5 ✓ ✓ 36.9 12.4 17.5 16.3 35.5 17.7 40.1 19.3 44.3 5.7 64.1 17.9

6 ✓ ✓ 41.8 15.1 22.3 18.9 41.7 18.1 44.6 20.5 52.3 7.9 66.0 18.8

7 ✓ ✓ 44.9 14.2 23.7 21.0 40.0 17.8 41.7 20.1 55.8 9.5 65.4 18.9

8 ✓ ✓ ✓ ✓ 47.5 17.4 27.3 22.6 45.6 23.2 48.2 25.3 56.9 10.2 69.6 22.0

5.4.3 Evaluation on Different Level Skeleton Representa-

tions

We evaluate the performance of limb-level, component-level, joint-level skeleton

representations and their combination in the proposed approach. As shown in

Table 5.7, different level skeleton representations (ID = 5-7) learned by our fi-

nal approach can individually achieve highly competitive performance on different

datasets, which suggests the great potential of higher level skeleton representations

such as key limbs to be directly applied for person re-ID. Notably, the model ex-

ploiting joint-level (ID = 3, 7) and component-level skeleton representations (ID =

2, 6) achieves higher performance than using limb-level (ID = 1, 5) in most cases.

This demonstrates the greater contribution of low-level skeleton representations,

as they usually contain more specific positional and structural information of body
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Figure 5.7: Performance (Rank-1 accuracy) of our approach with different-level
representations (Joint(J)-level, Component(C)-level, Limb(L)-level) and their
combination (Multi(M)-level) on BIWI-W (W), BIWI-S (S), IAS-A (A), IAS-
B (B), KGBD (KG), and KS20 (KS) testing sets. The latest multi-level method
SM-SGE is compared under the same setting of skeleton levels.

parts than high-level ones to benefit learning more discriminative features for per-

son re-ID. Furthermore, combining hierarchical skeleton representations of all levels

(ID = 4, 8) attains the best person re-ID performance on different datasets when

compared to single-level representations (ID = 1-3, 5-7), regardless of using HSM.

Such results further verify the necessity of the proposed hierarchical skeleton repre-

sentations, as the multi-level skeletal modeling can encourage mining more unique

body and motion features for person re-ID, which is consistent with the analysis

in [7, 8].

We also compare the performance of different-level skeleton representations learned

by our approach with the latest multi-level graph framework SM-SGE [8]. As pre-

sented in Fig. 5.7, our approach not only significantly outperforms SM-SGE using

multi-level representations, but also gains superior performance when applying

the learned higher level representations for person re-ID on five of six testing sets.

This further demonstrates the effectiveness of our approach on learning more useful

skeleton features at various levels. It is interesting to observe that the component-

level representations with a simpler body structure can perform comparably or even

better than joint-level representations on half of datasets. This implies that the

original skeletons of those datasets might contain redundant positional or struc-

tural information, which can be compressed and characterized with more concise

and abstract skeleton representations to better achieve person re-ID.
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Table 5.8: Generalized person re-ID performance of our approach with direct
domain generalization (DG) from source datasets (“Source”) to target datasets
(“Target”). “UF” represents fine-tuning the source model with the unlabeled
data of target datasets. Bold indicates that the model using “DG” or “UF”
obtains better performance than the original one trained on the same dataset.

Target BIWI-S BIWI-W IAS-A IAS-B KGBD

Source Types R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP

BIWI
DG — — — — 29.7 13.1 31.8 12.8 41.4 3.6

UF 47.5 17.4 27.3 22.6 45.5 22.3 46.9 28.0 57.3 8.7

IAS
DG 26.0 8.9 9.8 11.4 — — — — 41.0 3.3

UF 45.9 17.9 27.6 23.2 45.6 23.2 48.2 25.3 46.2 4.3

KGBD
DG 31.5 10.2 13.4 15.2 27.6 12.1 27.0 12.4 — —

UF 51.0 17.3 22.8 20.0 45.7 20.1 49.1 26.2 56.9 10.2

5.4.4 Evaluation on Generalized Person Re-Identification

The pre-trained model of our approach can be transferred to different datasets with

the same type of skeleton data (i.e., containing the same number of joints) for the

generalized person re-ID task. Here we take the BIWI, IAS, and KGBD datasets

that contain the same type of skeletons for evaluation. Specifically, we exploit the

model trained on the training set of a source dataset to perform person re-ID on the

testing/probe set of target dataset (i.e., direct domain generalization (DG)), and

then further fine-tune the model with the unlabeled training data of target datasets

(i.e., unsupervised fine-tuning (UF)). As shown in Table 5.8, direct generalization

is effective among different datasets, while unsupervised fine-tuning on the target

dataset can further improve the person re-ID performance, which can be better than

the model trained on the original dataset (see bold in Table 5.8). This demonstrates

that our approach possesses generalization ability against domain shifts [135] and

can be promisingly applied to other open person re-ID tasks. It is worth noting

that training on different source datasets typically leads to different person re-ID

performance on a new dataset, implying that an appropriate domain initialization

or model pre-training of our model could be potentially exploited to facilitate better

generalized person re-ID performance.

5.4.5 Feature Visualization

We provide a qualitative analysis with t-SNE [128] visualization of skeleton rep-

resentations, which are compared with two skeleton-based state-of-the-art meth-

ods, SM-SGE [8] and SimMC [5]. As shown in Fig. 5.11c, the proposed MSMR
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Figure 5.8: The model loss (LHi-MPCh) curves on the training sets of different
datasets.
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Figure 5.9: Mutual information (MI) between the clusters/pseudo classes gen-
erated by our approach and ground-truth class labels on the training sets of
different datasets.
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Figure 5.10: Adjusted mutual information (AMI) score between the cluster-
s/pseudo classes generated by our approach and ground-truth labels on the train-
ing sets of different datasets.

learned from our approach achieves higher inter-identity separation than repre-

sentations learned from SM-SGE. Compared with SimMC, our method is able to

simultaneously learn coarse-to-fine (e.g., joint-level, component-level) skeleton rep-

resentations with lower entropy, which forms evident identity groups in different

levels, as shown in Fig. 5.11d and 5.11e. Such results not only suggest the ef-

fectiveness of Hi-MPCh on learning discriminative representations (i.e., differences

between ground-truth classes) from unlabeled 3D skeleton data, but also demon-

strate its ability on learning skeleton semantics (e.g., identity-specific patterns) at

different levels, which is consistent with the conclusions in Sec. 5.4.3. However, it

can be that the limb-level skeleton representations with the much more abstract



90 5.4. Further Analysis

(a) SM-SGE [8] (b) SimMC [5] (c) Hi-MPCh (M)

(d) Hi-MPCh (J) (e) Hi-MPCh (C) (f) Hi-MPCh (L)

Figure 5.11: t-SNE visualization of skeleton representations learned from SM-
SGE (a), SimMC (b), and Hi-MPCh ((c)-(f)) for the first 10 identities in BIWI.
We visualize MSMR (M), joint-level (J), component-level (C), and limb-level
representations (L) learned by Hi-MPCh in (c), (d), (e), and (f), respectively.
Features of different identities are shown in different colors.

Table 5.9: The number of network parameters (million (M)) and computational
complexity (giga floating-point operations (GFLOPs)) of deep learning based
methods. ‡ indicates employing supervised fine-tuning.

Types Methods # Params GFLOPs

Supervised

PoseGait [25] 8.93M 121.60
‡SGELA [4] 9.09M 7.48

MG-SCR [7] 0.35M 6.60
‡SM-SGE [8] 6.25M 23.92

Self-supervised

/Unsupervised

AGE [3] 7.15M 37.37

SGELA [4] 8.47M 7.47

SM-SGE [8] 5.58M 22.61

SimMC [5] 0.15M 0.99

Hi-MPCh (Ours) 3.32M 3.37

body structure are more difficult to be clustered in the t-SNE visualization (see

Fig. 5.11f). This implies that too much information loss of skeleton positions,

structures, and dynamics (e.g., full dynamics of all joints) could reduce the model

performance on learning recognizable pattern information of different identities.
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Table 5.10: Performance of our approach with different meta-transformation
heads (M = 1, 4, 8, 16).

M
BIWI-S BIWI-W IAS-A IAS-B KS20 KGBD

R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP

1 45.7 15.3 25.7 22.5 43.8 21.1 46.7 25.0 67.2 20.6 55.5 9.2

4 47.1 17.6 26.6 22.9 45.0 22.5 48.1 26.8 69.2 21.3 56.5 10.0

8 47.5 17.4 27.3 22.6 45.6 23.2 48.2 25.3 69.6 22.0 56.9 10.2

16 48.5 16.9 27.7 23.9 46.0 24.0 48.2 25.4 70.7 21.4 57.0 9.7

5.4.6 Model Efficiency

We report the model efficiency in terms of model size, i.e., number of network pa-

rameters, and computational complexity for existing deep learning based methods.

Both numbers of parameters and GFLOPs in the training of neural networks are

counted by the Tensorflow platform [136]. For the model that possesses varying

sizes and complexities on different datasets due to the changes of input data, we

report the largest case. For models with direct supervised fine-tuning, we add the

size of original models with the size of corresponding fine-tuning MLP network

(Note that different output sizes of pre-trained skeleton representations influence

the network size in the fine-tuning process). As shown in Table 5.9, the proposed

approach possesses smaller model size and GFLOPs than most existing skeleton-

based person re-ID methods (PoseGait [25], AGE [3], SGELA [4], SM-SGE [8])

while achieving state-of-the-art performance on all datasets as presented in our

work.

The number of GFLOPs in Table 5.9 refers to computational complexity in the

training of neural networks, which is the whole2/main computational complexity for

deep learning methods. Like SimMC [5], our model needs extra matrix computation

in the clustering process (e.g., vector similarity query), where we employ the Faiss

library [137] to optimize the overall complexity.

5.4.7 Analysis of Hyperparameters

5.4.7.1 Effects of Meta-Transformation Heads

Table 5.10 presents the effects of different numbers of meta-transformation heads.

2For representation learning methods without other learning processes (e.g., clustering), the
whole computational complexity of the model can be equivalent to the computational complexity
of the used neural networks.
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Table 5.11: Performance of our approach with different embedding sizes (h =
64, 128, 256, 512).

h
BIWI-S BIWI-W IAS-A IAS-B KS20 KGBD

R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP

64 45.1 16.3 25.1 21.6 44.0 21.7 46.5 24.5 69.2 21.4 54.7 8.7

128 47.0 17.5 27.5 22.9 45.0 22.9 49.3 26.9 69.7 20.8 55.1 9.5

256 47.5 17.4 27.3 22.6 45.6 23.2 48.2 25.3 69.6 22.0 56.9 10.2

512 47.0 15.7 26.2 22.3 42.5 21.8 49.5 27.3 70.7 22.0 55.8 9.2

Table 5.12: Performance of our approach when setting different minimum
sample amount (amin = 1, 2, 3, 4) for DBSCAN.

amin
BIWI-S BIWI-W IAS-A IAS-B KS20 KGBD

R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP

1 46.6 17.6 26.6 21.0 44.7 22.1 48.5 26.1 68.4 21.1 54.7 9.6

2 47.5 17.4 27.3 22.6 45.6 23.2 48.2 25.3 69.6 22.0 56.3 10.0

3 48.8 18.1 27.7 23.2 44.8 22.7 49.0 25.7 70.3 21.7 56.9 10.2

4 46.9 17.8 27.6 23.3 45.4 23.2 49.1 26.1 69.0 20.8 56.3 10.2

Employing more learnable meta-transformation heads is shown to improve the per-

formance of our approach on different datasets, which demonstrates the effective-

ness of exploiting different contrastive subspaces for better skeleton representation

learning. It is worth noting that the model performance tends to be stable when

applying many more heads, as it could introduce more random perturbation into

contrastive learning and help obtain more robust prototype estimation (see Sec.

5.2.2).

5.4.7.2 Effects of Embedding Sizes

As shown in Table 5.11, our approach achieves higher performance with relatively

larger embedding sizes (h ≥ 128) on all datasets. The results suggest that a

small embedding size (h = 64) could be insufficient to learn effective skeleton

representations for person re-ID, while using too large sizes of embedding (e.g.,

h = 512) might cause the model to learn more redundant feature information and

degrade the overall performance.

5.4.7.3 Different Settings of DBSCAN

We evaluate the effects of the two main parameters in the DBSCAN algorithm,

i.e., minimum sample amount amin within the maximum distance ϵ, which are

empirically selected to encourage more balanced and stable clustering. As pre-

sented in Table 5.12, amin seems to have no significant effect on the performance of
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Table 5.13: Performance of our approach when setting different maximum
distances (ϵ = 0.4, 0.6, 0.8, 1.0) for DBSCAN.

ϵ
BIWI-S BIWI-W IAS-A IAS-B KS20 KGBD

R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP

0.4 46.8 16.6 19.9 18.7 43.2 18.2 42.0 20.0 69.5 20.7 55.6 7.8

0.6 47.5 17.4 22.4 19.2 44.7 20.7 46.7 25.8 69.4 21.8 56.9 10.2

0.8 50.3 18.2 27.3 22.6 45.6 23.2 48.2 25.3 69.6 22.0 47.9 4.8

1.0 27.9 9.7 11.6 14.2 33.8 13.6 37.2 14.3 50.0 11.0 46.9 4.3

W S A B KG KS0

20

40

60

SimMC
Hi-MPCh

(a) F = 4

W S A B KG KS0

20

40

60

SimMC
Hi-MPCh

(b) F = 6

W S A B KG KS0

20

40

60

SimMC
Hi-MPCh

(c) F = 8

W S A B KG KS0

20

40

60

SimMC
Hi-MPCh

(d) F = 10

Figure 5.12: Multi-shot person re-ID performance (Rank-1 accuracy) of our
approach with different settings of sequence lengths (F = 4, 6, 8, 10) on BIWI-W
(W), BIWI-S (S), IAS-A (A), IAS-B (B), KGBD (KG), and KS20 (KS) testing
sets. The latest state-of-the-art method SimMC is compared as the performance
baseline.

our approach, as setting different values of amin achieve similar accuracy on most

datasets. Nevertheless, it is worth mentioning that employing too small a value

for amin tends to generate much larger clusters and might lead to a degeneration

of clustering (e.g., single super cluster) and unstable model training in practice.

Large values of ϵ (e.g., ϵ = 1.0) greatly reduce the performance of our approach,

as shown in Table 5.13. Considering that larger ϵ leads to higher connectedness of

instances, i.e., larger cluster and smaller number of prototypes, the results demon-

strate that setting a relatively lower ϵ value with more diverse skeleton prototypes

could facilitate learning richer discriminative features for person re-ID. However,

too small a value for ϵ could cause excessive over-clustering, which leads to the

degradation of model performance on some datasets.

5.4.7.4 Effects of Sequence Lengths

We evaluate multi-shot performance of our approach with different settings of se-

quence lengths F (i.e., F -shot person re-ID), and compare it with the latest SimMC

[5] on different datasets. As shown in Fig. 5.12, the proposed Hi-MPCh consistently

outperforms SimMC on all cases of datasets and sequence lengths. In contrast to
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Figure 5.13: Visualization of joint-level (green), component-level (blue), limb-
level representations (orange) of consecutive skeletons and their informative im-
portance in different datasets. Each row shows three level representations of
the same sequence. Darker colors of ith position in heat maps indicate higher
importance of ith skeleton representation.

Table 5.14: Performance of our approach when applying heterogeneous
(Heter.) or homogeneous (Homo.) feature mapping for transforming skeleton
instances and prototypes. Note: We adopt homogeneous feature mapping in the
proposed meta-transformation heads.

Types
BIWI-S BIWI-W IAS-A IAS-B KGBD KS20

R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP

Heter. 37.2 10.8 15.0 16.2 38.7 15.4 42.2 16.4 49.9 6.3 64.5 15.7

Homo. 47.5 17.4 27.3 22.6 45.6 23.2 48.2 25.3 56.9 10.2 69.6 22.0

SimMC that fails to keep high accuracy when F varies slightly, our approach is

more stable with better results on different datasets. Since skeleton sequences

contain more pattern features as F increases, our approach is capable of learning

more effective skeleton representations to achieve larger performance improvement

in most cases. Nevertheless, it is interesting to note that using shorter sequences

sometimes performs better than longer sequences on small datasets such as IAS-B,

implying that a larger size of available training sequences under smaller F settings

could help learn better representations on those datasets.
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5.4.7.5 Effects of Different Types of Feature Mapping

We replace the homogeneous feature mapping (i.e., Hl,m
1 = Hl,m

2 ) used in meta-

transformation heads with the heterogeneous feature mapping (i.e., Hl,m
1 ̸= Hl,m

2 ),

and evaluate the performance of our approach when keeping other configurations

unchanged. As shown in Table 5.14, the model performance drops significantly

on all datasets when applying heterogeneous (Heter.) feature mapping. This is

because that the instances and prototypes that come from the same feature space

are separately mapped into two different feature subspaces, where the inherent

domain shifts [135] could hinder the proposed meta-prototype contrastive learning

and hence reduce the model performance. As we expect the original instances and

corresponding prototypes can be contrasted in the same new feature subspace, we

employ homogeneous feature mapping in the proposed meta-transformation.

5.4.8 Analysis of Hard Skeleton Mining

To verify the effectiveness of the proposed HSM mechanism on mining more infor-

mative skeletons, we visualize joint-level, component-level, and limb-level skeleton

representations with their inferred importance on different datasets. As shown

in Fig. 5.13, the higher importance is often assigned to either evidently different

skeletons or dramatically changing poses in the sequence, which could introduce

more pattern information compared with other similar skeletons. This is con-

sistent with our intuition that skeletons containing diverse patterns (i.e., higher

intra-class variation) are harder to be recognized as the same person, thus deserv-

ing more attention to learn during training. It is also observed that there exists

a good alignment of informative importance between component-level and limb-

level skeleton representations, while our model focuses on more key skeletons with

continuous patterns at joint-level, which suggests that the proposed approach may

hierarchically capture different skeleton semantics (e.g., pattern consistency) to

mine more effective features from various levels.

The proposed HSM mechanism allows us to intuitively visualize the importance/-

value of each skeleton in learning hard patterns and useful features. As shown

in Fig. 5.13, the component-level skeleton representations with a simpler body

structure are highly similar with the joint-level skeleton representations to effec-

tively characterize body poses, while the limb-level ones can provide more global



96 5.4. Further Analysis

motion dynamics of skeletons. This further suggests the potential of more con-

cise and abstract skeleton representations on learning unique patterns for person

re-ID. Moreover, as hard skeletons typically contain easily-confused or uncommon

patterns, we can potentially exploit hard skeleton mining to detect special skeleton-

s/poses (e.g., abnormal or pathological gaits) of a certain person for more advanced

tasks such as medical gait analysis. It could also be used to discover noisy skeletons

with incomplete or extremely unnatural poses for efficient skeleton filtration and

selection.

5.4.9 Analysis of Training Process

We visualize the total training loss (LHi-MPCh) in Fig. 5.8, which shows that the

training of our approach can converge very fast in the first 100 optimization epochs.

To provide a further analysis of the learned skeleton representations, we follow

[129, 138] to estimate the mutual information (MI) and adjusted mutual informa-

tion score (AMI) between the clustered skeleton features and the ground-truth

identity labels, as shown in Fig. 5.9 and Fig. 5.10, respectively. The results show

that the training of our approach rapidly and significantly improves both MI and

AMI w.r.t. skeleton representations, i.e., similarity between the pseudo classes gen-

erated by our approach and ground-truth class labels, which demonstrates that the

proposed hierarchical skeleton meta-prototype contrastive learning can encourage

the model to capture class-related semantics (e.g., inter-class differences) to learn

more discriminative skeleton representations.

5.4.10 Analysis of Confusion Matrix

In Fig. 5.14, we show the confusion matrices of our approach when performing

person re-ID with the Rank-1 matching (i.e., predicting the identity of each probe

sequence using the top-1 gallery sequence that has the smallest Euclidean distance)

on all testing sets (probe sets). As presented in Fig. 5.14 (a)-(f), each confusion

matrix shows an evident alignment between the predicted identities and the ground-

truth identities on the diagonal line. This suggests that skeleton sequences in most

classes can be correctly matched between the probe and gallery set of each dataset.

Moreover, it can be seen that the numbers of classes with high accuracy (i.e.,
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number of red grids on the diagonal line) in KS20, KGBD, IAS-B and BIWI-Still

are larger than that in IAS-A and BIWI-Walking. The larger numbers of white and

red grids diffused around the diagonal lines, which represent the higher proportions

of false matches, on the matrices of IAS-A (see Fig. 5.14 (c)) and BIWI-Walking

(see Fig. 5.14 (f)) imply that our model tends to confuse skeleton sequences of

more different identities on these datasets. This is consistent with the performance

results shown in our work.
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(a) Confusion Matrix on KS20
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(b) Confusion Matrix on KGBD
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(c) Confusion Matrix on IAS-A
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(d) Confusion Matrix on IAS-B
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(e) Confusion Matrix on BIWI-Still
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(f) Confusion Matrix on BIWI-
Walking

Figure 5.14: Visualization of confusion matrices on KS20 (a), KGBD (b), IAS-
A (c), IAS-B (d), BIWI-Still (e), and BIWI-Walking (f) when using the Rank-1
matching.
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5.5 Theoretical Hypotheses and Analyses

The proposed skeleton Meta-Prototype Contrastive (MPC) learning can be for-

mulated as Expectation-Maximization (EM) solutions. In this section, we first

provide a theoretical EM modeling for MPC to prove its validity and convergence,

and then present hypotheses and analysis for the effectiveness of the proposed

approach (Hi-MPC) that combines hierarchical skeleton representations and MPC.

Preliminaries. For clarity and convenience, we adopt a more general notation

here, which is different from that used in the previous parts of Chapter 5. Suppose

that a training set X = {xi}Ni=1 contains N skeleton sequences, where xi ∈ RF×Sn ,

F is the sequence length, and n ∈ {1, 2, 3} denotes the level number of hierarchical

skeleton representations3. The objective of unsupervised skeleton representation

learning is to learn an embedding/encoder function fθ (realized via θ-parameterized

neural networks) that maps X to V = {vi}Ni=1, where vi ∈ RH , by vi = fθ (xi)

without using any label, such that vi can effectively represent latent features of xi

to perform person re-identification.

Formally, the goal is to find the network parameter θ that maximizes the log-

likelihood function of the observed N skeleton sequences as follows:

θ∗ = arg max
θ

L(x1, · · · ,xN ; θ)

= arg max
θ

N∏
i=1

p (xi; θ)

⇐⇒ arg max
θ

N∑
i=1

log p (xi; θ) , (1)

where L(x1, · · · ,xN ; θ) denotes the likelihood function of the observed skeleton

sequences {xi}Ni=1 w.r.t θ, and each skeleton sequence xi is hypothetically related

to a certain skeleton prototype cj ∈ RH , with cj ∈ {cj}Kj=1 and K is the number of

prototypes. Under this assumption, we can re-formulate the objective in Eq. (1)

3The proposed hierarchical skeleton representations have S1 = 3 × J , S2 = 3 × 10, and
S3 = 3×5 corresponding to joint-level, component-level, and limb-level representations. The EM
modeling provided in this section is universal and can be independently applied to each level.
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as:

θ∗ =arg max
θ

N∑
i=1

log p (xi; θ)

=arg max
θ

N∑
i=1

log
K∑
j=1

p (xi, cj; θ) , (2)

Directly optimizing this function is intractable, thus we consider a lower-bound by

using a surrogate function as:

N∑
i=1

log
K∑
j=1

p (xi, cj; θ)

=
N∑
i=1

log
K∑
j=1

Q (cj)
p (xi, cj; θ)

Q (cj)

≥
N∑
i=1

K∑
j=1

Q (cj) log
p (xi, cj; θ)

Q (cj)
, (3)

where Q (cj) represents some distribution over {cj}Kj=1 and
∑K

j=1Q (cj) = 1. We

apply Jensen’s inequality to derive the last step of Eq. (3), where equality can be

achieved under the condition that
p(xi,cj ;θ)

Q(cj)
is a constant. To realize this equality,

we have:

Q (cj) =
p (xi, cj; θ)∑K

m=1 p (xi, cm; θ)
=
p (xi, cj; θ)

p (xi; θ)

= p (cj;xi, θ) , (4)

where Q (cj) is a posterior probability related to cj,xi, and θ. When θ is fixed at

the Expectation step, the distribution of representations (xi) and corresponding

prototypes (cj) can be estimated as a result of clustering, thus we can get the

constant value of Q (cj) = p (cj;xi, θ) based on the result. We can re-write Eq.

(3) as:

N∑
i=1

K∑
j=1

(Q (cj) log p (xi, cj; θ)−Q (cj) logQ (cj)) , (5)
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where the constant −
∑N

i=1

∑K
j=1Q (cj) logQ (cj) can be ignored and we need to

maximize:

N∑
i=1

K∑
j=1

Q (cj) log p (xi, cj; θ) . (6)

For the Expectation (E)-step, we aim to estimate p (cj;xi, θ) (see Eq. (4)). In

our approach, we run the DBSCAN algorithm on the encoded features vi = fθ (xi)

to obtain K clusters4 {Cj}Kj=1. We generate corresponding skeleton prototype

cj, which is the centroid of the jth cluster Cj. Then, we compute p (cj;xi, θ) =

1 (xi ∈ Cj), where 1 (xi ∈ Cj) = 1 if xi belongs to the jth cluster Cj (i.e., corre-

sponding to skeleton prototype cj); otherwise 1 (xi ∈ Cj) = 0.

Assumption 5.1. Prototype-Cluster Consistency. The global distribution of

prototypes is consistent with the distribution of cluster centroids, i.e., each cluster

explicitly corresponds to the group of instances that belong to the same prototype.

In the E-step, we adopt this commonly-used assumption [5, 88] to generate skeleton

prototypes and derive p (cj;xi, θ) = 1 (xi ∈ Cj).

In the Maximization (M)-step, we combine Eq. (4) to maximize the lower-

bound in Eq. (6) after the E-step:

N∑
i=1

K∑
j=1

Q (cj) log p (xi, cj; θ)

=
N∑
i=1

K∑
j=1

p (cj;xi, θ) log p (xi, cj; θ)

=
N∑
i=1

K∑
j=1

1 (xi ∈ Cj) log p (xi, cj; θ) . (7)

Each cluster centroid cj is assumed to have a uniform prior probability p (cj; θ) = 1
K

since we are not provided any samples. We have:

p (xi, cj; θ) = p (xi; cj, θ) p (cj; θ)

=
1

K
· p (xi; cj, θ) , (8)

4The clusters {Cj}Kj=1 of xi are generated based on the clustering of their encoded features
vi.
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where the distribution of samples around each prototype is assumed to be an

isotropic Gaussian, leading to:

p (xi; cj, θ) =
exp

(
−(vi−cp)

2

2σ2
p

)
∑K

j=1 exp
(

−(vi−cj)
2

2σ2
j

) , (9)

where vi = fθ (xi) and cp is the prototype for the cluster Cp containing xi, i.e.,

xi ∈ Cp. We apply ℓ2-normalization to both v and c to have (v− c)2 = 2− 2v · c.

Then combining this with Eqs. (2), (3), (6), (7), (8), and (9), we can get the

maximum log-likelihood estimation with:

θ∗ = arg min
θ

N∑
i=1

− log
exp (vi · cp/τp)∑K
j=1 exp (vi · cj/τj)

⇐⇒

θ∗ = arg min
θ

K∑
k=1

Nk∑
i=1

− log
exp

(
vk
i · ck/τk

)∑K
j=1 exp

(
vk
i · cj/τj

) , (10)

where vk
i denotes the representation of ith sample (i.e., skeleton instance) belonging

to the kth prototype ck, Nk is the number of samples in the kth cluster, and τ is

related to the distribution of features around different prototypes.

Assumption 5.2. Maximum Homogeneous Similarity. The homogeneous

instances, which are defined as instances within the same cluster, should share

higher inherent similarity than heterogeneous instances between different clusters.

In other words, the prototype of each cluster can represent a unique skeleton con-

cept or attribute of a certain identity, and the same cluster’s instances possess

the homogeneity of features corresponding to this prototype [131]. According to

Assumption 5.1, it can be equivalent to the objective that each instance should be

maximally similar to the corresponding prototype and be minimally similar to other

prototypes. In the M-step, we maximize the probability that each instance belongs

to its unique prototype (see Eq. (9)) based on this assumption. The equivalent

formulation of this objective in Eq. (10) after applying feature ℓ2-normalization

can be further interpreted as to maximize the dot-product based similarity be-

tween instances and their prototypes while maximizing the dissimilarity to other

prototypes.

Relations to Existing Contrastive Losses: (1) The InfoNCE loss [132] re-

formulated in MoCo [94] and SimCLR [91] can be interpreted as special cases of



Chapter 5. Hi-MPC 103

the maximum log-likelihood estimation in Eq. (10), where the prototype cp for a

feature vi is replaced by the augmented feature v′
i generated from different views

of augmentation of the same instance (i.e., cp = v′
i) and τ is fixed as a temperature

for contrastive learning. (2) The ProtoNCE loss used in PCL [88] has a similar

form as Eq. (10), where τ is estimated with the assumption that the distribution of

feature representations around each prototype varies in different clusters. However,

PCL estimates the feature distribution under the Euclidean distance metric used

in the k-means clustering. Such estimation could be inapplicable (e.g., can not be

generalized) to models that employ different clustering algorithms (e.g., density-

based DBSCAN [6]) or/and different distance metrics (e.g., Jaccard metric), thus

failing to getting satisfactory performance in practice [5].

Temperatures. In our work, we adopt a generic form following the common prac-

tice [81, 91, 94], i.e., setting a global temperature τ for the proposed approach. By

assuming a uniform feature distribution around each instance (i.e., τ = τk = τj), we

encourage the model to learn representations with higher global uniformity, which

could improve the quality of contrastive representation learning as theoretically

and empirically proved in [5, 86, 130].

In the proposed approach, instead of directly using the original prototypes and

instances, we transform them into meta-prototypes and meta-instances using dif-

ferent homogeneous transformation heads, so as to perform Meta-Prototype Con-

trastive learning (MPC) in different contrastive learning subspaces. According to

the prototype-cluster consistency (see Assumption 5.1), we can exploit the root

estimation of clusters and prototypes, i.e., original contrastive space, to guide the

contrast between meta-instances and meta-prototypes in different contrastive sub-

spaces inheriting from the original space of prototypes, so as to encourage more

robust probability estimation of prototypes and more consistent contrastive learn-

ing. We can formulate the proposed MPC loss based on Eq. (10) as:

LMPC =

K∑
k=1

Nk∑
j=1

M∑
m=1

− log
exp

(
(v̂k

j )m · (ĉk)m/τ
)∑K

u=1 exp
(
(v̂k

j )m · (ĉu)m/τ
) , (11)
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where (v̂k
j )m = Hm

1 v
k
j and (ĉk)m = Hm

2 c
k denote the mth transformed meta-

instance and meta-prototype corresponding to the original instance vk
j and pro-

totype ck, Hm
1 ,H

m
2 ∈ Rh2×h1 are the learnable weight matrices of the mth meta-

transformation head (we adopt Hm
1 = Hm

2 and h = h1 = h2 for homogeneous trans-

forming as detailed in Sec. 5.2), K denotes the number of skeleton prototypes gen-

erated from the original skeleton instances, Nk is the number of skeleton instances

belonging to the kth prototype ck (equivalent to p̂+ in Sec. 5.2), and τ represents

the global temperature for contrastive learning. Note that LMPC is averaged over

all meta-instances for training. When we utilize one or zero transformation head

for skeleton prototype learning, i.e., M = 1 or 0, the objective of Eq. (11) is the-

oretically equivalent to Eq. (10), which is defined as direct prototype contrastive

learning (DPC) in our work. The proposed MPC exploits the prototype-cluster

consistency (see Assumption 5.1) to perform meta prototype-instance contrasting,

which could enhance the inherent consistency and representativeness of learnable

prototypes by jointly attending to key meta-prototypes in different representation

subspaces. Intuitively, DPC is performed on a single representation space, which

can be viewed as a special case of MPC.

Convergence Proof

We prove the convergence of MPC under modeling the maximum log-likelihood

estimation (see Eq. (10)). Recall Eqs. (2) and (3) and let

ℓ(θ) =
N∑
i=1

log p (xi; θ)

=
N∑
i=1

log
K∑
j=1

p (xi, cj; θ)

=
N∑
i=1

log
K∑
j=1

Q (cj)
p (xi, cj; θ)

Q (cj)

≥
N∑
i=1

K∑
j=1

Q (cj) log
p (xi, cj; θ)

Q (cj)
. (12)

The above inequality holds with equality when Q (cj) = p (cj;xi, θ) is a constant

(see Eq. (4)).
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In the tth E-step, we have estimated the constant value Q(t) (cj) = p
(
cj;xi, θ

(t)
)
.

Then we have:

ℓ
(
θ(t)
)

=
N∑
i=1

K∑
j=1

Q(t) (cj) log
p
(
xi, cj; θ

(t)
)

Q(t) (cj)
. (13)

For the tth M-step, we fix Q(t) (cj) = p
(
cj;xi, θ

(t)
)

and train model parameters θ

to maximize Eq. (13). In this way, we can always have:

ℓ
(
θ(t+1)

)
≥

N∑
i=1

K∑
j=1

Q(t) (cj) log
p
(
xi, cj; θ

(t+1)
)

Q(t) (cj)

≥
N∑
i=1

K∑
j=1

Q(t) (cj) log
p
(
xi, cj; θ

(t)
)

Q(t) (cj)

= ℓ
(
θ(t)
)
. (14)

The above result that ℓ
(
θ(t)
)

monotonically increases with more iterations suggests

the convergence of the algorithm.

The detailed convergence properties of the EM algorithm are discussed in [139, 140].

Here we only discuss the general case, and follow [140] to make the assumptions

for the EM algorithm:

(a) Ω is a subset in the r-dimensional Euclidean space Rr,

(b) Ωθ(0) =
{
θ ∈ Ω : ℓ(θ) ≥ ℓ

(
θ(0)
)}

is compact for any ℓ
(
θ(0)
)
> −∞,

(c) ℓ( · ) is continuous in Ω and differentiable in the interior of Ω.

Under the assumptions of (a), (b), and (c)5, we have:

(d)
{
ℓ
(
θ(t)
)}

t≥0
is bounded above for any θ(0) ∈ Ω.

As a consequence of (d) and the inequality (14) (i.e., ℓ
(
θ(t+1)

)
≥ ℓ

(
θ(t)
)
), ℓ
(
θ(t)
)

converges monotonically to some ℓ∗.

It is worth noting that there is no guarantee that ℓ∗ is the global maximum of ℓ( · )

over Ω. As reported in previous works [140–144], if the log-likelihood function ℓ( · )

has several (local or global) maxima and stationary points, the convergence of the

EM sequence
{
ℓ
(
θ(t)
)}

to either type of point depends on the choice of starting

5These assumptions can be satisfied in most practical situations. As the related proofs/dis-
cussions are out of the scope of this work, readers can refer to [140] for more details.
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point. Readers can refer to [139, 140] for more details about different convergence

cases of the EM algorithm.

The aforementioned fact may account for the performance changes (i.e., small

variations) of our model on the same dataset, as different random initializations of

model parameters could change θ(0) (i.e., the starting point) hence the final conver-

gence result. In practice, we follow [4, 5] to train the model with different random

initializations on each dataset and report its average performance, which helps

estimate a more stable EM convergence result with different initialized starting

points.

Empirical Analysis

We empirically provide several interpretations for the effectiveness of MPC: (1) The

proposed MPC exploits the prototype-cluster consistency (see Assumption 5.1) to

perform meta prototype-instance contrasting. Compared with DPC, it can jointly

attend to key meta-prototypes in different representation subspaces to learn more

consistent and representative prototypes, which facilitates the model to capture

more effective skeleton representations for person re-ID. (2) MPC can be viewed

as adding random perturbation, i.e., different initialized contrastive representa-

tions in new feature spaces, to the original direct skeleton prototype contrasting

(DPC). The average integration of all losses from different meta-prototypes en-

ables the model to obtain a more robust estimation of prototype loss6 to enhance

the contrastive learning of most typical skeleton features. (3) The extra linear

transformation heads (i.e., M > 1) can be interpreted as random homogeneous

augmentations of skeleton features. Similar to the random data augmentation ap-

plied to the input data [91, 94], MPC adopts multiple randomly initialized trans-

formation heads to augment intermediate features of the same skeleton sequence

from different “views” for better contrastive learning and skeleton representation

learning.

6PCL [88] demonstrates that a more robust probability estimation of prototypes can enhance
the structure encoding and contrastive learning.



Chapter 5. Hi-MPC 107

Coarse-to-Fine MPC: Hierarchical Meta-prototype Con-

trastive Learning (Hi-MPC)

The proposed Hi-MPC combines MPC of different level skeleton representations,

as formulated with:

LHi-MPC =

3∑
l=1

K∑
k=1

Nk∑
j=1

M∑
m=1

− log
exp
(

(v̂l,k
j )m · (ĉl,k)m/τ

)
∑K

u=1exp
(

(v̂l,k
j )m · (ĉl,u)m/τ

) , (15)

where (v̂l,k
j )m and (ĉl,k)m denote the mth transformed meta-instance and meta-

prototype of the lth level skeleton representation belonging to the kth cluster. Other

notations are the same as Eq. (11). LHi-MPC can be re-formulated as:

LHi-MPC =

3∑
l=1

Il∑
i=1

M∑
m=1

− log
exp

(
(v̂l,(i))m · (ĉl+)m/τ

)
∑K

k=1 exp
(

(v̂l,(i))m · (ĉlk)m/τ
) , (16)

where Il denotes the number of instances in all clusters generated from the lth level

skeleton representations, (v̂l,(i))m denotes the mth transformed meta-instance of

ith instance, (ĉl+)m (equivalent to (p̂l
+)m in Sec. 5.2) is its corresponding meta-

prototype, and (ĉlk)m denotes the meta-prototype of the kth cluster at the lth

level. The proposed Hi-MPC could be viewed as performing coarse-to-fine meta-

prototype contrastive learning with hierarchical skeleton representations (i.e., MPC

using single-level skeleton representations is a special case of Hi-MPC), and allows

the model to mine both low-level and high-level skeleton semantics (e.g., identity-

specific patterns, intra-class similarity) from different representation subspaces of

skeleton prototype learning, which facilitates learning more discriminative skeleton

representations for person re-ID, as demonstrated in our work.

5.6 Summary

In this chapter, we propose a hierarchical skeleton meta-prototype contrastive

learning (Hi-MPC) approach with a hard skeleton mining (HSM) mechanism to
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contrast and learn the most representative features from key informative skeletons

for unsupervised person re-ID. The hierarchical representations of 3D skeletons are

built to capture coarse-to-fine body features from different levels. To encourage

more consistent contrastive learning to mine more representative skeleton proto-

types, we propose to perform meta-transformation of instances and prototypes to

contrast in multiple contrastive feature subspaces. We further devise a hard skele-

ton mining mechanism to assign larger importance to harder skeletons, so as to

learn more valuable patterns and effective representations. Finally, we combine

different level skeleton features learned from our approach to construct multi-level

skeleton meta-representation (MSMR) for person re-ID. Our approach outperforms

most state-of-the-art methods, and is also highly effective when applied to multi-

view and RGB-based scenarios with estimated skeletons.



Chapter 6

Skeleton-Based Person Re-ID

with Body-Joint Relation

Learning

6.1 Introduction

Existing methods typically extract anthropometric descriptors and gait attributes

from body-joint coordinates [2, 24, 25], or leverage sequence learning paradigms

such as Long Short-Term Memory (LSTM) [36] to model body and motion fea-

tures with skeleton sequences [4, 69]. Some recent works explore new paradigms

such as hierarchical cluster-contrast architectures [133] (see Chapter 5) and effi-

cient Siamese architectures [5] (see Chapter 4) to enhance skeleton representation

learning with coarse-to-fine motion modeling and high-level semantics learning.

However, these methods rarely explore the inherent body relations within skeletons

(e.g., inter-joint motion correlations), thus largely ignoring some valuable skeleton

patterns (corresponding to the third challenge in Sec. 1.2). To fill this gap, some

previous studies [7, 61] construct skeleton graphs to model body-component rela-

tions in terms of structure and action. These methods typically require multi-stage

This chapter has been published as: Haocong Rao and Chunyan Miao, “TranSG:
Transformer-Based Skeleton Graph Prototype Contrastive Learning with Structure-Trajectory
Prompted Reconstruction for Person Re-Identification,” In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR), 2023 [14]. DOI:
10.1109/CVPR52729.2023.02118.
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Prompt

Representative Features

Contrast and  LearnSkeletal Relations. .
 .

Figure 6.1: TranSG temporally and spatially masks skeleton graphs to prompt
their reconstruction, while integrating full skeletal relations into contrastive
learning of typical features for person re-ID.

non-parallel relation modeling, e.g., [7] models collaborative relations conditioned

on the structural relations, while they cannot simultaneously mine different under-

lying relations. On the other hand, they usually leverage sequence-level instances

such as averaged features of sequential graphs [61] for representation learning,

which inherently limits their ability to exploit richer graph semantics from fine-

grained (e.g., node-level) representations. For example, there usually exist strong

correlations between nearby body-joint nodes within a local spatial-temporal graph

context, which can prompt learning unique and recognizable skeleton patterns for

person re-ID.

To address the above challenges, we propose a general Transformer-based Skeleton

Graph prototype contrastive learning (TranSG) paradigm with structure-trajectory

prompted reconstruction as shown in Fig. 6.1, which integrates different relational

features of skeleton graphs and contrasts representative graph features to learn

discriminative representations for person re-ID1. Specifically, we first model 3D

skeletons as graphs, and propose the Skeleton Graph Transformer (SGT) to per-

form full-relation learning of body-joint nodes, so as to simultaneously aggregate

key relational features of body structure and motion into effective graph represen-

tations. Second, a Graph Prototype Contrastive learning (GPC) approach is pro-

posed to contrast and learn the most representative skeleton graph features (defined

as “graph prototypes”) of each identity. By pulling together both sequence-level

and skeleton-level graph representations to their corresponding prototypes while

pushing apart representations of different prototypes, we encourage the model

to capture discriminative graph features and high-level skeleton semantics (e.g.,

1Our codes are publicly available at https://github.com/Kali-Hac/TranSG.

https://github.com/Kali-Hac/TranSG
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identity-associated patterns) for person re-ID. Last, motivated by the inherent

structural correlations and pattern continuity of body joints [4], we devise a graph

Structure-Trajectory Prompted Reconstruction (STPR) mechanism to exploit the

spatial-temporal context (i.e., graph structure and trajectory) of skeleton graphs

to prompt the skeleton graph reconstruction, which facilitates learning richer graph

semantics and more effective graph representations for the person re-ID task.

With this chapter, we make the following contributions:

• We present a generic TranSG paradigm to learn effective representations from

skeleton graphs for person re-ID. To the best of our knowledge, TranSG is the

first transformer paradigm that unifies skeletal relation learning and skeleton

graph contrastive learning specifically for skeleton-based person re-ID.

• We devise a skeleton graph transformer (SGT) to fully capture relations

in skeleton graphs and integrate key correlative node features into graph

representations.

• We propose the graph prototype contrastive learning (GPC) to contrast and

learn the most representative graph features and identity-related semantics

from both skeleton and sequence levels for person re-ID.

• We devise the graph structure-trajectory prompted reconstruction (STPR)

to exploit spatial-temporal graph contexts for reconstruction, so as to capture

more key graph semantics and unique features for person re-ID.

Extensive experiments on five public benchmarks show that TranSG prominently

outperforms existing state-of-the-art methods and is highly scalable to be applied

to different graph modeling, RGB-estimated or unlabeled skeleton data.

6.2 The Proposed TranSG Paradigm

Given a 3D skeleton sequence X = (x1, · · · ,xf ) ∈ Rf×J×3, where xt ∈ RJ×3

denotes the tth skeleton with 3D coordinates of J body joints. Each skeleton

sequence X corresponds to a person identity y, where y ∈ {1, · · · ,C} and C is

the number of different classes (i.e., identities). We use ΦT =
{
XT

i

}N1

i=1
, ΦP =
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Figure 6.2: Schematics of TranSG approach with the skeleton graph trans-
former (SGT) (shown in the blue box), graph prototype contrastive learning
(GPC) (presented in the orange box), and graph structure-trajectory prompted
reconstruction (STPR) (presented in the green box).

{
XP

i

}N2

i=1
, and ΦG =

{
XG

i

}N3

i=1
to denote the training set, probe set, and gallery

set that contain N1, N2, and N3 skeleton sequences of different persons in different

scenes and views. Our aim is to learn an encoder to map skeleton sequences into

effective representations, such that the encoded skeleton sequence representations

(denoted as {SP
i }

N2
i=1) in the probe set can be matched with the representations

(denoted as {SG
i }

N3
i=1) of the same identity in the gallery set.

The overview of our TranSG approach is shown in Fig. 6.2: Firstly, we represent

each skeleton sequence x1, · · · ,xf as skeleton graphs G1, · · · ,Gf (see Sec. 6.2.1),

and integrate the graph positional information into their node representations hi.

Then, they are fed into the skeleton graph transformer (SGT) to fully capture

body-component relations with multiple full-relation (FR) heads (see Sec. 6.2.2).

We employ multiple SGT layers and take the lth layer output h
(l+1)
i as the input

of (l+ 1)th layer. Next, the centroids of graph features belonging to different iden-

tities (ID) are utilized to generate graph prototypes, and we enhance the similarity

of both skeleton-level (st) and sequence-level graph representations (S) to their

corresponding prototypes, while maximizing their dissimilarity to other prototypes

by optimizing LGPC (see Sec. 6.2.3). Meanwhile, we randomly mask skeleton graph
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structure and node trajectory, and exploit correspondingly masked graph represen-

tations as contexts to prompt reconstruction by minimizing LSTPR (see Sec. 6.2.4).

The skeleton graph representations learned from our approach are exploited for

person re-ID (see Sec. 6.2.5).

6.2.1 Skeleton Graph Construction

The human body with joints can be naturally modeled as graphs to characterize

rich structural and positional information [8]. We construct skeleton graphs with

the body joints as nodes and the structural connections between adjacent joints as

edges. Each graph Gt(V t, E t) (corresponding to the tth skeleton xt) consists of nodes

V t = {vt
1,v

t
2, · · · ,vt

J}, vt
i ∈ R3, i ∈ {1, · · · , J} and edges E t = {eti,j |vt

i,v
t
j ∈V t},

eti,j ∈ R, where t is the index of skeleton in the sequence. Here V t and E t denote

the set of nodes corresponding to J different body joints and the set of their

internal connection relations, respectively. The adjacency matrix of Gt is denoted

as At ∈ RJ×J to represent the relations among J nodes. At is initialized based on

the connections of adjacent body joints, which is learnable during model training

to capture dynamic relations and valuable skeleton patterns.

6.2.2 Skeleton Graph Transformer

As our goal is to capture discriminative skeleton features for person re-ID, it is

crucial to consider two unique properties of human skeletons: (1) Body structural

features, which can be inferred from the relations between adjacent body joints; (2)

Skeleton actional patterns (e.g., gait [37]), which are typically characterized by the

relations among different body components [8]. From the perspective of graphs, we

regard each body-joint node as a basic body component, and propose to combine

the above relation learning as a full-relation learning of body-joint nodes, so as

to fully aggregate key body and motion features from skeleton graphs. For this

purpose, we devise the skeleton graph transformer (SGT) as follows (shown in Fig.

6.2).

Given a skeleton graph Gt(V t, E t) and its adjacency matrix At, we first exploit the

pre-defined graph structure to generate the positional encoding for graph nodes
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with:

∆ = I−D−1/2AD−1/2 = UTΛU, (6.1)

where A,D are the adjacency matrix and degree matrix of the skeleton graph G,

respectively, and Λ,U denote the matrices of Laplacian eigenvalues and eigenvec-

tors, respectively. UTΛU is the factorization of the graph Laplacian matrix. For

convenience, we use A to represent At as skeleton graphs in the same dataset share

the identical initialized adjacency matrix. We follow [145] to adopt the K smallest

non-trivial eigenvectors as the node positional encoding, denoted as λi ∈ RK for

the node vi. They are mapped into feature spaces of the same dimension d with

the affine transformation, which are then added by:

hi = (Wvvi + bv) + (Wpλi + bp), (6.2)

where hi ∈ Rd denotes the ith position-encoded node representation, Wv ∈
Rd×3,Wp ∈ Rd×K , bv, bp ∈ Rd are the learnable parameters of the feature transfor-

mation for the ith node vi and its corresponding positional encoding. Intuitively,

the addition of positional encoding in Eq. (6.2) helps preserve the unique positional

information of nodes based on the graph structure, i.e., structurally nearby nodes

are endowed with similar positional features while the farther nodes possess more

dissimilar positional features, so as to encourage more effective node representation

learning [145].

Then, given the body-joint node representations, we capture their inherent relations

using multiple independent full-relation (FR) heads (see Fig. 6.2), and update node

representations by aggregating corresponding relational features:

wk,l
i,j = Softmaxj

(
(Qk,lh

(l)
i ) · (Kk,lh

(l)
j )

√
dk

)
, (6.3)

ĥ
(l)

i = Ol

∥∥∥∥H
k=1

(
J∑

j=1

wk,l
i,jV

k,lh
(l)
j

)
, (6.4)

where Qk,l,Kk,l,V k,l ∈ Rdk×d are the parameter matrices for query, key, and value

transformations in the kth FR head of the lth SGT layer, Ol ∈ Rd×d is the parameter

matrix for output transformation of the lth SGT layer. 1√
dk

is the scaling factor

for the scaled dot-product similarity, wk,l
i,j denotes the normalized relation value

between the ith and jth node captured by the kth FR head in the lth layer,
∥∥
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represents the concatenation operation, and H is the number of FR heads. For

clarity, we use ĥ
(l)

i ∈ Rd to denote the ith node representation that concatenates

node features learned from different heads in the lth layer. It is worth noting

that SGT naturally generalizes the self-attention [108] to the full-relation learning

of graph nodes, and can be viewed as a general paradigm that simultaneously

captures structural and actional relations from both adjacent and non-adjacent

body-component nodes. The multiple FR heads enable the model to jointly attend

to node relations from different feature subspaces and integrate more key correlative

node features into final node representations. We follow [145] to apply a Feed

Forward Network (FFN) with residual connections [146] and batch normalization

[147] by:

h
(l)

i = Norm
(
h

(l)
i + ĥ

(l)

i

)
, (6.5)

h
(l+1)
i = Norm

(
h

(l)

i + Wl
2 σ
(
Wl

1h
(l)

i

))
. (6.6)

In Eqs. (6.5) and (6.6), Norm( · ) denotes the batch normalization operation,

Wl
1 ∈ R2d×d,Wl

2 ∈ Rd×2d are the learnable parameters of FFN, σ( · ) is the ReLU

activation function, h
(l)

i and h
(l+1)
i represent the intermediate and output node

representations of the lth SGT layer, respectively. We average the node features in

each skeleton graph as the corresponding graph representation, and then integrate

f consecutive graph representations into the final sequence-level graph representa-

tion S with:

S =
1

f

f∑
t=1

st =
1

f

f∑
t=1

1

J

J∑
i=1

ht
i, (6.7)

where S, st ∈ Rd are the sequence-level and skeleton-level graph representations,

corresponding to a skeleton sequence X and the tth skeleton xt in the sequence,

respectively. For simplicity of presentation, we use ht
i to denote the encoded repre-

sentation of ith node in the tth skeleton graph. Here we assume that each node rep-

resentation with aggregated relational features (see Eqs. (6.3), (6.4)) contributes

equally to the graph representation, and each skeleton graph has the same impor-

tance in representing patterns of an individual.

6.2.3 Graph Prototype Contrastive Learning

Each individual’s skeletons usually share the same anthropometric features (e.g.,

skeletal lengths), while their continuous sequence can characterize identity-specific
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walking patterns (i.e., gait) [5]. In this context, it is desirable to mine the most rep-

resentative skeleton features (defined as “prototypes”) of each individual to learn

distinguishable patterns. A straightforward way is to cluster sequence representa-

tions to mine prototypes for contrastive learning like [5, 61], while they can only

generate identity-agnostic (i.e., pseudo-labeled) prototypes with large uncertainty

or unreliability, e.g., when existing large intra-class variation, two same-class se-

quences with diverse patterns might be clustered to two prototype groups. To

encourage the model to generate representatives graph features more reliably, we

propose to exploit the graph feature centroid of each ground-truth identity as graph

prototypes, which are contrasted with both sequence-level and skeleton-level graph

features to learn discriminative representations for person re-ID.

Given the encoded graph representations {ST
i }

N1
i=1 of training skeleton sequences

{XT
i }

N1
i=1, we group them by ground-truth classes as {Ŝk}Ck=1, where Ŝk = {Sk,j}nk

j=1

denotes the set of graph representations belonging to the kth identity, Sk,j is the

jth sequence-level graph representation, and nk represents the number of k-class

sequences. Then, the graph prototype is generated by averaging the graph features

of the same class with:

ck =
1

nk

nk∑
j=1

Sk,j , (6.8)

where ck ∈ Rd denotes the graph prototype of the kth identity. To focus on the

representative graph prototype of each identity to learn discriminative identity-

related semantics from both skeleton and sequence levels, we propose the graph

prototype contrastive (GPC) loss as:

LGPC = αLseq
GPC + (1− α)Lske

GPC, (6.9)

where

Lseq
GPC =

1

N1

C∑
k=1

nk∑
j=1

− log
exp (Sk,j · ck/τ1)∑C

m=1 exp (Sk,j · cm/τ1)
, (6.10)

Lske
GPC =

1

fN1

C∑
k=1

nk∑
j=1

f∑
t=1

− log
exp

(
F1

(
stk,j
)

·F2 (ck) /τ2
)∑C

m=1 exp
(
F1

(
stk,j
)

·F2 (cm) /τ2
) . (6.11)

In Eq. (6.9), α is the weight coefficient to fuse sequence-level (Lseq
GPC) and skeleton-

level graph prototype contrastive learning (Lske
GPC). In Eqs. (6.10) and (6.11),

cm represents the m-class graph prototype, stk,j denotes the graph representation

of the tth skeleton in the sequence that corresponds to Sk,j belonging to the kth
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identity, τ1, τ2 are the temperatures for contrastive learning, and F1( · ), F2( · )

are linear projection heads to transform skeleton-level graph representations and

graph prototypes into the same contrastive space Rd. It should be noted that the

graph prototypes are generated from higher level (i.e., sequence-level) representa-

tions and the learnable linear projection in Eq. (6.11) can be viewed as integrating

related graph features from both levels for contrastive learning. The proposed

GPC loss is essentially a generalized skeleton prototype contrastive loss that com-

bines joint-level relation encoding (see Sec. 6.2.2), skeleton-level and sequence-level

graph learning (see Eq. (6.9)). Its objective can be theoretically modeled as an

Expectation-Maximization (EM) solution [14].

6.2.4 Graph Structure-Trajectory Prompted Reconstruc-

tion

To exploit more valuable graph features and high-level semantics (e.g., pattern con-

sistency) from both spatial and temporal contexts of skeleton graphs, we propose

a self-supervised graph Structure and Trajectory Prompted Reconstruction (STPR)

mechanism. Motivated by the structural correlations and local motion continuity

[4] of body components, we devise two graph context based prompts (see Fig. 6.2),

namely (1) partial node positions of the same graph and (2) partial node trajectory

among continuous graphs, to reconstruct the graph structure and dynamics.

Graph Structure Prompted Reconstruction. Given the tth skeleton graph

representation with J encoded nodes (ht
1, · · · ,ht

J) encoded by SGT (see Eqs. (6.1)-

(6.6)), we first randomly mask node positions to generate the masked graph rep-

resentation as:

ŝt =
1

J − a

J∑
i=1

mih
t
i, (6.12)

where a is the number of masks, mi is the binary mask value (i.e., 0 for masking

and 1 for unmasking) applied on the ith node representation ht
i, and we have∑J

i=1mi = J − a. With both spatial positional information (Eqs. (6.1), (6.2)) and

relational features (Eqs. (6.3), (6.4)) integrated into each node, the masked graph

representation ŝt ∈ Rd in Eq. (6.12) retains the context of graph structure, which
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is then exploited to prompt the skeleton reconstruction by:

x̂t = fs(ŝ
t), (6.13)

where fs( · ) is an MLP network with one hidden layer for skeleton reconstruction

with the structure prompt, and x̂t ∈ RJ×3 is the predicted skeleton. It is worth

noting that Eq. (6.13) not only utilizes the unmasked node representations to

reconstruct their corresponding positions, but also exploits them as the context to

predict the masked node positions. For conciseness, we denote the predicted ith

training skeleton sequence as X̂ i =
(
x̂1, · · · , x̂f

)
∈ Rf×J×3.

Graph Trajectory Prompted Reconstruction. To encourage the model to

capture more unique temporal patterns from skeleton graphs, we propose to re-

construct graph trajectories based on their partial dynamics. In particular, we

randomly mask the trajectory of each node with:

T i =
1

f − b

f∑
t=1

utht
i, (6.14)

where T i ∈ Rd is the masked representation of i-node trajectory (i.e., h1
i , · · · ,h

f
i ),

b is the number of trajectory masks, ut is the binary mask value applied to the tth

position in the i-node trajectory (i.e., ith node representation of the tth skeleton

graph), and we have
∑f

t=1 u
t = f − b. The masked trajectory representation T i

preserves partial graph dynamics of different body-joint nodes, which are then used

to prompt the skeleton reconstruction by:

xi = ft(T i). (6.15)

In Eq. (6.15), xi ∈ Rf×3 denotes the temporal trajectory of the ith body joints

predicted by an MLP network ft( · ) with one hidden layer. Based on the unmasked

node representations over the temporal dimension, this reconstruction facilitates

capturing key temporal dynamics and semantics (e.g., continuous patterns) to infer

the node positions missed on the trajectory. We represent the predicted ith training

sequence as X i ∈ Rf×J×3 by transposing the original predicted position matrix

(x1, · · · ,xJ) ∈ RJ×f×3.
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We propose the STPR objective to combine both graph structure and trajectory

prompted reconstruction as follows:

LSTPR = βLst
STPR + (1− β)Ltr

STPR, (6.16)

where

Lst
STPR =

1

N1

N1∑
i=1

∥∥∥X̂ i −XT
i

∥∥∥
1
, (6.17)

Ltr
STPR =

1

N1

N1∑
i=1

∥∥X i −XT
i

∥∥
1
. (6.18)

In Eq. (6.16), β is the weight coefficient to fuse structure-prompted (Lst
STPR) and

trajectory-prompted reconstruction (Ltr
STPR). XT

i ∈ Rf×J×3 denotes the ground-

truth positions of ith training skeleton sequence, and ∥ · ∥1 represents the ℓ1 norm.

We employ ℓ1 reconstruction loss following [8, 114], as it can alleviate gradient

explosion of large losses while providing sufficient gradients for the positions with

small losses to facilitate more precise reconstruction.

6.2.5 Objective Function of TranSG

We combine the proposed GPC (Sec. 6.2.3) and STPR (Sec. 6.2.4) to perform

skeleton representation learning with:

L = λLGPC + (1− λ)LSTPR, (6.19)

where λ is the weight coefficient to fuse two losses for training. For person re-ID,

we leverage the learned SGT to encode skeleton sequences of the probe set ΦP into

sequence-level graph representations, {SP
i }

N2
i=1 (see Eq. (6.7)), which are matched

with the representations, {SG
i }

N3
i=1, of the same identity in the gallery set ΦG based

on Euclidean distance.



120 6.3. Experiments

6.3 Experiments

6.3.1 Experimental Setups

6.3.1.1 Datasets

Our approach is evaluated on four skeleton-based person re-ID benchmark datasets:

IAS-Lab RGBD-ID Dataset (IAS) [120], KS20 VisLab Multi-View Kinect Skeleton

Dataset (KS20) [119], BIWI RGBD-ID Dataset (BIWI) [1], Kinect Gait Biometry

Dataset (KGBD) [24], which contain 11, 20, 50, and 164 different persons. We

also verify the generality of TranSG on the RGB-estimated skeleton data from

a large-scale multi-view gait dataset CASIA-B [121] with 124 individuals under

three conditions (Normal (N), Bags (B), Clothes (C)). We adopt the commonly-

used probe and gallery settings following [5, 13] for a fair comparison. Detailed

description and examples of these datasets are provided in Sec. 4.3.1.1.

6.3.1.2 Probe and Gallery Settings

We follow the commonly-used settings of probe and gallery in the literature [5]: For

the BIWI and IAS datasets, as different testing sets are non-overlapped and contain

all pedestrians under different scenes, we evaluate our approach on each testing set

by setting it as the probe while the other one is adopted as the gallery. The KGBD

dataset contains different skeleton videos (i.e., long skeleton sequences) of each

pedestrian with varying numbers of walking rounds. Since no training/testing

splits are given, we randomly choose one skeleton video of each person to split

skeleton sequences and construct the probe set, and equally divide the remaining

videos to build the training set and gallery set. The KS20 dataset collects skeleton

data of pedestrians from five different viewpoints, including 0◦, 30◦, 90◦, 130◦, and

180◦. We employ the setting of Random View Evaluation (RVE): One sequence is

randomly selected from each viewpoint as the probe sequence and the remaining

skeleton sequences are equally divided into gallery and training sequences. We

follow the person re-ID protocols in [13] to evaluate the proposed skeleton-based

approach on CASIA-B (detailed in Sec. 6.3.1.3).
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6.3.1.3 Evaluation Settings of CASIA-B

In general, 3D skeleton data in existing skeleton-based person re-ID benchmarks are

collected with Kinect [22]. To evaluate the effectiveness of our approach when 3D

skeleton data are directly estimated from RGB videos rather than depth sensors

such as Kinect, we use a large-scale RGB video based dataset, CASIA-B [121],

which contains walking sequences of 124 individuals under 11 different views and

3 conditions—pedestrians wearing a bag (“Bags”), wearing a coat (“Clothes”),

and without any coat or bag (“Normal”). We follow the evaluation setup in [13],

which is frequently used in the literature: First, we randomly choose half of the

individuals for training and use the rest for testing. Then, to evaluate our approach

under single-condition and cross-condition settings, we divide the testing sequences

by the three conditions (“Bags”, “Clothes”, “Normal”) to construct gallery and

probe sets. Specifically, for the single-condition setting, both gallery and probe

sets use the testing sequences with the same condition (i.e., gallery and probe sets

are the same), and we match each sequence of the probe set with the most similar

sequence from the gallery set that excludes the original sequence. In the cross-

condition setting, we adopt the testing sequences under bags (“Bags”) or clothes

condition (“Clothes”) as the probe set, and use the testing sequences under normal

condition (“Normal”) as the gallery set.

Following [25], we exploit pre-trained pose estimation models [122, 123] to extract

3D skeletons from RGB videos of CASIA-B. We first extract eighteen 2D joints

from each person in videos using the OpenPose model [123]. Then, we follow

the same configuration of estimation in [25] and average the positions of “Nose”,

“Reye”, “LEye”, “Rear” and “Lear” as the position of “Head” to construct four-

teen 2D joints, which are fed into the pose estimation method [122] to estimate

corresponding 3D body joints. Thus, the number of body-joint nodes J is 14 for

CASIA-B as shown in Fig. 6.3, and all joints in each skeleton are normalized by

subtracting the neck joint.

6.3.1.4 Implementation Details

Dataset Preprocessing Setups. To avoid ineffective skeleton recording, we

discard the first and last 10 skeleton frames of each original skeleton sequence. For

KS20, KGBD, BIWI, and IAS datasets, all skeleton sequences are normalized by
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Figure 6.3: Node indices for graph representations of the estimated skeletons
from CASIA-B dataset. Note: All 3D skeletons are estimated from RGB videos
of CASIA-B with [123] and [122] (see Sec. 6.3.1.3).

subtracting the spine joint position from each joint of the same skeleton so that

the skeleton is translation invariant [124]. Then, we spilt all normalized skeleton

sequences in the training sets into multiple shorter skeleton sequences (i.e., X)

with length f by a step of f
2
, which aims to obtain as many 3D skeleton sequences

as possible to train our approach. We split all skeleton sequences in the gallery

and probe sets into shorter and non-overlapping sequences with length f . Unless

explicitly specified, the skeleton sequence X in our work refers to those split and

normalized sequences used in learning, rather than those original skeleton sequences

provided by datasets. We follow the data augmentation strategy used in [4, 7] to

sample more sequences for different identities in the training set, and train our

approach with randomly shuffled skeleton sequences of the training set. The details

of all datasets are shown in Table 4.1.

Model Parameter Setups. The numbers of body joints are J = 20 (IAS, BIWI,

KGBD) and J = 25 (KS20) in the original datasets. We construct corresponding

skeleton graphs with the same number of body-joint nodes in the original skeletons.

To verify the generality of our approach when applied to different-scale skeleton

graphs, we follow [8] to construct another two scales, namely part-scale (10 nodes)

and body-scale (5 nodes), by merging joints within different body partitions. The

original skeleton graphs, part-scale graphs, and body-scale graphs as shown in Fig.

6.4 and 6.5. The skeleton sequence length f on four skeleton-based datasets (IAS,

KS20, BIWI, KGBD) is set to 6 following [5] for a fair comparison with exist-

ing methods. As to CASIA-B, it is a large-scale dataset with roughly estimated

skeleton data from RGB frames, which is intrinsically different from the previous

datasets. We adopt a longer sequence length f = 40. The embedding size of each
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body-scale (5 nodes) graphs representations of skeletons from IAS, BIWI and
KGBD datasets. Our approach only requires joint-scale graphs for training,
while we evaluate its performance on different-scale graphs following [8] in our
work.
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Figure 6.5: Node indices for joint-scale (25 nodes), part-level (10 nodes), and
body-scale (5 nodes) graphs representations of skeletons from KS20 dataset.
Our approach only requires joint-scale graphs for training, while we evaluate its
performance on different-scale graphs following [8] in our work.

node representation is d = 128 for all datasets. We empirically set K = 10 for the

positional encoding, and employ 2 SGT layers with H = 8 attention heads and

dk = 16 for each layer, as these settings achieve the best average performance on

different datasets. We follow [145, 148] to randomly flip the sign of the eigenvec-

tors during training to improve the model stability on small datasets (IAS, KS20,

BIWI). For part-scale (10 nodes) and body-scale (5 nodes) skeleton graphs com-

pared with SM-SGE, we correspondingly set K = 9 and K = 4 for the positional

encoding. For main experiments, we equally fuse each component in our approach
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with α = 0.5, β = 0.5, λ = 0.5. For the experiments with RGB-estmiated skeletons,

we empirically set α = 1.0 as it can achieve better performance. We empirically

set τ1 = 0.07 and τ2 = 14 for contrastive learning, while using a = 10 and b = 2

random masks for STPR. An Adam optimizer with the learning rate of of 3.5×10−4

is used for the model optimization, and we set batch size to 256 for all datasets. To

apply our approach to unsupervised skeleton representation learning without using

ground-truth labels, we follow [61] to perform DBSCAN clustering [6] of graph

representations, and leverage their pseudo classes to generate graph prototypes for

contrastive learning. To avoid over-fitting and achieve better generalization per-

formance, we adopt Early Stopping [126] with a patience of 120 epochs (i.e., stop

the training of model after no improvement in 120 continuous epochs). The exper-

iments are repeated for multiple time with random model parameter initialization

for training, and we report the average performance for a fair comparison with

existing methods. Interested readers can access our source codes2 for more details.

Method Comparison Setups. For all methods compared in our experiments,

we select optimal model parameters for training, and use their pre-defined skeleton

descriptors or pre-trained skeleton representations for person re-ID. It is worth

noting that our re-implementations of some existing models get performance with

slight variations, and the results are basically the same as the original papers under

different random model initializations. For a fair comparison, we follow [4, 5] to

report the average performance of all methods. Note that our approach does not

use any post-processing technique, e.g., re-ranking [127] or multi-query fusion [49]

in the training or testing stage. To perform person re-ID, we exploit the approach

to encode each original skeleton sequence of the probe set ΦP into corresponding

sequence-level graph representations, {SP
i }

N2
i=1, and match it with representations,

{SG
i }

N3
i=1, of the same identity in the gallery set ΦG using Euclidean distance. In the

ablation study, we use the concatenation of raw skeleton sequences (i.e., normalized

3D coordinates of body joints) as the baseline. For the configuration of näıve

prototype contrastive learning (PC), we adopt the same setting in [5]: We leverage

DBSCAN [6] to cluster original skeleton sequences in an unsupervised manner,

and directly use the feature centroid in each cluster as the skeleton prototype for

contrastive learning.

2Our codes are publicly available at https://github.com/Kali-Hac/TranSG.

https://github.com/Kali-Hac/TranSG
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Table 6.1: Performance comparison with state-of-the-art skeleton-based meth-
ods on different datasets. ♠ denotes skeleton graph based methods, † indicates
using hand-crafted descriptors, and ‡ refers to sequence representation learning
models. Bold denotes the best results.

Methods
BIWI-S BIWI-W KS20 IAS-A IAS-B KGBD

mAP R1 R5 R10 mAP R1 R5 R10 mAP R1 R5 R10 mAP R1 R5 R10 mAP R1 R5 R10 mAP R1 R5 R10

D13
† [1] 13.1 28.3 53.1 65.9 17.2 14.2 20.6 23.7 18.9 39.4 71.7 81.7 24.5 40.0 58.7 67.6 23.7 43.7 68.6 76.7 1.9 17.0 34.4 44.2

D16
† [2] 16.7 32.6 55.7 68.3 18.8 17.0 25.3 29.6 24.0 51.7 77.1 86.9 25.2 42.7 62.9 70.7 24.5 44.5 69.1 80.2 4.0 31.2 50.9 59.8

PoseGait†[25] 9.9 14.0 40.7 56.7 11.1 8.8 23.0 31.2 23.5 49.4 80.9 90.2 17.5 28.4 55.7 69.2 20.8 28.9 51.6 62.9 13.9 50.6 67.0 72.6

AGE‡[3] 8.9 25.1 43.1 61.6 12.6 11.7 21.4 27.3 8.9 43.2 70.1 80.0 13.4 31.1 54.8 67.4 12.8 31.1 52.3 64.2 0.9 2.9 5.6 7.5

SGELA‡[4] 15.1 25.8 51.8 64.4 19.0 11.7 14.0 14.7 21.2 45.0 65.0 75.1 13.2 16.7 30.2 44.0 14.0 22.2 40.8 50.2 4.5 38.1 53.5 60.0

MG-SCR♠[7] 7.6 20.1 46.9 64.1 11.9 10.8 20.3 29.4 10.4 46.3 75.4 84.0 14.1 36.4 59.6 69.5 12.9 32.4 56.5 69.4 6.9 44.0 58.7 64.6

SM-SGE♠[8] 10.1 31.3 56.3 69.1 15.2 13.2 25.8 33.5 9.5 45.9 71.9 81.2 13.6 34.0 60.5 71.6 13.3 38.9 64.1 75.8 4.4 38.2 54.2 60.7

SPC-MGR♠[61] 16.0 34.1 57.3 69.8 19.4 18.9 31.5 40.5 21.7 59.0 79.0 86.2 24.2 41.9 66.3 75.6 24.1 43.3 68.4 79.4 6.9 40.8 57.5 65.0

SimMC‡[5] 12.3 41.7 66.6 76.8 19.9 24.5 36.7 44.5 22.3 66.4 80.7 87.0 18.7 44.8 65.3 72.9 22.9 46.3 68.1 77.0 11.7 54.9 66.2 70.6

Hi-MPC‡[133] 17.4 47.5 70.3 78.6 22.6 27.3 40.3 48.8 22.0 69.6 83.5 87.1 23.2 45.6 67.3 75.4 25.3 48.2 70.2 77.8 10.2 56.9 70.2 75.1

TranSG♠ (Ours) 30.1 68.7 86.5 91.8 26.9 32.7 44.9 52.2 46.2 73.6 86.3 90.2 32.8 49.2 68.5 76.2 39.4 59.1 77.0 87.0 20.2 59.0 73.1 78.2

6.3.1.5 Evaluation Metrics

We compute the Cumulative Matching Characteristics (CMC) curve and adopt

Rank-1 accuracy (R1), Rank-5 accuracy (R5), and Rank-10 accuracy (R10) as per-

formance metrics. R1, R5, and R10 are computed as the ratios of probe sequences

correctly identified by matching with only the top 1, within top 1 to 5, and within

top 1 to 10 most similar candidate gallery sequences, respectively. Mean Average

Precision (mAP) [49] is also used to quantitatively evaluate the overall performance

of our approach.

6.3.2 Comparison with State-of-the-Art Methods

We compare our approach with state-of-the-art graph-based methods, hand-crafted

methods, and sequence learning methods on BIWI, KS20, IAS, and KGBD in Table

6.1.

6.3.2.1 Comparison with Graph-based Methods

As shown in Table 6.1, the proposed TranSG significantly outperforms two state-

of-the-art graph-based methods, MG-SCR [7] and SM-SGE [8], by 11.7-36.7% for

mAP and 12.8-48.6% for Rank-1 accuracy on different datasets. As these meth-

ods rely on multi-stage relation modeling and sequence-level context learning, the

results demonstrate that the proposed full-relation learning model (SGT) with

fine-grained (i.e., graph and node level) semantics learning (STPR) is able to learn
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Table 6.2: Ablation study with different configurations: Näıve prototype con-
trastive learning (PC), skeleton graph transformer (SGT) with direct supervised
learning (DS) or graph prototype contrastive learning (GPC), and structure-
trajectory prompted reconstruction (STPR). “+” indicates employing the com-
ponent.

Configurations
BIWI-S BIWI-W KS20 KGBD

mAP R1 mAP R1 mAP R1 mAP R1

Baseline 9.3 24.8 14.1 10.9 9.5 17.0 6.4 34.5

PC 11.3 38.1 18.3 21.2 20.5 64.8 11.0 53.0

SGT + DS 19.0 42.4 21.1 21.7 27.6 60.0 11.1 51.5

SGT + GPC 26.7 66.6 25.5 31.2 42.5 71.3 18.1 57.0

SGT + GPC + STPR 30.1 68.7 26.9 32.7 46.2 73.6 20.2 59.0

more unique skeleton features for person re-ID. Compared with the latest SPC-

MGR model [61] that utilizes sequence-level graph representations for contrastive

learning, our model achieves superior performance with a large margin of 7.5%

to 24.5% for mAP and 7.3% to 34.6% for Rank-1 accuracy on all datasets. This

suggests the higher effectiveness of our approach combining both sequence-level

and skeleton-level graph prototype contrastive learning. We will also show the

generality of our model under different-scale skeleton graph modeling in Sec. 6.4.

6.3.2.2 Comparison with Hand-crafted and Sequence Learning Meth-

ods

In contrast to the methods using hand-crafted anthropometric descriptors (D13 [1],

D16 [2]) or 3D pose features (PoseGait [25]), our approach consistently achieves

higher performance by up to 27.3% for mAP and 54.7% for Rank-1 accuracy on all

datasets. TranSG also achieves a remarkable improvement over existing sequence

representation learning models (AGE [3], SGELA [4], SimMC [5]) in terms of mAP

(7.0-37.3%), Rank-1 (4.1-56.1%), Rank-5 (3.2-67.5%), and Rank-10 accuracy (3.2-

70.7%). This demonstrates the superiority of our graph-based model, as it can

fully capture body relations and discriminative patterns from skeleton graphs for

the person re-ID task.
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Table 6.3: Performance comparison with appearance or skeleton based meth-
ods on CASIA-B. “B-N” denotes matching the “Bags (B)” probe set with
the“Normal (N)” gallery set. “—” indicates no published result. Full results
are provided in Appendix II.

Probe-Gallery N-N B-B C-C C-N B-N

Methods mAP R1 mAP R1 mAP R1 mAP R1 mAP R1

A
p
p
ea

ra
n
ce

LMNN [9] — 3.9 — 18.3 — 17.4 — 11.6 — 23.1

ITML [10] — 7.5 — 19.5 — 20.1 — 10.3 — 21.8

ELF [11] — 12.3 — 5.8 — 19.9 — 5.6 — 17.1

SDALF [12] — 4.9 — 10.2 — 16.7 — 11.6 — 22.9

MLR (Scores) [13] — 13.6 — 13.6 — 13.5 — 9.7 — 14.7

MLR (Features) [13] — 16.3 — 18.9 — 25.4 — 20.3 — 31.8

S
k
e
le
to
n

AGE [3] 3.5 20.8 9.8 37.1 9.6 35.5 3.0 14.6 3.9 32.4

SM-SGE [8] 6.6 50.2 9.3 26.6 9.7 27.2 3.0 10.6 3.5 16.6

SPC-MGR [61] 9.1 71.2 11.4 44.3 11.8 48.3 4.3 22.4 4.6 28.9

SGELA [4] 9.8 71.8 16.5 48.1 7.1 51.2 4.7 15.9 6.7 36.4

SimMC [5] 10.8 84.8 16.5 69.1 15.7 68.0 5.4 25.6 7.1 42.0

TranSG (Ours) 13.1 78.5 17.9 67.1 15.7 65.6 6.7 23.0 8.6 44.1

6.4 Further Analysis

6.4.1 Ablation Study

We conduct ablation study to verify the effectiveness of each component in our

approach. The skeleton sequences of concatenated joints are adopted as the base-

line, and we include the näıve prototype contrastive learning (PC) using original

sequences [5] for comparison. As shown in Table 6.2, compared with using raw

skeleton sequences or PC without graph modeling, applying SGT achieves signif-

icantly better performance in most cases, regardless of using GPC or not. This

demonstrates the effectiveness of the skeleton graph learning with SGT, as it can

fully capture relations within skeletons to learn unique body structure and mo-

tion features for person re-ID. The SGT employing GPC achieves superior results

than “SGT + DS” that uses direct supervised learning (i.e., cross-entropy loss)

with an improvement of 4.4-14.9% for mAP and 5.5-24.2% for Rank-1 accuracy,

which verifies the key role of the graph prototype contrastive learning in capturing

more representative discriminative graph features from different identities. Finally,

adding STPR consistently boosts model performance by 1.4-3.7% for mAP on all

dataset, which further demonstrates its effectiveness on capturing more valuable

graph semantics and discriminative patterns for person re-ID.
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Table 6.4: Performance of our approach on different-scale skeleton graphs.
J , 10 or 5 nodes correspond to the joint-scale, part-scale or body-scale skeletal
structures used in SM-SGE [8].

Nodes Methods
BIWI-S BIWI-W KS20 KGBD

mAP R1 mAP R1 mAP R1 mAP R1

J
SM-SGE [8] 10.0 33.0 14.9 12.9 10.2 44.7 4.3 40.2

TranSG (Ours) 30.1 68.7 26.9 32.7 46.2 73.6 20.2 59.0

10
SM-SGE 11.1 32.8 16.5 14.5 9.8 43.2 4.1 33.0

TranSG (Ours) 15.1 37.9 18.7 20.0 17.0 48.1 4.9 36.9

5
SM-SGE 10.0 27.5 13.8 12.6 9.3 37.3 4.4 31.5

TranSG (Ours) 13.5 36.6 14.1 17.0 13.2 40.8 4.6 34.6

6.4.2 Evaluation on RGB-estimated Skeletons

To verify the generality of our skeleton-based model on RGB-estimated skeletons,

we utilize pre-trained pose estimation models to extract skeleton data from RGB

videos of CASIA-B [25], and evaluate the performance of TranSG under different

conditions. As presented in Table 6.3, our approach not only outperforms many

existing state-of-the-art skeleton-based models with a prominent improvement in

most conditions, but also achieves superior performance to representative classical

appearance-based methods that utilize RGB-based features (e.g., textures, silhou-

ettes) or/and visual metric learning [9–13]. This demonstrates the stronger ability

of TranSG on capturing more discriminative features from the estimated skeletons,

and also suggests its great potential to be applied to more general RGB-based

scenarios.

6.4.3 Evaluation on Skeleton Graphs with Varying Scales

To validate the effectiveness of our approach under different graph modeling, we

follow [8] to construct different-scale graphs for model learning. As shown in Table

6.4, TranSG significantly outperforms the state-of-the-art framework SM-SGE [8]

when utilizing the original skeleton graphs (corresponding to J joints) or higher

level graphs with less nodes. This demonstrates that our model is compatible with

different-level skeletal structures and can learn more effective features even under

different graph modeling.
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Table 6.5: Performance of our approach using only unlabeled skeletons. We
use the same clustering setting in [61] for comparison.

Methods
BIWI-S BIWI-W KS20 KGBD

mAP R1 mAP R1 mAP R1 mAP R1

SPC-MGR [61] 16.0 34.1 19.4 18.9 21.7 59.0 6.9 40.8

TranSG (Ours) 14.2 42.2 21.9 26.6 23.6 65.0 7.5 43.6

(a) SPC-MGR [61] (b) SimMC [5] (c) TranSG (Ours)

Figure 6.6: t-SNE visualization of representations learned by SPC-MGR (a),
SimMC (b), and TranSG (c) for first ten classes in IAS. Different colors indicates
representations of different classes.

6.4.4 Evaluation in Unsupervised Scenarios

To apply our approach in an unsupervised manner without using ground-truth la-

bels, we follow [61] to perform DBSCAN clustering [6] of graph representations, and

leverage their pseudo classes to generate graph prototypes for contrastive learning.

With only unlabeled skeletons as inputs, TranSG can still achieve superior per-

formance than the latest graph-based method SPC-MGR [61] in most cases, as

shown in Table 6.5. This further demonstrates the generality of our approach,

which could be promisingly transferred to more related tasks such as unsupervised

open-set person re-ID.

6.4.5 Feature Visualization

As shown in Fig. 6.6, we conduct a t-SNE visualization [128] of skeleton rep-

resentations. The result shows that our learned skeleton representations possess

more discriminative inter-class separation than other methods SPC-MGR [61] and

SimMC [5], which indicates that TranSG may capture richer class-related seman-

tics.
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Table 6.6: The number of network parameters (million (M)) and computa-
tional complexity (giga floating-point operations (GFLOPs)) of deep learning
based methods. ♠ denotes skeleton graph based methods, † indicates using
hand-crafted descriptors, and ‡ refers to sequence representation learning mod-
els. Note: Both numbers of parameters and GFLOPs in the training of neural
networks are counted by the Tensorflow platform [136]. Extra matrix computa-
tion is required for the clustering in SimMC and SPC-MGR (see Sec. 5.4.6).

Methods # Params GFLOPs
PoseGait†[25] 8.93M 121.60
MG-SCR♠[7] 0.35M 6.60
AGE‡[3] 7.15M 37.37
SGELA‡[4] 8.47M 7.47
SM-SGE♠[8] 5.58M 22.61
SPC-MGR♠[61] 0.01M 0.12
SimMC‡[5] 0.15M 0.99
TranSG♠ (Ours) 0.40M 20.22

6.4.6 Model Efficiency

We report the model efficiency in terms of model size, i.e., number of network pa-

rameters, and computational complexity for existing deep learning based methods.

For the model that possesses varying sizes and complexities on different datasets

due to the changes of input data, we report the largest case. As shown in Table 6.6,

the proposed approach possesses smaller model size than many existing skeleton-

based person re-ID methods (PoseGait [25], AGE [3], SGELA [4], SM-SGE [8]).

The number of GFLOPs in Table 6.6 refers to computational complexity in the

training of neural networks, which is the whole3/main computational complexity

for deep learning methods. It should be noted that the unsupervised prototype con-

trastive learning (SimMC [5], SPC-MGR [61]) requires extra matrix computation

(e.g., vector similarity query) for the clustering process , which is usually time-

consuming and computationally expensive as it may require both CPU and GPU

(e.g., using Faiss library [137]). In contrast, our approach exploits ground-truth

identities to generate graph prototypes, which can not only improve the prototype

reliability but also achieve significantly faster training without requiring clustering.

3For representation learning methods without other learning processes (e.g., clustering), the
whole computational complexity of the model can be equivalent to the computational complexity
of the used neural networks.
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Figure 6.7: Rank-1 accuracy of our approach on different probe sets (IAS-A
and IAS-B) when setting different hyper-parameters.

Table 6.7: Performance of our approach on different datasets when setting
different weight coefficients α to fuse sequence-level (LseqGPC) and skeleton-level
graph prototype contrastive learning (LskeGPC) in the proposed GPC.

α
KS20 KGBD IAS-A IAS-B BIWI-W BIWI-S

R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP
0.0 71.0 33.5 55.5 14.2 47.3 29.7 57.3 36.3 27.3 25.5 62.7 21.3
0.2 71.5 40.0 56.3 17.9 46.9 31.2 58.9 38.6 31.2 27.5 67.2 29.7
0.4 72.2 45.7 57.5 18.6 47.7 30.9 58.4 38.0 31.7 26.0 68.7 29.9
0.5 73.6 46.2 59.0 20.2 49.2 32.8 59.1 39.4 32.7 26.9 68.7 30.1
0.6 73.1 46.3 58.0 19.0 50.9 33.6 58.7 38.8 31.0 26.5 66.8 26.7
0.8 71.7 44.0 58.8 19.8 49.2 31.5 58.2 37.8 32.0 26.0 64.7 26.7
1.0 70.1 41.8 56.9 18.0 47.3 32.6 54.3 37.8 30.3 25.2 64.5 26.1

6.4.7 Analysis of Hyperparameters

Overview. As presented in Fig. 6.7, we show effects of different hyper-parameters

on our approach. An appropriate fusion of different components can encourage

better model performance, while setting α, β, and λ to 0.5 achieves slightly better

results. Adding too many FR heads or SGT layers could slightly reduce the perfor-

mance, as it might expand the model scale and learn more redundant information.

Our model is not sensitive to the variation of some parameters such as temperature

τ1, while setting a moderate value for mask numbers benefits model performance.

We provide more detailed results and analyses in this section.
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Table 6.8: Performance of our approach on different datasets when setting
different weight coefficients β to combine graph trajectory-prompted (LtrSTPR)
and structure-prompted reconstruction (LstSTPR) in the proposed STPR.

β
KS20 KGBD IAS-A IAS-B BIWI-W BIWI-S

R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP
0.0 73.0 45.4 58.6 19.6 48.4 32.1 58.2 39.2 31.1 25.9 67.8 28.2
0.2 72.6 44.5 56.4 17.8 48.2 32.3 57.3 39.1 31.8 27.0 68.0 29.6
0.4 72.7 44.6 57.1 21.1 48.1 32.4 57.6 40.1 31.5 27.0 69.3 30.9
0.5 73.6 46.2 59.0 20.2 49.2 32.8 59.1 39.4 32.7 26.9 68.7 30.1
0.6 72.9 44.7 56.1 18.4 46.9 33.2 57.7 38.7 33.1 27.9 68.6 30.4
0.8 72.3 47.1 58.8 20.4 47.1 32.9 57.6 39.9 31.0 26.3 68.7 30.4
1.0 71.9 44.8 58.1 18.9 48.7 32.4 57.2 38.1 31.9 26.2 67.6 27.0

Table 6.9: Performance of our approach on different datasets when setting
different weight coefficients λ to fuse the graph prototype contrastive learning
(LGPC) and structure-trajectory prompted reconstruction (LSTPR) for model
training.

λ
KS20 KGBD IAS-A IAS-B BIWI-W BIWI-S

R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP
0.0 44.9 16.8 29.8 4.3 35.3 23.2 36.4 25.9 18.8 16.0 35.9 15.3
0.2 72.9 45.9 56.4 18.4 48.2 34.0 58.1 39.4 33.5 27.0 67.4 30.3
0.4 72.4 45.1 58.7 21.0 47.4 32.3 59.1 39.9 31.4 26.3 69.1 30.6
0.5 73.6 46.2 59.0 20.2 49.2 32.8 59.1 39.4 32.7 26.9 68.7 30.1
0.6 71.6 44.2 58.2 19.6 49.5 33.1 59.8 40.0 32.0 24.6 66.4 30.8
0.8 71.8 41.7 58.1 19.9 48.5 32.7 58.7 39.3 32.4 28.2 65.5 26.5
1.0 71.3 42.5 57.0 18.1 48.0 33.0 56.1 40.2 31.2 26.2 66.6 26.7

Table 6.10: Performance of our approach on different datasets when setting
different numbers of Skeleton Graph Transformer (SGT) layers.

Layer
KS20 KGBD IAS-A IAS-B BIWI-W BIWI-S

R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP
1 69.8 39.0 58.6 21.0 46.8 31.8 58.5 40.3 28.8 25.6 65.8 27.1
2 73.6 46.2 59.0 20.2 49.2 32.8 59.1 39.4 32.7 26.9 67.8 30.1
3 72.7 41.0 53.3 13.9 49.7 33.7 57.7 40.1 33.2 27.8 66.2 30.0
4 69.0 36.2 52.8 11.8 46.6 29.8 57.0 38.1 31.1 26.1 63.3 24.3

Table 6.11: Performance of our approach on different datasets when setting
different numbers of attention heads per SGT layer.

H
KS20 KGBD IAS-A IAS-B BIWI-W BIWI-S

R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP
4 73.2 46.2 56.9 18.4 46.7 33.9 57.2 38.0 31.2 26.5 67.5 29.9
8 73.6 46.2 59.0 20.2 49.2 32.8 59.1 39.4 32.7 26.9 68.7 30.1
16 72.7 46.4 56.6 17.5 48.5 33.0 58.6 39.5 32.7 26.7 68.5 30.2
32 72.9 44.7 52.6 15.4 49.1 32.0 58.5 39.9 32.5 27.0 66.3 29.5

6.4.7.1 Effects of Different Weight Coefficient α, β, and λ

As shown in Table 6.9, our approach can achieve the best performance in average

on different datasets when equally (i.e., λ = 0.5) fusing the proposed graph proto-

type contrastive learning (GPC) and structure-trajectory prompted reconstruction

(STPR). This is also consistent with our analysis in Sec. 6.4.11 that GPC and
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Table 6.12: Performance of our approach on different datasets when setting
different temperature τ1.

τ1
KS20 KGBD IAS-A IAS-B BIWI-W BIWI-S

R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP
0.01 73.1 42.2 59.2 18.1 48.1 32.0 59.4 40.7 31.9 26.6 68.0 27.2
0.1 73.4 45.2 58.0 20.4 49.3 32.6 59.8 41.8 31.5 27.1 69.3 29.5
1.0 72.7 43.9 57.8 19.6 49.6 35.8 59.1 39.6 32.3 27.0 69.1 32.1
10 73.4 41.1 57.0 18.4 50.5 32.0 59.7 40.3 32.7 26.7 66.7 30.2

Table 6.13: Performance of our approach on different datasets when setting
different temperature τ2.

τ2
KS20 KGBD IAS-A IAS-B BIWI-W BIWI-S

R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP
0.01 70.1 31.0 55.5 13.2 49.5 31.9 55.6 35.1 32.8 26.8 61.1 15.5
0.1 72.3 39.1 56.8 13.1 49.3 29.8 57.8 36.7 29.6 26.6 67.9 27.2
1.0 73.2 43.3 57.0 16.2 48.4 33.3 59.1 37.8 32.8 27.5 68.3 29.6
10 73.4 46.0 58.7 18.5 49.0 32.6 59.0 40.9 33.0 27.2 69.0 31.3

Table 6.14: Performance of our approach on different datasets when setting
different numbers of random structure masks.

a
KS20 KGBD IAS-A IAS-B BIWI-W BIWI-S

R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP
4 72.2 46.3 58.0 19.8 47.2 31.3 58.4 39.6 32.9 28.8 67.8 30.2
8 73.2 47.0 58.2 19.5 48.5 32.9 58.6 41.8 33.5 27.4 69.3 31.0
10 73.6 46.2 59.0 20.2 49.2 32.8 59.1 39.4 32.7 26.9 68.7 30.1
12 72.7 45.7 58.8 20.3 48.4 32.6 58.8 40.6 33.1 27.0 69.0 30.5

Table 6.15: Performance of our approach on different datasets when setting
different numbers of random trajectory masks.

b
KS20 KGBD IAS-A IAS-B BIWI-W BIWI-S

R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP
1 72.7 45.3 59.1 20.0 48.7 31.9 57.5 38.6 32.5 26.6 69.2 31.8
2 73.6 46.2 59.0 20.2 49.2 32.8 59.1 39.4 32.7 26.9 68.7 30.1
3 73.4 47.3 59.3 19.9 48.5 33.2 58.1 39.6 32.6 27.0 68.5 30.4
4 72.9 44.9 58.7 19.8 49.3 32.5 57.5 38.8 33.0 28.4 69.0 31.8

Table 6.16: Performance of our approach on different datasets when employing
different sequence length f .

f
KS20 KGBD IAS-A IAS-B BIWI-W BIWI-S

R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP
4 70.1 47.5 59.3 22.9 49.1 35.3 56.4 35.1 32.3 27.2 66.8 27.5
6 73.6 46.2 59.0 20.2 49.2 32.8 59.1 39.4 32.7 26.9 68.7 30.1
8 75.8 52.6 58.3 18.9 47.9 41.7 61.2 43.7 32.2 33.8 76.6 39.1
10 80.5 49.3 58.5 20.9 49.6 37.2 57.3 50.0 34.8 34.1 63.3 37.4

STPR are compatible and can facilitate each other to learn better skeleton graph

representations for person re-ID. Interestingly, only using the reconstruction mech-

anism (STPR) without GPC (λ = 0.0) can still learn effective skeleton graph

features for person re-ID despite with significantly lower accuracy, which suggests

the higher contribution of GPC and the limited ability of STPR on learning dis-

criminative skeleton features. For GPC, we observe that an appropriate fusion
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Table 6.17: Performance of our approach on different datasets when the SGT
uses (w/) positional encoding or without (w/o) positional encoding.

Pos. Enc.
KS20 KGBD IAS-A IAS-B BIWI-W BIWI-S

R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP
w/ 73.6 46.2 59.0 20.2 49.2 32.8 59.1 39.4 32.7 26.9 68.7 30.1
w/o 74.1 48.3 49.2 13.2 44.8 29.1 53.3 37.6 32.6 27.6 66.1 28.4

Table 6.18: Performance of our approach on different datasets when the STPR
uses ℓ1 or ℓ2 loss.

Loss Type
KS20 KGBD IAS-A IAS-B BIWI-W BIWI-S

R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP
ℓ2 48.1 15.8 36.0 5.7 46.5 24.1 48.3 35.5 33.0 29.0 61.3 29.5
ℓ1 73.6 46.2 59.0 20.2 49.2 32.8 59.1 39.4 32.7 26.9 68.7 30.1

(α = 0.4− 0.6) of sequence-level (Lseq
GPC) and skeleton-level (Lske

GPC) prototype con-

trastive learning obtains better results than solely using them (i.e., α = 0.0 or

α = 1.0), as shown in Table 6.7. Our model is not sensitive to the changes of

β when fusing structure-prompted and trajectory-prompted reconstruction. As

shown in Table 6.8, β = 0.5 achieves slightly better performance in average, while

a smaller value of β could benefit the model performance on some datasets such

as BIWI-S. As the skeleton data of different domains (e.g., datasets) are collected

under different conditions, the context of skeleton structure or trajectory may have

different contributions on the reconstruction and skeleton semantics learning, thus

β can be further selected to facilitate the model training.

6.4.7.2 Effects of Different Numbers of Attention Heads and SGT Lay-

ers

As shown in Tables 6.10 and 6.11, setting 2 SGT layers and 8 attention heads

per layer enables our model to obtain the best performance on different datasets.

Employing too many numbers of layers (4 layers) slightly reduces the performance

as it may largely expand the model scale and learn more redundant information.

The results also show that our model trained on the large dataset such as KGBD is

more sensitive to the layer variation. Since our approach under different numbers

of attention heads achieves similar performance, we empirically select H = 8 heads

to achieve a better trade-off between computational cost and performance.
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6.4.7.3 Effects of Other Parameters

As shown in Tables 6.12, 6.14 and 6.15, our approach is not sensitive to changes

of some parameters such as the temperature τ1 and random mask numbers (a, b).

In practice, we select a = 10 and b = 2 as this setting achieves slightly better

performance on different datasets. Although setting different τ1 value may obtain

similar results, we observe that their scales could influence the training stability

(i.e., setting too small or too large values induces more evident performance vari-

ations). We therefore choose a moderate value for the temperature τ1. The results

in 6.13 show that TranSG achieves higher performance when setting a relatively

higher value for the temperature τ2, which also improves the training stability (i.e.,

smaller loss fluctuation) of our model on different datasets. In our experiments,

the temperatures are empirically set to τ1 = 0.07 and τ2 = 14, and they could be

further tuned for better performance.

Analysis of ℓ1 loss for STPR. As shown in Table 6.18, employing ℓ1 loss for

STPR mechanism achieves significantly higher performance than using ℓ2 loss on

different datasets. It is also observed that using ℓ2 could induce relatively large

performance variations in terms of both Rank-1 accuracy and mAP, especially on

large datasets such as KS20 and KGBD. These results suggest that solely using the

ℓ2 loss might be difficult to learn precise or stable reconstruction in TranSG, and

verify the effectiveness of ℓ1 norm in facilitating better higher model performance

with more stable structure-trajectory prompted reconstruction, which is also con-

sistent with the analysis in previous work[114]. It is worth noting that in practice

the deep learning platforms such as Tensorflow have manually defined a pseudo

gradient (e.g., gradient is set to 0) for ℓ1 loss at x=0 to avoid the non-differentiable

problem in loss optimization.

6.4.8 Analysis of Multi-Shot Performance

We evaluate the multi-shot performance of our approach with different settings

of sequence lengths f (i.e., f -shot person re-ID). Since skeleton sequences contain

more pattern features as f increases, our approach is capable of learning more ef-

fective skeleton graph representations to achieve larger performance improvement

in most cases as shown in 6.16. Nevertheless, it is interesting to note that us-

ing shorter sequences sometimes performs better than longer sequences on small
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datasets such as IAS-B and BIWI-S, implying that a larger size of available training

sequences under smaller f settings could help learn better representations on those

datasets. It should be noted that in our work, we evaluate all compared methods

under the same sequence length (f = 6) following the literature [5, 61].

6.4.9 Analysis of Positional Encoding

The positional encoding used in our SGT helps preserve the unique positional in-

formation of nodes based on the graph structure i.e., structurally nearby nodes

are endowed with similar positional features while the farther nodes possess more

different positional features [145, 148]. As shown in Table 6.17, removing the po-

sitional encoding can reduce our model performance in most cases, which demon-

strates the important role of positional information in the skeleton graph learning

of our approach, as it encourages capturing richer structural graph context for re-

lation learning and graph reconstruction. Interestingly, our model achieves similar

(slightly lower) performance on the KS20 dataset when removing positional encod-

ing. As each skeleton of KS20 contains more body-joint nodes than that of other

datasets, there could be two possible reasons for this result: (1) The positional

encoding based on a small number of eigenvectors (K = 10) might be insufficient

to characterize the unique node information from a large skeleton graph, and we

can improve K for better learning. (2) Directly introducing positional informa-

tion into the learning of larger graphs might not be suitable, so a more effective

skeleton-based positional encoding mechanism should be devised.

In practice, we found that setting different K ranging from 6 to 14 achieves similar

performance, while using K = 10 obtains slightly better average performance on

different datasets. The results show that our model is not sensitive to the change

of eigenvector number. We will further explore the issue (2) in the future work.

6.4.10 Analysis of Body Relations

As shown in Fig. 6.8-6.11, we visualize three learned full-relation (FR) matrices for

the same skeleton sequence in different datasets. Note that there are totally H = 8

learned relation matrices in our approach and here we only visualize 3 of them.

Since each FR head computes f relation matrices corresponding to f skeleton
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Figure 6.8: (a) Visualization of full-relation (FR) among body-joint nodes for
testing skeletons in KS20. (a)-(b) represent the relations learned by the 1st, 4th,
and 8th FR heads. Note that the abscissa and ordinate denote indices of nodes
(see Sec. 6.3.1.4).
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Figure 6.9: (a) Visualization of full-relation (FR) among body-joint nodes for
testing skeletons in IAS. (a)-(b) represent the relations learned by the 1st, 4th,
and 8th FR heads. Note that the abscissa and ordinate denote indices of nodes
(see Sec. 6.3.1.4).
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Figure 6.10: (a) Visualization of full-relation (FR) among body-joint nodes
for testing skeletons in BIWI. (a)-(b) represent the relations learned by the 1st,
4th, and 8th FR heads. Note that the abscissa and ordinate denote indices of
nodes (see Sec. 6.3.1.4).

graphs in a sequence, we average them into a matrix to show the mean relations of

body-joint nodes. We can observe that FR heads can capture different correlations

between different nodes, and they can individually focus on patterns of the same

body part correlated with other parts. For example, the 4th FR head trained on

BIWI focuses on salient relations between nodes 6-9 and nodes 14-17 (see Fig. 6.10
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Figure 6.11: (a) Visualization of full-relation (FR) among body-joint nodes
for testing skeletons in KGBD. (a)-(b) represent the relations learned by the 1st,
4th, and 8th FR heads. Note that the abscissa and ordinate denote indices of
nodes (see Sec. 6.3.1.4).

(b)), while the 8th head pays more attention to patterns between nodes 6-9 and

other body components (i.e., nodes 12-13 and 18-19 (see Fig. 6.10 (c)). These

results demonstrate that the multiple FR heads in SGT can capture different body

and motion relations of nodes from different representation subspaces to facilitate

learning a better skeleton graph representation.

6.4.11 Analysis of Training Process

We visualize the total training loss L in Fig. 6.12, and the results suggest that our

model learning can converge very fast in the first 100 optimization epochs. Mean-

while, the graph prototype contrastive (GPC) loss LGPC and structure-trajectory

prompted reconstruction (STPR) loss curves LSTPR show similar learning effects

with L, as individually presented in Fig. 6.13 and 6.14. This validates our intuition

that the graph semantics learning during skeleton reconstruction (STPR) and the

discriminative feature learning in the supervised contrastive learning (GPC) are

compatible and they can be combined to facilitate the model training. To provide

a further analysis of the learned skeleton representations, we follow [61] to estimate

the mean intra-class tightness (mACT) and mean inter-class looseness (mRCL) of

the learned skeleton graph representations w.r.t. the ground-truth classes. The

mACT and mRCL can serve as effective evaluation metrics of the contrastive rep-

resentation learning and identity-associated semantics learning4. As shown in Fig.

6.15 and 6.16, the training of our approach progressively and significantly improves

4According to the criterion in [61], a good model should satisfy: The same-class represen-
tations are gathered closer (higher mACT) while different-class representations possess larger
distances (higher mRCL).
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Figure 6.12: The total training loss curves on different training datasets.
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Figure 6.13: The graph prototype contrastive learning loss (LGPC) curves on
different training datasets.
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Figure 6.14: The graph structure-trajectory prompted reconstruction loss
(LSTPR) curves on different training datasets.
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Figure 6.15: The mean intra-class tightness (mACT) of skeleton representa-
tions learned by our approach on different training datasets.

both mACT and mRCL of the learned skeleton graph representations on different

datasets, which demonstrates that the proposed TranSG can encourage the model

to capture effective class-related semantics (e.g., inter-class differences) to learn

more discriminative skeleton representations for person re-ID.
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Figure 6.16: The mean inter-class looseness (mRCL) of skeleton representa-
tions learned by our approach on different training datasets.

6.4.12 Analysis of Confusion Matrix

As shown in Fig. 6.17, we visualize the confusion matrices of our approach when

performing person re-ID with the Rank-1 matching (i.e., predicting the identity

of each probe sequence using the Rank-1 gallery sequence that has the smallest

Euclidean distance) on all testing sets (probe sets). Fig. 6.17 (a)-(f) show that each

confusion matrix possesses an evident alignment between the predicted identities

and the ground-truth identities on the diagonal line. This suggests that skeleton

sequences in most classes can be correctly matched between the probe set and

gallery set in each dataset. Moreover, it can be seen that the ratios of classes with

high accuracy (i.e., ratios of red grids on the diagonal line) in KS20 and BIWI-

Still are larger than that in IAS-A, IAS-B, KGBD, and BIWI-Walking. The larger

numbers of white and red grids diffused around the diagonal lines, which represent

the higher proportions of false matches, on the matrices of IAS-A (see Fig. 6.17

(c)) and BIWI-Walking (see Fig. 6.17 (f)) imply that our model tends to confuse

skeleton sequences of more different identities on these datasets. These results are

consistent with the performance results shown in our work.

6.5 Summary

In this chapter, we propose TranSG to learn effective representations from skeleton

graphs for person re-ID. We devise a skeleton graph transformer (SGT) to perform

full-relation learning of body-joint nodes to aggregate key body and motion fea-

tures into graph representations. A graph prototype contrastive learning (GPC)

approach is proposed to learn discriminative graph representations by contrasting

their inherent similarity with the most representative graph features. Furthermore,
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(a) Confusion Matrix on KS20
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(c) Confusion Matrix on IAS-A
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(d) Confusion Matrix on IAS-B
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(e) Confusion Matrix on BIWI-
Still

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27
Predicted ID

1
2
3
4
5
6
7
8
9

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27

Gr
ou

nd
-Tr

ut
h 

ID

0.0

0.2

0.4

0.6

0.8

1.0

(f) Confusion Matrix on BIWI-
Walking

Figure 6.17: Visualization of confusion matrices on KS20 (a), KGBD (b),
IAS-A (c), IAS-B (d), BIWI-Still (e), and BIWI-Walking (f) when using the
Rank-1 matching. Note that abscissa and ordinate denote the predicted and
ground-truth identities, respectively. The position in the ath row and bth column
indicates that the testing samples belonging to the ath identity is predicted as
the bth identity, while the corresponding value is the proportion of such samples
to the same-identity samples in the testing set.
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we design a graph structure-trajectory prompted reconstruction (STPR) mecha-

nism to encourage learning richer graph semantics and key patterns for person

re-ID. TranSG outperforms existing state-of-the-art models, and can be scalable to

be applied to different scenarios.



Chapter 7

Skeleton-Based Person Re-ID

Enhanced by Feature Re-Ranking

7.1 Introduction

3D skeletons (i.e., 3D coordinates of body joints) captured by depth sensors such

as Kinect [22] have been utilized as efficient body representations for person re-ID

[2, 4, 24]. The skeleton-based person re-ID can be viewed as a retrieval problem

to search skeleton sequence representations with the target identity in the gallery

(i.e., ranking list of representations) when given a probe skeleton sequence repre-

sentation [5]. During the exploring and designing process of skeleton-based person

re-ID models, researchers noticed that the quality of ranking of skeleton features

could influence the final result of person re-ID, which suggests that a higher-quality

ranking process can be integrated to improve the retrieval results and model per-

formance (corresponding to the fourth challenge in Sec. 1.2). To this end, a

good practice is to add a re-ranking process, which can synergize different metrics

and context information to re-sort feature distances to improve retrieval accuracy

[127, 150, 151]. However, recent research endeavors in skeleton-based person re-

ID (see Chapter 4 and 5) [2, 4, 25] neither explicitly investigate existing feature

re-ranking techniques nor explore their effectiveness on skeleton-based features or

models, which motivates us to study a general re-ranking technique for this area.

This chapter has been published as: Haocong Rao, Yuan Li, and Chunyan Miao, “Revisit-
ing k-Reciprocal Distance Re-ranking for Skeleton-Based Person Re-Identification,” IEEE Signal
Processing Letters (SPL), 2022 [149]. DOI: 10.1109/LSP.2022.3212634.

143
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Existing re-ranking models [127, 152, 153] are typically designed for conventional

person re-ID methods that utilize visual features (e.g., RGB-based appearances),

while re-ranking for skeleton-based person re-ID still remains to be explored. Due

to the modality gap between RGB images and skeletons, the RGB-based re-ranking

paradigms using a certain distance metric (e.g., Mahalanobis distance [127]) might

be inapplicable to skeleton features, thus a more general feature re-ranking model is

desired. On the other hand, different from traditional models [154–156] that lever-

age a single image for retrieval, skeleton-based person re-ID [5] generally matches

identities between two skeleton sequences, each of which contains multiple skeleton

representations that need to be integrated for better feature ranking.

To address the above challenges, we for the first time propose a general re-ranking

method for skeleton-based person re-ID, which can exploit the salient features of

skeleton sequences to perform k-reciprocal distance encoding for feature re-ranking.

Specifically, considering that each skeleton representation is equally important and

can individually characterize the identity [5], we first model skeleton representa-

tions within a sequence as a feature set [157], and propose the skeleton sequence

pooling (SSP) that combines average pooling and max pooling to aggregate the

most salient features of a skeleton sequence for better ranking. Then, we encode

the neighbor (i.e., k-reciprocal nearest neighbors [127]) distance and context in-

formation of skeleton sequence representations into a feature vector (defined as

“k-reciprocal distance vector”) with the Jaccard metric, and exploit the fusion of

both original Euclidean distance and k-reciprocal distance for re-ranking. Lastly,

we devise the context-based Rank-1 voting, which jointly utilizes the local context

(i.e., top-k candidates) of gallery representations in both initial ranking list and

re-ranking list to select the Rank-1 candidate for person re-ID.

With this chapter, we make the following contributions:

• We propose a generic re-ranking method with skeleton sequence pooling

(SSP) that can aggregate salient features of a skeleton sequence for person

re-ID re-ranking.

• We encode k-reciprocal nearest neighbors of skeleton sequence representations

into k-reciprocal distances, which is fused with the original distance to re-rank

features.
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• We devise the context-based Rank-1 voting that jointly exploits the initial

ranking and re-ranking lists to vote for a more reliable Rank-1 candidate for

person re-ID.

• Experiments on three benchmarks show that our method is highly effective on

re-ranking various state-of-the-art skeleton representations to improve their

performance.

7.2 The Proposed Approach

In this section, we formulate the definition of skeleton-based person re-ID re-

ranking, and present the details of each component in our method, whose overview

is given in Fig. 7.1.

7.2.1 Problem Definition

Suppose that a 3D skeleton sequence is S1:f = (S1, · · · ,Sf ) ∈ Rf×X , where Si ∈
RX denotes the ith skeleton with 3D coordinates of J body joints and X = 3 ×
J . A skeleton-based person re-ID model encodes f skeletons S1:f into effective

representations v1:f = (v1, · · · ,vf ), which are then integrated into a sequence

representation by P (v1:f ) = v, where P ( · ) is a transformation function and v

denotes the final sequence representation for person re-ID.

The goal of skeleton-based person re-ID is to search skeleton sequence represen-

tations of the same person in the gallery set when given a representation from

the probe set. Formally, given a skeleton sequence representation p of the per-

son P from the probe set and n representations from the gallery set, denoted as

G = {g1, g2, · · · , gn}, the distance between two representations is measured by

Euclidean distance [5] with:

DE(p, gi) = ∥p− gi∥2 , (7.1)

where DE(p, gi) denotes the Euclidean distance between the probe representation

p and gallery representation gi and ∥ · ∥2 represents the l2 norm. Based on the

Euclidean distance in Eq. (7.1), we can obtain the initial ranking list L0(p,G) =
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Figure 7.1: Overview of our method with skeleton sequence pooling (SSP),
fused distance based re-ranking, and Rank-1 voting for skeleton-based person
re-ID.

{g0
1, g

0
2, · · · , g0

n}, where DE(p, g0
i ) ≤ DE(p, g0

i+1). The goal of our approach is to

re-rank L(p,G), such that more representations with the target identity are listed

as candidates on the top to improve the person re-ID performance.

7.2.2 Skeleton Sequence Pooling

In the skeleton-based re-ID task, a model learns representations for multiple skele-

tons in a sequence (see Sec. 7.2.1) to characterize structured body features

(i.e., body joints) and gait patterns, which fundamentally differs from conven-

tional person re-ID methods that utilize a single RGB image to match persons.

To aggregate the most salient features from the learned skeleton representations

v1:f = (v1, · · · ,vf ) within a sequence for ranking, we propose to regard v1:f as a

feature set [157] (i.e., assuming that each skeleton representation can effectively

characterize the identity), and apply the average pooling (AP) and max pooling

(MP) on the set to obtain the corresponding sequence representation by:

v = P (v1:f ) = average(v1:f ) + max(v1:f )

=

(
1

f

f∑
t=1

[v1
t , · · · ,vn

t ]

)
+ [v1

x1
, · · · ,vn

xn
],

(7.2)

where average( · ), max( · ) are element-based AP and MP operations over the set

dimension, v ∈ Rn denotes the final sequence representation, vi = [v1
i , · · · ,vn

i ] ∈
Rn, n is the dimension number of skeleton representations, vn

i ∈ R is the nth
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element of the ith skeleton representation (i.e., feature vector vi), and we have

xn = argmax
i

vn
i . AP and MP can be viewed as unique statistical functions [49, 157]

to extract the global average information and salient features of all skeletons within

a sequence. As both addition and concatenation achieve similar performance in

practice (see Sec. 7.4.1), we adopt addition in Eq. (7.2) to retain a small feature

dimension (i.e., half of dimension compared with concatenation) to reduce the

computational cost. Note that we employ skeleton sequence pooling in both probe

and gallery sets, where v is denoted as p and g, respectively, for simplicity of

presentation.

7.2.3 k-Reciprocal Distance Encoding

For a probe representation p, we define its k-nearest neighbors (k-NN) as the top-k

gallery representations of the initial ranking list [158], which can be represented as:

N (p, k) =
{
g0
1, g

0
2, · · · , g0

k

}
, (7.3)

where |N (p, k)| = k and | · | represents the number of candidates in the set. Fol-

lowing [127], we define the k-reciprocal nearest neighbors R(p, k) by:

R(p, k) = {gi | (gi ∈ N (p, k)) ∧ (p ∈ N (gi, k))} . (7.4)

The k-reciprocal nearest neighbors R(p, k) contain more related representations of

p than the k-NN set N (p, k), as it takes the intersection of both original set and

the k-NN sets of its neighbors. Different from [127] that performs an expansion

process to add more candidates from R(gi,
1
2
k) to the set, where gi ∈ R(p, k), we

adopt the original set R(p, k) that is stricter against including too many negative

candidates.

Then, we encode the k-reciprocal nearest neighbor set into a k-reciprocal feature

vector Fp =
[
Fp,g1

,Fp,g2
, · · · ,Fp,gn

]
, where each item of the vector is computed by

the Gaussian kernel as:

Fp,gi
=

exp (−DE (p, gi)) if gi ∈ R(p, k)

0 otherwise.
(7.5)
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Fp,gi
can be viewed as a distance-based indicator to show the inherent similarity

between the probe representation p and each of its k-reciprocal nearest neighbor,

i.e., the neighbor with smaller original distance is more similar and assigned with

a larger weight. In this way, the vector Fp combines both contextual knowledge of

neighbors (see Eq. (7.4)) and distance information (see Eq. (7.1)) to characterize

the discriminative relationship between p and G = {g1, g2, · · · , gn}.

Considering that the overlapping degree of k-reciprocal nearest neighbor sets

between two skeleton representations can indicate their inherent correlations

[127, 159], i.e., representations that share more neighbors in the sets possess higher

similarity, we exploit the Jaccard metric to re-compute the new distance, i.e., k-

reciprocal distance, between p and gi:

DJ (p, gi) = 1− |R(p, k) ∩R (gi, k)|
|R(p, k) ∪R (gi, k)|

= 1−

∑N
j=1 min

(
Fp,gj

,Fgi,gj

)
∑N

j=1 max
(
Fp,gj

,Fgi,gj

) , (7.6)

where the numbers of candidates in the interaction and union of sets are cal-

culated by
∥∥min

(
Fp,Fgi

)∥∥
1

=
∑N

j=1 min
(
Fp,gj

,Fgi,gj

)
and

∥∥max
(
Fp,Fgi

)∥∥
1

=∑N
j=1 max

(
Fp,gj

,Fgi,gj

)
, respectively, based on the definition of Eq. (7.5).

min( · , · ) and max( · , · ) denote the operation of the element-based minimization

and maximization. ∥ · ∥1 is the l1 norm. Eq. (7.6) transforms the set compar-

ison under the Jaccard metric into pure vector calculation, which enables easily

computing the k-reciprocal distance between two representations.

Local Query Expansion. As the k-nearest neighbors of the probe representation

p share highly similar features, we can exploit them to implement a local expansion

of query [127]. Specifically, we average the k-reciprocal distance features of the

neighbors of p to define the corresponding query as:

Fp =
1

|N (p, k)|
∑

gi∈N (p,k)

Fgi
. (7.7)

This local query expansion is performed on both probe representation p and gallery

representation gi. For clarity, we denote the sizes of R(p, k) in Eq. (7.5) and
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N (p, k) in Eq. (7.7) as k1 and k2, respectively. To reduce the potential noisy in

the k-nearest neighbors, we follow [127] to set a small value of k2.

7.2.4 Fused Distance Based Re-Ranking

We re-rank the initial ranking list L0(p,G) based on the fused distance D∗, com-

bining both original Euclidean distance DE (Eq. (7.1)) and k-reciprocal distance

DJ (Eq. (7.6)) with:

D∗ (p, gi) = βDE (p, gi) + (1− β)DJ (p, gi) , (7.8)

where β ∈ [0, 1] is the fusion coefficient. The larger value of β indicates higher

influence of the original distance on the re-ranking, while β = 0 means only consid-

ering the k-reciprocal distance. We denote the re-ranking list based on the fused

distance in Eq. (7.8) as L∗(p,G) = {g∗
1, g

∗
2, · · · , g∗

n}.

7.2.5 Context-Based Rank-1 Voting

To further improve the accuracy of Rank-1 matching, we propose to simultaneously

maintain both original ranking list (L0) and re-ranking list (L∗) to vote for the

nearest neighbor (i.e., Rank-1 candidate) of the probe representation p based on

the context of lists. In particular, when the Rank-1 candidate is different between

two lists, we give the preference to the one that has more same-identity candidates

in the local context (i.e., first k candidates) of the ranking list, formulated as:

g1 =


g∗
1 if |g∗

i ∈ L∗(p,G)| ≥ |g0
i ∈ L0(p,G)|,

where id(g∗
i ) = id(g∗

1), id(g0
i ) = id(g0

1).

g0
1 otherwise.

(7.9)

In Eq. (7.9), g1 denotes the final Rank-1 gallery candidate with higher votes of

the same identity (id( · )) in the first k3 positions of lists. For convenience, we use

L∗(p,G) and L0(p,G) to represent {g∗
1, g

∗
2, · · · , g∗

k3
} and {g0

1, g
0
2, · · · , g0

k3
}, respec-

tively. As the context of top-ranking representations typically contain multiple

related representations with the same identity in the ranking list, the proposed
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context-based Rank-1 voting can jointly exploit two ranking lists with the avail-

able gallery identity information to select a more reliable Rank-1 candidate to

perform person re-ID. It is worth noting that the Rank-1 voting is only utilized for

Rank-1 matching while NOT changing the re-ranking list and corresponding mAP

results.

7.3 Experiments

7.3.1 Experimental Setup

7.3.1.1 Datasets

Our approach is evaluated on three public benchmarks: IAS-Lab RGBD-ID Dataset

(IAS) [120], KS20 VisLab Multi-View Kinect Skeleton Dataset (KS20) [119], and

BIWI RGBD-ID Dataset (BIWI) [1], which contain skeletons of 11, 20, and 50

different persons, respectively. We follow the commonly-used probe and gallery

settings in [5]. The full description and visual samples of datasets are provided in

Sec. 4.3.1.1.

7.3.1.2 Probe and Gallery Settings

We follow the commonly-used settings of probe and gallery in the literature [5]: For

the BIWI and IAS datasets, as different testing sets are non-overlapped and contain

all pedestrians under different scenes, we evaluate our approach on each testing set

by setting it as the probe while the other one is adopted as the gallery. The

KS20 dataset collects skeleton data of pedestrians from five different viewpoints,

including 0◦, 30◦, 90◦, 130◦, and 180◦. We randomly take one skeleton sequence

from each view as the probe sequence and use one half of the remaining sequences

for training and the other half as the gallery. Experiments with each setup are

repeated for multiple times and the average performance is reported in this work.
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7.3.1.3 Implementation Details

Dataset Preprocessing Setups. To avoid ineffective skeleton recording, we dis-

card the first and last 10 skeleton frames of each original skeleton sequence. For

KS20, BIWI, and IAS datasets, all skeleton sequences are normalized by subtract-

ing the spine joint position from each joint of the same skeleton so that the skeleton

is translation invariant [124]. Then, we spilt all normalized skeleton sequences in

the training sets into multiple shorter skeleton sequences (i.e., S1:f ) with length f

by a step of f
2
, which aims to obtain as many 3D skeleton sequences as possible to

train our approach. We split all skeleton sequences in the gallery and probe sets

into shorter and non-overlapping sequences with length f . Unless explicitly spec-

ified, the skeleton sequence S1:f in our work refers to those split and normalized

sequences used in learning, rather than those original skeleton sequences provided

by datasets. We follow the data augmentation strategy used in [4, 7, 8] to sample

more sequences for different identities in the training set, and train our approach

with randomly shuffled and unlabeled skeleton sequences.

Model Parameter Setups. The body-joint numbers are J = 25 for KS20,

J = 20 for BIWI and IAS. We follow [5] to set the sequence length f = 6 for a

fair comparison and select the best model parameters for existing skeleton-based

person re-ID methods (SGELA [4], MG-SCR [7], SM-SGE [8], SimMC [5]). We

follow [127] to set k1 = 20, k2 = 6, and β = 0.3 for the original k-reciprocal re-

ranking (k-RR) method. For our approach, we empirically employ k1 = 30, k2 = 6,

and k3 = 4 on all datasets. The β is set to 0.7 for SGELA, 0.8 for SimMC, and 0.6

for MG-SCR and SM-SGE.

Baseline Method Setups. To validate the effectiveness and generality of the

proposed re-ranking approach, we apply it to four state-of-the-art skeleton-based

person re-ID models [4, 5, 7, 8], and compare the person re-ID performance after

re-ranking with the original baseline performance. Our approach is also compared

with the original k-reciprocal re-ranking method k-RR [127] on different datasets.

7.3.1.4 Evaluation Metrics

Rank-1 accuracy (R1) and Mean Average Precision (mAP) [49] are adopted to

quantitatively evaluate the performance of person re-ID.
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Table 7.1: Original and re-ranking performance of skeleton-based person re-
ID models on different datasets. Our method is compared with the original
k-reciprocal distance re-ranking (k-RR) [127]. The bold indicates better re-
ranking performance.

Methods
KS20 IAS-A IAS-B BIWI-S BIWI-W

R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP

SGELA [4] 45.0 21.2 16.7 13.1 22.2 14.0 25.8 15.1 11.7 19.0

SGELA + k-RR [127] 35.0 20.0 21.9 13.2 16.0 14.0 36.7 17.7 10.5 19.8

SGELA + Ours 47.0 22.0 22.0 13.5 22.4 14.5 40.5 18.6 11.9 20.1

MG-SCR [7] 46.3 10.4 36.4 14.1 32.4 12.9 20.1 7.6 10.8 11.9

MG-SCR + k-RR 36.3 9.4 30.4 14.3 30.2 13.9 21.7 8.0 9.1 11.6

MG-SCR + Ours 47.9 10.4 37.3 14.1 36.3 13.9 22.3 7.1 9.4 11.1

SM-SGE [8] 45.9 9.5 34.0 13.6 38.9 13.3 31.3 10.1 13.2 15.2

SM-SGE+ k-RR 33.6 8.7 31.9 14.4 31.1 13.8 31.4 10.8 12.7 15.4

SM-SGE + Ours 46.9 8.9 36.9 14.3 42.6 13.9 30.3 10.3 13.7 14.4

SimMC [5] 66.4 22.3 44.8 18.7 46.3 22.9 41.7 12.3 24.5 19.9

SimMC + k-RR 63.3 23.2 44.1 23.4 41.9 26.5 35.7 15.5 19.1 22.6

SimMC + Ours 69.5 24.0 55.1 23.4 49.3 27.2 48.6 14.9 25.4 20.5

7.3.2 Experimental Results

As shown in Table 7.1, the proposed re-ranking approach consistently improves the

performance of the original SGELA [4], MG-SCR [7], and SimMC [5] models by

up to 5.3% for Rank-1 accuracy and 4.7% for mAP on KS20, IAS-A, and IAS-B

testing sets. This demonstrates the effectiveness of our approach when applied

to different models. Although the k-RR model [127] obtains slightly better mAP

results on BIWI-S and BIWI-W, it performs poorly on many other datasets and

even largely degrades the performance of original models, which implies that the

k-RR might lack the generality to be applied to re-ranking skeleton features. In

contrast, our approach is more stable with higher performance than k-RR by 5.8%

for Rank-1 accuracy and 0.05% for mAP in average on all datasets, which suggests

that our method that combines skeleton sequence pooling (SSP) and fused distance

based re-ranking is more effective on skeleton-based models.

7.4 Further Analysis

7.4.1 Ablation Study

As reported in Table 7.2, using the fused distance based re-ranking (FDR) achieves

higher person re-ID performance than the baseline by 1.2-4.1% mAP, while solely
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Table 7.2: Ablation study of our approach (on SimMC) with different config-
urations: Direct fused distance based re-ranking (FDR), context-based Rank-1
voting (RV), and skeleton sequence pooling (SSP). We compare the addition
(Add.) and concatenation (Concat.) of two pooling features for SSP.

KS20 IAS-A

Configurations R1 mAP R1 mAP

Baseline (SimMC) 66.4 22.3 44.8 18.7

+ FDR 66.4 23.5 44.9 22.8

+ FDR + RV 68.8 23.5 53.9 22.8

+ SSP (Add.) + FDR 68.2 24.0 45.0 23.4

+ SSP (Concat.) + FDR + RV 69.5 23.8 54.7 22.9

+ SSP (Add.) + FDR + RV 69.5 24.0 55.1 23.4
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Figure 7.2: Result comparison between the original ranking list (g0
i ) and re-

ranking list (g∗
i ) when applying our approach to SimMC on two different probe

sequences (p) of KS20. ! and# indicate the true match and false match. The
proposed re-ranking can assign higher ranks to correct gallery sequences (green
and blue boxes) and add more true matches to the top list.

adding SSP or the proposed Rank-1 voting (RV) can improve Rank-1 accuracy

by 2.4-9.0% and 0.1-1.8%, respectively, which demonstrates their effectiveness in

our approach. Combining both of them achieves the best Rank-1 accuracy and

mAP on different datasets, as they enables our model to aggregate salient skeleton

sequence features (SSP) for ranking while improving the performance of Rank-1

matching with Rank-1 voting (RV). The results also show that different combining

manners (Add. or Concat.) in SSP (see Sec. 7.2.2) achieve similar performance.

Other datasets also report similar results.

7.4.2 Qualitative Analysis

To validate the effectiveness of our approach, we visualize skeleton sequences in

the probe and their corresponding original ranking and re-ranking lists of gallery
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Table 7.3: Performance of our approach when applied to the SimMC model
with different values of k1 (used in R(p, k1)) on KS20. We adjust this parameter
while keeping others consistent.

k1 5 10 15 20 25 30

R1 69.6 69.1 68.6 69.5 69.1 69.5

mAP 24.1 24.4 24.3 24.3 24.1 24.0

Table 7.4: Performance of our approach when applied to the SimMC model
with different values of k2 (used in query expansion) on KS20. We adjust this
parameter while keeping others consistent.

k2 2 4 6 8 10 12

R1 69.7 69.9 69.5 68.9 69.5 69.1

mAP 23.9 24.1 24.0 23.7 23.5 23.3

Table 7.5: Performance of our approach when applied to the SimMC model
with different values of k3 (used in Rank-1 voting) on KS20. We adjust this
parameter while keeping others consistent.

k3 4 8 12 16 20 24

R1 69.5 67.8 68.0 67.6 68.2 68.0

mAP 24.0 24.0 24.0 24.0 24.0 24.0

Table 7.6: Performance of our approach when applied to the SimMC model
with different values of β (distance fusion coefficient) on KS20. We adjust this
parameter while keeping others consistent.

β 0.0 0.2 0.4 0.6 0.8 1.0

R1 70.1 70.3 70.1 69.7 69.5 65.8

mAP 21.4 23.4 23.6 23.8 24.0 22.8

sequences on KS20 dataset. As presented in Fig. 7.2, compared with the original

list that assigns high ranks to false matches, our re-ranking approach can move

the nearest true matches of gallery sequences to the top and replace the false ones.

Besides, when two lists share true matches on the top, the re-ranking list can keep

those consistent sequences while adding more related sequences of the same identity

to the list. These results show the validity of our approach on re-ranking skeleton

sequence representations for better person re-ID.

7.4.3 Analysis of Hyperparameters

We evaluate the effects of different hyper-parameters on our approach in Table 6.7

and obtain the following observations and conclusions: (1) Our approach is not

sensitive to different settings of k1 and k2 despite with slight performance variations.
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In practice, we select the best value for our approach to achieve better average

performance on all datasets. (2) Adopting a lower value of k3 can significantly

improve Rank-1 accuracy, which suggests that exploiting the topper candidates

(e.g., top four gallery representations (k3 = 4)) as a context for voting can achieve

more Rank-1 true matches. (3) Solely using the k-reciprocal distance for re-ranking

(β = 0.0) obtains higher performance than using the original Euclidean distance

(β = 1.0), while an appropriate combination of them can achieve the best overall

performance. These results further demonstrate the necessity of employing the

fused distance to re-rank skeleton representations for better person re-ID.

7.5 Summary

In this chapter, we revisit the k-reciprocal distance re-ranking and devise a generic

re-ranking method for skeleton-based person re-ID. The skeleton sequence pooling

is proposed to aggregate the salient skeleton features of a sequence for feature

ranking. We fuse both original Euclidean distance and k-reciprocal distance of

skeleton sequences to perform re-ranking. We further devise the context-based

Rank-1 voting to combine both initial ranking and re-ranking lists to enhance the

Rank-1 matching. Our approach can effectively re-rank existing skeleton features

to improve person re-ID performance.
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Conclusions and Future Works

8.1 Conclusions

In this thesis, we focus on the problem of skeleton-based person re-ID, and explore

AI-empowered solutions to effectively learn discriminative body structure features

and motion patterns from skeleton data to identify different persons. With the aim

to achieve more effective and efficient skeleton-based person re-ID, we concentrate

on four key challenges in this area, including unlabeled skeleton learning, multi-level

body modeling, body relation learning, general model enhancement, and respectively

propose four novel AI-based models and frameworks to address them.

• To address the challenge of simultaneously capturing identity-related and

general skeleton features from unlabeled skeletons (see Chapter 4), we de-

vise an unsupervised Simple Masked Contrastive learning (SimMC) frame-

work. It leverages unsupervised Masked Prototype Contrastive (MPC) learn-

ing to capture the most representative and discriminative skeleton features

(prototypes) from masked skeleton sub-sequences, and exploits the Masked

Intra-sequence Contrastive (MIC) learning to encourage capturing domain-

general skeleton semantics such as motion continuity to enhance the skeleton

representation learning. To the best of our knowledge, SimMC is the first

unsupervised skeleton representation learning framework for skeleton-based

person re-ID. Empirical evaluations on four benchmark datasets show that

156
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SimMC significantly outperforms most state-of-the-art skeleton-based meth-

ods, and can serve as a generic contrastive paradigm to fine-tune and boost

existing skeleton representations.

• To solve the problem of multi-level body modeling using skeletons (see Chap-

ter 5), we devise an unsupervised Hierarchical skeleton Meta-Prototype Con-

trastive learning (Hi-MPC) approach, which exploits hierarchical skeleton

representations from coarse to fine to characterize anthropometric and ki-

netic body features. To improve the robustness and consistency of prototype

estimation and learning in previous studies (see Chapter 4), we introduce

meta-prototype contrastive learning by constructing different homogeneous

contrastive subspaces to jointly learn discriminative prototypes. Moreover,

we propose the first Hard Skeleton Mining (HSM) mechanism specifically

for skeleton-based person re-ID, which can focus on more important skele-

ton representations at different levels to enhance the model performance.

Extensive experiments on five public benchmarks, including multi-view and

RGB-estimated skeletons, demonstrate the effectiveness and scalability of

Hi-MPC. We also reveal the feasibility of utilizing more concise and abstract

skeleton representations to perform person re-ID, opening new possibilities

for efficient skeletal modeling and model compression in future.

• To resolve the challenge of body relation learning within skeletons (see Chap-

ter 6), we propose a generic Transformer-based Skeleton Graph prototype

contrastive learning (TranSG) paradigm, which concurrently captures struc-

tural and actional relations of from both adjacent and non-adjacent body-

component nodes. We further improve the reliability of previous skeleton

prototype learning (see Chapter 4 and 5) by introducing the supervision

of ground-truth labels. To capture general valuable body structural and

motion features under the supervised prototype learning, we propose the

Structure-Trajectory Prompted Reconstruction (STPR) mechanism to en-

hance the general high-level skeleton semantics learning for person re-ID. To

the best of our knowledge, TranSG is the first transformer paradigm that

unifies skeletal relation learning specifically for skeleton-based person re-ID.

Comprehensive experiments on five public benchmarks demonstrate the ef-

fectiveness of TranSG and its high scalability to be applied to different-level

graph modeling, RGB-estimated or unlabeled skeleton data.
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• To tackle the challenge of general model enhancement (see Chapter 7), we

leverage the k-reciprocal distance to design a general feature re-ranking

framework specifically for skeleton-based person re-ID. To aggregate the most

salient skeleton features and the most crucial neighbor context information

for re-ranking, we propose the Skeleton Sequence Pooling (SSP) and context-

based Rank-1 voting techniques, which are further combined with the fused

Euclidean and k-reciprocal distance based feature re-ranking to significantly

improve performance of existing skeleton-based person re-ID models. With

the visualization of re-ranking results, we can intuitively view the top sim-

ilar skeleton sequences and qualitatively validated the effectiveness of our

approach. Experiments on different benchmarks show that our method is

highly effective on re-ranking various state-of-the-art skeleton representations

to improve their performance.

This thesis proposes the above AI-based solutions and provides in-depth empirical

and theoretical analyses with beneficial insights. It involves the systematic design

of skeleton-based person re-ID models tailored to diverse application scenarios,

including multi-view skeletons, RGB-estimated skeletons, skeletons without labels,

and skeletons with different topological structures. Based on thorough experiments,

the effectiveness and generality of these models for various skeleton-based person re-

ID tasks are validated, and we further demonstrate their superiority over previous

methods in terms of model performance and efficiency.

Furthermore, our studies possess the potential to be applied to various real-world

applications, with significant and positive impacts generated across multiple do-

mains such as healthcare, security, and mobile applications.

8.2 Future Research Directions

There are several research directions for our future works. First, we systemat-

ically present three promising directions for model improvement, namely body-

component relation learning (Sec. 8.2.1), skeleton sample augmentation (Sec.

8.2.2), and importance-aware intra-sequence learning (Sec. 8.2.3), which help de-

vise a more effective AI-empowered approach for skeleton-based person re-ID. We

also discuss interdisciplinary research directions such as skeleton-based models for
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healthcare (Sec. 8.2.4) and other possible directions in our future works (Sec.

8.2.5).

8.2.1 Body-Component Relation Learning

An important future direction is to devise more effective body modeling mech-

anisms or skeleton semantics learning tasks to learn body-component relations

and patterns. Firstly, although previous works have investigated different level

body-component relations (e.g., part-level and limb-level relations [7, 133]), their

pre-defined scale and number of body components are usually fixed based on do-

main knowledge. Hence, to enhance the flexibility of body modeling, we could

explore an adaptive body-component partitioning mechanism to automatically fo-

cus on the relations between fine-grained key components and coarse-grained body

parts. Secondly, As there usually exist strong correlations between nearby body

joints/components within a local spatial-temporal context [4], we can design self-

supervised context-based semantic tasks to encourage learning inherent relations

within body and motion. In our TranSG approach (see Chapter 6), we devise the

structure-trajectory prompted reconstruction mechanism to learn both structural

relations and motion relations of body joints via skeleton reconstruction. How-

ever, it relies on skeleton reconstruction without exploring other forms of tasks.

It is therefore feasible to enhance the capture of temporal motion correlations by

letting the model predict the future skeletons. Such tasks can also be applied to

higher level body components such as representations of limbs to capture more

comprehensive (e.g., global) patterns.

On the other hand, most methods learn pairwise joint relations with the assump-

tion of virtual motion connections among all joints [7, 8, 14, 61], while they rarely

exploit key body joints or local body parts that are highly related to walking pat-

terns (e.g., gait [37]) to focus on more discriminative features. Therefore, we can

devise graph motifs [160], i.e., endowing body-joint nodes with different relational

semantic roles based on prior knowledge (e.g., arm-leg collaboration [4]), so as to

simultaneously focus on more salient relations such as hierarchical structural rela-

tions and gait collaborative relations from skeleton graphs to enhance the skeleton

pattern learning for person re-ID.
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8.2.2 Skeleton Sample Augmentation

In many skeleton-based tasks, improving the diversity (e.g., multiple views) and

amount of training skeleton samples can potentially enhance the model performance

[161]. For this purpose, a useful strategy is randomly masking original sequences

and their sequential dynamics. This can introduce random perturbation to the

model training, which is shown to benefit the model robustness and performance

[5]. Firstly, it is possible to achieve multi-granular masking instead of only temporal

skeleton masking (i.e., completely masking skeleton frames). For example, similar

to Fig. 4.2, we can not only spatially mask the body joints in a skeleton, but also

randomly mask the temporal trajectory (e.g, ,masking several time steps) of a joint.

Using such multi-granular masking for reconstruction or prediction tasks can force

the model to infer the structural and temporal context, so as to learn more valuable

features and high-level semantics. Secondly, to achieve a more scalable control of

randomness, we can explore probabilistic spatial masking to probabilistically and

independently mask skeletal structural locations based on a controllable probability

distribution (e.g., Bernoulli random variable), and combines probabilistic temporal

masking in the same way to generate random partial skeletal motion trajectories,

so as to generate more potential spatial-temporal skeleton representations for both

semantics learning tasks or model training. Moreover, It is also feasible to apply

different augmentation strategies (skeleton rotation, shear, reverse, etc) [161] to

generate more diverse skeleton sequences, which help better learn the inherent

consistency and/or motion continuity of walking and pose patterns.

8.2.3 Importance-Aware Intra-Sequence Learning

While the skeleton prototype learning focuses on relations between different skele-

ton sequences, the intra-sequence learning aims at capturing inherent relations

between different skeletons within a sequence, which can facilitate the model to

better select and aggregate effective skeleton features for downstream tasks.

Inspired by the fact that the continuity of human motion typically results in very

little variation of poses/skeletons within a small temporal interval [4], a moderate

random masking of skeletons in the same sequence can still retain its intra-sequence

pattern invariance but introduce random perturbation to help the model enhance
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the capture of inherent motion consistency between homologous subsequences.

This could potentially encourage the model to learn more effective skeleton repre-

sentations [5]. In our future work, we will explore more augmentation strategies to

generate homologous samples. For example, we can adopt multi-granular masking

(as illustrated in Sec. 8.2.2) to partially retain spatial or temporal context of the

original sequence, which may facilitate learning more key relations and patterns

within the subsequences.

The inference of skeleton importance with the same sequence is also a crucial aspect

in intra-sequence relation learning. In the proposed Hi-MPC (see Chapter 5), we

have explored the importance of each skeleton within the same sequence based

on their normalized relations with corresponding prototypes. It is also feasible to

explore the importance of different subsequences to capture key sub-patterns of

a sequence, or/and infer the importance of different body parts in representing

a recognizable pose. We can combine different-level and cross-level (e.g., sub-

component) importance inference mechanisms to mine more valuable relations and

more informative features from skeleton data.

8.2.4 Skeleton-based Models for Healthcare

With a concise body representation, small data input, low resource/device require-

ment, and high convenience in collection through unobtrusive and contactless de-

tection [33], 3D skeletons and their corresponding models have the potential to

efficiently capture and learn gait, thereby supporting diverse healthcare-related

tasks. In this section, we present several promising directions based on the pro-

posed models in this thesis.

8.2.4.1 Parkinson’s Disease Detection and Progression Classification

Our skeleton-based models can be potentially applied to Parkinson’s Disease (PD)

diagnosis and progression classification. Here we provide a simplified pipeline for

this application: First, we can use 3D skeleton sequences to construct the pose,

motion or gait representations for PD patients and healthy subjects. In this process,

we collect sequence samples of different disease progression stages, and try to keep
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a balanced sample size (e.g., similar sample numbers of healthy controls, early-

stage PD patients, advanced-stage PD patients) for model learning. Then, we can

apply different models to learn effective representations as follows:

• With the proposed SimMC framework (see Chapter 4), we can apply the

proposed random masking mechanism to help generate more sub-sequences,

which can be exploited by our masked intra-sequence contrastive learning

(MIC) scheme to encode the inherent similarity of patterns (e.g., motion

continuity and consistency) within sequences. It is worth noting that PD

patients might exhibit motion distortion, discontinuity, and inconsistency

in their abnormal gait, thus MIC could potentially help learn more effective

representations for such gait patterns. Next, we leverage the proposed masked

prototype contrastive learning (MPC) to cluster masked skeleton sequences

of different classes, so as to learn discriminative features for PD diagnosis

(PD vs. healthy controls) and progression classification (e.g., early-stage PD

patients vs. advanced-stage PD patients).

• With the proposed Hi-MPC approach (see Chapter 5), we can construct hier-

archical representations for each skeleton, to fully depict body structure and

motion at different levels (i.e., joint-level, component-level, and limb-level

representations). Next, we apply the proposed hierarchical skeleton meta-

prototype contrastive learning mechanism to cluster and learn the most typ-

ical skeleton features belonging to different classes at multiple body levels,

so as to combine them as the multi-level discriminative representations (i.e.,

multi-level skeleton meta-representation (MSMR)) for PD diagnosis (PD vs.

healthy controls) and progression classification (e.g., early-stage PD patients

vs. advanced-stage PD patients). To facilitate the skeleton representation

learning, the proposed hard skeleton mining (HSM) can be utilized to adap-

tively infer the informative importance of each skeleton within a sequence.

The motivation is that there exist some key skeleton frames in skeleton se-

quences of PD patients, e.g., some skeleton frames that exhibit more distin-

guishing motion distortion, discontinuity or inconsistency in their walking/-

gait patterns, which can be exploited as unique features in classification and

are worth more attention. Therefore, HSM could help the model to better

focus on key skeletons associated with PD to learn more effective sequence
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representations, and this also provides an intuitive importance inference for

gait analysis to improve the interpretability of the model.

• With the proposed TranSG paradigm (see Chapter 6), we can model 3D skele-

tons as graphs, and apply the proposed skeleton graph transformer (SGT)

to fully model structural and actional relations between body joints, which

can help capture abnormal body structure and pose features associated with

PD. Next, we leverage the proposed graph prototype contrastive learning

(GPC) to cluster masked skeleton sequences of different classes, so as to

learn discriminative features for PD diagnosis (PD vs. healthy controls) and

progression classification (e.g., early-stage PD patients vs. advanced-stage

PD patients). Meanwhile, the proposed graph structure-trajectory prompted

reconstruction (STPR) can be employed to facilitate the spatial-temporal PD

pattern learning and high-level skeleton semantics (e.g., pattern consistency).

It is worth noting that PD patients might exhibit motion distortion, discon-

tinuity and inconsistency in their abnormal gait, and these patterns could

be reflected in both structural features and trajectory dynamics of skele-

tons. Therefore, STPR could help the model learn more effective structure-

trajectory semantics and representations related to PD.

Finally, we may train a neural network (e.g., MLP) based on the learned features to

achieve PD classification or utilize the matching scheme (e.g., probe-gallery match-

ing) for PD prediction. Similarly with the above steps, the proposed models can be

further applied to neurodegenerative disease (NDD) diagnosis. The key difference

is that we need to collect skeleton sequences from healthy controls and patients of

different NDDs. As different NDDs typically possess different skeletal motion and

gait patterns, the proposed modules (e.g., STPR, HSM) in different models can

also facilitate learning effective skeleton representations for NDDs classification. It

is feasible to perform a finer-grained classification by involving different progression

stages of NDDs, and we may train a neural network based on the learned features

to achieve NDDs classification or utilize the matching scheme for NDDs prediction.

8.2.4.2 Diabetes and Health Monitoring

Based on the 3D human skeleton representations, our skeleton-based models can

be potentially applied to monitoring of health or a motion-related disease, e.g.,
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diabetes. Here we take diabetes as an example to provide a simplified pipeline for

this application: First, we can construct pose, motion or gait representations based

on a 3D skeleton sequence for diabetic patients and healthy subjects. For example,

we can use depth sensors such as Microsoft Kinect deployed at hospitals or home

to detect and collect 3D skeleton sequences of them, and exploit the raw sequences,

various anthropometric, geometric attributes of skeletons as their motion and gait

representations. In this process, we can collect sequence samples of different stages

of prediabetes and different progression stages of diabetes, so as to help train a

better model to sensitively detect the change of diabetic progression. We may keep

a balanced sample size (e.g., similar sample numbers of healthy controls, people

with prediabetes, early-stage diabetic patients, advanced-stage diabetic patients)

for more robust model learning. Then, we apply different models to learn effective

representations as follows:

• With the proposed SimMC framework (see Chapter 4), we can apply the

random masking mechanism to help generate more sub-sequences, which can

be exploited by the MIC scheme to encode the inherent similarity of patterns

(e.g., motion continuity and consistency) within sequences. As we know, di-

abetic peripheral neuropathy affects patients’ motor, sensory, and autonomic

nerves, leading to gait abnormalities (e.g., motion distortion, discontinuity or

inconsistency), characterized by decreased balance ability and altered plantar

pressure. Therefore, MIC could potentially help learn more effective represen-

tations for such gait patterns. Next, we leverage the proposed MPC to cluster

masked skeleton sequences of different classes, so as to learn discriminative

features for diabetes detection (diabetic patients vs. people with prediabetes

vs. healthy controls) and progression classification (e.g., early-stage diabetic

patients vs. advanced-stage diabetic patients).

• With the proposed Hi-MPC approach (see Chapter 5), we construct hierar-

chical representations for each skeleton, to fully depict body structure and

motion at different levels. Next, we apply the proposed hierarchical skeleton

meta-prototype contrastive learning mechanism to cluster and learn the most

typical skeleton features belonging to different classes at multiple body lev-

els, so as to combine them as the multi-level discriminative representations

(i.e., MSMR) for diabetes detection (diabetic patients vs. people with pre-

diabetes vs. healthy controls) and progression classification (e.g., early-stage
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diabetic patients vs. advanced-stage diabetic patients). To facilitate the

skeleton representation learning, the proposed HSM mechanism can be uti-

lized to adaptively infer the informative importance of each skeleton within

a sequence. As we know, diabetic peripheral neuropathy could lead to gait

abnormalities (e.g., motion discontinuity), and they can be characterized by

decreased balance ability, altered plantar pressure, abnormal walking speed,

unnatural body poses, etc. In this context, there exist some key skeleton

frames in skeleton sequences of diabetic patients, e.g., some skeleton frames

that exhibit more distinguishing motion distortion, discontinuity or incon-

sistency in their gait patterns, which can be exploited as unique features in

classification and are worth more attention. Therefore, HSM could help the

model to better focus on key skeletons associated with diabetes or prediabetes

to learn more effective sequence representations, and this also provides an in-

tuitive importance inference for gait analysis to improve the interpretability

of the model.

• With the proposed TranSG paradigm (see Chapter 6), we can model 3D

skeletons as graphs, and apply the proposed SGT to fully model structural

and actional relations between body joints, which can help capture abnormal

body structure and pose features associated with diabetes or prediabetes.

Next, we leverage the proposed GPC to cluster masked skeleton sequences

of different classes, so as to learn discriminative features for diabetes detec-

tion (diabetic patients vs. people with prediabetes vs. healthy controls) and

progression classification (e.g., early-stage diabetic patients vs. advanced-

stage diabetic patients). Meanwhile, the proposed STPR can be employed

to facilitate the spatial-temporal PD pattern learning and high-level skeleton

semantics (e.g., pattern consistency). As the gait abnormalities (e.g., mo-

tion distortion, discontinuity or inconsistency) caused by diabetic peripheral

neuropathy may reduce the balance ability of patients (e.g., cause abnormal

poses and joint trajectory), STPR could help the model learn more effective

structure-trajectory semantics and representations related to diabetes.

Finally, we may train a neural network (e.g., MLP) based on the learned features

to achieve such classification or utilize the matching scheme (e.g., probe-gallery

matching) for diabetic prediction. By using Kinect to daily collect skeleton se-

quences from a patient, we can effectively and conveniently monitor the disease
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status (e.g., health or different stages of prediabetes or diabetes) using the pre-

trained model.

8.2.5 Other Potential Directions and Discussions

• Skeleton Semantics Learning: In SimMC (see Chapter 4) and TranSG

(see Chapter 6), we have explored masked intra-sequence contrastive learn-

ing (MIC) and structure-trajectory prompted reconstruction (STPR) as two

skeleton semantics learning tasks to enhance skeleton representation learning.

In our future works, we will Incorporate more diverse self-supervised pretext

tasks (e.g., prediction, sorting) or unsupervised generative tasks (e.g., pose

sequence generation) into prototype contrastive learning to encourage captur-

ing more valuable skeleton semantics for downstream tasks. Moreover, it is a

promising direction to explore cross-modal semantics fusion (e.g., language-

based gait descriptions) to facilitate gait semantics learning.

• Generalizable Skeleton Representation: In Hi-MPC (see Chapter 5), we

have devised hierarchical skeleton representations at different levels, which

can be slightly modified to be generalized to different datasets to enhance

the skeletal body and model modeling. We will explore more unified skeleton

representation for different domains (e.g., different scenarios and tasks) to

learn generalizable skeleton features, so as to enable the model to be directly

applied to multiple domains.

• Skeleton Sequence Modeling: In this thesis, we have applied different

deep learning paradigms such as MLP, LTSM, Transformer for modeling spa-

tial features and temporal dynamics of skeleton data. In future works, we

will explore more efficient and advanced spatial-temporal sequence modeling

approaches. For example, the emerging selective state models (e.g., Mamba

[162]) can hopefully serve as a general backbone to encode the latent states

such as gait states of skeleton data for person re-ID. Moreover, it is possi-

ble to introduce more advanced architectures such as Kolmogorov–Arnold

Networks (KAN) [163] to enhance the interpretability of skeleton learning

process.

• Multi/Cross-Modal Learning: Although the focus of our works is to use

only 3D skeleton data to perform person re-ID tasks, combining skeleton data
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and other modalities such as text (e.g., language-based gait descriptions),

RGB images, depth images, radio frequency waves (e.g., Radar waves) is a

promising direction, as they can provide pose or gait information from differ-

ent dimensions (e.g., semantics, appearances, silhouettes) to better identify

different persons. Another direction is to transfer and fuse gait representa-

tions across skeleton modality and other modality, which can be the key to

achieving more general and scalable skeleton learning for more multi-modal

tasks.

• Prompt-Based Skeletal Foundation Model: Despite the generality of

the proposed approaches, they are typically designed for a single modality

(i.e., skeleton data) and specific application scenarios such as end-to-end

person re-ID tasks, while they may lack user-friendly human-computer inter-

action to support other downstream tasks. Motivated by the success of Large

Language Models (LLMs) and pose generative models [164], we can train or

fine-tune them with large-scale skeleton data to build a skeletal foundation

model that supports using prompts (i.e., textual user interaction) for skele-

ton attribute generation (e.g., analyzing and summarizing gait attributes),

skeleton augmentation, prediction, classification, and customizable applica-

tions (e.g., gait visualization, person re-identification). Constructing this

foundational model is advantageous for investigating the scope of adaptabil-

ity, universality, and interpretability in 3D skeleton data and skeleton-based

person re-ID.

• Unified Evaluation Protocol: As existing skeleton-based person re-ID

studies adopt either direct identity classification [4] or re-ID matching proto-

col [133] (see Chapter 5), a more comprehensive unified evaluation protocol

that provides not only accuracy-related metrics (e.g., Rank-1 accuracy, mAP)

but also measures of model generality, robustness, and reliability should be

devised. It is also imperative to formulate a fair cross-modality evaluation

and comparison protocol that standardizes re-ID settings (e.g., probe/gallery

settings, single/multi-shot recognition) for comparing skeleton-based meth-

ods and RGB/depth-based methods or multi-modal methods.

• Model Interpretability: Improving interpretability of the models is one of

the most important focuses in our works. Our first work SimMC can be the-

oretically modeled as expectation-maximization (EM) solutions (see Chapter



168 8.3. Impacts and Potential Applications

4). We have proved its effectiveness and convergence, which could provide

valuable insights for its future improvement and application. In our second

work Hi-MPC, we devise the hard skeleton mining mechanism (see Chapter

5), which can help intuitively visualize the most important skeletons and be

potentially applied to more healthcare tasks such as Parkinson’s disease de-

tection and health monitoring (detailed in Sec. 8.2.4). In our future works,

we will design mechanisms to disentangle domain-general and domain-specific

skeleton features, which could hopefully help transfer the models to more ar-

eas such as gait recognition. For the high-stake fields such as medicine, we

will develop more efficient visualization and explanation mechanisms to bet-

ter verify the importance and effectiveness of skeletons in the decisions of

classification or diagnosis.

• Privacy Protection: Although existing skeleton-based person re-ID models

do not utilize or disclose human appearance information, and all publicly-

available training skeleton data are completely anonymized, the privacy issue

should be kept in mind when developing this emerging technology further

(e.g., combine with RGB images) [165]. As illegally or irresponsibly deploying

person re-ID technologies might invade personal privacy, it is still important

to establish skeleton-based person re-ID related laws to protect the privacy.

– Ethical Statements. The datasets used in our work are officially

shared by reliable research agencies, which guarantee that the collecting,

processing, releasing, and using of data have gained the formal consent

of participants. To protect privacy, all individuals are anonymized with

simple identity numbers. Our models and codes must only be used for

legitimate research.

8.3 Impacts and Potential Applications

1. Industry:

• Security Products: Skeleton-based person re-ID models can help

build light-weight human tracking and identification systems for depth

sensor products and companies such as Microsoft Azure Kinect, Intel
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RealSense, and Orbbec. There will be a promising market for develop-

ing skeleton-specific Integrated Circuit (IC) chips for diverse AI security

applications (e.g., integrating 3D pose detection, multi-person identifi-

cation, and key action prediction) in these products.

• Mobile Products: As our models typically require smaller data inputs

(e.g., unlabeled skeleton data) and less computational resources than

conventional RGB-based methods, they can be integrated into different

mobile devices, robots, autopilots, and portable RGB-D devices such as

Intel Realsense [32] and Apple Vision Pro to perform efficient identity-

related pattern recognition tasks. This will accelerate the development

of 3D spatial intelligence of these products. Moreover, our models can be

utilized to enhance multi-modal recognition. For example, they can be

combined with different sensor data (e.g., camera images, speech data)

to jointly perform identity-aware action recognition, gait recognition,

motion prediction, and gesture recognition tasks.

2. Society:

• Smart and Green City: The skeleton-tracking sensors and skeleton-

based models can be potentially deployed into large-scale public camera

networks (e.g., in public transport) to enhance smart surveillance and

action recognition with 3D skeleton data, which enjoys smaller data

inputs, storage, and model sizes. This can facilitate green digital trans-

formation of cities with less energy cost. Moreover, the application of

skeleton-based models also brings better privacy protection for the pub-

lic, as they do not require any visual appearance for recognition.

• Public Authentication and Safety: It is promising to develop

skeleton-based ID models and combine them with other biometric fea-

tures such as faces and fingerprints to enhance public authentication

systems and intelligent video surveillance systems. On the other hand,

with good robustness to appearance changes and environmental vari-

ations [30], our skeleton-based models and frameworks can help track

person-of-interest (e.g., criminals) and monitor their pose-based activi-

ties under varying scenarios.

3. Interdisciplinary AI Research (AI + X):
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• AI + Healthcare: We can explore disease-related pose/motion/gait

classification models based on 3D skeleton patterns. Since many diseases

are inherently correlated with abnormal poses, motions or gaits, the

pre-trained skeleton-based pose/motion/gait encoding models for person

re-ID can be transferred to help classify different patterns in diseases.

Furthermore, by using skeleton data captured from non-intrusive depth

sensors deployed at home or hospitals, our models can help identify and

track a specific person for health monitoring. For example, it can help

recognize and record activities (e.g., sitting, walking) to analyze health

status. This can be combined with other sensors, such as blood pressure

and heart rate sensors, to detect health anomalies such as 3-Highs and

accidents such as falls.

• AI + Gait Analysis: The skeleton-based pose/gait encoding models

for person re-ID can be potentially utilized for different aspects of gait

analysis, including but not limited to:

– Gait Simulation: We can exploit existing skeleton-based gait en-

coding models, musculoskeletal/anatomical models, and patholog-

ical gait models to construct a general gait simulation system for

inter-disciplinary research [166].

– Gait Detection, Classification, and Assessment: It is feasible to

leverage 3D skeleton based models to perform abnormal gait (e.g.,

ataxic gait) detection, disease-related gait (e.g., Parkinsonian gait)

classification, and gait-based psychiatric (e.g., depression) assess-

ment, etc.

– Gait Recognition: Gait-based identity recognition based on 3D

skeletons can not only be exploited to automate real-time medical

analysis (e.g., gait analysis) but also enables concurrently perform-

ing other role-based tasks such as skeleton-based action recognition,

gesture recognition, interaction recognition, etc.

• AI + Psychology/Neurology: It is feasible to explore skeleton/pose-

based identity-aware psychology (i.e., behavior and emotion) prediction

models. In particular, our models can be exploited to learn unique skele-

ton/pose or gait representations to characterize an individual’s different

behaviors, and build a mapping between behaviors and emotions [167]
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to achieve identity-based emotion (e.g., depression) prediction. More-

over, it is hopeful to construct AI-assisted neurodegenerative disease

diagnosis systems based on skeletal gait. Existing studies [33] have

demonstrated that human gait features can be a crucial indicator for

diagnosing various neurodegenerative diseases (NDDs), which not only

provide empirical frameworks for AI-empowered NDDs detection but

also envision the application of 3D skeleton data in this area. In this

context, our studies on 3D skeleton based human and gait represen-

tations could open a new avenue for NDDs digital biomarker modeling

[168]. In future, we can apply the AI expertise, domain knowledge of 3D

skeletons, gait, and NDDs towards addressing the pressing global chal-

lenge of AI-empowered digital biomarker based and contactless early

NDDs detection [169]. We believe that this research could not only pro-

vide profound benefits to tens of millions of NDDs patients, healthcare

professionals, and fellow researchers, but also possess the potential to

revolutionize the NDDs related global healthcare market by markedly

decreasing the usage of medical resources and cutting annual expenses

by billions (US$130 billion per year estimated for global NDDs diagnosis

and treatment). Likewise, as discussed in Sec. 8.2.4, our research can

also be potentially applied to monitoring other motion-related diseases,

such as diabetic patients who possess gait abnormalities (e.g., motion

and pose distortion, discontinuity or inconsistency) caused by diabetic

peripheral neuropathy. In our future work, we hope to delve deeper into

these interdisciplinary directions, and collaborate with medical experts

to develop practical clinical systems.
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with gpus. IEEE Transactions on Big Data, pages 535–547, 2019. 91, 130

[138] Nguyen Xuan Vinh, Julien Epps, and James Bailey. Information theoretic
measures for clusterings comparison: Variants, properties, normalization and
correction for chance. The Journal of Machine Learning Research, 11:2837–
2854, 2010. 96

[139] Geoffrey J McLachlan and Thriyambakam Krishnan. The EM algorithm and
extensions. John Wiley & Sons, 2007. 105, 106

[140] CF Jeff Wu. On the convergence properties of the EM algorithm. The Annals
of statistics, pages 95–103, 1983. 105, 106

[141] Victor Hasselblad. Estimation of finite mixtures of distributions from the
exponential family. Journal of the American Statistical Association, 64(328):
1459–1471, 1969.

[142] John H Wolfe. Pattern clustering by multivariate mixture analysis. Multi-
variate behavioral research, 5(3):329–350, 1970.



BIBLIOGRAPHY 189

[143] Nan Laird. Nonparametric maximum likelihood estimation of a mixing dis-
tribution. Journal of the American Statistical Association, 73(364):805–811,
1978.

[144] Donald B Rubin and Dorothy T Thayer. EM algorithms for ml factor anal-
ysis. Psychometrika, 47(1):69–76, 1982. 105

[145] Vijay Prakash Dwivedi and Xavier Bresson. A generalization of transformer
networks to graphs. In AAAI Conference on Artificial Intelligence (AAAI)
Workshop, 2021. 114, 115, 123, 136

[146] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual
learning for image recognition. In Proceedings of the IEEE conference on
Computer Vision and Pattern Recognition (CVPR), pages 770–778, 2016.
115

[147] Sergey Ioffe and Christian Szegedy. Batch normalization: Accelerating deep
network training by reducing internal covariate shift. In International con-
ference on machine learning (ICML), pages 448–456. PMLR, 2015. 115

[148] Vijay Prakash Dwivedi, Chaitanya K Joshi, Anh Tuan Luu, Thomas Laurent,
Yoshua Bengio, and Xavier Bresson. Benchmarking graph neural networks.
Journal of Machine Learning Research, 24(43):1–48, 2023. 123, 136

[149] Haocong Rao, Yuan Li, and Chunyan Miao. Revisiting k-reciprocal distance
re-ranking for skeleton-based person re-identification. IEEE Signal Processing
Letters, 29:2103–2107, 2022. 143

[150] Xiaohui Shen, Zhe Lin, Jonathan Brandt, Shai Avidan, and Ying Wu. Object
retrieval and localization with spatially-constrained similarity measure and
k-NN re-ranking. In Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition (CVPR), pages 3013–3020. IEEE, 2012. 143

[151] Mang Ye, Chao Liang, Yi Yu, Zheng Wang, Qingming Leng, Chunxia Xiao,
Jun Chen, and Ruimin Hu. Person reidentification via ranking aggregation
of similarity pulling and dissimilarity pushing. IEEE Transactions on Multi-
media, 18(12):2553–2566, 2016. 143

[152] Wei Li, Yang Wu, Masayuki Mukunoki, and Michihiko Minoh. Common-
near-neighbor analysis for person re-identification. In IEEE International
Conference on Image Processing, pages 1621–1624. IEEE, 2012. 144

[153] Jorge Garcia, Niki Martinel, Christian Micheloni, and Alfredo Gardel. Person
re-identification ranking optimisation by discriminant context information
analysis. In Proceedings of the IEEE International Conference on Computer
Vision (ICCV), pages 1305–1313, 2015. 144

[154] Taiqing Wang, Shaogang Gong, Xiatian Zhu, and Shengjin Wang. Person re-
identification by discriminative selection in video ranking. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 38(12):2501–2514, 2016. 144



190 BIBLIOGRAPHY

[155] Rui Zhao, Wanli Oyang, and Xiaogang Wang. Person re-identification by
saliency learning. IEEE Transactions on Pattern Analysis and Machine In-
telligence, 39(2):356–370, 2017.

[156] Hong-Xing Yu, Ancong Wu, and Wei-Shi Zheng. Unsupervised person re-
identification by deep asymmetric metric embedding. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 42(4):956–973, 2020. 144

[157] Hanqing Chao, Yiwei He, Junping Zhang, and Jianfeng Feng. Gaitset: Re-
garding gait as a set for cross-view gait recognition. In Proceedings of the
AAAI conference on artificial intelligence (AAAI), volume 33, pages 8126–
8133, 2019. 144, 146, 147

[158] Danfeng Qin, Stephan Gammeter, Lukas Bossard, Till Quack, and Luc
Van Gool. Hello neighbor: Accurate object retrieval with k-reciprocal nearest
neighbors. In Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), pages 777–784. IEEE, 2011. 147

[159] Song Bai and Xiang Bai. Sparse contextual activation for efficient visual
re-ranking. IEEE Transactions on Image Processing, 25(3):1056–1069, 2016.
148

[160] Yu-Hui Wen, Lin Gao, Hongbo Fu, Fang-Lue Zhang, Shihong Xia, and Yong-
Jin Liu. Motif-GCNs with local and non-local temporal blocks for skeleton-
based action recognition. IEEE Transactions on Pattern Analysis and Ma-
chine Intelligence, 45(2):2009–2023, 2022. 159

[161] Haocong Rao, Shihao Xu, Xiping Hu, Jun Cheng, and Bin Hu. Augmented
skeleton based contrastive action learning with momentum lstm for unsuper-
vised action recognition. Information Sciences, 569:90–109, 2021. 160

[162] Albert Gu and Tri Dao. Mamba: Linear-time sequence modeling with selec-
tive state spaces. arXiv preprint arXiv:2312.00752, 2023. 166

[163] Ziming Liu, Yixuan Wang, Sachin Vaidya, Fabian Ruehle, James Halverson,
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